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Abstract

A Hybrid Failure Diagnosis and Prediction Framework for

Large Industrial Plants

by Dohyeong Kim
Doctor of Philosophy it€omputer Science arithgineering
Graduate School of Kyung Hee University

Advised by Dr.Sungyoung Lee

Modern industrial plants contain large number of facilities interacting with thousands of
sensors and control. A single failure in a facility can produce incons@miésimes, which can
be affected to core part of industrial plant, and it becomes a critical industrial disaster. Therefore,
it is crucial to find and apply the best solution for maintaining facilities and preventing industrial
disasters. The earstage shution was the regular maintenance but this approach cannot be a
perfect solution to prevent most industrial disasters. This is because regular maintenance is not
effective for all but only few facilities, and is spent too much time and cost to affordedémt

trend of industrial plant maintenance focuses on two main factors, alarms and human expertise.

The system collects the status of different types of facilities from the sensors, which are
attached, on each facility. If there is any specific sympdetscted from sensors, the alarm will
be ringed. The collected alarm data are sent to the human experts in the real time. The human
experts have experienced various types of industrial disasters so they have sufficient knowledge

in diagnosing and treatirfgilures.

In thisdissertation| studied how to use alarm data and expert knowledge together with these

characteristicdn this study, constructed knowledge using failure reports reflecting alarm data,



expert knowledge, which asggnificantknowledye resources of the industrial field and proposed
a methodo continuously manage and use such knowledge

This dissertation can be divided mainly into three parts of subjects of researches.

In the first study, | propose a hybrid knowledge engineeriethod based on machine
learning expert knowledge, which enables machine learning and domain experts to generate and

update knowledge together.

First of all, after constructing a knowledge base by applyingtireal alarm data and
machine learning, the expert can directly update the knowledge continuously, thereby enabling

knowledge creation and management in a fast and efficient manner.

After constructing a knowledge base by applying-teaé alarm data and machine learning,
the expert can directly update the knowledge continuously, thereby enabling knowledge creation

and management in a fast and efficient manner.

Second, | propose a methdalgy for constructing causal knowledge as overall conditions
and treatment actions for failure. Failure report includes the @aubeffect relationship and its
order of occurrence. The proposed methodology analyzes the failure reports written by domain
experts using natural language processing technigues and helps to organize tedéfeciuged

treatments for the failures into a network form.

Finally, the knowledge constructed by the hybrid knowledge engineering method and the

causal failure knowledgare fused and applied to the fault diagnosis and prediction.

As a result of the performance analysis, the proposed framework is superior to the other
methodologies regarding failure diagnosis and prediction. The proposed decision support method
in this dssertation can evolve the two types of knowledge required in the field gradually. Thus it

was able to solve the knowledge management difficulties, and using the two knowledge together



complementarily; knowledge management efficiency has been achievedveliorg showed
superior performance compared to existing methods based on data.

Key words:
Sensor Data Mining, Machine learning, Knowledgsed System, Expert system,

Knowledge Engineering, Knowledge Reuse, Failure Detection, Failure Predietewventive
maintenance.
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1 Introduction

1.1 Overview

Modern industrial plants contain large number of facilities interacting with thousands of
sensors and control. A single failure in a facility can produce inconsistent outcomes, which can
be affected to core part of industrial plant, and it becomes aatiitustrial disaster. Therefore,
it is crucial to find and apply the best solution for maintaining facilities and preventing industrial
disastergl]. The earlystage solution was the regular maintenance but this approach cannot be a
perfect solution tgrevent most industrial disastd®. This is because regular maintenance is
not effective for all but only few facilities, and is spent too much time and cost to affeed.
recent trend of industrial plant maintenance focuses on two main factors, aladntaiman
expertise. The system collects the status of different types of facilities from the sensors, which
are attached, on each facility. If there is any specific symptom detecteddrmuorsthe alarm
will be ringed. The collected alarm data is serthe human experts in the real time. The human
experts have experienced various types of industrial disasters so they have sufficient knowledge
in diagnosing and treating failures. Applying facility sensor network, alarm data and human
expertise seems be a good combination in handling failure but this approach also has two major

issues.

Firstly, the system may produce alarm flooding. The amount of the collected alarm is too
enormous to be properly checked and handled by human experts. Owing soitgssevere
failures can be misled or skipped, which may cause a critical industrial disaster. Secondly,
diagnosis and treatment activities are too depended on human experts. There are only limited
numbers of human experts who have sufficient experiendke certain industrial plant. It cannot
be expected any proper treatment if human experts are not available. Additionally, some failure

cannot be diagnosed or treated since the expert have never experienceBpefore

In order to solve those issues, knowledge based systems were mainly constructed by using



two different approaches, machine learning technique and human expertise. For the first solution,
machine learning has been applied in order to manage knowledgédctraefailures. Machine
learning techniques enable the system to acquire the knowledge from existing alarm data with no
help of a domain expert. The techniques are very fast in finding important pattern and knowledge
from the provided data so it reductee time and cost. However, machine learning has some
drawbacks, such as ovgeneralization and overfitting] .

Another solution for failure detection knowledge based system was conducted with human
experts. Human domain experts have enough experiertbeys can save knowledge in order to
solve complex problems in a specific domain. However, knowledge acquisition from a human
expert is normally in a slow pace. Even if the knowledge was acquired, the acquired expertise
tends to be lopsided and would matver the whole concept of knowledge in the domain since

experts acquire domain knowledge based on their past expdiénce

In this research project, focus on discovering the failure detection knowledge, and
preventing the failure in the large induatiplants.

Throughout this project,focus on the following three studies.

The first study is to discover the failure detection knowledge by usingimeakhlarm data
and machine learning techniques. It analyses the real time nature of alarm ndhtés a
characteristic. Based on the analysis result, the best features can be selected to discover the
knowledge with different machine learning techniques. This study will provide a framework to

identify the machindearning based knowledge for the fadudetection in the large dataset.
The second study is to acquire failure detection knowledge from continuous alarm data, and
maintaining human expertise. The study focuses on proposing a new failure detection approach

with machine learning and human exjse in a large and continuous domain.

Thethird study is to acquire the failuggedictionknowledge from domain expert written



failure reports. This study aims to extract the domain expertise by using natural language
processing technique, and sttnes with the networlbased knowledge base.

1.2 Motivation

Dealing with alarm data andnalysing expertise is the main key to manage the large
industrial plantsA CEO of Tesla, Elon Mask, has made a statement about the necessary of
analysing alarm data anghderstanding industrial expertise after the huge Tesla industrial

accident:

Al n order to prevent the huge | fidedxilty i al .‘
data and analysethexeper t i se, and computerise them for

This statement well represents the motivation of this research goal, proposing failure status
detection and prediction system by using+t@at alarm data and analysing expertise from the
failure status report. The following three research questionsmisethe main poirtwould like

to solve in order to achieve the main research goal.

Research questions

A. How to discover the failure detection knowledge from machine learning technique
a. How to find/select the best feature from alarm data ifatige industrial plant

b. How to detect the pattern of failure

B. How to maintain the machine learningbased failure detection knowledge base with
human expertise
a. How to build the maintainable machile@rningbased knowledge base from the

continuous alarm data.



b. How to update the existing knowledge base with human expertise.

C. How to extract the computer usable knowledge from humamritten failure
reports written in technical term and restricted representation
a. How to extract failure knowledge from hurmaritten failure reports
b. How to model/represent the extracted knowledge

c. How to identify the cause and effect of failure

1.3 Contribution

The main work of this study cdme dividedinto three partsFirst, characteristics of real
domain alarm datevere analyzedhroughanalysis.Second] proposed a knowledge acquisition

method to overcome the domain characteristic of continuously chargingknowledge

Finally, but it accumulated in thigeld, extracting the failure reports which unable to use in
the system,and proposes methods to sustainatmanagementThe contributionfor each parts

briefly shownbelow.

A. Hybrid Knowledge acquisition method

In the first study,l propose a hybrid knowledge engineering method basethamhine
learning expert knowledgeyhich enables machine learning and domain experts to generate and
update knowledgmgether. Thiss a new approach thatrmbines existing machine learning with
expert knowledgdasedmethods First of all, after constructing a knowledge base by applying
reaktime alarm data and machine learning, the expert can directly update the knowledge
continuously, thereby enabling knauge creation and management in a fast @ffidient
manner.Also, it shows that knowledge base construction using machine learning through

experiments is equal or higher than that of existing methods and also it is proved that experts can



update the knowldge base and improve performance accuracy.

B. Causal knowledge representation

Second] proposed a methodology for constructing causal knowledge as overall conditions
and treatment actions for failurEhe proposed methodology analyzes the faitaports written
by domain experts using natural language processing techniques and helps to organize the cause
effect and treatments for the failures into a network fddnlike existing ontology engineering
method, this method extracts the knowledge through analyzing the failure reports based on NLP
methods automatically. In additioan accesss achieved tcsimilar knowledge by constructing
the network based on the siaiity between knowledgelso, usabilitywas also improvethy
developing GUlbased knowledge engineering tools.

C. Failure prediction using hybrid knowledge representation

Finally, the knowledge constructed by the hybrid knowledge engineering methdbdeand
causal knowledge are fused and applied to the fault diagnosis and prediction. Unlike the existing
datadriven method, expert knowledgereflected and it can help the decision making of experts
by presenting the process of deriving the answersxarmdmesAlso, by using single knowledge
representation method for representing relationships between complex phenomena in order to
failure diagnosis, it is possible to update expert knowledge unlike existing methods with high
knowledge management costdaadso the knowledge management is very efficient. In addition,
the performance shows that the proposed framework is superior to other methodebagidisg

failure diagnosis and prediction.



1.4 Thesis Organization

The proposed methodology can be foundFigure 1.1, which includes each process
independently. As can be seen in the Figure, there are two types of data, including alarm data and
failure report, that we collected. The alarm data was collected from the Hyundai Steel corporation,
and built theknowledge base with hybrid knowledge engineering approach for failure detection.
The failure report written by experts in the factory were applied to build the casual knowledge
process map, which describes the caarseffect relationship. This process pia linked to the

developed knowledge base in order to predict the future failure.
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Figure 1.2 shows the dissertation organisation, and the following list contains the brief
explanation of the contents of this dissertation.

Chapter 1: Introduction

A 4

Chapter 2: Background and Related work

Chapter 3: Alarm Data Analytics

Y

Chapter 4: Failure Diagnostic Knowledge Chapter S: Process Map

Acquisition and Maintenance with Causal Knowledge

A

Chapter 6: Hybrid Knowledge Representation

Integration

Chapter 7: Conclusion and future work

Fi gu2aTeheB®Bi gani zati on



Chapter 1: Introduction

In this chapter] describe the research background, research goals, research question and
contribution, and introduce the proposed framework.

Chapter 2: Background andRelated work

This chapter introduces background knowledge and related research trendstatithis

Chapter 3: Alarm Data Analytics

This chapter shows the analysis results of the alarm data collected from the real domain used
in this study. The developed alarm ealiion interface and alarm occurrence patterns for a specific
period carbe checkedand it also provides feature selection and labeling method and results from
data.

Chapter 4: Failure Diagnosis Knowlelge Acquisition and Maintenance

In this chapter, propose a method of constructing failure knowledge using alarms for failure
diagnosis. Unlike the existing method, | have proposed a novel hybrid method that can construct
an initial knowledge base by applying machine learning to data, and experts danaushy
modify the knowledge on changing knowledge. For the performance measurement, the proposed

methodology compares the accuracy of the typical machine learning methods.

Chapter 5: Process Map with causal knowledge

In this chapter] propose a methotb construct a network type of knowledge base by

extracting structural causal knowledge from the failure report that describes the failure occurrence



and solution process for the failure situation. The proposed method uses natural language
processing metid to convert the failure report intstructuralknowledge automaticallyand
automatically builds up the relationship betweengtexise analyzeknowledge and network

based knowledge. It also introduces applications developed to enable users to guidrarel o

their knowledge directly using similar knowledge recommended by the system.

Chapter 6: Hybrid Knowl edge Representation Integration

This chapter introduces the system for preventive maintenance at the factory, using the
knowl edge to detect facilitiesd failures bui
failure cases built in chapter 5. It shows the performance evaluasoits by comparing the

methods to integrate the two knowledge and the existing fault prediction method.

Chapter 7: Conclusion and Future work.

This chapter shows the conclusions aigghificantcontributions to the study and concludes

the thesis.



2 Background and Related Work

2.1 Knowledge Representation Techniques

This chapter explains how to represémowledge, and is divided into fiveections
according tdknowledge representatigype. Each will be described in turn.

A. Declarative KnowledgeScheme
Logic is the traditional and most representative method.
It is the most common way to deduce new facts and is suitable for small and simple
problem areas. It is not appropriate to express-wedld knowledge because the
reasoning becomemmplicated.

B. Procedural Representation Scheme
Typically, it is a rulebased system, and knowledge is expressed as a rule. Many expert
systems are implemented on a rule basis.
As a form that is easy for a person to understand or express, a Rule tdkes thie"If-
Then" and consists of a conditional statement and a conclusion part.

C. Network Based Knowledge Representation Scheme
Semantic net is a representative network type of knowledge representation method.
It is a directional graph expressed by edmgpresenting relationships between concepts,
and nodes representing concepts. It is a system embodied in the form of modeling a
method of reminding human memory.

D. Structured Knowledge Representation Scheme
It is a structural extension of thetmerk knowledge representation method. Typically,
there are Frame, Objectiented, and Script. Frame is the most common.

E. Ontology

It is a method of constructing a knowledge base by giving meaning to information
resource and expressing relationship leemvinformation in a graph.



2.1.1 Logic

An intelligent system based on artificial intelligence or a knowledge based system that
accumulates knowledge by expressing knowledge in the knowledge base in order to solve a given
problem and it basically includes as®ning function that can be uskdother words, this system
expresses knowledge by symbolizing and translating. It is through reasoning that knowledge can

be utilized.

Logic is a traditional form of knowledge representation, providing a format tiostsahll
statements to be true and false, and enables automation of reakamipgesses the concept of
logic naturally based on mathematical grounds, and is useful for formalizing kigyewtedugh
mathematical proofThat is, it is easy to add and del&knowkdge that is expressed simply.
However, it is difficult to express procedural knowledge, and is difficult to express practical

complex knowledge because of a lack of the constitutive law of facts.

Logic-based knowledge representation is divided into propositional logidesatiption
logic. Propositional logic is logic that is based on sentences that can judge true or false, and is
used to express facts about the real wdPleédicate logic is anxéension of the propositional
logic. It can represent the grammatical structure and meaning of a sentence, not merely discussing
true and falseVariables and quantifiers can be used to represent an unspecified nhumber of

concepts and express more comphts than propositional logic.

Table2.1 shows symbols for representing logic, ratble 22 is an example for proposition

logic and description logic.



represent

Tab2lei st of Logical Symbol s
Type Symbol Definition
Punctuation A(n, i)
h Logicalnegation
o Logicalconj uncti on (f
Logicaldi sjuncti on (1
Connectives
] Athere exist éo
Anfor all éo
= Logicalequality
Variables Eg.x,y, z an infinite supply of symbols
Tabl2eExadnmswlfel ogi c knowl edge
Division Examples Expression
N | Pexiss p
Propositional logic| .
Pisq PY q

DescriptionLogic

X exists establishing p(x,y) for all y

Ix( ypxy)



http://blog.naver.com/1981shoo?Redirect=Log&logNo=100042942433

2.1.2Rule

Rules are the easiest form to expriesswledgelt has an "IFTHEN" structure and can be
expressed as an IF (conditional statement) THEN (conclusion part).

Example: IF is (A and B), THEN it is C.
Thatis, A and B is C.

It is suitable for the knowledge required to make a decision or conclusion, and is easy to
express intuitive knowledge diuman Because of this, it is utilized in many knowledupsed
systens.Knowledge is represented by a single rule, so it can be represented as a module. While
addition and deletion are easy, it is expensive to analyze and define the problem, and the

complexity may increase.

Figure2.1is an example of a general riddased system. The main functions of the system
are as follows: It is the most important function that constitutes ébaged expert system, and
various omponents can be added as needed.

Knowledge base: The knowledge expressed-hHIEN form is expressed and savel.

the condition of the rule is satisfied for a given input, it is said that the rfitedsand

then the conclusion is performed.

Database: The input data isontainedrom the knowledge base to obtain the answer.
Inference engine: The inference engine plays a role in reasoning in the expert system for
the given input, and the inferencecanductedising the knowledge base.

Explanation fatities: It is the function of explaining the process of knowledge to the user;
that is, the reasoning process or the validity of the derived answer.

User interface: It is a communication means for the user to utilize the expert system and
pursues the forras easy and convenient as possible.

Developer interface: debugging tools, knowledge editing, and I/O interface interworking

are included for system developers.
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2.1.3 Semantic Network

Semantic net is a directional graph expressed as nodes and edges. A node corresponds to a
concept, an idea, an action, a state, or an assertion, and an arc exprekemship between
nodeslin 1968, M. Ross Qllian developed a graph for knowledge representation and reasoning,
used as a method of modeling and embodgimgay to relate human memofigure2.2 shows

an example of a semantic network.

as

Vertebra Cat > Fur

h
has\ % he/
) is an isa
Animal <= Mammal<——— Bear
is an
Whale

. lives in lives in
Fish _— Wa‘ter
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The semantic network is inherited fromm upper node to a lower nodeo identify the
meaning of these inheritance relationships, the arc can be represented by multiple labels to

indicate relationships between nodes.

(Is-a) and (Has label) are the most common expressgiaie semantic network modéh
the example shown inigure 22, it is easy to deduce that Cat is a Mammal through)(label.

The (Has label) also indicates proprietary relations, and it means the Bear has Fur. Thus, a

! https://en.wikipedia.org/wiki/Semantic_network



semantic network is capable of expressiegsoning or complex reasonitdpwever, theres a
disadvantage that the knowledge base is getting larger and cannot be handled when the network

structure becomes complicated.

Wordnet is an example thatagsa typical semantic networlk.was firsty developed as an
English vocabulary dictionary, and it provides vocabulary classification and brief meaning by
constructing a syngnm di ct i o syasefyln addiibnl ltecah bed@asily recognize the
usage of language by defining the relation betwmeanings as various relatioas shown in
Figure 2.3. It is developed for various languagas well as English. It is used in the field of
Natural Language Processing (NLP) and is applied for textual interpretation and artificial

intelligence purposes.
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2.1.4 Frame

The frame is a knowledge representation model proposed by Maimgky in 1974 and is
a method used for modeling knowledge based on huneamony and cognitive processéscan
be said that the knowledge structure is suitable for describing the overall situation or object, the
attribute of the object, and expressing thlationship between the objects. Therefore, it is called

anobjectorientedrepresentation.

The frame structure consists of a frame name and a slot. A slot consists of a slot's name and
a slot's value, and aaime can contain several sldtsorder to have the relationship between the
slots, as shown in tHeigure 2.4, another frame can be inherited by specifying another frame in

the slot

Frame
Name: || Clock (SYSTEM)
Slote: Nawe value
Color Uunkmnown
Mechanlsm 1
Frame .J(
Name: Mechanism
. Namwe value
Slots: Color Unkmnown
Material Steel
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2.1.5Semantic Web

The Semantic Web was presented by Tim Berhesesin 2001 as a vision of Web technology.
The Semantic Web expresses the information about resowvebsd¢cuments, various files,
services, and etc.) existing in a distributed environment such as the Internet in a structured form
(ontology), and means a framework that allows automated machines such as computers to process

them.

Currently, the web is badeon HTML, and it can be said that computers are not-oheeiz
that can understand web information, but rather information thasisfor humans to understand.
For example, if there is a tag "<em> Snow </ em> <em> White </ em>," the computer will only

highlight the two words 'Snow' and "Whitkt.tannotbefoundany relations between two words.

On the other hand, the Semantic Web is built on a markup language based on XML. RDF
(Resource Description Framework) is a language that can represent metatii@x@resses the
concept as a triple form <Subject, Predicate, and Objette RDF example above would be
expressed as < urn: Snow, urn: Color, urn: White>. When a computer interprets a sentence written

in triple form, 'Snow' has 'Color" as 'White.'

The Semantic Web expresses meanings on the web as a graphical ordsied)\ob this
triple structureThe hierarchical structure of semantveb technology is as follows as shown in

Figure2.5:

URI (Uniform Resource Identifier): Represents the name, location, etc. of an object to
identify a web resource

IRI (International Resource Identifier with UNICODE):

XML (extensible Markup Bnguage): Meta information, representation, language and
standard.

RDF: Structural representation of information or information resources

RDFS: Schema information of RDF, representing a lightweight ontology



SPARQ: Query language of RDF

RIF: Hierarchy for éfining and exchanging rules

OWL: Common understanding and concept shared for a specific domain, language for
expressing the relationship between concepts

Logic: Ability to draw new conclusions based on existing information

Proof / Trust: Trust about the &l

User Interface & Applications

Trust
Ontology
Query: OW'— Rule:

RIF

Crypto

SPARQL
RDFS l

Data interchange:
RDF

XML

URI/IRI '

Fi gasLeaysef Semantic Web Technol ogy
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2.2 Machine Learning Techniques

Section 2.2 includes different type of machine learning techniques that applied to knowledge
engineering research, such as detection, prediction, or recommendiédititine learning is a
field of artificial intelligence that studies algorithms and téghes that computers can leaFur
example, when there is a large amount of information about data flow in the network, it can be
distinguidied from abnormal infiltratiorMachine learning is the key to mgsentation and
generalizationRepresentation is @data evaluation, and generalization is processing of data that
has not yet been confirmed. Learning and classification operations in machine learning are
illustrated in theFigure2.6.

Training data is generalized, refined, and trained with speaidichine learning algorithms.
In this process, &nowledge model is constructat¥hen this knowledge model is used, the test
data or the new input data ssibstituted into the knowledge model, and the answer is found
through the kassifier to find the solution. The main machine learning algorithfalear
Neighbor, Decision Tree, Nave Bayes Theorem, Support Vector Machine and Neural Network

areintroducedn each section.

Training Data

v

New Data E> Classifier |:> Prediction

Fi g26Te adi ti onal machine |l earning

4 http://sebastianraschka.cohnficles/2014 _intro_supervised_learning.html
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2.2.1KNN

KNN (K - NearNeighbor) is a representativ@supervised learning method introduced by
Altman in 19977] and is mainly used faiassification or regressiomhat is, the data is classified
according to the characteristics without specifying a prediction result in thékdatidne number
of neighbors und the reference datia. the example as shown Kgure 2.7, the square and

triangle are located around the circle data, so K will be 3.

This method is suitable when the data groups have data with a homogeneous tendency, and
therefore it is not effective unless there is a alference between the groughe main feature
is that this method is the simplest and fastest effective leanmitjod, but since the distance

between all the data must be calculated, the amount of data increases the learning cost.

- = =
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2.2.2Decision Tree

Decision Treeas shown irFigure2.8 is a commonly used learning method in the field of
data mining. A knowledge model, which is a tree structure, is created through a label, which is a
prediction result already defined from a specific attribute of the input data. In the tree structure
eachnode corresponds to ongréoute, and the branch to thhild node corresponds to a possible
vaue of attribute The advantage of this model is that it is easy to interpret and understand the
results, and warks well with large datasefEhe disadvantagéowever, is that if a learner cannot
generalize training data properly, it can create too ¢exngf a treeThis is called ovefitting,
and a pruning method that eliminates branches that lower knowledge accuracy should be used
together in the learningrpcess.The most representative algorithms are ID3, C4.5, C5.0, and
CART.

Outlook
Sunny Overcast Rain
Humidity Yes Wind
High Normal Strong Weak
No Yes No Yes

Fi g2a8Aedx @mpl e of Deé¢aissi dnchrte®on



2.2.3Nave Bayes Theorem

Nawe Bayes has been extensively studied in the field of machine leasinicg the 1950s
and is a kind of probability classifier applying Bayes' theorem that assumes independence from
the properties Nave Bayes is a supervised learning method and the simplest way to create a
classifier is to train on the basis of a generalgpile, not a single algorithm. The main principle
of this method is that all property valuae independentf@ach otherlt is assumed that there
are no associations between properties that can classify a particular entity in the classifier, and
eachcontributes independently to classiyntities among the propertieEhe most important
feature of this algorithm is that it works well even if the amount of training data is small even

though it is relatively simple and simple assumption.

Conditional pobability means the probability that event B occurs when event A ocdairs.
this case, the conditional probability P (B | A) implies the probability that events A and B occur

at the same time.

The Nawve Bayes divider classifier iNaive compares the probabilities belonging to a
specific class when an element contained in the data is found, and selects the class having the

highest probability.



2.2.4Support Vector Machine

SVM (Support Vector Machineas shown inFigure 2.9 is used for classification and
regression analysis as a supervisednieg machine learning methodhe SVM creates a
probabilistic linear classification model that can classify new data into categories based on data
categories given the data belonging to one of the two categories of data. Linear as well as
nonlinear classification is possible. The datdegory classifies the data characteristics by a
margin tharepresents the distance of the data with the hyperplane as a boundary. Typical uses of
SVM include recognition of handwriting characteristics, classification of proteins from

compounds in medioe, image classification, and so on.
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2.2.5Neural Network

ANN (Artificial Neural Network) is a statistical learning method that imitates biological
neural networks in machine learniagd cognitive sciencés shown inFigure2.10, ANN refers
to a model in which artificial neurons (nodes) forming a network of synapses changes their
defective strengths of synapses through learning and has prebleimg ability. ANN can
operate in two ways: supervised learning and unsupervised leakivimgn other machine
learning methods operate on a rule basis, they are often used for learnirgn thnstructured

data such as image or speech recognition, which is difficult to solve with this method.
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2.3 String Comparison

Section 2.3 presents the outcome of the literature review in terms of entity/string comparison.
The section focused on reviewing several string comparison techniques that can be used in the
process map development.

In this section| will briefly introduce how to compare similags and strings between texts.
String comparisons have long been studied in the field of computer science and are widely used
in information retrieval and text mining. Representative methods areDitigine,' 'Jaccard,’
'‘Cosine Similarity,' and "THDF," respectively. A brief description of each is given in that section.

2.3.1Edit-Distance

Edit distance is a method used in natural language processing fields for searching, spelling
check, ¢c. through string@mparison! will introduce the DameralevenshteirDistance thais

one of the representative methedth an example as shown ligure2.11.

Most edit distance methods work with the removal, insertion, and sulmstift characters
in a string A method of obtaining the edit distance through an gt@mvill be briefly described.
It will befoundthe edit distance between the two strings "RELEVAMTH d " ELEPHANTO
the figure. In the first step, "R" should be inserted into the comparison string (ELEPHANT
RELEPHANT). At this time, the editing distance is increased by one. In the next step, replace "P"
with "V" (RELEPHANT | RELEVHANT). After this pocess, edidistance 1 increases further.

Finally, remove "H" (RELEVHANTI RELEVANT). This shows that the edit distance is
increased 1 and the editing distance between ELEPHANT and RELEVANT is 3. The edit distance
also applies to uppease and lowercase aactersFor example, the edit distance of Relevant

and relevant becomes 1, because "R" must be replaced with "r."



o(1,2|3|4|5|6]|7]|8
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2.3.2Edit-Distance for Korean

Most of the existing editing distance algorithms have been studi¢iikfaiphabebased on
Englishspeaking languages, and there hasbeen much research on edistance for more
complicated languagessich aKorean or Chinese charactef$ie study oKoreanedit-distance
was done by§] representativelyRoh at el[8] proposed two algorithms. One of them, SylED,
obtains theKoreanedit distance by applying inserts, deletes and edits in syllable units. Another
method, PhoED, is to dividéoreansyllables into several phonemes and then compute the edit
distance for each phoneme unit. Thaitiss compare the syllables that are aligned and calculate
the cost of insertion, deletion, and substitution that occur in phoneme units. Thefgotitionas
are used in combination with a KorED algorit
when the phonemes are different, b is added,
string lengths are different from each othesliéwing shows the formula used by the KorED

algorithm to obtain the edit distance.



Base Case
YO@B Q R QEws Qm
YOO 'HQ QT Q¢ s Qm
General Case
YOO OB Q | ETYO® QO ™Q p th
YOO QpMQ th
YO® Q phQp 10T Q
0 thatis onedimensional array fortsng A means prefix oo thathas ¢ "Q length.
The similarity score between two different strings and 6 is defined as the sum of
the scores of all character pairs in the layout.
YO® O Q meansd QAT A "Q whichis asubstringob and 6 .

Additional studies have been conducted to improve the performance of the KligdEEhm
[9]. The performance wamprovedto classify typing errors, similar words, and profanity. The
algorithm computes the similarity by transforming a word into a-dimensional array of
phonemes to solve complex problems such that a syllableidediinto two or more syllables,

or some phonemes are moved to another syll&blowing shows the improved algorithm.

Base Case
"YoQh
Al ¢s 3

YO QYO Q p Y B Q
Al® Q Ds
YO® Oh, YO® Q ph Yo Th

General Case
YOO OB Q I Aol O



2.3.3Jaccard Similarity Coefficient

As shown inFigure2.12, The Jaccard similarity is a value obtained by dividing the number
of elements of the intersection by the number of union elements when comparingstwidhee
formula is as followsHowever,if both sets are empty, the value is 1.

o s, D, 0
* AAA?AEDIAEI*A@EO?:—E)E

Figarzentersection and Gnion of two

The similarity is at least 0 to 1 and s«own in the following formuldf there is no
intersection, the value is 0. If both sets are equal, the value is 1.

m *!IH p

This method is used not only for text mining but also for identifying spam mail in social
networks by combining with graph theory. In other words, if there are two mesbagese

highly similar, they are judged as spam.

" https://en.wikipedia.org/wiki/Jaccard_index



2.3.4Cosine Similarity

The cosine similarity refers to the degree of similarity between vectors measured using the
cosine of angles between two vectors in the inner space. A typical example is afoadiagf
similarities between documents. That is, in the field of text mining or information retrieval, each
word constitutes a dimension, and a document is a vector value represented by the number of

words appearing in the document.

The cosine valuesf the two vectors are expressed as:

AR Ayl € | —

Each document corresponds to the words A and B included in the document, and the attribute

value is the frequency of the corresponding word.

PP - o .
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The calculated degree of similarity has a value betwkand 1, wherel means completely

opposite to each other, and 0 means that they are independent of each other.

The reason why the cosine similarity is widased is because the Jacc@akfficient can
be applied to the binary data, but the similarity can be measured with respect to the attribute value,

not the binary data, except for the attribute matching the zero to zero cosine similarity.



2.3.5TF-IDF

TF-IDF (Term Frequencynverse Doament Frequency) is mainly used in infotoa
retrieval and text mining3y using this, the importance of the corresponding entity (word) can be
known. The reason is that certain words can be expressed as important things in a document. The
significancecan be found by the occurrence frequency (TF) of the words included in the document.
Obviously, the most common words in a document can be perceived as important values, so they

can be understood from an intuitive point of view.

IDF is the reciprocal nunds of document frequency. The total number of documents divided
by the number of documents containing the entity (word). This allows you to identify the
characteristics of the document set. For example, if the word 'iPhone' appears frequently in a

documentthis set of documents can be a collection of articles about IT products.

TF-IDF is the product of word frequency and inverse document frequency. The total
frequency of word t in document d is called tf(t, d). The formula to obtain tf is as follows:

™ "QAQ

OB T rXmiiag "0

IDF can be obtained by dividing the total number of documents by the number of documents

containing the word and then taking the log.
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2.4 Information Extraction

Section 2.4 focused on researching information extraction techniques that can be used in
extracting the keyword, phrase, sentence from documents. The review aumgeptechniques
to construct the knowledge map with the written document.

The aim oflnformation Extraction (lE) isto extract structured information such as set of
entities or relationship between entities from wnsgtired or semstructured texby usingNatural
Languagdrocessing (NLP).

This chapter introducesell-known two type approachésr information extraction.

Supervisedlearning approaches Hidden Markov Models, Maximum Entropy Models,

Support Vector Machine, Tremased learning, Gulition Random Field

Semisupervisedlearning approaches Corpus, Regular Expression,

Mutual Bootstrapping

2.4.1 Hidden Markov Models (HMM ) based Approaches

Zhou et al.[10] developed basedMM chynk tagger in order to recognize and classify
names, times, and numerical values on NER. This system can apply and integrate different four
subfeatures: 1) simple deterministic internal feature of the words 2) internal semantie fefat
important triggers 3) internal gazetteer feature 4) external macro context feature. It outperforms

any machindearning and rukbdased system.

Skounakiset al. [11] presented Hierarchical Hidden Markov Models for Information

Extraction in order to represent the grammatical structure of the sentences being processed.



Usinga shallow parser, multevelrepresentation of each sentence processed is created, and after
that hierarchical HMMs is trained to acquire the regularities of the parspofmssingentences.

Guohonget al.[12] appliedlexicalizedHMM -based approach to Chinese NER in order to
deal with the problem of unknown words. The approach is to unifyamknvord identification
and NER tagged assequencef known words. This system consists of tmajor modulesThe
first is known worddiagrams, and the second is tagger basddxicalizedHMMs. It has ability
to integrate both the internal entifgrmation pattern and surrounding contextual clues. It

achievedutperformance than standard HMM.

Ponomareva et dl13] considered only POS tag to solve problem-naiform distribution
among biomedical entities. Using POS tags, this system achievpes$ibility of splitting the
most numerous categories. Although knowledge is not sufficient, this system outperforms than

stateof-the-art systems.

Todorovic et al[14] applied HMM in order to understand low level semantics of texts. This
approach is tintegrate named entities which are PERSON, ORGANIZATION and LOCATION
with grammar based items as DATE, TIME, MONEY and PERCENT.

Jin et al[15] proposed to extract of customer review and particular product related entities
on reviewer's pinion. Opinion expressions and sentences are also recognized and opinion
orientations for each known product entity are classified as positive or negative. These approaches
have different from the previous works that have mostly based on natural language processing
tecmiques or statistic information. The result shows high performance in web opinion mining

and extraction from product reviews.



2.4.2 Maximum Entropy Models (ME) based Approaches

Reynar et al[16] applied MEto identify sentence boundaries which contain punctuations
such a®, and. They used trainable model and this model is trainelddmgcraftedules, lexica,
Partof-speech tagsr domainspecific informationin addition,it canbe trained on Englishxés
based the Wall Street Journal corpus and Reafaimabet languages. Although corpus is

insufficient, the performance of this system is better than similar researches.

Kambhatlaet al. [17] developed method to extract relations in annotated texts. This
approactronsistof various lexical, syntactic and semantic featfrthe text. It is able to
annotate large amounts ohlabeleddata without parsingf entire data usinthe very simple
lexical featureln addition when various combined featur@® sed, this research achieves the
best results.

Xinhao et al[18] proposed an approach based a maximum entropy for a Chinese text domain.
The aim is to segment Chinese word usirgram language model by applying this approach.
This system can shift the wbsegmentation to a classification taskaddition,a combination
of post processing andgram language model is applied to the system. Experimental results show

that the most performance outcomes in MSRA corpus basedgparbilanguage model.

Benajibaet al. [19] developed ANERsys applied on maximum entropy angram
approaches in order to recognize an Arabic named entity. This systesistsof both an achoc
method for the specific Arabic language and gazetteers. They developed traineigaogzbra
and gazetteer to train, and they are used to increase the performdresystem. Although this
research showed preliminary resulthésthe possibility to tackle NER problems for Arabic

language.

Konkol et al[20] applied to maximum erdpy in order to recognize a named entity in Czech
language. This approaconsistof both the knowledge and experiences acquired

from anothedanguage. The experiment is conducted by using semantic spaces as a feature for



this approach. It showed the figmance than the previous researches in Czech language and
provides meaningful approaches for this domain.

Ahmed et al[21] developed a method based on the maximum entropy for recognizing the
namedentity. The aim of this system is to extract the erst#s, whichhavenames, locatiorgnd
organizatiorof text using the gazetteer list. The maximum entropy among entities is extracted
and it is used to train. This approach is confirmed tthbefastesimethod for retrieving and
classifying the entity setfrom the database. This system outperforms than the existing related

researches for extracting the information.

2.4.3 Function-based Learning (Support Vector Machines (SVM))
based Approaches

Yi et al.[22] introduced amethodappliedcombination of SVM and an edilistance The
edit-distance is used to extract the features of SM\Mddition they proposed a virtual example
concept to automatically increase the amount of annotated corpus. This approach is able to resolve
the lack ofcorpus problem. The purpose of the approach is to tackle the problems of spelling
variations. The experimental result showed that because of using the virtual example, this system

outperforms than other approaches.

Li et al. [23] developed a system usesfemture of the SVM that has uneven margin
parameters, and it supports in cas¢heflittle training dataset. This approda#ipsto improve a
categorizing performance of document.rdighcompilationwith other stateof-art learning
algorithms, the restishowed that this approach increases the size of training data and achieved

more improvements than other researches.

Aramakiet al.[24] proposed a methadcludingthree features: (1) basic pattern feature as

lexical patterns (2) selected pattern featused specific queries (3) physical size feature that is



entity's size. The aim of thepproaches i® classify semantic relations by acquiring the size of
an entity. The experimental results show this approach is practicable and overcome the problem
that other methods do not solve.

Benajibaet al. [25] introduceda SVM based NER methoth Arabic language domain.
This approactused both specific features for Arabic language and independent language in this
framework. This systemmonsistof various featuresuch ascontextual, lexical, gazetteers,
morphological, nationality and Correspiing English Capitalization. They experimented in both
cases that are feature combination and separ&@imrall, itachieved high performance as F1
scoreof 82.17.

Habib et al[26] developedcan NER systerthat is based on multlass SVM approaches
and highdimensional features in order to solve the capability problems of NER. This system
eliminated domain dependent knowledge and only usadhinelearning method. Their
researchshowed the separated domaipproach, whiclsuccessfully identifieand classify
named entities. The result achieved improved training time and showed that this approach is the
way to enhance the scalability problem.

Li et al. [27] used Conditional Random Fields and Support Vector Machines to identify
namedentity in a clincal free text. This approaappliestothe clinical domairby
developinganapplication. They used a gold standard corpus to evahiatmethodand selected
various features such as dictiondngsed, bag of words, POS tags, window size, orientation and
capitalization to improvéhe CRF modehs well as SVM's Overall the experiment result showed

that CRF outperforms SVM in-§core evaluation.

Singh et al[28] introduced a Manipuri NER system fan Indian language domain. In order
to recognizenamed entitiesf Indian text, they applied to two methods with the system. Care is
active learning techniquesing lexical context patterns generadedinlabeledcorpus that is
annotated with major NE tagserson'siame, location name, organization name and

miscellaneous name, another one is a method based SVM eldsslifiesdifferent contextual



information in the corpus. SVM used lexical context patterns to ingpp@rformance and the
experimental results showed high performancetferproposed approach.

Caiet al.[29] developed a system thatnsistof CRF and SVM and showed its application
in order to identify semantic entity. For this system, various femtureh as context and linguistic
and statistical is retrieved using CRF and lssgale text document analysis and used. By
combining all features, the SVM conducted classification. Becausaphisactused the
integrationin the context, linguistic anstatistical feature, the results showed better performance

than other approaches.

Habib et al[30] researched the Named Entity Recognition method based on SVM in the
biomedical domain. This is to tackle scalability problems. The approachisachievebetter
performance by eliminating prior knowledge or domain dependent knowlEdgenethods both
binary and multiclass SVM using increasing training data and are compared with the proposed
method. The experimental result showed nelliss SVM reducesaining time and the proposed

method is more feasible for solving practical environment issues with large datasets.

Ju et al.[31] introduced the NER system using SVM ftortrustechiomedical documents.
The aim of this research is to identfyecificaly the name from biomedical texts in large
databases. ThefReasure (80%) recognized named entity in the biomedical domaimdsthan
one of a general domain. To overcome low performance, they used SVM and this approach
outperforms than the existing metts of the medical domain. The experimental result achieved

precision rate = 84.24% and recall rate = 80.76%.

Bjorne et al.[32] exploredin research for the detection of drug names and statements of
drugdrug interaction (DDI) from documents. They depsd the system for retrieving Truky
Event based SVM for solving two tasks. This system is evaluated by testing three feature sets
such as DrugBank, Marama and Both DrugBank and MetaMap. To do this, a semantic parser
is intensivelyused. The experimentasult showed this system achie¥escores of almost 60%

for the drug name identification.



2.4.4 Tree-based LearningbasedApproaches

Paliouraset al[33] used a decision tree induction to optimize a nagmiy recognition and
classification (NERC) system far specific domain. This system tags named entities such as
persons, locations and organizations and to identify entities uses two resources as both a
recognition grammar and lexicon. This approach applied C4.5 decision tree to construct grammars
and testd to recognize person and organization names. The results showed that this system

outperforms a grammar constructed manually.

Isozaki et al.[34] introduced a method to recognize Japanese Named Entity. In
Japaneskanguage, generally approaches based dhaaimum Entropy (ME) showed good
performance than decision tree system laamdcraftedystem.However systems based ME
required much data to train. Due to these issues, an alternative method is proposed by combining
a simple rule generator with decisiwaelearning. The test result showed this system is efficient
and appropriate for training withrgescaledata set and improves readability.

Black et al.[35] aims to solve name entity classification issues in not English language
domain. This systemonsistf two modules such as the modified TransformaBased
approach and Decision Tree Induction approach to tackle thefPapeech tagging problem. To
evaluae this system, they used Spanish and Dutch training data sets and results showed well

working Spanish test text.

Because lexical taxonomies have a featureltius as tree structures, Witschel et [86]
applied a decision tree to expend lexical taxonomies and his approach is to recognize new
concepts and employ @xcurrence entity by calculating relation between words from large scale
corpora. Thessimilaritiesare constructednd insert to each nodé the decision tree. The test
results showed the overall classification accuracy still low because that lexical taxonomies

automatically extenetl by system itself is until very difficult problems.

Szarvaset al.[37] developed a nation based statisticaldelling method. The aim of this



system is to recognize and classify named entities in the Hungarian and English language by using
both AdaBoost M1 and C4.5 decisioredras a classifier for learninn addition, problem:

specific methods such as a largatlire set, post processing is also applied to this system for
supporting it. This research has advantages to be able to apply to different languages without
modifying models.

Zhou et al.[38] introduced a medical information extraction system in ordegxtoact
meaningful information such as that patient information has breast complaints from clinical
medical records. To construct this system, ID3 decision tree techmicgieppliedo it. The
major tasks of this system are to extract medical ternagjar$ between terms and classify text.
Theirs grapkbased approach using ligkammar parser to extract relations achiewigh

performance

Chakaravarthet al.[39] developed a system for recognizithg entityfrom giving
relational table. Input datare specific mufti valued attributes and probability distribution for
attributes that means the like hood of the occurrence of each entity from the tabies&aish,
unlike previous works concerns the general problems containing inconsistent atrénde
inconsistent probability distribution over the set of entities. To tackle these problems, a natural

greedy algorithm is applied to the system.

Abdallah et al[40] introduced an integratadethodfor a decision tree as a machinarldng
with a rulebased systenihe aimof this research is to tackle issue#rabic language. Their
experimental results of hybrid approach results showed that the improventietFaneasurés
up to 8~14% when comparedth a puremachine learning system and a rbkese systemn
addition it outperforms than the stapé-the-art machine learning systems based a conditional

random field.

Oudah et al[41] aims to develop an Arablamed Entity Recognition systein addition
pipelined process is used to solve NER issues. Their hybrid methdukehasilityto identify 11

different types of named entity: Person, Location, Organization, Date, Time, Price,



Measurement, Percent, Phone Number, ISBN and File Name. The expevisserinducted in
comparison with the three ML classifier and it showatperformancéhan the pure ML and
rule-based approaches.

Most recent researches for NER is possible to tackle entity recognition in case of specific
documents. Because of these peofs Prokofyevet al. [42] introduced a NER approach for
characteristic documents such as scientific articles. This approach is composed of a decision tree
to clasdiication and rgrams inspectianThey evaluate various entity recognition features on a
sd of computer science and physics papers, and the experimental result bigiveedccuracy

than other approaches based on maximum entropy.

2.4.5 Conditional Random Fields (CRF)based Approaches

McDonald et al.[43] developed a framework based on a Condition Random Fields for
probability sequence tagging in biomedical text. The aim of this system is to construct a model to
extract gene and protein mentions in the tex@ddition this approach is able to extend/&sious
biotical entities. The experimental result showed that proposed CRF models using probability tag
and lexicons have abilities to recognize these entities without domain knowledge and achieved

high accuracy by applying orthographic features and efgatures.

Okanoharat al. [44] developed a single probability modelsed on serCRFs for
biomedical text. This systehasabilities that can tackle long named entities and many labels
increasing the computational cost. In order to resolve these problems, they use feature forests to
package featurequivalent state and a filtering process to decrdeseumbenf candidates.

Their results showed this system work wellgrgposing methods without decreasing overall

performance.

Peng et al[45] introducedanapplication applied CRF® textract information of scientific



documents such as research papers. This approach is to retrieve various contents such as title,
author, and keyword and so on that is paper's information. In order to extract these contents, they
defined feature categes that are local, layout, external lexicon features basetheon
formationsof documents. To evaluate they compared varinashinelearningmethods SVM,

HMM. The result showed superior to test approaches.

Zhao et al[46] applied to CRF in order to rdse Chinese word segmentation such as a
character based tagging problem. Although existing researches concerned only feature template,
they proposed two methods; a featse¢ection and a tag set selection. They used and compassed
various tag sets to evalteproposedanapproach. The experimental result outperformed than

existing approaches.

Bundschust al.[47] focused on relation extraction problems from biomedical literature. In
order to retrieve bottelationsbetween entities and type of relatioheyt used CRFs to construct
the framework. CRF is very useful to train without feature selection. Their approach is different
to previous methods that only concerned detection of relations. The proposed method is able to
contribute work of named entity eattion and showed high performance for relation extraction.

In addition,it can use general purpose.

Sobhanaet al. [48] aims to extract named entities from Geological text. Target texts
arescientificdocuments and articles on the Indian and these arktasconstruct a corpus. For
recognizing various named entity classes, they used various features in context information
of words, e.gcurrent word, POS information, digit features and so on. To evaluate this system,
they compared with other methods sashSVM. The experimental results shovisggher

accuracy than other methods.

Rocktaschel et a[49] proposedapplieda CRF trained from chemictdxtthat are consist
of chemical entity such as trivial names, drugs, abbreviations and so on. In @xieatbentity,
they used a combination CRF with a dictionary. CRF is appropriately used to extract

morphological entities and a dictionary is used to extract short and inappropriate named entities.



Due tothe advantagesf this approach, they showed theposed system outperforms existing
methods and is possible to be used for a broad cheemtgirecognition.

2.4.6 Regular Expression based Approacés

Li et al. [50] presented a method to reduce manual effort such as creamgualityand
complicated regular expression for information extraction process. They developed RELIE,
transformatiorbased algorithm for learning such as regular expressions. In order to evaluate this
algorithm. They compared with CRF algorithm and showed RELIHaster than CRF and
outperform CRF under training shortage of data and -@toswin data. TotallyThey showed

which CRF's performance can be improved when extracted features by RELIE used.

Brauer et al[51] introduced a method automatically reasoniagutar expression from
sample entities such as retrieved from a database or an annwtetesentorpus. The proposed
approach can learn efficient reguépressions thatan be easily understood by a user without
any document corpus and extension ofapplication of information extraction. From weighing
dependent entity features, this system can achieve high performance by selecting thiéatniest su

regular expression form

Eka et al[52] developed a system for short text messages in Swedish vinittemobile
environment. This system retrieves locations, names, times, and telephone numbers because these
entities can be used in other applications. In order to implement this system, a regular expression
is applied to support a classifibased on lagtic regressionThis approach showed fast response

time on the telephone and achieve high performarssoFe of 86.

He et al[53] present an approach for a web forum. A main task of this systenearn the
specific features of forum systems andide how to select the suitable features to construct the

system fingerprints. The systdms two mainasks: 1) by clustering those pages, page layouts



and contents are identified 2) the features of the forum system are required and these can be used
to extract information. The experimental results show this system well work for user's information

extraction.

Sawsaat al. [54] proposed Java Annotation Patterns Engine (JAPE) basdbeon
Information Science concef construct a domain ontology. The JAPE supports a regular
expression matching. This can reduce the consuming of ontology construction time. The
experimental resukhowed the pattern matching used lookup list produced 403 correct concepts
and missing and the false positive result are not. Thus, the proposed metigoleisapproach

to help expert's work arefficiency of work.

2.4.7 Corpus based Approacles

Tanabe etl. [55] proposed a tagged corpus for gene/protein named entity recognition in
biomedical texts. The purpose tbe proposed systeis to reduce a difficulty of extracting
gene/protein names due to the complexity of gene/protein hames. In order to tkestve
problems, they developed annotationGENETAG; a corpushas20k medicine sentences for
gene/protein. Although annotators are required to judge the annotation of GENETAG and the data
have to preparse to word. They showed charadiased indices ougpforms wordbased indices.

Szarvas et al[56] developed a method to increase accuracy of named entity corpus for
Hungarian. In order to create a corpus, a parallel annotation process conducted by two annotators
and the result showed a tagging with irdenotator agreement rate of 99.89%. To increase
reliability of the corpus, two annotators have discussed with a linguist with experiments for
several years. To evaluate the corpus, various machine learning algorithms and classifiers are

used. The experinmgal result showed high accuracy of 92.86% F measure on the corpus.

Pyysaloet al.[57] introduceda Biolnfer (Bio Information Extraction Resource), a corpus of



biomedical English. The aim of research is to acquire protein, gene, and RNénstgp from
biomedical texts In order to construct a corpus, theyalyzedan annotation scheme
for namedentities and their relationship based on sentence syMt@eover they created the
ontology whichconsistf a typeof entitles and relationship in tieerpus. Using 1100 sentences
of biomedical literature, the corpus is constructed.

Rosenfeld et al[58] introduced methods to increase Web Relation Extraction (RE) using
corpus statistics. In order tmproveRE, they presented a method to use cospaistics, validate,
and correct the issues @ftractingrelation. To evaluate this approach, they used the method
based on a seHfupervised web relation extraction system and compared with both simple rule
based NER and a statistical CR&sed NER. They shwed high performance for relation

extraction and validation.

Tomaneket al.[59] presenédthe Active Learning (AL) for the annotation of named entities.
This approactshowed faster annotation work under feavironments. In order to construct a
corpus,they used specific classifier and feature sets. They showed the rate of reduction for
annotation efforts until 72%. The experimental result showed AL can bdarsediousapplica

tions, but, to construct a corpus, large amount efforts for annotaéoeauired.

Ekbalet al.[60] developed a tagged Bengali news corpus using web resources of Bengali
newspaper. Using web crawler, the web pagdsyjperTextMark-up Languagextractfrom
news resources. The corphmssapproximately 34 milliowordsat present. Their NER system
used pattern based shallow parsing and linguistic knowledge created by this corpus. The
experimental results showed high accuracy, overaltdfe of more 70% fa person, location,

organization and miscellaneous names.

Kipper-Schder et al.[61] introduced Mayo Clinic Information Extraction system to extract
the named entity disease. In order to construct this systeorpas, which has 160 fraext
clinical literature based on manual annotatisrdeveloped. To evaluate thisrpas, they use a

subset SNOMEBCT with semantic typesf disease and disorder mentions. They archived F



score 56% irthe casef exactmatchesand 76%of right partialmatching and 62% lefpartial
matching.

Roberts et al[62] introduced the building a& corpus in which clinical textontainboth
multiple entities and their relationship. In order to construct this corpus for a CLEF project, they
used large corpus, handled multiple text types such as clinical narratives, radiology reports
andhistopathabgy reports and over 20 annotators have worked. This caqnsistsof both

structured records and free text literatures from hospital for deceased cancer patients.

Ohta et al[63] used GENIA as a corpus and GENETAG in order to extract proteins and
genes in molecular biology. The GENETAG conducts an annotation for the conceptual entity,
gene and GENIA is used to recognize forms of gene, protein, DNA and RNA. These features can
solve various problems such as the compatibility and comparability of théatians. In this
research, they showed a combination method which an extension of GENIA integrated with
GENETAG gene annotation.

Desmet et a[64] proposed a named entity corpus for Dutch. Although existingead entity
recognition systerases large annotated corpus in English domain, thereiis Datch. The aim
of this research is to construct a corpus of a variougrii@dn-word containing named entities,
coreference relations, semantic roles apdtiotemporag¢xpression. In ordeio construct this

system, they trainedillion-word subcorpus and developed automatic classifier.

2.4.8 Mutual Bootstrapping based Approaches

Lee et al[65] developed a bootstrapping method for applying to ggggc named entity
annotationln order to construct a system, thmyild a raw corpus by annotating with seeds. Using
annotating, they trained boundary patterns and these applied to the corpus as new candidates. To

reduce ovea generation, type verification is used. They shotlied bootstrapping



methodprovide increasing annotated instances and becoming boundary patterns richer.

Kozareva [66] proposed amethod, whiclautomatically generates gazetteer listom
unlabeleddata and construct named entity recognition system usintigldlz@dunlabeleddata.
The aim of this researah to solveproblems oNER, whichlack of thehandcraftediata and low
scalability inanothedomain. Througtunlabeleddata, they easily construct the gazetteer list
for the persorandthe locatiorand the gazetteer is used ageaturdor named entity recognition

system.

Pennacchiottet al[67] proposed a combinationethod thatonsistof weakly supervised
iterative algorithmand webbased knowledge expansion technique in order to retrieve binary
semantic relations. Using small seed instances for specific relation, the system learns lexical
pattern and used them to acquire new instances. Throughntleiseds system can exparthe
instances. They achieved high performance for extracting various semantic relations than two

stateof-the art systems.

Van [68] introduced automatically generating multilingual geographical name gazetteers
based on two bootstrapping with differentmora. In order to construct this system, they matched
small seedist of geographical names to an unannotated dataset for one language and used

memorybased learning to extend gazetteers. The proposed is similatreoréog technique.

Arguello et al.[69] presented a method for identifying stakeholder mentions in natural
language text. In order to construct a system, they used a bootstrapping technique and categorized
stakeholders intowo types, whicharehe and sheTheir bootstrapping is combinedtivthree
different extraction pattern templates. The experimental results showed that the proposed method

can be learned using small extraction patterns and is suitadentdy stakeholders.

Leeand Leq70] developed a geogphic named entity recoger based on a bootstrapping
algorithm with error correction methods and location normalization. Though location

normalization, ambiguities of entities can be resolMedaddition, a corpus is created by



annotating witha large sebdf seeds. Bootstrapmn algorithm help annotatddstance,
graduallyincrease and learns boundary patterns to improve the system performance. They
achieved high performance, 89 ohteasure.

Dang and Aizawd71] presented the use of dependency trees in order to epattehsand
relation for entities. They used a bootstrapping technique to improve the perfomhand&R
system and to compute tree patis In addition,they developed the technique of simultaneous

multi-classbootstrapping, whichighly improve the qualitpf the seeds.

Kawai et al.[72] introduceda costeffective web search (CESS) framework in order to
retrieve keywords in theemanticclass of Web. To construct a corpus, a bootstrapping technique
is applied tahe proposed systerm addition,in orderto gatherknowledge for recognition open
web APl is used and thigovides powerful performancieowever there ardimits for using API
calls;thus, they proposed optimized web search method using least API calls. They can retrieve

64,642 words for 5 different domains and achieved precision of 0.94.

Venturiet al [73] developed a largscale lexicalesourcdor the biomedical domaiim
order b extract domain specific information. A bootstrapping technique is used to construct a
biomedical corpus. This corpus contains verbs, semantic event framsgamatically extracted
syntactic framesln addition the corpus includemanually addedinks between semantic and

syntactic. They showed their corpus is unique resourceésddyiomedical domain.

Wu et al[74] introduced a domain adaptive bootstrapping (DAB) method in order to resolve
domain adaptation problems. The bootstrapping is condustadtrained classifier for labelling
unlabeled data. This approach is useful when labelled training data is lowlahdle data is
large. The experimental result showed their method outperform supervised methods and other

methods applied bootstrapping.

Polifroni et al.[75] developed a dataset and nareetity recognition system based on a

bootstrapping method for mi services. They create a corpus using a very large dataset and



classifier to identify named entities in speech of mobile. Their contribution is to construct the
process of creating the data and selecting the set of features to named entity recggugiog b
simulated data and large knowledge resources for related data.

Glassand Barker [76] presented a bootstrapping technique to extract relation between
entities. Because a pair of words can have semantic relations in sentences, the relatiomextractio
isa very meaningful task. They conducted a training for extracting relation using relation
extractor and tested to verify relationships in two domains usingailel and parallelarpus
composed of new article§hey showed an approach used paraltebus greater than other

corpus.

Putthividhyaet al. [77] developed named entity recognizer in order to extract product
attributes and values from listing titles. To construct a NER system, they used both supervised
NER and a bootstrapping techniqueeT™h f ocused on | clathing amdghodsor m o
categoriesTheir bootstrapping can recognize new brands and dgtelting errorgor known

brands. They achieved high accuracy of 90.33% precision.

Schone et al[78] presented a neaerocost nethodology to construct without significant
human efforts and computational cost. Their approach is to duidation extracton not
English for Wikipedia and other web pages and other English knowledge. They applied this
method to Greek, Spanish, Riassand Chinese. They evaluated performance at the file level and

achieved high accuracy.

Sun and Grishman[79] introduced a general credemain bootstrapping algorithm for
identifying namedentity. They conducted a task to generalize the lexieatures of domain
model using clustering by a joint corpus. The bootstrapping conduct selecting target domain
instances. Their approach can achieve high accuracy 70%ne&Bure, withoutnnotated data

and without knowledgef targetdomain.

Teixeira etal. [80] applied to a bootstrapping algorithm for training in order to consamct



NER system. They used almost 50,000 annofatedo praree8, aanthisis used to conduct a
simple corpus based approach. Using these traiseg,they construcé clastier based on
Conditional Random Field. This classifier is used to build additional annotation to a corpus. In
experiments, CRF condusgveniterations and they achieved 83% precision and 68% recall.



2.5Plant maintenance

Section 2.5 reviews thiechniques and applications that have developed for maintaining
large industry plants. The section includes the overall trend of an industrial plant management
process, and the review of the purpose, method, and outcome.

2.5.1 Failure Detection

Sensor networkand alarm has been used in order to detect and predict functional failure in
the large industrial plant. The most popular approach in failure detection is the simple outlier
detection from alarm and sensor data. The detected outliers, unusual patteenslerm or
sensor data, do not always end up with the severe issue or failure, as well as to require human
expertise in order to define the type of failure. Hence, it is almost impossible for human expert to

diagnose the failure and provide the appmtgrsolution in a short period of tirfie 4, 81]

Foong et al[2] aims to prioritize the alarms during alarm floods which would ease the
burden of operators with meaningless or false alarms by using fuzzy logic and 125 fuzzy rules.
To facilitate in rule construction, five linguistic values are used to determine thesrahghe
criticality for each parameter which are lowlow, low, normal, high and highhigh. These ranges of
values are gathered from oil refinery engineers or experts. For the output, four different categories

of alarm prioritization are used which are bymal, 2) low, 3) high and 4) emergency.

Nan et al. [82] proposes a knowledggsed fault diagnosis method using the worthy
knowledge from the experts and operators, as well as real time data from various 3éesors.

Methods used were Fuzzy logic angefioutput functions.

Abele et al[83] developed an alarm system that performs Root Cause Analysis (RCA) upon

an alarm model constructed with Bayesian networks. In the paper, methods are presented to



construct Bayesian networks fRCA (Root Cause Analys) with a knowledgéased and a
machine learning approach.

Aizpuruaetall84]ai ms to build a rule based expert
Causeo0. The system finds the root cause of a
number through grouping or clustering techniques, complying with the EEMUA 191 standards.

Zhao et al[85] proposed a power system alarm processing and fault diagnosis expert system
(AFDES). In the proposed expert systadackusNaur Form (BNF) is applietb design a type
of expert rule frame which operator can write and increase the rules with his own defining

language to rukbase

Ebersbhach and Peng [86] developed the first artificially intelligent system for fault diagnosis
and machine condition mdnring which use integrated analysis of vibration, oil and wear debris
analysis techniqudt designed and implemented an expert system for analyse vibration data with
similar accuracy as an maintenance engineer in an automated software package altgwing hi
analysis performance, and hence suitable for commercial machine condition monitoring

laboratories or fields use

Safavian and Landgrelp@7] aims to reduce the number of alerts presented to the operator.
It used a ruldased method. 6 knowledge bases are built, and the rules describe typical
interrelations between alarm messages which have a common cause. The concept has been
implemented in @oftware prototype which manages the alarm log, plant model and interrelation
rules and presents the grouped alarms in an interactive alarm display. The alarms are not deleted
from the alarm logs. Rather, it is the same alarm log but structured hieadischiite result is a
compact alarm display with fewer alarm messages visible on the top level but a higher information
density. The application of the approach on two case studies resulted in a successful reduction of

alarms.

Folmer and VogeHeusel[88] presents an overview of an algorithm for the automatic alarm



data analyzer (AADA). It is able to find possible and significant reasons for alarm floods by
identifying the most frequent alarms and those causal alarms consolidatingsetpremces.
12.000000 alarms are used as a dataset. For the experiment, the alarm logs have been available
from four different industrial process control and manufacturing plants as case studies, e.g.
purification plant (continuous process), hydraulic fiber press (disaretecontinuous (hybrid)
process) and incineration plant (continuous). The results demonstrated from AADA (the
automatic alarm data analyzer) that this data can be used for the redesigAMSE galarm

management systems) to reduce alarm floods and redpcer at or 6 s wor kl oad.

Ahmed et al[89] proposed an alarm system framework with various types of alarm data

management system, including data filtering system, alarm delay, and alarm deadline settings.

Izadi et al.[90] described and evaluated the modicefnt alarm filtering system. They
presented the alarm filtering approach that calculates the similarity in the alarm and sensor data
sequence, and clusters them in each group. The research cond{@igamag focused on finding
an alarm flooding managnent system. They proposed a dynamic alarm management approach

by applying the Bayesian Network technique.

The above researches aimed at analysing the characteristics of alarm data, and managing the
size of an alarm. This would limit the participatidrdomain experts, and most of the researches

are not evaluated to check whether the detected alarm or sensor data pattern affects the real failure.

2.5.2 State-of-the-art on knowledge engineering techniques for failure
diagnosis

Several machine learning andtd mining techniques were applied for industrial failure
diagnosis. Yin et al[92] introduced machine learnidzased online fault diagnosis by using

incremental support vector data description (ISVDD) and extreme learning machine with



incremental outpustructure (IOELM). An online fault diagnosis approach combining ISVDD
and IOELM could detect new failure mode and recognise fault based on learning knowledge of
the diagnosis system.

Extreme learning machine(ELMyased realime fault diagnostic systenoff gas turbine
generator systems was propo$@8], and compared with the most successful machine learning
algorithm, including support vector machine. The evaluation result is 98.22% accuracy in 2.7 ms.
The proposed ELM fault diagnostic framework is gémeit could be applied to the other

applications of condition monitoring in which the fault identification time is critical.

Wind turbine failure diagnosis system applied a binary tree SVM and -argalfising
feature map neural netwoj®4]. Fuzzy loge, support vector machine (SVM) and artificial neural
networks were employed for continuous monitoring and fault diagnosis for monoblock
centrifugal [95]. Feature extraction using wavelets and SVM algorithm for classification are

successful approaches famactical applications in industrial fault diagnosis.

Li and Zhao[96] proposed gravitational search algorithm (GSA) to identify and diagnose
new fault samples by calculating the weighted kernel distance between them and the fault cluster
centers. The mposed method has been applied in unknown fault diagnosis, and evaluation results
have shown the effectiveness of the proposed method in achieving expected diagnosis accuracy
for both known and unknown faults of rotatory bearing. The application of egofuvirey
modeling to faultolerant control was proposed in two steps: fault detection by applying -model

based approaches and fault accommodation by using fuzzy ni@dels



2.6 Ontology Engineering

Section 2.6 finally reviews the ontology engineerapproach that can be used in building
the knowledge map. The proposed knowledge map does not directly follow the ontology
development method but the major idea was coming from its engineering approach.

2.6.1 An Analysis of Ontology Engineering Methodologies

Ont ol ogyods critical role in machiTheefoender s
manymethodologies have been proposed over the past two decades but still this field lacks mature
and widely accepted methodolog[88]. This is happening becaus®st methodologies do not
offer enough details of the techniques and activities that thef@8keOne of the main reasons
also includes most methodologies being applied for developing ontology for a specific project.
Terms and definitions relevant to Iness enterprises are collectively called the enterprise
ontology, on which the methodology developed by Uschold and King was ba§@8].onhey
were the first ones to propose a methodology for developing onto[d@iéls However they do
not specificaly describe the techniques and activified1]. Gruninger and f ox¢
similar, their methodology also relate to the busindgssain, whichwas derived from the
experience of creating the TROVE project ontold§9]. Informal intended semanticseve
captured from motivation scenarios that evolve the competency questions for the ontology to
answer [102]. The activities and techniques here is also insufficiently deta[ied].
Methontology, the methodology that contains the detailed descriptantiaties and techniques,
was introduced to serve the purpose of building domain ontology from sfg8fcklethontology
creates knowledge level and has a life cycle based on evolved protfigBesit includes
developmenbrientedactivities like speification, conceptualisation, formalisation, integration,
implementation and support activities like knowledge acquisition, evaluation, integration and
documentatiofl03]. It suppats the notion of reusability [9&nd have been udén the domains

of chamicals [99], environmental pollutants [JJ04nondomic ions, silicate ontology [103&nd



many others [18]. IDEF5 has an evolving prototype model and is application dependent. It is
mainly used for the communication between the domain expert and onti@ogloper whose
initial response is later transformed into a structured language based [OB|LFThe library of
IDEF5 contains definitions and characterisations of commonly used relHitkjsHowever,it

does notspecify a life cycle and only prowd limited detail§107]. SENSUS was developed
using various sources of knowledge and some electronic dictiof@8iesAll irrelevant terms

are pruned in the final ontology of SENS{IA.0]. Like many other methodologies, SENSUS
does not mention any pantilar technigue or detailed descripti@9]. The CYC methodology,
which has three phases, is developed to represent common sense and encyclopaedic knowledge
[99]. Mikrocosmos is a project developed for machirenslation, whichcontains general
developmat guidelines and useful heuristid99]. The Plinius project is another project similar

to Mikrocosmos, whichalso includes general guidelines applicable to other domains, but they
may not always be enough to cater to thg¢id]. Ontologies play a vitable in common KADs
which is a widely used methodology for developing knowledge base syft@ifjs On-To-
Knowledge methodology handles enterprise solution by intending to bring a balance between
human problem solving and automated IT solutidri®]. Somemethodologie$113] including
ONION [114] and MENELAS [115 work with medical domains. One of the presumptions of
MELENLAS is idealised view of taxonomies that makes it incompatible with other domains. 101
method explains and elaborates the purposasitbbrs by using a wine ontology as an example
[107]. UPON[116] adopts UP and UML which makes it handier for both domain experts and
knowledge engineefd17].

Some methodologies that provide details includireghontologycan be compared with one
anotter based on criterion, trends and needs. Some methodologies do not pay equal attention to
all the aspects of ontology. For example, many methodologies that put focus on domain analysis
and scope identification may lack due attention in the design phaséedon is defined using
eight different aspects thatcontributes to develop a quick understanding of different
methodologies. This will also help in choosing the right methodology for projects with specific
needq98].



Type of development, support faollaborative construction, support for reusability and
support for interoperability are the first four aspects ofdtirion, whichreflect high-level
details of a methodologyHowever,specific and technical details are not discussed in case of
these four. Degree of application dependency, life cycle recommendation, strategies for
identifying concepts and details of methodology are the aspects that cover the technical side of a
methodology99].

Stage based model, evolving prototype model and guidelines, depending on the type of
development model they follow are the three broad categories in which the literature can be
divided. Different approaches based on these categories have their own prossargtenarios
where the purpose and requirements are clear are goalafpgbasedcategories. Whereas
evolving prototype may be the best choice when requirements are initially unclear and require
refinement over time. Recommendation of useful tipesrand techniques, for making better
design decisions rather than focusing on the overall development model are the main focus of

guidelines. This distinct classification helps in choosing the best approach a@&ble

The construction of ontologies can be isolated as well as can be done in collaboration.
Extensive teamwork can be facilitated on the same ontology through Collaborative construction
support. In this case, team members are not restricted to a geogrémtatah;contributions
can be made from any location without putting any effect on the project efficiency. This is
particularly useful for a fagtaced world where people want to work from remote locafi@sis

Developing ontology is a very time consungiand tedious task. As reusability eliminates
need of repetitive tasks, the idea of reusability of ontology is becoming very p¢@8lar
Bottleneck ontolingua server was introduced to overdtisewhichalso contains the feature of
collaborative ontalgy constructiof98]. But it lacks details about mapping functi¢h88g]. CYC
[109] and SENSUS [1Q] also supports the notion of reusability. Reusability allows ontology
engineers to make use of existing ontologies, which reduces the overall ontoloppoere
time and efforts. This also allows other advance issues to be more focused on, like ontology

quality. Therefore, supporting reusability is very important for an ontqRg]y



Today's ontology engineering includes interoperability as an importsgect.
Interoperability between systems is supported by many methodologies. The same skeleton or
high-level concepts are used by domain ontologies that use these methodologies so that they can
communicate and share knowledge with each ¢&&kr

Application dependency during ontology development is distinct across different
methodologies. The three scenarios that can be opted by a methodology include application
dependence (ontology is developed on the basis of an application knowledge base in mind),
application semindependence (possible scenarios of ontology use are kept in mind during the
specification stage) and application independence (no assumption is made regarding the uses to

which the ontology will be put in knowleddmsed systems, agentk;)¢98].

The set of stages through which the ontology moves during its life is called a life cycle which
is not clearly recommended by many of the methodologies. One of the criteria is having a life

cycle[99].

Identification and inclusion of candigatoncepts in ontology design is unquestionably an
important proces$8ottomup approach, tegdown approach and middtit approaclis some of
the approaches used by this process. Preference for a specific approach is not unanimous amongst

academics. This depends on their experiences and the nature of the[p8pject

Some activities and techniques to support ontology developmetbrsistent amongst all
methodologies. But the level of details regarding the techniques they employ varies greatly.
Methodologies are classified to have three degrees of details including sufficient details, some

details and insufficient detai[98].

TOVE and Enterprise model approach fall into the same criterion. Both of them stage based
type of development, no collaborative construction, life cycle recommendation or interoperability

support, have reusability support, middle cut strategy for identifgorgepts, some level of



details and are semindependent . KBSI | DEF5 is the si mi
concepts is not clear. Methontology has similar attributes as TOVE but has sufficient details
instead. Ontolingua is the same as KHJEF5 but with modular development and collaborative
construction. Common CADS and KACTUS has-tlmpvn strategy and insufficient details.
Plantis follows the guideline type of development and bottom up strategy. Onions have both
modular development and geithe with interoperability support and no clear strategy.
Mikrocosmos hasule-basedstrategy and Menelas has concept graphs. Sensus does not mention
any preference in strategy and is application semi dependent. Cyc methodology, UPON, 101
method and Oiio-knowledge are application dependent. Upon antbémowledge uses middle

cut strategy while 101 [98fet hod uses developer

After comparing with the aspects of the criterion, it can be derived that none of the
methodologies are fully mature.Excluding some exceptions (most prominently
METHONTOLOGY), most of the methodologies do not provide sufficient details. The notion of
reusability is provided by only a fewhereaseven fewer methodologies provide details about
that. Only Ontolingua is wén mentioning in case of collaborative constructif98].
Conventional strategies for identifying ontology concepts are used by most methodologies.
However the ontology engineers are to explore new ways and techniques to make this process

more efficient ad easier[98].

2.6.2 Ontology Engineering ard Development Aspects

Ontology, a hierarchical representation of the properties and instances of classes and
subclasses, has created key concepts such as domains, derivation of relationships and
representation of them in machine interpretable langyiat®. Applications of Orlogies
derived the realisation of semantic wghl9]. Advancing towards semantic web performs
intelligent search and stores result in distributed dataja$8fs Ontology is the backbone of

Semantic wel{119]. Defining data on web and linking them in aywthat the data can be



understandable by machines is called semantic[d2#. Logical theory contributes towards
developers building an explicit and partial account of a conceptualiZéa®éh Ontologies are
sharable and acceptable generic knowledge$119]. Different types of ontology include upper
ontology, heavyweight, lightweight ontologiesand domain and task ontologies (Mizoguchi,
1995). Standard upper ontology is defined to cover 3D and 4D visualisation aspects of ontologies
that have nobeen reached itl19]. Google, Yahoo and other search engines are covered by
lightweight ontologies. Hierarchical structures are created by heavy weight ontologies that has
principally philosophical motived119]. Both domain and task ontologies are used f
specifications[119]. Theory of all vocabularies are provided by task ontology while domain
ontology is used to define relationship amongst cladsi. Scope identification, elaborating
resources, defining taxonomy, defining properties, definingtdaadefining instances and
verifying for ambiguities are the steps of building ontologies man(id#8]. Ontology editor

tools like web protégé, Hozo, Knoodl, vitro etc. are used to improve, reuse and modify existing
ontologies[119]. Ontology can removevord sense disambiguation, reuse and analyse domain
knowledge, be helpful isolving reasoning problems and help in achieving interoperability in
semantic welp119]. Methontology is an example of an ontology with a specified life cycle that
can performdevelopment oriented activities and support, management or integral oriented
activities [123]. Management activities include scheduling and quality assurance while
development oriented activities can be classified asdgvelopment, development and post
development activitiegl 19]. Deciding the type of environment and doing a feasibility study are
parts of the pre development activities while development activities include specification,
conceptualisation and formalisation phase. Maintenance is one pb&egevelopmeractivities,

which require well defined guidelineld23]. Ontologies can be reused in order to formalise
knowledge into a form that everyone can undersfab®@]. Support activities include knowledge
acquisition and configuration managemgli9]. Tools that support ontology engineering have
already been specifie[d24]. Evaluation on ontology evaluation frameworks have also been
extensively carried oji125]. One of the elements in KAON ontology is KAON Olmode]ler9].

One of the usefubntology-engineeringworkbench is WebODHE119]. Another open source
network that does the integration and management of different aspects of given ontology is
OntoEdit[119].



3 Alarm Data Analytics

| focus on detecting failure status by using alarm data in particular on large industrial plant.
The section describes hdweollected a set of alarm data and classified the facility status based
on the alarm data.

3.1 Alarm Data Collection

| use the alarrdata that was collected in the industrial plant from the Hyundai Steel Co., Ltd
for a Lyear period (from September, 2015 to July, 2016). In the plant, most alarms are connected
with one or more sensors to indicate the facility activities, and an aleldivige to detect any
failure. | collected over a round half million, 567,748 alarm data from an industrial Bigate
3.1shows the alarm data collection interface with the detailed information of some example alarm
data that was collected on'26f July 2016.

In the figure, the alarnis integrated and provided from the two different sources, HMI
(Human Machine Interface) and CMS (Central Management Sydtenerged alarm data from
those two sources and visualized this to the interface as can be seen in thiggbpperner of
the Figure 31. When new alarm is occurred, the alarm integration system collects all detailed
information of the specific alarm, including starting tiraeding time, facility id, alarm message,
and ratio (%). For example, the first alarm data in the figure indicates the ‘forward press entrance
inhibits' issue in the Slab Sizing Press (SSP) Area, which occurred from 01:07am to 03:13am.
The last column 'Rati (%)" describes how much capacity that alarm took so it uség ©00

working memory at that period.



3.2 Alarm Data Feature Analytics

Facility Failure Status Assessment

Next, | focus on assessing the facility status. The collected alarm data is trabjiti@mdlto
the human experts and experts diagnoses and treating the failures. However, the aim of this
research is proposing automatic failure detection framework by using machine learning and
human expertise. Therefore, it is crucial to have class/labaldfining the status of facilities

based on alarm data.

For this task] asked 35 human experts, who have experienced various types of industrial
disasters from the industrial plant of Hyundai steel Co., Ltd since they have sufficient knowledge
in diagnosing and treating failures by reading and analyzing the alarm data.oBabedfocus
group with 35 domain expertsdentified 50 different facility statuses that would be used as class
labels.

The following are 50 facility statuses identified by domain experts: 2passfault, apc,
breakaway, bur, bwd, carbonization, closdligion, corrosion, cradle, cut, damage, defective,
division, down, fault, flame, gap, heavyfault, hunting, impact, intrude, leak, nocooling, noenter,
nolink, nooff, nooperation, noreversefwd, norupture, nosense, nostop, obstacle, on, open,
permeate, plateadon, position, relaxation, slip, slowincome, speed, stop, transform, trip, up,

vibration, wronginputpower, wrongoperation, wrongsense.

Based on the given 50 class attributessked 35 experts to classify and label the status of
facility by reading ad analyzing the provided alarm data. The labeling procedure is as follows.
A class label for an alarm data was assigned if 21 out of 35 experts (60% of experts) agreed on
the label. In another cadeselected the first and second rated labeled, and agkedts to choose
one of the | abel s. For exampl e, |l et 6s | abel

35 experts |l abeled it to 6énoenter6 class an

(



this case) asked expertstoclasgif t he data by picking O6noenter
procedure, the alarm data is | abeled into 6n

Before performing the failure status detection by using alarm datalyze the
characteristics of feature values in the trainiagad To illustrate the discriminative capacity of
these feature$,deploy box plots for each of them. In this analysisstinguish it with the range
of its attribute value. The box plots atewn in the followingrigure 32, Figure 33, Figure 34
andFigure 35.

In order to illustrate the nature of tirseries alarm data frequent¢lot the reatime alarm
data in line graphd.show these line graphs in the following figures. Higure 36, Figure 37
andFigure 38 showseach yearlymonthly, weeklyalarm frequency. As figures show, it does not

have any specific alarm frequency pattern but just consistent circumstance.



O ALL HM  CMS
Gmp N B BN BN BN SN NN NN BN BN BN BN BN B B BN BN BN Sy
Start | End | Facility ' Alarm ] Ratiof%) -
01:07:09 031332 Slab Sizing Press Area SSP FWD PRESS ENTRANCE INHIBIT 1100° _I
05:19:34 08:3002 Furnace Common Equipment IFCE ENTRY EMERGENCY STOP FROM PULPIT <P2000> 3836 I
074513 0745116 Slab Sizing Press Area lSSP FWD PRESS ENTRANCE INHIBIT 000 I
082859 083043 Slab Sizing Press Area ISSP FWD PRESS ENTRANCE INHIBIT 144 I
08:31:43 08:35:46 Finishing Mill IRZ DEL WIDTH GAUGE UNHEALTHY 338
084549 084553 Slab Sizing Press Area SSP FWD PRESS ENTRANCE INHIBIT 000 I
08:46:50 085702 Finishing Mill R2 DEL WIDTH GAUGE UNHEALTHY 85 I
0901:13 100403 Finishing Mill Ent’ Area @ [+ £-RETRACT FROM PULPIT <P4000> 35650 @ 1
— - Bl - — - - ;
Start ‘ End Facility
01:07:09 03:13:32 Slab Sizing Press Area
05:19:34 08:30:02 Furnace Common Equipment
07:45:13 07:45:16 Slab Sizing Press Area
08:28:59 08:3043 Slab Sizing Press Area
08:3143 08:35:46 Finishing Mill
084549 0845553 Slab Sizing Press Area
08:46:50 08:57:02 Finishing Mill
09:01:13 10:04:03 Finishing Mill Ent’ Area

& 8 5§ &N B &8 &N &8 & &8 &8 & _§8 &8 & &8 &8 §8 &8 & &8 &8 &R _§8 §B § |
r Alarm ] Ratio(%) I
Issp FWD PRESS ENTRANCE INHIBIT 1100 —l
IFCE ENTRY EMERGENCY STOP FROM PULPIT <P2000> 3836 I
ISSP FWD PRESS ENTRANCE INHIBIT 0.00 I
:ssp FWD PRESS ENTRANCE INHIBIT 144 I
IRZ DEL WIDTH GAUGE UNHEALTHY 338 |
Issp FWD PRESS ENTRANCE INHIBIT 0.00 |
IRz DEL WIDTH GAUGE UNHEALTHY 85 |
IEH E-RETRACT FROM PULPIT <P4000> 3565 |

k
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Feature Analysis for Failure Status Detection

| propose a set of features to characterize alarm data in our collections. The features were
defined by 35 domain experts. These include some hardware features specific to the Hyundai Co.
Ltd industrial plant but most are quite generic so can be appligith¢o plant environment#s
shown in Table 3.1, identify three types of features depending on their scope: hardaaesl

feature, timebased feature, and sibhased feature.



TabllBed8tures can be sgerso uhpaevdi nign taos tshcroepee ctlhaes

Scope Feature Description
Alarm ID | - Alarmid represents the message type that was prodt
Hardwarebased in the alarm data.
feature . - The facility id shows the identifier for each facility i
Facility ID : )
the industrial plant.
_ Time - Time feature represents the starting time of the speq
Time-based alarm.
feature . - The lifetime describes the length of time that t
Lifetime o o
specific alarm is alive in one hour.
_ Count - Count feature shows the occurrence of the alarm dat
Size-based one hour.
feature Ratio . Ratio feature represents the percentage of resou

taken by the specific alarm.

Hardware-based featuresconsider the individual hardware type in the industrial plant. It
includes each alarm id and facility id. Alarm id represents the message type that was produced in

the alarm data. The facility id shows the identifier for each facility in the industaiad. pl

Time-based featuresconsider the characteristics of time factor for each alarm data. It
contains time and lifetime of alarm data. Time feature represents the starting time (e.g. 17 means
5pm) of the specific alarm. The lifetime describes the lenfitime that the specific alarm is

alive in one hour. The length would be described as millisecond.
Sizebased featurexonsider the size of each alarm data. It includes occurrence and capacity
of the specific alarm. Count feature shows the occurrendeecdlarm data in one hour. Ratio

feature represents the percentage of resources taken by the specific alarm.

Based on those three featurkproduced 6 individual features (alarm_id, facility_id, time,

t



lifetime, count, ratio) into the training dataset #osupervised classifier. Some example alarm

training data are shown irable 32.

In the table] demonstrated 7 first alarm data in the training dataset. Each row represents 6

different conditions/attributes and its failure status of a specific alarm.

Tabl2édh&8 sample training dat a:

Alarm ID Time | Facility ID | Count | Lifetime | Ratio Status
DRV 183 17] H1103364 1 3228 896.67 INTRUDE

ES 041 16/ H1101349 10 112 31.11 HUNTING
MCC 323 23| H1103364 1 3600 1000 IMPACT
APC 014 8| H1101349 4 22 6.11 BUR
PAG 004 1| H1101613 13 43 11.94 LEAK

PRC 090 9| H1101349 4 21 5.83] CARBONIZATION
PRC 058 7| H1105709 1 30 8.33 NORMAL
PRC 071 22| H1102579 1 82 22.78 NO LINK
GRS 008 10| H1105709 1 20 5.56 NO REVERSE
PRC 020 7| H1101613 1 4 1.11 CuUT

first



3.3Summary

In this study, the actual alarm data used in Hyeindai steel factory was analyzed and

evaluated for conformity to the knowledge using machine learning.

An alarm collection interface was developed to collect 567,748 alarms during the year
(September 2015 to July 2016) and was analyzed alarm pattemmsefeveek, one month, and
five months, respectively. The analysis showed that over 100 alarms occurred over an hour, which
is an untreatable amount of monitoring personnel. In addition, it can be seen that the alarms do
not have a particular pattern ofooerence, which is a factor that can be used to know that change

management for knowledge implemented using alarms is essential.

To apply such data to machine learning, feature selection and labeling in data attributes are
essential. First, Pearson's @ation, LDA, ANOVA, and ChiSquare method were used for
feature selection. As a result, three types (total 7) of features were determined. 35 domain experts

helped with data labeling, resulting in 50 labels.

The processed data is used as testing daitartg data for the knowledge learning method
proposed in Chapter 4, and knowledge is constructed using alarms for failure detection. The
proposed method is compared with existing machine learning methods to evaluate the

performance.



4 Failure Knowledge Acquisition and Maintenance

4.1 Introduction

In the process and manufacturing industitiesre have been many efforts to produce higher
quality products, reduce product rejection rates, and meet increasingly stringent safety and
environmental regulationslo meet the highest standards, most of modern industrial plants
contain large number of facilities interacting with thousands of sensors and control, and those
detected sensor data can be managed by Cyber Physical System(CPS) While these facilities can
compensate for many types of disturbances, there are changes in the process which the controllers
cannot handle adequately. These changes are called as faults or failures. A single failure in a
facility can produce inconsistent outcomes, which can harmateepart of the industrial plant
that may cause a critical industrial disaster. Therefore, it is crucial to find and apply the best
solution for maintaining facilities and preventing industrial disasig}s Failure and fault

diagnosis is a key applicatighat improves efficiency and productivity.

The earlystage solution was the regular manual maintenance by human workers but this
approach cannot be a perfect solution to prevent most industrial diga$tdrgstly, because
regular maintenance is neffective for all facilities and secondly, because it is very expensive

and time consuming.

The recent trend of industrial plant failure detection applications focuses on two main factors,
alarms and human expertise. The CPS collects the status ofrdiffgves of facilities from the
sensors, which are attached, on each facility. For exarkiere 41 shows the partial
architecture of CPS in Hyundai Steel plant. If there is any specific symptom detected by sensors
the alarm will be ringed. The collected alarm data is sent to human expeat time. The human
experts have experience of several types of industrial disasters which gave them sufficient

knowledge in diagnosing and treating failures. Applying facility sensor network, alarm data and



human expertise seems to be a good combim@itnandling failure but this approach also has

two key issues.
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Firstly, poor facility alarm and sensor network management may pradaca flooding,

Physi

which is the phenomenon of presenting more alarms in a given period of time than a human

operator can effectively respond. The amount of the collected alarm is too enormous to be
properly checked and handled by human experts. Owing tostinise severe failures can be

misled or skipped, which may cause a critical industrial disaster. Alarm flooding has been

identified as the root cause of significant plant incidents such, as Texaco Pefif2@}kand

Three Mile Island Nuclear plafi27]. Several machine learninased iule-based or model

based) outlier detection algoritHa28, 129] was proposed in order to reduce human expert effort

but it still requires further maintenance with algorithm and human experts.



Secondly, diagnostic and treant activities are too depended on human experts. There are
only limited numbers of human experts who have sufficient experiences in the certain industrial
plant. There are two major issues, including availability and lopsided experiential knowledge.
Human experts are not always available with every single situation. It cannot be always expected
any proper treatment if human experts are not available. Additionally, human experts may have
lopsided experiential knowledge. Different human experts can diagnubdreat a failure
differently. Moreover, some failure cannot be diagnosed or treated since the expert have never

experienced befor@].

In order to solve those issues, knowledge based systems are intr¢tiB@edith data
mining and human knowledge engineering. The aim of knowledge based system reasoning and
using a knowledge base to solgeme complex problemsuch as prediction, detection, or
recommendation. Most knowledge based systems are constructed by using two different

approaches, machine learning technique and human expertise.

For the first solution, machine learning has been applied in order tqgm&nawledge for
detecting failures. Machine learning techniques enable the system to acquire the knowledge from
existing alarm data with no help of a domain expert. The techniques are very fast in finding the
important pattern and knowledge from the pdexd data so it reduced the time and cost. However,
machine learning has some drawbacks, such asgeveralization and ovéitting [4].

Another solution for failure detection knowledge based system was conducted with human
experts. Human domain expehigve enough experience so they can save knowledge in order to
solve complex problems in a specific domain. However, knowledge acquisition from a human
expert is normally in a slow pace. Even if the knowledge was acquired, the acquired expertise
tends to b lopsided and would not cover the whole concept of knowledge in the domain since

experts acquire domain knowledge based on their past expdiénce

To address this concern, tiieesisproposes a new industrial plant failure detection approach

that is &le to leverage the benefits of machine learning and human expertise by using alarm data.



In order to achieve thishis researcliirstly collected various types of alarm data that detects a
functional failure in Hyundai Steel factory over a g@ar perid (from September, 2015 to July,

2016). Based on this datasecruit 35 domain experts in Hyundai Co. and ask them to select the
feature and label the class for the training dataset. The training dataset acquires failure detection
knowledge from machinearning and human experts by using Rigjden Rules (RDR) based
knowledge based system. The proposed approach generates knowledge through machine learning
known as InductRDR and enables the maintenance of knowledge to be ascertained through human

experts.

The contribution of this research can be summarised as follows:
Thethesisproposes an innovative approach to dsthed industrial failure diagnosis by
using machine learning for the knowledge acquisition phase of a knowledge based system
and human exptse for the knowledge maintenance phase.
For failure detection in CPS applied large industrial plants, many studies have been
conducted with using simple outlier detection, basic -bated machinkarning
techniques, or human experts monitoring. Tiwwpsed approach produces the following
benefits: (1) machin&arning generated knowledge base that removes the knowledge
bottleneck andd) thehuman expertise maintenance that enables for incremental learning

and solves ovegeneralisation and owvditting issue.

Thisresearchs organized as follows: In section "Failure Detection Framewbid&scribe
the experiments of failure detection and proved the novelty of the proposed methodology. Finally,

| conclude theesearchn section "Evaluation".



4.2 Ripple Down Rules (RDR)

In the knowledge engineering field, Ripple Down Rules(R[R}] is regarded as one of
the best knowledge acquisition method for expert systems. RDR is able to reduce the knowledge
acquisition bottleneckl32] and also enables rdgimg the verification process when domain
users handle the validation themselves.

4.2.1Single Classification Ripple Down Rules (SCRDR)

SCRDR stands for Single Classification RDR. The example of SCRDR knowledge tree can
be found in thd=igure 42. According to[131], the SCRDR structure is a finite binary tree where
each node can have two distinct branches, which are called except and if not. Examples are
measured from the root nodétbe SCRDR tree. Each node in the tree is a rule with the form of
if Uthenb (Uis the condition ané is the conclusion). If an example satisfies the conditloin
is passed to the next node of the except branch. Otherwise, the example is passeektotide
following the if not branch. If an example satisfigsut the node does not have the except branch,

b of this node is the conclusion for the example. If an example does not §hiisfythe node

does not have the if not brandhof the lasnode on the path where the example satisfidgigs

the conclusion for the example. In order to ensure that a conclusion is always returned, examples
always satisfies the condition of the root node. This node is called the default node and the
conclusionis called the default class. For instance, as in FigiteNode 1 is the default node

and class '0' is the default class. An example which only satisfies condition A should be passed
down through Node 1 and stops at Node 2. Since Node 2 does not édavedhbranch, the
example is classified as '0' by Node 1. If an example satisfies A, B, C and D, it should be passed
down through Node 1, Node 2, Node 3 and stops at Node 4. Since it satisfies the condition of
Node 4, it is classified as ['33].



If (True)
then class '0'

Node 1
Except
If (C) Except | If (A and B) Excep If (D and not F)
then class '1' "1 then class '2' "] then class '1'
\ 4
If (D)

then class '3

If not Node 5

If (not E) If (Fand G)
then class '2' then class '4'

Node 6 Node 7

Fi gu2Aen exampl e of SCRDR knowl edge

When the measure process returns the wrong conclusion for an example, a new node is
attached to the last node in the SCRDR tree. If the last node has no except branch, the new node
is attached as the except branch, otherwise it is attached as the if not branch. The example which
is associated with the new node is called the cornerstone example for that node. The rule generated
for the new node entails the features of the cornerstorteeohew node but not that of the
cornerstone of the last node where the new node is attached. When the measure process returns
the wrong conclusion for an example, a new node is attached to the last node in the SCRDR tree.
If the last node has no excepabch, the new node is attached as the EXCEPT branch, otherwise
it is attached as the IF not branch. The example, which is associated with the new node, is called
the cornerstone example for that node. The rule generated for the new node entails tiseofeature

the cornerstone of the new node but not that of the cornerstone of the last node where the new



node is attachef@].

In SCRDR, all rules are constructed in a binary tree. When the system encounters an
incorrect classification, a new exception rule is added based on expert judgement. Therefore,
SCRDR can incrementally develop a relatively accurate knowledge base, pithndknain is
fixed and the experts provide the correct judgements.

Since RDR based knowledge base depends on expert judgement, the correctness of the used
language expressed by the expert is the key of developing a good knowledge base. According to
Phan and Hoffmanij131], it may cost a long time to classify most of the relevant cases correctly,
if the target is linear threshold in the numerical input space and an expert is only allowed to use

axis-parallel cuts, since it is unsuitable for himeixpress accurately.

4.2.2Multiple Classification Ripple Down Rules (MCRDR)

Kang el al[134] introduced Multiple Classification RDR (MCRDR) as an extension of RDR
(SCRDR) to improve the limitations of RDR (SCRDR) including reducing the burden of the
knowledg acquisition task and preventing knowledge base being ill structured which may result

in considerable repetition of knowledge.

Unlike SCRDR, MCRDR evaluates all the rules in the first level of the knowledge base. The
rules of the second level are evaadato refine the rules which are satisfied at the first level. It
keeps evaluating the next level in a recursive way until there is no more level to evaluate or none
of the rules can be satisfi¢ti35, 136]. MCRDR is able to provide multiple conclusionscs it
constructs rules with multiple paths. Each path is a particular refinement sequence. Knowledge is
acquired from the experts when an example is classified incorrectly or needs to be given a new
classification. The process can be described in thevioly three steps. 1) The expert provides
correct classifications for the examples of the system, 2) The system decides on the location for

the new rules, and 3) New rules are provided to the system by the expert and added to the



knowledge base for corréah.

Rule 3:
If Ib then class X

Rule 1:
If a then class Z

/\

Rule 7:
If c,g then class Y

Rule 2:
If d then class Y

Rule 0:
If true then ...

Rule 5:
If fthen class Y

Rule 4: Rule 6:
If ¢, Ih then class V If e then class W
Rule 8:

If a then class U

Fi gu3Aen exampl e of MCRDR knowl edge t

The expert selects valid conditions from the current example to acquire the new rule for a
given classification. The rule that has been created is then compared with the cornerstone cases
of each node. If any cornerstone cases of a hode satisfy this leethieexpert needs to select
extra conditions for differentiating the current case and the cornerstone cases. For example, in
Figure 43, when a case only satisfies conditions a and c but its correct class should be W, the
system may decide the new rule location is on either Rule 3 or Rule 8. Since cornerstone cases of
Rule 3 and Rule 8 are found to satisfy the conditions, experts areecetpuiprovide extra rules

to cause those cornerstone cases no longer to satisfy the set of conditions. The system then repeats



this process until no remaining cornerstone cases satisfy the rule and it may simply add a new
classification which is not in thieee.

There are three ways of correcting the knowledge [1z3¢.
1. Add a stopping rule at the end of a path to prevent the wrong classification
2. Add a rule at the end of a path to give the new classification.
3. Add a rule at a higher level to give the nelassification.

As can be seen iRigure 43, the system should add a new rule at the end of the path (Rule

3 or Rule 8) to give a new classificatio

MCRDR concerns multiple independent classifications, whereas it maintains the advantages
and principles of SCRDR. Like SCRDR, MCRDR is also based on the premise that a justification
experts provide is necessary for a correction of knowledge in aytart@ontext. However, the
context in MCRDR is maintained in a different way and only consists of rules that have been
satisfied by the data. Besides the validation of MCRDR includes differentiating the new example
from a range of different examples.

A class in a MCRDR tree is the set of separated rule paths which provides the same
conclusion. For example, figure 43, Class Y has three rule patitigule (0, 1, 7), Rule (0, 2)
and Rule (0, 4, 5). Therefore, a rule path consists of all conditions of all previous rule nodes and
conditions of the last node which concludes the class. Har{E82Imentions during the process
of building MCRDR structtes, the relationship between different classes are untouched and
invisible from users. However, this information is able to provide inspiration for users to capture
the point of rule creation and help users to realise how relationship may change thegroeani
importance in the domain. Although MCRDR can work very effectively in many domains, similar
implicit information contained within the structure itself is still not being extracted or exploited
simply.



4.3 Knowledge Management by Machine Learning

As mentioned in the previous section, knowledge acquisition is traditionally conducted with
human domain expert and knowledge engineers. However, there are two major issues in acquiring
knowledge from domain experts: first, knowledge acquisition from humaeresis normally in
a slow pace; secondly, an expert cannot cover whole concept of knowledge in a specific domain.
Because of those issues, it is almost impossible to manage the demand of expanding knowledge
since a successful knowledge base may requiexaemely large number of concepts and rules.

Machine learning techniques received lots of attention since those can learn and acquire
concept and knowledge from the existing data
[137]. The most comnm machine learning techniques for knowledge discovery are neural

network and decision tree.

Neural network models the human brain and consists of a number of artificial neurons and
connections. Cascading chains of decision units with neurons used taizecognlinear and
complex functions. Knowledge can be acquired based on the input data incrementally so it does
not need to be fprogrammed. Only training phase is required in order to maintain the knowledge
base. Timeseries alarm data for failure detion was applied with neural network learning model
so the model achieved a highly successful rate even though it has some noisy and outlier data.
Tjhai et al.[138] focused on filtering alarms using the combination of neural network and k

means clusterin

Decision Tree algorithm is the typical machine learning approach that builds the knowledge
base with the interpretable trsuctured rules. The Nearest Neighbor model is assigned to the
most common class among the data samples that are most sintharnewly presented data.

The approach has been used with small size of alarm data because of its extremely large distance
calculation time. Both decision tree and nearest neighbor algorithm have been used a lot in the

sensor failure detection and pretitin since it is easy to understand the consequences, which can



trace the result. Chen et §l39] designed and implemented a failure detection system using a
decision tree learning approach, which is fast and easy to interpret.

However, those machidearning techniques have owgeneralization and ovéitting
issues if the size or range of data is not sufficient to cover the knowledge in the specific domain.

In order to solve this issue, Gajig(] introduced Ripple Down Rule (RDR) based machine
learning technique, called InductRDR. The purpose of InductRDR is combining the concept of
knowledge creation through machilearning technique and knowledge acquisition from human
domain experts. Gains described a sequence of dispersing knowledge deotialiiye view of
a human expert, which consists of the following seven stages: Minimal Rules, Adequate Rules,
Critical Cases, Source of Cases, Irrelevant Attributes, Incorrect Decisions, and Irrelevant
Attributes& Incorrect Decision§l41].

The first sage is a complete, minimal set of correct decision rules so no data is required for
knowledge acquisition since the correct answer is available from the expert. On the contrary, the
last stage is a source of data from which the correct answer might beddeiih the greatest
probability of correct decisions so the expert has provided little. The stages in the middle from
top to bottom show a decrease in existing knowledge though human intervention but an increase

in new expertise through machine learnibgQ].

The main use of existing RDR is close to the top stage. Therefore, Induct RDR that derives
rules directly from an extension of Cendr ows
bottom[142]. This Induct RDR sums standard binomial distribution as the possibility of selecting

the correct data at random to measure the correctness of a rule.
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In Figure 44, given a universe of entities E, a target predicate Q and a set of possible test
predicates of the form S on entities in E, use them to construct a set of rules from which the target
predicaé may be inferred given the values of the psticates. Therobability of selecting s

and getting ¢ or more correct at random is the sum of the standard binomial distribution.

In supervised learning, there is a risk of efiting the noise by memazing the peculiarities
of the training datd84]. Pruning approaches are commonly applied to solve the problem.
Although Induct RDR recognizes the importance of pruning, it only removes redundant clauses
and compresses the structure to some extent. Redovgrfitting and improving generalization
prediction capability has not been considdiet8]. RippleDown Rules classifier (Ridor) is an
implementation of Induct RDR in Weka. It first creates the default rule. The exceptions are created
for the defaulrule with the lowest (weighted) error rdtid4]. Different from the original Induct
RDR, Ridor applies information gain to evaluate each rule and it prunes a rule by reducing error

pruning



4 .4 Failure Detection Framework

The goal of this research is to propose new failure detection framework for industrial plant
by using alarm data and RDR knowledge based system. The proposed RDR knakmstye
system for detecting failure allows acquiring knowledge by applying maclanerg technique
and maintaining them by domain experts who have experience in detecting failure from large
industrial plants. The proposed framework can be described in the diagram.

This researctwould like to briefly introduce the proposed failure détet framework
before describing the detailed process. The proposed framework can befgeareidbs.

First,| built a training dataset with 6 fees/attributes and a 'status' class as described in the
previous section. Then, using the training datddetijlt a supervised classifier by using RDR
based machine learning, Induct RDR. InductRDR adopts knowledge acquisition approach of the
traditiond machine learning techniques, which allows creating a knowledge base from the
structured training dataset, but produces the-lvaled knowledge base in Ripple Down Rule
format. Therefore, InductRDR would enable human domain experts to modify the existing
knowledge base, which is developed by machine learning technique. For example, if there is any
incorrect classified data based on the testing dataset, human experts can add exception rules

(either additional or refine rule) where data are incorrecthsifiad.

Then, it finds out incorrectly classified data based on the given testing dataset. The
knowledge based system was acquired rules from human experts to add exception rules

(additional rule) where data are incorrectly classified.

The following sections, "Knowledge Acquisition by REf&sed Machine Learning" and
"Human Knowledge Acquisition using RDR Frameworkiclude the detailed process of
knowledge acquisition with InductRDR and knowledge maintenance with human experts. Note
tha | have updated several functionalities of original InductRD4#0, 145] in order to achieve

better performance with the large size of 1tgak alarm data.
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4.5 Knowledge Acquisition by RDR-based Machine Learning

First, this researctwould like to discuss how it became possible to build thebated
knowledge system with alarm training dataset by using the updated InductRDR. The basic idea
of InductRDR is generating riden a RDR structure with a rule induction algorithm. A rule at a
single node in RDR structure is called as a clause, and it includes one or more terms in a form of

attributerelationvalue.

Rule generation process of InductRDR can be described in tbwifay three steps: First,
the most frequently occurring class in the training data is selected as the default class value for
the rootlevel rule. Then, it applies standard binomial distribution and searches a class that has
the smallest nvalue. The selded class is used for splitting the dataset into two subsets: true and
false cases. If either of these two subsets has more than one class, the rule will be generated
recursively. However, the original InductRDR does not fit into the alarm training eedase of

its size and complexity.

This thesis proposes three core updates in the original InductRDRI &pdated the clause
selection mechanism. The original InductRDR searches all possible combinations of terms in
order to find the best class. lhig process, aralue is an indicator that shows the quality of a
term. Only appropriate terms are added to the clause until it only selects true positive data.
Unfortunately, this process would produce severe computational issue if the domain has a large
training dataset. In order to solve this issue, the updated InductRDR ordered terms first-Since m
value is used as a quality assessment function for each term and only terms with savallest m
can be added to the clause, terms can be sortedvajyum n ascending order. The possible best
terms will be always combined and assessed at the early stage, and that allows finding the best

clause in a short period of time.



Algorithm 1: Procedure of calculating best clause

Input : Class Value, Attribute, Training dataset
Output : Best Clause

1 initialization

2 SET Termas default term

3 SET Clauseasdefault clause

4 SETcas Number of examples of Class value in Training set for default class is tr

5 SETt as Number of examples in Training set for default clause is true

6 repeat

7 repeat

8 TeemY term with attribute A and
minimisesm(Clausg

9 ClauseY Clause+ Term

10 REMOVE A FROM Attributes

11 cY Number of examples of Class

true

12 tY Number of examples in Trainin

13 until z=s

14 while m(Clausg > m(Clause- last term)do

15 ClauseY Clausel last term

16 RETURNClause

17 end

18 until Find the best clause

Secondly,| modified the approach to evaluate the best clause. The original InductRDR
applied mfunction, the sum of the standard binomial distribution, for assessing the credibility of
the clause [40Q]. Algorithm 1 represents the procedure of finding best clause by applyiadum.
Termsare validated, and then the qualified terms are kept including into the clause, which is the
combination of the terms. It would stop adding the terms when it ondgtselrue positive
examples [c=t]. Gains mentioned thawalue would produce the probability that the rule could
be good at random, and that it derives no assumptions about sampling distributions. However, the
problem would be occurred if the size of thetaset were too large. Thevalues for all rules
become to 0 with the big size of dataset so it is almost impossible for distinguishing the

importance of the rules. This is because the original InductRDR just chose the attribute randomly



in this case.n order to remove this random selectibborrowed the attribute selection approach,
information gain, from decision tree learning algorithms since it is the key to improving prediction
accuracy in decision tree algorithm gl4The updated Induct RD®Rould use information gain

for the best clause evaluation whervalue becomes 0.

Thirdly, this research adopts the numeric data handling approach in the updated InductRDR.
While nominal data has fixed values with specific meaning, numerical data ik/usudinuous
and the meaning is not clear. Nominal data can be divided into groups by their values but it is
almost impossible to do the same thing for numeric data. InductRDR uses only inequality signs
for best clause selection but it is extremely clumiy large and complied dataset. Due to the

nature of InductRDR, applied information gain for numeric value handling.

Algorithm 2 : Chi-square Test Procedure

Result: Chi-sguare Test result
Input : Training Dataset
Output :Chi-square Test result

1 nY Length of training dataset
2 rY Upper bound f or the random g

3 if n<=10 *r then

4 Return False

5 end

6 /* PART A: Get frequency of data */

7 nYnlr

8

h Y Frequencies of data

/* PART B: Calculate chsquare */
9 sum Y O
10 foreachhtdo
11 sum Yshbtmn)% (
end
12 chi squame Ysum /

Finally, it is also crucial to reduce the ovfting problem in the produced predictive

modeling algorithm. Machine learning researchers usually applied pruning technique in order to



reducethe complexity of the learned model so that it is able to improve the predictive accuracy.

The proposed algorithm applied edguare technique in order to remove the rules that provide

little power to classify the example. Algorithm 2 shows that the wawgltulate the frequency of

data (k) and calculate the simple ebguare by using frequency and length of the data. The chi

square originally proposed for reducing the efiiting and overgeneralization in the decision

tree algorithm but the proposedeased hybrid algorithm is also perfectly matched with chi

square since the basic process would be similar.

With the above updated, built the system that includes the updated InductRDR for

knowledgeacquisitionand the interface for knowledge mairdece with human expert.

LU Fired Rules

55 Root THEN IMPACT
[1] IF (alarm_id <= 1.0) THEN INTRUDE
¥ 5 (2] IF (count <= 9.0) & (time > 18.0) THE
[3] IF (alarm_id <= 7.0) THEN BREAK)
v [55 [4] IF (lifetime <= 37.0) & (ratio > 1.8
[5] IF ifacility_id == H1101613) &
[6] IF ilifetime <= 4.0) THEN NORUPT
[7] IF (lifetime > 2014.0) & (facility_id
[8] IF icount <= 5.0) & (lifetime <= 1;
[9] IF {count <= 1.0) & (facility_id ==
[10] IF (lifetime > 3424.0) THEN 2PAS
[11] IF (count <= 3.0) THEN NORUPT!
[12] IF (facility_id == H1104511) & (lifeti
[13] IF (facility_id == H1104511) & (alarr
v 5 [14] IF (ratio > 57.78) & (count > 3.0) TH
[15] IF (lifetime <= 1047.0) & (count :
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| put the alarm data, which is collected and processed in the section "Data Collection”, into

the updated InductRDR, and it produces the RidRcture rule (knowledge) base. This
knowledge base can be seen on the left side oFith&e 46. It took 3 seconds to build the

knowledge base, and has 177 rules in total. The prediction/classification performance of the

updated InductRDR would be discussethia section "Evaluation".

t
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The right side represents the list of conclusion (class) list, and the case browser. The case
browser shows the training dataset; each case is a row of the alarm datdstathetl with
InductRDR. The first row containké value of 6 attributes (alarma, count, facility_id, lifetime,
ratio, and time) and a value 'INTRUDE' as a class 'status'.

Figure 47 shows the correctly classified instancéha knowledge base. The value of a class
for the second case (Casel®) in the case browser is 'INTRUDE' which is predefined. From
the knowledge base, the rules contain the condition, which is matched with any value of 6
attributes, would be fired. As yatan see the left size of Figuder, the rule number 1 and 132
are fired for the selected case, case id 2. The rule no. 1 should be fired if the time is later than
6am, and the value of time attribute for the case is 17(5pm). The facility status shdaksiieed
as TRANSFORM'. However, before concluding this classification, the system checks the current
case with the child rule no.132. The rule no.132 contains a condition to check whether the lifetime
is over 3519 milliseconds, and the value of lifegifor the case is 3600 milliseconds, which has
satisfied the condition. The final conclusion would be 'INTRUDE' as there is no more child rule
to check. Therefore, the final inference conclusion and the original conclusion are equal, which

means 'correatlclassified'.



4.5.1Human Knowledge Acquisition using RDR Framework

However, not all cases are correctly classified. As has been mentioned repeatedly in this

thesis one of the challenges in machine learning is the fact that not all instances will be classified

correctly, a byproduct of issues such as ditBng and overgeneralizationFigure 48 shows an

example, which is incorrectly classified. The proposed RDR framework system supports the

function, which enables acquiring the human expert's knowledge based on the current context and

adding that knowledge inementally. As can be seen thigure 48, the case id 121 produced the
'NOSTOP' status as a conclusion since the rule no.1, 128, and 131 werEhadakt child rule
includes the condition to check whether the alarm occurred more than 3 times and the lifetime is

equal or shorter than 168 milliseconds. The values of case id 121 are matched to the conditions
but the class value 'IMPACT' does not matgth the inference conclusion 'NOSTOP".

KBRules | ooo.occ

Reot THEN FAULT
v [1] IF (time > 6.0) THEN TRANSFORM
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In this case, the RDR framework will acquire the rules from human experts for refining the

knowledge base where the data isoimectly classified by adding new ruldsgure 49 shows

the output after the refine rule addition. The new rule no.178 is added so it is now correctly

classified as 'MPACT".
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However, not all of the human kn

as follows. First, there are data, which have the same vector of attributes but belong to different

classes. This is because the existing

class which the majority belong to will be decided at the conclusion and it is less possible to
correctly classify the minority. Secondly, some rules applied might affect other correctly
classified data. The knowledgesated by the expert gives a hint about how these rules affect the

whole dataset. If a rule has more inco

not be applied.

The performance analysis of human rules addition will be conduaotdtie section

"Evaluation".

owledge can be applied. There are two reasons summarized

attributes are not emowagithie difference. Therefore, the

rrectly classified data than correctly classified data, it should




4.6 Evaluation

In order to evaluate the performance of the proposed failure detection framéwsik,
567,748 alarm data that was collected from a factory of Hyundai Steel Company, and processed
by 35 human domain experts, emyges in Hyundai Steel Co. The detailed collection and

processing procedures are described in the section "Data Collection”.

4.6.1Failure Detection Performance Evaluation

To conduct the evaluation of our proposed failure detection framewadspared the
performance of the modified InductRDR on the alarm dataset against four other common
machinelearning classifiers, including Naive Bayes, neural network, decision tree and support
vector machine. The algorithmic approach and underlying phitosof each of these algorithms
are fundamentally different, however, each has shown to produce favorable results across

different.

| tested the performance with six other machine learning techniques by uskiglc di@ss

validation. TheTable 41 describes the algorithms that are applied for the evaluations.

Tablldpsl i ed MacheaobnbLgqaesing

No Evaluation Technique Base Algorithm

1 |NaiveBayesSimple Naive Bayes (NB)

2 [MultilayerPerceptron Neural Network (NN)

3 |LIBSVM Support Vector Machine (SVM)
4 | CA4.5 Decision Tree Decision Tree (DT)

5 |The modified InductRDR InductRDR

6 |Themodified InductRDR + Human RDR rulg InductRDR and human expertise




The performance of failure detection with machine learning techniques can be found in the
following table4.2 In this domain, it shows that Neural Network and InductRDR achieved over
92% detection accuracy. In the case of RDR (machine learning and human rules), the knowledge
base is built by Induct RDR before adding human knowledge. Then, the test datasgttts use
examine this knowledge base to find incorrectly classified data. A simulated expert is used to find
correct rules for those incorrectly classified data. In the case of InductRDR (machine learning
only) and C4.5 Decision Tree, they are based on madbareing only so their prediction
accuracy is based on predicting the test dataset using the knowledge base acquired from the
training dataset. AFable 42 shows, the supervised classifier achieves an accuracy of 92%. The

Kappa statistic indicates that the predictability of inductRDR classifier is better than a random

predictor.
Tabl2&@8hdé accur adceyt eocft ifoani lwirteh mmaagihe e | ear
Evaluation Technique NB NN SVM DT InductRDR

Correctly Classified 80.029%4  92.3B6| 87.53%  85.03%4  92.0%
Instance

Kappa Statistic 0.58 0.52 0.54 0.51 0.88
Mean absolute error 0.19 0.14 0.14 0.16 0.08
Root mearsquared error 0.38 0.30 0.28 0.29 0.26
Relative absolute error 48.31% 50.26% 51.55% 58.77% 21.47%
Root relative squared 85.87%  82.14% 74.76% 103.86%  46.65%

As can be seen ihable 43, it has been found that the updated InductRDR only can achieve
92.05% of prediction accuracy. After adding human rules, the result can be improved up to 100%.
However, upon updating the cléss with domain expertise, the prediction accuracy markedly

improved, classifying all training instances with 100% accuracy. Therefore, one can surmise that



adding human knowledge to the knowledge base generated by the machine learning classifier
does inprove the classification accuracy and can mitigate some of the pressing concerns of
machine learning dscan handle issues of noise or anomalous data to some extent. It is important
to note that the 100% accuracy achieved with the incorporation of trenhuhes applies to the
current fixed dataset amavould expect the accuracy to be reduced in aweald clinical setting.
However, the benefit of this approach is the ability to adapt through incremental learning and so

the system is able to improvetime realworld settings, even when the performance reduces.

Tabl3ghéd performance comparison with machin
I nduct RDR with human rul es

Evaluation Techniques Detection Accuracy
NeuralNetwork 92.31%
The updated Induct RDR 92.05%
The updated Induct RDR with human rules 100%

Although Neural Network had the best prediction accuracy (92.31%) among machine
learning techniques, the updated InductRDR with human rules outperformeernitually.
Therefore, it can be concluded that adding human knowledge to the knowledge base created by
machine learning does improve the prediction accuracy. The prediction accuracy becomes low if
there are significantly ovegeneralization and owéitting problems. In this case, prediction
accuracy has been improved so that it implied that-geaeralization and owv4itting problems

have been solved to some extent.

In addition to the high performance of failure detection, the proposed approachhalioess
experts to incrementally add and maintain the knowledge in the knowledge base with no

rebuilding or initialization process.



4.6.2Failure Detection Performance at Feature Level

In this sectionl study how specific subsets of features perform in the task of failure detection.

To do this,| train the InductRDR (machidearning) algorithms considering subsets of features.
I consider 3 subsets of features grouped as followstirhe-based, 2)Sizebased, and 3)

Hardwarebased. The detailed information on those feature levels can be found from the section

3.3.

| train the updated InductRDR with each subset feature at a training set. The instances in

each group were split using a-fiddd cross validéon strategy. In this evaluatiohaggregate all

47 faulty related classes as a "FAULTY" class while labelling 'normal’ class as just "NORMAL"

class as can be seenTiable 44. The results indicate that among the features, thehamsed
features and sizkased features are very relevant to diagnosing the failure/faulty stalhserve

that hardwardbased features are not enough by themselveshi®rtdsk. On the other hand,

"NORMAL" class is in general more difficult to detect.

Tabl4dExperi ment al results obtained for
Time- based
Class TP Rate FP Rate Precision Recall F1
NORMAL 0.623 0.082 0.610 0.623 0.616
FAULTY 0.918 0.377 0.923 0.918 0.921
W.Avg 0.868 0.327 0.869 0.868 0.869
Size based
Class TP Rate FP Rate Precision Recall F1
NORMAL 0.147 0.033 0.478 0.147 0.225
FAULTY 0.967 0.853 0.847 0.967 0.903
W.Avg 0.828 0.714 0.785 0.828 0.788
Hardware- based
Class TP Rate FP Rate Precision Recall F1
NORMAL 0.749 0.454 0.643 0.749 0.692
FAULTY 0.546 0.251 0.666 0.546 0.600
Avg 0.652 0.357 0.654 0.652 0.648

t he



| also applied ROC curve for comparing performance of diagnosing the failure/faulty status
with sizebased, timéased, hardwarteaturegroup and all feature groups based on the updated
InductRDR. Figuret.10is shown to outline the accuracy of the pradicimade by the updated
InductRDR which was used in the training dataset. Fagix is the false positive rate while the
y-axis is the true positive rate. Closer the ROC curve gets #lefiopart of the chart, better the
classifier is. InFigure 410, it indicates that using all features have the highest accuracy rate. If
all features are used, it takes multiple aspects into consideration at theérsaymvehich gives a

more uniformed result.
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4.6.3Cost Evaluation

In order to solve the core issue of machine learning,-geeeralization and ovitting is
traditionally accompanied with inserting new data to the existing dataset to enrich the patterns. In
this case, the previously created knowledge base will bevesinand a new knowledge base is
constructed. The amount of knowledge can be quantified as the number of nodes and conditions
in a knowledge base, so the cost of solving the problems can be quantified as how many nodes
and conditions are reconstructed.disithe case of machine learning. In the case of adding human
knowledge, the cost is how many nodes and conditions are added to the original knowledge base.

The following Table 45 summarises the result of reconstructed or increased nodes and
conditions after solving ovegeneralization and owv4itting problems. By applying human
knowledge, the increasedtio of nodedor improving 26 of accuracy is 28.57%, much smaller
than InductRDR only (109.78%). Similarly, the increased ratio of conditions for improving 1%
of accuracy is 60.15%, much smaller than InductRDR only (99.66%). As mentioned above, the
reason that pure rhine learning models cost much is because they remove previous knowledge
base and create a new one every single time that it encounters a new data case which cannot be

explained by the existing knowledge base.

Tabl5€o04t Eval uation Resul t of Knowl e

Updated InductRDR

Models Updated InductRDR .
with human rules
Increased ratio of nodes 261.54% 58.25%
Increased ratio of conditions 222.58% 124.20%
Increased ratio c_)f nodes per 109 78% 28 5794
1% of accuracy improvement
Increased ratio of conditions p&¥o of 99.66% 60.15%

accuracy improvement




Therefore, it can be concluded that the reconstructed or increased ratio of the knowledge
base is much smaller by combining human knowledge and machine lednaimngthose
approaches based on machine learning only.

4.7 Discussion

Detecting failure status in large industrial plants has been noted as complex and dynamic
problem area because of its enormous size of alarms and sensor data, and experiential knowledge
requirements. Either machine learning technique or human expert system has been applied to
acquire and maintain the knowledge for failure detection but neither did work successfully. In this
project,l collected and analyzed the alarm data with 35 domaierexm Hyundai Steel Co., and
propose a novel approach that uses Rippn Rule (RDR) to maintain the knowledge from

human experts with knowledge base generated by the updated Induct RDR.

Based on the experimentfound that it improves accuracy t60% with the fixed dataset.
It is important to note that the 100% accuracy achieved with the incorporation of the human rules
applies to the current fixed dataset amebuld expect the accuracy to be reduced in aweald
clinical setting. However, thieenefit of this approach is the ability to adapt through incremental
learning and so the system is able to improve in thewedll settings, even when the

performance reduces.

4.8 Conclusion

The proposed approach in thisesisallows human experts to irementally add and
maintain the knowledge in the knowledge base without having to rebuildioitiadise the
knowledge base, unlike pure machine learning approaches which rebuild the knowledge base

from scratch each time. Moreover, the proposed failateation framework can reduce the time



of human expertise acquisition and the cost of solving-geaeralization and ovditting
problems in machine learning technique. The proposed failure detection framework has never
been reported previously. Moreoyéhris framework can be successful detection approach in the
domain if it requires handling big size of the dataset and human expertise. Through the
combination of: (1) machine learning to generate knowledge base that alleviates the knowledge
acquisition Iottleneck, (2) the human expertise maintenance that enables for incremental learning
and (3) the mitigation of the failure detection problems reflected in previous reskhere

confidence in this adoption of this framework across multiple modalities.



5 Process Map with Causal Knowledge
5.1 Introduction

This chapter introduces a natural language processiagd process map that can extract
and manage knowledge that has a causal relationsHgilbse reports.In the industrial field,

knowledge resourcese documents written with expert knowledge.

First, expert knowledge is an acquired knowledge learned by experts. The research to acquire
and manage this knowledge is introduced in detail in the previous chapter.

Second, the knowledge resources thauodn the industrial field keep recording form. In
particular, the failure report is recorded by the specialist in terms of the failure situation such as
failure, causeeffect, and corrective measures. This is an important reference for past failure cases
as the cases can actually be utilized for fault analysis and measures in instances of a failure

occurring first.

However, without a formalized form, it is the form of direct technical experts. In other words,
the type that is described by experts asdpejuite varied with the knowledge in a form that a
computer cannot understand. As humans should retrieve and analyze the stored failure reports
directly, there is a higher reliance on human resources for fault management, so the handling crisis

for the falure can be delayed, the industry that require rapid troubleshooting critical issues.

Therefore, there has been a demand for building a decision support system based on expert

knowledge that is capable of automatically diagnosing and prediatingesin an industrial field.

However, this effort has not been successful because of the various changing factory
environments, they could not reflect the changing knowledge and they could not build up the

system for knowledge resources.



The main features aras follows:

First, using natural language processing techniques, the system automatically analyzes
failure reports and translates them istoucturalknowledge with causal relationships. That is,
the system is constructed in a usdiewledgeform.

In addition, analyzed knowledge automatically builds a relationship with one another, based
on existing knowledge and the degree of similarity. By doing so, it evolves to the knowledge of
the networktype. It is possible to refer to similar and usdfabwledge when handling current

problems.

At last, analyzed knowledge provides Ul that can integrate and edit both knowledge if there
are similar cases in comparison with existing practices. This allows experts to easily modify and
supplement knowledge iorder to evolve.Higure 51 is a schematic representation of the overall

process.)
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Failure reportsire analyzed and processed based on natural language processing techniques.
The proposed method is based on Kwrean Failure reports Korean grammar processing
algorithm and domain terminology dictioyaare used for analysis. The sentence is separated into
the shortest sentence, which is the mini mum
relationship between short texts identifies the context, cause, and effect. It is connected to the link
through postposition and conjunctions to connect the short texts. Through this process, a
knowledge that has a causal relationship is completed. The failure cases are stored and managed
in a knowledge structure called a process mipprocess map is aagphical form of knowledge
representation. Since the failure report is written about a specific facilitpreisessmap also
has each failure case based onféudity. Whenthe analysis result is stored in the process map,
if there is a similar relatizship found by testing the similarity and the existing knowledge, it
automaticallybuildsa connection relationship with each other. Through this process, the process
map evolves into graphical knowledge. In addition, the process map is easier to nudityezal
knowledge than the ontologyased knowledge representation method, and a user interface is
proposed to support it. Case 1 and Case 2, as shown ¥igihee 51, may have the same
knowledge that oil / overheat; the two cases are stored in it are said to bear a relationship to the

process map.

Detailed methods and user interfaces for building process maps are described in the

following sections.



5.2 Process Map Concept

The failure analysis system analyzes the failure reports in order to reus@ exetiential
knowledge. Failure reports include information related to the problem such as current status, cause,
and actions taken, soahit can represent a causal relationship of the problem. Thus, it can be
used as a knowledge base for failure diagnosis and prediction. Failure reports include domain
dependent terminologies, implicit representation, and are written in a unique wagtfovréar.

This is the reason why the system utilizes not only the failure reports, but also the domain

terminologies and domain knowledge.

Knowledge is obtained by analyzing failure reports, extracting minimum semantic units from
failure reports writterin natural language, constructing causal relationships between them, and
mapping the failure of the target facility. This knowledge is then labelled as failure knowledge.
After that, failure knowledge is stored and managed in a process map. In theréglnte the
simplest and basic type of sentence is the minimum semantic unit. Two components of the facility
corresponding to the subject are extracted from the sentence: the subject that refers to the target
of the facility and the predicate that meahe status/operation of facility. The acquired unit
knowledge with the form of node is called “failure phenomenon'. After exingmtizess, subject
indicate as art of the component and predicate indicates as the status of the component.
analyzed failue reports and extracted short sentences from unstructured natural language. Order
between two short sentences and consistency of meaning is considered while constructing a
relationship which is referred to as failure case. A series of processes incladintlgehspecific
facility has caused the problem and how the problem is solved, is configured in the order of

occurrence through the relation between the failure phenomena.

Figure 52 shows the concept of a process map. The process map is based on the facility.
There are numerous facilities in the factory, and many facilities have similar functions, but the
type of facilites usually varies. Therefore, managing individual knowledge of these facilities can
make knowledge generation very complex and knowledge management very inefficient. The

proposed process map designates representative facilities with functions and eedigmat



facilities having similar functions after the representative facilities. Having a similar function
means that thgype and basisf facilities is similar, and the usage of facilities and the relation
with other facilities are also similar. This knledge model is suitable for complex domains such
as large factories with various facilities. The failure report describesshbs offailure analysis
andtreatmeniactiors for the facilities that have a failure so that the failure cases analyzed from
failure reports can be linked to these facilities.

In Figure 52, A andB are facilities with similar functions where each facility has one or
more failure cases and is represented by a single pass. If failure cases have the same failure
phenomenon, faileér phenomenon is expressed as multipath constructed by integrating and

sharing failure phenomenon.

For the similarity calculation] applied following similarity formulation and tekiased

similarity algorithm:

A graph of the process map 'O (0 HO

0 ¢ :Setof nodes in the process map

0O ‘Q : Set of edges in the process map

A graph of the failure report : "O 0 hO

0 3 : Set of nodes in the failure report

0O ‘Q : Set of edges in the failure report
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The process map construction principle consists of finding the node pairs that represent the
same meaning among the nodes of the process map and the ribédwitire report, which are
represented graphically.

Finding a synonymous relationship

A pair of two short paragraphs with a value greater than a certain degree of similarity

Yw & bg N0 gYQa ke 0 @ aQ
YQ& Fe YQ&a ¢ R O+YQd ¢ R

Sum of the similarity of sentences that represent part/status included in each sentence and
the similarity of cause/effect/action sentences connected to each sentence.

"Y'Q& : Similarity based on the strings of the nodes (representation of object /
phenomenon)

“Y'Qd& : Similarity based on the relation of each node (reflects similarity of parent/ child
nodes)

Node simlarity based on text

Reflect text similarity based dadit-Distance

"Y'Qas Fe 0'QQO 0OQitd &E O'R '0QQO0Qico & ©'Q

Node simlarity based on relation
d X X " o, A 7
0t B nNnDpe YQa k4
h a LA} e, A Iy
€ Nos R onge YQa fe

YQa ¢ &

P(-) : a set of parent nodeS(-) : a set of child nodes



Measure the likelihood of failure cases and scenarips

The similarity of all the failur@henomena belonging to the failure case and the similarity

of all the failure phenomena belonging to the scer(@iture knowledge in the process

map) are measured based on the Hgtance (the similarity of the phenomena is
measured in the same manner as defined before).

The similarity between the failure case and the scenario is defined as the sum of the largest
similarity valuesof each failurggphenomenon belonging to the failure case.

Qb - 1 ABQ&RQ
SUB; "

N

0 :Failure case

0 : Failure scenario

"Q : Failure phenomenon in failure scenario
"Q : Failure phenomenon in failure case

Because similar failure phenomena of similar facilities have a relationship, whole structure
of the process map is in a network. So, similar failure cases can be referenced in addition to direct
failure case. In case that contents of failure knowledge/@ad or norexistent, the process map
that uses similar facilities and failure cases can easily be referenced in the indirect method. Thus,

| can abieve high knowledge usability.

The operation to obtain the similarity between the case and the failoré oepghe process
map is expressed in the algorithm. If the operadoriefly describedfirst of all, the similarity
between the current node and the werabtainedNext, to compare the similarity between cases,
calculaton is conducted byhe simiarity between the parent node and the lower node. That is,
the similarity between the parent node and the child rodbtained and the sum of the parent

node and child node is compared to obtain the similarity between the case and the failure report.



Algorithm 3: Edit Similarity Distance between sentences

O©CoOoO~NOOUOITA,WNPE

Input: Two sentences
Output: Similarity distance between two sentence

LET IntegerDepthForMeasuringsinitial similarity

LET Integersimas default similarity

LET Stringstrl as the first string

LET Stringstr2 as thesecond string

LET IntegerstrlLengthas length of sir

LET IntegerstrLengthas length of s&

LET IntegersimilarityOf Stringsas defaulsimilarity between strings

LET IntegernodeSimilarityas similarity distance of nodel and node2

LET ObjectfirstNodeas the first unit sentence node in a list

LET ObjectsecondNodas the second unit sentence node in a list

LET ObjectAncNodé as acestor node for the firstNode

LET ObjectAncNod®@ asancestor node for the secondNode

LET ObjectAncestorNodegh as node similarity between AncNodel and AncNode
LET ObjectdesNodehs descendant of the firstNode

LET ObjectdesNodeas descendant of the secondNode

LET IntegerDescendantNodeSias similarity between desNodel and desNode2

DepthForMeasuring? 1
simY 0

str1Y first string

str2Y second string
strlLengthY length of sti
strLengthY length of st
similarityOf StringsY 0

/* PART A: Get similarity distance between two string */
fstrlLength O O0theédR str2Length O 0
Return similarityOfString& 0.0
else ifstrlLength = str2Lengtthen
Return similarityOfString&y 1.0
else ifstrl is synonym for strthen
Return similarityOfStringy 1.0
else ifstrl contains str2 OR str2 contains sthien
return similarityOfStringy 1.0
end
distanceOf Stringy distancétringsétrl,str2)
maxLengthY Max(strlLength, str2Length)
similarityOf StringsY (1 disianceOf StringnaxLength2
Return SimilarityOfString
/* PART B: Get max node similarity in list */




41 nodeLstlY getNodeThe first list of unit sentence ngde
42 nodeLst2Y getNodeThe second list of unit sentence rpde
43 maxSimilarity Y O

4 similarityOf node Y O

45

46 /* Get node similarity */

47  foreachnodel in nodeLstdo

48 foreachnode2 in nodelLst@o

49 SimY go to8to get similarity distance of nodel and node2
50 if maxSimilarty OSimthen

51 maxSimilarity¥Y Sim

52 end

53 end

54  Return maxSimilarity

55

56 * PART C: Get similarity between nodes in list */
57 nodeSimilarityY go to27to get similarity distance of nodel and node2
58 if nodeSimilarityO tHen

59 return O
60 else
61 end

62 nodeSimilarityyY nodeSimilarity 2/ 3

63  Return nodeSimilarity

64

65 /* PART D: Get Ancestor Nodes Similarity */

66 firstNodeY getNode(Thdirst unit sentence node in a )ist

67 secondNod& getNode(Thesecond unit sentence node in g list

68 AncNodd ¥etNode(Ancestor node for thiestNode

69 AncNod@ YetNodefncestor node for the secondNyde

70  AncestorNodeSi go to41 to get max node similarity between AncNodel and
71 AncNode2

72

73 /* PART E: Get Descendant Nodes Similarity */

74  desNode¥ getNodedescendant of the firstNople

75 desNode getNode(escendant of the secondNpde

76  DescendantNodeSiYi go to 41 to get max node similarity between desNodel
77 desNode?2

Algorithm 3 calculates the ediimsilarity distance between sentences. It takes two sentences
as input and then outputs their similarity distance. A variable DepthForMeasuring is set as 1 in
the beginning and a variable sim to measure similarity is initialised as 0. The first string is stored

in a variable strl and the second variable is stored in a variable str2. The length of strl and str2 is



stored in strllength and str2length. Then a new variable named similarity of strings is created and
initialised as 0. If the length of both of the strings dees or equals to 0, then the
similarityOfStrings is also set as 0. If their lengths are equal or they are synonyms or one of them
contains the other, similarityOfStrings is set as 1. Then a variable distanceOfString is created to
store the distance betese two strings. The length of strl and str2 are compared to determine the
greater length which is then stored in a variable named maxLength. The distanceOfString is then
divided by maxLength which is subtracted from 1. The result is then squared andrstied
variable called similarityOfString which is then returned. Thus, part A of the algorithm is

concluded which determines the similarity between two strings.

Part B of the Algorithm determines the maximum node similarity in the list. Variables
nodel$l and nodelst2 are created to store the first and second list of unit sentence node. Two
variables, maxSimilarity and similarityOfNode are created and initialised to 0. These two
variables will later be used to store the maximum similarity between nonddgkesimilarity for
each of the nodes by comparing them with nodes from the other list. Then a node from nodelstl
is taken and compared with each of the nodes from nodelst2 to determine the similarity between
the pair using the steps from part A. Thisgess is done for each of the members of nodelstl
which means all the members of nodelstl are paired with all of the members of nodelst2 once and
the similarity of each pair is determined. Then the maximum similarity is calculated and stored in

maxSimilarty variable which is then returned as a conclusion of part B of the algorithm.

Part C of the algorithm gets similarity between nodes in list. First of all, similarity distance
between nodel and node2 is determined and stored in a variable named nadsSitit is
greater than 1, O is returned. Otherwise, hodeSimilarity is multiplied with 2/3 and returned. These
steps are carried out to make the nodeSimilarity more consistent and facilitate appropriate

formatting.

Part D calculates the similarityetween the ancestor nodes of the current ndde-unit
sentence nodes in lists are stored in firstNode and secondNode variables. The ancestor nodes of

them are stored in variables AncNodel and AncNode2. Then part B is used to get the maximum



similarity beéween these two ancestor nodes.

Similar process is done in part E to determine the descendant node similarity. desNodel and
desNode2 are used to store the descendants of the two specified nodes which are then compared
using part B to calculate the maximunode similarity between desNodel and desNode2.

Thus, similarity distance between sentences is edited in five parts by comparing the nodes

themselves as well as their ancestors and descendants.



5.3Process Map Construction

5.3.1 Failure Report Analysis System

TheFailure reporanalysis system for the process map construction is composed as follows

in Figure 53. The functions of each module arefalfows.

Failure reports loading module

.

Failure reports analysis core module

Sentence separation module

!

Scenario creation

Vocabulary type

module

assumption module

3

GUI Interface

Simple sentence modification module

Word modification module
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Analyzed result saving module

Failure cases saving module
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+ Failure report
list

+ Failure report
contents

« Failure report
analyzed contents

Vocabulary

Domain

« Vocabulary list Vocabulary
» Vocabulary type

» Simple sentences

Analyzed
failure cases

Failure
Knowledge

v

Fi gu3Ae chi tecture of Failure

Report

A



Failure Report loading module
Output a list ofailure reportgreated outside the system
Check the contents of the failure reports.
Batch processing of multipailure repord
Identify case information for preprocessed reports

Failure Report Analysis Core module

Create rulebased fault case based on the Title / Phenomenon / Cause / Action of the
Failure report
- Rule-basedrailurereportstatement separation
- Normalization of the vocabulary (elimination of postposition / adverb) and extraction
of each vocabulary type based on the contents stored in the process map (DB)
- Estimate the type of neexisting vocabularies
- Create a final fdure case scenario based on the estimated vocabularies
V Typebased segregation
V Restore lost items (Restore target and status)
V Remove duplicate short texts

GUI Interface:

Short text level
- Order adjustment function of failure scenario created by analysislenod
- Delete insignificant short texts
Vocabulary Level
- Correction functions of vocabulatype errors estimated by the analysis module.
- Correction function of vocabulary type estimated by analysis module

Regenerate the case scenario based on the informadidified by the user. (Request to
analysis core module.)

Analyzed result saving module

Storing the newly constructed lexical information by the user
Each short statement of the finally analyEailure reports stored in the process map as
each fault (action) phenomenon

Establish relationship information of each failure (action) phenomenon (cause result /
action order)



5.3.2 Processof Failure Report Analysis

Failure reports written in natural language are sfammed into structured forms using
natural language processing techniques and then stored in the process map. The analysis is
conducted automatically by the system and the results of that can be modified directly by the user
through the user interface. @ltontents stored in the process map are used as information for
analyzing the failure report, and then those analysed contemisrarected to each other with the
same relation so that the information can be easily accessed and eXpdifd&igure 55 briefly

showsthe failure analysis process.

Figure 54 is an example of a failure report and an analyzed failase.cThe failure report
includes the name of the equipment where the failure occurred, the date and time of the failure,
the failurecondition, and the cause of the failure. The analyzed failure cases are represented in
the list on the right side of the failure report, and they can be reconstructed in the order of the
failure cause, failurgphenomenon, and countermeasurethnad. It caralso be used as causal
knowledge. The blue letter is the object of the failure and the red letter indicates the status of the
facility. In addition, by providing a user interfad&ld experts can directly edit the objects and

phenomenon of the failurend adjust the order of the failure phenomenon.

P Title LOC. POSITION ERROR)
» Fzilure Report p Case Save Sim Report Search Refresh
P Failure Phenomenon F  Phenomenon

ROLL Change Delay(LOC. POSITION ERROR) Alrro sl ez

ROLL Change Delay(LOC. POSITION ERROR) » v i STEP Running Stop
v ROLL Change Delay
v POSITION Abnormal
v MANUAL CONTROL Start

» Cause Effect

Due to LOCOMOTIVE Position Error Step,
Running Stop

P Terms
P Treatment
» STEP * <Part>
Due to Position Error, MANUAL CONTROL Start Running <Status>
Stop <Status>

Fi gudAerx®B.mpl e of Failure Report and An
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Rule-based separation okentencesThis stage separates sentences into short clauses
consisting of subject and predicate, which makes them the minimum units of a
sentence. Sentences are separated using the regular expression based sentence

separation rules.

ProcessMap based Information extraction: At this stage, the morpheme and part of
speech from the short sentences separated in step 1 are extracted and at step 2.1.,
words are extracted from the process map as subject and predicate. After these two
processes the type of thgegific word is defined. If there are no exact matches with

the words in the process map, partially matched words are retrieved. After that, if the
extracted string from the process map is matched with the word in the short sentence,
or if the string matchs the search, the corresponding string marks in the short
sentence and the string is registered as the candidate of the corresponding word type.
Otherwise, if the string extracted from the process map does not completely coincide
with the word within theshort word, the corresponding string is marked and registered
as a subordinate of tlrandidate word type.

Rule and word-position based wordtype assumption & shortsentence creation

If the type of vocabulary recognized in step 2 corresponds to the phenomenon
(function-breakdowraction), it is partitioned into separate sentences based on the
vocabulary. If the vocabulary is not recognized in step 2, the type estimation of the
unregisered word is performed. If the vocabulary is not an abbreviation and the
position of the word is at the end of the sentence, it is estimated as a status term. If
there are duplicated semantic meanings, the similarity degree between short sentences
is calwlated. If the predefined threshold is exceeded, the one with highest similarity is
selected, and the short sentences with lower similarities are removed. If the word
corresponding to the object or phenomenon is omitted from the natural language itself,
the word restoration is performed in three steps: 1) If the word corresponding to the

object of the short sentence is omitted and there is a restorable object from the



Qo

previous sentence, then the object of the short sentence is restored by using the object
of the previous sentence. 2) If the target word of the short sentence is omitted, but the
rest of the sentences cannot be restored, then the subject of the short sentences is
restored using the subject of the next sentence. 3) If the status expresseshairth
sentence is omitted, then the state word from the following sentence is restated.

Ul based word and word type modification The analysis of the failure report is
performed automatically up to the step 3, and at present stage, the user can directl
supplement the contents through the Ul. If the user wants to change the vocabulary
type of the analyzed short sentences, they can change the vocabulary by searching

them from the process map and the domain vocabulary using the interface.

Final modification by adjusting short sentence order This allows the user to

change the order of the short sentences which are automatically analyzed up to step 3
through the Ul. The user can change the order of the selected short sentences up, down
and remove the salted short sentences. In addition, the user can define new short

sentences and insert them at the desired positions.

Analyzed result insertion It is the step of storing the result of the analysis that is
finally completed in the process map. This is@after sorting the order of short
paragraphs in the order of Phenom@aaiseActions and then save them in the
process map. In the case of a faituetated short sentence, the object and status are
inserted into the failure phenomenon part of the prategs and the cause and effect
relationship between the input failure phenomena is established. Also, in case of a
short sentence for an action, the object and phenomenon of the short sentence are
entered in the action part of the process map, and thedaece relationship between

the phenomena for the action is set up.



5.3.3 Methodologiesof Failure Report Analysis

1) Sentence Separation

Because the proposédilure reporainalysis system was developed usingdbeeanfailure
report,| propose a method based on Kwreannatural language processiriailure report@and
information professionals create their own, and there are a variety of expression forms. Statement
consists of a minimum of the short form with subject and predicatesaxtended through the
relationship between short texts.

This thesis is divided into the 'Status' corresponding to the predicate and the 'Part’
corresponding to the 'subject.' It aims to extract an element of these two sentences. 'Part' generally

may ke in the equipment / parts, whereas the 'Status' means the status / operation of a 'Part.'

In the first analysis stage of the failure report, a morphologesienceseparation method
using a regular expressias used As shownTable 51, The separation criterion becomes an
investigation and conjunction, for example, ' \b' (hago = 'and') separates sentences based on
conjunctions that connect th@o sentences. This process works automatically.
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\b \b
han -ed do-em being
\b \b
doen -ed ha-go, and
C | | | H{1hb
\b geuli-go, and)|flae-seq so)|
nan, -ed (-leo-meulo, therefore)|
(-leonde, by the way)
\b [ J2b \b
Jung[-€], during (dda-run), depended
[M\s]*\b ( Y{1Ab
gwajeong process (ttaemune), due to
(11 ()b
(hamyeonseq while doing doemyeonseq as soon as (ese9, in
| si-ki-myeonrseq and) ’
( )?Ab \b [ J2b
do-eeo issneun(de), became tta[eq, when
(| )ikb \b
(do-eeo|dog, became gyeolgwa result
1 1 Ab
(| )b C 1 XC e | 1)

(ha-yedhase, so

(Eul, of) |(leul, to) (wi-hayeq for)
|(wi-hag for)|(wi-han, for)

\b[ 1?7 [ 1?7 17\b
[i] Tjeon-[€] [dq], before




Algorithm 4 shows the sentence separation procedure. A string named report is used to store
the failure reports. An array named sectioned report is created which stores the separated cause,
status and act sections of the report. Then sentences are split and stanedriny called
splitSentences. An array called candidate stores the candidate words which are searched from the
process map. Processed map is stored in an array called PM and marked sentences with the words
from process map is stored in an array calledkedSentences. An array called finalSimple is
created to store final simple sentences and candidates to store strings in process map. A function
named separateSentences is created which takes report as a parameter and separates the sentence
A makeSectios function is used on report to make sections from the report which are then stored
in the sectionedReport array. For all the sections in sectionedReport, sentences are split, and
candidates are retrieved by using the process map. Each of the sentdneeslmtates are passed
as parameters in the similarity function. If they are found to be similar, then they are marked using
a mark function and put in a variable called marked. These marked variables are pushed on a stack

of markedSentences.

Algorithm 4: Sentence separation
1: LET StringreportY f ai |l ure report
2: LET ArraysectionedRepo¥ s eperated report into
3: LET ArraysplitSetence§ spl it sentences
4: LET ArraycandidateY candi date words searched
5. LET ArrayPMY process map
6: LET ArraymarkedSentencé mar ked sentences with
7: LET ArrayfinalSimpleY fi nal si mple sentences
8: LET ArraycandidatesY strings in process map
9:
10: FUNCTION seperateSentenoggfort)
11: sectionedRepo¥ ma k e S eepar)i o n s (
12: for all sectionsecin sectionedRepodo
13: splitSetence¥ s i mplse®Spl i t (
14: candidatesY r et ri evRMEcandi dat e (
15: for all stringsentencén splitSetencedo
16: for all stringstr in candidatesdo
17: if similarity(sentencestr) = TUREthen




18: markedY maserkeficestr)

19: end if

20: pushmarkedSentencesiarked

21: end for

22: end for

23: for all stringsentin markedSentence®

24: sent Y splisenCompositi on(
25: end for

26: finalSimpleY e x t r a ¢ tmBrkegSertences e (

27: finalSimpleY pr opagat e FarkedSentemces o u s (
28: end for

29: RETURNfinalSimple

All strings in marked sentences are passed in a splitComposition function to split their
composition and the returned string is stored in a variable called sent. The duplicated are extracted
from marked sentences and stored in the finalSimple array. Striagasar propagated from

previous ones and are also stored in finalSimple which is then returned.

2) Rule basel word normalization and stop wad removal

As described above, the proposed system extracts 'Part’ and 'Status,' the minimum units from
the failurereport. The other sentence components are unnecessary, and since the importance is
low, only the sentence is extracted through theppoeessing process. With that, the sentence is
simplified. A sentence can have the same meaning in various expre3siensormalization
process is performed by replacing similar expressions with common vocabulary to make the
meaning of the sentence simple and consistent. For exas@leown ifTable 52, an expression
suchas'" ( )(C | | )YC | | | | | )'isreplacedby'Disable( : Bu; r eung)
In addition, the stopvord, which is an unnecessary element, is removed. For example, the bullet
symbol (eg.1 and 2) or trdement like DATE/TIME are removed.



Tabl2BEx&ampl es of stemming and stopword rem

Rules Result

CH{C 1 O)Xac 11 1 | N1HAsIMb
dog(ji) (anhlanjmog (ajdogdoenjhalham|haes$, not (bul-neung, Inability)
C L X | L L T 1 H{1HAsIMb
(anhjan|mog (aldogdoenjhalham|haes$, not (bul-neung, Inability)

[Ms]*\b
il-eo, occur
\d{2,4}[/.]{1}d{1,2}[/.K1}d{1,2}[\s\w]*\b I[DATE]!
\d{1,2} []*\d{1,2} [*\s\w]*\b

(weol month) €l, day) 'DATE]:
\d{1,2} []*\d{1,2} [M\s\w]*\b

(si, time)  (bun, minute) {TIME]
\d{1,2)\d{1,2}[\s\w]*\b [TIME]!
\([ \[TIMB]'[ T*\) [TIME]!
N[TIMB] \J*(-|~)+[ \t]*(\[TIME]"){0,1} I[PERIOD]!
N]+/NdI+[ T4 [H)[Ms\w]\b
[wol-hwa-su-mog-geumto-il], [Monday Tuesday Wednesds I[DAY_DATE]!
Thursday Friday Saturday Sunday]
I\[DATE]!
N[TIME]!
N\[PERIOD!
N\[DAY_DATE
\["VIFY)
M w]*\b
Md{1,2}[/\){1}

The result through the 1), 2) procesdable 53 shown. Original sentences 'Broken due to
the fatigue load of FLAPPER CYLINDER' 'in the' Cause 'item of the table are separated by
postposition (‘Uihar( )" by). An example of steprord proessing can be found in the
Treatment' section. Sentence 1.12: 30 ~ 'is removed from' 1.12: 30 ~ FLAPPER malfunctioning
radio reception. ', And' FLAPPER malfunctioning ‘and' operational radio reception 'are separated

by sentence separation rule.



Tabl3Ex&mpl es of the outwoutd orfe nsotveanhmi n g

Failure phenomenon

HSB DELIVERY FLAPPER CYLINDER ROD
(jag-eobjung jeolson Cutting loss during woik
HSB DELIVERY FLAPPER CYLINDER RQ@é&blson Cutting los}

Failure
Report

HSB DELIVERY FLAPPER CYLINDER ROD
Applied (jag-eobjung jeolson Cutting loss during woik
HSB DELIVERY FLAPPER CYLINDER RQ@é&blson Cutting los¥

Cause
Failure FLAPPER CYLINDER .
Report (pilohajung-e uihan jeolson Fatigueinducedcuting loss)
FLAPPER CYLINDER
Applied (pilohajung-e uihan, Fatigueinduced)

. (jeolson Cutting los¥

Treatment

1.12:30 ~ FLAPPER :
(jagdongbullyangeulo jo-eob museonsusin
dueto malfunction operational radio receptio

2.12:33 ~12:37 )
Failure (hyeonjangdochag mich woinpaag Site arrival and cause identificatipr
Report 3.12:38 ~ 12:45 ROD

(jeolsoneulo yongjeobWelding by cutting

4.12:46 ~07:49 TEST .
(unjeonsil jagdongTESTeongsangjagdong jeeobsilsi,
operation room working ESTonduct normal operation

FLAPPER
(jagdongbullyangeulo, Due to malfunction

(jo-eob museonsusirOperational radio reception

Applied (hyeonjangdochag mich woimpaag, Site arrival and cause identificatipt
ROD (jeolsoneulo, by cutting
. (yongjeoh Welding
TEST :
(unjeonsil jagdongTESTeongsangjagdong jeeobsilsi,
operation room working ESTonduct normal operation




In order to distinguish 'Part’ and 'Status' from the separated paragraphs through process (1)
and (2), it is necessary to extract the vocabutgpes. Todo this, a domain terminology
dictionary is used. The term dictionary is constructed through a domain dictionary, a manual, etc.

using terms / facility names used in the domain.

First, the vocabulary registered in the term dictionary DB is searchedanad¢abulary
type is extracted.
If the search result matches the search result exactly, the search result is used as is.
If it partially matches the search result, DB information is used according to the condition.
Second, specify the search target.

Only the vocabulary stored in the term dictionary is searched by the standard vocabulary
in advance.

Due to the existing report analysis results, unprocessed and stored vocabulary information
does not exist. However, it can be used if it is registered asdasthvocabulary later in

the posiprocessing.

3) Vocabulary Search

In order to retrieve a vocabulary from a terminology dictionary, the following process is

necessary:

First, all the words included in the sentence (phenomenon / cause / action) oaeaufh p
the failure report are retrieved from the DB.

Extract vocabularies based on INSTR query.

Second, tag the meaningful vocabulary in each sentence among the extracted vocabularies.

Extracts combinations of vocabulary and compound words existingword in a
sentence.

If the vocabulary application order is longer in length, more precedence is given to what
is located in front of the characters in the subject.



Third, separation of compound words

When multiple vocabularies are tagged in a singledwibrs assumed that the vocabulary
is compounded and each vocabulary is separated.

Search results, when a partial match undergo the following processes such as
Separatelte vocabulary into three levels
- Keyword: The part of the vocabulary found in the DB
- Prefix: The part before the keyword
- Suffix: The part that follows the keyword

If the keyword part exists in the DB and the prefix / suffix exists in the predefined item,
the keyword part is used as is.

4) Unregistered Word Normalization

The process fanormalizing a vocabulary that is not registered in the DB and processing the
keyword is performed as follows:
If there is a key word vocabulary that exists at the same time in the prefix / suffix list
defined in the prefix / keyword / suffix combinationathcan be combined for each
vocabulary, the vocabulary is assumed as the key word.
- To improve speed, first combine vocabularies based on morphological analysis
results.
- If there are no satisfying keywords in the primary source, combine all possible cases
by syllable.

- If there is no combination of the above conditions, the entire vocabulary is assumed
to be a key word.

Separation of compound words

- If one vocabulary is judged to be a combination of vocabularies existing in the DB,



the vocabulary iseparated.

Table 54 is an example of a suffix list related to general postposition and conjunction.

Tabldeghb | ist of proposition and cor
(lo, to) (eulg, to) (doen -ed)
(eseofrom) (lo inhayeo due to) (jung, medium)
(inhan,by) (inhayeq due) (hu, after)
(uihayeo by) (ttaemun because) (jeon, before)
(hayeossgaand) (eseqin) (hayeq so)
AAA




Table 55is an example of a positional vocabulary related suffix.

Tabl5dhB |ist of spbéi ki ohatandplesahnt e
Location Noun
. (jung-gan, (alaes . (Bakkat (Jung
(wi, top) middle) bottom) | (Cleumright) | 0 icide) medium)
. (Gaunde . (Area
(wis, top) middle) (ha, bottom) (U, right) (Oe except) bottom)
- . . (Jubyeon
(Sang top) (mit, bottom) (An, in) around) (Jwa, left)
) ) (oen left) (Nag inside) | (Bakk out) )
Location Aux
. . . (Banghyang . .
(jog, side) (cheug side) direction) (bu, part) (Jjogpyeonside)
(pyeon side) (dan, only) (Bubun part) (budan part) (Jjogcheug side)




Table 56 is an example of a prefix / suffix that is related to failure phenomenon.

Tableeghd | ist of prefix/suffix that
Failure Prefix Failure Suffix
(gwa) (mu) (an) (ga) (bul, impossible) (andoemno)
(go) (yuck) (bul) (jae) (bul, impossible) | (anham do not)
(mi) (jeo) (bulga, impossible)

Table 57 is an example of suffixes related to use.

Tabl7&hg

| i st

of suffix that

Failure Suffix

(yong for)

(yongdq purpose)

(dae versus)

i's as

repres.



5) Suffix based Sentence Separation

If the vocabulary is included in the list of suffixes or vocabulary itself included in the list of

suffixes defined in the predefined ligtable 58), it shall be divided into short sentenc&able

5.9 shows the vocabulary extractedm the characters through DB INSTR Query.

sentence

Tabl8&hb& | ist of suffix for
' (lo, in)
(eulg, to) (loinhayeq due to) (euloinhayeodue to)
(louihan, by) (euloinhan dueto) (louihayeq hy)
(eulouihayeophby) (doe become) (doen -ed)
(jeon, before) (hu. after) (si, when)

(ttag time) (ttaemun due to) (ttaemune, due to)
(hayeosepto) (hayeossgoand) (inhan, by)
(inhae by) (inhaesepby the way) (uihaeseopby)

AAA




Tabl9A Sampl e output of term extraction

Failure phenomenon

HSBDELIVERM.APPERYLINDEROD .
(jag-eobjung jeolsonCutting loss during wonk
HSBDELIVERM.APPERYLINDEROD

Failure report

(jeolson Cutting los}

Extracted words based| FLAPPEROD CYLINDERLAPBD ,
INSTR Query (jeolson Cutting los}, (jakup, working)

Cause

FLAPPERYLINDER

Failure report :
P (pilohajung-e uihan jeolson Fatigueinducedcuting los9

Extracted words based| FLAPPERYLINDERLAP ,
INSTR Query (pilo, Fatigue), (jeolson cutting los9

Treatment

1.12:30~ FLAPPER :
(jagdongbullyangeulo jo-eob museonsusin
due to malfunction operational radio receptiq

2.12:33~12:37

(hyeonjangdochag mich woimpaag, Site arrival and caus

: identificatio
Failure report r)

3.12:38~12:45 ROD :
(jeolsoneulo yongjeobwelding by cutting

4.12:46~07:49 TEST .
(unjeonsil jagdongTESTeongsangjagdong jeeobsilsi,
operation room working ESTonduct normal operation

ES FLAPPER (yongjeoh welding) ROD

(dongjq tunning) (bullyang bad,
(jagdong working), TEST (jo), FLAPR
Extracted words based . . , . .
(unjeonsi| operating room) (susin reception)
INSTR Query _ _
(paag grasp) (jo-eoh operation)
(unjeon driving), (jeolson cutting loss),

(silsi, execution)




Findings from the registered language tagging, unregistered language normalization and
their short separation may be foundrsble 510. A nonguessed tagged vocabulary is displayed
in 1. In the treatment part, from the sentence "1.12: 30 ~ FLAPPER malfunctioning radio
reception. o0 The resul t n thougmewth poogessihghbecones x i ¢
'"[ FLAPPER] [operation] [bad]' and '[Joperatio



Tablléh Ssampl e output of tagging

Failure phenomenon

Failure report

HSB DELIVERY FLARPEHRNDER ROD
(jag-eobjung jeolson Cutting loss during wopk

HSB DELIVERY FLAPPER CYLINDER ROD
(jeolson cutting loss)

Tagging and
Normalization

HSB DELIVERY [FLAPPER] [CYLINDER] [RPD]
(jag-eob, working)

[ ]

(jeolson cutting loss)

HSB DELIVERY [FLAPPER] [CYLINDER] [RPD]
(jeolson cutting loss)

Cause

Failure report

FLAPPER CYLINDER .
(pilohajung-e uihan jeolson Fatigueinducedcuting los9

Tagging and
Normalization

[FLAPPER] [CYLINOER] ] [ ]
([pilo] hajung-e uihanjeolsor], Fatigueinducedcutting los9

Treatment

Failure report

1.12:30~ FLAPPER .
(jagdongbullyangeulo jo-eob museonsusin
due to malfunction operational radio receptig

2.12:33~12:37 .
(hyeonjangdochag mich woimpaag Site arrival and caus
identification

3.12:38~12:45 ROD .
(jeolsoneulo yongjeobwelding by cutting

4.12:46~07:49 TEST .
(unjeonsil jagdongTESTjeongsangjagdong jeeobsilsi,

operation room working TEST Conduct normal operati

and



Tagging and
Normalization

[FLAPPER] (jagdong working)] [ (bullyang bad]

[ (jo-eohoperation) (museotradio) [ (susin reception)

(hyeonjangdochag, Site arriyal  (mich, and)

(worrin, cause] (paag grasp)
[ROD] (jeolson cutting loss)

[ (yongjeoh welding)

[ (unjeonsi| operating roonj) [ (jagdong working]]

(jleongsang normal) [ (jagdong working)]
operation) [ (silsi, execution)

[

[TES]
(joup,




6) Word Type Extraction and Assumption

If the result retrieved from the DB matches the vocabulary part or if the search vocabulary
is an unregistered vocabulary, processing is perforfraule 511 shows examples of the results.

First, estimation of partial match vocabulary type
First, | apply the type of keyword that exists in DB.
If the prefix / suffixis applied to each classifittan defined before (use / location / fault);
change the type to that type.

Second, stimation of unregistered vocabulary type
| estimate the type based on the location of the vocabulary in the short text.
- If this vocabulary exists in the end, it will bstimated as a phenomenon, otherwise it
is an Object.
If the prefix / suffixis applied to each classification defined before (use / location / fault),
change the type to that type.

TablléA Ssampl e oupputdiefi wguidshy

Final Word type

st 1
1St Word type assumption assumption

Yondi dindls ( A
[Yongjeolbu, [welding]side (Gojang broken)

)[]_A

(Wichi, location)

HSB DELIVERY [FLAPPER] [CYLINDER]

[ROD][ ]
[(jeolson cutting loss))

HSBA
(Daesang object)

HSBA

(Daesang object)

[FLAPPER] [CYLINDER] [ ]
([pilo] hajung, Fatigueinduced

A
(hajung, weight)

A
(Gojang, broken)




Algorithm 5: Word type assumption

1: LET ArrayfinalSimpleY f i nal split simple sente
2:

3: FUNCTION tagWordTypd{nalSimplg

4: for all sentencesentin finalSimpledo

5:

6: if sectionTypegen) = CAUSE or STATUShen
7 nodeTypes FAILURE

8: else

9: nodeTypes REPAIRE
10: end if
11: for all wordw in sentdo
12: inferWordType)
13: end for
14: end for
15: propagateFromPreviods{alSimple
16: RETURNfinalSimple

Algorithm 5 is used to determine word type assumptions. Then function tagWordType is
created which takes finalSimple as a parameter. It tags the words of finalSimple with necessary
attributes. Section type of each of the sentences of finalSimple is determinedrentye is
either cause or status, node type is expressed as failure. In another word, this specifies that specific
sentence as the cause of failure. Otherwise, the node type is labelled as repair. Each word in sent
is passed to a function named inferWbygde which determines the type of inference. finalSimple

is then propagated from previous and returned.



7) Word Type based Sentence Separation

If the vocabulary type corresponds to a phenomenon (failure / action / function), separate the

short sentencdsased on the vocabulary.

First, if the phenomenon (failure / action / function) vocabulary appears consecutively,

separate all.
Pad damaged (failure) Abrasion (failure) Pad damaged / Abrasion

Second, exceptions that do not separate the phenomena thatsapmnsecutively
When the type of continuous phenomenon vocabulary is different
- Fault + Action / action + fault / function + fault / function + fault /...
When one or more of the consecutive vocabularies is a vocabulary estimated by the
system
- [Fatigue]Load: Since the load is a type of failure estimated by the system, fatigue is

determined as a failure type so that even if the same type appears consecutively, it

does not separate.

8) Restore Missing Word Type of Simple Sentence

Failurereports that arereated without a formatted structure may result in omitted subject
or repeated vocabularies. In this case, it is necessary to reconstruct the items lost through the
context of the sentence, because the necessary components may be deficient if thayased sep

into short sentences. The restoration process is divided into two parts.

First, the first short sentence restoration consists of the followepg.st
If a short sentence has only a representation of a subject or phenomenon due to a line
break or rle-based sentence separation error, and these short sentences appear

consecutively, the two short sentences are combined and integrated into one. An example

is shown inTable 512.



TablléA Ssampl e result of initial sent e

Failure report o .
(with line feed erron) Result 15t Restoration
TRUCK TRUCK[PART] TRUCK[ PART]
DAMAGE DAMAGE[FAILURE] DAMAGE][ FAILURE ]
TRUCK[STATUY
TRUCK STOP STOPFAILURE] TRUCK[STATUSY STOPFAILURE]

Second, the second short sentence restoremiosists of the following steps.
In the case of a short text in which no object exists, the object is extracted from the
previous shortext and restored={gure 5.7.
If the expression of the phenomenon is a combination of two or more types (ex. Failure
+ action) Figure 5.8.
- Restore th@revious sentence using the phenomenon expression corresponding to the
posterior
Decide what toestore short text
- Short texts generated in the same sentence on the failure report are targeted.

Sentence 1 Sentence 2

xal
Original sentence @ [ FORK ;N_gﬂ"' = J { s j
T~ odg

I
l |

Created — o R
Simple Sentence FORK END F{ =& 23 SE T

@ I

Fi gugAe c®nceptual di agram of sentence

Q



Original Sentence > | “FORK END AFTER RESSEMBLY WELDING”

4=

Sentence PART VE STATUS 1 STATUS 2
Separation FORK END T REASSEMBLY | WELDING
| ] T
Simple sentence 1 Simple sentence 2
PART STATUS 1 )
Simple sentence 1
FORK END | REASSEMBLY
Analyzed result
| Missing | STATUS2 ey
I pART WELDING imple sentence
Missing ‘PART’ Restoration
Sentence > PART VE STATUS 1 STATUS 2
Separation FORK END T REASSEMBLY | WELDING
= = . :
Missing word Simple sentence 1
Restoration
Simple sentence 2
PART STATUS 1 .
Simple sentence 1
FORK END | REASSEMBLY
Analyzed result
PART STATUS 2 .
Simple sentence 2
FORK END | WELDING

Fi guiAen xampl e

‘PART’ restoration

BPART'atregotrgyr ati on



Original Sentence > |

“PAD ABRASION AND DAMAGE CONFIRM”

l

Sentence PART STATUS 1 C STATUS 2 | TREATMENT
Separation PAD ABRASION N DAMAGE CONFIRM
Simple sentence 1 T
Simple sentence 2
PART STATUS | rsissine |
{ll:ssmg , 1 Simple sentence 1
PAD DAMAGE | STATUS’ |
-l
Analyzed result
PART STATUS .
Simple sentence 2
PAD DAMAGE l CONFIRM

l

Sentence
Separation

Missing word

Missing ‘STATUS’ Restoration

L 4

A

PART STATUS1 |C C STATUS 2 | TREATMENT
PAD ABRASION DAMAGE CONFIRM
A

Restoration Simple sentence 1
PART STATUS
PAD ABRASION | CONFIRM
Analyzed result ‘STATUS’ restoration
PART STATUS
PAD DAMAGE I CONFIRM

Fi gudAe Bxampl e

of

category

Simple sentence 2

Simple sentence |

Simple sentence 2

STATUS"

r

e



5.3.4 Duplicated Simple Sentence Removal

There may be duplicate short sentences in the sentences, and in such cases, it is necessary to

remove duplicate shosentences. This process is as follows:

Calculate the similarity between short sentences and remove duplicate short sentences if
duplicate short sentences exist.
- Similarity (short sentence) = similarity (object) + similarity (phenomenon)

- Similarity iscalculated as the overlap between words.

Consider the details of the short text.

- Assume short paragraphs with longer lengths to be more detailed short paragraphs.

If the details are the same,
- Put weight on the first sentence and remove the senten@tiesrs afterwards.

TablleéExBanswlfe Dupl i cated Sentence Remova

Case Scenario Duplicated Simple Sentence Remarks
Removal
FORK END DAMAGE FORK-END-BAMAGE
é é 6Air Cylinde
é é DAMAGES® i s m
Air Cylinder FORK Air Cylinder FORK END
END DAMAGE DAMAGE
FORK END DAMAGE FORK END DAMAGE Both sentences are complete
é é in thesame,
é é So, following sentence is
FORK END DAMAGE FORK-END-BAMAGE deleted.




5.3.5 GUI for modification of analysedresults

Case Scenario Short text level
Correct short texts of target/phenomenon
- Modify the subject / phenomenon vocabulary of the short sentence to change the
contents of the short sentence.
Change order of short texts
- Modify the content by changiniipe order of the short sentences that constitute the
case scenario.
Delete short texts
- Delete short sentences that appear in the report but are meaningless to construct the
case scenario.
Change type of short statement (failure / action)
- Select which typef phenomenon is included in each scenario in the case scenario.

Vocabulary Level:
Modify the vocabulary that constitutes the short sentence
- Changes the selected vocabulary to a form modified by the user.
- If the modified vocabulary contains a space,wbeabulary is divided into a number
of words separated by a space.
Edit vocabulary type
- Change the type of selected vocabulary to the type you choose: If there is the same
vocabulary in the case scenario, change all vocabulary types at the same time.
However, it does not change in case of the vocabulary in which the user previously

selected the type directly.

If the vocabulary is estimated from external short texts through the restoration function:
- The vocabulary is displayed in italics on the user interfand cannot modify the
information of the vocabulary.

- If the information about the vocabulary is modified in the original short sentence with



the corresponding ocabulary, the other short sentences are reflected in the same way.
- If the vocabulary added hipe restoration function is not correctly estimated, it can be
deleted from the short text.

Calculate the similarity between the target vocabulary and the present vocabulary
separately

Calculate similarity based on Edbistance

Calculation of similarity based on DB analogy

- If similarity relation is specified in DB, it is reflected as similarity 1

Failure scenarios
Flow of faults built by integratin§ailure reportgreated by the same phenomenon in the
same installation
A failure scenario is made up of one or more failure cases.

An installation can have one or more failure scenarios

Failure cases generated by thé&ailure report are being built in fault scenarios via the
following two ways:
Registered as an independent railure scenario

Integration with existing fault scenarios

The system proposes candidate scenarios that can be integrated with the case by sorting them
based on the similarities of the fault phenomena included in the fault scenarios that have been

established and the newly analyzed fault cases.
The similarity between all the fault phenomena belonging to the fault case and all the fault
phenomena belonging to the scenario is measured based on tHestadite.

The similarity of phenomena is measilithe same as defined before

The similarity between the failure case and the scenario is defined as the sum of the largest



similarity valuesof each failure phenomenon belonging to the failure case.

Build a new scenario
Failure cases analyzed by theeuare stored as scenario information as they are.
- Built with the same content without any modifications

Integrate new cases into existing scenarios
Incorporate the currently analyzed failure cases into the flow of existing scenarios
- The user creatasew scenarios by adding the phenomena that appeared in the new

failure cases in the middle of the existing scenarios



5.4 Evaluation

Through experiments, | demonstrate the suitability of theldased similarity evaluation
method used for comparing the similarity between cases in the process map.

5.4.1Experiment data

To construct the process map, | used the failure report writtre iactual plant domain. A
total of 5,002 failure reports were collected during the period from October 2012 to July 2016, of
which 713 failure reports were selected for the same plant. Of the 713 selected failure reports,
400 were used in the experimertept those containing the same content redundancy and poor

content.

5.4.2Experiment method

The experiment is carried out by the following two methods.

First, a fault phenomenon (part, status) with similarity was selected as a (pair) between
failure reports Second, | selected the most representative method for evaluating text similarity
for experiments. The characteristics of each similarity evaluation result are analyzed by using

Jaccard similarity and Consine similarity including Hilistance used in thgroposed method.



5.4.3Experiment Result

5.4.3.1Text Similarity Analysis

Three similarity evaluation methods were applied to the collected fault phenomenon pairs,
and the measured valugsre compared. The graph below shows the comparison of the measured
valueswhen each method is applied to the top 20 fault similarity pairs. As a result of the analysis,
edit-distance showed the highest similarity value, but Jaccard and Consine also showed somewhat
similar values. Also, it can be confirmed that the thnethods are not significantly different in
the aspect of the similarity measure value. Therefore, it can be concluded that there is no problem
in evaluating the text similarity using any method. However, since thelisthihce used in the
proposed methodompares each of the characters constituting the word, it can be said that it is
most suitable for a text comparison having a similar form. In the case of Jarccard, the similarity
is evaluated by including the same character through the character tarséawo texts.

Cosine similarity expresses text as a vector and evaluates the similarity as the distance between

texts.

Failure reports are written by tfield expertsand may contaimword spacing errorsr typos.
Also, when writing a sentence, thes form may change while the word and gestposition
are used together. In this case, since the similarity can be evaluated more precisely by making a
detailed comparison in the character unit constituting the worddistéince is judged as the most

suitable method.
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5.5Conclusion

In this thesis | propose a method of constructing causal knowledge in network form by
analyzing the failure report. In tipresent industrial field, | was worried about the use of failure
repors in the form of a natural language for which the system is not available. The proposed
method has been studied as a solution to this problem. | propose a natural language processing
method to analyze the pattern of the failure report. The failure sspedutomatically processed
into formalized knowledge through the proposed natural language processing method. To
construct knowledge in network form and to acquire appropriate knowledge, | constructed
correlations between similardyased knowledge. This nohly enables you to quickly acquire
relevant knowledge about the current problem but also allows experts to directly converge and
edit similar knowledge into optimized knowledge. | have developed a tool to support this.
Experimental results show that thienilarity evaluation method applied to the proposed method

is appropriate.



6 Hybrid Knowl edge Representation Integration

This chapter introduces the expert knowledge described in chapter 3 and how to use the
process map constructed as a failure caseltegit chapter 4. The fault prediction system based

on this is proposed as shownHigure 61.

In each sectionhow to use two types of knowledgegether and check the performance

through experimentis explained
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6.1 Knowledge Acquisition with Hybrid Knowledge Representation

In this sectionthe architecture of proposing system and the main components are described
The proposed system is composed of two closely interoperating main componenthasedle
expert system for processing alarms and a failure analysis system to predict fueimgaystes.
A knowledge base for finding the abnormal status of the facility and preventive or diagnosis
knowledge base about abnormal signs are essential to perform preventive maintenance
automatically with the system. Those two kinds of knowledge coam distinct sources, but
they share equivalent urkibhowledgefor the failure diagnosis and prediction. The expert system
generates and manages the knowledge for finding the failure signs. The riglareanalysis
system extracts knowledge from thddeé reports, converts into causal relationship knowledge
for failure diagnosis and prediction, and stores it into knowledge storage nartiepescess

map.

The alarm knowledge is stored and managed in the knowledge base which is built by field
expertsto capture the problem of the system in real time. The expert system for alarm handling
captures the failure indications from the alarm and retrieves the appropriate failure cases from the
process map and provides them to field experts in predicting failirees or diagnosing current
failures. The alarm knowledge constituting the system is generated after considering the
relationship between failures and alarms using the user interface by field experts who have
experienced a failure. Knowledge is modedachn IFTHEN-based rule basis to represent human
knowledge. The field experts generate and continuously manage the phenomena in the knowledge
base which is generated by the alarm pattern. The knowledge acquisition(Ergine 62) also
works based on the experience of the experts. When an hourly alarm is collected, the inference
engine finds the appropriate rule to process the alarm from the ldgeviase and derives the

result. The derived results are used to find failure cases matched in the process map.
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The conclusion of the rule is the same as the

use case of concl usi

failure phenomenon and includes Part / Status.

Thus, both knowledge can be interlocked by matching the conclustbe ofle with the failure

phenomenon of the process map. To do this, | use the failure report created at the time of fault

occurrence in the conclusion definition process. That is, in the analyzed failure report, the failure

phenomenon related to the ateis selected as a conclusion of the rule, and the rule is defined. If

there is no failure report, or before analysis, the user can enter the conclusion directly. The process

for this is shown irfFigure 63, andactual knowledge acquisition interface is showiigure 64.
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Algorithm 6 : Expert System Structure

LET Array Alarm v Alarm list for theith hour

LET rule setKB v rule-base knowledge base

LET ruleR v the rule in the KB with the if(R,is a root rule)

LET StringCon ¥ conclusion oy

LET Array Resulty collection of satified rules

LET ObjectPM ¥ process map

LET caseC. vy the failure case in theM

LET StringPhe Y the phenomenon @,

LET Array Resulém Y matched failure cases with inference reRdsult

10 FUNCTION Inferencefllarm, KB)
11 if satigiedRo, Alarm) then

12 if Ry haschild rules then

13 for all child ruleChild do

14 if satigited(Child, Alarm) then
15 if hasChildChild)=TRUE then
16: InferenceChild, Alarm)
17 ese

18 pushResult Child)

19 popResult Ry)

20 end if

21 end if

22 end for

23 if no child rule satiedthen

24 pushResult Ry)

25 end if

26: else

27 pushResult R)

28 end if

29 endif

30: FUNCTION ResultMatchindResulf PM)
31 for all Conof R in Resultdo

32 for all Phein PM do

33 if matchedCon, Phe) then
34 pushResuliv, Phe)
35: end if

36: end for

37. end for

The main structure of the expert system is illustrated in Algor@hihe alarm list for each

hour Alarm is used as the input for inference against the expert knowledg&kBgene 13).



The inference starts from the root ridg Once the current starg rule is satisfied, all the child
rules will be evaluated. Only when there is no child rule for the current starting rule will the
current starting rule become the inference result (Line 29). If théihe Aarm can satisfy any
child rule the inference will continue with its child rules of this satisfied rule until no more child
rules can be satisfied (Line 1719). Otherwise the current starting rule is stored as one of the
inferenceresulted rule (Line 27). The final result of theargnceResultwill be a collection of
rules that are satisfied by tidarm. The conclusion of the each satisfied rule is in the form of
the phenomenon this stored in the process maM. These phenomena from the conclusion will
be used to find the casponding failure case in tRd/ that contains the same phenomenon (Line

35-38). The failure diagnosis and prediction in the failure case can then be utilized.

6.2 Alarm Knowledge Representation

Field experts can create rules by handling alarms collectenigh the knowledge
acquisition engine. The attributes used in the condition part of the rule are as follows: 1) Facility
name: The facility that generates alarms (e.g. Finishing Mill), 2) Alarm message: The textual
representation of an alarm (e.g. F3 BBT APC ERROR), 3) Counts: The number of times the
alarm occurred in every hour (e.g. 1), 4) Duration: The duration of the alarm in every hour (e.g.
96), 5) Rate: The ratio of the alarm to one day (e.g. 26.67)

The conclusion of the rule is the same structure as the unit knowledge base in the process
map. Thus, the conclusion part consists of the facilities, objects, and phenomena. The field expert
who generates the rule can define the conclusion by searchingedexting the failure
phenomenon in the process map. Therefore, since the inference results of the failure prediction
system are mapped to the failure knowledge, a process map can be used for failure prediction.
Figure 65 shows an example of a knowledge base where each rule defines the rule condition
using five attributes of the alarm, and the conclusion is defined using the phenomenon which

conditutes the case of the process map. For example, Rule 1 is defined as a condition with the



number of occurrences (Count), alarm index (Rate), and alarm index number 3, and the conclusion

of the rule is defined as Part and Status, which are phenomereacaista

As another examplé,can see in rule 2 that the conclusion of the case is based on the alarm
message of alarm #1 and the conclusion of the rule is linked to the knowledge of the process map.



A: IF(Count>20 of Alarm ID1 and Ratio > 15 of Alarm ID3)
THEN Facility = Finishing Mill,
Part = HSR, Status = INHIBIT

C: IF(lifetime>50 of Alarm ID1)
THEN Facility = Slab Sizing Press,
Part = SSP Zone, Status = Tracking Disable

F: IF(Facility = “R2 Area”)
THEN Facility = R2,
Part = R2 Area, Status = Braking

Fi gusTehebr.aict ure of Knowledge Base



6.3 Preventive ManagementSystem

The proposing preventive maintenance system monitors the current state of the facility with
reattime alarms. It is also capable of conducting failure diagnosis and failure prediction via
historic failure cases which is in causelationship formatFigure 66 represents an example of
the operation of the preventive maintenance system. Four alarms are included in the alarm list
collected during an hour, and the alarm list is used as the inputocabe failure prediction
system. Since the rule for the first alarm is stored in the knowledge base, inference engine
evaluates the alarm list with the rule corresponding to the first alarm from the knowledge base
and obtains the result when the rulesadisfied. The result of the rule is a failure phenomenon,
and it represents that a certain phenomenon will occur at the target facility SSP zone. In order to
predict possible failures from the acquired failure phenomenon, the system searches for failure
cases which contains an equivalent failure phenomenon from the process map. The system
provides the failure cases related with the facility Slab Sizing Press Area, the designated facility
in the alarm, to the field expert who is monitoring the alarm. epebrt checks the phenomenon
of the problematic facility and actions they can take. They are also capable of analyzing the cause

of the failure by tracking the previous failure case from backward.
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6.4 Implementation

In this thesis the example process of the proposed system is described, which currently
operates in the steelworks industfgure 67 shows the implemented screen of the preventive
maintenance system. In the alarm occurrence area located on the upper part of the screen, the
occurrence status of the alarm is displayed ekety. It also displays the number of predictions
for failures when the alarm occurred in the alarm occurrence area, which obtained using alarm
data and failure knowledge. Users can check the details of the alarm occurrence and failure cases
for the alarm ia the user interface by adjusting the specific time zone. In the left bottom side of
the screen, details of the alarm occurrence are displayed, including the start time and end time of
the alarm, a facility which signaled the alarm, contents of the alamch,the ratio that the
individual alarm possesses. The alarms are classified as facility alarm or operation alarm. In the
right bottom side of the screen, failure occurrence detail panel shows the details of the failures
which occurred in the time zoneatithe user selected. The failure prediction result is the inference
result about the alarm that shows the SSP entrance prohibited status. The failure related alarm
table shows the alarm which is primarily used during the inference process. The-fasieudo
case shows all the failure cases, including the inference result, and it also measures, sorts, and
displays the degree of similarity in order to show if the inference result is exactly indhigiad
6.8 represents the details of the failure case, which is displayed when the user selects a specific
failure case from a failure case list in order to add a new knowledge. On the left side, the contents
of the failure cases, which are generated by analyzing failure reports, sorted in the causal
relationship. Each failure phenomenon is classified as failure and action, based on its attributes,
which in this example, enables field experts to predict wth, SSP PREORMING
will occur (Figure 68). Based on those steps, the field experts can check the problem and add

new failure prediction knowledge.
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Algorithm 7 : Mapping inference result with process map

1: LET StringrangeY si mi | ar phenomena search r
2: LET Stringinf grp_idY i nference group id

3: LET ArrayentryY a range of data related to
4: LET Stringegp_nun¥ equi pmerentryi d of t he

5. LET Arrayinitial_similar_pheY t he group of similar

6: equipment number

7: LETINT sim_rate_threshol¥ t he similarity rate t
8: LET Arrayfinal_similar pheY f i | tered si mil ar phen
9: rate threshold

10: FUNCTION getPhenomenorange inf_grp_id

11: entryY Quer y igfegtpHdnt r y (

12: egp_nun¥ get Equi emrg nt Nu m(
initial_similar pheY Quer y g e éegfinumrahgar p h e (

13: for all phenomenomphein initial_similar_phedo

14: similarity ratesim¥Y cal cul apSi mi |l ari ty(
15: if simOsim_rate thresholdthen

16: pushinal_similar_phe phe

17: end if

18: end for final_similar_phe

Algorithm 7 explains the procedure for failure detectibamcreating a string variable range
which holds the similar phenomena search range. This variable keeps the search specific and
efficient by clearly pointing out the data on which the search is run on. Then another string
variable inf_group_id is createdhold the value of inference group id. This group id is later used
to perform search on specific inference groups. Then an array variable entry is created which
holds a range of data related to inference phenomena. All the data to be put in this vdtiable wi
come from the entries of the specified inference group ids. Each entry is associated with an
equipment which being damaged or which malfunctioning may have caused the failure. The ids
of these equipment are stored in a variable named eqp_num. Tohstoneitlents associated
with the specified equipment which is also within our range as a result of being similar to our
case, use an array variable named initial similar phenomenon. There an integer named

similarity_rate_threshold which is fixed@b.1 have one more variable called final_simillar_phe



where the similar phenomenon that satisfies the threshold is stored. A function to get the
phenomenon is used which takes range and inference group id as parameters to find out the similar
phenomenorirom the range. Entries, equipment numbers and initial similar phenomenon are
extracted by using getter functions. Then the similarity is calculated for all the variables in the
initial similar phenomenon array and compared with the similarity rate tcesfhe ones who

are greater or equal to the similarity rate threshold are pushed on the stack of final similar

phenomenon. Thus, failure detection is complete with the separation of final similar phenomenon.



6.5 Evaluation

The failure predictioperformance of the proposed system is evaluated through experiments,
in order to prove that the failure cases of the process map indeed include causal relationships.

6.5.1Experiment data

The data used in the experiment includes the failure reports forikinesathat occurred
more than once in domestic steelwork, and the alarm data collected 1 hour before and after the
failure occurrence. All the alarm data are collected intigad. In the proposed system, the data
is preprocessed in the unit of 1 houitivthe number of occurrences, occurred periodically, and
the ratio of occurrence. From October 2012 to July 2016, a total number of 502,308 alarm data
were collected. The failure report uses the failure cases built in the process map by analyzing 400
failure reports among 713, which includes the failures that occurred more than once, and are
collected during the same period. The number of occurrences for the identical failures is not
constant, but 4 iterated failures have occurred on average. The knowksiy®f the expert
system consists of 237 rules built by two field experts. For the experiment, training data and test

data were used in a 6 to 4 ratio. 100 failure data and 200,923 alarm data were used as the test data.

Input cases of the expert systane the alarm lists consisting of multiple alarms and which
are used for failure prediction and knowledge acquisition. The alarm system callectevery

hour in realtime and forwards them to the expert system after processing those alarms.

As shownin Table 6.1, the alarm data consist of seven attributes such as facility ID, facility

name, alarm ID, alarm name, counts of alarm, the lifetime of the alarm and rate of the alarm.



Tabll#h6 sample testing data: first

AlarmID | Time Facility ID | Count | Lifetime | Ratio Status
DRV 183 17 H1103364 1 3228 | 896.67 INTRUDE
ES 041 16 H1101349 10 112 31.11 HUNTING
MCC 323 23 H1103364 1 3600 1000 IMPACT
APC 014 8 H1101349 4 22 6.11 BUR
PAG 004 1 H1101613 13 43 11.94 LEAK
PRC 090 9 H1101349 4 21 5.83 |CARBONIZATION
PRC 058 7 H1105709 1 30 8.33 NORMAL
PRC 071 22 H1102579 1 82 22.78 NO LINK
GRS 008 10 H1105709 1 20 5.56 NO REVERSE
PRC 020 7 H1101613 1 4 111 CuT




6.5.2Experiment method

The experiment done here consists of the following two parts. The first part shows the
possibility of failure prediction method which is based on the alarm and failure knowledge, by
evaluating the success rate of failure prediction with the degree whkdrdgtence results of the
alarm and failure phenomenon of the failure case are mapped. The second part shows the
superiority of the proposed system by comparing failure prediction accuracy of the proposed
system and three previous types of research andgirediction. Failure prediction is performed
by inputting alarms into the system in the order of occurrence time, and by evaluating if the order
of the reasoning results is equivalent to the order of failure phenomenon in that failure case. The
following processes do the evaluatior the reliability of the constructed alarm knowledge and
failure cases, two field experts who are in charge of the facility monitoring at the actual steelworks
evaluated the inference result of the alarm generated bypeetesystem. They compared the
order of inference results and failure case to confirm if the cause of the actual failure and occurred

failure is equivalent.

6.5.3Experiment Result

6.5.3.1Knowledge Analysis

The ten mosfrequently satisfied rules are ranked andveh in Table 62, highlighting the
most frequent failure cases. The mfssguently rule was the normal (rule 0) which does not have
any failure topredict. Among 400 failure type, the system found LEAK (rule [EZhe count is
larger than 9 and lifetime is more than 8 hours, Then the failure is LEAK) and BURR (rule 201

If lifetime is less than 2 hours, Then the failure is BURR)



Tabl2€op 10 satisfied rules

No. Frequency Rule ID Failure Description
1 13.87% 0 Default (root) rule
2 9.98% 2 Detect the LEAK using the starting time
3 8.87% 17 Detect the BURN using lifetime
4 3.48% 201 Detect the DEFECTIONSing alarm id
5 2.99% 38 Detect the HUNTING using lifetime and facility id
6 2.61% 120 Detect the NO LINK using ratio and count
7 2.02% 7 Detect the NO REVERSE using alarm id and cou
8 1.81% 79 Detect the SLIP using lifetime and ratio
9 1.47% 22 Detect the TRANSFORM using lifetime
10 1.03% 19 Detect the GAP using alarm id and facility id

Figure 69 shows the seasonal frequency of satisfied rules coupled with the real depth (which
is their level in the decision tree), indicating failure prediction conceptual depth. Note that the

root (ddault) rule is level 1. As can be seen in the figure, the most common rule depth is 4. Rules

at this depth level includes the combination of various types of attribute sets.
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Figure 610 shows the rate at which a rule is fired when a fault is detected in the knowledge
base. 13.87% of the alarms were fired in Rule 0, which is the default rule with no knowledge of
faults. On tle other hand, 86.13% were fired among rule 1 ~ 236 related to the failure. This rate
was the same as normal, not faulty.
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6.5.3.2Performance evaluation of failure prediction

To evaluate the superiority of the proposing failure prediction methadnducted a
comparison with the previous failures prediction methods. The studies compared with the paper

are as follows:

Santos et al(2010)[148]: The authors proposequtediction method based on machine
learning, in order to predict the major failures in a casting factory domain. They compared
Bayesian network, SVM, and decision tree, and concluded that decision tree has the high
prediction success rate.

Liu and JiangZ008)[149]: The authors used particle filter, which is frequently applied
in signal processing, Bayesian inference, and machine learning. The research tried to
predict failures with a hybrid system in the discredatinuous composite environment.

Chenet al.(2015)[150]: The authors used knowledbased neural fuzzy inference for
the failure prediction of turbines in wind power plant. The performance of failure
prediction method proposed in thigesisis evaluated by comparing with the algorithms
of [148], [149], and[150] in an equivalent environment. To be specific, decision tree of
[148], particle filter 0f{149], and neural fuzzy inference [df50] are used with the alarm
data proposed in thighesis On Table 63, failure prediction accuracy between each

experiment are compared.



Tabl3®e@Gi ew of Failure Prediction By Prev

Author Description Accuracy
santos etal 2010) | (0 Network, v, and decison ) | 4%
Liu and Jiang (2008) Used particle filter with Bayesian Inference 64.2%
Chen et al. (2015) Applied knowledgebased neural fuzzy inference 90.3%
Proposed System | [} ChL S cpasett sl procitonsysrem | %57%

Due to the nature of alarm data, the decision trdé@4#] classified various variables into
exact horizontal and vertical relations, which is not adequate for classification. As a result, the
complexity of the tree grows rapidly and pruning becomes hard, which resulted in an accuracy of
81.4%, slightly lower tha the result of applying general decision tree. Since the patrticle filter
used in149] is based on Mont€arlo method, which requires a massive amount of sample data,
[149] showed the lowest accuracy of 64.2%. The neluraly inference method dfi5Q] is a
method which introduced learning ability of neural network into the conventional fuzzy logic
method. Since it is a method which enables continuous learning by granting the learning ability
to the expert knowledgeased fuzzy logic system, its key feasirare well utilized in the
processing of complex and continuously accumulatedtiraal alarm data, which is reflected
when it shows the similarities resudtcorded in its paper, 984 The failure prediction success
rate of the proposed method is 95.%bjch is superior to the methods used in the comparison.
The reason behind this is that firstly the experts who have diverse experience in failures
constructed the knowledge base directly, and secondly, the knowledge which contains real failure
cases ana causal relationship is used to predict failures. Therefacan interpret the high
accuracy as a result of utilization of higbality knowledge which appropriately represents the

actual failure cases.



6.6 Conclusion

The preventive maintenance systempmsed in thishesiss an effective alternative directly
related to the popular smart factory for two reasons. It is based on the knowledge of experts, which
greatly lowers the dependency towards human labor, and it enables effective failure prediction
ard diagnosis by the system. The proposed system can be utilized in various domains since it
focused on the knowledge of experts which was not easily reusable before in specific domains.
Proposed failure analysis system is meaningful in a perspective shggiésts new methods for
knowledge sharing and generalization, which was long considered impossible. The knowledge of
facilities or failures are easily obtained from manuals or reports, but the problem was that the total
amount of information was enormquasd it was not easy to find exactly the informatiaanted.

With those reasons, the usability of failure reports went down, which made many field experts
write the failure reports perfunctorily, resulting in lower low quality of reports. Such problems
can be solved by improving the working environment with the help of the system. Although the
technical approach of the system is meaningful to a certain extent, the system must be understood
in order to be utilized in actual operation. The problem witrcthreent failure report is that it is

not easy to understand the reports for both human and systems, due to the excessive use of
shortened words and specific terminology. If the human understands the working process of the
system, they will write the faihe reports in a way that the system could understand, which can
result in a fairly accurate analysis of the system, which will reduce the dependency towards human
labor. If the quality and usability of failure cases go up, the usefulness of expert systgm w
interoperates with failure cases will also go up. In order to utilize the failure cases, the field experts
will accumulate the experiential knowledge of alarm into the knowledge base regularly, and if the
knowledge with high accuracy is continuoushgtiiered to a certain extent, the system could
utilize such expert knowledge to improve the accuracy of failure prediction and diagnosis with
alarms. Therefore, with this procedscan overcome the disasters and human injuries, by

maximizing the efficiencyf preventive maintenance in the actual industrial field.



7 Study Conclusionand Future Work

7.1Summary and Conclusion

In thisdissertation| studied how to use alarm data and expert knowledge together with these
characteristicdn thisresearchbuild knowledge by using the failure report refletttssignificant
knowledge resource, alardata,expertknowledge,and expert knowledgef theindustry,and
proposes a way to continue to manage and useksetiedge.

Firstly, theproposed approach in thisesisallows human experts to incrementally add and
maintain the knowledge in the knowledge base without having to rebuildioitiadéise the
knowledge base, unlike pure machine learning approaches, which rebuild the knowledge base
from scratch each tiea Moreover, the proposed failure detection framework can reduce the time
of human expertise acquisition and the cost of solving -geaeralization and ov4itting
problems in machine learning technique. The proposed failure detection framework has never
been reported previously. Moreover, this framework can be successful detection approach in the

domain if it requires handling big size of the dataset and human expertise.

Secondly, lhe proposed netwoittased process map can be utilized in various dansiice
it focused on the knowledge of experts, which was not easily reusable before in specific domains.
Proposed failure analysis system using natural language processing is meaningful in a perspective
that it suggests new methods for knowledge sharimdy g@eneralization, which was long

considered impossible.

Finally, by fusing the knowledge and causal relatifmm failure, hybrid knowledge
engineering methodsvere appliedto failure diagnosis andorediction. As a result of the
performance analysis, thpeoposed framework is superior to the other methodologigarding

failure diagnosis angrediction.



If the quality and usability of failure cases go up, the usefulness of expert system which
interoperates with failure cases will also go up. In ordetiliae the failure cases, the field experts
will accumulate the experiential knowledge of alarm into the knowledge base regularly, and if the
knowledge with high accuracy is continuously gathered to a certain extent, the system could
utilize such experknowledge to improve the accuracy of failure prediction and diagnosis with
alarms. Therefore, with this procedscan overcome the disasters and human injuries, by

maximizing the efficiency of preventive maintenance in the actual industrial field.

7.2Future Work

First of all, the proposed framework in this research has been evaluated by the industrial data
collected from Hyundai Co, and the density of dataset is still limited. In the future, the proposed
approach will be investigated with larger dataim not only industrial domain. Expanding the
experiment with large dataset in different domain, i.e. network alarm domain, would discover the
performance and potentiality of the proposed framework as an alternative solution of existing

machine learnindpased or humahased knowledge base modelling approaches.

Secondly, the proposed framework was produced the failure prediction result by using the
process map, which includes the caandeffect procedural knowledge. Process map follows
the concept of aetworkbased knowledge representation. The proposed approach applied various
similarity measure algorithm in order to extract the instances from hwmitian failure report
to this networkbased knowledge base. For the future work, | will review theltoénnstance
matching algorithm, evaluate it with the current domain, and find better algorithm than simple

similarity measure techniques.

Finally, the thesis has proposed the novel solution of knowledge learning and maintenance
in the industrial domairespecially large industrial plant management so the following industrial

engineering tasks will be conducted in the future.



Improve the quality of knowledge by using FEMA report and Fishbone diagram report,
which are valuable in terms of informatiorcacacy and fidelity

Calculate the probability of rule acceptance by applying Average Run Length (ARL) or
Average Time to Signal (ATS) in order to evaluate the accuracy of knowledge.
Evaluate the performance by using -oficontrol performanceand ircontrd
performance, and analyzing its traofé.

Develop the sermutomatic human rule creation approach by applying the stochastic

aspects of failures

Improve the performance by using exemiilased model or prototygemsed model.
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Appendix B. Introduction for Failure Report Analysis System

B.1 Main view

B.1.1Introduction

This is the failure report interpretation screen.
This screen shows the contents of the original failure report and the failure scenarios
analyzed on the basis of it, and it provide a function which enables to modify the failure

scenarios automatically analyzed by the system through user feedback.
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B.1.2Summary

ftheuses el ect s the O6Fail ure Repthe asecAnnseelthesi s 6
contents anthe scenariof the failure report on the displayed window for analyzing the failure

report.

B.1.3Functions

a4 Displays the Work Ordekumber (WONUM as failure report ID) of the failure report

and the target failure ID and facility name.
a Displays the title of the failure report to be interpreted.
a Displays the contents of the failure report to be analyzed.
a Provides a function to search tist of failure reports to be analyzed.
a Provides the ability to move to the next step for the interpretation of failure reports.
& Provides the function to save the current contents.

¢ Provides the ability to search for previously analyzed failure repoitatbaimilar to
the failure reports currently being interpreted. The contents of the selected similar

reports should be reused for analysis of the current report.

€ Discards all content that has been processed so far current and provides to return into

theinitial contents that are automatically interpreted by the system.

€ Provides functions for displaying and correcting the failure scenario automatically

interpreted by the system.



B.2 Failure report loading window

B.2.1Introduction

This is the failurgeport interpretation screen.
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B.2.2Summary

ftheuses el ect s the O6Fail ure Repthe asecAnnseelthesi s 6
contents anthe scenariof the failure report on the displayed window for analyzing the failure

report.

B.2.3Functions

a The function of filtering thdailure report list according tspecificfactory, processing
condition and automatic monitoring for batch processing. Provides the ability to select
a book.

a Provide he function of filtering theailure report list according tepecific factory,

processingtatusandselectingautomatially the failure reporfor batch processing.
a If the report selected ire has already been interpretét provides the function to
deleteinterpreted and stored in the pess map

a Provide the function to confirfior analyzing the selectddilure report

Qo

Provide the function tbatch processing multiple failure reports selected by ehegk
& Exit the failure report loading window.

¢ Provides a function to output a list of ka#@ reports and select a Failure report
interpret. On the leftit provides a function to select multiple Failure reports by check

box and batch process.

-

Print the contents of the selected Failure report.

€ If the selected Failure report is already analyzed, the fault scenario is output.



B.3 Similar vocabulary management

B.3.1Introduction

This is a screen for managing the vocabulary stored in the system and the similar relation
between them. Wisplays a list of all the vocabulary stored in the system, a vocabulary candidate
list for similarity to each vocabulary, and a list of similar vocabulary associations that are already
connected. In addition, each vocabulary displays the contents dfatisimple sentences to help

understand the meaning of each vocabulary.
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B.3.2Summary

This picture shows followings.

A list of the vocabulary to establish a similarity relation

A candidate vocabulary which a relationship can be established,

A list of vocabulary that already has a similar relationship with each vocabulary
A simple sentence which two vocabularies selected for the similarity setting

B.3.3Functions

a»

an

Qo

D

Provides vocabulary search and word tiased filtering
Provide the ability to add newocabulary
Provide the ability to modify the selected vocabulary

If the selected vocabulary is a user analysis vocahulary

it provides the ability to register as a standard vocabulary

Provide the function to delete vocabulary

Display a list of the words ated in the system

Vocabulary that can be established similar to the selected vocabulary in 6 is displayed
If the '+' button is clicked, it is registered as a similar word

A list of similarity vocabularies of the selected vocabulary is displayed. If thatton

is clicked, the analogy relationship is released

A list of short sentences in which the selected vocabulary is selected in step # 6 is
displayed

A list of short sentences in which the selected vocabulary is selected in step # 8 is

displayed



B.4 SentenceSeparation

B.4.1Introduction

It is a screen to modify the contents of a short sentence that constitutes a failure scenario.

ol 13z ed-[aR=1y Hd]

B AF@aLqpE BIAFY

WORE 092269 HHE | D21CEI0091C0 Lk Turmbackle & Lever H2M3H | RN B EETEE ]

» 2Tw2A AR HT0A) OPEN TROUGH 28 2im 3% 2R

P IHEIY b IH AL 2 S HE 2|5

b oIE Y F o AdGals

WAENA) CPEN TROUGH 28 21m 313 ABEE2E 24 ¥ OPEM TROUGH 21m 26m 72 GAP woiX
2 » | | LEVER ZHBOLT 4T AZ 2t ol
$2cH(2) OPEN TROUGH 21 21m A% REXE v el OPEN TROUGH 221 21m 3 MBZE
v AT
v OFEN TROUGH TURN BUCKLE LEVER 2 BOLT S 242
¥ LEVER ZHEOLT 24
¥ OPEN TRIUGH 21m 26mT 2} 364 GAP MZ X
v EETEST
v A

» 2T HY

OPEN TROUGH 21mMlH 26m 32 GAP B0l
LEVER DY BOLT U2 % =2 yziM ol¥

ades) S

1.0PEN TROUGH TURN BUCKLE LEVER 2 BOLT &8

= LEVER <AYs
2LEVER 2@ BOLT 24 23 <als

3.0PEN TRIUGH 21mol4 26m7 J 3EA GAP W3 Y
4.%8 TEST & T2 4% BOLT Al
o <A

v =2 yo PRk rnnnnsnnsnssnnnnnss .
B 1 L il
v M : <23>

B.4.2Summary

It provides a function to divide one short sentence into two short sentences.

B.4.3Functions

a Separate the selected short sentences by the selected vocabulary into two short sentences



consisting of the short vocabulary consisting of the preceding vocabulary and the selected
vocabulary and the following vocabulary.



B.5 Failure Scenario Creation

B.5.1Introduction

This view creates a failure case scenario based on the contents of the analyzed failure report.
And, build case scenarios that consist of only the currently analyzed reports or build scenarios

that are integrated with existing asithilar scenarios.

HEIMPE BIFT

= : e =,
'.'.f!uguun 3
MU2e U 8% 3¢ oo ln

x H
e .
oM olg x K
x w H
LG guE oM EHE x = H
Ag 2g x H
BOLT &% x H
H
H
.
H
.
.
=
3
> RA O BN E
§
0Nl 32 ol

P L e L T e L T
> B9 F6 2% Adas

NGE2 D A2 AR RMNE
FASC000007 ¥ %04 (A) OPEN TROUGH 2% 21m X3 A& 3 Y 0.600
4 |FASC000002 2N R ST BN} NP 42 0.100
:
.
.
.
.
.
.
.
.
.
.
.
.
H () A
H M2M): M4
i (AdzR) AR
----------------------------------------------------------------------------- BesssressrssarasarssarssarssnrasaTaT R T ananRnnnnnnnnnnnn et
B.5.2Summary

The content of the case scenario based on the failure report currently being analyzed is
displayed. In addition, a list of pyrepared case scenarios is output from the same facility, and
the contents of theseenarios are output. In addition, a list of similar vocabularies newly obtained
from the similarity relationship between the existing scenarios and the case scenarios currently
being reanalyzed and the scenario contents to be finally stored are dragnah atructure.



B.5.3Functions

Output the target facility and title of the failure report currently being analyzed.

Output the case scenario generated fronfahere report currently under analysis and
the similar phenomenon of each phenomenon (tr@rexisting case scenario).

A list of similar vocabulary newly obtained from similar phenomena appears.
A list of similar case scenarios in the report currently under analysis appears.

The contents of the case scenario selectetrieen 4are displayedBy dragging each
node to the phenomenasaoreer?, a similar phenomenon relationship can be generated.

The structure of the case scenario to be stored finally is displayed in graph form.
Move to thefailure reportanalyzeasthe first screen.

Go toscenario creation screen.

Save the contents of the analyfailure report and case scenario.






