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Abstract

Proactiveeventdriven computing refers tahe use of evendriven information
systems havinghe ability to eliminate or mitigate the impact offuture undesired
events, or to exploit future opportunitiexn the basis ofeaktime sensor dataand
decision making technologied$/aintenance management can benefit from these
advancements in order to tackle with tiey ONB I & Ay 3 OKIl f f Sy3aSa

and complex manufacturing envirorent in the context ofndustry 4.0.

To this endthe current thesis combines and brings together the research fields
of Industry 4.0, Maintenance Management and Proactive Computingrder to
frame maintenance management and information systems in the context of Industry
4.0. Therefore, itpaves the way for the next generation of maintenance manag
ment in the frame of Industry 4,0.e. Proactive Maintenance. The focus of the-cu
rent thesis is on proactive decision making. Consequently, it proposes proaetive d
cision methods capable of handling uncertaintgpplicable to maintenance ma
agementand its interrelationships with other manufacturing operatiomdggorithms
for continuousimprovement of proactive decision making through the proposed
SensofEnabled Feedback (SEpproach and algorithms fatontextawareness in
proactive decision making o do this, it utilizes methods and techniques for aper

tional research, data analytiesxd machine learning.

The aforementioned algorithms have been embedded in a proactive information
system for decision making which was integrated with other tools in order toeimpl
ment all the steps of the Proactive Maintenance framework. The system é&s b
deployed and evaluated in real industrial environment, while further evaluation was
conducted with extensive simulat experiments. Finally, the deons learned and

the managerial implications of the proposed approaches are discussed.

Keywords Industry 4.0,Proactive Decision Making, Maintenance Management,
Proactive Maintenanceésvent ProcessindgJncertainty
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1 Introduction

1.1 Motivation

The emergence of the Internet of Things (IoT) has paved the way for enhancing
the monitoring capabilities of enterprises by means of extensive use of physical and
virtual sensorsTaking advargtge of the big data generated from a large amount of
sensors requires the development of event monitoring and data processing systems
that are able to handle redalme data in complex, dynamic environments in order to
get meaningful insigts about businesperformance.These advancementgad to
the possibility todecide andact ahead of time, i.e. to be proactive in resolvinglpro

lems before they appear or realizing opportunities before they become evident

The potential of the proactive approach is higispecially in the complex and
dynamic mantacturing environment in the context dhe Industry 4.0 paradigm.
Manufacturing operations are driven by events, which are increasingly collected
through sensors and processed via riale operational technologynd systems.
Therefore, any action, activity, or monitored parameter change, which influences the
operational status of a manufacturing qmess is potentially a trigger for proactive

decision making.

Every major shifting of manufacturing paradigm hasrbsapported by the @
vancement of information technology (Bi et al., 2014; Mahmood, 20/®)dern
manufacturing companies have started monitoring and detecting early warngng si
nals that machines or systems are degrading or in danger of breakdown. Whkile th
valuable information, if organizations improve their analytics maturity, information

will be fully harnessed, and the potential is much greater.

Maintenance operations are a major part of the total operating costs ofumnan
facturing plants as theganrepresent up to 40 % of the production process costs

(Widodo and Yang, 2011), but also, they have an impact on reliability, safetynand e
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vironment (Garg, and Deshmukh, 200@preover, filure of critical assets has been
rated as the most significantsk to operational performance (Aboelmaged, 2015).
Due to the emergence of the new technologies and computing paradigms, several
approaches, frameworks and architectures for intelligent maintenance hape a
peared both in the academic and the industrial real(Pistofidis et al., 2012; i

agalli, and Macchi, 2015; Macchi et al., 2018).

However, currently, there is still a lack of services and tools capable of efficiently
processing rediime big data from heterogeneous sources, implementing complex
algorithms and provide meaningful insights about potential problems in an event
driven streaming infrastructure (Engel et al., 2012; CamarMhatos et al., 2013).
Moreover, there is a large gap for the effective implementation of predictive
maintenance programs émnsively in industry, mainly due to the complexity of these
solutions and their life cycle and thus, due to the challenges in their practica-impl

mentation (Guillen et al., 2016).

Maintenance management in the frame of Industry 4.0 can take advantaiipe of
recent advancements in proactive computing, for fully exploiting its capabilities and
supporting decisions ahead of time. Previous approaches, e.g. in the field ofpredi
tive maintenance, concluded in offline or processing batches of data (Wu et al.,
2007; Elwany, Gebraeel, 2008). However, in a streaming computational enviro
ment, appropriate methods, algorithms and systems need to be develdpede-
guently, there is the need for services and tools that will providattime proactive
decision makingcapabilities along with adaptation and conteaitvareness medn

nisms in order to result in reliable maintenance recommendations.

1.2 Contribution

The current thesis combines and brings togetties research fields ofndustry
4.0, Maintenance Management and Rwive Computingin order to frame mairg-
nance management and information systems in the context of Industry 4.0 taking

advantage of proactive event processing in enterprise systems.
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The contribution of the current thesis is summarized to the followimgesfisions:

1.

It paves the way for the next generation of maintenance management
in the frame of Industry 4.0 To this end, it presents a framework for a
new maintenance strategy, i.e. Proactive Maintenantsedefinition and
characteristicsas well as its @neric conceptual architecture. This arch
tecture can be seen as a blueprint for the development of Proactive
Maintenance information systems.

It proposesproactive decision makingSinceproactive decision makinig

an unexplored areathe thesisdevelops proactive everdriven decision
methods for maintenance management and its interrelationships with
other manufacturing operationsgrodo this, it takes advantage of the area
of Operational Researcli alsoembeds them in an information system
capable of being integrated with systenmiscorporatingreaktime detec-
tion/ diagnostic and prediction/ prognostic algorithms

It proposescontinuous improvement of proactive decish making The
thesis develops an approach for Seng&orabled Feedback (SEFpmer

to improve the accuracy of proactive decision matsand consequently,
the reliability of the generated proactive recommendatioii® do this, it
takes advantage of the areaf Data Analytics and Anomaly Detection
This approach is embedded in theformation system along with the
methods and algorithms of the previous direction.

It proposescontext-awareness inproactive decision makingThe thesis
develops an approach faontextawarenessn proactive decision making
utilizing machine learningdchniques.In this way, it can tackle withru
certainty in intelligent decision makingo do this, it takes advantage of
the area of Data Analytics and Machine Learninbhe contextaware

mechanism is continuously updated through SEF.
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1.3 Relation to Research Projects

The current PhD thesis has been partly financially supported by the following E

ropean Commission projects:

a) ProaSense (Proactive Sensing EnterprisResearch and Innovation Actionopr
ject under Grant Agreemer@12329 FPZICF201310 (Framework Program @
Information and Communication Technologid§)F2013.1.3- Digital Enterprise
A The vision of the project is to pave the way for a new class of enterprise
systems, proactive enterprises, that will be continuously aware of what
GYAMNIAKKE LIISY ¢ Ay (GKS NBfSOFyl odzaiAySaa C
A2NJ G2 | OKAS@S (KIG ¢KFG aakKzdzZz R 0SS (K
A The main parts of the current thesis are based upon the work conducted in

the context of the ProaSense project.

b) UPTIME (Unified PredTlve Maintenance systerfi)Innovation action project
under Grant Agreemerit68634 H2026FOF2017 (Horizon 202@; FactoriesOf-
the-Future), FO®09-2017 - Novel design and predictive maintenance teclmol
gies for increased operating life of production syste

A UPTIME aims to design a unified predictive maintenance framework and
an associated unified information system in order to enable the predictive
maintenance strategy implementation in manufacturing industries.

A The current thesis has been enriched basgon the work coducted in
the cortext of the UPTIME project. More specifically, thierhture review
was further exended and the framework for Proactive Maintenance was

finalized.

! http://www.proasense.eu/
2 https://www.uptime-h2020.eu/
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1.4 Research Design andStructure of the Dissertation

The researclilesign ad methodology of the current thesis is depictedHigurel-1.
Table3-1 presents the contents of each step of the adopted research methodology

as well as th&€€haptersof the thesis to which they correspond

The first step deals with Hterature Review on the background concepts: Inglu
try 4.0, Maintenance Management and Potiae Enterprise with the aim to identify
their interrelationships. To this end, a synthesis of the literature review is conducted
and the research area and focus is identifi€le second step deals with posing the
research questions and outlining the pased solution of the thesis aiming to pave
the way Towards Proactive Maintenance Managemernihe third step deals with
the development of &ramework for Proactive Maintenancedn this step, Proactive
Maintenance is defined and the conceptual architectigeleveloped. The Proactive

Maintenance conceptual architecture is compatible with RAMI 4.0.

Literature Review

Y
Towards Proactive Deployment in Industrial

Maintenance Management Environment

N

v
Framework for Proactive
Maintenance

Proactive Decision Making in
Maintenance Management

Information System —

v

N

A 4

Lessons Learned and

Continuous Improvement of
Proactive Decision Making
Context-awarenessin - Managerial Implications
Proactive Decision Making

Evaluation —_—>

Figurel-1: The Research Design and Methodology
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Tablel-1: The Contents of each Research Methodology Step

Research Methodology Contents
Step
Literature Review 1 Identification of research area and focus
(Chapter2) fReview of literature regarding the backgrou

concepts:
o Industry 4.0
0 Maintenance Management
o0 ProactiveEnterprise
1 Synthesis of the literature review

Towards Proactive Mairg-
nance Management
(Chapter 3)

9 Research Questions
1 The Thesis

Framework for Proactive
Maintenance
(Chapterd)

T Definition of Proactive Maintenance
fConcept of Proactive Maintenance
f'Conceptual Architecture of Proactive Maintenan

Proactive Decision Making
in Maintenance Mana@-
ment
(Chapterb)

fMotivation
{ Stateof-the-art analysis
{1 Development of methodand functionalities

Continuous Improvement o
Proactive Decision Making
(Chapter6)

1 Motivation
1 Stateof-the-art analysis
1 Developnent of methodsand functionalities

Contextawareness in Ry-
active Decision Making

1 Motivation
1 Stateof-the-art analysis

(Chapter7)  Development of methodand functionalities
Information System 1 The PANDDA systelior proactive decision making
(ChapterB) o Architecture

o Design and Development
o User Interface and Walkthrough

Deployment in Industrial
Environment

9 The MHWirth Business Case
o Description

(Chapter 9) o0 Deployment use cases
9 The HELLA Business Case
o Description
o Deployment use cases
Evaluation 1 System evaluation by users

(Chapter 10)

1 System performance evaluation

1 Sensitivity Analysis and Comparative Analysig
the implemented functionalities

1 Discussion of evaluation results

Lessons Learned and Ma
agerial Implications

(Chapter 11)

9 Lessons Learned
1 Managerial Implications
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The fact that thefocus of the thesis is on proactive decision making (which is the
least explored area of the aforementioned framewotkiggers jointly the sulbes
guent three steps of the research methodology, Peoactive Decision Making, @e
tinuous Improvement of Proactive Decision Making, Contextareness in Proa
tive Decision MakingFor each one of them, a more focused statehe-art analysis
is conductedin order to reveal the research gaps. On the basis of these research

gaps, the approaches, methods, models and functionalities are developed.

The step incorporating thinformation Systemtakes place based upon both the
Framework for Proactive Maintenance and tReoactive Decision Making, Contin
ous Improvement of Proactive Decision Making, Congaxareness in Proactiveeb
cision Makingsteps. In this step of the research methodology, BreActive seNsing
enterprise Decision configurator DAshboard (PANDDA) syfsteproactive decision
makingis designed, developed and implementeatorporatingthe previously ma-
tioned functionalities Finally, it is integrated with an overall system iempenting

the Proactive Maintenanciamework

The next step of the adopted research methodology deals withDiaployment
in Industrial Environment More specifically, the PANDDA system which incorp
rates the aforementioned functionalities is deployedwo business cases as part of
an overall Proactive Maintenance information system. These two business cases are:
MHWirth, an oil drilling manufacturing company, and HELLA Saturnus Slovenija, an
automotive lighting equipment manufacturing company. Thealwation step takes
place through system evaluation by users, system performance evaluationxand e
tensive simulation experiments for conducting sensitivity and comparative analyses
of the adopted functionalitiesOn the basis of these results, a discussibresults is
presented Finally, in the last step of the research methodology,ltssons Learned
and Manageial Implicationsof adopting a Proactive Maintenance stratagyindus-

try 4.0are discussed.
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2 Literature Review

In thisChapter the literature review orthe background concepts ¢idustry 4.0,

Maintenance Management and Proactive Enterprise is presentkdsethree bak-

ground concepts are reviewed with the aim to identify their interrelationships. The

research area and focus of the current thesis is the intersection of all thee th

terms.

2.1 Scopeof the Literature Review

The literature review presents a qualitative analysis of research done to date on
GKS o0FO13INRdzyR O2yOSLJia 2F AGLYRdzZZONE nodnéz
F OGA @S 9y i S NitdndafioBshipsiwithRve agicobjéddives: (i) to ident

fy the topic set studied; and (ii) to discuss the available empirical evidence, detecting

contradictions and inconsistencies in the literature as well as the research gaps that

should be fulfilled.The literature reviewon the aforementioned background oe

ceptsaims toidentify the interrelatonships found to date among thesencepts as

shown inFigure2-1. This Figure actuallshows the scope of the current literature

review. Each circle is further analyzed in the course of the literature rewiesvera-
0dKS

blesA RSy G4AFeAy3
gaps based oRigure2-1.

The research
area and focus

Figure2-1: The scope of the literature regw

inbetre@fioAsNils diyeiR ovedi@py an& thair & Q

Maintenance
Management

Proactive
Computing
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2.2 Industry 4.0

2.2.1 Overview

In the manufacturingealm, the advances of science and technology contirsiou
ly support the development of industrialisation all around the world (Belvedete,
al.,2013).Fom a technological evolution perspective, there are fowgdustrial rew-
lutionscommonly identified (Kagermanet al.,2013). The first three industrial rev
lutions took around two centuries, and are the result of, respectively: (1) the-intr
duction of water and stearrpowered mechanical manufacturing facilities; (2) the
application of electricaljppowered mass production technologies through theidiv
sion of labour; and (3) the use of electronics and information technology (IT)pto su
port further automatian of manufacturing (Drath and Horch 2014). In recent years,
along with the increased research attention on the Internet of Things (IoT) (A¢tori,
al., 2010) and CybelPhysical Systems (CPS) (Khaitemd McCalley2015), goven-
ments and industries worldide have noticed this trend and acted to benefit from
what this new industrial revolution wave could provide (Ridgwely,al., 2013;
Siemieniuchet al.,2015 Liao et al., 2017

0] From the government plans perspective,
i Since 2011 the United States (UByernment began a series ofn
tional-f S@S ¢ RAaOdzaaAzyas | OGAz2zyd | yR

NJ

g yOSR al ydzfFl OGdzNAyYy 3 t I NIYSNEBKAL) o0! at

pared to lead the next generation of manufacturing (Rafaelal.,
2014).

f In2012,the GermaA 2 OSNY YSyYy (i LIBOKR { (iNG (8I1FIRI M n

action plan, which annually sets billions of euros aside for the ldeve

opment of cuttingedge technologies. As one of the ten future projects

Ay GKA&a LXIyYyZX GKS WLYRdzAd G NAirSthen dn Q NBI

manufacturing sector (Kagermanret, al.,2013).

1 The French government initiated a strategic review in 2013, named the

Wl b2d@@SttS CNIyOS L yhased inthivest t SQF
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I NB RSTAYSR a4 CNIyOSQa il hafioRalzdeld NA | € LJ
f QA Y ROABYI NR S

1 In 2013, the United Kingdom (UK) government presented a-temg
picture for its manufacturing sector until the year of 2050, called the
WCdzidzZNBE 2F al ydzFlF Ol dzNAYy3IQd e | AYa
balanced policy fosupporting the growth and resilience of UK mian
facturing over the coming decades (Foresj@t13).

1 The European Commission lunched the new contractual FRiate
t F NOYSNBEKALI 0ttt 0 2y WUaerdhdBaNFosa 2F G
2020 programmen 2014 (European CommissipA016).

fLY HamnI GKS {2dziK Y2NBlI 3I20SNYYSyi
al ydzFF OGdzZNAYy 3 odnQ GKFG SYLKIssaAadaSR T3
signments for a new leap of Korean manufacturing (Kang ,2Gl6).

f The Chinese goverrny it A aadzSR GKS WalRS Ay [/ K
Ff2y34ARS (GKS WLYGSNYySO tfdzaQ LIy Ay
manufacturing sector to accelerate the informatization and industrial
sation in China (2015).

1 In 2015, the Japanese government atkd the 5th Science and Trec
nology Basic Plan, where particular attentions have been paid to the
manufacturing sector for realising its woddS F RAy 3 W{ dJSNJ { YI N
GeQod o/ ,eamsySit hF¥FFAOS

1 The Singapore government has committed $19 billion to IE 2020
Plan (Research, Innovation and Enterprise) in 2016. Eight key industry
vertical have been identified within the advanced manufacturing and

engineering domain (National Research Foundatkfi6).

From the industrial plans perspectives,

 AT&T,Cig> DSYSNIf 9f SOGNAO>Z L.an-IyR Lyl
GSNYSG /2ya2NliAdzy oLL/0Q AYy #nmn G2
ties and enabling technologies of the Industrial Internet (Evans and

Annunziata2012).
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1 Meanwhile, other big firms like Sieas, Hitachi, Bosch, Panasonic,
Honeywell, Mitsubishi Electric, ABB, Schneider Electric and Emerson
Electric have also already invested heavily in IoT and CPS related pr

jects.

The Industrial Revolution is a concept and a development that has fundanyentall
OKIFy3aSR 2dzNJ a20ASide IyR S0O2y2Ye@dd ¢KS GSN¥Y
a2YS GFINRAyS&aa Ay (GKS O2yGSEG 2F || aNBg2f
fundamental change, but there is no doubt that major alterations occurred within a
relatively short period. Industries arose and replaced srsallle workshops and
craft studios. Textile and pottery factories were the first to recognize the new dawn,
and anew infrastructure of canals and railway lines enabled efficient distribution. It
was thetransition from industrious to industrial, and the start of a boom for both.

From the first mechanical loom, dating from 17884 years ago, we cadistinguish

four stages in the ongoing process called the Industrial Revolution.

Thatisthe waywecurred t @ 221 a4 A0d ¢KS TFANBIG dal O
the end of thel8th century: mechanical production on the basis of water and steam.
The Second Industrial Revolutida placedat the beginning of the 20th century: the
introduction of the conveyor blt and mass production, to which the names of icons
such as Henryord and Frederick Taylor are linked. Number three is the digital a

tomation of productionby means of electronics and.IT

The fourth industrial revolution, known as Industry 4.0, inclugteslligent pro-
duction, 10T technologies ardPSiming to bring togethe(information Technology
(IT) and Operational Technology (OThe four industrial revolutions are shown in
Figure2-2. Currently, industry is found at the edge of the third and the fourth sdu
trial revolutions. However, a lot of aspects should be explored in depth as shown in

Figure2-3 and Figure2-4.
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18th Century \ 19th Century \ 20th Century \ Today \

Industry 1.0 Industry 2.0 Industry 3.0 Industry 4.0

Mechanical production. Mass production assembly p { flig d

Equipment powered by lines requiring labor and using electronics and IT Incorporated with loT, cloud
steam and water electrical energy technology and big data

Figure2-2: The four industrial revolutiongSource: BCM Advancedglesearch)

Entreprise E_j The Old World: Industrie 3.0
Work
Centers . .}g « Hardware-based structure
- Functions are bound to hardware
Station &°c X + Hierarchy-based communication
O T « Product is isolated
Control
Field Device -z =

FT = ol

Product 6%,0 E ‘.%l ==

Figure2-3Y CNZR Y L Yy E5dmicé: RiBtform thau3trie 4.0)

The New World: Industrie 4.0 \?V%r;&ected @ /E%

» Flexible systems and machines

« Functions are distributed
throughout the network

« Participants interact across

hierarchy levels Smart

Factory
» Communication among all
participants

» Product is part of the network

Smart (] {-En @
Products @ . @

Figure2-4Y X (2 L (Bdudz Bladfdm Indbstrie 4.0)
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The basic principl of Industry 4.0is the core of 10T and smart manufacturing:
work in progress products, components and production machines will collect and
share data in real time. This leads to a shift from centralized factory control systems
to decentralized intelligece (Shrouf et al., 2014Yhe German Federal Ministry of
9RdzOF 6A2Y YR wSaASINOK RSTAYS&a LYRdAzZAGNE nd
creating networks is increased by the applicatiorC&fS This enables machines and
plants to adapt their behaviaio changing orders and operating conditions through
selfoptimization and reconfiguration. The main focus is on the ability of the systems
to perceive information, to derive findings from it and to change their behawer a
cordingly, and to store knowledggained from experience. Intelligent production
systems and processes as well as suitable engineering methods and tools will be a
key factor to successfully implement distributed and interconnected producten f
ClAGASa Ay 7T dzi dzNBustry a0l coidi ele@éntd are dehiGed Figbre
2-5.

The intense employment of 10T technology and cypieysical systems across the
industrial value chain leads to hugenounts of heterogeneous data. Perceiving i
formation and extracting business insights and knowledge from these data along
with the knowledge storage gained from experience is one of the major challenges in
LYRdz2aGNE non oDI 17 SNInS Tl {DNI ISNEp B-1 NI DS NIy
duction systems and processes as well as suitable engineering methods and tools
(e.g. data analytics techniques) will be a key factor to successfully implemen-distri
uted and interconnected production facilities in éwe Smart Factories. To represent
these issues, RAMI 4.0, a 3D model representing all different manually inter¢onnec

ed features of the technica economical propertiebas been developéed

Industry 4.0 combines production methods with stattethe-art information and
communication technology. The driving force behind this development is the rapidly
increasing digitisation of the economy and society. In the world of Industrie 4.0,
people, machines, equipment, logistics systems and products communicateoand

operate with each other directly. Production and logistics processes are integrated

3 http://www.control.lth.se/media/Education/EngineeringProgram/FRTN20/2016/Av&listrie
40-RAMH40-English.pdf
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intelligently across company boundaries to make manufacturing more efficient and
flexible. At the same time, manufacturing costs can be reduced despite the individ
alised manufacturing. Networking the companies in the supply chain makes it-poss
ble to optimise not only individual production steps, but the entire value cliaia-

form Industrie 4.0)

The discovery of new technologies has escorted industry developmenttirem

SINI & FTR2LIIAZ2Y 2F YSOKIyAOlIf aeaasSvyasz G2 32
highly automated assembly lines, in order to be responsive and adaptive to current

dynamic market requirements and demands. This requires establishing the factory

with capabilities of selawareness, selprediction, seHcomparison, self
reconfiguration, and selfnaintenance(Platform Industrie 4.0)Moreover, @timized

decisionmaking is a key characteristic of a smart factory. Taking the right decisions

at anytime is &ey to succeed in the markéShrouf et al., 2014)To this end, ew

improvements and value can be provided by the analysis of large quantitied-of co

lected data byloT devices (i.ehig data).

‘ 8@ £, + &R = 4+ @ ?\‘?
44B0 UPE T fa

hings (loT)

Figure2-5: Industry 4.0 Core Elemen{Source BCM Advanced Research

According to BCG, the potentimhpact of Industry 4.0n Germanywill be obv-

ousin fourmainareas(w N i Y letyaly2015)

1 Productivity. During the next ten years, Industry 4.0 will be embrabgd
more companies, boosting productivity across all German manufacturing
aSO02NE o0& edn o0AfftAZ2Y (2 empn O0Aff A2
version costs, which exclude the cost of materials, will range from 15 to
25 percent. When the materials cosase factored in, productivity gains
of 5 to 8 percent will be achieved. These improvements will vary bysindu

try. Industrialtcomponent manufacturers stand to achieve some of the
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biggest productivity improvements (20 to 30 percent), for example, and
automotive companies can expect increases of 10 to 20 percent.

1 Revenue Growth Industry 4.0 will also drive revenue growth. Manfa

GdZNBENBEQ RSYFYR F2NJ SyKFEyOSR SljdzA LIYSy i

well as consumer demand for a wider variety of increasinglyocuiged

LINE RdzOG 4> Attt RNAROS FRRAGAZ2YIFE NBGSyd

2NJ NPdzZakKite m LISNOSyd 2F DSNXIlyeQa

1 Employment The growth it stimulates will lead to a 6 percent increase in
employment during the next ten years&snd demand for emplages in the
mechanicalkengineering sector may rise even morby as much as 10
percent during the same period. However, different skills will be required.
In the short term, the trend toward greater automation will displace
some of the often lowskilled laboers who perform simple, repetitive
tasks. At the same time, the growing use of software, connectivity, and
analytics will increase the demand for employees with competencies in
software cevelopment and IT technologies.

1 Investment Adapting production praesses to incorporate Industry 4.0
gAftft NBIJZANBE GKFdG DSNXIY LINRERdzOSNA

nextten years (about 1to 1.5p8o/ i 2 F YI ydzF | Ol dzZNBNR Q NE

2.2.2 Big Data and Internet of Things in Industry 4.0

Intelligence is the key enabler tacilitate work and in a broad sense and consists
of two parts. Algorithmic intelligence describes how to reach a goal via a process
(e.g., driving your car to a destination) and tactical intelligence describes how to
reach the destination with consideran to changing factors (e.g. checking the car
tire pressure to compensate for changing road conditiongjustry 4.0 in the ain-
plest form concerns enabling manufacturing with the element of tactical intelligence
using techniques and technologies such@s, cloud computing and big data (jra
pey et al., 2016). loT is considered to be a paradigm shift for Internet technologies.

Estimations show that as of 2014 the number of-&mihbled devices has exceeded

0KS 62N RQa KdzYl y L3 Lierdad well 35 by maguflactukets dza S R
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that rely on cyber (software, data systems) and physical (devices, machinery; equi
ment) connectivity to function fectively (Trappey et al., 201.7While hdustry 4.0

was initially considered a technology experiment, it is now a necessity to maintain
competitiveness in a constantly changing industry environment. 0T is a care en
bling technology that enables industries to move frardustry3.0 to hdustry4.0 by
inserting intelligence into products and processes across the supply chdirstiy

4.0 also represents the aggregation of 10T, CPS, cloud computing and big data analy

ics to improve the goal of a near zero defect state (Cheng et al., 2016).

Various aspeet of 10T technology have been reviewed in the academic realms
(Da Xu et al., 2014; Trappey, et al., 2019). can be considered as a global network
infrastructure composed of numerous connected devices that rely on sensary, co
munication, networking, andnformation processing technologies (Da Xu et al.,
2014).So far, IoT has been gaining attraction in industrynmanufacturing enterps-
es having installed sensogenerating reafime big data,such as logistics, manufa
turing, retailing, and pharmaceu. With the advances in wireless communication,
smartphone, and sensor network technologies, more and more networked things or
smart objects are being involved in I0T. As a result, theseelaled technologies
have also made a large impact on new infatran and communications technology

(ICT) and enterprise systems technolodiea Xu et al., 2014)

Identifying and structuring an architecture or model ifbag process with much
negotiation to abstract from specific needs and technologresrder to fulfill the

followingrequirements(Weyrich,and Ebert 2016)

1 Connectivity and communicatioresther one-to-one (unicast) or data colde
tion and information dissemination to multiple partners (multicast and
anycast).

1 Device management must @vide solutions once a device is added orea d
vice configuration changes and must be propagated to other devices.

91 Data collection, analysis, and actuation are relevant for extractingr-info

mation and knowledge for offering services.
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1 Scalability is importanto handle increased processing volumes for different

installation sizes.

1 Security features are necessary to provide trust and privacy and arereelqui

for all aspects of the 1oT.

Many market researchers such as Gartner and Cisco consider the indudtréed 1o
the IoT concept with the highest overall potential, although it has not gathered yet
the interest that smart homes or wearables have gathered, due to the hightinves
ments required and the long periods of implementation needelddern manufa-
turing conpanies collect and store operatiomslated data or even utilize technaie
ical infrastructures and information systems for monitoring and detecting early
warning signals that machines or systems are degrading or in danger of breakdown.
While this is valude information that can reduce risk of unplanned downtime and
potentially save the enterprise money, if organizations improve their analytes m

turity, information will be fully harnessed, and the potential is much greater.

This fact depends on the leveff maturity a manufacturing enterprise has
reached, in terms of data processing capabilities, ICT advancements ande-maint
nance management development. According to Gartmed Pw€ to seize near
term opportunities, capitalize on the lortgrm structural shift and accelerate the
overall development of the Industrial 10T, technology providers need to focus on
brownfield innovation to support existing equipment in the field, and raise the-ma
ket awareness on successful use cases and implementations, wicitmadiegy
adopters should reorient their overall business strategy to take full advantage of the
latest developments in the Industrial 10T by also identifying their new ecosystem

partners.

The need for increasedata analytics maturityhas been identifiedn the indus-

trial and research realms. However, taking advantage of the seyeuerated big
data requires the development of data processing systems that are able to handle
reaktime data in complex, dynamic environments. In this way, the effective iserea

of data analytics maturity can facilitate predictions and decisions ahead of time,

4 https://www.gartner.com/doc/3065317/usingadvancedanalyticspredictequipment
> http://www.pwc.com/gx/en/industries/industry4.0.html
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leading to increased operational intelligence. According to Gaftribere arefour
levels of data analytics maturityeach one building on the previous orionitor,
Diagnose and Control, Manage, Optimizén the first level, companies monitor
through sensors or other measuring devices and report on asset behaviour. In the
second level, on the basis of monitoring, enterprises diagnose issues and sometimes
respond to thesensing issue. For instance, monitoring and controlling equipment
enables the throttling back or shutting down of an expensive piece of equipment
when temperatures or pressures exceed certain thresholds that could lead to-dow
time. The third level enablesrganizations to manage the performance of asset and
processes by creating predictive models in order to enable shifting from unplanned
maintenance to predictive maintenance, resulting in less downtime, better quality
and reduced costs. Finally, level 4al®out optimizing decisions, processes and-sy
tems on the basis of the retime predictive models. Organizations can do this to
determine the optimal production schedule/product mix or predictive maintenance
schedule across assets to optimize asset Iifd profit, and to minimize downtime

while meeting customer demand (business outcome).
2.2.3 Cyber Physical Systems

CyberPhysical Systems (CPS) is defined as transformative technologiesrfor ma
aging interconnected systems between its physical assets and cotign#hcaa-
bilities (Baheti andsill, 2011) With recent developments that have resulted inhrig
er availability and affordability of sensors, data acquisition systems and computer
YySGg2Nl a2 GKS O2YLISGAGAGS yIlGdzNBmave G2RI&Q
toward implementing highech methodologiesand to converge IT and automation
as shown inFigure2-6. Consequently, the ever growing use of sensors and ne
worked machines has resulted in the continuous generation of high volume data
(Lee, et al., 2013)n such an environment, CPS can béhirdeveloped for mang:
ing Big Data and leveraging the interconnectivity of machines to reach the goal of

intelligent, resilient and selidaptable machinef_ee, et al., 2015)

6 https://www.gartner.com/doc/2826118/industriabnalyticsrevolutionizesbig-data
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Convergence of IT and automation

5-layer Cyber-physical
architecture system (CPS) based automation
ERP

Information )
technology ~ Mainframe

ERP
Internet, ERP

modules, MES, MES .

Industrial
automation

Remote I/0
Logi \ ¥ .
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Figure2-6: Convergence offTf and automation (Source: ieanalytics.com)

Direct digi

The 5ACPS architecturprovides a stegoy-step guideline for developing anckd
ploying a CPS for manufacturing application. In general, a CPS consists of two main
functional components(1) the advanced connguity that ensures reatime data
acquisition from the physical world and information feedback from the cyber space;
nd (2) intelligent data managemerdnalytics and computational capability thatreo
structs the cyber space. However, such requirementery abstract and not specific
enough for implementation purpose in general. In contrast, the 5C architecture
clearly defines, through a sequential workflow manner, how to construct a CPS from
the initial data acquisition, to analytics, to the final valueation (Lee et al., 2015)
as shown irFigure2-7. Figure2-8 shows a@plicaions and techniques associated with

each level of the 5C architecture

» Self-configure for resilience
on ¢ Self-adjust for variation
* Self-optimize for disturbance

* Integrated simulation and synthesis
* Remote visualization for human
¢ Collaborative diagnostics and decision making

nwZOo0—-—=-I0ZCm
OM=-CW—T=->

* Twin model for components and machines

* Time machine for variation identification and
memory

‘\.,\ * Clustering for similarity in data mining

* Smart analytics for
* Component machine health
* Multi-dimensional data correlation
* Degradation and performance prediction

¢ Plug & Play
 Tether-free communication
* Sensor network

Figure2-7: 5C architecture for implemetation of CyberPhysical SysterfLee et al., 2015)
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Figure2-8: Applications and techniques associated with each level of the 5C architedfiuee et al., 2015)

2.2.4 RAMI 4.0

Authors of the RAMI 4.0 model are BITCOM, VDMA and ZWEI. They decided to
develop a 3D model because the model shawdresent all different manuallynt
terconnected features of the technicgleconomical propertiesas shown irFigure
2-9. Very important criterion in the modern emgering is the product life cycle with
the value stream which it contains. The lefhand horizontal axis displays thisate
ture. There are expressed e.g. constant data acquisition throughout the life cycle.
Even the totally digitization of the whole ddepment ¢ market chain offers great
potential for improvement of products, machines, and other layers of the Industry
4.0 architecture throwout the all life cyclgZezulka et al., 2016)This look col-
sponds well with the IEC 62890 draft standard. Thet n@odel axis (right in the her
zontal level) describes function position of the components in the Industry 4.0. In
this axis, there is specified the functionality of the components, no any specification
for implementation but the function assignment onlyhe axis respects both IEC
6224 and the 61512 standards. But the IEC 6224 and the 61512 standards are i
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tended for specification of components in a position in one enterprise or works unit

only. Therefore the highest level in the axis horizontal rigtitesConnected world.

Reference Architectural Model Industrie 4.0
(RAMI 4.0)

Source: Plattform Industrie 4.0

Figure2-9: The Reference Architectural Model Industrie (RAMI) 4.0 (Source: Platform Industrie 4.0)

The individual layers and their interrelationshihown in Figure 8are de-

scribedas follows (Platform Industrie 4.0, 2014):
Function of layers in vertical axis:

91 Asset LayerThis layer eépresents reality, e.g. physical components such as
ideas, archives, documents, linear axes, metal parts, diagrams. Also human
being is a part of the gset Layer. They are connected with the virtual reality
world by the Integration layer. Passive connection of the assets to the higher
Integration Layer is done by for instance means of QR codes.

1 Integration Layer This layer makes provision of informati@mn the assets

(HW/SW, components) in a form which is available for computer processing
It makes also computer control of the process, generation of events fiem a
sets and it contains elements, which are connected with IT (RFID readers,
sensors, HMI, aagtors, etc.). Integration of persons is a part of Integration

layer functions as wed (via HMI).
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1 Communication LayeiThis layer provides standardization of communication

by means of uniform data format in the direction of the Information Layer. It
provides also services for control of the integration Layer.

1 Information LayerProvides run time for preprocessing of events, execution

of eventrelated rules. It enables formal description of the rules and event
pre ¢ processing. Next functions of the Imfoation layer are: Ensuring data
integrity, consistent integration of different data, obtaining new, higherlgua
ity data (data, information, knowledge) provision of structured data by
means of service interfaces. It also receives events and transforms tinem
match the data which are available for the higher layer.

1 FEunctional LayerFunctional Layer enables formal description of functions

and creates platform for horizontal integration of various functions. h-co
tains run time and modeling environment feervices for support of business
processes and a run time environment for applications and technical fun
tionality. Rules and decision making logic are generated in the Functional
Layer. Some use case can be executed in lower layers as well. But @mmote
cess and horizontal integration can take place within the Functional layer o
ly because of the necessity of data integrity.

1 Business LayeiThe layer ensures the integrity of functions in the value

stream, enables mapping business models and the resulbf the overall
process. It contents legal and regulatory Framework conditions, enables
modeling of the rules which the system has to follow. The layer creates also a

link among different business processes.

Function of layers in the horizontal left axi

The left¢ hand side horizontal axis represents the life cyclar® value stream
of industrial production. This axis is divided to Type and Instance. A type of any
product, machine or SW/HW represents the initial idea. This covers the placing of
design orders, development and testing up to the prototype of productidter all

tests and validation, the type is prepared for serial production. On the other hand,
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the type of any component, machine or HW/SW etc. creates a basis for the serial
production. Each manufactured product represents an instance of that type xfor e
ample has a unique serial number. The instances are sold and delivered taneusto
ers. For customers are the products initially once again only types. They become i
stances when they are installed in a particular system. The change from type to i
stance maybe repeated many times. The fine structure of the life cycle and value
stream look in the RAMI 4.0 over the axis left hand horizontal shows a division of the
Type to Development and Maintenance/ usage, but due to the physical character of
the problemc¢ instances consist from Production and Maintenance/usage. The-fun
tion of layers in the horizontal left axis can be explained in following simple example:
The development of a new electrical drive represents creation of a new type of an
engine. The drive (carolled engine) is developed, initial samples are set up and
tested and a first prototype series is manufactured and validate. After successful
testing, the new drive type is released for sale (product designation in salas cat
logue of the producer). In t moment a first serial production can be started. Each
drive in the serial production has its serial number (a unique identification) and is an
instance of the previously developed electric drive. Feedback from customens to i
stances of the type may lead corrections in the mechanical part of the drive and
correction in the control SW. Such modificatsoare modification in the type, i.e.
they are applied as amendments to the type documentation and new instances of
the modified type are produced. Thefiehand side of the RAMI 4.0 model repr

sents the value stream as well.

Digitization and linking of the value stream (in the Industry 4.0 idea and praxis)
big potential for improvement of produced types. Logistic data can be used-in a
sembly, purchasingegs inventories in real time and know were parts from suppliers
are at any moment, customers sees the completion status of the product during
production etc. The value stream in the totally digitized production enables linking of
purchasing, order planning@ssembly, logistic, maintenance, the customer angt su
pliers and so on. It provides great improvement potential .The life cycle cae-ther
fore be viewed together with the valuadding processes which it contains and not

in isolation as it is in the preseproduction (Platform Industrie 4.0. (2014)).
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2.2.5 Industry 4.0 Component Model

The second very important model for purposes of the Industry 4.0 that has been
developed by BITCOM, VDMA and ZWEI during the last one year is the Industry 4.0
components model. lis intended to help producers and system integrators to create
HW and SW components for the Industry 4.0. It is the first and the only specific
model which goes out from the RAMI 4.0 model. It enables better description of
cyber ¢ physical features and eb&s description of communication among virtual
and cyberg physical objects and procességezulka et al., 2016Yhe HW and SW
components of future production will be able to fulfil requested tasks by means of
implemented features specified in the Indogt4.0 components model. The most
important feature is the communication ability among the virtual objects amat pr
cesses with real object and processes of production while this model specifies the
conform communication. Physical realization of it is thay @omponent of then-
dustry 4.0 system takes an electronic container (shell) of secured data during the all
life cycle. The data are available to all entities of the techrjgaoduction chain.
Therefore this model goes out from a standardized, secureé safety real time
communication of all components of production. The electronic container (shell) of
data and the all Industry 4.0 cgranent model is specified iRigure2-10 (Adolphset
al., 2015).

Not an 14.0 component Thing,- 8. Example of 14.0 components
| |_ Machine*

Administration shell Administration shell
= 4 5
(Unknown) Things Thing, e.g. Thing, e.g.
(Anonymous) Machine* Terminal block*
(Indvidually
Known)
Entity
Administration shell Administration shell
Thing, e.g. Thing, e.g.
Eletrical axis* Standart software*
*=|nterference/ data format
14.0- compilant | |
(Thing provides access to (Higher level system provides
Administartion shell ) access to administration shell )

14.0- compliant communication

Figure2-10: The 14.0 component model (Source: Platform Industrie 4.0)
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2.3 Maintenance Management

2.3.1 Overview

Over the last few decades, maintenance functions have drastieatlived with
the growth of technologfAhmad,and Kamaruddin2012). Maintenance is defined
as a set of activities or tasks used to restore an item sage in which it can pe
form its designated functions (Duffuaet al, 1999 Dhillon, 2017. The moden in-
dustry is increasingly demanded to work at high reliability, low environmental risks,
and human safety while operating their processes at maximum yield (Peng et al.,
2010).Industrial maintenance, is gang significance (Cannata et al., 2010; Ruschel
et al., 2017)poth within the academic and industrial community, as it develops from
being considered a minor activity, towards a strategisktin operation management

(Pinjala et al., 2006}hus being called asset lifecycle management.

Technological deelopment has resulted in increased complexity in both sidu
trial machinery and production systems. The economical consequences from-an u
expected 1day stoppage in industry may become as high as up to 100,000 to
200,000 euros (Peng et al., 2010). Opernadioreliability of industrial machinery and
production systems has a significant influence on the profitability and compeetitiv
ness of industrial companies. This emphasizes the increasing importance of effective
maintenance strategies of machinery, prodioct processes, and systems in industry
(Peng et al., 2010Maintenance strategiesan be broadly classified inereakdown
Maintenane (BV), TimeBased Maintenance (TBM)nd ConditionBased Maing-
nance (CBI) (Duffuaaset al, 2001).h G K SNJ § S NIN&E ESdfQIKA ASa Yd Wy G Sy |
GLIE I YYSR YIFAYGSYylyO0Sés GLINSBRAOGAGS YIAYyi(iSy!

Breakdown Maintenance also known as rwto-failure, corrective orreactive
maintenance, is a strategy that is used to restore (repair or replace) some equipment
to its required function after it has failed (Blanchaet,al., 1995)implementing co-
rective actions This strategy leads to high levels of machine downtime (production
loss) and maintenance (repair or replacement) costs due to sudden failure (Tsang,

1995).
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Time-Based Maintenancgalso known a$reventive Maintenanceor planned
maintenance,involves the performance od set of certainmaintenance activities
prior to the failure of equipmentin specific time interval§Lofsten, 1999)lt has e-
placed the Breatkown Maintenance and is still widely used in manufacturing firms.
This strategy contributes to minimizing failure costs and machine downtime (produ
tion loss), and increasing product quality (Ushedral, 1998). In the industry, appl
cation of theTBM strategy can be generally performed through either experience or
original equipment manfacturer (OEM)guidelinesand t is performed at regular
time intenals (Sheu,et al, 1995).TBM will also encounter some minor or major
planned shutdowns of systems fpredetermined overhaul or repair activities on
still functioning equipmentSystem overhaul and critical item replacement at fixed
intervals are widely adopted in automated manufacturing and control systéins.
hough TBM can reduce the probability of symn failures and the frequenogf un-
planned emergency repairs, iistervals based on OEM recommendations may not
be optimal because actual operating conditions may be vBiferent from those
considered by the OENLabib, 2004;Tam, et al.,2006) On the economy aspect,

TBM tends to be too conservative that results in very high maintenance costs.

TBM is widely used in industry; however, companies are increasingly turning to
CBM, with manufacturing companies considering the use of condition monitoring.
CBMis becoming essential for every manufacturing business as products leave b
come more and more compledue to the evolution of technology and thus, quality
and reliability have become issues of high significance (Jardine et al., 2006; Peng et
al., 2010 Hashemian, and Bean, 2Q)L Consequently, the costs of tintmsed pe-
ventive maintenance have increased and CBM has started to be evolved as a novel

lever for maintenance management (Jardine et al., 2@é@illen et al., 2016

Condition-Based Miintenance(CBM) is anaintenancestrategy where the dde
aA2Yy 02 LISNF2NY YIAYyuSylryOS Aa NBIFOKSR
and its componentgGuillen et al., 2016)CBM attempts to avoid unnecessary
maintenance tasks by taking maintenance action$y omhen there is evidence of
abnormal behaviors of a physical asggdrdine et al., 2006§enerally, CBM can be

treated as a method used to reduce the uncertainty of maintenance activities and is
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carried out according to the requirements indicated by #wipment condition(de

Jonge et al., 2017).

Condition monitoring has been significantly enabled by the developmenpof a
propriate technologies and sensing equipment measuring various parameters. In this
way, the engineers are able to monitor in reéamhe the actual health state of equoH
ment and to decide about maintenance actio@ondition monitoring is increasingly
realized with equipmentinstalled sensors, which have the capability of measuring
with high frequency a multitude of parameters (Jardineakt 2006; ISO 2012a; 1ISO
2012b) leading to processing and storage of a huge amount of data (big data) that
pose challenges to the subsequent processing pipeline of data analysis, knowledge

extraction and decision making.

Predictive Maintenancegoes a stp beyond the mere redlme monitoring of
the manufacturing system. It indicates the use of detection and prediction- alg
rithms about the current and the future health state of the manufacturing system
respectively with the use of Prognostics and HealtAnkilgement (PHM) methods
and techniques. In this way, maintenance decision making is facilitated. The concept
of Predictive Maintenance evolved almost in parallel with the concept of CBM,; ho
ever with a different meaning. At the beginning, Predictive Maiwatece did not
consider condition monitoring, but it dealt with predictions based on expert
1y26ft SRAS YR YIydzZFlI OGdzNBENRa &ALISOAFAOFGAZ2Y
several research works dealing with Predictive Maintenance without considering

sensorgenerated reatime data.

The classical industrial view @BM andpredictive maintenance is mainly-f
cused on the use of condition monitoring techniques such as vibration analysis,
thermography, acoustic emission or tribology (ISO 2011). The recentopevents
of maintenance management lead to a new predictive maintenance approach,
providing powerful capabilities for physical understanding of the useful life ofa sy
tem through dynamic pattern recognition in various available data sources, Remai

ing Useilll Life (RUL) or Remaining Life Distribution (RLD) prediction and providing
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maintenancerelated recommendations in order to exploit the full potential of the

predictive maintenance framework and the advances in ICT.
2.3.2 Condition Based Maintenance and Predictive Maintenance

Sometimegredictive maintenance is used as an alternative term of CBM. Other
terms that are used in liteadzNBE | NB a2 Yy GNFPR BBRY AU 2ANRIYST/E 3 O
(Hashemian,and Bean, 201) and Prognostics and Health Management (PHM)
(Sheppad et al., 2008; Lee et al., 2018yillen et al., 2016)

CBM relies on diagnostic and prognostic models and uses them to suppert dec
sions about the appropriate maintenance actions based on the current health state
of a system and/or its predicted performance and remaining lifetime. It is performed
after one or more indicators show that equipment is going to fail or that equipment
performance is deteriorating. CBM was introduced to try to maintain the correct
equipment at the right time and is based on using {tgake data to prioritize and
optimize maintenance resources (Jardine et al., 2006; Peng et al., 2010; Voisin et al.,

2010; Guiken et al., 2016).

¢KS GSNXY at NBRAOUGADS YIAYy(USylyOSe¢ ¥F20dzaS:

the condition of inservice equipment in order to predict when maintenance should

be performed. This approach offers cost savings over routine or-iased preen-

tive maintenance, because tasks are performed only when warranbeanost ca-

es, KS GSN)XY GLINBRAOGAGS YIAyluSyl4meéand-R2Sa y2
tion monitoring through sensors, whilektS G SN &/ 2y RAGA2Y . | aSR
does not necesarily include predictionfLiu et al., 2016Nguyenet al., 2017) since

it may refer to (near) redime diagnostic outcomes, i.e. detection of the current

condition, and actions upon ther(Garcia et al., 200§ A y R ZilaN20{7.

CBM has a long story. From visual inspection, which is the oldest method yet
still one of the most powerful and widely usetihas evolved to automated methods
that use advanced signal processing techniques based on pattern recognitiod; inclu
ing neural networks, fuzzipgic, and datadriven empirical and physical modeling

(Hashemian, and Bean, 2Q1Guillen et al., 2006 However, mwadays, nearly 30%
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of industrial equipment does not benefit from predictive maintenance technologies
(PwC, 2017)Predictive maintenance ithe preferred maintenance method in 89% of
cases, compared to timbased maintenance, which is prudent in only 11% of cases

(Hashemian, and Bean, 2011).

Several maintenance frameworks have been proposed in the literature outlining
the steps involved ingrforming CBM. Lee et al. (2004) describes three core steps:
(i) data acquisition, to collect the data; (ii) data processing, to handle the data; and
(iif) maintenance decision making, to decide about the optimal maintenance policy.
Peng et al. (2010) fosed on the third step (maintenance decision making), further
detailing it into diagnosis and prognosis. The authors also indicated the needsfor hi
torical data and for the development of a model for representing system behavior.
Irigaray et al. (2009) fased on supporting CBM by storing relevant data andrinfo
mation and utilizing them so that the most appropriate decisions are drawn and are
updated dynamically by means of a platform based on web services and a systematic
process consisting of four layersondition monitoring, assessment of the health

state, prognosis and decision making.

Peng et al. (2010) described in detail a maintenance decision support framework
consisting of five main steps: (i) feature selection, which is conducted with the aid of
historical data as well as several methods such as Principal Component Anaysis, G
netic Algorithms and Support Vector Machine (SVM); (ii) data training (analysis); (iii)
diagnostics and prognostics, by using fi@le data; (iv) reliability and Remaining
Useful Life (RUL) where the result is verified and its precision is assessed in order to
give feedback to steps (ii) and (v); and (v) maintenance schedule, which considers
the cost function which is extracted from the relationship between the maintenance

cost, RUL and reliability of the system.

A generic conceptual framework f@&BMdecision support has been proposed by
Voisin et al. (2010). This framework considers the interactions of prognosis with the
whole business environment and represents the bussngocesses which are et
grated with prognosisA simplified version ishown inFigure2-11 (lung et al., 2009;

Voisin et al., 2010). Moreover, it separates fthecision support step from diagse
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Morel, 2001; Muller et al., 2008a; Lebold and Thurston, 20Diggnosis and Pga
nosis in sensedriven environments are well studied areas literature; however,

decision making in this context is still underexplored area.

Prognostic knowledge

Signal Processing by prognostic expert

and Acquisition

o | Preferences and choices
Data about Data M.Clnlto",ng by decision maker
and Diagnosis

system and

environment
Prognosis
Historical data ———————3»
L = )
Maintenan .
ainte ce < Decision Support

Management

Company Management

Figure2-11: The role of diagnosis and prognosis in CBM (adapted from Voisin et al., 2010)

The MIMOSA OSACBM specificatiodl is a standard architecture for moving-i

formation in a conditiofbased maintenance system. It has already been implémen
ed in several industries, such as aerospace industry within the frameworkesf Int
grated Vehicle Health Management (IVH{lLebold and Thurston, 2001; Dunsdon
and Harrington, 2008; Benedettini et al., 2009). A more in depth look reveals a way
to reduce costs, improve interoperability, increase competition, incorporate design

changes, and further cooperation in the realm ohddion-based maintenance. The

OSACBM provides a means to integrate many disparate components and eases the

process by specifying the inputs and outputs between the components. It im-an i
plementation of the 1S@3374 functional specification. O$BM add data stre-
tures and defines interface methods for the functionality blocks defined by the ISO
standard. According to ISTB374, thesix blocks of functionalityare: Data Acquis

tion, Data Manipulation, State Detection, Health Assessment, Prognostisses-

ment, Advisory Generation

! http://www.mimosa.org/mimosaosacbhm
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Data Acquisition deals with converting an output from the transducer to a digital
parameter representing a physical quantity and related information. Data Maaipul
tion performs signal analysis, computes meaningful desmriptand derives virtual
sensor readings from the raw measurements. State Detection facilitates the creation
FYR YFAY(iSylryOS 2F y2NXIf ol aStAYS GLINRTACL
new data are acquired, and determines in which abnormality zdreny, the data
0St2y3a o06Sdad Gl f SNIIé 2NJ alFfIFN¥YéEOD ¢KS FAYL
monitoring technologies in order to assess the current health of the machine, predict
future failures, and provide recommended action steps to operatiand maine-
nance personnel. More specifically: Health Assessment diagnoses any faults and
rates the current health of the equipment or process, considering all state-info
mation. Prognostic Assessment determines future health states and failure modes
basedon the current health assessment and projected usage loads on the-equi
ment and/or process, as well as remaining useful life predictions. Finally, Advisory
Generation provides actionable information regarding maintenance or operational

changes required toptimize the life of the process and/ogaipment.

Guillen et al. (2016) studied CBM with the aim to provide a framework bringing
together the managerial and the technical perspective based on internationadl-stan
ards. This framwork introduceshree compémentary points ofviews of this same
process simultaneously(i) CBM basic concepts (detection, diagnosis, prognosis)
within the basic CBM flow. Thes®nceptare reinterpreted using two viewsii) The
Dataprocessing view: CBNow and concepts reintg@retation within the Data
Processing technical requiremen(di) The Maintenance information view: maa

nance requirementsranslation.

In maintenance, Industry 4.0 find its application in designing oflsathing and
smart system that helps predic¢ailures, diagnose and trigger maintenance sthe
ules Kumar,and Galar, 2018 In order to extract specific and relevant information,
these smart systems are highly demanded for data access, for quality and also for
the use of multiple sources of dathet et al., 2013Lee et al., 2015). Development

of intelligent maintenance systems based on cypbysical approach, for failureed
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tection, providing diagnostics and prognostics, has been the core focus on several

research projects (Syed et al., 2012, Saakam et al., 2013; Kroll et al., 2014).

PwCproposes the Predictive Maintenance 4.0 concept, i.e. predictive maint
nance in the frame of Industry 4.0 (PwC, 20P&C defined the application of big
data analytics in maintenance as the fourth levelnmdturity in predictive mairg-
nance, namely Predictive Maintenance 4.0 (PwC, 2017). Based on their definition,
Predictive Maintenance 4.0 is about predicting future failures in assets and wtimat
ly prescribing the most effective preventive measure by applyadvanced analytic
techniques on big data about technical condition, usage, environment, maintenance
history, similar equipment elsewhere and in fact anything that may correlate with

the performance of an assethefour levels are described below:

1 Levé 1 Visual inspections: periodic physical inspections; conclusions are
oaSR &az2tSfte 2y AyaLsSoOiz2zNna SELISNIAaSO
1 Level 2 Instrument inspections: periodic inspections; conclusions are based
2y | O2YoAylL A2y 2F Ay&aLSOauBd.NNa&E SELISNIA.
1 Level 3 Reatime condition monitoring: continuous redime monitoring of
assets, with alerts given based on &tablished rules or critical levels.
1 Level 4 PdM 4.0: continuous reahe monitoring of assets, with alerts sent

based on predictive techniggesuch as regression analysis.
2.3.3 Decision Making in Predictive Maintenance

2.3.3.1 The Role of Decision Making in Predictive Maintenance

Decision naking in predictive maintenandadicates the phase which is triggered
by (near) reatime predictiors (e.g. about auture failure)in order to generate -
active recommendations about maintenance actions that eliminate or mitigate the
impact of the predicted failure. In addition, decision making incorporaesain

knowledge related to maintenance management of the sfi@mdustry.

Although there is a rich literature on diagnostic and prognostic modatenaet-

ed decision making in the context of predictive maintenance is an underexplored

61



Proactive Computing in Industrial Maintenance DecisidMaking

area. The evolution of Internet of Things (loT) and the emergence of Induétry 4.
pave the way for an extensive use of sensors in the manufacturing environment
measuring a multitude of parameters. Efficient processing of all this data andiprovi
ing meaningful business insights is of outmost importance. To this end, the level of
big dda analytics maturity can be increased by generating recommendations ahead
of time on the basis of (near) retime predictions. In this way, manufacturing firms
can optimize their performance and obtain a significant competitive advantage. Cu
rently, there are many conceptual papers regarding Industry 4.0, but decisida ma

ing for predictive maintenance in this context has not been examined yet.

The current literature review focuses on decision making algorithms for @redi
tive maintenance. In this sense,itvestigates decision making algorithms that are
triggered by predictions that have been derived through condition monitoring- Co
dition monitoring is the process of monitoring the condition in order to identify a
significant change which is indicativeaofleveloping fault (Han, and Song, 2003). It is
' YF22N) O2YLRYSYyld 2F LINSRAOUADGS YIAYylUSylyO
years, due to the emergence of Industry 4.0 and loT, condition monitorinkg tec
niques have evolved from visual inspectiomsl ananual analysis of data sets to high
frequency sensors generating reahe big data about several parameters (e.g. v
bration, temperature, thermography, etc.). On the basis of this data, advanced data
analytics techniques can be applied in order to dlenthe uncertainty due to the

stochastic manufacturing operations.

Since the dynamicity and complexity of the manufacturing environment make
decision making a challenging task, there is an increasing interest on maintenance
decision making algorithms. Mever, existing literature reviewsn maintenance
decision making algorithms have usually the following limitations: (i) they do set di
tinguish between static and dynamic models (through condition monitoring), e.g.
between offline and realime models; ({) they get involved with various magew
nance strategies without focusing on predictive maintenance; (iii) Decision making is
not necessarily executed on the basis of predictions; (iv) They focus on speeific cat
gories of decision making methods (e.g. opsation) and/ or maintenance aspects

(e.g. maintenance policy).
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An important and welestablished principle of predictive maintenance is the P
curve, which is shown iRigure2-12. RF curve indicates how a part of equipment
starts being degraded to the point at which the forthcoming failure can be predicted
(the potential failure point "P"). Thereatfter, if it is not predicted and no suitalole a
tion is taken, it cotinues to deteriorate- usually at an accelerating rateuntil it
reaches the point of functional failure (Point "F"). The amount of time which elapses
between the point where a potential failure occurs and the point where it deteri
rates into a functionbfailure is known as the-P interval (Veldman et al., 2011). This
interval can be seen as an opportunity window during which actions can be taken
with the aim to eliminate the anticipated functional failure or mitigate its effect. In
an Industry 4.0 comixt, decision making algorithms can be triggered by-tiead
predictions within this interval in order to generate proactive recommendations.

Point where a failure Point where it can be found out
starts to occur that it is failing (potential failure)

—_— \

Point where it has failed
(functional failure)

Condition

v

Time
Figure2-12: P-F curve

Such decision making algorithms should take into account several constraints and
objectives and provide the best maintenance plan, i.e. the one that minimizes the
maintenance costs and optimizes overall business performdfigeire2-13 depicts
the relationship among the predicted tirrte-failure, the equipment reliability and
the maintenance costs. It shows that while tisteefailure is approaching zero, rali
bility is decreasing (Peng et al., 2010). When tiowailure becomes zero, a failure
(e.g. breakdown of equipment) occurs. The best time to do maintenance is when the

maintenance cost is minimum and reliability has started to decrease significantly.
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Best time for
maintenance

l
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Time To Failure

Aypgersy

Figure2-13: Relationship among timeo-failure, reliability and maintenance cost

The increasing complexity and uncertainty of the manufacturing environment
has leveraged the emergence of several algorithms aimirgtier support decision
making, e.g. for maintenance planning (Ruschel et al., 2017). Effective and &utoma
ed (i.e. by providing recommendations) decision making in predictive maintenance
leads to higher reliability of equipment and reduced losses (Rusthal., 2017).
Smart decision making is at the heart of Industry 4.0 since the ultimate goa-of d
ploying widespread sensors is to achieve smart decision making through comprehe
sive data collection (Zheng et al., 2018). However, the uncertainty existimgdi-
tive analytics but also in the degradation process itself and the time constraiats u
der which a decision should be taken pose significant challenges in the applicability
of the decision making algorithms. Such decision making algorithms showlbide
to provide courses of actions with the aim to improve equipment operating life at
maximised performance. During the last years, with the emergence of Predictive
Maintenance as a novel lever of maintenance management, there is an increasing
interest n decision making algorithms aiming to better support maintenance-dec

sions.

2.3.3.2 Decision Making Algorithms in Literature

This Section investigates decision making algorithms for predictive maintenance in

literature. In order to facilitate the comprehension éithe investigation of the exis
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ing algorithms, we structured the literature in 5 areas of decision making problems in
predictive maintenance based on similar classifications existing in literature (e.g.
Alaswad, and Xiang, 201Ruschel et al., 201TChemweno et al., 2018). Most oép
pers belong to more than one area. However, the categorization to these 5 areas
was formulated based on the focus as well as the main contribution and novelty of
each work to the specific area. The 5 aredslecision makig algorithms in predt
tive maintenance along with the associated references are showiale2-1. These

areas are the following:

1 Maintenance Plannig and SchedulingThis area includes algorithms that
SylrotS RSUyAy3a GKS YIAYyGSylLryOS | OlAzya
the information about the impacts and risks.

1 Reliability- and Degradation based Decision MakingThis area included-a
gorithms ncorporating the degradation rates in order to minimize leng
costs, and thus, to enable the scheduling of mitigating maintenance actions.

They may also utilize information from the equipment conditions, in order to
support the modelling and balancingtween costs and reliability objectives,
e.g. using probabilistic methods.

1 Joint Optimization This area includes algorithms aiming to optimize neint
nance results, considering the objectives of the production system in order to
ensure overall business provements. Optimized maintenance cost redu
tion does not always lead to optimization of equipment availability, which
Oy fSIR G2 RSflFreéa Ay GKS LINRPRdAOUGAZ2Y |V
end, there are algorithms achieving the balance betweennteaance with
production, logistics and quality objectives.

1 Multi-State and MulttComponent Systems Optimizatiohis area includes
Ff3I2NAGKYa GKFEG Ffft26 G0KS ARSYGaUOFrGAZ2Y
tion. Therefore, on the basis of this, optimation models lead to intermed
ate decision making. Although there is a high amount of algorithms intthe li
erature, we selected the ones that are applied in a more explicit and direct

way.
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1 Maintenance Cost and Risk Estimation and Optimizatidinis areancludes

algorithms dealing with cost issues in order to facilitate the decision making

of maintenance actions with the optimal cost. Sometimes, there is theiposs

bility of estimating and calculating maintenancests for different situations
and scenariosThere are also algorithms thatap the impact of failures with
Uyt yOAlLf A&aadadzSao {dzOK Ff 32NA0KYRa

nents of the system along with a priority of suitable maintenance actions.

Table2-1: Areas of decision making algorithms in predictive maintenance.

Area of Contribution| Number of References

references
Maintenance Pla- 23 Yu et al., 2003; Carnero, 2004uller et al., 2007; Su, an
ning and Scheduling Tsai, 2010; Li, and Gao, 2010; Martorell et al., 2010

nier, C., and Zerhouni, 201&kNajjar, and Jacobsson, 201
Xu et al.,, 2013; Duarte et al., 2013; Guo et al., 2(
Mendes et al., 2014; de Jonge et al., 2015; Gdgalhnan
et al., 2015; Xu et al., 2015; Terkaj et al., 2015; Wan e
2015; Nadj et al., 2016; Yildirim et al., 2016a; Yildirim et
2016a; Said et al., 2016; Fitouri et al., 2016; Ghosh el
2017

Reliability- and Deg- 24 Sun et al.,, 2007; Wu et al., 2007; Elwany, and Gebrz:
radation- based - 2008; Muller et al., 2008; Xu, and Hu, 2008; Islam,

. . . Khan, 2010; Zhu et al., 2010; Besnard, and Bertling, 2
cision Makng Zhu et al., 2011: Tian et al., 201Castro et al., 2012
Moghaddass et al.,®4; Le et al., 2014; Hong et al., 201
Song et al., 2014; Tang et al., 2015a; Tang et al., 2015
et al., 2015; Lin et al., 2015; Park et al., 2016; Drumhellg
al., 2017; He et al., 201Animah, and Shafiee, 2017; Zan
al., 2018

Joint Optimizaton 16 Zhou et al., 2007; Njike et al., 2009; Rausch, and Liao, 7
Gulledge et al., 2010; Nodem et al.,, 2011; Wang, 2(
PortiolrStaudacher, and Tantardini, 2012; Lee, and
2013; Kouedeu et al., 2015; Gan et al., 2015; Jafari,
Makis, 2015; Jiam et al., 2015; Van Horenbeek, and-P
telon, 2015; Cinus et al.026; Gu et al., 2017

Multi -State and Mu- 11 Le, and Tan, 2013; Zhou et al., 2013; Xia et al., 2013;
ti-Component  Sg- Horenbeek, and Pintelon, 2013; Sheu et al., 2@iZ&deh et
al., 2015; Jiang et al., 20138uynh et al., 2015; Nguyen ¢

tems Optlmlzatlon al., 2015; Li et al., 2016; Keizer et al., 2016

Maintenance Cosl 23 Fouladirad et al., 2008; van der Weide et al.,, 20
and Risk Estimatior b2NR3IHNR SSharntaf atd Sharmam2010; Vaur
2011; van der Weide et al., 2011; Fouladirad et al., 2(
Cheng et al., 2012; Dandotiya, and Lundberg, 2012; E
and Boysen, 2012; Sharma, and Sharma, 28it&kkonen et
al., 2013; Faccio et al., 2014; Susto et al.,42(Haroun,
2015; Susto et al., 2015; Wu et al., 2015; Wang, 2016; C
and Kezunovic, 2016; Bumblauskas et al., 2017; Li e

and Optimization

2017; Si et al., 2017
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In the papers investigated, the decision making algorithms are based on the-follo

ing categories of méiods:

T

k-out-of-n structurerefers to a ccomponents system that works if at least k
of the n components work, or fail if at least k of the n components fail.
DempsterShaferis a mathematical theory of evidence that allows combining
evidence from different sources and represents them by a reliability function.
Genetic Algorithmsare metaheuristic algorithms inspired by the process of
natural selection. Genetic algorithms acemmonly used to generate high
quality solutions to optimization, mulbbjective optimization and search
problems by relying on bimspired operators such as mutation, crossover
and selection.

Simulated annealings a probabilistic technique for approxating the global
optimum of a given function. Specifically, it is a metaheuristic to approximate
global optimization in a large search space. It is often used when the search
space is discrete.

Probabilistic relational modelis a representation language rfestatistical
models that combine a frambased logical representation with probabilistic
semantics such as Bayesian networks.

Markovian processes(Markov chains, Markov Decision Process, Semi
Markov Decision Process, Partially Observable Markov Decigiged) is a
stochastic process with discrete states in which the probability distribution of
the next state depends only on the current state and not on the sequence of
events that preceded.

Casebased Reasonings a technique that seeks to solve new pibs by
adapting solutions used to solve previous problems.

Logical Analysis of Datia a data analysis methodology that integrates Boo
ean functions and optimization concepts.

Probabilistic Safety Assessmelid a technique for numerically quantifying
riskmeasures.

Fuzzy Logic and Inferenegthe actual process of mapping from a given input

to an output using fuzzy logic.
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Collaborative Planningenables the management of information and
knowledge to support maintenance decision making.

Rulebased Systemsge.g. EventConditiorAction rules) are an approach that
incorporates the domain knowledge in an expert system. It may incorporate
probabilities or fuzzy sets.

Mathematical Programming/ Optimization(Linear, NoHdinear, Stochastic
Dynamic, Mixed Integer @mization) aims to deal with optimization ptp
lems formulated in a respective objective function.

Multi -objective Optimization deals with mathematical optimization pie
lems involving more than one objective function to be optimized simaftan
ously.

Regres®n Analysisis a set of statistical processes for estimating tha-el
tionships among variables. It includes many techniques for modellingand a
alyzing several variables, when the focus is on the relationship between a d
pendent variable and one or moredependent variables.

Cost Risk Analysigvolves the tradeoff between the cost risk of a failure
and the cost risk of a maintenance action and is usually based on the fpredic
ed reliability distribution.

Proportional Hazards Modelare a class of survivalodels in statistics. $u
vival models relate the time that passes before some event occurs to one or
more covariates that may be associated with that quantity of time. Inca pr
portional hazards model, the unique effect of a unit increase in a covariate is
multiplicative with respect to the hazard rate.

Bayesian Networkds a probabilistic graphical model (a type of statistical
model) that represents a set of variables and their conditional dependencies
via a directed acyclic graph.

Statistical Process Comtl is a method of quality control which employsast
tistical methods to monitor and control a process. This helps ensure e pr
cess operates efficiently, producing more specificattonforming product

with less waste (rework or scrap).
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i Collaborative Filering is a method originated from recommended systems
aiming to enable decision making in order to support the user based on the
identified requirements.

1 Atrtificial Neural Networksare systems that learn (i.e. progressively improve
performance on) tasks bygonsidering examples, generally without task

specific programming.

2.3.3.3 Discussion and Limitations

Despite the high amount of works regarding decision making algorithms for
predictive maintenance, there are still several aspects that concern both industry
and academia. The literature review reveals a large gap between acadegmic a
proaches and industrial applicationse$pite the high amount of related research
works in literature, there are not many research and industrial platforms incotpora
ing decision makinglgorithms. It seems that is difficult for manufacturing congp
nies to deploy and adapt the decision making algorithms existing in literature to their
own specific business context, data types and proprietary modelsthis end, the
need for shifting fom theoreticallybased research to applidoased research has

been outlined (Ruschel et al., 2017).

From the literature review, it seems that predictive maintenance capabilities
have not been sufficiently examined in the context of Industry 4.0 and haytdeh-
nologies. By means of a collaborative environment, pertinent knowledge and-intell
gence become available at the right place and time, in order to facilitate reaching the
best maintenance decisions. However, the formalization of knowledge, informatio
as well as preferences of the decision maker added to the high amount of data ge
erated by sensing equipment concerns both academia and industry (Ruschel et al.,
2017). This fact reveals that there are still difficulties in handling and analysing this

multitude of data in an efficient and meaningful way.

Consequently, manufacturing companies are still reluctant to adopt novel
technologies and information systems to a large extent for improving their @aint
nance operations. This fact has led technologyvters to narrow their devejo-

ment efforts to realtime condition monitoring software or, less often, to diagnostic
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and prognostic algorithms for specific use cases. In this way, they do not provide full
exploitation of the large amounts of data generatby sensors in the direction of
developing algorithms, methods and techniques for (near)-tiea¢ decision mk-

ing.

Although there are lots of research works regarding decision makirg alg
rithms for predictive maintenance, they are usually limitedsfecific problems, at
mains and industries requiringaintenance Planning and Schedulirzand are appt
cable under several assumptiorSonsequently, their applicability in real industrial

environments is limited, while they cannot be transferred to a dédférproduction

process with similar challenges in a straightforward way.

A large amount of works deals with optimization of inspection intervals a
cording to the actual reliability of the equipment. In this way, the aim is to conduct
Reliability- and Degadation- based Decision Makindor the definition of the m-
spection intervals. Although this is useful information, it does not exploit theaavalil
bility of historical and realime data and the information that can be extracted in
order to recommend spedd actions that should be applied by the engineers and the

operators in order to significantly facilitatdaintenance Planning and Scheduling

Moreover, rarely theReliability- and Degradation based Decision Making
algorithms take into account redilme prognostic information (e.g. prediction about
a future failure) for generating (near) re@ine recommendations. There is a loose
integration between predictive analytics and decision making algorithms. Time co
mon practice is to utilize the current levef degradation that is derived from the
analysis of the indicators measured by sensors along with expert knowledge.iin add
tion, they rely on processing of batches of data at specific sampling times. To this
end, there is the need for scalable and efficiénéar) realtime decision makingla
gorithms. This aspect has both a technological (use of appropriate technologies, e.g.
for streaming data) and a functional (use of appropriate decision models, e.g- recu

sive and computationally efficient) perspective.

Moreover, several decision making algorithms for predictive maintenance are

based upon modebased prognostic algorithms instead of dabaven. Therefore,
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the associated decision making algorithms are mainly knowldged due to the

lack of data analytg exploitation. The stochastic nature of the degradation process
makes decision making for predictive maintenance highly uncertain and complex.
For this reason, a large amount of existing decision making algorithms utilizesimul
tion models or iterative dation procedures. Only the simple models get usuatly i
volved with exact solutions (e.g. single machine). Moreover, sometimes simulation is
combined with more advanced optimization techniques (e.g. genetic algorithms,
simulated annealing) in order to dexase the computational effort and provide

more reliable results.

There is a gap in literature regarding generic decision models representing
the decision making process instead of the physical process. Moreover, there is a gap
regarding the use of probalstic methods in a streaming context with the aim to
tackle with uncertainty. However, there is a clear trend in literature, currently mainly
at a conceptual level, towards less human intervention in decision makingmy co
ducting advanced analytics for bitata with selflearning capabilities by observing
the largest number of data and information extracted directly from the machinery, in

relation to the information based on the expert judgment.

Several algorithms aim to reduce maintenance costs usiaiptenance Cost
and Risk Estimation and Optimizatiospproaches, however without taking intec-a
count other parameters such as the availability of the equipment, the total cost of
production, the available inventory of maintenance spare parts, the transportatio
costs, the quality defects, the safety of operations, étcthis way, it is possible to
achieve the costs reduction in the maintenance actions, but negatively impacting on
other objectives. This fact has led to the emergencéaint Optimizationapproach-
es aiming to improve the overall business performance or at least optimize certain
objectives apart from maintenance cost&or example, the downtime of the system
might be influenced by logistical delays and a reduction in inventory cost can have an

indirect benefit to predictive maintenance operations.

More sophisticated decision making algorithms have also been developed in
order to represent the actual manufacturing systems, Malti-State and Multt

Component Systems Optimizatiomhese research works are far less than the ones
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regarding single component systems; however, the decision making algorithms for
singlecomponent systems cannot be properly applied to motimponent systems.
Multi-component systems aim to consider varsowcategories of dependencies
among componentg-However,the fact that they are specific to the equipment or to
the manufacturing process as well @#ir increased complexity peschallenges in

their implementation in the context of a sensdriven manufaturing environment.

The majority of theMaintenance Planning and Scheduling, Joint Optiaiiz
tion andMaintenance Cost and Risk Estimation and Optimizatadgorithms rely on
the assumption of perfect maintenance or replacement, without considering various
degrees of maintenance, e.g. recommending maintenance actions with different cost

functions and impacts on equipment lifetime.

In the dynamic, sensairiven manufacturing environment of Industry 4.0, a
problem tting normally changes rapidlyrhis is a crial step towards reliability of
information, since an increase in reliability of these algorithms also leads to more
accurate recommendations for maintenance actions. Although feedback amech
nisms for continuous improvement and learning of the diagnostid prognostic
algorithms have been well perceived by academia and industgghanisms for
tracking the suggested recommendations and for continuously improve the decision
algorithms is an underexplored area. Currently, machine learning methods fot-upda

ing the decision models have not been widely investigated in literature.
2.3.4 E-maintenance

E-maintenance has been increasingly used in many organizations in recent years,
particularly in the USA and Europe not only because it reduces business risks, but
alsoasavaluel RRAYy 3 LINRPOSaa Ay (2RI &Qa (AA-YLISGHA G A
maged, 201% Information and Communication Technologies (ICTs) are tramsfor
ing the way systems are maintained, they provide the support to generate mere sy
tems behaviour knowledgy and to introduce new tools and processes for a more
proactive maintenancdGuillen et al., 2016)This maintenance support, has been
defined as EMaintenance(Muller et al.,, 2008y dal AY G Syl yOSh- & dzLJLJ2 NJi
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cludes the resources, services and managenmatessary to enable proactive dec

sion process execution. This support includeeahnologies (i.e. ICT, Webased,

tether-free, wireless, infotronics technologies) but alsemaintenance activities

(operations or processes) such asnenitoring, ediagnosis, e IN2 3y 2aiaz Si0od
maintenance provides a new working context extending the service maintenance to

a knowledgedriven organization, where the information flows integrating diverse

processes (especially those related with monitoring and CBM)yliedige providers

(technicians of the service provider, machinery builder/engineers/ technicians, and
operators on field), and expert/decision support systems (intelligent systems). This

includes the intelligent maintenance systems concgfapindola et al.2013; Guillen

et al., 2016)

E-maintenance refers to the convergence of emerging information and cemm
nication technologies withinformation systemswhich take into account theer
sources, services and management to enable decision making in a proaetywe
(Muller et al, 2008a). Bhaintenance has become important in the last years due to
the emergence of technologies which are able to optimize maintenaelkeed
workflows and the integration of business performance, which enable openness and
interoperaton of emaintenance with other components ofenterprise (lung et al.,
2009). This support does not include only technologies, but also operations and pr
cesses related to maintenance such as condition monitoring, diagnostics, [gogno
tics, etc. (Muller gal., 2008a; Muller et al., 2008b; Irigaray et al., 2009; Levrat and
lung, 2007). #naintenance is considered not only in production and operatiog-sta
es but also as an integral part tfe whole lifecycle managemer{frakata etal.,
2004; lung et al., 2).

Despite the potential applications ofreaintenance, a number of issues need to
be considered to successfully implementaintenance system in various contexts
(Aboelmaged, 2015). Thoughneaintenance research has grown rapidly over the
past decadethere has been lack of emphasis on developing conceptual frameworks
that integrate fragmented key themes withinreaintenance research stream. In the
same vein, KajktMattsson et al. (2011) indicated thatreaintenance research is still

immature and suffes from lack of common definitions, lack of sound and widely a
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cepted underlying theories, vague usage scope, and lack of commonly defimed co
ponents inherent in the enaintenance. Although literature on-maintenance has
debated the concept from variousewis with little consensus, careful content ayal

sis of emaintenance definitions reveal two key perspectives; managerial ané eng
neering. The managerial perspective focusemantenance as a strategy (e.g.
Hausladen and Bechheim, 2004; Lee et al., 2086rak etal., 2008; Muller et al.,
2008Db or a set of supporting activities and processes such as monitoring, diagnosis,
and prognosis of redlme system health data (e.g. Candell et al., 2009; Ucar and
Qiu, 2005). Alternatively, engineering perspectivephasizes the role of infe
mation and communication technologies such as intelligent sensors, channeis, sof
ware solutions, and -eollaboration methods that configure-maintenance system
(e.g. Han and Yang, 2006, Bangemann et al., 2006; Tao et al, P26108dis et al.,
2012.

Consequently common characteristics of-maintenance approach can bersy

thesized as followgAboelmaged, 2015)

1 e-maintenance is a strategy

1 e-maintenance supports decision makingdifferent organizational levels

1 e-maintenance hs great opportunities for cosdffective decisions to be
made

1 e-maintenance integrates maintenance principles withbuesiness or €
technologiesapplications (e.g. telecommunications, web services, mobile,
wireless and portable devices, and other meafelectronic collaboration)

1 e-maintenance monitors and manages systeand assets over the internet

1 e-maintenance integrates production amdaintenance operations systems

1 e-maintenance collects feedback from remote customer sites and integrates
it to upper level enterprise applications

1 e-maintenance generates dynamic and rale maintenance information

that enables knowledge application forsets and production systems

74



Literature Review

1 e-maintenance includes scientific approaches and methodologies tha-pro
y2aAa adlbding ana incredases its productivity for better comipet

tiveness.

To deal with the challenges arising out of high volume of data generatedaby m
chines in Industry 4.0 scenario, big data and advanced tools are developethand i
plemented so that data cabhe systematically processed into information and facil
tate decisioamaking with more information in real timédowever, the design of-e

maintenance solutions remains a task with several challenges:

1 Organizational ChallengesThese challenges mainly focas enterprise
resource management related aspects like (1) organizations restructuring
for those involved in maintenance, (2) resource planning (e.g. spare patrt,
material, etc.), (3) information management, (4) management of fweter
geneous organizations arfl) knowledge management.

1 Architectural ChallengesChallenges dealing with the issues of the &rch
tecture of eMaintenance solutions, like (1) developing framework for
eMaintenance development, (2) developing models for distributed- pr
cessing and analysif data, (3) service model developmentfor distribu
ed data analysis, (4) developing prognostic #oased models, (5) model
development for visualization of relevant data that supports interaction
between human and machine, and (6) developing model fgpetised d-
ta storage capability.

1 Infrastructural ChallengesWhen services, according to SOA, are tleve
oped and implemented, infrastructural challenges arise to address to the
issues pertaining to providing necessary tools and technologies required
to meet the service needs and requirements. Some of these challenges
include (1) wired/wireless network infrastructure, (2) service and user a
thentication, (3) mechanism for safety and security, (4) maintainability of
eMaintenance services, (5) availability perhance management and
tracing and tracking mechanism and (6) establishment of documentation

and archiving mechanism.
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1 Content and ContextuaChallengesThere are those challenges that are
connected with the data sourced from eMaintenance services, likes:l
tablishing appropriate ontology through which data from data sources
(e.g. process, product, condition monitoring and business data) aee int
grated smoothly, 2) providing quality assurance mechanism so as to i
crease decisiomaking quality, (3) providg mechanism to establishsu
SND& OdNNByld aAddz Gazy a2 a G2 | RI LW
mechanism to manage uncertainty in data sets, (5) mechanismder d
scribing various context and (6) for pattern recognition.

1 Integration Challenges Coordnation, integration and orchestration of
services and data managed by eMaintenance solution raises integration
challenges like (1) service management, interaction and interactivity, (2)
management of configurations and (3) enablement of integration capabi

ity across a multiplatform and technologies.

Failure of critical assets was rated as the most significant risk to operational pe
formance. This fact has led to an increasing demand for predictive maintenance i
formation systems and technologies for previmgt asset failure, detecting quality
issues, improving operational processes, etc. To this end, several softwarea-comp
nies have developed systems for predictive maintenargtated aspects (e.g. IBM:
Predictive Maintenance, SAP: Predictive Maintenance $envice, Software AG: loT
Predictive Maintenance, BOSCH: Predictive Maintenance, SAS: The Early Warning
Project on Predictive Maintenance). Moreover, several research projects resulted in
e-maintenance prototypes. The development ochmintenance prototypesystems
can be distinguished in two chronological periods which also have differentachara
teristics. The first wave of appearance, development and deployment -of e
maintenance concepts and prototypes in the context of research projects was during
the periad 20032008, see e.g. Watchdog Agent (Djurdjanovic et al., 2003) imthe i
GSNY I GA2Y I € NBE&aSIkNOK LINR2SOi 49Y0SRRSR
6921 k[/ ! 0é€x ¢9[a! tfFOGF2NY OLdzy3dIX wnnoT [ S
Ay G5, b! al ¢9 ¢ PRDTEUBISGRyB&hSkilet dl.,y2003; Bangemann et al.,
2006) in the PROTEUS project. The second wave of emergiagntenance paa-
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digms appeared in 2014 and is still evolving in the context of national andd=U pr
jects (e.g. SUPREME, iMain, RepAIR, MANHBOprUPTIME). The second wave
appeared due to the emerging opportunities of the industrial 10T, big data infrastru
tures and communication devices, but also due to the increasing financial pressures
which have led to a significant demand of eliminatingmtenance costs by optirni

ing business performance.

2.4 Proactive Computing

2.4.1 Proactivity in Information Systems

Most applications currently supported by event processing platforms are reactive
by nature. There have been various research efforts reportegpraactive evernt
driven computing providinggromising results in terms of processes optimization in
the areas of compliance (Thullneret al., 2011), network manager(famtand Xu
2010), task executiorHocheolet al., 2010)traffic managementArtikis etal., 2014;
Wang, and Cao, 2014), healthcare (He et al., 20bg)stics(Feldman et al., 2013)
credit card fraud manageent (Artikis et al., 20149nd industrial maintenance appl
cations(Sejdovicand Kleiner2016). However, they developed conceptual orlaoc
models that are not easily reused for other purpos€se underlying motivation of
proactive computing stems from social and economic factors, and is based on the

fact that prevention is often more effectivban cure.

The term proactive computing was first introduced by Tennenhouse (2000).
However, anticipatory systems can be considered as the origin of proactiveueomp
ting. Rosen in 1985 defined the anticipatory systendds ae& a i Sy O2¢/Ul Ay Ay 3
tive mocel of itself and/or its environment, which allows it to change state atran i
aGryad Ay FOO2NR 6A0K GKS Y2RSt Q@osedNBERA O A :
HAMHO® | f GK2dzZ3K GKS O2yiGSEG&A Ay 6KAOK |jdzSa
are posed aralifferent, they are all alike in their fundamental concern with thekma
ing of policy, and the associated notions of forecasting the future and planning for it

(Louie, 2010 Nadin, 2016). A reactive system can only react, in the present, to
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changes that haw already occurred in the causal chain, while an anticipatosy sy
GSYQa LINBaSyid o0SKIF@GA2N Ay @2t ABoaie, ROAYIS O &

The presence of a predictive model serves precisely to pull the future into #e pr

2 ¥

ASYdT | A@2ERQW NVERSK WWda 0SKI #Sa Ay YIye
the future. Modelo 8 SR 0 SKIF GA2NJ NBIljdzANB& | ya-Sy iANBT

G2NE LI NFRAIYQQS G2 | 002 Y& oksinét replace® ¢ KA &
0KS WWNEBI Oi Ach$Bas diimMater tha studyQof matkirdl syste(hadin,
2016)

According to Tennenhouse, proactive computing describes the evolution away
from interactive computing, i.e., from classical hurr@antered workstation settings
to human(un)supervised pervasiveomputing scenariost Sy yy SK2 dza $Qa & ¢ 2

ples were: getting human above the loop (instead of in the loop) of computing, and

NEBALRYR (2 KdzYly &adGAYdzZ A FlLadSNI GKIy KdzYl

overlaps with the term autonomic computingahemerged later, however it chara
terizes both systems that exhibit reactive behavior, in the sense that they react to
event that already happened; proactive behavior is about dealing with events before
they happenTennenhouse conducted a fundamentalagamination of the bouna-
ry between the physical and virtual worlds; changes in the time constants at which
computation is applied; and movement from humaentered to humarsupervised
(or even unsupervised) computing. He identified three main requiremiemtproac-

tive systems:

1 Getting physical. Proactive systems will be intimately connected to the world
around them, using sensors and actuators to both monitor and shape their
LIK& AAOlIf &Adz2NNRPdzyRAYy3Iaad wSaSl NOKi- Ay 2
ronments.

1 Getting real. Proactive computers will routinely respond to external stimuli at
fasterthan-human speeds. Research in this area must bridge the gap b
tween control theory and computer sciende the form of software and
network-enabled control (e.gcontrol regimens that tolerate statistical vari

tions in component availability and connectivity).
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1 Getting out. Interactive computing deliberately places human beings in the
loop. However, shrinking time constants and sheer numbers demeand r
search into practive modes of operation in which humans are above the

loop.

Want et al. (2003) further discuss proactive computing as well as the differences
to autonomic computing. The aim of proactive computing is unobtrusive systems
that connect to the physical watland require as little human interaction as pess
ble. Further, they should anticipate the user's needs and act on his/ her behalf. The
authors identify seven principles as foundations of proactive systems: connecting
with the physical world, deep networky, macreprocessing, dealing with uncertai
ty, anticipation, closing the control loop, and making systems personal. Despite lea
ing to similar techniques, autonomic computing, in contrast, describes the discipline
of managing the complexity of a heterogayus system through appropriate system
design principlesSalovaaraand Oulasvirta(2004) discuss the general concept of
proactive computing. They suggest that a system can act proactively, if it has a h
pothesis about what its user's goals are. In ortteachieve these goals, the system
makes use of different resources. The authors present a classification of six different
types of proactive resource management in order to become a proactive system:
preparation, optimization, advising, manipulation, ibition, and finalization of s+

er's resources.

Handte et al. (2012) describe proactivity from an adaptation perspective as mod
fications of an application performed before an application can no longer be execu
ed. Vangckelet al. (2013) further includedontext adaptation as a necessity, in-o
der to be able to avoid having to adapt the application itself. As an example, m (Vai
io et al., 2008), the system automatically adjusts the lighting of the environment
based on what it anticipates the users dessehience, it acts on the users behalf.
However, it does so after it notices a change, i.e., in a reactive manner from pn ada
tation standpoint. Hence, proactive can refer to before the user acts, or before the

triggering event happens, respectively. Theimdifference is that in order to act
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before an event takes place, the system must have knowledge of that event and,

hence, requires prediction.

The evolution from responsive to reactive computing was achieved with ¢he d
velopment of models and tools toxpress and execute reactive systems in an easy
way. This major breakthrough turned evethtiven applications pervasive and part of
the mainstream computing Engel et al., 2012) A similar evolution is necessary in
order to enable pervasive use of proa@icomputing. Building on EDA, proactive
eventdriven computing is an evolving paradigm where a decision is neither made
due to explicit requests nor as a response to events, but is triggered byirmresal
predictions about a future predicted event and isade under time constraints by

exploiting large amounts of historical and streaming d&magel et al., 2012)

Proactivity refers to the ability to avoid or eliminate the impact of undesired f
ture events, or to exploit future opportunities, by applyingegdictive models cm-
bined with realtime sensor data and automated decision making technolofias
gel et al., 2012)Consequently, pactivity in terms of information systems is driven
by predictions, leading to toreased situation awareness and decisinaking cap-
bilities ahead of time (Engel et al., 201R).proactive event processing, a proactive
situation deals with the prediction of a future undesired event based on-tneed
data streams and with decision making on the basis of the predicted defate it
occurs. Therefore, proactive event peessing must include the notion of a future
event, the identification of predictive event patterns, and possible courses of actions

(Engel et al., 2012).

The proactivityprinciple extends the reactive onenderlying the Sensing Enter
prise, referred in literature as sensmdresponse (Elwany, and Gebraeel, 2008) or
detectand-act (Tao et al., 2014), to a new model of situational awarer@sssisting
of four phasesDetect, Predict, Decide, ACEngel et al., 2012; RTInsights, 2016).
Detect deals with monitoring the universe; a detection of the current indicators.
Predict utilizes the current indicators in order to forecast that the system is going to
a state outside the admissible state in theture if nothing changes. The Decide

phase results in a rediime decision about the best way to eliminate or mitigate the
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problem and stay within the admissible states. The Act phase has to do witltcthe a

tual implementation of the action.

According to Lodberg (2006), companies that are capable of analyzing their
business operations based on the rapidly growing mass of data, of predicting the
best proceeding process sequence, and proactively controlling their processes based
on this knowledge will be a desive step ahead of their competitors. This kind of
O2YLI ye ai]1SioOKSa (GKS @rarzy 2F | WWt NBRAOI
evolution of reailtime enterprises within the age of data as a crucial competitse a

set.

PWC (2016) introduced the cO'S LJG 2 F G LINBI OGA GBS 2NBFYAT I
on the services offered to customers. According to PwC, a proactive organization
aims to identify and capture digital signals, to identify the right moment to offer se
vices and to identify the right modd sevice delivery. Therefore, proactive organis
tions recognise the critical value of data and are continuously looking for new
sources of data and ways of gaining meaningful insights from it. This data treatment
should be subjected to privacy and confidiatity regulations and should be used for

better decisions.

YNHzYSAOK SG Fft® oHnmcO LINRPLR2ASR GKS 02yC
concluded in an architectural paradigm consisting of five layers: Integration Layer,
dealing with Events, TransactigrBrocess Data and Big Data; Descriptive Analytics
Layer, dealing with HMlemory Data Management and Connectivity; Predictiva-An
lytics Layer, dealing with streaming analytics; Prescriptive Analytics Layer, dealing
with reattime decisions; Adaptation Layedealing with intelligent actions and gpla

tation mechanisms.

{SOSNI &t FILOU2NER Ay (2RlIeQa O2YLlzkAy3a AyTFL
through: (i) the growing availability of affordable and pervasive sensor technology,
(ii) the spreading of broadind connectivity, and (iii) the developments in predictive
analytics techology. The latter highlights a different angle to this process. Analytics
has evolved from being merely descriptive (understanding of historical datag-to b

ing predictive (providingorecasts of future behavior). The next stepprescriptive
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analytics, a term which stands for the use of data to prescribe the best course of a
tion to realize the best outcomérussel, and Norvig, 201&Ve can view the praa

tive idea as the evendriven variation of prescriptive analytics; reactive computing,
coupled with predictive analytics, yields the ability to react to events before they
occur, which is the essence of proactive evdriven computing (Engel, and Etzion,

2011).

Proactive computind 'y Sy Kl yOS GKS 02y OSAJiS y2aFA vy Sy &
9 v (i S Nielsi® ta tBe ability of the enterprise to process information captured by
sensors and to provide added value insights (Camasmatos et al., 2013) by taking
advantage of 0T advances such as advanced sensor fusion, faster wireless gennecti
ity and realtime predictive analytics (Li et al., 201%jhe sensing enterprise incap
NI} GSa NBIFOGADGS o0SKIFIGPA2NEBS LINRPJARASAI RANBOU
tucci et al., 2012)To this end, EDAs are able to close the businES$ gap by deh
ering appopriate business functionality and enabling interconnectivity at an object
level (Potocnik, and Juric, 201#owever, nost applications currently supported by
event processing platforms are reactive by nature. Reactive event processing deals
with detection of situations and reaction to them. A reactive situation is an event

occurrence hat might require a reaction (Engel et al., 2011)

On the contrary, groactiveeventdriven architecture combines advanced event
processing with dynamic forecasting capies leveraged towards online optinais
tion and decisiormaking.The decisions are made in real time and require swift and
immediate processing of Big Data, that is, extremely large amounts of noisy data
flooding in from various locations, as well astdrigal data. The implementation of
proactive evenidriven computing in an enterprise context is showrFigure2-14.
Achieving this vision requires novel researchihiree different directions (Artikis et
al., 2012; Artikis et al., 2014; Fournier et al., 2015):

1 Dealing with large quantities of dataMassive volumes of historical data and
massive streaming data have to be analyzed to forecast events. Most systems
are not capable of handling big data in reahe because of scalability poe

lems, the need to cleanse noisy data offline, or the difficulty in fusingrdiffe
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ent types of data coming from different sources online. The result is that
most analyses are done onflifie data, while online data is not leveraged for
immediate operational decisions.

1 Extending the stateof-the-art in event processing to deal with future
events and uncertainty due to incomplete and noisy streaming dafehe
ability to process past eventand forecast future ones makes proactivessy
tems a compelling application area. But, the uncertain nature of future
events requires a major leap in event processing systems.

1 Devising methods for making neaptimal decision within time constraints
The deision about which is the best action to take in proactive computing
has two properties that differ from most contemporary decision suppost sy
tems: (1) the decision should be taken-lbome and under reatime ca-
straints, which may dictate the use of apgimation technigques and (2) The
decision often entails autonomic actions, rather than providing only meco

mendations for human decision makers.

)

Enhanced Real
Event- e Actuators
Processli Consumers
mgm"g Making
Event
Producers

Physical System

Figure2-14: Implementation of proactive eventriven compuing in an enterprise context (RTInsights, 2016)
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2.4.2 Event Processing

Ly GKS 02y i SE intergrise, physiBal and \Briyial degsmg devices
such as sensors, actuators and controllers are able to observe changes in terms of
the systems examined antheir condition and to generate data in the form of
events, which are then further processed by an appropriate information system (Da
Xu et al.,, 2014). In addition, wedervice communication technologies can be e
ploited in order to effectively integrateemsors into a multlayered reaktime big
data architecture.To do this, the EDA paradigm is appropriate for closing the ICT

business gap

In recent years, there are several attempts of coupling event processing arch
tecttures with proactive computing foovercoming challenges of efficiency and
scalability.loT aims to connect different things over the networks. As a key tdehno
ogy in integrating heterogeneous systems or devi&erviceOriented Architecture
(SOA can be applied to support 10T. The archiiral design of 10T is concerned
with architecture styles, networking and communication, smart objects, Web se
vices and applications, business models and corresponding process, cooperative data
processing, security, etc. (Da Xu, et al., 2014). Frometienblogy perspective, the
design of an loT architecture needs to consider extensibility, scalability, modularity,

and interoperability among heterogeneous devices.

As things might move aneed realtime interaction with their environment, an
adaptive arbitecture is needed to help devices dynamically interact with other
things. The decentralized and heterogeneous nature of I0T requires that the arch
tecture provides IoT efficient evemtriven capability. Thus, SOA is considesad-
fective approach to abieve interoperability between heterogeneous devices in a
multitude of way (Xu, 2011; Miorandi, et al., 2012; Da Xu, et al., 2014). Depign
SOA for 10T is a big challenge, in which seivased things might suffer from pe
formance and cost limitationdn addition, scalability issues often arise as more and
more physical objects are connected to the network. When the number of things is

large, scalability is problematic at different levels including data transfer atd ne
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working, data processing and magement, and service provisioning (Miorandi et al.,

2012).

2.4.2.1 ServiceOriented Architecture (SOA) and EventDriven Architecture
EDA

In recent years ther&as been much use of the terms Evé@riven Achitecture
(EDA) andBOA SOA is a distributed softwarechitecture where seftontained #-
plications expose themselves as services, which other applications can connect to
and use. To reach its full potential, SOA applications should belesifibing, di-
coverable, and platformand languagendependent(Pamzoglou, 2008)This leads
to loose coupling and high flexibility. The adoption of SOA in a company typically
starts as an IT initiative to improve infrastructure efficiency and can then mature into
optimised use for business purposes. One of the most commays to implement
SOAs are web servicéBe Prado et al., 2017Web services are sealescriptive
software modules which can be accessed through a net and which develop a task

facilitating machine to machine interopdsdity (Papazoglou, 2008)

REST @b services emerged as an alternative to more traditional SOAP web se
vices. REST is an architectural style for distributed hypermedia systems winere se
vices provide resources idengfi by URL§ielding,and Taylor,2000) Communia-
tions between REST s@es and their clients take place using HTTP main operations,
mainly GET, POST, PUT and DELETE. With the growth of service components and
processes in service oriented applications, a new service infrastructure is required
for maintaining applications ia flexible way. This infrastructure must support well
known web service standards and provide support for a message midigwa-
pazoglou, 2008)These requirements are ful lled by an ESB. An ESB provides services
to complex architecture through a messagg system supplying interoperability
among diverse applications and components through standard interfaces; that a

lows applications to be offered as services in the @&&BPrado et al., 2017)

Eventbased programming, also call&DAis an architectural style in which one

or more components in a software system execute in response to receiving one or
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more event notificationgEtzion et al 2011). An event is an indication of something
that has already happened, whereas a requestN¥pa 3 S& G KS NBIj dzSa i 2 NI
something specific should happen in the futufleuckham, 2002)In a decoupled
event processing system, an event producer does not depend on a particalar pr
cessing or course of action being taken by an event cons\Eteon et al., 2011)
Moreover, an event consumer does not depend on processing performed by the
producer other than the production of the event itself. In a decoupled system there
can be more than one consumer of an event, and the action taken can vary-signif
cantly among consumer&tzion et al., 2011)t can also vary during the lifetime of
the application. As an event producer does not know what an event consume is g
ing to do with an event, or even how many consumers there are, it usually does not
make €nse for the event producer to expect a response to its ev@atsion et al.,

2011)

SOA and EDA were considered to be different architectutlesvever there is a
consensus during the last years. In this way, they are not considered to indleate
ternative architecturesbut it is possibleto use event processing within an overall
SOAIn other words EDA can complement SOA because services can be activated by
triggers fired on incoming eventsuckham, 2012)or this reason, there have been
several attenpts for the development of SOA 2.0 (also called advanced SOA or

eventdriven SOAfhat focuses on events, inspired BfpA(De Prado et al., 2017)

Even though SOA conceptually offers loose coupling and is intended tes-be di
tributed, service orchestratiorsitypically done centrally, with the orchestratorkta
ing control of the involved services. EDA is extremely loosely coupled and highly di
tributed by design. An event creator only needs to know that the event occurred, it
does not need to know anything abbwho is interested in the event or how it will
be processedEngel et al., 2011With EDA, applications turn from synchronised and
blocking to asynchronous and ndmocking(Engel et al., 2011)

In fact the term evendriven SOA is now used by some gstd and vendors to
denote the combination of EDA and SOA. An ebased programming approach

can be mixed with requestesponse components in a SOA in two wéys Prado et
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al., 2017) (i) It is possible for a component to implement both approachesother
words, it can provide or consume a requessponse interface and also be an event
producer or event consumer. (i) The SOA infrastructure that hosts the SOAo€comp
nents can provide instrumentation that produces events on behalf of request

response stle services.

2.4.2.2 Main concepts of event processing

EDAsand conceptual models that support them have evolved in the last several
years, departing from the traditional computing architectures which emplay sy
chronous, requestesponse interactions between diitand servers. This is a par
digm shift in two sensefEngel et al., 2012jirst, event driven architectures support
applications that are reactive in nature, in which processing is triggered in response
to events, contrary to traditional responsive amaltions, in which processing is done
in response to an explicit request. Second, event driven architecture adhere to the
decoupling principle, in which there are event producers, event consumers and
event processing agents that are mutually independéingure2-15 shows an ills-
tration of such architectureshowing the logical separation of event processing logic

from the event producers and event consuméEeszion and Niblett 2010)

Event producers Intermediary processing Event consumers

Systems  Applications Data stores  Applications
- > —
) S “ Dashboards - &
Sensors E # Actuators
: @ =3
Business processes Business processes

Figure2-15: The major architectural components @vent processing architecturéEtzion, and Niblett, 2010)

An EDA consists of event producers and event consumers, while it alsoancorp
rates event processing agerdasd an event processing netwo(ktzion, and Niblett,
2010) Anevent produceris an entity at the edge of an event processing system that

introduces events into the systerAn event consumeris an entity at the edge of an
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event processing system that ges events from the systemAn event processing
agentis a software module that processes evemg event processing network
(EPN)is a collection of event processing agents, producers, coess, and global
state elementonnected by a collection of channefs example showing the event

processing components is depictedrigure2-16.

Event >
P R T
Y. B

1 Event
consumer

Event
consumer

ent | > Event
producer 2 consumer 3

Figure2-16: An example of an Event Processing Network (EREfgzion, and Niblett, 2010)

Anevent stream(or stream) is a set of associated events. It is often a temporally
totally ordered set (that is to say, there is a weadlfined timestampbased orér to
the events in the stream). A stream in which all the events must be of the same type
is called a homogeneous event stream; a stream in which the events may bie of di
ferent types is referred to as a heterogeneous event stream. Streams can be a co
venient way to think of and model an event processing application. Some event pr
cessing systems make the stream their major abstraction. It can be more natural to
think of an event processing agent as operating on an entire stream of events, rather

than as oprating on each event one by one.

An event processing building block represents an event processing concept and is
used to create platformindependent definition elements, which are implementation
neutral instances of this building blo¢ktzion, and Niblke, 2010) For example, we
can use the event type building block to create implementateutral represena-

tions of the event types needed by an application such as the Delivery Request event
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type used in the Fast Flower Delivery application. Each agiplices made up of a
collection of these definition elements, customized to perform a particular role and
connected together to form an event processing network. When the application is
implemented, these platformmndependent definition elements have to lenslated

into one or more platformrspecific runtime artifacts, using platforspecific tools.

Any eventdriven application will involve one or more different types of events
and, as its name suggests, the event type building block allows us to detwrédse
types (Etzion, and Niblett, 2010)This building block defines the structure of an
event (this is sometimes called an event schema) along with some of its semantics.
The event producer and event consumer building blocks are used to represent the
conepts of the same name. The event producer represents an application entity
that emits events into the EPN, and the event consumer an application entity that
receives them. These building blocks model only those bits of the behavior of the
event producer orconsumer that are visible to other components of an everd-pr
cessing network. So the event producer building block does not specify how an event
producerinstance actually comes to emit an event, and the event consumer building
block does not specify whan event consumer instance does when it consumes an
event. The event producer or event consumer definition element can represent e
ther a single producer or consumer instance, or a whole class of such instances. In
some applications there might be just @instance of the producer (for example, if
the producer is a firewall router raising alert events); in other cases there might be
many instances (for example, smoke detectors in a building). Where there are many
instances it would be tedious to requireay one to be represented by a separate

definition element.

The event processing agent building block represents a piece of intermediary
event processing logic inserted between event producers and event consumers. In
contrast to the event producer and everonsumer, the event processing agent
building block models the behavior of the agents built fronjEtzion, and Niblett,
2010) EPAs are further refined into types, as showFRigure2-17.
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event consumers. Apart from the five building blocks already introduced, there are
two further building block¢Etzion, and Niblett, 2010)he context building block and
the global state element building block. A context element collects a set oficond
tions from various dimensions (temporal, spatial, segmentatidented, and state
oriented), giving us a way tategorize event instances so that they can be routed to
appropriate agent instances. For example, you can use a segmentatented con-
text to make sure that events relating to different customers are handled byrdiffe
ent event processing agent instarsceA global state element refers to data that is
available for use both by event processing agents and by contexts. This data may be
systemwide global variables, reference data used to enrich events, and event stores
that hold past events. The seven fumdantal building blocks of event processing are

shown inFigure2-18.

Event Processing Agent
£

[ I ) ]
1|

Filter | | Transformation :Pattem detect
] |

A
A

| | |
1
lTranslate1 lAggregaleH Split ‘ Compose
A

£y
|

‘ Enrich | | Project |
Figure2-17: Event Processing Agent Typ@tzim, and Niblett, 2010)

It is not surprising that there is a pressing need for t@ak recognition of
events in the multitude of data that is being recorded and processed. This eequir
ment may be addressed by employing recognition systems that detectisiisaor
events of special significance within an organization, given streams ofel@V n-
formation that are very difficult to be utilized by humans. The vast majorityoef t
day's event processing systems focus on the efficiency of reasoning algorithms

However, these don't take into account the various types of uncertainty that exist in
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most applications (Engel et al., 2012% big data applications, many of the emerging

event processing systems are required to process events that arrive from sources
such as sensors and social media, which have inherent uncertainties associated with
them. In these cases, the streams of events may be incomplete or inaccurate, for

example, regarding the time and location of events.

Event
channel

Event Event Event
producer type consumer

/
/

Event processing agent

_»| Context

™

| Global
|
state

Figure2-18: The fundamental builthg blocks of event processing@tzion, and Niblett, 2010)
2.5 Synthesis of Literature Review

The emergence of the Internet of Things (IoT) has paved the way for enhancing
the monitoring capabilities of darprises with the extensive use of physical and vi
tual sensors. Taking advantage of the big data generated from a large amount of
sensors requires the development of event monitoring and data processing systems
that are able to handle redlme data in omplex, dynamic environments in order to
get meaningful insights about bugiss performance and increase data analytiés m
turity. The EDA paradigm strongly contributes to the development of monitoring and
control archiecture, erabling interconnectivity aain object leel, and consequently

impacting emaintenance platforms (Karim, 2009).

To this endproactve eventdriven computingleads to the possibility to decide
and act ahead of time, i.e., to be proactive in resolving problems before they appear

or realizing opportunities before they become evident and be ableewover and
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(Engel et al., 2012Yhe need for a business turning from reactive to proactiva-is i
creasing.Proactive enterprise leads to increased situation awareness capabilities
ahead of time. This leado a new class of enterprise systenmpactive systems,
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even during stress and balancing on demanding marg@ins.manufacturing domain,
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Maintenance operations are a major part of the total operating costsdiSsu
show that approximately 8@ of all the manufacturing equipment fails prematurely
after the implementation of corrective maintenance actions (Karim et al., 2009). |
sufficient maintenance management can result in equipment deterioration and-qua
ity defects which correspond to financial losses due to delays, customer complaints,

and purchasing of new equipment spare parts (Ollila and Malmipuro, 1999).

Since manufacturergicreasingly see maintenance as a strategic business fun
tion for maintenance costs, downtime reduction and asset lifecycle increase, it is no
longer viewed as a "necessary evil". Manufacturers now have more alternatives than
ever to employ a costly "runntil it breaks" maintenance strategy, or an inefficient
"fix it regardless" maintenance approacho this endPredictive Maintenance has
been emerging during the last years in conjunction with the use eb&skEd cond
tion monitoring technology and datanalytics capabilities. Predictive maintenance is
an evolving maintenance strategy that is increasingly gathering the interest ¢f mo
ern manufacturing companies. Various predictive maintenance frameworks have
been proposed in both the industrial and academealms. Based on the existing
frameworks, predictive maintenance consists of four main steps: Signal Processing,

Diagnosis, Prognosis, Decision Making.

Moreover, $nce automation over available predictive maintenance services is
crucial to build manufaaring valuedriven solutions (Macchi et al., 2014; Camari

haal 624 SG Ff®X wnmoT ! 62St YI In®RtBnaneen mp T
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paradigmhas become important in the last years due to the emergence of technol
gies which are able to optimize m&enancerelated workflows and the integration

of business performance, which enable openness and interoperation -of e
maintenance with other components of-enterprise (lung et al., 2009)E
maintenance facilitates a higher degree of proactiveypporting greater control
and capacity to act on the systems, including efficiency and effectiveness ofemaint
nance plans monitoring (Muller et al., 2008; Guillen et al., 2016). This fact leads to
GKS ySSR 2F |R2LIAYy3 aY2 NBanceIxBragementd S
(Gullen et al., 2016)Although etechnologies provide several advantages, optaniz
tion of emaintenance benefits with the aim to improve the production system pe
formance requires not only technology, but also appropriate models, metlandis
methodologiegMuller et al., 2008b; Irigaray et al., 2009).

The future factory wiltake advantage ofew capabilities anavill enablethe re-
alization of sophisticated approaches based on the collaboration of devices, network
services within the sigjle enterprise and among enterpriséSannata et al., 2010)
This is a key issue espelyidior the maintenance; howevetywo main challenges
should be overcome(Cannata et al., 2010)(i) Interoperability: several €
maintenance platforms are based on progetary technologieswhich implies higher
costs and slow market adoption, since implemendatcosts and time are required;

(i) Salability and flexibility: due to rapidly changing market and tegomg trend
towardsflexible and adaptive factorieshere is a need for scalable platforms in o

der to effectively supporthe changing conditions

Qurrently, there is still a lack of services and tools capable of efficienty pr
cessing realime big data from heterogeneous sources, implementing complex-alg
rithms and provide meaningful insights about potential problems along withna co
tinuous selfimprovement approach (CamariniMatos et al., 2013)The capabilities
of proactive evendriven decision making have not been examined in manufacturing
operations,due to several challenges associated to large scale, bigdistan en-
terprise environments as well as due to the lack of appropriate algoritiaoseo-
ver, there is a large gap for the effective implementation of predictive maintenance

programs extensivglin industry, mainly due to the complexity of these solutions
93
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and their life cycle and thus, due to the challenges in their practical implementation

(Guillen et al., 2016).

Existing solutions suffer from several limitations: (i) Most of them focus od-pro
uct maintenance, i.e. on the service stage of the Product Lifecycle Management
(PLM) (e.g. warranty failures) and not on industrial maintenance, i.e. on the&iman
facturing stage of the PLM; (ii) They are mainly based upon physical, depeific
models hat are not easily extensible for other equipment or for other industries; (iii)
They rarely exploit big data processing infrastructures for-tiea¢, sensor data,
since they usually use batches of data, while the level of data analytics maturity is
usualy low; (iv) Each one of them focuses on a specific aspect (e.g. conditian mon
toring, diagnostics, etc.) instead of having a unified approach for covering all the

phases and industrial operatiomslated aspects.

94



3 Towards Proactive Main tenance

Management

In this Chapter, the research questions are formulated and the thesis is presen
ed. More specifically, the research questions along with their constituting param

ters are described and an outline of the proposed solutiqresented.

3.1 Introduction

Maintenance strategies have been evolving throughout the years towards more
efficient ones by taking advantage of the development of technologies and- info
mation systemsFigure3-1 shows the evolution maintenance strategies which lead
to a higher positive impact on business performance, but also to a higher demand

for increasing data analytics maturity.

~
>

Predictive
Maintenance

Preventive

Maintenance
Proactive

Maintenance

Data Analytics Maturity

Condition-Based
Maintenance

Breakdown
Maintenance

y

Impact
Figure3-1: The evolution of maintenance strategies

Proactive Maintenancewhich is the proposal of the current thesis, incorporates
condition monitoring equipment, sensors and actuators generating huge amounts of
reaktime data. This lobased enironment requires scalable and efficient methods,

algorithms and systems for big data processing. It also takes advantage of the e
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maintenance concept in order to enable proactive decision process execution with
appropriate decision models and algorithnhs.this way, there is an increased level
of data analytics maturity, since they result in specific recommendations for ezaint
nance optimization. In addition, the methods and algorithms used in Proactive
Maintenance information systems can take into accoaoiiiter manufacturing opea-

tions as well in order to result in an optimized business performance.

3.2 Research Questions

This Section presents the four research questions of the current thHesisde3-1

outlines these research questions and their constituting parameters.

Table3-1: Research Questions and their Parameters

Research Question Parameters

What is the next gener
tion of maintenance in af
loT-based industrial eriv
ronment?

fTHow to support a novel lever of maintenance managem
in an loThased industrial environment?

fTHow to develop a generic maintenance framework tak
into account the most recent advancements in inta-
nance management and computer science?

ffWhat new aspects should be investigated in order ta-€
0fS GKS I F2NBYSYyiA2ySR TN

How to support proactive
decision  making ir
maintenance operations’

9 How to support reatime, eventdriven proactive decisiol
making inmaintenanceoperations?

9 What are the interactions of maintenance managems
with other industrial operations?

9 What decision methods and technice¢quirements are
needed

How to conductcontinu-
ous improvement of -
active decision making?

9 How to improve the accuracy of the castlated input @a-
rameters of the decision methods and thus, the reliabi
of the generated recommendations themselvas an
eventdriven infrastructur®

9 How to provide meaningful visualization and rdahe
monitoring of the actual cost performance?

How to incorporate co-
text-awareness in praz
tive decision making ani
actions implementation?

How to consider operationselated context in mairg-
nance optimization?

9 How to consider contexaware costs under uncertainty i
a realtime, eventdriven computational environment?
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3.2.1 Research Question 1: What is the next generation of maintenance in

an loT-based industrial environment ?

Existingmodern maintenancesolutions suffer from several limitations: (i) Most
of them focus on product maintenance, i.e. on the service stage of the Product
Lifecycle Management (PLM) (e.g. warranty failures) and not on industrial @naint
nance, i.e. on the manufacturing stage oetRLM; (ii) They are mainly based upon
physical, domairspecific models that are not easily extensible for other equipment
or for other industries; (iii) They rarely exploit big data processing infrastructures for
reaktime, sensor data, since they usuallge batches of data, while the level of data
analytics maturity is usually low; (iv) Each one of theou$ées on a specific aspect of
maintenance(e.g. condition monitoring, diagnostics, etc.) instead of having a unified
approach for covering all the phes and industrial operationslated apects (v)
They havebeen described at an abstraconceptual leveivith no practical applia-
tions as a result of the high complexity of maintenance solutions; (vi) They have not
been validated in an industrial envifoY Sy &4 | a | NBadzZ & 2F YI ydzFl

reludancy oraversion to change.

To this end, the current thesis aims to explicitly define the next generation of
maintenance managenm¢ by converging and synthesizipgedictive maintenance,
proactive computig, Industry 4.0, 10T, Big Dasad the 1ISO 13374 as implemented
to MIMOSA OSEBM.For this reason, it will examine its key characteristics,athe
vancements in technologies and information systems enginedonge exploited
and will conclude to a genericonceptual architecture that can be seen as blueprint
for maintenance applications in a sendniven, big dataich industrial enviro-
ment. Finally, it will identify the most developed aspects of Proactive Maintenance
and will identify the gaps that slid be addressed. The answer to this research
guestion will enable to have a common understanding and will facilitate Proactive

Maintenance implementation in modern manufacturing firms.
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3.2.2 Research Question 2:How to support proactive decision making in

maintenance operations ?

Automation of maintenancedecisions on the basis of re@ine sensordriven
prognostic infomation is an unexplored area. Existing works provide only a dg&agno
tic or a prognostic outpytwhile they rely on processing of batches of datad nd
on reattime, eventdriven irformation. In addition, several r@arch works in praa
tive computing have only been described conceptually and have not been embedded
in a realtime, eventdriven environment.The convergencef maintenance ma-
agementand proactive eventlriven computing in the frame of Industry 4.0 cag-si

nificantly enable overcoming the aforementioned challenges.

Following RQ1, the current thesis aims to fulfil the research gaps existing at the
5SOARS LKI &S PradictDécikes GiiséS GLSNR(GF OG A A (& LINRA Yy OA L
of maintenance decisions in conjunction with other interrelated operationali-dec
sions.The Decide phase is still an unexplored area in terms of methods, models and
technologies Consequently, the current #sis aims to investigate and developpr
active decision methods capable of addressing maintenaelzed aspects in aer
aktime, eventdriven infrastructure in order to provide proactive recommendations
that can lead to expected losses minimization angrovement of the overall bus
ness performancelherefore, RQ2 can be analysed to the following questions:

1 How to support reatime, eventdriven proactive decision making in
manufacturing operations such as maintenance, spare parts inventory
and supplier selection?

1 What decision methods and technical specifications are required?

1 What are the interactions ahaintenance management with other indu

trial operations?

3.2.3 Research Question 3:How to conduct continuous improvement of pr o-

active decision making ?

Proactive eventlriven decision making is highly sensitive to its input parameters,

especially to those relad to cost Even slightly different action cost valuesrzo

98



Towards Proactive Maintenance Management

pared to their actuabnesmay lead to the recommendation of a wrong (not optimal)

action and/or timing for its implementation. Since cost related information may be

either estimated by humans or @asured through sensors, these deviations may o

OdzNJ RdzS G2 dzaSNJ Ay LlziQa Ayl OOdzNI} OAnSa 2NJ (K

sor noise), respectively.

To overcome the aforementioned problems associated with the inaccuracy of
manually inserted cdgelated information and the resulting inaccurate rec
ommendationsthere is the need focontinuous learning of cogtarametersby can-
sidering the actual costs incurred because of the action during the time period it is
implemented.Moreover, the user should be able to monitor in réiahe the actual
operational performance in terms of cosfBherefore, RQ®an be analysed to the

following questions:

1 How to improve theaccuracy of theostrelated input parameters of the
decision mehods and thus, theeliability of thegenerated recommenat
tions themselves?

1 How to provide meaningful visualizati@nd realtime monitoringof the

actual cost performance?

3.2.4 Research Question 4:How to incorporate context -awareness in proac-

tive decision making?

The large amount of sensgenerated data leads to a strong demand for data
driven, realtime systems capable of efficiently processing them, in order to get
meaningful insights about potential problems. Proactive decision making requires
contextawareness (Engel et al., 2011); however, the high frequency of thetirneal
events and the high uncertainty pose challenges to the efficient handling of centext

awareness.

Gontext-awareness has been considered in detection (Detect phase) andcpredi
tion (Prelict phase) algorithms (Feng et al., 2009; Wan et al., 2014; Thaduri et al.,
2014; Galar et al., 2015; Schmidt et al., 2016), but not in decision making algorithms

and especially in proactive evedtiven decision methods, where there is uncentai
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ty aboutthe future state of the system examineth this sense, they have focused
on reactive applications rather than proactive on€ansequentlyRQ! can be aa-

lysed to the following questions:

1 How to consider operationgelated context in maintenance optinaz
tion?
1 How to consider contexaware costsunder uncertaintyin a realtime,

eventdriven computational environmefit

3.3 The Thesis

The proposed solution aims to fulfill the identified research gaps and thus-to a
swer to the aforementioned research quest®rhe way with which the current
thesis addresses the research questions are described in the following sed@ens.
ble 3-2 shows the alignment of research questionshwilhe thesis propositions along
with the related publications and chapters (Chaptesg)4f the current thesis. Cpa
ter 8 deals with the development of the associated information system. Chapter 9
presents the deployment of the information system in inttigg environment. Chp-
ter 10 presents the evaluation results, while Chapter 11 the lessons learned and the

managerial implications of adopting the proposed approaches.

The answers to the four Research Questions are outlined in S&&8oh ] Se-
tion 3.3.1.2 Section3.3.1.3and Sectior8.3.1.4respectively. It should be noted that
Section3.3.1.1deals with the overall framework for Proactive Maintenance, while
Section3.3.1.2 Section3.3.1.3and Section3.3.1.4zoom in the proactive decision
making aspects, aftethe generation of predictiongOn the basis of the aforeme
tioned framework for Proactive Maintenance, the literature review reveals there are
various research works dealing with reémhe datadriven diagnostic and prognostic
algorithms and informatiorsystems. However, thappropriate decision makingl-a
gorithms are stillunexplored providing a high potential for research with a high
value impact.To this endthe current thesis deals with proactive decisioraking
making in maintenance magement, contiuous improvement of proactive decision
making and contexawareness in proactive decision makirgroactive decision nka
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ing is addressed with the functionalities presented at the conceptual architecture of

Figure3-2 and explained in the respective answers of the research questions.

Table3-2: Alignment of Research Questions and Thesis Propositions

Research Questions Thesis Proposition Related | Chapter

Publications
What is the next generation of mamt| Framework for Proe | j1, cl, c4, 4
nance in an lobased industrial eriv| tive Maintenance c5, c9 cl13
ronment? cl4
How to support proactive decision tal Proactive Decisiol j3, j4, c2, c3 5
ing in maintenanceperations? Making c8, c10, c11

cl2
How to conduct continuous imprev| Continuous Improe- | j3, c6, cl0, 6
ment of proactive decision making? ment of Proactive B- | cl11

cision Making
How to incorporate contexawareness il Contextawareness in j3,c7, cll 7
proactive decision making and actio| Pro-active Decisior
implementation? Making
Prey.
edlctjon Cven,
User Interaction Real-time Processing
Action
\ | Recommendation
o oMl
* Configuration | Decision
A Maker

Proactive Decision
Methods !

\ Context-aware
Model
Sensor-Enabled J

L Feedback (SEF)
Online monitoring

uonejuawalduwl
uony

Digital enterprise

Q0

sensors

Figure3-2: The Conceptual Architecture for Proactive Decision Making
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3.3.1.1 Framework for Proactive Maintenance

To exploit the capabilities that 10T, big data processing technologies and-proac
tive computing providd in the context of Industry 4.0, there is the need for a frame
work that will be able to facilitate the implementation ofiaintenance in an loT
based industrial environmenilo this end, a new generation of maintenancemnma
agement is defined, i.e. Proactive MaintenanBeoactive Maintenance consists of

the following phases: SENSE, DETECT, PREDICT, DECIDE, FMECA and ANALYZE.

ProactiveMaintenance goes beyond traditional definitions and specifications of
CBM and predictive maintenance and outlines the maintenance operations in the
frame of Industry 4.0To this end, the concept of Proactive Maintenance is presen
ed. Moreover, the concdpal architecture of Proactive Maintenance is developed
and its phases along with their inputs and outputs are defined. The Proactive

Maintenance conceptual architecture is compatible with RAMI 4.0.

3.3.1.2 Proactive Decision Making in Maintenance Management

Theaim is to address proactive decision makimigh Proactive Decision Mth-
ods capable of being embedded in a ramhe, eventdriven infrastructure triggered
by sensoigenerated dataAt desigrtime, the users are able toefect the most p-
propriate decsionmethod for mitigating predicted undesired events, on the basis of
functional and norunctional requirements, as well as to enter domain knowledge
with the aim to define theDecision Method Instane (DMI) Configuration. DMIs are
specific instances of deston methods, corresponding to a predicted undesired event
(e.g. a business failure). The concept of DMI allows the extension of the system with
more decision methods addressing different problems. For each DMI, domain
knowledge enteredby users may inclual the altenative mitigating actions, their

cost functions, the cost of the undesired event as well as the decision horizon.

These decision methods should be able to providattime recommendations
about optimal action(s) and optimal time for action(s)plementation on the basis
of prediction eventsTherefore, there is the need for development of such methods

that deal with various maintenaneelated operations in a manufacturing firm.
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Moreover, they should be able to be incorporated in appropriaterimfation s\s-
tems that will be integrated with 10T devices through Detect and Predit sysfEnns.
thesis tackles with decisions about maintenance actions, joint maintenanceoand |

gistics actionsand St SOGA2Y 2F YIAYy OGSyl yOS &L} NB LI NI

3.3.1.3 Continuous Improvement of Proactive Decision Making

The aim is to addresthe continuous improvement of proactive decision making
with an adaptation mechanisnfProactiveeventdrivendecision making is highly se
sitive to its input parametersThe proposed approach, call&ensorEnabled Fed-
back (SEF)pathers and processes sengmnerated data during actions implement
tion in order to improve the accuracy of the input parameters required by thegroa
tive decision methods and thus, the reliltyi of the generated recommendations.
At designrtime, through theDMI Configuration the user is able to add additional
parameters dedicated to the SEF mechanism. To this end, the user inserts the cost
factors which each cost function consists of and megsh cost factor with the rel
vant sensor (e.g. a cost factor about cost due to production loss in a manufacturing

enterprise is mapped to a sensor measuring productivity).

This approach is capable of being embedded in a big data infrastructure where
sen®rs generate large amounts of data in the form of events.The SEF mechanism
removes noise from sensor data and applies analytics techsigue. curve fitting,
anomalydetection) in order to derive the update parameter value. The role of SEF is
twofold: (& The user is informed online about the rémhe estimated parameter
(e.g. cost) along with the associated context before, during and after actioreimpl
mentation through the Online Monitoring functionality, and (b) The updatedap
rameter value and the actl context within which it was obtained feed into thenco
text model in order to update it with the new knowledge for the next time a predi

tion event is received and a recommendation is provided.

3.3.1.4 Context awareness in Proactive Decision Makg

The aim is @ address contexawareness in proactive decision making with a

probabilisticContextaware Modelthat is updated through the SEF mechanisa-
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search on contexaware systems has focused on reactive applicetirather than
proactive ones, while it has fased on detection (Detect phase) and prediction
(Predict phase) algorithmisut not in decision making algorithms and especially in
proactive eventdriven decision methodsThe contexawareness mechanism inco
poratesa machine learning approach for estinmag the uncertain input pameters

of proactive decision methods.

At designtime, the contextaware modelis enacted as soon as the user inserts
the domain knowledge required duriri@gMI Configurationalong with the associated
affectingcontext in order tocreate the constraints and the causal relationshigs b
tween the contextual elements and the affected input parametergheaf proative
decision methods. Theutput feeds into the Proactive Decision Methot&ck
which is triggered by redime prediction eents Themachine karning methods are
suitable for intelligent contexaware systems in order to handle uncertainty §Th
duri et al., 2017) about the future context as well as about the values of input p
rameters.The use of a probabilistic conteatvare model overcomes the challenge
of the uncertainty regarding the context at the recommended time for the action
imple-mentation, since it is used for the input parameter risk estimation (e.g. cost
risk).
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4 Framework for Proactive Maintenance

In thisChapter the proposed framework for Proactive Maintenance is presented.
This Chapterincludes the definition and the description of the Proactive Maint
nance concept, as well as the ovérabnceptual architecture for Proactive Magat

nance.

4.1 Definition of Proactive Maintenance

Proactive Maintenane indicates the next generation of maintenance maeag

ment with the aim to contribute to the digitakansformation of manufacturingre

terprisesfrom reactive to proactiveAlternatively, it could be defined as Condition

based Predictive Maintenance in the frame of Industry 4K S G SNX)Y GLINSRAO

YEAYGSYlyOSé GKIG Aa 2FaGSy dzams RondRiénS &
monitoring througha Sy a2 NAR® ¢KS (GSNXY a/ 2yRAGAZ2Y
used does not necessarily include predictions, since it may refer to (neaifimeal

diagnostic outcomes, i.e. detection of the current condition.

Proactive Maintenance based upon four témological pillarstndustry 4.Q IoT,
Big Dataand Proactive ComputingTo this end, Proactive Maintenance is a new
maintenance strategy that is based to a large extent on the loT technologiegand r
altime information systems. It takes advantage of thelustrial I0T infrastrucire,
sensorgenerated big data processing technologesl emaintenance services with
the aim to provide reatime monitoring, detections, predictions and proactivecte
ommendations about maintenance actionBhe aim is to eliminat or mitigate the
impact of future failures in order to maximize reliability of operations and improve
the business performancelhe emaintenance services interact with-aperations
services in order to also consider the global impact of maintenaeleded changes

to the manufacturing opergons, while seHearning mechanisms are applied to all
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the phases of Proactive Maintenance in order to continuously improve the genera

ed information.

Proactive Maintenance has a managerial and a technological perspeerom a

managerial point of view, its implementation requires the identification of the need

for a different maintenance strategy through feasibility studies as well as the radical

change of maintenanceelated business processes and operations irthel enter-

prise organizational levels (operational, management, strategic). From a teclnolog

cal point of view, it requires appropriate technologies and information systems for

effectively supporting the Industry 4.0 principles. Therefore, Proactive Maamtee

should include the following characistics:

1
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loT-based Condition Monitoring Condition monitoring is applied with
sensors at a component, machine or production process level. The dec
sions about their type and their distribution (placement) are affected by
the manufacturing system examined. These hardware and/or software
sensors generate huge amounts of réale data (big data) in the context

of lloT which are further processed thrdugppropriate infrastructures.
EventDriven Architecture Event processing is used to process massive
primitive events and get valuable high level information from them by
continuously monitoring the event flow. Therefore, through the event
triggers, evetrdriven infrastructures are able to handle big data in d-sca
able and efficient way.

Prognosis LifecyclePrognostic lifecycle covers all the maintenancespha
es, through which information is processed; from signal processing and
diagnostics till prognogts and maintenance decision making along with
continuous improvement during actions implementation. Predictions
about the future equipment condition, on the basis of which mitigating
actions can be applied ahead of time, constitute the backbone ofdProa
tive Maintenance. They can be realized with associated predictive event

processing agents.



Framework for Proactive Maintenance

1 Proactive ComputingProactive event processing makes it possiblerto a
ticipate potential issues during process execution and thereby enables
proactive process managent, i.e. to decide and act on the basis of real
time predictions. The proactive evedtiven applications are subjected to
the proactive principle. A proactive situation includes a future event, a
predictive pattern, the probability distribution functioof the event a-
currence, a list of mitigating actions and costs (e.g. the cost of the future
event, the costs of actions as function of implementation time).

1 Emaintenance SupportThe emaintenance concept is linked to th&o-
active Maintenancdramework, since it provides the communication and
technological background for reime data processing and information
exposure to the users and thus, it can support all the phases of thecproa
tive principle. Emaintenance applications and platforms ncdacilitate
proactivity and further advance to a greater value with the development
of CybefrPhysical Systems, while they are able to utilize an edemén
architecture for scalable sensgenerated big data processing.

1 Interaction with other Industrial Operations Since, every change in-i
dustrial operations affects the othersjaintenance operationshould be
considered along with its interactions with the other operations. A redu
tion in production, quality and inventory costs is considered as orikeof
most important indirect benefits oProactive Maintenance. Forstance,
due to the available regime prognostic information, predictive mainte
nance actions along with quality improvement and production activities

can be recommended and spare pactmn be ordered just in time.
4.2 The Concept of Proactive Maintenance

ProactiveMaintenance strategy implementation requires a complete metHedo
ogy as well as appropriate information systems capable of processing information
captured by sensors in ordéo provide added value insightsy taking advantage of
loT advances for handling failure uni@enty. Failure uncertainty is derived frothe

stochastic nature of the degradation processes of manufacturing equipraedt
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leads to high uncertainty inetision makig (Van Horenbeek et al., 201Ri et al.,
2015.

Although the use of sensors with high monitoring capabilities within the modern

SYGiSNILINRAaASaQ ySisvg2N] YR | ONRPaAaad RAFTFSNBy

ta analysis should be increased. Therent status is the use of sensors and mfo
mation systems for monitoring various parameters that are known to affectpequi
ment condition from expert knowledge. Although this is valuable information, this
approach does not enable the maintenance strateégysformation. Currently, there

is still lack of services and tools capable of efficiently processingimealbig data
from heterogeneous sources, implementing complex algorithms and providerimea
ingful insights about potential problems along with afselprovement approach.
Novel IT technologies andreaintenance systems are still not well perceived by the
industry due to the high consulting costs (since vendors are selling
Of 2ASRKLINRPLINASGOFNE azftfdziaAz2zyauv | yR ofuiKS

open source solutions, the consulting costs are very high and the projects last long.

Proactive Maintenancenaximizes the expected utility anexploits the full po-
tential of predictive maintenance management, sengenerated big data pr
cessing, enaintenance, proactive computing and industrial data analytics able
to be applied in the context of the production process of any manufacturing eemp
ny regardless their processes, products and physical model Usedhis end, the

concept of ProactiveMaintenance converge and synthesize predictive maine-

LINE c

nance,proactive computingii KS DI NIy SNRa f S@gSta ané Ay Rdzal

the ISO 13374 as implemented to MIMOSA @®M in order to create a consistent
basis for a generiProactiveMaintenance architecture in an ld¥ased industrial e-
vironment. In this way, the convergence of Operational Technology and Information

Technology can also lachieved Figure4-1 depicts the relationships among these

concepts and their aggregation to SENSE, DETECT, PREDICT, DECIDEa#tNALYZE,

FMECA phases.
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“ DETECT PREDICT DECIDE “
Proactive I
i ;
Maintenance pre— u
Predictive Maintenance Signal Processing Diagnosis _ Prognosis ; Decision Making
(Failure Mode Evolution)
Proactive Computing Detect Predict Decide Act
Industrial Analytics Maturity Monitor Diagnose and Control Manage Optimize
MIMOSA OSA-CBM S1- Data Acquisition $3 - State Detection S5 - Prognosis 56— Advisory
(10 13374) S2 - Data Manipulation 54 — Health Assessment Assessment Generation

Figure4-1: TheProactive MaintenanceConcept

4.3 The Conceptual Architecture of Proactive Maint e-

nance

The large scale and complexity of modern software projects result in several
challenges for software architectural designefbe inception phase of the archie
ture design introduces several canonical architecturanednts providing a basic
functional decomposition of the envisaged system (Kruchten, 200¥8.goal oPro-
active Maintenancesoftware design is to transforrthe real world probleminto
software solutionusingconceptual modellindor accurately describinthe real world
problem, capturingand faciliating analysis of the stem in the context of its env
ronment, incorporating key product features, requiremengd essential domain
knowledge, includingnformation about the structural, behavioural, and fttional
characteristicgLiu, and Gluch, 2004; ISO/IEC/IEEE42010, 2011; Mahmood, amd Mo
tagna, 2012; Bernus et al., 2015; IReione et al., 2017).

Due to the increasing number of networked components, a level of complexity has

been reached which is difficult to handle using traditional development processes

(Fennel et al., 2006Puring the last yearghere is a paradigm shift from a havere-

, commnentdriven to a requirementand functiondriven development process,

and a stringent standardization of infrastructure elements (Pelliccione et al., 2017) in
2NRSNJ Ffaz2z G2 SyadzNB NBdzal o0 Af MichtecurslR 1y 2 6 €

practicesneed to keepa clear focus on scalable and flexible systems architectures
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providing ubiquitous, interoperable and networked solutions to realise smarter sy
tems, platforms and ICT infrastructures for all entities operating in a commoiR bus

ness ecosystenRpomero, and Vernadat, 2016).

In the context of Industry 4.0, standards are essential for ensuring the reliable
and efficient interaction of various different systems. DIN, the German Institute for
Standardization and its partner institute DKE, has presgrgn updated Roadmap
Industry 4.6. The Roadmap gives an overview of existing standards in this area and
identifies the need for new standards along with appropriate recommendations. A
major outcome of these processes is the RAMI 4.0 model which is loedgan DIN
SPEC 91345The Proactive Maintenance architecture was designed according to the
Proactive Maintenance concept andKS L{ hk L9/ KL999 nuHnanmn af{ @&:
engineeringg! NOKA G SO0 dzZNBE RS & ONA LJG Avéhighédefinels thén kK L 9 / Kk L ¢
architecture asd f ae@aidSY B FdzyRIFIYSyidlt O2yOSLIia 2N
environment embodied in its elements, relationships, and in the principles @&-its d
aA3dy | yR. S@2ft dziA2yE

In this Section, the proposed Proactive Maintecarconceptual architecture
is presented. Since the Proactive Maintenance architecture should be compatible
with RAMI 4.0, Sectiod.3.2 presents Proactive Maintemae architecture in the

frame of RAMI 4.0.
4.3.1 The Proactive Maintenance Architecture

The Proactive Maintenanceonceptual architecture forms the basis for the
development of a unified information system capable of covering the wholg-pro
nostic lifecycle antinking maintenance with other industrial operations, i.e. produ
tion, logistics, qualityThe Proactive Maintenance systasable to be applied in the
context of the production process of any manufacturing company regardless their
processes, products armhysical model usedt is applicable at the level of conop

nent, machine and production system, depending on the placement of sensors

8 https://www.din.de/blob/65354/f5252239daa596d8c4d1f24b40e448Gthdmap-i4-0-e-
data.pdf
9

https://www.din.de/en/din-and-our-partners/press/presseleases/updateeberman
standadizationroadmapon-industry-4-0-110576
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throughout the production lifecycle and the data availability in the manufacturing

O2YLJ yeQa Sl O2 tekplisé Rescurees @I&NERA) MabhdEad 9 y

turing Execution SystenMES). Withirthe Proactive Maintenance systerthere are

interactions between the various-@aintenance services and theoperations data

FYR AYTF2NXIGA2Y FTNRY O ksfmsit ofddrfolsypchoaNsey 3 O2 Y
maintenance with production, quality and logistics management. The interrelatio

ship between the enaintenance and the -eperations services allow the exchange

of the appropriate information. The functional / high level viefvthe conceptual

architecture is depicted ifigure4-2.

&

User Interaction Layer 1

Graphical User Interface

. . Real-time Tt
conflguratlon

po.4
= .)))

i

Digital Enterprise(‘]")

PREDICT DECIDE

Sensors

E mamﬁnance
E-operations

Legacy systems

Persistence Layer

Figure4-2: The Functional/ High Level View of tHeroactive Maintenance&Conceptual Architecture

Thefunctional/ high level view of the Proactive Maintenancenceptualarch-
tecture consists ofive main phases: SENSE, DETECT, PREDICT, DECIDE,aANALYZE,
FMECAFailure Mode, Effects and Criticality Arsady It should be noted thaEFMEA
is a bottomup, inductive analytical method which may be performed at either the
functional or piecepart level. FMECA extends FMEA by including a criticality analysis,
which is used to chart the probability of failure modes against the severityef th

consequences. The result highlights failure modes with relatively high probability and
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severity of consequences, allowing remedial effort to be directed where it val pr
duce the greatest valudt alsoconsists of four layers: User Interaction LayReat

time Processing Layer, Batch Processing Layer, Persistence Ihaper.Realtime
Processing Layer and Batch Processing Lthgee areinteractions between the €
maintenance and the-eperations services. Theaperations services deal with qr
cessng and analysis of data, information and knowledge dealing with otheruman
facturing operations that are closely related to maintenance and affect each other.
For instance, logistics management (e.g. spare parts inventory, lead times, etc.),
qudity managenent (e.g. scrap rate threshold, defects, etc.) and productiomypla
ning (e.g. production plan, resource plan, etc.) are key issues to be considered for
maintenance planning. On the other way around, these manufacturing operations
are influenced by the dedans taken related to maintenance operations. G&ns
guently, the emaintenance services interact with theoperations services in order

to schedule jointly the maintenance and the production activities along with quality
and logistics aspects. The scopesath Layer along with the phases is explained b

low.

TheUser Interaction Layeoccupies the top level of the conceptual architecture
andis addressed with an integrated Graphical User Interface (GUiaskihree main

goals:

1 To enable the usetonfiguing the components constituting the architecture
(e.g. enabling the embodiment of the appropriate expert knowledge about
various input parameters, inserting user preferences, etc.)

1 To allow the usemonitor reattime informationderiving from the respecte

phases, i.e. the current and the predicted equipment behaviour, warning
alerts, the generated recommendations, etc.

1 To provide visualizationcapabilitiesincorporating appropriate techniques
This phase includes the gathering, storing, analysingwashlizing the e-
sults with respect to maintenaneelated information in conjunction with
production, logistics and quality issues. This information is exposed tosthe u
er using line diagrams, histograms, jiearts, heat maps, relationships, geo

maps, &c. supporting various strategies for problem investigation, e.g.-drill
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down to identify root causes, generalisation to find similar occurrences in the
past and to develop improvement measures.
At the Realtime Processing layerthe respective phases arexecuted based on
the sensorgenerated reatime data. The phases that are associated to the Reed
Processing Layer are: SENSE, DETECT, PREDICT, DECIDE. Each phase is triggered by
the previous one, taking also into account relevant data and informatgarding
logistics management, quality and production planning. The scope of each phase in

this Layer is described below:

1 SENSEThis phase deals with the collection, aggregation and manipulation of
sensor data. The large amounts of enterprise data a$ agethe existingni
formation and knowledge come from various heterogeneous data sources
dealing with different manufacturing operations. The SENSE phase handles
these data and processes them to the subsequent phases in the forrmeof se
sor data streams foiurther analysis and processing.

1 DETECTThis phase deals with the retaihe state detection and healthsa
sessment of a whole system or components with respect to a mechangal sy
tem in order to provide a diagnostic output. The analysis is carried ouifby d
ferent algorithms. Therefore, there is a library with typical algorithms for data
analytics easily extensible with new algorithms. The results of each analysis
can be weighted in order to estimate the current condition of the analysed
component. This irggrative approach for the state determination of complex
technical systems recognizes the presence of an unusual (and potentially
hazardous) state within the behaviours or activities of a system (e.g. measu
ing indicators of degradation), with respect® ¥ S Y2 RSt 2 Fv- Wy 2 NI | §
iour. To do this, it requires the last updated model of normal behaviour, the
normal operation threshold, etc. The diagnostic models continuously learn
from the actual equipment behaviour by updating and improving the rinco
porated diagnostic models with data analytics and FMECA information.

1 PREDICTThis phase includes retiine state prediction of a whole system or
components with respect to the mechanical system, e.g. prediction about the

time-to-failure, the probability distribition function of the failure occurrence,
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the Remaining Useful Life (RUL), the Remaining Life Distrib{RioD). The
failure predictionconstitutes the backbone of predictive maintenance. The
analysis is carried out by different prognostic algorithms tigio the defin-

tion of calculation flows and their instantiation to machines, components or
sites. These algorithms are executed considering constraints deriving from
quality management, logistics management and production planning (e-g. a
ceptable scrap i@ thresholds in case of a machine malfunction) as well as
results of historical data analytics (e.g. for creating the model) and FMECA.
The algorithms and the prognostic models can be then continuously.
DECIDEThis phase includes decision making alpong for providing re-
ommendations ahead of time (i.e. in a proactive manner) taking into account
the reaktime prognostic information and information/ knowledge deriving
from users (e.g. maintenance engineers) or from further data analysis. On the
basis ofthe reattime prognostic information, the optimal mitigating ma@it
nance actions and the optimal times for their implementation are meeco
mended considering both perfect and imperfect maintenance actions with
various degrees. This phase also takes int@actlogistics, production and
quality issues. In this way, maintenance decision making can be shifted from
expert knowledge and/ or early warnings into business performance optim
zation. The decision models are continuously updated based on data analytics

and FMECA results (e.g. with the updated risk ranking).

At the Batch Processing Laygethe respective phases are executed based on the

legacy data and the updated existing information regardingantenance and €

operations. The phases that are assoethto the Reatime Processing Layer are:
ANALYZE, FMECA. The scope of each phase of the Batch Processing leayer is d

scribed below:

1 ANALYZEThis phase is triggered on a batch mode and aims to condutt ana
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ing/classifying failures based on similar characteristics. Moreover, the/-anal
sis is conducted on the basis of actions that mitigated the impact of a failure
or of failures that actually occurred before the recommended actionsempl
mentation. To this end, thiphase is able to feed into the FMECA, the
PREDICT and the DECIDE phases so that they provide more informed results
taking into account the knowledge extracted from the legacy data systems.
1 EMECAThIs phase includes &MECA mechanism which incorporatdgo-
rithms for the identification of potentially relevant and critical failures modes
and conducts analysis of the criticalities that might arise. It foresees ¢he d
velopment of dedicated automatized processes in order to enable, ondhe b
sis of failures mdes, critical elements, process, logistics and production data
what are the most likely effects and what are their implications in terms of
maintenance and operations management. The resulting failure modes, fr
guencies, risks and other associated restitsd into the DETECT, PREDICT
and DECIDE phases in order to update the respective algorithms and models.
The Persistence Layenf the conceptual architecture aims to support the @n
tionalities implemented at the Redéilme Processing and Batch Procesdilagers as
well as at the User Interaction Layer of the architecture. It includes a Datalirse A
straction Layer (DAL) and houses a relational database engine where all information
needed by the other three layers is stored and retrieved. For the raw satetar
itself, this data storage concept is enhanced by a database fordémes to ensure
efficient and reliable storage of this data, while visualization functionalities will use

an indexing database to facilitate the exposure of analytics.

The functioral/ high level view of the conceptual architecture represents the
Proactive Maintenance flow in the sense that the output of one phase triggers the

next subsequent phase.

Table4-1 shows the potential inputs and outputs of each phase based on the
functional/ high level view of th@roactive Maintenanceonceptual architeture. It
also takes into account relevant literature abawgndition-based,predictive maine-

nance.
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Table4-1: Inputs and Outputs of each UPTIME phase

Proactive Input Output
Maintenance
phases
1 Data demands/requirementge.g. nfor- 1 Data set/ time seriege.qg.
mation about the data to be collected and-r sampled sensor data)
SENSE quired preprocessing) f Sensor data streams
1 Raw sensor datde.g. about measureda
rameters used as indicators of degradation)
1 Sensor data sefe.g. about measured paraan | § Current health state
ters used as indicators of degradation) 1 Alert of a potentially dan-
DETECT 1 Historicaldata and domain knowledgde.g. gerous state
thresholds indicating a dangerous state)
1 Current health state 1 Early warning
1 Alert of a potentially dangerous state OR
1 Sensor data set / time series 1 RUL/RLD and confidence
PREDICT |1 Historical dataand domain knowledgee.g. level
about the measured parameter used asiind| OR
cator of degradation till failure) 1 Probability distribution of
the failure occurrence
1 RUL/ RLD/ timeo-failure andconfidence 9 Early notification
level OR
OR T Recommendations about:
1 Probability distribution of the failure occu A Optimal actions
DECIDE rence A Optimal time for m-
plementation
1 Failure prevention and mitigation measures
1 Risk Ranking
1 Results of legacy data analytics
1 Rules, patterns and failures classification 1 Reliability Block Diagrams
1 Legacy dateon maintenance (e.g. machinery| § Parameter threshold
FMECA failures, maintenance actions) 1 Riskranking
1 Threshold parameters I Failure prevention and
mitigation measures
1 Legacy dateon maintenance (e.g. machinery| I Rules, patterns and fai
failures, maintenance actiondata from the ures classification
ANALYZE production plan to be aligned with maiet 1 Constraintsand additional
nance) operational information
i Historical dataon machinery maintenance

and operations

4.3.2 Mapping Proactive Maintenance Conceptual Architecture to RAMI 4.0

In this Section, theProactive Maintenanceonceptual architecture in the

frame of RAMI 4.@s presented In Proactive Maintenancethe RAMI 4.0s adopted

to communicate the scope and design of the system, to further collaboration and

integration with other relevant initiatives by framing the developed concepts and

technologies in a common model. In this sense, Bneactive Maintenanceonce-
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tual architecture is compatible with RAMI 4.0 facilitating maintenance implement
tion in the frame of Industry 4.0. In this way, RAMI 4.0 is instantiated to maintenance
operations. This is a challenging task since the Industry 4.0 paradigm is still evolving

with limited past experience of successful implementations.

RAMI 4.0 is a thredimensional model representing different interconnected
features of the technicat economical properties and showing how to approach the
issue of Industry 4.0 in a structured nreer. It consists of three axes: (i) the hiera
chy levels; (ii) the architecture layers; and, (iii) the lifecycle value stream. The-follo
ing subsections present these axes in the contextRybactive MaintenanceThe
need for submodels for individual agrts and processes in RAMI 4.0 has been re
ognized as a crucial next step for its further evolution (Hankel, and Rexroth, 2015).
Mapping of the Proactive Maintenance conceptual architecture to RAMédables
the integration of the maintenance process Wwithe other operations and processes
of the manufacturing enterprise based upon the Industry 4.0 paradigm. An I#0 co
ponent is a crucial aspect of Industry 4.0. It deals with the digitization of assets in the
manufacturing process. It consists of one asrenassets and an administrative shell.
The administrative shell is the virtual representation of an asset. The 14.0 component
is located within the layers of RAMI 4.0, up to the Functional Layer. It can adopt var
ous positions in the life cycle and valsieeam, and occupy various hierarchical-le
els. The following subections describe the three axes of RAMI 4.0 in the context of

Proactive Maintenance

4.3.2.1 Hierarchy Levels

Industry 4.0 brings changes in the architecture of the classical contrat pyr
mid of production complexes as well technological processes. Industry 4.0 archite
ture of hierarchical level shows a functional assignment of components (Zezulka et
al., 2016). This axis within an enterprise or factory follows the IEC 62264 and IEC
61512 standard. The level over and below the IEC standards area represents steps
further and describes also groups of factories, collaboration within external eng
neering firms, component suppliers and customers. Therefore, the hierarchy levels

are: product, field dewe, control device, station, work centre, enterprise, ant-co
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nected world.Proactive Maintenancarchitecture is applicable at a componentam

chine or production process level. In this sense, it can be implemented in flexible

smart systems and machines edgbe of interacting and communicating across the

hierarchy levels through a network. The implementatiorad?roactive Maintenance

aeaiasSy Ay | a4/ 2yySOGSR 22NI R O0APEDP O2yyS
nance processes) would require its use by &lthem in order to create synergies

(e.g. between a factory and its supplier of maintenance spare parts).

4.3.2.2 Architecture Layers

Figure4-3 shows theProactiveMaintenanceconceptual architecture in the
frame of the RAMI 4.0 architecture layers. The individual layers and their irgerrel

tionships are described below.

Asset LayeY { Ay OS GKAA @SN NBLNBaSyida G(GKS NEX
g 2 NI Ré¢ @tbn egiipthéhtdand users are part of Rroactive Maintenances
implemented on the production equipment with the involvement Bfroactive

Maintenance systemsers. The production equipment can be further analysed.

Integration Layer This layer makes provision of information on the assets in a form

which is available for computer processing by connecting elements as well as people
with IT. In the context oProactive Maintenancgethis layer involves the equipment
installed sensorshe actuators and the legacy data systems (MES, ERP, etc.). It also
includes the Human Machine Interfaces of the legacy data systems (e.g. ERP GUI)

through which the users insert data.

Communication LayerSince this layer provides standardization of comioation

by means of uniform data format, it includes the IoT Gateway,Bhakerand the
Legacy Data Uplifting. In this wdlge Proactive Maintenance solutiomill gather the
data from the information sources for further processing in the subsequent-Info

mation Layer.

Information Layer This layer provides p#erocessing of events and execution of

eventrelated rules by enabling their formal description. It also manages dataspersi

tence, ensures consistent data integrity and transformation for feeding thie
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Functional Layer. In the context &roactive Maintenanceit includes sensor and
legacy data preprocessing, which correspond to functionalities of data preparation
and preprocessing while feeding into thRealtime (Stream)Processing and the
Batdh Processing environment respectively. To this end, this layer also includes the
Realtime Processing and the Batch Processing environment as well as the Storage,
i.e. the appropriate database this way, the required data are extracted ananeo

bined acordingly in order to be available by the functions of the next layer.

Functional LayerThis layer enables the formal description of functions and creates

platform for horizontal integration of various functions. It contains run time and
modelling environment for services supporting the business processes and a run
time environment for applications and technical functionalities. In this layer, the fo
lowing functions take plac®etection(which includsthe reattime detection/ diag-

nostic algorithns), Prediction (which include the reaktime prediction/ prognostic
algorithms),Proactive Decision Makin@long with its feedback functionalities) and
FMECA as well as the legacy data analysis that aim to update and improvedhe mo
elling and the parametevalues of predictive maintenance core functions (i.egdia
nosis, prognosis, proactive decision making, FMECA). The aforementioned functions

are executed on the basis of data integrity of the previous layer.

Business LayerThis layer ensures the integriof functions in the value stream and
enables mapping business models and the resulting of the overall process. It takes
into account the policies, rules and constraints according to which the system ope
ates through the interrelationships of maintenant® other manufacturing opex-

tions. It also creates a link among different business processes through the exposure
of appropriate information to the user. In this sense, this layer involves the @enfig
ration ofthe Proactive Maintenance solutipthe Reatime Monitoring ofProactive
Maintenancefunctions and the Visualization of its results. It also incorporates its
interrelationships with other business processes and the integration with manufa
turing operational functions interrelated with maintenance delogistics manag

ment, quality maagement, production planning).
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Layers
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Figure4-3: Mapping the Proactive Maintenance conceptual architecture to RAMI 4.0

‘ Visualization ‘ ‘

4.3.2.3 Lifecycle Value Stream

The lifecycle value stream axigligided to Type and Instance. The Typeiis d
vided to Development and Maintenance / Usage, while the Instance is divided to
Production and Maintenance / Usage (Platform Industrie 4.0). A type represents the
initial idea, while each manufactured product regents an instance of that type
(Platform Industrie 4.0)The instances are sold and delivered to customditse
change from type to instance may be repeated many times (Platform Industrie 4.0).
Feedback from customers to instances of the type may leadotoections. Such
modifications deal with the type, i.e. they are applied as amendments to the type
documentation and new instances of the modified type are produced. The value
stream in the totally digitized production can be viewed in conjunction wéluer
adding processes, since it enables linking of purchasing, production plannirsg, logi

tics, quality, customers and suppliers (Platform Industrie 4.0).

The lifecycle value stream dfroactive Maintenancéas both managerial and
technical implications. As far as the managerial perspective is concerned, the type
includes the idea as well as the development and validation Bfaactive Maing-

nancestrategy. After successful validation, the new consultingsiseris released.
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Each instantiation of thdroactive Maintenancestrategy to a specific production
process or industry represents an instance of that type. As far as the technieal pe
spective is concerned, the type includes the idea as well as the gewelt and
testing of a prototype foProactive Maintenancevhich set the basis for serial gr
duction. Each instantiation of the system to a specific equipment, production process
or industry, and to a specific legacy data system or installed sensor repsese

instance of that type.
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5 Proactive Decision Making in Maintenance

Management

In this Chapter the proactive approach in decision making is presented. Based on this
approach, proactiveventdriven decision methods are developed in order to provide-re
ommendations for maintenance and maintenargdeven operationsAutomation ofproac-
tive maintenancealecisions on the basis of retiine sensordriven prognostic information is

an unexploredarea.

5.1 Introduction and Motivation

Despite the significance of proactive maintenance decisions (Gupta & Lawsirirat, 2006;
Campos, 2009; Ahmad, and Kamaruddin, 2012; Guillen e2Gl6), their automation by
providing systengenerated recommendations in @eaktime, event driven environment
remains a challenge (Van Horenbeek,al., 2013; Aboelmaged, 20LEXisting works a-
garding maintenanceapplications have usually the following limitations: (i) they provide
only a diagnostic or a prognostic outp\i) they rely on processing of batches of data and
not on realtime, eventdriven information; (iii) when they provide recommendations, they
deal with immediate action implementation, something that does not lead to an optimized
performance (because thexpected loss may be minimized some time into the future; b
fore the occurrence of the undesired evenf)v) they rarely are integrated to algorithms
addressing other operational issues driven by maintenafecg. inventory, supplier sate
tion). In additin, several research works in proactive computing have only been described

conceptually andhave not been embedded in a ret@ine, eventdriven environment

In the following suksections, the approach of proactive decision making and its instant
ation to mantenance operations is described. The approach and the decision methiads a
dress two blocks of the conceptual architecture for the Degitiasethe dDMI Configua-
GA2y¢ ola FIN Fa GKS

SOAaA2y YSUK2Ra&ac- O2y FTA:
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These two blocks are highlighted with red color in the conceptual architectufgure5-1.
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Figure5-1: Thefunctionalities for proactive decision makini the conceptual architecture.

5.2 The Proactive Approach in Decision Making

The proposed approach focuses on enabling decision makecseate new decision
method instances addressing the problem at hand, e.g., the maintenance needs of specific
manufacturing equipment. Therefore, they are able to configure them by editing the d
main knowledge that is required by the method. This donlaiowledge may include a list
of actions, the cost of the undesired event, the costs of actions, etc. Decision method i
stances are specific instances of decision methods, corresponding to specific equipment or
other subject of a predicted undesired evenhiwh triggers, during runtime, the decision
method for mitigating it. Decision methods are then enacted online in order to generate
timely and reliable proactive recommendations based on the analysis of the streaming data
and the derived predictions for wesirable situations, i.e. events which lay outside tiee d

sired states space. Proactive recommendations deal with the optimal maintenance actions

and the optimal time for their implementationChe recommendations are actually gentera
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ed on the basis of thatility or the loss prediction (expected utility / loss) in the course of
time until the decision horizon. Therefore, the aim is to apply an action at a time that ma

imizes the expected utility (or minimizes the expected loss).

Figure5-2 depicts the conceptual approach for proactive decision making. The expected
loss due to maintenance is represented as a function of the implementation timeeTher
fore, t = 0 is the the when a prediction is received and a recommendation is provided. The
expected loss functions are optimized within the boundaries of t = 0 and the time of the end
of decision horizon (e.g. next planned maintenance). For example, for three alternative a
tions, the optimal action is Action 2 and the optimal time for its implementation is the time
when the expected loss is minimized. In this way, the user gets a recommendation that mi
imizes the expected loss and provides them a time window until the recordedemmpk-
mentation time in order to be prepared appropriately. With the proposed approachi- dec

sion making can be shifted from early warnings into business performance optimization.
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Expected Loss
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—— Action 3

i Future

_ - - ">. undesired
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Action

Acti implementation
1 Action
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Figure5-2: Conceptual gproach for proactive decision makinghdapted from Feldman et al., 2013)
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5.3 Overview of the Proposed Proactive Decision Methods

In this PhD thesis, there have been developed two proactive esdiewen methods for
proactive decision making for maintenance actions, two for joint proactive maintenance and
logistics optimization and onfr proactive selection of maintenance spare suppliers.
These methods are presented in the following Sectiofise aforementioned proactive
eventdriven decision methods provide a different output recommendation and each one of
them requires a different input. The input is taken by two sourcesnevgenerated by the
Predict phase and users through a decision configurator dashboard.infbishation is
shown inTable5-1, Table5-2 and Table5-3 and is further described in the following cse
tions. The optimization ofi KS NB & dzf GAy 3 FdzyOiAzya Aad O2yRdzL
which is is a rooefinding algorithm combining the bisection method, the secant method and

inverse quadratic interpolatiofGegenfurtner, 1992)

Table5-1: Input and output of proactive decisiomaking for maintenance actions

Decision Input from user Input from Output

Method events

Proactive | 1 Corrective action cos T Probability 9 Optimal time for

Expected function Distribution  of| the predefined

Loss Rate | { Planned action cos  the occurrence ol action
Optimization |  function the event implementation

{ Planned time for| Y Parameters of the
action implementation probabilty

Proactive | JList of maintenance| distribution (e.g.| § Optimal action

Markov actions < F2NJ SE|{optimal
Decision |  Action cost functions implementation
Process | { Timeto-undesired time
event after action
1 Delays

fCost of undesireq
event(e.g. failure)
9 Decision horizon
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Table5-2: Input and output of proactive decision making for joint maintenance and logistics actions

Decision Input from user Input from Output
Method events
Proactive joint| 1 Cost of undesired event { Prabability 1 Optimal
replacement and  Planned action cog Distribution of| maintenance
Spare parts| function the occurrence (mitigating)action
inventory {1 Planned time for action ~ of the event 1 Optimal

decision model

implementation (e.g
planned maintenance)

1 Shortage inventory cos
as a function of time

1 Holding inventory cos
as a function of time

1 Lead time between the
time of placing the
order up and the time o
receiving the order

Proactive joint
maintenance
and spare parts
inventory
decision model

9 Cost of failure
9 Cost function of the
action effect
9 Cost function of the
action implementation
9 Cost of buying the spar

parts
1 Cost function of
shortageinventory

1 Lead time between the
time of placing the
order up and the time o
receiving the order

9 Decision horizon

Parameters ol
the probability
distribution

60SodPId <

implementation
time of the
maintenance
action

9 Optimal spare
parts ordering
(prerequisite)
action

9 Optimal time of
ordring

9 Optimal time for
maintenance
(mitigating) action
implementation

9 Optimal time for
spare parts
ordering
(prerequisite)
action
implementation

Table5-3: Input and output of proactive decision making faupplier selection

Decision Input from user Input from Output
Method events
Proactive { Availablebudget { Prices prediction fal NJ 2 6 A (i 1
selection of| 1 Number of suppliers | till next planned] I yR A a
maintenance q Historical data abou] maintenance, FNR Y GASNI
spare parts|  portfolios of suppliers | 1 Recommended 1 The optimal
suppliers time for ordering portfolio of
suppliers
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The proposed decision methods are based on failure probability predictions and thus, on
reliability analysisin this sense, they are triggered by probability distribution functions of
failure occurrence that have been derived from degradation modellicgrigjues Based on
the terminology of reliability analysis, an event density functiok,adenoted b)l t < in-
dicates the probability thatt will occur at time t. The cumulative distribution function of g
is denoted byy® «, and is called the lifene distribution function ot. * <indicates the
probability that £ will occur between time zero and time t (Engel et al., 2012; Kapur, and
Pecht, 2014), whilg® < 1% <denotes the cumulative probability distribution fon
tion of the undesired event not occurringVhen an acti0|+is applied to reduce the prab
bility of an undesired eveng:is associated with a new event density functbip <, which
is the probability thakt occurs at time t, althougl+has been applied before This ha-
pens because the implementation of actigrdoes not prevent with certainty (Engel et al.,
2012). Therefore, the probability distribons are calculated as shown Eguation5-1 and
Equation5-2. In Equation5-2, the conditioning (denominator) takes into account the fact
that until the action occurrence ai, the distribution in place wagt 0 9y 3Stf Sd | £ ©%
C2NJ SEFYLX ST Ay Ol 45 2% DB RS EBEAKISNEBR ka &K BR 0
LI WEGSNI 2F SELRYSY(GAlIfT RAAGNROdziAZ2Y ®

Equation5-1
5ok o ™Oo
U O o~
p Oo
Equation5-2
©ar O 6 "0 0
U O Prp—
p Oo

0O o denotes the probability distribution function of the occurrence of the undesired

event in the time interval t t,), conditioned on not occurring until timé , whiled o D

denotes the probability distribution function of the occurrence of the undesired event in the

time interval (t, ty) conditioned on not occurring until timé and assuming that the action

whas been implemented exactly at tinte This happens becauske implementation of
FOGA2y | R2Sa y2i LINBJSydin wdendes th&prodadittgich A y (i & @
tribution function that the undesired eventdoes not occur within the time intervab ho

128



Proactive Decision Making in Maintenance Management

conditioned on not occurring until timeé . In the following sections, we present the rhat

ematical formulation of the three aforementioned decision methods.
5.4 Proactive Decision Making for Maintenance Actions

5.4.1 Motivation

Advances in maintenance management methods have led to the transformation of the
tINF RAGAZ2Y I WWFILAE YR FAEQQ LINF OGAOSa Ayidz i
New practices put failure prediction at the backbonentdintenance managemerfAhmad,
and Kamaruddin, 2012Maintenance managementan take advantage ohé recent a-
vancements in proactive evewlriven computing, for fully exploiting its capabilities and

supportingproactivedecisionsahead of time.

Next generation of maintenance management will incorporate event stream processing
and advanced computatio capabilities enabling generation of recommendations suppor
ing proactive decisions. Despite the significance of proactive maintenance decisions (Gupta
& Lawsirirat, 2006; Campos, 2009; Ahmad, and Kamaruddin, 2012), their automation by
providing systengenerated recommendations in a reaime, event driven environment
has not been realized yet. Therefore, developing methods and information systems that
provides automated decision making ahead of time on the basis of predictions, capable of
processing datgenerated by sensors and able to be deployed in a real industrial @aviro
ment remains a challenge (Ahmad, and Kamaruddin, 2012; Van Horenbeek, and Pintelon,
2015; Aboelmaged, 2015).

5.4.2 State-of-the-Art Analysis

Despite the high amount of works regardintaintenancedecison making algorithms
there are still several aspects theoncern both industry and adamia. For examplejt is
difficult for manufacturing companies to deploy and adapt the decision making algorithms
existing in literature to their owmspecific business contexthysical models andata avaib-
bility (Ruschel et al., 20)7This fact becomes even more important in the context of the

Industry 4.0 paradigm and modern big data technologies.
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Consequently, manufacturing companies atewly alopting novel technolgies andn-
formation systems formproving their maintenance agations, whiletechnology providers
are used to provide solutions with limited capabilities (ermpnitoring of parametersgdo-
main-specific diagnostiand prognosticalgaithms). Moreover, existing algorithms and-i
formation systems for maintenance decision making hav@ose integratiorwith predictive
analyticsalgorithms generating prognostic informatiothe common practice is to utilize
the current level of degradain that is derived from the analysis of the indicators measured

by sensors along with expert knowledge.

Existing worksely on processing of batches of data at specific sampling t{ineg et
al., 2009; Peng et al., 2010; Julka et al., 20THis inhibis the responsiveness of the system
to provide evertdriven prognostic information and thereafter provide -time-fly decision
making for maintenancelo this end, there is the need farshift towardsscalable and eff
cient (near) reatime decision makinglgorithms. This aspect has both a technological (use
of appropriate technologies, e.g. for streaming data) and a functional (use of appropriate
decision modelgriggered only when there are predictions about future failyregy. rece

sive and computatioally efficient) perspective.

There is a gap in literature regarding generic deaisnodels representing the desibn
making process instead of the physical process. Moreover, there is a gap regarding the use
of probabilistic methods in a streaming context with the aim to tackle with uncertakity.
nally, a remaining challenge is the lack of methods and algorithpesta of recommending
optimized actionsat optimized timesfor both perfect and imperfect (of various degrees)

maintenance

5.4.3 The ProposedDecision Methods

5.4.3.1 Proactive Expected Loss Rate Optimization

Quantitative risk analysis seeks to numerically assess piliies for the potential co-
sequences of risk, and is often called probabilistic risk analysis balpitstic risk assas
ment. Risk analysis is a technique for identifying, characterizing, quantifying, and evaluating
the loss from an eventCost risk malysis or cost uncertainty analysis is an important aspect
of cost estimation. Cost risk is defined as the probability of the occurrence of an evént mu
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tiplied by its impact in cost (Arunraj, and Maiti, 2007). A cost risk function is calculated by
addingthe products of each alternative value i of the cost function with the probability of

having this cost function.

The ProactiveExpected Loss Rate Optimization (ELR) method estintlage expected
loss rate (expected loss per unit of time) of a singlegeined action each time a prech
tion event triggers Decide phase. It recommentis®e optimal time for the predefined
maintenance actionmplementation. This method is based upon cost risk analysi-(co
bined with reliability analysis due to the utilizatiof failure probability) which is defined as
the probability of the occurrence of an event multiplied by its impact in cost (Arunraj and
Maiti, 2007). Equatio®-3 shows the calculation of the ELR.

Equation5-3

6 60z00 6 0200

00 % ‘
0 ]

Where:6 0 is the cost function of the undesired event, 0 is the cost function of a
planned action implemented at a paefined time,0 is the predefined time when a
planned action is implemented, is the most probable value of the tirrte-undesired
event distribution function (e.g. in case of exponential distribution, it is equal tg)1 /

The loss rate is defined as the loss per unit of time. So, the explxggsdate is the addition

of the existing expected loss rates multiplied by their associated cumulative probalshty di
tribution functions. In this case, the probability distribution function of the occurrence of
the undesired event can be of arbitrary glibution. Previous works have assumed static
theoretical probability distributions (Vanneste, and Van Wassenhove, 1995) or batches of
data that update the decision module at a specific sampling time (Elwany, and Gebraeel,
2008) or by configuring a prdefined set of possible times of the undesired event (Wu et al.,
2007), while assuming constant costs throughout time. However, these ways are not appl
cable to a streaming data processing environment where sensors gather data in a very high
frequency and cds of actions may vary according to the implementation time. Hence, a
modification of the method in accordance to principles of proactive exivten computing

theory (e.g. use of cost functions), as shown in Equadi@n is required so that it can be
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embedded in a streaming architecture and therefore, the decisi@thod is enacted when

a prediction event about an undesired event is received.

5.4.3.2 Proactive Markov Decision Process

In MarkovDecision Process (MDP)palicy is evaluated according to its expadtutility:
the expectation on the value of the random variable defined as the sum of rewdrds o
tained by using the policyPuterman, 2014)This expectation can be defined recursively
using the Bellman equatiorfhe classic MDP model assumes a discrete timodel, where
state transitions can be taken in fixed time steps and its solution is a policy that indicates
0KS 2LWGAYLFE FTOGA2y Ay SIFOK adldsS OO0O2NRAY S
according to its expected utility (or expecteddpsin this setting, deciding when to take the
action is a crucial part of the decision (Engel et al., 2011). Thus, the decision algorithm that
uses MDP can provide proactive recommendations and support decisions about when to

take which action (Engel et.a2012).

This can be done by considering the transition probability distributions as a function of
time and thus, the expected utility functions can be optimized in order to find out which
action has the maximum expected utility (or equally, the minimexpected loss) and at
which time. The MDP states and their transitions are formulated according to the proactive
computing model and the expected utility of each action is estimated by using the backward
induction algorithm (Engel et al., 2012). For exéanpssuming that there are three possible
FOlA2ya IyR SIFOK 2yS 2F GKSY ySSRa || RSt @
effect, the MDP model is formulated as shownFigure5-3 (Engel et al., 2IP). Based on
this formulation,the MDPis solvedusing backwards induicin for finite horizon problems
(Engel et al., 2012).

Each state of the MDP proactive model corresponds to a reward which is derived from
the cost of undesired event and the costs of actions. Costs of actions can have either a fixed
value or a value as a function of implementation time, since the cost ofidadn action
changes in the course of time according to the time of its implementation. The costs are

inserted by the user along with the delays, the effect of each action (how much time each
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action prolongs the lifetime of the equipment) as well as the efithe decision epoch (the

time at which there is no need for a decision any mgeeg. time of planned maintenance).

S,: normal state
Sq: dangerous state
AN 2: no action

% |a: actioni
4 | S state associated
it | with the delay of
/1 |actioni
;/ |S,: state associated
! with action i
S,: state in which the
undesired event
occurs

Figure5-3: MDP formulation for proactivedecision making of maintenance actions

The algorithm provides as output the optimal action and the optimal time of applying
this action by conducting optimization of the expected utility functions of the alternative
actions. This model is able to consider both perfect and imperfect maintenaniomsetith
various degrees. In this method, the probability distribution function of the occurrence of
the undesired event must belong to the exponential family, due to the Markov property. In
the manufacturing domain, and more specifically in machine postics, the probability
distribution functions of the occurrence of the undesired event depend on the degradation
modelling until the breakdown. Degradation modelling usually follows an exponential, a
gamma or a Weibull distribution (Elwany, and Gebra2@08; Kapur, and Pecht, 2014; Gui
f sy Si Ff oz | 26 SOSNE Ay &az2yYS Ol aSa

affected by the cumulative damage, the linear degradation model can be used (Elwany, and

HAMc O ®

Gebraeel, 2008and therefore, the Proatve MDP method is not applicable

There is no cost (or benefit) of being at state Sn, héWc&¥  TU In state¥, there is a

penalty of6 (i.e. the cost of failure), henc&¥"Y 6 . In stateai we incur penalty of
0 O (i.e. the cost function of the action) and, given the probability to move to state
the policy evaluation gives:

YRY 26

Y'Y 6 06  O0YRYzYY 6 o 0
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In state!;, there is a penalty d o (i.e. the cost function of the action implementation)

and given the probability to move to state f the policy evaluation gives:

YUY o 0 0 "YRY zO0Y 0 "YRY z7Y"Y
o o O "YRY z6 O "YRY 26 o 0 "YRY 26

Finally, the state fhas not any penalty itself. Therefore, thélity functionis computed as
follows:

Y'Y 0 CYRY z7Y°Y 0 YRY z27YUY
Y

ox¢
_<
N
o
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<
>y
<
N
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¢
<
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Consequently, thetility function for each action is derived froBguation5-4:

Equation5-4

~.
g

Y O0°YRY z 86 o 0 "YRY z6 0 "YRY z 6 o

o
c2
<
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<
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o
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<
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<
N

Let"Y denote the expected utilityof taking no action. Backward induction for this policy

gives:

~

Y'Y O YRY zTY 'Y O YRY z°Y Y 0 “YRY 26

The transition probabilities frofl to "Y or Y are:
0 "YRY 0 o

0 YRY p 0 0

To proceed from ; to hj, probabilities are given by:

0 YRY O oM

c2
<
S,
<
©
c2
o
3
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that is, we move toY if ¥ does not occur between the time theéelay and theactionim-

plementation The transition fromY to “Y occurs with the complementary probability.
Finally, the distribution over the event occurrence in states denoted by:
0 YRY 0 o RY

T indicates the decision horizon, i.e. the end of decision epoch. If no action is taken, the
probability to go to states is the probability of the event occurrence over the entire mte

val:
0 "YRY 0 oORY
And0 "YRY is the complementary probability.

Therefore Equation5-4 is transformed to the expression Bjuation5-5:

Equation5-5

of 26 p O oh

N
o

o-
C

o iyzé 0 of 26

N
o
o-
C

The shape of the expectedtility curves is determined by the three main factors that

comprise it:

1 The cost incurred by the occurrence of failure prior to the time of the action taking
affect (corresponding to the first two factors Equation5-5). This factor is mam
tonic increasing in the time of action, since the longer we wait with taking an action,
the greater the probability that a failure will happen beforehand.

1 The cat incurred by the occurrence of failure despite the application of the ntitiga
ing action (third factor irEquation5-5), which is monotonic decreasingince the
probability that a failure will happen until the end of epoch is decreasing as time
progresses.

1 The cost of taking the actiona@t factor inEquation5-5), which is also decreasing

with time, for two reasons: (i) the later the action is planned for, the smaller the
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probability it will be taken, since the probability that a failure occurs before the a

tion increases; (ii) the action costet§is typically nonincreasing.

5.5 Joint Proactive Maintenance and Logistics Optimization

5.5.1 Motivation

Manufacturing failures cause significant problems in human safety, environmemtal i
pact and reliability of industrial processes. The fact that unexpefaddres deal with o-
certainty and stochastic degradation process of manufacturing equipment leads to iHgh u
certainty in the detsion making process as well (Van Horenbeek et al., 201R)s, there is
an increasing demand of maintenance management mdi@s well as associated info
mation systems in order to reduce unexpected failures, eliminate unscheduled downtimes,

and minimkze maintenanceelated costs (Wu et al., 2007)

Since maintenance and inventory managemarg strongly interconnectedhey should
020K 0SS O2YyaARSNBR aAyvydzZ GFlyS2dzate sKSy
Horenbeek et al., 2013Moreover,an accurate reliability evaluation is essential for taking
reliable maintenance modelling and spare parts inventory planningsoers {enkatesan
1984; Armstrongand Atking 1996; Aronis et al., 200%/aughan 2005; Wu et al., 2007,
Elwany, and Gebraeel, 2008/ang, 2012Van Horenbeelet al., 2013) The decision about
the predictive maintenance of equipment requires a balance between dbst due to
premature replacement and the cost of unexpected failure. Moreover, the ordering time of
spare parts and their stocking quantities should be planned so that holding costs are min
mized by avoidingat the same time, stockuts (Elwany, and Gebeel, 2008; Bohlin, and
2NNEBI Z HAMpPO

Due to the recent advances in technology and information systems and the plethora of
methods for prognosis, decision models for joint maintenance and inventory optimization
on the basis of prognostic information (e emaining Useful Life (RUL), Remaining Lste Di
tribution) coming from reatime data (e.g. through sensorbpve just started to emerge

(Van Horenbeek et al., 2013 ealtime data processing for proactive decision making poses
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several challenges in affency and scalability of the associated information systems. Cu
rently, most of such models and methods can be run offline or on the basis of batches of
data at specific sampling times. Although there are research works dealing with extracting
insights alout current and future situation of business processes, decision making on the
basis of reatime, eventdriven predictive analytics is still anderexplored area. More s
cifically, rarely joint maintenance and logistics decision modets realtime and event

driven.

The emaintenance concept can significantly enhance proactive decision making in
maintenancedriven operations management. However, despite the increasing capabilities
of etechnologies, maximizing theraaintenance benefs for the overall maintenance éff
ciency requires more than technology (Guillen et al., 2016). There is the need for models
and methods capable of being embedded in fié@le systems triggered by retime prog-

nostic information in an event processingresiming computational environment.

To the best of our knowledge, the most representative research work for suchokind
problems was proposed bfElwany, and Gebraeel, 200&ho transformed the decision
model prposed by Armstrong, and Atkins, 19%6so hat it is updated continuously in real
time according to the RUL estimation each time a sensor measurement is gathered. To do
GKAAZ AG GF1Sa Ayd2z2z 002dzyd GKS &l YL Ay3I (A
However, the availability of a multitedof data generated in the form of very high freaue
cy events by various sources, paves the way for coupling prog+zster decision methods
with sensorbased, eventlriven architectures that can support efficient processing of
events and improved scaldity, while having the ability of handling probability distributions

functions instead of parameters (e.g. RUL).

The proposedoint predictive maintenance and spare parts inventory decision nsdel
advance the stat®f-the-art since theycan be deployedia sensoibased, reatime big d-
ta industrial environment using an Event Driven Architecture (EDA}rendmaintenance
concept (Muller et al., 2008 the context of the framework for Proactive Maintenance
Due to the available prognostic informatiotie optimal time for maintenance of a part of

equipment can be recommended and spare parts can be ordered JIT. The integration in an
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EDA enables handling large amounts of data generated by sensors in high frequency, where

the continuous update of the desibn model is not possible.
5.5.2 Sate-of-the-Art Analysis

Companies keep inventories of spare parts in order to have availability in case of
maintenance. The amount of spare parts in inventory depends on the demand, i.e.rthe co
rective and the preventive maiahance actions requiring the associated spare parts. éher
fore, maintenance and inventory management are strongly interconnected and should both
be considered simultaneously when optimizing a tdmy @ Q& 2 LISNI GA2ya 0O+ |\
al., 2013) Most of theresearch works regarding joint maintenance and inventory optmiz
tion deal with decisions that rely on tirte-failure/ reliability distributions derived from
SELISNAYSyidlf &aSidzda 2N YI ydzF I O dzNRinfedated2 Y LI v .
and thus they are not able to update the recommendations according to the actual and / or
the predicted health state of the equipment. Although in the last years there have been
published many research works about réiahe prognostics, joint maintenance and spar
parts decision models on the basis of these predictions have not been explored, asa cons
guence of a general lack pfoactive decision methods for maintenancuch an approach
could support manufacturing companies minimize their major costs, sinceceease in
spare parts inventory cost is among the most significant indirect benefits providadolmy

active strategyVan Horenbeek et al., 2013).

In addition, almost all published papers on this domain deal with the application of CBM
strategy takingnto consideration the actual level of degradation, but not the prediction
about the future degradation, the future failure or other prognostic information. So, there is
untapped opportunity to explore such decision models to the implementatioRrofactive
Maintenancepolicy in industrial applications (Van Horenbeek et al., 20IRjeto the avai-
able prognostic informatiomproactivemaintenance actions can be recommended and spare
parts can be atered Justn-Time (JIT) (Van Horenbeek et al., 2008) the other hand, the
equipment downtime may be affected by logistiedated delays, while the time needed for
finishing the implementation of the appropriate maintenance actions is rarely accurately
known (Van Horenbeek et al., 2013). Finally, the vast ntgjof published papers assume

that the parts of equipment are perfectly maintained after a jolefined action impleme-
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tation or do not mention any assumption regarding the degree of restoration (Van
Horenbeek et al., 2013).

5.5.3 The ProposedDecision Methods

5.5.3.1 Proactive joint replacement and spare parts inventory decision model

This decision methots basedn cost risk aalysis (Hulett, 201scombined with reliabt
ity analysis (Ibrahim et al., 2005; Kapur, and Pecht, 20d4)le ittakes into account the fact
that a failure may occur till the next planned maintenance, even though a maintenance a
tion has been implemented, due to low quality of the spare parts replaced or errors in the
maintenance process of equipmenthis decision modelims to provide timehand reliable
recommendations about the optimal time for maintenance and the optimal time for erde
ing spare parts on the basis ofpaobability distribution function of a failure occurrence
along with its parameters. Degradation modelling usually followx@ponential, a gamma
or a Weibull distributior(Elwany, and Gebraeel, 2008; Kapur, and Pecht, 26{eiyever, in
some cases where the cumulative damage does not significantly affect the degradation rate,
the linear degradation model can be used (Elwaaryd Gebraeel, 2008 sincethis method

does not require a probability distribution belonging to the exponential family.

91 OK FFOG2N 2F (i K8rm R&idehande and inYedteySdosaamut 2 y 3
tions represents a cost risk based on the inpteived from the reatime prediction event.
In each time period, there are different associated costs that are expressed as a function of
maintenance actions implementation time because their duration may be unknown or too
random and there is a cost panit of time. In addition, the prediction event is received and
the recommendation is provided at time t = 0. The ltagn maintenance cost as a function
of time is extracted byquation5-6 while the longterm inventory cost as a function of time

is extracted byEquation5-7. Moreover, Table presents the explanation for each variable.

Equation5-6

Equation5-7
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When an actior¢|=is applied to reduce the probability of an undesired evdﬂis assoe
ated with a new event density functichk[= <«, which indicates the probability th&toccurs
at time t, although=|= has been applied before t. This happens because the implementation
of action=|=does not prevent with certainty. Therefore, the probability distributions are
calculated as shown iBquation5-1 and Equation5-2. In Equation5-2, the conditioning (€-
nominator) takes into account the fact that until the action occurrencedathe distriku-

tion in place wag*®

Table5-4: Explanation of thedecisionY 2 RSt Qa @I NAl ot Sa o

Variable Explanation

e <h< Probability distribution function that the failure occurs
within the time interval 6 o conditioned on not occu
ring until timeo

I <h< Probability distribution function that the failure occurs
within the time interval 6 o conditioned on not occu
ring until timed and assuming that the actiacdhas been
implemented exactly at time

e <h< Probability distribution fundon that the failure- does not
occur within the time intervald hd conditioned on not
occurring until timed

Jﬁ. < Cost of failure and of the associated corrective actions
function of implementation time
- < Cost of planned maintenance asfunction of implemers-
tion time
T < Shortage inventory cost as a function of time
I« Holding inventory cost as a function of time
4 Lead time between the time of placing the order up and

time of receiving the order

8l Time until nexplanned maintenance

%}. «is presented in the first and second factor &quation5-6. ggbeing referred to
the cost of failure for each time unit, in the first factorBfuatiors6, g « g <€.9.in
case of linear function), because the associated probability distribution function refers to
the time period (0, t), while in the second factor Bfjuation5-6, t is replaced by (), e.g.
W < m? 1 < because the associated probability distribution function refers to the

time period (t, T)3k. «is referred to the set of specific pefined actions and is presented

140



Proactive Decision Making in Maintenance Management

to the second and third factor dquation5-6. It depends on the time period/hich it refers

to. p_being referred to the cost of planned maintenance for each time unit §td the
average time needed for planned maintenance, in the second factoEdgfation 5-6,
*_<« r2 4 <«(eg. incase of linear cost function), while in the third factoEqta-
tion 5-6, t is replaced by4, e.g. {'f_ < F.? #_because the associated probability distr
bution function refers exactly to T, when the planned maintenance is condu#teel also
depends on the time period which it refers to and is presentethe first and second factor
of Equation 57. gybeing referred to the shortage cost for each time unit, in the first factor
of Equation 57, t is replaced by (t+L), i.#., 4 Fy 4 | while in the second factof
Equation 57, t is replaced byj <« 4 ,ieqy « pF2 q <« 4 . Finallygq <
depends on the time period which it refers to as well and is presented to the third factor of

Equation 57. ppbeing referred to thenolding cost for each time unit, in the third factor of

Equation 57, tis replaced by <« 4 ,ieqq « fpz 9 <4

Equation5-6 is minimized in order to provide the optimal time of conducting maint
nanceo . In this way, the timédased maintenance can become conditioased by appt
ing the same praletermined activies when the longerm replacement cost is minimum.
This equation consists of three factors whiepresent the cost risks:

1 The cost due to the probability of the occurrence of failure before the time of
maintenance actions implementatiorhis factor sbws thatthe longer we wait
for implementing an action, the greater the probability that a feglwill happen
beforehand.

1 The cost due to the probability of the occurrence of failure despite the application
of the mitigating action. This factor shows thiaie probability that a failure will
happen until the end of epoch is decreasingha course of time.

The cost of implementing the action at the end of decision epoch, i.e. the next planned
maintenance. This factor is taken into account because tretkd possibility of the failure
not occurring in the decision epoch although it has been predicigiation5-7 is min-
mized in order to provide the optimal time of ordering the spare partdn this way, the
spare parts can be ordered JIT, so that the {@rgn inventory cost is minimum. This eapu
tion takes into account the obsolescence of spare parts, which affecinbentory costs,

and also consists of three factors which represeat cost risks:
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1 The cost due to the probability of the occurrence of failure before the time of
spare parts ordering plus the lead time required.

1 The cost due to the probability of theccurrence of failure despite the action
implementation and, therefore, thi&ack of more spare parts.

1 The cost of implementing the action at the end of decision epoch, that is the next
planned maintenance. This factor is taken into account because thehe pc-
sibility of the failure not occurring in the decision epoch although it has been
predicted and thus, the spare parts that have been ordered remain in the-war

house till the next planned maintenance.

5.5.3.2 Proactive joint maintenance and spare parts wentory decision model

This decision modes triggered by prognostic information in an event processing-co
putational environment on the basis of sensggnerated reatime data. Unlike other ja
proaches,t incorporates multiple alternative maintenancetans since the recommended
proactive maintenance actions address perfect and various degrees of imperfectemaint
nance, while each one is mapped to the associated order of spare fgRarly joint
maintenance and logistics decision models are-teaé ard eventdriven, while they usua
ly provide recommendations about a pdefined maintenance action (assuming perfect
maintenance) with its associated pdefined order of spare parts.Moreover, it incorporates
an MDP model handling transition probabilitiestdbution functions of time, while, in the
place of state rewards, there are costs as functions of action implementation timeeCons

guently, its output is an actictime policy instead of an actiestate policy.

¢ KS RS OA aauihyt is X 8eRdbeficddénendations about the optimal mitigating
(perfect or imperfect) maintenance action (out of a list of alternative actions) along with its
implementation time and the optimal order of spare parts that are related to this action
along with the optimal ordeng time. Domain knowledge entered by users corresponds to
GKS LINRLI2aSR Y2RStQa AyLdzi LI NI YSGSNBE | YyR
breakdown), the alternative actions along with their cost parameters, and the new lifetime
after the acton implementation (i.e. how much time each action prolongs the lifetime of
the equipment) as well as the decision horizon (e.g. next planned maintenance). The latter is

defined by the end of decision epoch, i.e. the time after which the effect of the qiestli
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undesired event fades and the probability of its occurrence returns to normal (Engel et al.,
2012). The actiomelated cost parameters deal with two factors: the cost of action énpl
mentation and the cost of action effect (after the action implemerdaj. These two factors
apply in both maintenance and inventory aspects and are expressed as a functionef impl
mentation time, because actions often affect operation until some specific future time (e.qg.
taking machinery down to maintenance and losing tlest of the working week). In this
sense, the cost is a decreasing function in the activation time. The decision model dakes a
vantage of the basic model for proactive evaliven computing (Engel et al., 2012) and
extends it in order to address the jadioptimization of maintenance and spare parts orde

ing in a proactive way when there are multiple alternative maintenance actions andi-assoc

ated spae parts orders. To this end MDP model is used and is formulated accordingly.

The output of the MDP is na policy consisting of an actiestate pair, but a policy of an
actiontime pair, and therefore, the Bellman equation is structured accordingly. The decision
model is able to provide recommendations about when to take which action provided that
the costof taking the action and / or the cost of the action effect changes over time. To do
this, it incorporates the transition probability distributions as a function of implementation
time. The state rewards of the MDP correspond to the costs as functionspigmentation
time. Consequently, the result is the action with the minimum expected loss (instead of the
maximum utility) and the optimal time of applying it. The expected loss function of each
action is estimated by using the backward induction algorifiemfinite horizon problems
(Watkins, and Dayan, 1992) and the Bellman equation is minimized with respect to time.
The proactive formulation of the MDP model is solved for both maintenance and logistics so

that the resulting expected loss functions arénjty optimized.

Figure5-4 shows an example of the proactive MDP formulation for joint maintenance and
logistics optimization for three alternative actions. On the basis of this formulation, for arb
trary number of adbns, the equations of the joint decision model are derived, i.e. the
maintenance equation (for each maintenance mitigating action) and the spare parts orde
ing equation (for each order associated with the respective maintenance mitigating action).
Both ofthem are derived in relation to the predicted failure, but there are different trans
tion probability functions and state rewards in the same formulation, depictdeigare5-4.

The state rewards correspond to the maintenance costs (i.e. cost of failure, cost of action
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implementation, cost of action effect) for each alternative action and the inventory costs

(i.e. shortage cost, holding cost) associated with eactaaance action along with their

lead timesTable5-5a K2 g a

GKS SELIX I YylLGAz2Yy 2F

. S,: normal state
~ . |Sq: dangerous state
@: no action
a;: action i
S,;: state of action i
implementation
S, state action i
effect
Sy state in which the
SN ‘~--_:,,” failure occurs

Figure5-4: An example of the proactive MDP formulation for joint maintenance and logistics optimization.

Table5-5:9 ELJX | yI GA2y 27F

GKS LINRPLR2ASR Y2RSft Qa

idKS

QELI Yyl GA2Y

+ I NA
I <h<

Probability distribution function that the failuré&occurs
within the time interval 0 b conditioned on not occurring
until time 0

Probability distribution function that the failuré&occurs
within the time interval 6 v conditioned on not occurring
until time 60 and assuming that the actiot has been
implemented exactly at time

I < 9ELISOGSR f2aa TFTdzyOlimz2y TF2N
i | /2ald 2F FI Af dNB

< Cost function of the action effect

L < /] 2al FTdzyOlAz2y 2F GKS | OGA2
Fe OELISOGSR f2aa8 FdzyOlykAzy F2N
Fy e /] 2al 2F o6dz22Ay3d (KS &aLI NB L
Fy < /] 2380 FdzyOlAaz2zy 2F &aK2NIIF 3S
d [ SFR GAYS 0S06SSy GKS (AYS

GA¥F NBOSAGAYy3 GKS 2NRSNJ

a 5SOAaA2y K2NRAI 2y

5.5.3.2.1 Maintenance Expected Loss Function

LINE LJ2 a

Gl NAl of Sao

For the maintenance equation, based on the aforementioned MDP formulation, there is no

cost (or benefit) of being at state Sn, her@&"Y
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(i.e. the cost of failure), hend® 0°Y 0 . In state ei we incur penalty 6f 0 (i.e. the
cost function of the action effect) and, given the probability to move to state f, the policy
evaluation gives:

o0Y 6 6 0 YRY zOOY &6 o0 0 YRY 2§

In state @ there is a penalty ad 0 (i.e. the cost function of the action implementation)

and given the probability to move to state f the policy evaluation gives:

Finally, the state Shas not any penalty itself. Therefore, the expected loss is computed as
follows:
00°Y 0 YRY z00Y 0 "YRY z00°Y

0°YRY 26 6 0 YRY zé6 0°YRY z6 0 0 YRY z

6 0 YRY z¢

Consequently, the expected loss function for each mitigating maintenance astaerived

from Equation5-8:

Equation5-8

ca
<
>y
<
N

O0 O0°YRY z 6 o 0°YRY 26 O0°YRY 26 0o
6 0 "YRY z§
Let'O 0 denote the expected loss of taking no action. Backward induction for this policy

gives:

00"Y 0°YRY z00°Y 0 "YRY zOOY 0O "YRY 26

The transition probabilities froflY to Y or Y are:

O "YARY 0 ohd

C2
o-
a(

0 "YRY 0
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To proceed from ai to ei, probabilities are given by:

O YRY 0 oM

that is, we move taY if f does not occur between the time the action is applied until the

time it takes effect. The transition froiY to "Y occurs with the complementary probdbi
ity.

Finally, the distribution over the event occurrence in state ei is denoted by:

0 YRY 0 oRY

T indicates the decision horizon, i.e. the end of decision epoch. If no action is taken, the

probability to go to state f is the probability of the event occurrence over the entire interval:
0 "YRY 0 ORY
And0 "YRY is the complementary probability.

Therefore Equation5-8 is transformed to the expression Bfjuation5-9:

Equation5-9

C
o
3~
CA
o
3~
N
o
o

o z 6 0o

o

0 z0 p

P
ofHyze 0 ol z¢6

Ca

Equation5-9 expresses the expected loss of each mitigating maintenance action. The
minimization of the expected loss functions of all the alternaaeéons with respect tonn-
plementation time provides a recommendation about the optimal action (the action with
the global minimum) and the optimal time for its implementation (the time when thke e
pected loss has its global minimum).Hquation5-9, there is the cost function of the action
implementationd 0 (i.e. how much the process of action implementation coses.g.
cost of spare parts, technician payteaetc.) and the cost function of the action effect
0 O (i.e. how much the result of the action costse.g. cost of operating at reduced

equipment load). Provided that an estimation of the duration of action implementation is
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known,06 0and0 0 «XO, where t indicates the time of action implementation. The
polynomial of the action cost function of implementation as well as the initial estimation of
the duration of action implementation can be continuously updated, as we are explaining
below. In addition, ¢is considered equal to 0. Consequentiguation5-9 is transformed to

Equation5-10:

Equation5-10
006 p 0 oM z6 6 0 o Wzé6 p 0 OO W 2

6 6 @ O 0 @iYzé 0 ohzé

Considering a fixed cost function of action implementation and the time periods to which
the cost function of action effect correspondsquation5-10 is transformedto Equation
5-11

Equation5-11

006 p 0 ol
z§ 0 OO wWwzd p 0O OO W

28 'Y O @ 0 0 wiYzé O ofzH

5.5.3.2.2 Logistics Expected Loss Function

Similarly to the previous calculations, the logistiegted equation (dealing with
spare parts ordering) for each alternative maintenance action is derived from backwards
inductionalgorithm on the basis of the same MDP formulation. In this case, there is & shor
age inventory cost function o which is inserted in the following equations and a holding
cost function which is taken into account indirectly due to the complementaopabilities.
In addition, there is a cost of buying the spare pérts The state negative rewards repr
sent the inventoryrelated costs and the action states represent the order of spare parts
that is mapped to each action, as it has been definethatconfiguration of the equipment
instance. The ordering of spare parts business function is driven by maintenance, therefore,
the MDP formulation remains the same, but each state has a different reward whia$ corr

sponds to the spare parts ordering cosk®,the backwards induction algorithm gives:

o0Y ™
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Therefore, the expected loss function for eaattion is given biquation5-12:

Equation5-12

C2

00 0 "YRY z ¢ 0 "YRY 26 o O "YRY z0 "YRY z¢ o

Let'O 0 denote the expected loss of taking no action. Backward induction for this policy

gives:

00"y 0 YRY z00°Y O "YRY zO0Y 0 "YRY 28 0

Finally,the expected loss function of ordering the associated spare parts for each action is

given byEquation 513:

Equation5-13

Ca
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o
e
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N
C
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o006 p 0 ol z6
0 o 0 0l z6 o
Taking into account the lead times of the spare parts ordErgjation 513 can be tras-

formed to Equation 514:
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Equation5-14

o O @ 20 0 0 iYzs o O

()

Obo p 0O ol O z6 0 0 M O wWzd6 0 O p 0O O
Ww 0 o z§ Y

Considering the time periods to which the shortagest function correspondt, Equation

5-14 is transformed to Equation1b:
Equation5-15
00 o p 0O ol 0 z 6 0 0 O 0 wzd Y 0 O

p 0 O O 0 w 2z0 0 0 whYZzd Y 0 0 wo 0 o 0z

5.5.3.2.3 Joint optimization of maintenance and logistics

Equation 510 and Equation 84 constitute the generic proactive decision model for
joint maintenance and logistics optimization that is triggered Iprediction event contai-
ing the PDF of the equipment under consideration failure. Since thedepé&nds on the
degradation modelling until the breakdown, it will usually follow distribution belonging to
the exponential family (e.g. exponential, Weibull,ngaa) (Kapur, and Pecht, 2014) and
therefore, it will fulfil the Markov property. Otherwise, it should be filtered and processed
by the previousdecsion method for joint maintenance and logistics optimizati@efore
optimizing the equations of the propodedecision model, the PDFs should be calculated
according to reliability theoryTherefore theEquation5-1 and theEquation5-2 are adapted

accordingly

Equation5-16

‘O o ‘O o
p OO0

Ca
o‘
3(
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Equation5-17

‘O o ‘O o
p 00

0 oM

5.6 Proactive Selection of Maintenance Spare PartsoSuppliers

5.6.1 Motivation

Since manufacturing companies need to work with different supplérsaintenance
spare parts, the purchasing department can play a key role in cost reduction and risk optim
zation as well as in empowering the suppliers for improved quality, response time aad reli
bility of supplies deliveries (Sepehri, 2018) this sese, the strategic process of supplier
management is replacgnthe function of purchasing (Sepehri, 20i8Yyolving a smaller
numbers of highly qualified buyers, decentralized control of -malue adding items and
greater planning activity horizons. Consegtly, supplier selection becomes one of the
most important operations of supply chain management, since it should split the order
guantities among suppliers for creating a constantviemnment of competitiveness

(Sepehri, 2013)
5.6.2 Sate-of-the-Art Analysis

In manufacturing enterprises, procurement deals not only with the raw mater&ls r
quired for the production process, but also with spare parts needed for maintenancee-Ther
fore, the supplier relationship strategy should be aligned with the equipnmesihtenance
strategy(Slack et al., 2010%ince the supplier selection process occupies a large amount of
resources, companies expect to conclude in high value contracts. However, prices of spare
parts and raw materials are subjected to fluctuations withcertain trends, making pr
curement, and especially supplier relationship management, a key element of business pe
formance(Sepehri, 2013) { dzLJLJ A S NE& Q-tetriNasD&sa profit@biit Ousiness? y 3
NBLIzi F GA2y | yR 2dzi L) RISRR @O fLaNA OBSIBA QBB Ré& K dza
tonomous interacting software agents have gathered an increaststest during the last

years (Godarzi et al., 2014At the same time, procurement management should ensure
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reliability and quality of supplies itonjunction with the transaction costs and risks inya d

namic uncertain environmenfSepehri, 2013)Procurement management driven Ipyoac-

tive maintenanceOl'y o6 SySFAG FTNBY SFy YIydzFlF O0dzNRy 3
wastes during the productiomprocess(Cortes et al., 2016)Cooperating with one du

sourced supplier may cause significant probléf@aertes et al., 201650 having more choi

es of suppliers that produce and deliver the same components can lelggduture risks

and costs (Sepehi2013)
5.6.3 The Proposed Decision Method

This decisiomethod is triggered hy(i) a recommendation about the optimal actions as
well asthe optimal time for a maintenance action implementation along with the optimal
time of ordering the required spare pafts Y R 0 AA 0 (G KS LINBRAOUAZ2Y 27
until the decision horizonlt also takes into account the available purchasing budget, the
number of the potential suppliers and historical data about past portfoliben, itprovides
recommendations abut the optimal portfolio of suppliers given the purchasing budget at
the recommended future ordering time so that the expected losses are minimierko-
ver, it incorporates the last update faINS RA QG A2y 2 F & dzLJLX A SNEQ LINJ
horizan (e.g. until next planned maintenance&)s derived from a predictive analytics service
The output of the algorithm isth@a | NJ 2 6 A G 1T o0dzf £ S QaswglRastheli & WS T
optimal portfolio of suppliers, i.e. the percentage of the availgblechasing budget that
will be spent in each supplier out of a list of potential suppligte use of a portfolio opt
mization approach supports the allocation of scarce resources in the manufacturing ente
prise to different supplier relationships and thuthe minimization of supplselated risks.
Since information processing is asynchronous, sa@plier recommendation servicee-
OSA@YSa FYyR ai2NBa (KS Yz2ad NBOSy@g fmRah 0S 27
ERP system based on EDI datadrder to use it when thgoint maintenance and logistics

recommendationservicetriggersit.

Modern portfolio theory, or mearvariance analysis, is a mathematical framework for
assembling a portfolio of assets such that the expected return is maximizedgioen level
of risk, defined as variance. Its key insight is that an asset's risk and return should not be

assessed by itself, but by how it contributes to a portfolio's overall risk and return ¢Mark
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witz, 1950).In the supplier selection problem, assetrespond to a pralefined number of
potential suppliers for maintenance spare paf$PT shows how to choose a portfolio with

the maximum possible expected return for the given amount of risk. Two essential decisions
are necessary to be made to choo$e thest portfolio from a number of possible portfolios,
each with its risk and return opportunities: (i) Determine a set of effigommtfolios; and (ii)

Select the best portfolio out of the efficient set.

Therefore, the optimal ordering time is receiveg Markowitz Portfolio Theory (MPT)
optimization algorithm (Markowitz, 1952) and is processed in order to enable the mrcha
ing department to decide in advance what proportion of the procurement budget should be
spent to each supplier based on the prichattthey offer in the course of time for the same
maintenance spare parts. In this case, the assets correspond to the suppliers and tloe portf
lio indicates the percentage of the whole amount of money that should be given to each
& dzLJLJ A SNJ T2 Nder@dedtY LI Y@ Q& LINB O

The optimal portfolio of suppliers is defined according to the risk and expected retjuar

tions of MPT.

Expected ReturriO 'Y B 0 'O'Y hwhere'Y is the return on the portfoliaf suppi-

ers, 'Y is the return onsupplieri and0 is the the proportion osupplier"i" in the portfolio).

Portfolio return variance, B0 , BB ovvo,, , where” s the correh-

tion coefficient between the returns osuppliersi and j.

Portfolio return volatility:, L

The manufacturing company that needs spare parts to be suppbedreducethe
risk of the portfolio of suppliersimply by holding a diversified portfolio stippliers The
GNBELISOGSR NBGdzNY & LI OS¢ poifsiblei corbihatian toftriskiNB LINS &
suppliersand the collection of all such possible portfolios defines a region in this space. The
left boundary @ this region is a hyperboland the upper edge of this region is the efficient
frontier in the absence of a ridkee supplier. Combinations along this upper edge represent
portfolios for which there is lowest risk for a given level of expected return. Equivalently, a
portfolio laying on the efficient frontier represents the combination offering the best iposs
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ble expected return for given risk level. The tangent to the hyperbola at the tangency point

indicates the best possiblEAL

For a given "risk tolerancej™ Titb , the efficient frontier is found by minimizing thelfo

lowing expression:
0 60 NzY L, whee:

1 w is a vector of portfolio weights ari8l 0 p.

1 C s the covariance matrix for the returns on gwppliersin the portfolio

1 n Tis a"risk tolerance" factor, where 0 results in the portfolio with minimal risk
andk results in the portfolio infinitelyar out on the frontier with both expectecder
turn and risk unbounded

1 ‘Yis a vector of expected returns

1 0 O vis the variance of portfolio return

1 Y 0 is the expected return on the portfolio

An alternative approach to specifying the efficient frontier is to do so parametrically on
the expected portfolio returlY 0. This version of the problem requires that we minimize
0 O UsubjecttoY 0 ‘ for parameter>. This problem is solved usikgnvex optimia-
tion (Diamond, and Boyd, 2016) because it is a complex problem with bounds, constraints
and a Lagrange multiplierigures-5 depicts an example of the Markowitz bullet and thei-Eff
cient Frontier.

Efficient Frontier : all portfolios that provide
the highest return for a specified level of risk.

Individual
Assets

Expected Retum

Volatility (Risk)
Figure5-5: The Markowitz bullet and the Efficient Frontier.
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6 Continuous Improvement of Proactive

Decision Making

In thisChapter the proposed approach for continuous improvement of proactive event
driven decision making is presented. In order to tackle with the high sensitiviisoattive
decision making to its input parameters, the SenBoabled Feedback (SEF) approadh pr
cesses and analyses seng@nerated data with the aim to improve the accuracy of groa
GA DS RSORA & A 2d¢fined parainetdsiafd cdmdegueitly, thdiability of recan-

mendations.

6.1 Introduction and Motivation

As an emerging technology, Internet of Things (IoT) is expected to offer promising sol
tions to transform the operation and role of manufacturing systems with the use ofoappr
priate sensory, commuaation, networking, and infornteon processing technologies (Da
Xu et al., 2014)Since design and operation of a manufacturing system requires decision
making at all levels and domains of business activities, prompt and effective decisions d
pend not onlyon reasoning techniques, but also on the quality and quantity of data. Every
major shifting of manufacturing paradigm has been supported by the advancement of i
formation technology. The evolution of 0T and the development of industrial event
processingechnologies pave the way for proactivity in decision making, i.e. the ability to

decide and act ahead of time based on ddtaven predictions.

Proactive eventriven decision making is highly sensitive to its input paramegtengel
et al., 2012)especially to those related to action coss shown irthe evaluation results
Even slightly different action cost values compared to their actual values may lead to the
recommendation of a wrong (not optimal) action and/or timing for its implementation.
Since cost related information may be either estimated by humans or measured through
aSyaz2zNhE> GKSAS RSOALFGA2ya YlI& 200dzNJ RdzS G2
lected data (e.g. due to sensor noise), respectively.
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Proactive decision makirig sensitive to its input parameters, in the sense that their i
accurate estimations can lead to wrong recommendations. Deviations of action costs as a
function of time have a strong impact over the generated recommendation, since even
slightly differentvalues of action cost functions compared to their actual values, may lead to
the recommendation of a wrong action and / or a wrong optimal time for its implement
tion, as shown ifrigure6-1. To overcome the aforementioned problems associated with the
inaccuracy of manually inserted castated information and the resulting inaccuratecre
ommendations, our approach enables the continuous learning of each action cugioiu

by considering the actual costs incurred because of the action during the time period it is

implemented.
Cost functions based on domain experts Expected loss functions
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Figure6-1: The effect of inaccurate cost functions on the proactive decision making output.

In this Section, the development of an approach for automated and accurate cast est
mations in a reatime streaming computational environment is presented. The aim is to
enhance proactive everdriven decision making fomaintenance The proposed Sensor
Erabled Feedback (SEF) approach collects data dacign implementatiorand uses them
as feedback with the aim to update the action cost function. The updated cost function can
then be used in the next recommendation cycle involving this action. Theraforeaim of
the SEF approach is twofold: (i) to inform the user online about the estimated cost of action

during action implementation, and (ii) to update the cost function of the specific action and
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use it in the next recommendation in which this actisnnvolved.The proposed approach
is independent of the proactive decision methods used, in the sense that it increases the

accuracy of their cogtelated input parameters without changing the methods themselves.

In the following suksections, the apprazh of SEF and its instaation to maintenance

operations is described. The approach and #igorithm adiressthree blocks of the co-

ceptual architecture for the Decidehasethe a L / 2 Y FA 3dzNI) (S9ERehEY- 6 & F

uration is concerned) block dfie User Interaction Layeti KS at NB I OG0 A @S 5SOAa
block of the Realime Processing Layery R G KS ahyftAyS az2yAdr2 NARy 3Ié
action Layer Thesethree blocks are highlighted with red color in the conceptual arahite

ture inFigure6-2.

Pl‘ed iCt

,went

Real-time Processing

User Interaction

Action
.‘ | Recommendatlon
\iﬁ DMI I i
Configuration Decision
A Maker
- Proactive Decision 3
Methods =
[T
\\ 22
Context-aware % 3
Model g.
>
Sensor-Enabled B
Feedback (SEF)
Digital enterprise
Online monitoring

Q0

sensors

Figure6-2: Thefunctionalities for continuous improvement of proative decision makiigthe conceptual architecture.

6.2 State-of-the-Art Analysis

Although user input inaccuracy amadustrial sensor noise affesignificantly the effe-
tiveness ofcondition monitoring and maintenance optimizatioonly few research works
have investjated appoaches for tackling ther(de Jonge et al., 201Mespite the wide use

of sensor data acquisition and manipulation, existing research works mainly focus an cond
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tion monitoring applications for visualization, for exposing {tgak information to the user
and for detecting the current health state of a manufacturing syst@imese inaccuracies
can be eliminated with the use of adaptation mechanisms during the actions implement
tion (Krumeich et al., 2016J.0 the best of my knowledge, there is not an apmtodor ex-
ploiting sensor and legacy data foost estimations with the aim to improve the generated
maintenance recommendation§.or accurate cost estimational| the contributors (i.e. cost
factors) to the cost function of each action (e.g. the waitindens, the equipment availabi

ity, the transport costsyhould be taken into accounthis fact is achieved through the user
interaction and specifically, by enabling the expert to insert their domain knowledge in an
information system at design time. This end, he need for generic tools capable of eat
grating this information in order to formulate cost functions and thus, facilitate decisions
has recently been identified in literature (Carlander et al., 20H®\wever, existing works

consider the domai knowledge inserted by domain experts as fixed.
6.3 The Approach for Sensor-Enabled Feedback

The current workdevelopsa method for continuous improvement of proactive reco
mendations through evendriven SEF, in order to extend and build on the Decide phase.
SERgathers and processs feedback related to cost with the aim to continuously improve
proactive maintenancelecision making. This improvement is realized in terms of accuracy
in the estimation of the costelated input parameters and therefore, in teeof reliability
of the generated recommendationg’he SERpproach enhances and extends proactive
eventdriven decision making fomaintenance by utilizing the combination of online

changepoint detection, noise filtering and curve fitting algorithms.

TheDMI configuration requires domain knowledge from the user, which includes guant
fied cost functions of the various alternative actions over time. Action cost may beca fun
tion of its implementation time, while actions usually affect the operations unsipecific
future time (end of decision epoch). Examples of actions include take the equipment down
for maintenance and lose the production for the rest of the working day, or reduce tie pr
duction rate until the end of the shift. In these cases, cost imiya decreasing function

with respect to action implementation time because the later an action is implemented, the
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lower the total cost associated with the action is, due to its shorter duration until the end of
the decision horizon. On the other hanthetearlier an action is implemented, the lower the
failure risk is. In some cases, the cost function can express different meanings. For example,
if an action cannot prevent the undesired event, but it can reduce its impact, the cost of the
action can inalde the reduced cost of undesired event. Such ¢ekited information may

be limited or inaccurate, while the cost functions themselves may also change in the course
of time, making their initial estimations from domain experts not only cumbersomebto o

tain but also obsolete.

The cost functions are configurable according to the implementation domain, thé avai
able sensors and the problem to be addressed. They are structured based on the sensor
measurements and the cost data either provided by the usesxisted in the manufactu
Ay3a O2YLI yeQa aeaitaSvya o6So3ad GKS LINPRAOIGAZ2Y |
teraction layer, the user is able to formulate the cost functions based on their expert
knowledge and the available historical data in ortietake into account all the contributors
(i.e. cost factors) to the cost function of each action (e.g. the waiting orders, the equipment
availability, the transport costs). The cost functions are formulated with respect to action
implementation time.The SEF approach is implemented in two sudmponents, which are

A 4

RSGIFIATSR Ay GKS ySEﬂ asSoutAazyay ac¢2art [/ 2ad [/
6.3.1 Total Cost Calculation

The total action cost function in the manufacturing domain is typically an aggoegeait
different cost factors such as labour cost, cost due to downtime, cost due to scrapped parts,
cost due to warranty claims, cost of spare parts, etc. Depending on the nature of tie alte
native actions, different existing manufacturing cost models lsarused to decomposeca
tion costs to several cost factors; see éfgmorim-Melo et al. 2014) SEF leverages frequent
feedback on the actual values of the various cost factors through different sensors (e.g.
pressure sensor, accelerometer, etc. but al§PlEthat provide either directly or indirectly
costrelated reaidtime information during system operation. Noise in cosfated measue-
ments expressed as a cost deviation exists due to the noise apparent in hardware sensors
and data/ information quality eficiencies (accuracy, timeliness, adequacy and credibility)

(Li, and Lin, 2006)f information stored in production systems. Réahe information po-
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cessing is able to overcomesigs of delay and distortion (Hazen et al., 20dyvided that
the level d data consistency is high in the attributes that are objective to the @&t@on et
al., 2014) SEF uses peattion implementation cost factor data for refining the total action

cost function.

Figure6-3provides azoorh Yy @A Sg 2F GKS a¢ 2 Glcdmpohenta &/ | €
This subcomponent gathers sensor data corresponding to cost factors, identifies significant
deviations of their values in the course of time with the aim to detect when the coores
ing action starts or ends, removes noise from the sensor measurements (thus improving
data/ information quality) and calculates the total cost of the action by aggregating the

measurements of all the cost factors.

Total cost calculation
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Figure6-3: ¢ KS LINP OS&a F2NJ S OK 0O02z2ad FIFOG2N GKS |33aNB3ILGAzy 27
component of SEF

¢tKS O2ada GKFG IINB NBfFGSR G2 aSyaz2N) YSI ad
attributed to the single recomended action; therefore, we distinguish between baseline
cost data measured before action implementation and actielated cost data, with the

latter being calculated by subtracting the baseline from the total cost during actioreimpl
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mentation. As showin Figure6-3> G KS a¢2G1 f / 2 &dmponenti@aigd-+ G A 2 y €
rates the estimation of that cost baseline for each cost factor, i.e. of an aggregated value of

cost data measured during the period before the action implementation. First, the sub
component identifies whether the current state is a state before action implementation (i.e.

sensor data corresponds to baseline costs), or a state during action impletioentae.

sensor data corresponds to total costs). The transition from the one state to the other is
identified online through the action start/end detection processes, both of which ae d

scribed in more details below. Once the point of transition hasrba&lentified, the cost

baseline is calculated by applying Curve Fitting algorithms over the corrected (after noise
filtering) cost data time series preceding it. The whole process is exposed to the users

through online monitoring and visualization.

The ation start/end detection processes, mentioned above, are responsible for igientif
Ay3a GNIyairidAazya FNBY | ay2 |OlAz2ye G2 Iy dal
point, a higher cost compared to the baseline is identified in one or morefacrs. This is
an indicator of an action starting, since this cost increase occurs due to an action impleme
tation. Its cost function consists of these specific cost factors that have previously defined
and configured during user interaction. Thetrandi2zy 0S0i6SSy | ay2 | Od.
GA2yé adlradS Aa ARSYUAFASR UKNRBAZAK |y 2yfAyS
of algorithms have been proved to achieve high levels of accuracy and effectiveness by co
ducting online, reatime anomaliesdetection in a recursive way (Maleki et al., 2016dw-
ever, they have mainly be used in fault detection applicatidhs. focus is on causal predi
tive filtering; generating an accurate distribution of the next unseen datum in the sequence,
given only daa already observedn the proposed methodology, a retine, eventdriven
cost changepoint detection algorithm which considers only the most recent change by i
comporating Bayesian Inference (Adams, and MacKay, 26@f)plied. In this way, the alg
rithm identifies immediately the change of the system state (no actdrasdine cost, a-
tion-action cost)based on the probabilistic distribution over the possible ruflke alg-

rithm is formulated as follows.

We assume that a sequence aist factorsobservaionsé "® "® h5 "Omay be divi-
ed into noroverlapping product partitions (Barry, and Hartigan, 1992). The delineations

between partitions are called the changepoints. We further assume that for each partition
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" the data within it are i.i.d. from some probability distributiond "@ . The parameters

—,” pltiB are taken to be i.i.d. as well. We denote the contiguous set of observations
between time a and b inclusive asy . The discrete a priori pbability distribution over the

interval between changepoints is denotedtas "Q. We are concerned with estimating

GKS LI2aAaGSNA2NI RAAGNROdzOA2Y 2SN 6KS OdzZNNBYy i
given the data so far observed. We dendite length of the current run at time t by. We

also use the notatio® "O to indicate the set otost factorsobservations associated with

the runi . A r may be zero, the sét"O may be emptyThe functionOis the hazard fuo-

tion.The oveview of the Bayesian Onlin€ostChangepoint Detection algorithm is shown

below:
1. Initialize
0 i Yi €10 i ™ p
0 0
A D)
2. Observe New Datunm
3. Evaluate Predictive Probability
“ 0 6@ hd
4. Calculate GrowtHProbabilities
01 i phog 01 W'Q *“ p 'Oi
5. Calculate Changepoint Probabilities
01 TDQ 0i MR *“ 'Oi
6. Calculate Evidence
06'Q 0iM"Q

7. Determine Run Length Distribution
LiIHQ L’)iFtbdoTOé'Q

8. Update Sufficient Statistics

0 V)
(A (A
0 0 P
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@) @) 660

9. Perform Prediction
060D "Q 060D VIDQ

10.Return to Step 2

Since sensors and other sources of data generate noisy and low quality data related e
ther to the baseline cost or to the cost of the implemented action, a noise filtering algorithm
is required so that an accurate estimation of the costs (i.e. after remgompise) is made,
allowing to base further processing for the calculation of baseline and action costs to more
reliable data. Noise filtering of cost data time series is based on Kalman filter (and its non
linear extensions where the state transition aolservation models are not linear functions
of the state, but they are of differentiable type, i.e. Unscented Kalman FiKatjnan, 1960;
Wan, and Van Der Merwe, 20QQlulier, and Uhlmann, 2094one of the most widely used
methods for filtering, trackig, estimation and predictiofAli, and Ushag2009 Liu et al.,
2016)since it minimizes the variance of the estinmatiMean Squared Error (MSE) (Jwo, and
Cho, 2007)The main advantage of Kalman filter over other noise filtering methods is in the
computatonal efficiency of the algorithm due to its efficient use of matrix operationsallo
ing for longer reatime artifact removal(Rajan,and Rajalakshmy2014). This aspect is of
cial for the proposed SEF approach due to the need for scalabldimealbig data pro-
cessing. Moreover, since Kalman filter provides a sequential Minimum MSE estimation for a
time-varying parameter vector that follows a staspace dynamical model, it combines/se
eral advantages from other noise filters and namely simplicity, opiiyparactability and
robustness(Ali, and $haqg, 2009; Liu et al., 2018n addition, the Kalman filter has been
proved to perform better than the median filter, the Butterworth lgvass filter and the
discrete wavelet package shrinkage in terms of &igprNoise Ratio (SNR) and correlation
coefficient (R) between fégred and reference signals (Wang et al., 20IMpreover, the
Kalman filter has been proved to have a better performance than Fast Fourier Transform
detection (Will, and Cardoso2012). Despite its wide use in condition monitoring aplic
tions aiming to detect the current health state of the equipment, it has not been used for

cost estimations with the aim to improve the generated maintenance recommendations.
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For each cost factor, sensorsrgerate noisy data with a specific frequency either with
uniform or with norruniform sampling. These noisy data can be filtered to remove noise and
provide an accurate estimation of the variable of interest (cost factor). Different sensor
samplings (e.g.niform, non uniform sampling) and cost function polynomials per cost fa
tor are supported. The type of cost functions may be affected either by the cost model itself
(e.g. labour cost may be a linear function which corresponds to a pay rate of X euros per
hour and consequently, the noise corresponds to data low quality which leads to missing
data due to errors in data entry) or by a business process that causes a cost increase (e.g.

the number of defects per unit of time affects the cost function due tagped parts).

Therefore, SEF filters noisy cestated measurements in an event processing camp
tational environment and has two steps in each iteration: (i) Prediction, and (ii) Correction.
In each step, a set of equations based on Kalman Filsrthis solved, aiming to remove

noise from the costelated measurements, as shownTiable6-1.

Table6-1: Costnoise filtering set of equations

Prediction Correction

Kalman Gain:

Cost Factor Value Prediction: O 00O O Y
00 0060
Cost Factor Value Update:
Covariance Prediction: 00 60 0L a ™MW
0 60 6

Covariance Update:
0 ‘O v 0V

In the prediction step, the Kalman filter produces estimates of the current statea-vari
bles, along with their uncertainties. Once the outcome of the next measurement (necessar
ly corrupted wth some amount of error, including random noise) is observed, these est
mates are updated using a weighted average, with more weight being given to estimates
with higher certainty. The algorithm is recursive. It can run in real time, using only ¢he pr
sert input measurements and the previously calculated state and its uncertainty matrix; no

additional past information is requirelth this waya series of measureents observed over
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time containing statistial noise and other inaccuracies is usetl estimaes of unknown
variables that tend to be more accurate than those based on a single measurement alone
are produced. To do thjsa joint probability distbbution over the variables for each

timeframeis estimatedKalman, 1960).

Our model assumes that the true value of the cost factor at time k is evolved from the
aadrasS rtd o1 b MO FOO2NRAY3I (2 o6(acSBrespandsdioll Tl OF
the prior estimate of cost factor value at the kth time stémepresents the cost value tra
sition matrix which is applied to the previous stale, represents the prior error covariance
matrix,0 the error covariance matrix, whil@ "Ccorresponds to the current estimate of
cost value at the kth time step. is the Kalman GaifQrepresents the cost measurement
matrix,"Y represents the cost deviation caused by sensor noise, whi@®rresponds to the
cost measurement vector. It should be noted that at the point of transition (changepoint)
FTNRY (GK8yéaydz2l 0OKS al OlAz2yé aidlriaSz GKS O02ad -
to the baseline cost measurements stops and restarts being applied for the new vaiues (a

ter action implementation).

During each decision epoch that an action is recommendeatiamplemented, the total
cost of this action is calculated based on the measured values of the underlying cost factors
and their associated timestamps. This calculation is conducted by adding all the cast mea
urements during the implementation of the actidor all the associated cost factors. This
cumulative total action cost is used not only for online monitoring by the user, but also for
further data processing in the context of the cost function estimationcoimponent which

is described inhe following subSection.
6.3.2 Cost Function Estimation

Figure6-4providesazoomh y @A Sg 2F GKS a/ 2ai -cagmhénti A 2y 9

oLV

The left part ofFigure6-4 shows the cumulative total cost for an action in several decision
epochs where that action has been implemented. In each iteration, the action hasioeen i
plemented at a different time point with respect to the end of decision epoch. The cost C(ti)
represents the total cost of the action when it was implemented at the specific time, i.e. for

this specific remaining time until the end of decision epoch. The pairs of the cumulative t
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tal action cost and the remaining time until the end of decision é&pactually represent

points of the action cost function as can be seen in right paFRigfire6-4.
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To estimate the analytical expression of the action cost function from these points, we
apply Curve Fitting(Shawashand Selviah, 2018with non-negativity constraints, since the
action cost should be positive in order to express the expenses due to an action impleme
tation. Curve Fitting is applied on the basis of points constrained to supposed polynomials
using the LevenberMarquardt dgorithm for the sum of squares minimizatiqa 2 NB =
1978; Lourakis, 200%hawash, and Selviah, 20E8)plied to the cost function, estimated
according to corrected sensor dat@iherefore,given a set ofi empirical datum pairof
time and cumulative tothaction cost ohd , the goal is tofind the parameter$ of the

model curvéQdi  so that the sum of the squares of the deviatiohs is minimized:

Therefore, ét the Jacobian cQ0 be denotedd 0, then the Levenberglarquardt

method searches in the direction given by the solutipto the equations
oL _ 0O 0"Q

Where_ are nonnegative scalars aifds the identity matrix. The method has the pro
erty that, for some scalawrelated to_ , the vectom] is the solutionof the constrained

subproblem of minimizingh | "Q& ¥¢ subject toA &£ ®.
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Since the distribution that these points follow is not known in advance, a curve cempar
son algorithm is pplied. More specifically, polynomials of various degrees are compared
with respect to theMean Squared ErroMSE which includes a regularization term in order
to avoid overfitting(Eldar et al., 200%nd to result in convergencdhe MSEmeasures the
average of the squares of the errors or deviatidhehmann, and CasellaQ06). If is a
vector ofé predictions andwis the vector of observed values of the variable being ptedic
ed, then the withinsample MSE of the predictor is theean of the squared of errors and is

computed as:

o)

Consequently, the polynomial with the lowest MSE is selected as input to Curve Fitting.
Based on the data points and the polynomial order, the refined action cost as a function of
the implementation time is derived in order to be used at the same DMI the next time it will
be triggered by a prediction event. However, the user is provided with the capabilig-to s
lect whether they prefer the use of the refined cost function or the aséeir initial guess.

This may be required in cases where the particular action has not been recommended se
eral times and therefore, there is not enough data for a reliable result of curve fitting. Co

sequently, the user may prefer to be based on tltwimain knowledge.
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7 Context-awareness in Proactive Decision

Making

In thisChapter the contextawareness mechanism for proactive decision makingas pr
sented. Morespecifically, the proposed approach is able to deal with uncertainty in decision
making, while it is able to be embedded in a rBale, eventdriven computational en
ronment. Moreover, the proposed approach feeds into the proactive decision methods and

isupdated through SEF.

7.1 Introduction and Motivation

The emergence of the Internet of Things paves the way for enhancing the monitoring
capabilities of enterprises by means of extensive use of physical and virtual sensord-genera
ing a multitude of data. Theain driving concept in sensing enterprises is the use of multi
dimensional data captured through sensors generating events and providing added value
information tha enhances context awareness (Engel et al., 2@amnarinhaViatos et al.,
2013) The largeamount of sensogenerated data leads to a strong demand for data
driven, realtime systems capable of efficiently processing them, in order to get meaningful
insights about potential problem®roactive decision making requires contaxtareness
(Engel efal., 2011); however, the high frequency of the raaile events and the high unce
tainty pose challenges to the efficient handling of contewtareness. This Section presents
an approach that aims to enhance proactive evdriven decision making, by talg into

account contextual information.

The proposedorobabilistic model for contexaware proactive recommendatiortakes
into account the cost risks according to the existing context and the prediction eeent r
ceived.lIt utilizes context awareness whehere is uncertainty about the values of corte
tual elements in order to consider several contributing factors in the decision makog pr
cess and to provide optimal recommendations. To do this, it utilizes Bayesian Network (BN),

in order to represent thguncertain)causal relationships between contextual information
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and cost functionsalong with kmenas clustering for creating the values of the BN nodes
The proposed approach is embedded in a 4téak, eventdriven computational envino-
ment. Finally, da& about the actual action implementation cost in different contexts, which
are obtained through physical and virtual sensors during the actual execution of the re
ommended actions, are fed back to tlkentextaware model through SBEkth the aim to
close he loop and enable continuous learnirig.this sense, the approach deals with pro
abilistic contextThe deterministic context deals with Logic Based Models for representation
with facts, expressions and rules or with Ontology Based Models for formafispgons of
knowledge in order to take into account the user receiving the recommendation and p
rameters that affect the decision method output but are not inserted as input parameters
(e.g. the customer requirements, the current business goals, theimgxisesources, etc.).
These parameters are taken into account in the form of constraints andtfandition

Action (ECA) rules in the expected utility or loss maintenance function of the Decide phase.

In the following suksections, the approach afontex-awareness in proactive decision

makingand its instantiation to maintenance operations is described. The approach and the

algorithm addresswo blocks of the conceptual architecture: ti® a L / 2 Yy ¥ A 3 dzNJ

far as thecontextaware modelconfiguratin is concerned) block of the User lraetion
Layer andil K Sontéxtaware Modef 0 f 2 O] - ProcksSingwayér.tThese three

blocks are highlighted with red color in the conceptual architecturdeigure7-1.
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Figure7-1: Thecontext-awareness mechanisnm the conceptual architecture.
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7.2 Sate-of-the-Art Analysis

/| 2YGSEG KIFa 0SSy RSTA yab ke usedto chargtrizetlye®iz NI | (0 /
uation of an entity. An entity is a person, place, or object that is considered relevant to the
interaction between a user and an application, including the user and applications- the
aSt gSa¢ o6t SNB NIt-akaie syisténib Bre adapiableitahthe/exdsying 8nH future
possible environments without the interactions of users (Lee et al., 2013) and process the
context models based on the context lifecycle steps: acquisition, modelling, reasoning and

dissemination (Pera et al., 2014; Schmidt et al., 2016).

The main driving concept in sensing enterprises is the use of-tolénsional data qa
tured through sensors generating events and providing added value information that e
hances context awareness (Engel et 2012; Camarinhdlatos et al., 2013). The large
amount of sensogenerated data leads to a strong demand for ddtaven, realtime sys-
tems capable of efficiently processing them, in order to get meaningful insights aloeut p
tential problems. Proactive dedis making requires contexdwareness (Engel et al., 2011);
however, the high frequency of the reaine events and the high uncertainty pose tha

lenges to the efficient handling of conteatvareness.

Contextaware systems are adaptable to the existingl dature possible environments
without the interactions of users (Lee et al., 2013) and process the context models based on
the context lifecycle steps: acquisition, modelling, reasoning and dissemination (Perera et
al., 2014; Schmidt et al., 2016). Howeveesearch on cotext-aware systems has focused
on reactive applications rather than proactive ones that could enrich proactive -remn
decision making. The ability to obtain, to process, to manage, and to provide relevant co
text information desching the enwvronment and situation has become one of the most
important requirements for information systems (Zaplata et al., 2013; Da Rosa et al., 2016).
In addition to that, the prediction of future context is another important step for enabling
devicesand applications to also proactively support the user or to enable the desired aut
matic execution of his tasks even in dynamic environments (Mayrhofer, 2005; Zaplata et al.,

2013).
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However, research on contegtware systems has focused on reactive applns @a-
ther than proactive ones that could enrich proactive evdnten decision makinghe abl-
ity to obtain, to process, to manage, andgoovide relevant context information describing
the environment and situation has becomeae of the most impornt requirements folin-
formation systemgZaplata et al., 2013; Da Rosa et al., 20lk6addition to that, the predt
tion of future context is another important step for enabling devices and applications to also
proactively supporthe user or to enablelte desired automatic execution of his tasks even

in dynamic environment@Mayrhofer, 2005;Zaplata et al., 2013

Moreover, contextawareness has been considered in detection (Detect phase) aad pr
diction (Predict phase) algorithms (Feng et al., 2009; &taal., 2014; Thaduri et al., 2014;
Galar et al., 2015; Schmidt et al., 2016), but not in decision making algorithms and especially
in proactive evendriven decision methods, where there is uncertainty about the future
state of the system examined. Theoeé¢, when a decision is required for a future situation,
context is uncertain at this time. For this kind of problems, machine learning techniques are
appropriate. Machine learning can be seen as a context modeling approach in terms of its
objectives (Schidt et al., 2016). It has been proved to be the best approach for intelligent
contextaware systems (Thaduri et al., 2014), while it can be effectively coupled wéth rel
vant context reasoning techniques for supervised learning along with fuzzy and prstoabil
logic. In this way, the sensgenerated heterogeneous and noisy data processing as well as

the future state are taken into account.

Recently context awareness approaches is gaining focus of researchers from the field of
CBM and predictive maintenaachowever still at a conceptual le&chmidt et al., 2016)
This welknown concept in some other fields has not been investigated in Industry 4.0
enabled maintenance operations although it could be beneficial or even indispensable
(Schmidt et al., 2006 Concepts related to contex@wareness have not been utilized ks r
searchers from predictive maintenance fields. This is also evident from various review and
adzNBSe LI LISNAR Ay (GKS I NBIF gKSNB G(GKS (SNY
is neer directly mentionedSchmidt, and Wan@015.
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7.3 The probabilistic context -aware model for proactive dec i-

sion making

The proposedpproach aims to enhance proactive eveiven decision making by iut
lizing contextual information in the decision making gees.Since proactive decision niet
ods provide a recommendation about the optimal time of applying an action, the values of
the contextual elements at the time when the system recommends the implementation of
the acton is subjected in high wertainty, beause it is not known in advance the reco
mended optimal timeContextual information is propagated throu@EFand coupled with
domain knowledge in order to continuously improve the emdated parameters of the et
cision methods and therefore, the genéed action recommendationsit design time, du
ing User Interaction, the decision maker inserts domain knowledge with the aim to define
and configure the various parameters of the contaxtaremodel. In this way, the model is
initialized. This knowledgean be also inserted by integrating the system with the maoufa
GdzNAy 3 O2YLI yeQa Iheyserinseits tBeYcantext &fecing th® raob O ©
mendation, i.e. the context affecting the associated cost parameters. Moreover, the user
definestheprob o Af A& 2F | O2yGSEGdzZt St SYSyioa gl t
ties. This can be obtained either by historical data or by domain knowledge and should be

done only once, at the configuration, for the initialization of the contawiare model.
7.3.1 Context-aware Model Initialization

Gontext-awareness is treated with the use of a machine learning technique in order to
effectively deal with uncertainty in a future context. Future context is not known in advance
for two reasons: First, the conditions der which the system examined will function cannot
be predicted with certainty. Second, the proactive decision model is triggered after the co
text-aware model and therefore, the recommended times of actions implementation are

not known before the contexprediction.

The contextaware model is initialized after the equipment instance configuratiom-It i
corporates a Bayesian Network (BN), which is a powerful tool for knowledge representation

and reasoning under conditions of uncertainty identifying the piobstic relationships
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among a set of variables (Cheng et al., 2002). A BN has many advantages such as structural
learning possibility, combination of different sources of knowledge, explicit treatment of
uncertainty and support for decision analysis, dadt responses. The intensity of the-d
pendencies is quantified by conditional probability distributions associated with each node
(Korb and Nicholson 2010More formally, BNs are directed acyclic graphs whose nodes
represent random variables from the dwin of interest, in the Bayesian sense (Heckerman,

1998).

Therefore, the network is defined by a pair 6@Q0vhere G is the directed acyclic
graph whose node® hd /8 hid represent random variables, and whose edges represent
the direct dependenciesdiween these variables (Beggal, 2007). The graph G encodes i
dependence assumptions, by which each variables independent of its nondescendents
given its parents in G. The second compongritenotes the set of parameters of the e

work. This set cdains the parameter— 0 g for each realizatiomo of & cond-

tioned on“ , the set of parents o in G. Accordingly, B defines a unique joint probability

distribution over a set of random variables V, nam@gnGal, 2007)
0 &R 8 R b O —

Based on the domain knowledge or the analysis of available historical data, the stru
ture, the contents of the cause and the effect nodes as well as the prior probabilities are
initialized in orderto be used at the first recommendation of the instance, on the basis of a
prediction event trigger. The BN is created based on the derived ezfteset (causal) rel-
tionships between the contextual elements and the alternative costs along with their prior
probabilities for the decision horizon defined for the specific equipment instance. In this
case, the BN provides the probability that a specific cost is valid conditioned a spetific co
text expressed as cause nodes of contextual elements, according WBayes theorem, as

shown inFigure7-2.

Then, the Bayesian cost risk functions are estimated in order to be inserted in the proa
tive decisionmethod instead of the ost functions themselves, when thHeMl is enacted

online. Cost risk indicates the probability of the occurrence of an event multiplied g-its i
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pact in cost (Hulett, 2006 A cost risk function is calculated by adding the products of each
alternative valud of the cost function with the probability of having this cost function given
m specific Contextual Elements (CE). Therefore, the cost risk functions (caniane costs)

are calculated based on the BN, accordingtmuation7-1. The result feeds into the Reaso

ing sub-component of the Contexaware Modelin order to be triggered by the next predi

tion event of the specifiDMI.

Contextual Element 1 Contextual Element m
Value1 63.3 pm Value 1 48.0
Value2 152mi | Value2 253 ms
Valuek 215m | Valuek 26.7 pmi

Cost Function 1 Cost Function n
Value1 334 mm Value1 334 mm
Value2 34.5 mml Value2 33.6 i
Valuek 321 i Valuek  33.0 jmml

Figure7-2: The Bayesian Network for the calculation of n expected cost functions with k alternative values conditioned

m contextual elements with k alternative values.

Equation7-1

7.3.2 Context-aware Model Reasoning

Based on the input of the initialized contexivare model, the DMIs provide context
aware proactive recommendationfuring the implementation of the recommended-a
tions, the SEF mechanism figrther utilized in order to update the structure of the BN, the
content of its nodes as well as the associated conditional probabilities. The costs associated

to future failures and mitigating actions are rarely simple to derivabdy by the user, du
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ing configuration, due to human subjectivity or unawareness of every aspect of the actual
business situation. Moreover, reasoning of the contewtare model requires continuous
learning and update. Therefore, incorporating a methoddontinuously improve the age

racy of proactive decision making input parameters is a critical aspect of the proposed mo
el. After action implementation, the output of SEF feeds into the cord@vdre model ra-
soning in order to update the BN structuradato express the improved causal relationships
between contextual elements (cause/ parent nodes) and alternative cost functions (effect/

child nodes) through Bayesian inference.

However, each updated cost value of the effect nodes may not be more estabhpa-
Ay3a (02 GKS LINB@A2dza 2yS RdzS (2 KAIK Ayl OOdzN
YSIF &ad2NBYSyia 6KAOK LINRf2y3 GKS Y2RSt@a SN
mation provided by a redime feedback mechanism cannot easily feetia BN, the nodes
of which handle discrete or discretized values. To overcome these challenges, eachrcost va
iable in the effect nodes of the BN takes a cluster of values from the z last measurements
along with their associated probabilities. The values @ustered to their relevant position
and derive the most probable value (centroid) along with the associated centroid probability
as a result of the Xheans clustering algorithrfPelleg, and Moore, 2000), an extension ©of k
means clustering algorithmrherefore, each cluster consists of the costs with respect to
their probability. In this way, contexdwareness affects the costlated parameters with
respect to which proactive decision making is highly sensitive (reference), and enables the
provision off 2 NE NBf Al 0fS NBO2YYSYyRIFGA2ya o6& FdzNIK:

sensor measurements and event processing.

K-means clustering aims to partition n observations into k clusters in which each-obse
vation belongs to the cluster with the nearestean, serving as a prototype of the cluster.
The problem is computationally difficult (Nfard); however, there are efficient heuristic
algorithms that are commonly employed and converge quickly to a local optimum, e.g.
[ f 228 RQa (Hriégal 2tMIRA1LK) TYhe Xmeans clustering algorithm is an extension of
k-means clustering, which is a method for finding clusters and cluster centers in a set of u
labeled data (Kanungo et al., 2002)mi€ans clustering algorithm suffers from three major
shortcomings: it scales poorly computationally, the number of clusters K has to be supplied
by the user, and the search is prone to local minima (Pelleg, and M266€)). Xmeans
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algorithm refines cluster assignments by repeatedly attempting subdivision, and keeping the

best resulting splits, until some criterion is reached (Pelleg, and Moore, 2000).

Figure7-3 shows a BN in the effect nodes of which-en&ans clustering algorithm ipa
plied in order to create clusters of cost values. An example of the clusters in each effect
node is shown irFigure7-4, where the probabilities of the cost centroids should sum to 1.
The contextawareness mechanism (BN incorporatingn&ans clustering in its effect nodes)
has been developed as a generic methm a modular way, in order to be able to beueo
pled with any proactive decision method and r¢iahe feedback mechanism. On the basis
of the centroids, the contexaware costs are calculated and feed into fh@active event
driven decision methodHowerer, all the data including in each cluster along with the costs
and the recommendations to which they lead are stored in the database and car-be e

posed to theuser upon request.

Contextual Element 1 Contextual Element 2
Value 1 pl Value 1 p3
Value 2 p2 Value 2 p4

Cost of proactive action Cost of undesired event
Values of cluster1  p5 Values of cluster1  p7
Values of cluster2  p6 Values of cluster2  p8

Figure7-3: An example ofthe contextaware model incorporating a neans clustering algorithm in the effect nodes of
the BN.

Centroids

/ \
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Figure7-4: An example of the ¥neans clustering algorithm with two clusters in anfett node of the BN.
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7.3.2.1 The Contextaware Reasoning Agorithm

Since sensegenerated big data require efficient and scalable {tgake processing
and the number of clusters may change as soon as the BN is updated, we take advantage of
the use ofXmeans clusteringa method for ¢gnamic determination of the number of du
ters. In this way, the proposed algorithrefines cluster assignment consists of two main
operations: the parameters improvement, which rungkans algorithm until convergence;
and, the clustering structuremprovement, which finds out if and where new centroids
should appear based on the splitting decision according to the Bayesian informatioit criter
on. In addition, a normalization equation for normalizing the probabilities of the clussers
embedded while, after each loop, there is a control of convergentleis algorithm is shown

in detail below.The steps of the algorithm are executed iteratively.

Improve parameters

It includes kmeans clustering algorithm until convergence. According to theekns
clustering algorithm, given a set of observations & X Wheie each observation is a d
dimensional real vector,-kneans clustering aims to partition the n observations itto 6 XX Yy 0
sets S = {$S2 X B0 af to minimize the Withi€luster Sunmof Squares (WCSS) (sum of
distance functions of each point in the cluster to the k center). The algorithm is ofeen pr
sented as assigning objects to the nearest cluster by distance. The standard algorithm aims
at minimizing the WCSS objective, and thusgmssby least sum of squares, which is exactly

equivalent to assigning byé smallest Euclidean distance.

Consequently, its objective is to find:

AOCIET ms * &£ AOCIT Edvan &Y

N

where >jis the mean of points in.S

Therefore, according to the-kaeans algorithm, given an initial set of k means ,& X XX

a , the algorithm proceeds by alternating between two steps:
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Assignment stepAssign each observation to the cluster whose mean yields the least WCSS.
Snce the sum of squares is the squared Euclidean distance, this is intuitively the nearest

mean:
Y wd o G w0 G ' Q Q

Where eachw is assigned to exactly ofi¥ , even if it could be assigned to two or more of

them.

Update step Calculate the new means to be the centroids of the observations in the new

clusters:

Improve structure

It identifies if and where new centroids should appear by searching the spacesef clu
ter locations andhe number of clusters with the aim to optimize the Bayesian Information
Criterion (BIC). The BIC scoring is used both globally (when the algorithm chooses the best
model) and locally (in all the centroid split tests). Given the data D and a list of &iNerna
solutions Mwith different values of k, the posterior probabiliti@s O are used to score

the solutions. In order to approximate the posteriors, the following equation is used:

\

606 a®© %Zi'l"\@

Wherea O is the loglikelihood of the data according to thel solution and taken at the
maximumtlikelihood point, and) is the number of parameters in which is derived from

the sum of kl class probabilities, M*k centroid coordinates and one variantenase.

The maximum likelihood estimate for the variance is:

The point probabilities are:
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- Y P
Lw —2—20
Y U,
The loglikelihood of the data is:
. Yo Y 20 y Y , o
ao ?leq(; c z] 1,C Yz IG Yzl I'G

Normalize cluster probabilities

Due to the existing uncertainty in conteatvareness, an additional equation is required to
the system of equations that the algorithm solves. Specifically, a normalization equation is
needed in each effect node withe aim to normalize the Bayesian probabilities assigned to

the k cluster centroids so that they are summed to 1. Therefore, the equation is as follows:

66 00 8 80 p

|

Consequently, the probability of@ o giventhed O 8 0 O is catulated as shown:

06 690 8 60
B, 06 06090 8 60

Control convergence

If kK > kiax Stop and reportthe besh O2 NAy 3 Y2RSt > SftasS 32 G2 aLY
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8 Information System

In this Chapter the developed proactive evestriven information system isxe
plained. The developed information systera called ProActive seNsing enterprise Decision
configurator DAshboard (PANDDAhd addresses the Decide phase of tReoactive
Maintenance framework. It incorporates the functionalities presented in Chapt&hapter
6 and Chaptef7. It was integrated with systems addressing the various phases of Proactive
Maintenance based on the framework presented in Chagtar order to result in a uniéd

information system for Proactive Maintenance.
8.1  System architecture and implementat ion

8.1.1 The Overall Proactive Maintenance Information System

The overall information system for Proactive Maintenance is addressed through-the in
tegration and unification of ifferent tools and services addressing the various phases of the
framework for Proactive Maintenance. The Proactive Maintenance system is able o inte
grate data provided by different sources, to evaluate the quantity and the quality of the da
taset, to syport efficient realtime data processing, to provide access to sensor data in a
streaming context and this should be done in combination with huge past data and to take

into account background knowledge.

The realtime processing layer of the architectunas be@ implemented as a Stornot

pology https://storm.apache.ord. Storm is a distributed data processing system which is

based on elements organized in a topology and called spouts and bolts. Spouts, which are
the entry points into the realime processing layer, poll relevant data sources such as se
sors and distribute the data further in the topology. Bolts, which are the processig el
ments, implement the Proactive Maintenance informatiprocessing services. @ts are
intercomected with an internal pub/sub mechanism and communicate through messages

called tuples. All the integrated components of the rgale processing layer are Storm
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compatble in order to facilitate distributed processing of sengeneratal big data with

high speed and velocity and to allow the whole system to scale.
8.1.2 Overview of PANDDA

PANDDAwhich addresses the Decide phase of the Proactive Maintenance framework,
is a Python welapplication developed using the webZf§ramework. Web2py is an open
source web framework (released under the LGPL version 3 license) for agile development of
secure databasédriven web applications, written also in Python. It follows the Model View
Controller (MVC) software engineering patteffhis pattern aims to the separation of the
data representation (the model) from the data presentation (the view) and also from the
application logic and workflow (the controllerl.hethree-layeredPANDDA system technical
architecture is shown ifrigure8-1 and its main subcomponents arexplained in detail in
the following SectionsThe presentation layer occupies the top level of the architecture and
displays infomation related to services available on the weaaised PANDDA configurator.
Business analysts, who are the main users of the PANDDA Configurator GUI, access the sy
tem through a wekbrowser, login with their personal accounts, and are exposed to services
allowing them to create one or more instances of decision making methods, as wel-as co
figure, monitor and assess their performandehe SEF functionalitpyf PANDDA provides
reaktime feedback about the execution of (the recommended) actions by incorpayatnd
processing data provided by sensors with respect to action execution costs. The default and
most common behavior of web applications which rely only on the http/https protocol is to
update the user interface (the webage) by pulling data from thessser when the usere-
guests information by clicking HTML elements of it like buttons or links. However, the real
time feedback functionality of the new version of PANDDA requirestiraal monitoring of
events. In order to achieve redime update of theuser interface (without the intervention
of the user) we utilize the servgrush and evenbased publish/subscribe capabilities of the
WAMP protocol. On the clienside (the webbrowser) we use the Autobahn|¥Javs-

cript implementation of the WAMP protml and correspondingly, on the server side, we use

19 http://web2py.com/books/default/reference/29/web2py
1 http://wamp -proto.org
12 http://autobahn.wsl/js
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the Crossbar.itt WAMP router. In order to incorporate better insight about the cost of the
actions we send all coselated data to a Graphite/Carbon server, a highly scalabletiaal
graphing system whh is able to store thousands of tinseries per second and compute
metrics on them. The complexity of this infrastructure is not exposed to theused who

can transparently access via a single welge data coming from all the different sources
(PANDDAWAMP router, and Graphite Wetpp) because an NGINXeverse proxy is ao
figured to intervene and translate all the URLs in order to make them appear as if they are

coming fromthe same wekserver.

The logic layer controls application functionality by performing detailed procesHieg.
services exposing the functionality of decision methods are decoupled from the PANDDA
Bolt, which is part of the ProaSense Storm topoldine PANDDA system based redic-
tions about future undesired events implements different proactive decision methods.
Moreover, the system monitors the cost of recommended actions implementation through
sensors by using the SEF mechanism in order to improve the recommendationdutes.

In addition the system provides redime information to the user about the incoming cost
data and the processed data the system computes based on them. Cost data (eitker bas
line or actionrelated ones) from sensors arrive to the PANDDA datagsging services
(which are implemented as RESTful veslovices) from Apache Storm or other sources.
PANDDA processes them (by applying different types of filters) and then stores the results
to PANDDA RDBMS. Then it publishes the results to the WAMP amdesends them to

the time-series analysis services of Graphite/Carbon.

Finally, thedata layerhouses a relational database engine like MySQL, SQLite, Pos
greSQL or Oracle RDBMS where the information needed by the main algorithms of PANDDA
is stored andetrieved. The Graphite server has its own internal tisegies datastore which
is used to store data and create graphs about them and their metrics onregeest. This
service can run on a separate machine or a Virtual Machine without slowing dowratfe d
processing (e.g. Kalman filters and regression/curve fitting) performed in the main daata pr

cessing services of PANDDA.

13 http://crossbar.io
14 https://www.nginx.com/
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PANDDA is an eveRNA @Sy aeadSyYy (KIG RRNBaaMmem GKS
dict-Decide! OG0 Q YS{ K2 R2f 2 hhitéctOr® grésdhted/i@Sedtian 44 .4t Sas
been implemented as a Python wealpplication developed using the web2py framework
(http://web2py.com/books/default/reference/29/web2py. It mnsists of four main sub

components: the PANDDA GUI, the PANDDA Control spout, the PANDDA Bolt and the

PANDDA Runtime Services. PANDDA GUI is referred to the User Interaction Layer-of the a
chitecture, while PANDDA Control spout, PANDDA Bolt and PANDBD#/erR8ervices are

referred tothe Realtime Processing Layer

Presentation Layer

Business A;Ivst

HTTP/HTTPS i WAMP protocol (over WebSockets)

NGINX Web Application

(reverse proxy) N
\ server
PANDDA Graphite
Presentation layer Web-app

— i — — — — — — — — — — — — — — — i — — — e m— — — — — —

Crossbar.io I

(WAMP router)

S PANDDA

Data Processing
Services

Graphite/Carbon Server

PANDDA Runtime Services

Data Layer

PANDDA RDBMS Graphite /Whisper DB
(cost factor analytics)

Figure8-1: The PANDDA system technical architecture.

8.1.3 Logic Layer

The logic layer oFigure8-1 implements the PANDDA Runtime Services which include
the proactive decision making, the SEF and the cordemreness functionalities of

PANDDAThese services and their runtime executeme presented in detail in the following
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sub-sections.A major architectural decisiofor PANDDA Runtime Serviogg&eaitime Pio-
cessing layenyvas to decouple the PANDDA Bolt, which is part of the ProaS¢oise ®-
pology, from the serviceenplementing the finctionalities of contexaware decision ma

agement, depicted as PANDDA Runtime Servicégure8-1.

8.1.3.1 Proactive Decision Making

The main interactions among the sgbmponents of the PANDDA rdahe processing
layer are depicted irFigure8-2. The PANDDA Bolt assumes the role of a proxy, as-it fo
wards both the parameters of th@ecision methods defined by the business analysts (step O
of Figure8-2) and the parameters of the predicted undesired event (step Eigfire8-2) to
the PANDDA Runtime Services (step Figlire8-2). The latter extract and parse param
ters from the received events, execute the functionality of the decision method instances
(step 3 ofFigure8-2) and send the results back to the PANDDA Bolt (stepFgoie8-2).

The PANDDA Bolt generates in turn a recommendation message based on the esults r
ceived, which is further propagated within the Storm topology and the séthe ProaSense

architecture (step 5 ofFigure8-2).

There are several distinct advantages of decoupling the PANDDA bolt from the service(s)
implementing decisiommaking functionality, i.e. the PANDDA Runtime Services. First, the
service(s) exposing the functionality of decision methods are decoupled from the impleme
tation details of an Apache Bolt. In this way, the implementation flexibility is increased, as
any technological platform, language and/or API can be used for the implementation of the
various decision methods, allowing even the implementation of each one of them in-diffe

ent technological platforms, languages and/or APIs.

Second, there is no need tedeploy a PANDDA bolt and restart Apache Storm each
time the configuration of some decision methods needs to be changed. On the contrary, the
approach followed allows the PANDDA bolt to be configured at runtime through the
PANDDA Control spout, as exp&inbelow. Third, implementation of decisionaking
methods as services allows their reusability in contexts different than a Storm topategy, i

creasing their exploitation potential.
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a) Receive request

PANDDA Runtime Services
PANDDA ‘ b) Retrieve instance configuration for i1234
DM Instance ID: i1234 ~ Q previously set by analyst
+

¢) Execute Decision Method instance

d) Send recommendations and related

Prediction message A
analytics

(lambda : 0.5 Recommendation
Subject: gearbox1)

Message
2 (action : URI_a2
time : +16.5 hours ; Sub;
- gearbox1
Apache { ) 4
STORM —— TR <
...................... b
'v '\‘O}‘ o/
| -,
§ .
( g "\v Prediction message 5
0 (lambda : 0.5 |
——— — Subject: gearbox1)
’ . Recommendation
= Message

( ) (action : URI_a2
e time : +16.5 hours ; Subject
gearbox1)

Figure8-2: Interactionsamong the subcomponents of the PANDDA Reténe Processing Layer

The PANDDA Control Spout is part of the ProaSense Storm topology of the Real time
Processing Layer and is a component that assumes the role of a bridge between the
PANDDA Decision ConfigtmaDashboard and the PANDDA Bolt, in the sense that it picks
up the decision method configurations defined by business analysts through the former, and
pushes them to the PANDDA bolt (step G~@fure8-2). These two components can interact
either during the initial setup and deployment of the Real time Processing Layer, during
which the business analysts define decision method configurations, or duringgmen a-
lowing reconfiguration of decision method instances through the PANDDA bolt with no need
for bolt redeployment. Communication between the PANDDA Decision Configurath+ Das
board and the PANDDA Control Spout is performed through Thrift messages, which are
broadcasted to the broker by the former. Those messages are picked up by the PANDDA
Control Spout, which deserializes and pushes them to the PANDDA bolt.

The sequence diagram &igure8-3 illustrates the main interactions among the subcamp

nents of the logic layer, as well as the interaction of the PANDDA decision making services
and bolt with the other bolts of the ProaSense Storm topology. All depicted objects except
of the PANDDA Decision Making Service reside inside an Apache Storm topology. The Online
Decision Making (PANDDA) Bolt is a Storm Bolt that serves as a proxy between aoStorm t

pology and the PANDDA decision making services.
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The decision making methods ofetiPANDDA system take as input probabilistes pr
dictions about future undesired events. The Online Analytics ProaSense component{produ
es predictions about future events based on raale events from sensors that may observe
several different parameters @he environment (e.g. the temperature and the oil pressure
of a motor or the utilization and the rate of errors in a network link). A prediction ispenca
sulated by Online Analytics in a PredictedEvent Apache Thrift object and emitted to the
PANDDA Bolt &torm a tuple. When a new tuple arrives to a PANDDA Bolt it must lee des
rialized (operationdeserilazg Then the PANDDA Bolt extracts information from the- Pr
dictedEvent ¢ventName subject lambdg and calls the external PANDDA Decision Making
Service i calling the operatiorgetActionRecommendationThe operationgetActionRe-
ommendationrequires an additional field (hamedstancel) which indicates the PANDDA
decision making method instance that must be called. This information comes fromnhe co
figuration of the specific PANDDA Bolt instance. Multiple instances of PANDDA Bolt can be

used in the same or in different topologies.

The result of a call tgetActionRecommendatiois returned to the PANDDA Bolt. It
contains information about a recommendatidor an action that must be implemented at a
specific time by a specific actor. All the information is encapsulatedRec@mmendatio-
EventApache Thrift message by the methedeateRecommendationEventhis event is

then sent to the Storage Layer of thAIRDDA platform and is also emitted a tuple in the
Apache Storm.

:OnlineAnalytics :OnlineDecisionMa :PanddaDecision Storage :Apache
Bolt king (Pandda) Bolt MakingService =>lorage Storm
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8.1.3.2 Contextaware Model

The contextaware model incorporates the context modelling and context reasoning
functionalities. Context modellingitializationis conducted at the presentation layer being
triggered by the DMI configuration, while context reasoning is conducted at the logic layer
beingtriggered by the SEF output. Thentextual rules and constraints that are used at the
expected maintenance utility or expected loss functimsodelled with an Ontology model
based on the WWW SSN Ontgyo(Compton et al., 2012ccording to an enterpse model
that allows the consideration of the contextual elements affecting proactive decisida ma
ing by establishing appropriate relationships between the contextual elements andathe p
rameter valueqPetersen et al., 2016The contextaware model of PADDA retrieves the
appropriate information in the form of constraints and rul€mn the other hand, theincera-
tin context is modelled with the use &N and Xneans clusteringn order to catch unce
tain causal (causeeffect) relationships between the coextual elements and the altem
tive input parameter values (e.g. a different cost due to the probability of a differemt co
text). In this case, context reasoning is conducted due to the Bayesian inference through

SEF.

8.1.3.3 SensorEnabled FeedbackSEF)

The sequence diagram &figure8-4 illustrates the main interactions among thebsu
components of the logic layer, as well as the interaction of the PANDDA data pnocess
vices with the associated (cesklated) sensors, the internal components of the PANDDA
system that process actioNB f  § SR 02ad RFGlF FyR GKS dzia SNDa
the sequence diagramf Figure8-3. SERakes as input cost factor data derived from sensors
related to the implementation of the (recommended) DMI action. The processing service of
PANDDA retrieves actieelated parameters from th&DBMS, applies different algorithms
for action start/stop detection and cost factor noise filtering and then sends results to:
(a) The Graphite/Carbon service in order to produce graphs and metrics about the input
and output data
(b) The WAMP router (implementedy Crossbar.io). The WAMP router publishes the
results as events to all connected user browsers who have subscribed to listen for
iK2asS S@Syida o0& QSAARNYEYAOURZYLI 28 0&®HAS g
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The SEF functionality of the PANDDA data processing services is described in more detail
with the UML activity diagram dfigure8-5. This diagram illustrates the building blocks of
the logiclayer which implements the feedba&nabled action recommendation. There are
three types of events that trigger the relevant parts of the algorithm:
i. A cost event derived from a sensor relatieda DMI action (events are related with
action cost factors by a topic field).
ii.  An event that denotes the end of a decision epoch. It is a periodic event that, in the
current implementation, is derived and triggered by the system automatically based
on theDMI start time and the DMI period (days, hours, or seconds) parameters.
iii. A prediction of an undesired event.

All these types of events arequressed by PANDDA in parallel.

As can be seen figure8-5x g KSy | a/ 2al0 {Syaz2N) 9gSyidé |
calculates for each cost factor associated with the topic of this event the decision epech p
NA2R OGKFIG AlG oSte@yamz2yio0BRAOK/t ERR2ZRISIBRIL L
of the event and the relevant DMI parameters (decision epoch start time, and decision
epoch period).

- If it has been detected that the implementation of an action has started before the

timestamp of the event from the associated cost faetelated sensor, PANDDA

performs noise filtering (with Kalman filters) and then subtracts the baseline cost
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derived flom this sensor. The baseline cost is the cost expected to be sent (period
cally) when no action is performed (e.g. during normal operation, when no saint
nance action is performed). The estimated cost of the action (due a specific cost fa
tor) is calculatd as the filtered (corrected) cost minus the baseline cost. This cost is
accumulated to the total action cost and the result is stored in PANDDA DB as the

current estimated total cost of the action.

Cost Sensor Z Prediction [of
Event undesired event]
End Of Decision Epoch

Calculate Decision
Epoch Period Start

Action has started ) )
Retrieve action costs

Yes N
No Aéﬂﬂgtﬁﬂft Get DMI Parameters
Calculation

Noise
Filtering

Baseline
! «datastore»
Subtraction | DMI Parameters

Update DMI
Action Cost
Function

Baseline
Cost

Calculation

Total Action
Cost
Calculation

Action
Start
Detection

Store Cogt function

Calculated
B Optimum Action
and Time
_____ ]

Store| Action Cost

«datastore»
Action Cost

Histor Publish EODE - 5
Y event to Pandda RPUMISh Hzllqn
Client ecommendation

Figure8-5: PANDDA data processing activity diagram

Publish cost
sensor events to
Pandda clients

- If no action start has been detected (in the decision epoch period that the cost event
belongs) PANDDA uses the cost event to update the baseline cost of each related
cost factor (with a moving average filteaihd then the system performs action start

detection (by calculating anomalies from the baseline value).
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In either case, when the processing of a cost event finishes (for each cost factor),
PANDDA sends the results to Graphite/Carbon (in order to prodiagghg) and publishes
the input and output (from the calculations) events to the WAMP router. The WAMP router

publishes those events to all subscribed client vieebwsers.

2 KSYy GKS GAYS 2F |y aSYyR 2F RSOAaAAZ2Y SLIOK
culated the total cost of the related action(s) in the specific decision epoch (because the
total action cost is being calculated incrementally). If there are enough observations about
the total action cost in different decision epochs and different acstart times before the
end of the decision epoch, the user (or the system), can trigger the recalculation of the cost
function of the specific DMI action by performing curve fitting (e.g. linear regression). The
output of this task is a new cost functi@tored in the PANDDA DB. In any case, the system

publishes the end of decision epoch event to the WAMP router.

As can be seen on the right sideFigure8-5, when anew prediction of an undesired
event arrives to the PANDDA system, it uses the stored DMI parameters to provide a re
ommendation by solving a MDP or one of the other two decision methods that are suppor
ed. Every time, it uses the most recent versionla# tost function of each action. If ap-u
dated cost function has been calculated (by utilizing feedback during the previous steps) it
uses it in the calculations. In this way, SEF contributes to the (automatic oasémmatic)
improvement of the accuracgnd the efficiency (regarding to action cost minimization) of

the provided proactive recommendations.
8.1.4 Data Layer

8.1.4.1 Proactive Decision Making

Figure8-6 RSLIAOGa F ! a[ Of I a&@LINBRAH QNG &S 2RFS Q Al 3bA52
functionality data model. It serves as a dictionary of the terms that are used in the applic
tion and the relationships beteen them. The data model has been implemented using the
Data Access Layer of the Web2py framework in combination with a relational database (the
administrator can choose between MySQL, PostgreSQL, SQLite or other database engines).

The main entities of th data model are briefly described in the next paragraphs.
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Entity: auth_user This entity holds the authentication and authorization data of PANDDA
users. The schema of the entity is inherited from the Web2Py framework and for this reason
it contains all he necessary fields to support many types of authentication methods.

All the entities inherit from the framework the field id. The fieldsactive created_oncre-
ated_by modified_on modified_byare also inherited from the web2py framework where
they ae needed and are maintained and updated transparently to the developer. The field
created_byis used as the default filter in conjunction with the field id of the entity
auth_userfor all the entities containing it, in order to ensure that no user willdide to

view data of other users. This mechanism is also implemented transparently to the software
developer by the Web2py framework.

Entity: dmm_instance The entitydmm_instancenholds the data about the various instances

of the decision making methods. Every decision making method instance has a name and is
linked to one decision method (entitym_method. The fieldend_of decision_epodtolds

the latest point in time that a desion can be made (usually the time of the next planned
maintenance).

Entity: dm_method The entitydm_methodholds the information about the list of possible
decision making methods and serves as a lookup table.

Entity: mdp_instance_action The entitymdp_instance_actiorholds information about the
actions of admm_instancemplementing a Markov Decision Process method. Every MDP
instance can have multiple possible actions. Every MDP action has a name and a delay (in
days). The fieldtf increasedenotes hav many days the time to failure is expected o i
crease if the action is implemented. The cost of an action can be either fixed or daily (field
cost_factor_typé In the first case, the fieldost factorcontains the cost of the action,
while in the second@ase the cost is calculated by the system as a functi@osif factorand

the time that the action should be performed.

Entity: mdp_instance_paramsThe entitymdp_instance_parambBolds information about a
dmm_instancehat are relevant only for instams implementing the Markov DecisionoPr
cess method. The fielde_costcontains the cost of the undesired event for the specific MDP
decision making method.

Entity: cbm_instance_actionThe entitycbm_instance_actioholds information about the

actions of admm_instancamplementing a Cost Matrix Optimization method. Every CMO
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instance can have multiple possible actions. Every action has a name and a delay (in days).

The fieldcm_costrefers to the corrective mainterrace cost of a specific action.

recommendation cbm_instance_params cbm_instance_action

id:IN EF id: IN R id: It
instance_id: /N f instance_id Il R instance_id I 10.*
prediction_id: IN E pm_cost [ name
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Entity: cbm_instance_paramsThe entitycbm_instance _paramiolds information about a
dmm_instancehat are relevant only for instances implementing the Cost Matrix Opémiz
tion method. The fielgpm_costcontains the cost of the planned maintenance.

Entity: dmm_instance_integration The entitydmm_instance_integratioholds the UUID of
eachdecision making instance for each client type. If the decision method receivexpredi

GA2ya FTNBY |y LI OKS {02N)Y G2LRt238 (KS @I fd

193



Proactive Computing in Industrial Maintenance DecisidMaking

Entity: prediction. The entitypredictionholds historical data about all theredicted unab-
sired events arriving to PANDDA through the Apache Storm topology. It is linked weh a sp
cificdmm_instance

Entity: prediction_error The entityprediction_errorholds historical data about all the @r
diction errors occurring during the pcessing of predicted events. It is linked with a specific
dmm_instanceand a specifiprediction

Entity: recommendation The entityrecommendationholds historical data about all the
recommendations generated by the subcomponents if the PANDDA logic layeidinked
with a specificdmm_instanceand a specifigrediction It contains information about the
recommended action (fieldction_descriptiohand the point in time that the specific action

should be performed (fieldction_time.

8.1.4.2 SensorEnabled Fedback (SEF)

Figure8-7 depicts the UML class diagramtbe SEF functionalitgata model. Based
on the collected actiomelated cost data, SEF estimates the action cost function relative to
the specific point of the that the action is implemented after the prediction (or before the
end of the decision epoch). The main entities of the updated part of the data modekare d
scribed in the next paragraphs.
Entity: auth_user This entity holds the authentication and auotization data of PANDDA
users. The schema of the entity is inherited from the Web2Py framework and for this reason
it contains all the necessary fields to support many types of authentication methods. This
entity has not changed in PANDDA v2 but now itelted with an additional entity
(cost_factor_topit.
Entity: dm_method The entitydm_methodholds the information about the list of possible
decision methods and serves as a lookup table. This entity has been populated with the
name and the iabf the new SEfenabled method.
Entity: dmm_instance The entitydmm_instanceholds the data about the various DMIs.
Every DMI has a name and is linked to one decision method (emitynethod. The field
end_of _decision_epodiolds the latest point in time that a decision can be made (e.g. the

time of the next planned maintenance). When field method_id points to the new SEF
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enabled method the system retrieves action and method parameters from the entities
fdbk_mdp_instance_pams and fdbkmdp_instance_action.

Entity: fdbk mdp_instance_params The entity fdbk mdp_instance_param#olds infa-
mation about admm_instancerelevant only for instances implementing the new SEF
enabled method. The fielde_costcontains the cost of the ndesiredevent for the specific
method.

Entity: fdbck mdp_instance_action The entity fdbk mdp_instance_actionholds infa-
mation about the actions of dmm_instancamplementing the new SEgnhabled method.
Every MDP instance can have multiple possibleoastiEvery MDP action has a name and a
delay (in days). The fiettf_increasedenotes how many days the time to failure is expected

to increase if the action is implemented. The cost of an action can be either fixed oc-a fun
tion of time and is coded witthe coefficients a,b,c of the cost functidn 6 @06 G0
wdVariables a, b, ¢ are stored in the fields_a, var_b, var .c

Entity: cost_factor_topic The entitycost_factor_topicholds the information about the list

of topics of cost events derived from sensors. For each topic the user (or the administrator)
has to provide two parameters, the process noise (kalman_qg) and the sensor ndise (ka
man_r) which are parameters of the Kalmfilter that will be applied for noise filtering.

Entity: fdbck mdp_instance_action_cost_factor The entity
fdbk_mdp_instance_action_cost_factdolds information about the cost factors of am-a

tion. Each cost factor is related to a cost_factor_topieldf topic) and it can have a textual
description (field: descr). The field cf_type indicates the cost factor type (possible values on
2T GUKS G/ 2yaidlyiér GCANBOG 5S3INBS t22fey2YAlf
function of an action is coded witthe coefficients of the functiod 6 @©6 @GO ®,
where the coefficients a, b, c are stored in the fields var_a, var_b, var_c. Depended on the
value of the fieldcf _type,the user is requested to provide (real number) values for the fields
var_a, va b, var_c. The fielRis a parameter of the Kalman filter (sensor noise). The field
bs _mean_eventstores the (maximum) number of the cost events usedcaédculate the
moving average.

Entity: fdbck mdp_instance_action_feedback The entity
fdbk_mdp_instance _action_feedbadkolds information about the timestamgi¢ld: ts) of an
actionstartF A St RY S @S y)bnadtionasdre¢effA SMERY SGSYy Gyl e LiST ¢
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Entity: fdbck mdp_instance_action_cost_func The entity

fdbk_mdp_instance_action_cost_funbolds information about the total observed cost

(field: total_cos) or the total estimated cost (fieldotal _est_cos} of an action instance in a

specific decision epoch. The fieddtion_start_tsholds the timestamp of an action start.

Each action can car in multiple decision epochs. The fieldpoch_no, epoch_start,

epoch_end_tgontain the corresponding information about the decision epoch when the

spedfic action instance occurred.
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Figure8-7: UMLdiagram of the SEF functionality Data Model.

registration_id

Entity: cost_factor_sensor_data The entity cost_factor_sensor_datdolds information

about cost factor processing. The fiadst_factor_idis a foreign key that links to an action
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cost factor. The fieldopic contains the topic of a cost event. The fiesdaluecontains the
observed (noisy) value as it was reported by a sensor. The dighlie_tscontains the
timestamp of the cost event derived from a sensor. The fietdue contains the estimated
(corrected)or filtered cost value based on the sensor data. The figidba indicates how
confident the system is about the estimation of the svalue. Finally the lfie$elinecontains
the baseline cost value the system has calculated for the specific cost tdioe specific
timestamp évalue_t3.

Entity: cost_factor_fiilter_state The entitycost_factor_filter_statéholds information about

the current state of the (Kalnmg filter of each cost factor.

8.1.5 Presentation Layer

Figure8-8 and Figure8-9 RS LIA OG t ! b55! Qa AYyF2NXI GAZY
how the different graphical eleents and web pages of tfRANDDAveb-application relate
to one another and provide an overview of how the information presented inRA&IDDA
web-application is organized, structured, and labelled. The boxes with red letters depict the

web-pages added ithe second version of PANDDA.

Register - Search
Login- Logout Instance
' Analytics
User Create new
Dashboard Instance Instance
System Manage Parameters
Home
Status Instance
Actions
Contact
Inf ti .
_nrermation Integration &
Assign User Testing
Roles

Figure8-8: PANDDA Information Architecture (a)
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Figure8-9: PANDDA Information Architecture (b).

8.2 PANDDA User Interface andWalkthrough

PANDDA (ProAseNse Decision configurator DAshboard) aims to enable busaess an
lysts embed the domain knowledge needed for generating recommendations of ditien
pairs by using different decision methods. Specifically, PANDDA focuses dimgprials-
ness analysts to create and configure decision method instances addressing the problem at
hand, as it is predicted in terms of a future undesired event (e.g. breakdown of a specific
manufacturing equipment). Decision method instances are speggiances of the decision
methods supported by PANDDA. Each decision method instance corresponds to specific
equipment or other subject of a predicted undesired event, which triggers during runtime
the decision method that aims to mitigate Decision metod instances are treated as first
class citizens in the PANDDA configurator in the sense that the user interaction with the tool

has been designed on the basis of them.

Through the PANDDA GUI, business analysts can configure decision method instances
by adding, removing or changing a mitigating action or a list of mitigating actions as well as
other domain knowledge required by the method such as the cost of the undesired event,
costs of mitigating actions, end of the decision epoch (e.g. time of nexh@tamaine-

nance), etc. Decision methods are then enacted by the online decision making component,

198



Information System

which, coupled to the ProaSense réiahe architecture, generates timely and reliable mit
gating action recommendations based on the predictions for undelgiraibuations derived

on the basis of streaming data. PANDDA also focuses on improving the recommendations
through a SenseEnabled Feedback (SEF) loop, which takes into accourimeatiata and
improves the parameters of the underlying decision methddserefore, the role of SEF is
twofold: (i) The user is informed online about the estimated cost of action during itgimpl
mentation, and (ii) The updated cost function of the specific action is used in the rext re

ommendation in which this action is inved.

So, PANDDA is a tool that is used at design time by business analysts and allows them
to define and configure, through the PANDDA Graphical User Interface (GUI), vatous p
rameters of the decision method instances. Decision method instancesemted as first
class citizens in the PANDDA configurator in the sense that the user interaction with the tool
has been designed on the basis of them. For example, the main screens of PANDDRA config
rator allow the business analysts to create, view, searnnage and configure decision
instances.The role of the various pages and other graphical elements of the PANDDA info
mation architectureare explained in the nexsub-sectiors which presenthe PANDDA user
interface by considering typical user interext sequencesThe URL of the PANDDA system
is: https://snf-542682.vm.okeanos.grnet.gr/pandda v2 2/default/index

8.2.1 Creating Decision Method Instances

The initial screen that aser sees when accessing the PANDDA application is the one
shown inFigure8-10. In order to have access to the PANDDA systkay, have to click on
G0KS Yoy BKXNI2ENRN RBldzid2y 2F GKS AYyAGALFf &ONBS)

Theycan create a new decision method instance, which meansthigtcan select a
decision method for a specific part of equipment (e.g. gearbox) or other subject af-a pr
dicted undesired event as well as all the accompanied information required (list of actions,
costs of actions, cost of the undesired evesmd of the decision epogletc.). The user input
is not identical for all the decision methods supported by PANDOB&gefore different
knowledge needs to be embedded in the system according to the decision method selected.

The users also insert the contextual information that is required by the com@estre mal-
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el functionalityThe PANDDA system can show all the instanthat have been created so
that the usersare able to choose one of them to apply or to see more details (e.g. about the

FOGAQGAGE 2F GUKS fl1 a0 on RI2a0 o FigikeB-1INSt SO y i

PANDDA™

Welcome to PANDDA

ProaSeNse Decision Dashboard

Enter your dashboard

Getting started with PANDDA is easy

Learn more about our ProaSense platform or contact us for more information.

Copyright © 2015 Developed by IMUNCCE

Figure8-10: The initial screen of PANDDA

PANDDA™ , ;

Dashboard a =

My Instances wl Expired  Inactive © Create New Decision Method Instance

Name Created Method Time Untill End of Decision Activity Last 30
Epoch Days

Lacquering 2016-10-03 Cost Matrix / 22 days, 23:59:51.933868 =000 _
Machine 11:20:03 Optimisation
Moulding 2016-10-03 Markov Decision 34 days, 23:58:54.932198 _
Machine 11:19:08 Process

Figure8-11:¢ KS Waeé Ayaidly0SaQ aONBSy 2F (KS t!b55! aegadasSy

¢ LINBaaAy3ad GKS odzidz2y W/ NBI G Shepaedguideds OA a A 2
to the screen offFigure8-12 where they can select oneoroactive decision method and
whether they need the contexaware model and the SEF functionalitid®oreover, in this
screenthey can select the name of the current instanoeélicating the part of equipment or
other subject of the predicted undesired ewvethat it refers to. Finallythey can select the
time of the next planned maintenance, or the end of the decision epoch in the general case
(decision horizon)as shown irFigure8-13. After having finished this procedure, the button
W{dzo YAGQ &aK2dzt R 06S LINBaaSR Ay 2NRSNI (2 NBGdz
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updated with the new instance that has been introduced. In the rest oflikkthrough,
user irteraction with the PANDDA GUI is explained for the Markov Decision Process with
Action Feedback method, but a similar procedure can be followed for the other twh-met

ods.

Create new Decision Method instance

You can select one out of the 2 alternative methods: Markov Decision Process and Cost Matrix / Cost Optimization. For a recommendation about the optimal time of a predefined action, you
can use Cost Matrix / Cost Optimization. For a recommendation about the optimal action and the optimal time for its implementation, you should use Markov Decision Process.

Decision Method.
Instance Name You can write the name of the current instance indicating the part of equipment that refers to

Next planned maintenance You can select from the calendar the exact date and time of the next planned maintenance

Submit

Figure812W/ NBF S b&BIKSGAAYAVI yOSQ
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O«
Z
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Create new Decision Method instance

You can select one out of the 2 alternative methods: Markov Decision Process and Cost Matrix / Cost Optimization. For a recommendation about the optimal time of a predefined action, you
can use Cost Matrix / Cost Optimization. For a recommendation about the optimal action and the optimal time for its implementation, you should use Markov Decision Process.

Decision Method: ¥y

Instance Name You can write the name of the current instance indicating the part of equipment that refers to

Next planned maintenance. You can select from the calendar the exact date and time of the next planned maintenance

Mon Tue Wed Thu Fri  Sat
1 14

8 9 10 11 1

4 15 16 17 18 19

2 13 M Bk

2
Copyright © 2015 ! 11.43 Developed by IMU/ICCS

Figure8-13: Selection of time of the next planned maintenance

The same procedure is followed for each instance needed to be created and finally, a list
of instances is shown. Foxample, inFigure8-14, three decision method instances have
been created for the Gearbox, and the Moulding and Lacquering machines. Each one of
them corresponds to a specific decision method for a specific part of equipment. Each row
of the list consists of the name of instan(e.g. Gearbox), the date of its creation, the time
remaining until next planned maintenance and a summary of analytics regarding the activity
2F GKS t1aG on RIFIéad bSEG G2 Al (KSGgE A&
815> | YR | W5Be Sieeh @Figardailh cdnsidis of four components, which

will be further analysedAnalytics Actions (Decision Alternativedhtegration / Testand
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Decision Method Settingg he text in orange fond below Actions (Decision Alternatives) and

Decision Method Settings components indicate that no actions and vafudscision meh-

od parameters have been defined yet.

PANDDA™ _, ,

Dashboard a s
My Instances All Expired  Inactive © Create New Decision Method Instance
Name Created Method Time Untill End of Activity Last 30
Decision Epoch Days

Gearbox 2016-10-03 Markov Decision Process with 76 days, N
11:25:29 Action Feedback 21:41:10.293640

Lacquering 2016-10-03 Cost Matrix / Optimisation 22 days, -

Machine 11:20:03 21:35:50.292022

Moulding 2016-10-03 Markov Decision Process 34days, -

Machine 11:19:08 21:34:53.290247

Figure8-14: List of three instances

Dashboard
Jl Analytics G 34 Integration | Test

Total 30 Day Average 30 Day Trends SDK or Tool Functionality
Predictions 0 oo B Apache STORM Publish Predictions ® o
Recommendations 0 o0 _ _ Cost Sensor Service Manage Cost Sensor Topics | 7
Errors 0 g -
E Actions (Decision Alternatives) V4 / Decision Method Settings PR
Name Property Value

Method type Markov Decision Process with Action Feedback

Status Active

Expiration time  2016-12-19 11:25:18

Figure8-15: Instance management screen
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8.2.2 Managing Decision Method Instances

TheActions (Decision Alternativespmponent of the instance management screen

is used so that you embed domain knowledge regarding the alternative actions that can be
NEO2YYSYRSR® Ly (GKS G9RAG Lyadl yosternavé A 2y ¢ >
FOGAZ2Yyad . @& LINBaaiAy3d GKS WIORAGQ odzindyag | yR
led to the Actions (Decision Alternatives) screeffrigiure8-16. Figure8-16 shows an exa-

ple of editing an actionThe usergan write the name of the action (e.g. operate at reduced
equipment load), the role of the person that must perform the action, the delayhefat-

tion in hours (corresponding to the time period from its implementation until it starts taking

effect) and the expected new tim-failure after the implementation in hourslhey can

also insert the contextual elements affect the cost functions drelrtprior probabilitiesin

addition, they can edit the cost factors, the aggregation of which formulates the action cost
function. To do thisthey shouldOf A O1 2y GKS a! RR wSO2NRE¢ 0dzi i
in order to add a cost factororontfe9 RA 1 ¢ o6dzid2y VyYSEG G2o-ty SE
ver, you are able to see the details of each cost factor or to delete the ones that are not
needed. In the example dfigure8-16, the total action cost function is a linear function

equal to 420 * t + 3100, since a, b and c are referred to the factors of an equation

BZo @O ®

Figure8-17 shows an example of a cost factor. In this case, the description of the
O02aid FFrOG2NI AYyaSNISR o6& GKS dzaSNJ Aa a/2aid Rd
0SSY RSTAYSBSI@G20iKOaadabPNBESY Aa AGLINRRAzOGAZY
ously mapped to a specific sensor by the System Administrator. Then, the user inserts the
G/ 280G CFOU2N) ¢eLlSes AdSd (KS LRfey2YAlLf 2NRS
of the cost factor function. In the current example, the cost factor has been selected to be a
first order polynomial and the coefficients b = 315 and ¢ = 2325. Therefore, the cost factor
function is 0*t"2+315*t+2325. Finally, the user confirms the sensor ngigen during tp-

AOa YIylFr3aSYSyid o& {eaildSY ! RYAYAAUNIG2NI I yR
a{S4G IOtAazy O2aid FTNRY O2ail FIOUG2NIAYAGALFf I 2
following the same procedure for all the cost factéingt correspond to the specific action

cost function, the fields that show the coefficients of the action cost function are autemat
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of two cost factors and their agggation gives an action cost function of 420 * t + 3100.

Dashboard / Gear Box Breakdown / Edit Instanc
Action name: Operate at reduced equipment load
Actor-Role: Operator -
Delay of action (in hours): 0.90
New time-to-Tailure (I NOUrs): | gz=n oo
a. 0.00
b 420.00
[ 3100.00

Check to delete:

Save Action Settings

Edit Cost Factors

=+ Add Record

Description Topic Cost Factor Type

Cost due to produ...  production_loss

Costdue tonotm...  unsatisfied_orders

Feedback-based action cost calculation

Figure8-16:¢ KS @ 9 RA i

Action name: Operate at reduced equipment load
Actor-Role: Operatar .
Delay of action (in hours): 0.90

New time-to-failure (in hours): 5550.00

a: 0.00

b 420.00

c 3100.00

Check to delete:
Save Action Settings

Edit Cost Factors

«+Back @View

Description: Cost due to production loss
Topic: production_loss

Cost Factor Type First degree polynomial v
Initial b 315.00

Initial c 2325.00

R 100.00

Maximum mean events: | 3
Check to delete:

Submit

Figure8-17: Edit Costractors.
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First degree polynomial

First degree polynomial

Search Clear

Set action cost from cost factor initial a.b,c

Lyadl yos

The name of the alternative action (e.g. replacement of part of equipment).

The role of the person that must perform the action.

The delay of each action, which corresponds to the time period from action implementation until it
staris taking effect.

The new time-to-failure (after the implementation of this action).

Cost as a function of time since decision epoch start. Goefficient a in the equation a*2t+bt+c
Cost as a function of time since decision epoch start. Goefficient b in the equation a*2t+bt+c
Cost as a function of time since decision epoch start. Coefficient c in the equation a"2t+bt+c

2 records found

Initiala Initial b Initial ¢ R Maximum mean events
0.00 315.00 2325.00 100.00 3 @View #Edit TDelete
0.00 105.00 775.00 30.00 3 @View Edit TDelete

Back to Instance Actions

1 OGAz2yé aONBSy F2NJ |

The name of the alternative action (e.g. replacement of part of equipment).

The role of the person that must perform the action.

The delay of each action, which corresponds to the time period from action implementation until it
starts taking efiect.

The new time-to-failure (after the implementation of this action).

Cost as a function of time since decision epoch start. Coefficient a in the equation a"2t+bt+c
Cost as a function of time since decision epoch start. Coefficient b in the equation a"2t+bt+c
Cost as a function of time since decision epoch start. Coefficient c in the equation a*2t+bt+c

A description of the cost factor

The topic of the complex event pattern that produces the cost events from sensor data.

The baseline cost as a function of time since decision epoch start.

Cost as a function of time since decision epoch start. Coefiicient b in the equation a*2t+bt+c, tin hr
Cost as a function of time since decision epoch start. Coefiicient ¢ in the equation a"2t+bi+c, tin hr
Sensor noise

Number of cost events

ALISOATAO |
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¢KS F2dzNIK O2YLRYySyid 2F (KS DécigigniMetio®Se YI y I 3
tings) O2 Y LJ2 y S yilie uderscanssieki) kngthod parameters before using the i
stance. After having editing all the alternative actions that corresponthé¢ospecific deie
sion method instancethe users shouldf A O1 2y GKS G9RAGE¢ odzid2y
{SddAay3ae¢ 2F GKS aLyadl yOseya NBI 8 W3 AilndI SRONRR S
adlyOoS { SidAyfeyéan madiyBhe iiskanceain® and the instance expir

tion time, that have been edited at the beginning of the decision method instance cenfig

ration. Apart from thisthey insert the cost of the undesired event that should be mitigated,

the start date and time of the decision egoand the duration of each decision epoch (e.g.

time interval between two successive planned maintenances, shifts, etc.), as shdug in

ure 8-18. After completingthd 2 a2 OAF G SR LI N YSGSNAZ Of AO1 2V
LI NJ Y S (i S Natlat tite drianpesyare applied.

Dashboard Gear Box Breakdown

Markov Decision Process with Action Feedback

Instance Name: You can write the name of the current instance indicating the part of equipment that refers to

Gear Box Breakdown

Instance Expiration Time: | 5047_04_05 09-00-00 ‘You can select from the calendar the exact date and time of the decision horizon, after which there is no

need for implementing this decision method instance. It must be a time point in the future. The date and
time now is: 2016-06-06 16:27:33.986505

Update instance parameters

Decision Method Parameters

Cost of undesired event: 155000 00 The cost of the undesired event (e.g. corrective cost due to a breakdown).

Start of decision epoch: 2016-06-01 09:00:00 You can select from the calendar the exact date and time of the decision horizon start time.
Decision epoch period (secs): | The period of the decision epach (in secs).

Decision epoch period (hours). The period of the decision epoch (in hours)

Decision epoch period (days): | 4, The period of the decision epach (in days)

Update decision method parameters
Figure8-18 ¢ KS aLyadl yO0S {SGGAay3aé¢ aONBSyo

After having completed the embodiment of domain knowledge in the PANDDA system,
the specific instance is ready for use, as showRigure8-19> | yR GKS Waeé Lyaidtl
will be as shown ifrigure8-20. If any changes are required, these ¢andone by pressing
0KS Walyll3S8SQ o6dzitG2yd® Ly (KAA& theQuNds®d jocated KSNE
specific instance in case their number is very large, as well as some filters allowing the

presentation of Active, Expired or Inactive estes only.
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Dashboard
al Analytics [ 3¢ Integration | Test
Total 30 Day Average 30 Day Trends SDK or Tool Functionality
Predictions 34 ¢ - Apache STORM Publish Predictions ® o
Recommendations 32 o0 _ 00000 Cost Sensor Service Manage Cost Sensor Topics © ’
Errors 0 cco. o
Actions (Decision Alternatives) w # Decision Method Settings i x
Name Property Value
Lubrication of metal paris vs ’ il o) Method type Markov Decision Process with Action Feedback
- Status Active
Operate at reduced equipment load % P J
Expiration time 2016-10-25 11:08:00
Full enshore manienance x /7 a O Decision Epach Period 10 days . 0 hours, 0 seconds
Cost of undesired event 155000.0

Figure8-19: The updated instance management screen.

PANDDA™ _, ,

Q Search
Dashboard
My Instances All Expired  Inactive © Create New Decision Method Instance
Name Created Method Time Untill End of Activity Last 30
Decision Epoch Days

Gearbox 2016-10-03 Markov Decision Process with 76 days, -
11:25:29 Action Feedback 21:41:10.293640

Lacquering 2016-10-03 Cost Matrix / Optimisation 22 days, -

Machine 11:20:03 21:35:50.292022

Moulding 2016-10-03 Markov Decision Process 34days, -

Machine 11:19:08 21:34:53.290247

Figure8-20:Wae& Ly aidlyO0SaQ aONBSy T2N) 6KNBS AyailyoSa
8.2.3 Providing a recommendation

When aprediction event triggers PANDDA, a recommendation is provided. The re
ommendation can be seenfifie usersOf A 01 2y GKS a¢Saidé odzidzy
component of the instance management screen that is showfiganre8-21. Thenthey are

navigated to the screen dfigure8-22 where they are able to view a list about theredic-
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GAz2ya GKFEG 3ISYSNIXrGSR NBO2YYSYyRFIGAZ2yade-. & Of
ment of this list,they can view the details for each provided recommendation. In the same
screentheyare also able to simulate various prediction events.
Dashboard Equipment Breakdo
al Analytics [ 24 Integration / Test
Total 30 Day Average 30 Day Trends SDK or Tool Functionality
Predictions 127 3.10 A Apache STORM Publish Predictions @ o
Recommendations 125 310 J Cost Sensor Service Manage Cost Sensor Topics ® P
Errors 0 ge0 .
[E Actions (Decision Alternatives) £ /# Decision Method Settings o x
Name Property Value
Full onshore maintenance x s al o Method type narkov Decision Process with Action Feedback
N N - Status Active
Lubrication of metal parts x® al
Expiration time 2017-12-01 09:00°00
Operate at reduced equipment load X 7 a © Decision Epoch Period 10 days . 0 hours, 0 seconds
Cost of undesired event 155000.0
Figure8-21:¢ KS a¢ S&aié¢ odzidz2y 2F (GKS LydSaNtIdaz2y k ¢S&aid 02YLRyS

Dashboard / Equipment Breakdown

Prediction Lambda 0.50 The lambda of the prediction (in hours)
Prediction Hour. 2.00 Prediction 1 / lambda

Prediction Subject: usertest

Prediction Date and Time
® Form submission time

User defined

Submit

Predictions that generated Recommendations:

126 records found

Prediction Lambda Prediction Time Subject Recom. Id Action Description Actor-Role Action Time

0.004500450045 2016-11-04 13:50:16 usertest 912 Operate at reduce. Operator 2016-11-04 13:50:.. aQ\iew
0.0125 2016-10-25 16:51:51 usertest 911 Operate at reduce. Operator 2016-10-25 16:51.. aQView
0.0142857142857 2016-10-25 16:51:46 usertest 910 Operate at reduce. Operator 2016-10-25 16:51:. @View
0.0166666666667 2016-10-25 16:51:39 usertest 909 Operate at reduce Operator 2016-10-25 16:51: QView
0.025 2016-10-25 16:51:29 usertest 908 Operate at reduce Operator 2016-10-25 16:51: Qview

123 45 > >

Export: CSV  CSV (hidden cols) HTML |JSON TSV (Spreadsheets) TSV (Spreadsheets, hidden cols) XML

Predictions that generated Errors:
No records found

Back to instance

Figure822¢ KS G LINBRAOGAZ2Yya OKIRyHREY IMWALSR NBO2YYSYRI G
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8.2.4 Sensorenabled online cost monitoring

At any time the userscan monitor the cost of an action in real time based on sensor
YSI 48dz2NBYSyiGaz o0& Of-RN0OY3 yIORN2 Vi K/IS2 &xitéh SpsS v | § 2
GA2yZ 0 GKS a! OdAz2zya o05SOAaAzy !fOGSNYI GAODS
screen. In this waythey are led to the screen ofigure8-23. Theycan view tle baseline
cost, i.e. the cost when the action has not been applied yet, or view the cost of the action
during its implementation. The cost of the action is showed for all the decision epachs i
volving the implementation of this specific action. More sfieally, PANDDA shows the
actual cost based on the raw sensor measurements for each cost factor which is part of the
action cost function. Both the measured (noisy) and the estimated (corrected) costseare pr

sented since PANDDA filters out sensor noise.

o Aztion: Dperade at reduced squipment load

Current deicion aposh (1) St BI2016, S

o Tost dus fo production loss iproduction_lose]

---------

4l Cost dus fo not mesting demand junsaticfisd_orders)

Figure8-23 ¢ KS aONBSy -T2NBa:dOEGE2wSI2adlé
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At the same screen, PANDDA shows the total cumulative action cost for each decision
epoch based on the sensor measurements of the variousfaogirs. For example, for nme
AGZ2NAY3I GKS O02adG 2F GKS FOGA2Yy dahLISNIGS +a N
cost measurements and estimations of two cost factors (cost due to production loss, cost
due to not meeting demand) that are mapped to twapics¢ sensors (production_lossnu
satisfied_orders), as shown Figure8-24 and in Figure8-25 respectively. The cumulative
total action cost for these two cost factors is showrFigure8-26. In this example, thea
tion has already beemplemented twice (in two decision epochs) and it is currently being

implemented for the third time.

all Cost due to production loss (preduction_loss) 10m 1h 1d Reset Filter
Measured
3000 LUl )
secpepeceee ape --#- Estimate
&0 Actions
----- Baseline
2000
-
uw
=]
O
1000

_ Operate at reduced equipmefpEaisat Riduced equiperaie
0 i s A

Figure8-24 Reali A YS Y2y AG2NAy3a 2F GKS O2ad FIFOG2N) a/2aid RdzS (2 L

all Cost due to not meeting demand (unsatisfied_orders) 10m 1h 1d Reset Filter
R Y] .e Measured
-0t se-0-0-0-0-0
1000 ° --® Estimate
£y Actions
T T Baseline
= 600
=]
]
400
200 o
Operate at reduced equipfient load@BiATe af reduce
0 P
Jun 6 Jun 8 Jun 10 Jun 12 Jun 14 Jun 16 Jun 18 Jun 20

2016 )
Timestamp

Figure8-25:Reali A YS Y2y AG2NAYy3 2F GKS O2aid FILOG2N) a/2ad RdzS (2 y
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al Action: Operate at reduced equipment load

Current decision epoch (2) Start:6/26/2016, 9:00:00 AM Elapsed:777600s Remaining 864005

Measured
Estimate

80k

60k

Total Action Cost

Jun 5 Jun 12 Jun 19 Jun 26 Jul 3
2016 _
Timestamp

Figure8-26:Realtime monitoring of the cumulative total action cost.

8.2.5 Sensorenabled cost function update

A A

At any timethe usersOF 'y Of A 0] 2¥ |l &k 6t O8SRYII @GR ad OF
G2y o0St2¢g GKS RAFINIYa G2 o6S ylI@A3alriSR (2
AONBSY 2F GKS aLISOATAQ 2ra@i AFR2NRYY  ¢OKSSS R® /I 1Of] @ dzf &l
information about the action cost function and gives the possibility to calculate the refined
cost function based on SEF. The first diagram of this screen-3 didggram that presents
the relationships among action sf) remaining time (until the end of decision epoch) and
action start time, as shown iRigure8-27. By moving the cursor on the points of theadi

gram, the user can see the values of the three axes.

At the same screen of PANDDA, below the diagraffigiire8-27> (G KSNXBc- A a (K
GA2y [ 240G @a wSYLIl Ay Ay Figues-383r thisRlkagrainNtheYuges | 4 & K ;
able to see the total cumulative action cost for each decision epoch in which the specific
action has been implemented. By moving the cursor on the points of the diagrams, the user
can also see the exact cumulative total cost value for a specific@e@pbch. For example,
in the case shown iRigure8-28, there are cost data for 6 decision epochs and in theld-
cision epoch that this action was implemented, the prediction event was received approx
mately 160 hours before the end of decisiepoch and costed 73873.84 euros. All the cost
RIGF OFly Ita2 o6S aSSy Id GKS (Fro6tS SmAadGAy3
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gram and can be exported as a file as showRigure8-29® LYy I RRAGA2Y X {KSNE
] 2580 CdzyOGA2yé odzitizy @ 2ctign&asdefividdasédiod IEF.; G SR |

Jul 31
Jul 24
Jul 17

Jul 10

Action Start {g)

un 26~ 120
Remaining Time in hours (x)
Jun 19 2016 140
20k ® 160
30k ~
40k
50k 180

60k
) . 70k
Action Cost (y) B0k
i 200
S0k

Figure8-27:¢ KS a! OlGA2y /280 ' @A ARYYHAY NI ¢cANXYSEE RA INI YO

Action Cost vs Remaining Time Plot

20k
80k
. 73.87384k
Decision Epoch:4

70k

60k

Action Cost

50k
40k
30k

20k
40 60 80 100 120 140 @ 180 200

Remaining Time (hr)

Figure8-28:¢ KS a! OliA2y /240 @& wSYFLAYyAy3a ¢AYSé RAIFINI YD
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Calculate Cost Function

Data

Decision epoch number

Export: CSV  CSV (hidden cols)

Search Clear

Remaining Time (hr)

136

160

72

200

104

48

HTML JSON TSV (Spreadsheets)

Cost

622237513847

729821358653

33128.6845839

914436405364

475404657826

22216.2432212

TSV (Spreadsheets, hidden cols)

Estimated Cost

624593188185

73873.843276

33381.7403099

93980.7054945

49224 8217355

22103.3722485

XML

Figure8-29: The table presenting the action cost data for all tliecision epochs.

& OtAOlAYy3 2y

GKS a/ €t Odz I dS

#Edit

#Edit

#Edit

# Edit

#Edit

#Edit

6 records found

fiDelete
fiiDelete
fiDelete
fiDelete
fiDelete

fiiDelete

/| 2ali Cdzy Ol A2

diagram is updated in order to show the estimated cost function based on SEF in eompar

son to the previous cost function and to the observed dagshown irFigure8-30. Below

that diagram, two cost functions appear: the refined and the previous one. Thernysers

are able to select whether you prefer the previous or the refined cost function to be taken

into consideration by the decision method instance the next time it is going to be enacted

online, by clicking on the relevant button. For exampléhéfy select to use the refined fun

tion, a confirmation message appears, as showhigure8-31.

LT &2dz R2

azz

ez2dz gAft

y20A0S

GKId G0KS a9R

and the coefficients of the action cost function have been changed accorditng t@fined

cost function derived from SEF. You can select to use the initial cost function at any time by
a{Sd OGAz2y 0O2al

Ot AO1 Ay 3

2y

GdKS

TNR Ye- O2 a4l

tion cost function will be the aggregation of the tdactor functions inserted during cogfi

uration. You can always use the last refined cost function derived from SEF by clicking on
0KS GCH®SRSIROT Olrazy O2ai
PANDDA are shown gure8-32.
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Action Cost vs Remaining Time Plot

® Observed Data
—=— Predicted Cost Function
=e— Previous Cost Function
90k

B0k

60k

Action Cost

S0k .

30k

20k
40 &0 80 100 120 140 160 180 200

Remaing Time (hr)

Caost function calculated : C'(f) = 468.212236697 * t -348.168089864
Previous cost function : Cit)=420.0 *t + 3100.0

| Use this cost function for action recommendation

| Calculate Cost Function

Figure8-30:¢ KS dzZLJRF G SR a! OlGAz2y [/ 24 wSYFAYAY3 ¢AYiGnétorRAF INI Y &

ety
D
Q¢

Action Cost vs Remaining Time Plot

® Observed Data
~=— Predicted Cost Function
—=#— Previous Cost Function

g0k

80k

&0k

Action Cost

S0k -

30k

20k
40 &0 80 100 120 140 160 180 200

Remaing Time (hr)

Cost function calculated : C'(f)= 468.212236697 * t -348.168089864
Previous cost function : C(t) = 420.0 *t + 3100.0

Action cost function changed !

Calculate Cost Function

Figure8-31: The action cost function has changed and the refined one is used.
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Dashboard Gear Box Breakdown

Action name: Operate at reduced equipment load The name of the alternative action (e.g. replacement of part of equipment)

Actor-Role Operator - The role of the person that must perform the action

Delay of action (in hours) 0.90 The delay of each action, which corresponds to the time period from action implementation until it
starts taking effect.

New time-to-failure (in hours) 5550.00 The new time-to-failure (after the implementation of this action)

a: 0.00 Cost as a function of time since decision epoch start. Coefficient a in the equation a"2t+bt+c

b: 468.212236697 Cost as a function of time since decision epoch start. Coefficient b in the equation a*2t+bt+c

c -348.168089864 Cost as a function of time since decision epoch start. Coeflicient ¢ in the equation a*2t+bt+c

Check to delete

Save Action Settings

Edit Cost Factors

+Add Record Search Clear 2 records found
Description Topic Cost Factor Type Initiala Initialb Initiale R Maximum mean events
Cost due to produ.. production_loss First degree polynomial 0.00 315.00 232500 100.00 3 Qview #Edit diDelete
Cost due to not m unsatisfied_orders First degree polynomial 0.00 105.00 775.00 3000 3 Qview #Edit WiDelete

Feedback-based action cost calculation Set action cost from cost factor initial a.b.c Back to Instance Actions

Figure8-32¢ KS a9 RA G Ly adil yOS seledidghbfzhg eefindd@dtidh Sost funclianS NJ (i K S

8.2.6 Testing Decision Method Instances

The Analytics and the Integration / Test components of the instance management
screen are addressed to th8ystem Administrator The Analyticscomponent presents
trends of the last 30 days for the predictions received, the recommendations provided, the
errors and the latency. the userswant to see more details (e.g. about the results of pecedi
tions, the actions recommended, etc.) and diagrathgy can enter the Analytics space by

7

LINBaaAy3d (KS NBfSOHy(l wxAS$sQ odzidzy 2y (KS

Thentegration / Testcomponent of the instance management screen has a double

role. First, the System Administrator integrates the specific decision method instance with
the sensors that correspond to the cost factors of the action cost functions. Second sthe Sy
tem Administrator can test the decision method instance and see what the generated re

ommendation would be for various prediction events. In this way, they cahd#ferent

A0SYlNRA2a o0& aAyYdzZ FdAy3a RAFFSNBYy(d LINBRAOUGUAZ

dzZaSNJ yI @gA3lrGdSa G2 GKAa &aONBSy AF KS «k aKks

{¢thwaé¢s GHKAOK A& F2dzyR Ay UGKSALYIZISAWDEAaYY K
YSylié AONBSYyd ¢KS NBadzZ Ga 2F Ittt (KBgu@2y RdzO{

8-33 shows an example where the user simulates a préafickvent that the most probable

value of the timeto-undesired event (taking into account that the probability distribution
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function of the occurrence of the undesired event is exponential) is in 222.2 hours, which
O2NNBalLRyRa (2 | prediddnfewdss, inZzdmbination with plidthe othelk a
parameters of the decision method instance given by the user during configuratios,ttead

a recommendation, as shown gure8-34.

Dashboard Gear Box Breakdown Send test event

Prediction Lambda The lambda of the prediction (in hours)

0.004500450045004501

Prediction Hour: Prediction 1/ lambda.

222.2

Prediction Subject usertest

Prediction Date and Time
® Form submission time
User defined

Submit

Predictions that generated Recommendations:

32 records found

Prediction Lambda Prediction Time Subject Recom. Id Action Description Actor-Role Action Time
0.004500450045 2016-06-07 16:25:08 usertest 818 Operate at reduce Operator 2016-06-11 13:04 Qview
0.004500450045 2016-06-06 16:29:09 usertest 817 Qperate at reduce... Operator 2016-06-06 16:29:... Qview
0.004500450045 2016-06-02 12:10:50 usertest 816 Operate at reduce... Operator 2016-06-04 10:09:... @ \View
0.004500450045 2016-06-02 12:02:50 usertest 815 Operate at reduce Operator 2016-06-06 13:32 @ Vview
0.0045045045045 2016-06-02 09:23:20 usertest 814 Operate at reduce... Operator 2016-06-06 13:35:... Qview
12 3 45 > >
Export: CSV | CSV (hidden cols) HTML JSON TSV (Spreadsheets) TSV (Spreadsheets, hidden cols) = XML
Figure8-33¢ KS a{ SyR ¢Sai 9@Sy¢ aONBSyo®
Predictions that generated Recommendations:
+Back

Id: 817

Instance Id: Gear Box Breakdown

Prediction Id: 5463 - usertest

Action Description: Operate at reduced equipment load

Action Time: 2016-06-06 16:29:09.019631

Actor-Role: Operator Who will execute the recommended action

Recommendation Timestamp: 2016-06-06 16:29:10

Figure8-34: The resulting recommendation for a specific prediction event.
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9 Deployment in Industrial Environment

This Chapter presents the deployment of PANDDA as part of theerall Proactive
Maintenance information systenm a real industrial environment. More specifically, iepr
sents the functionalities of PANDDA in the context of real industrial scenarios in two pilot
companiesMHWirth from oil and gas industry andELLArom automotive lighting equo-
ment industry. Based on the identified need of the companies to turn freative into
proactiveby adopting new technologies and systems in order to facilitate Proactive #aint

nance implementation, the platform was deployed in their premises.

9.1 The MHW.irth Business Case

9.1.1 Description of the MHWirth Business Case

Oil and gas projectare capitalintensive investments, with severe consequencesi-in f
nancial and environmental terms in case of breakdown (Telford et al., 2011). Since a typical
production rate for an oil and gas corresponds to USD 500,000, the reduction of downtime
is of grat significance in the oil and gas industry taking into account that one hour afi-dow
time costs around USD 20,00Delford et al., 2011). So, the business added value ofcproa
tive maintenanceeventdriven decision making in oil and gas industry is hugeesoost,
efficiency and safety are crucial aspects irstkind of industry (Payne, 20LAlthough
comparable industries such as automotive and aviation have recently started exploiting big
data by analyzing them and processing them in suitable informagystems, the oil drilling

industry has not reached to that level yet.

MHWirth provides oilfield products, systems and services for customers in the oil and
gas industry worldvide. The company's knowledge and technologies span from reservoir to
drilling, production and through the life of a field. It brings together engineering ant-tec
nologies for oil and gas drilling, field development and production. The company employs
approximately 4,300 people in more than 20 countries. They apply the knowledgerend

ate and use technologies that deliver their customers' solutions. The annual revenpe is a
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proximately EUR 1.1 billion (2013). The company is listed on the Oslo Stock Exdlmenge.
company offers complete drilling packages, single drilling equipmentiteaycle services
comprising installation and commissioning, maintenance and periodic overhaul ohthe i
stalled base of machines around the world. Among the main customers are oil companies,
rig owners and construction yards. Geographically, the main etaiikclude the North Sea,
Brazil and Asia, and project, sales and service organisations are located close to all main
markets and customers. The main office is located in Kristiansand, Norway, and most of the
drilling equipment is produced and assembléxbite. Figure9-1 shows an oil rig owned by

the pilot use case under consideration.

Figure9-1: An MHWirth oil rig.

The Exploration and Production (E&P) coshin the oil and gas industry has had aneo
siderable increase the latest 15 years, which is a major concern of the industry by limiting
the number of oil and gas fields that can be exploited economidalliynajor oil companies
are striving to kick offnitiatives to reduce the costs related to the drilling process. It is a
paradox that alongside an increasing level of automatiofboard latest generation drilling
rigs, the drilling efficiency is reduced. The push towards greater ocean depths, harsher en
ronments and more advanced wells to be drilled has resulted in lower drilling efficiency. The
average cost of drilling a well at the Norwegian continental shelf (NCS) exceeds EUR 58 mi

lions; a number Statoil aims to reduce with-26%.
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Cost focus and @&tiency are the important topics for the drilling industry at the-m
ment. To improve the understanding of the market situation within the sector, a high level
review of the most usual process of ordering, building and operating a drilling rig might be
appropriate. The process is initiated byrig owner companywhich puts forward a set of
requirements for a new build t@a construction yardThe yard is subsequently asking for
guotes fromsub suppliersor the drilling equipment package or singiguipment.The main
criterion for the yard when selecting sub suppliers is the equipment price, assuming that the
prevailing customer requirements, standards and regulations are fulfilldis lifecycle is

shown inFigure9-2.

Figure9-2: Typical drilling rig lifecycle with example stakeholders per phase.

The oil drilling company under consideratisna partner irboth the design and ¢o
A0NHzOGA2Y LIKIFAS YR GKNRdAAK GKS NAIQar- £ A FSO:«
ing to increase involvement in the important operational phase, which is consideralge lon
er, has higher margins and provides more steady ¢@shdue to being less affected by-c
clic economic conditions than the construction phase. To succeed in such a transition, the
strategy has to be adopted already during design of equipment to improve data collection
possibilities. Cuently, the utilizaton of condition monitoringechnology is hindered by the
high cost of implementation during operation. Proactive customers looking into new co
tract regimes might speed up this process significantly. Requirements for machine &vailabi
ity in operation prowile incentives for equipment suppliers for the transition towaRleac-
tive MaintenanceIn other words, the aim is @ansition from reactive business and cocre
tive maintenance strategy towards proactivity and higher predictability in operation and

maintenance needs.

wWwAIE233ISNU A& 2F LI NIAOdz | NI APvohgmsEidyy OS | 3
tem infrastructure.¢ KS wA 3 2 3 3 & Mimastriciuie de@eldped By the company

219























































































































































































































































































































































































