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Abstract. Within manufacturing processes, faults and failures may cause severe economic loss. With the vision of Industry 4.0,
artificial intelligence techniques such as data mining play a crucial role in automatic fault and failure prediction. However, data
mining results normally lack both machine and human-understandable representation and interpretation of knowledge. This may
cause the semantic gap issue, which stands for the incoherence between the knowledge extracted from industrial data and the
interpretation of the knowledge from a user.

To tackle this issue, in this paper we introduce a novel hybrid approach to facilitate predictive maintenance tasks in manu-
facturing processes. The proposed approach is a combination of data mining and semantics, within which chronicle mining is
used to predict the future failures of the monitored industrial machinery, and a Manufacturing Predictive Maintenance Ontology
(MPMO) with its rule-based extension is used to predict temporal constraints of failures and to represent the predictive results
formally. As a result, Semantic Web Rule Language (SWRL) rules are constructed for predicting occurrence time of machinery
failures in the future. The proposed rules provide explicit knowledge representation and semantic enrichment of failure predic-
tion results, thus easing the understanding of the inferred knowledge. A case study on a semi-conductor manufacturing process
is used to demonstrate our approach in detail.

Keywords: Semantics, Chronicle Mining, Predictive Maintenance, Manufacturing Process, Industry 4.0

1. Introduction high productivity, availability and efficiency of manu-
facturing processes, the detection of harmful tenden-

Manufacturing processes are sets of structured oper- cies and conditions of production lines is a crucial is-
ations to transform raw material or semi-finished prod- sue for manufacturers. In general, anomaly detection

uct parts into further completed products. To ensure on production lines is performed by analyzing data col-

lected by sensors, which are located on machine com-

*Corresponding author. E-mail: qiushi.cao @insa-rouen.fr. ponents and also in production environments. The col-
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lected data record real-time situations and reflect the
correctness of mechanical system conditions. When
the tendency of a mechanical failure emerges, experi-
enced operators in factories are able to take appropri-
ate operations to prevent the outage situations of pro-
duction systems. However, as the collected data be-
come more heterogeneous and complex, it is conceiv-
able that the operators may fail to respond to mechani-
cal failures timely and accurately. In the context of In-
dustry 4.0, advanced techniques such as the Industry
Internet of Things (IIoT) and Cloud Computing enable
machines and production systems in smart factories to
be interconnected to exchange data continuously. This
trend has brought opportunities to manufactures to ef-
fectively manage and use the collected big data and
has triggered the demand of methodologies to detect
anomalies on production lines automatically.

In the manufacturing domain, the detection of
anomalies such as mechanical faults and failures en-
ables the launching of predictive maintenance tasks,
which aim to predict future faults, errors, and failures
and also enable maintenance actions. Normally, a pre-
dictive maintenance task relies on the monitoring of a
measurable system diagnostic parameter, which iden-
tifies the state of a system [2]. In this way, maintenance
decisions, such as calling the intervention of a machine
operator, are proposed based on the severity of anoma-
lies, to prevent the halt of the production lines and to
minimize economic loss. Several techniques have been
used to detect wear and tear in mechanical units and to
predict future machinery conditions, such as machine
learning, data mining, statistics, and information the-
ory [46].

1.1. Existing Challenges of the Predictive
Maintenance Tasks in Industry 4.0

With the trend of Industry 4.0, the predictive main-
tenance tasks are benefiting from a cyber-physical ap-
proach. Within cyber-physical systems (CPS), produc-
tion facilities are able to exchange information with
autonomy and intelligence, which enable manufactur-
ers to optimize the production processes [39]. Fig. 1
shows the architecture of a CPS designed for predic-
tive maintenance tasks. Within a CPS, predictive main-
tenance of manufacturing entities is performed based
on a three-layer collaboration between the cyber space
and the physical space: 1). The Physical Space, where
machine operating data is gathered using sensors lo-
cated on the machines and machine components. Ad-
ditional data is collected from the products, manufac-

turing environments, as well as the machine operators’
experience; 2). The Cyber-Physical Interface, where
statistical techniques such as data mining and machine
learning use the collected data to understand the manu-
facturing processes and to learn from operators’ expe-
rience; 3). The Cyber Space, where decision-making
about machine failure prediction and maintenance are
proposed. In this layer, machine degradation models,
and knowledge base of machine health are employed
to predict machine damage, quality loss or mainte-
nance demands in the future.

In the second layer of the architecture, data min-
ing is normally performed by obtaining and process-
ing sensor data that contain measurements of physi-
cal signals of machinery, such as temperature, voltage,
and vibration. By identifying events and patterns that
are not consistent with the expected behavior, potential
hazards in production systems, such as power outage
of the systems, could be detected.

However, sometimes the knowledge extracted from
data mining is presented in a complex structure, there-
fore formal knowledge representation methods are re-
quired to facilitate the understanding and exploitation
of it [38]. Furthermore, there may exist the seman-
tic gap issue, which stands for the incoherence be-
tween the knowledge extracted from industrial data
and the interpretation of the knowledge from a user
[8]. To overcome these issues, semantic technologies
have been utilized in several research efforts to pro-
mote the interpretation and management of knowledge
[3, 8, 38, 39]. Also, since semantic technologies ensure
the explicit representations of machine-interpretable
domain semantics, they can support the semantic in-
teroperability in a large heterogeneous environment of
loosely coupled systems [24]. In the data mining do-
main, several stages can benefit from the involvement
of formal semantics, such as data transformation, al-
gorithm selection, and post-processing [8]. Moreover,
the use of semantic technologies can also integrate the
capitalization of domain experts’ experience. For ex-
ample, in a predictive maintenance task of machine
cutting tool, when data mining algorithms fail to iden-
tify the occurrence time of a future cutter failure, logic-
based expert rules which capitalize experience of do-
main experts can be applied to propose predictive de-
cisions.

In the context of predictive maintenance in smart
factories, pattern mining has been widely used to
discover frequently occurring temporally-constrained
patterns, through which warning signals can be sent
to humans for a timely intervention [4]. Among pat-

=W N

o 0 g o

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51



© 0O N O U~ W N P

a g b B b D DB B D DB D DWW WWWWWWWWNDNDNDNDNDDNDNDNDNDNERERPRPRRERPRRPRRERPRPRP B
P O © 00 N O O h W NP O O 0 N O O B~ WNP O O 0N OO O M WNERP O O 0NO O MWNDNPRP O

Qiushi Cao et al. / Combining Chronicle Mining and Semantics for Predictive Maintenance in Manufacturing Processes 3

Fig. 1. A predictive maintenance task based on a cyber-physical approach.

tern mining techniques, chronicle mining has been
applied to industrial data sets for extracting tempo-
ral information of events and to predict potential ma-

1.2. Contributions of This Paper

To address the aforementioned issues, in this pa-
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chinery failures [6]. However, even though chronicle per, we propose an ontology-based approach to repre-2°

mining results are expressive and interpretable repre-
sentations of complex temporal information, domain
knowledge is required for users to have a compre-
hensive understanding of the mined chronicles [19].
As the predictive maintenance domain is becoming
more knowledge-intensive, tasks performed in this do-
main can often bene t from incorporating domain and
contextual knowledge, by which the semantics of the
chronicle mining results can be explicitly represented
and clearly interpreted. This helps to reduce the se-
mantic gap issue. However, to the best of our knowl-
edge, no work has been proposed to combine chron-
icle mining, and semantics to facilitate the predictive
maintenance of manufacturing processes. Also, most
of the existing research works about predictive main-
tenance in the manufacturing domain merely focus on
the classi cation of operating conditions of machines
(e.g., normal operating condition, breakdown condi-
tion...), while lacking the extraction of speci ¢ tempo-
ral information of failure occurrence. This brings ob-
stacles for users to perform maintenance actions with
the consideration of temporal constraints.

sent chronicle mining results in a semantic rich format,
which enhances the representation and reuse of knowl-
edge. By specifying domain semantics and annotating

27
28

industrial data with rich and formal semantics, ontolo- a1

gies with their rule-based extensions help to address
the issues described in Section 1.1. In more detail, the
contributions of this paper are as follows:

— We present a domain ontology hamed Manufac-
turing Predictive Maintenance Ontology (MPMO),
which is a Web Ontology Language (OWL) [9]
based ontology designed to model the knowl-
edge related to condition-based maintenance. The
MPMO ontology provides the foundation to for-
mally represent chronicles with their numerical
time constraints, for the purpose of predictive
maintenance.

— We propose an algorithm to transform chroni-
cles into Semantic Web Rule Language (SWRL)
based logic rules, by which the predictive results
are formalized, thus interpretable for both human
and machines. The proposed transformation en-
ables the automatic generation of SWRL rules
from chronicle mining results, thus allowing an
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automatic semantic approach for machinery fail-
ure prediction.

— We evaluate the feasibility and effectiveness of
our approach by conducting experimentation on
a real industrial data set. The performance of
SWRL rule construction and the quality of fail-
ure prediction is evaluated against the aforemen-
tioned data set.

The rest of this paper is structured as follows. Sec-
tion 2 provides a review of existing ontology-based
models and systems developed for predictive mainte-
nance. Section 3 introduces the foundations and ba-
sic notions of chronicle mining and semantics that are
necessary for describing our approach. It contains for-
mal de nitions of chronicles and the Semantic Web
Rule Language (SWRL). Sections 4 presents a hy-
brid semantic approach for automatic failure predic-
tion. The approach includes the use of the MPMO on-
tology, which models necessary and principle knowl-
edge related to chronicles. We introduce a real-world
example scenario and use it to describe our approach in
detail. Also, one algorithm for transforming chronicles
to SWRL-based predictive rules is introduced. Section
5 evaluates our approach through a real industrial data
set. Section 6 gives concluding remarks and outlines
future research directions.

2. Related Work

There are plentiful of works that deal with the pre-
dictive maintenance tasks in Industry 4.0. In this sec-
tion, we analyze the related works according to two
perspectives: 1). The common approaches for machin-
ery failure prediction within manufacturing processes;
2). Existing ontologies and ontological models that are
used by knowledge-based predictive maintenance sys-
tems.

2.1. Common Approaches to Predictive Maintenance
in Industry 4.0

The main objective of machinery failure prediction
is to estimate the time of the occurrence of future fail-
ures. The prediction is normally based on the exami-
nation of the current condition of the machinery and
the past operation pro le. The estimation of remain-
ing useful life (RUL) is the main approach that is used
in predictive maintenance. The commonly used meth-
ods for RUL estimation can be classi ed into four cat-
egories [21, 22]:

— Knowledge-based Models. This type of models 1
assess the similarity between an observed situ- 2
ation and a databank of previously de ned fail- 3
ures and deduce the life expectancy from previous 4
events [21]. Normally, a knowledge-based model 5
contains a rule base that consists of a set of rules. 6
The rules are formulated as IF-THEN statements, 7
and they are often proposed based on heuristic 8
facts acquired by domain experts. Knowledge- 9
based models can be further classi ed into Expert 10
Systems and Fuzzy Systems. 1

— Life Expectancy Models. They determine the 12
RUL of individual machine components with re- 13
spect to the expected risk of deterioration un- 14
der known operating conditions [21]. This type 15
of models can be further grouped into Stochastic 16
Models and Statistical Models. 17

— Arti cial Neural Networks. They compute an es- 18
timated output for the RUL of a piece of machin- 19
ery, directly or indirectly, from a mathematical 20
representation of the machinery derived from ob- 21
servation data rather than a physical understand- 22
ing of the failure processes [21]. This type of 23
models can be used for direct RUL forecasting or 24
parametric estimation for other models. 25

— Physical Models. They compute an estimated out- 26
put for the RUL of a piece of machinery froma 27
mathematical representation of the physical be- 28
haviour of the degradation processes [21]. By 2°
using physical models, users can obtain a thor- %0
ough understanding of the system behaviour in re- 3!
sponse to different levels of stress and burden, at 32

both macroscopic and microscopic levels. 33
34

In this work, we focus on the use of Knowledge- 35

based Models in predictive maintenance. In the next 34
subsection, we present the existing solutions, espe-3;
cially the ontology-based approaches that are applied 33
to failure prediction tasks. 39

40

2.2. Existing Knowledge-based Models to Predictive 41

Maintenance 42
43
In recent years, several knowledge-based models 44

have been proposed to facilitate the failure prediction 45
tasks in the predictive maintenance domain. Among 4s
them, the ontology-based approach is an effective and 47
notable method that has drawn considerable attentiona4s
from researchers. Ontologies are explicit speci cations 49
of conceptualizations, and they are comprehensive andso
reusable knowledge repositories in various domains 51
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[44]. In general, this type of approach uses ontolo- several ontologies have been developed to representt
gies to formally de ne the semantics of knowledge and knowledge about manufacturing processes. The Pro-2
data, and utilizes sets of logic rules to enable onto- cess Speci cation Language (PSL) ontology [27] is 3
logical reasoning, for inferring new knowledge. The one of the early-stage contributions. This ontology ax- 4
available research works related to this approach can iomatizes a set of semantic primitives that are essen-5
be categorized into two major elds, according to dif- tial for describing a wide range of manufacturing pro- 6
ferent purposes: i) using ontology-based approach to cesses. The axioms de ned in this ontology model the 7
represent data mining results in a formal and struc- key elements of manufacturing processes, such as pro-s
tured way, to further enrich knowledge bases; ii) using cess scheduling, process modeling, production plan-9
ontology-based approach to facilitate knowledge for- ning, and project management [27]. Another contribu- 10
malization,sharing and reuse in the predictive mainte- tion in this subdomain is the Manufacturing Service 11
nance domain. Description Language (MSDL) ontology, which de- 12

To formalize the data mining results and to facili- nes a well-de ned framework for formal represen- 13
tate the interpretation of them, many researchers tried tation of manufacturing services [14]. This ontology 14
to incorporate explicit domain knowledge with using formalizes manufacturing capabilities of manufactur- 15
ontologies. The DAMON ontology [26] is developed ing resources in different levels of abstraction, based 16
as a data mining ontology to simplify the development on which a rule-based extension of the ontology is 17
of distributed knowledge discovery systems. The on- proposed to enable automatic supplier discovery. At 18
tology is used as a knowledge reference model to help last we mention the Manufacturing Reference Ontol- 19
domain experts solve tasks. Also, the ontology enables ogy (MRO) [50] that is developed to formalize a set 20
users to search for data mining resources and soft- of core concepts about the manufacturing in a high 21
ware when they want to nd solutions for a specic  abstraction level. The ontology categorizes the manu- 22
problem. The EXPO ontology [23] formalizes con- facturing domain into eight general concefRealized 23
cepts about experimental design, methodologies and Part, Part Version Manufacturing Facility Manufac- 24
results representation in a general way. The ontology turing ResourceManufacturing MethodManufactur- 25
promotes the sharing of experimental results within ing ProcessFeatureandPart Family. This categoriza- 26
and among different subjects, and it can reduce the in- tion enables further development of more speci c on- 27
formation duplication and loss in the sharing process. tologies in the production domain. 28
The OntoDM-core ontology [37] is developed to for- Compared to ontologies that model manufacturing 29
mally describe core data mining entities. The ontol- processes, ontologies for predictive maintenance areso
ogy provides a framework to represent essential and much less numerous. These type of ontologies nor- 31
basic data mining concepts, such as data sets, datamally focus on the issues of fault or failure prognostics 32
mining tasks, algorithms, and constraints. The advan- and machine health monitoring. Among these ontolo- 33
tage of this ontology is its powerful representation of gies, the OntoProg Ontology [10] addresses the failure 34
constraint-based data mining activities. prediction of machines in smart factories. The ontol- 35

The use of an ontology-based approach can also ogy is developed based on a set of international stan-3s
facilitate knowledge formalization, sharing and reuse dards, and a classi cation for severity criteria, detec- 37
in the predictive maintenance domain. In the con- tion, diagnostics and prognostics of failure modes is 38
text of predictive maintenance, several ontologies and provided. The ontology standardizes the concepts that 39
ontology-based intelligent systems are developed to are necessary for tackling machinery failure analysis 40
achieve this goal. To enhance the expressiveness oftasks. As another most recent contribution, the Sensing41
these ontologies, several rule-based extensions wereSystem Ontology [12] is proposed to de ne the em- 42
proposed to perform ontological reasoning, in order to bedded sensing systems for industrial Product-Service 43
facilitate maintenance decisions of users. We review Systems (PSSs). This ontology is used as the back-44
existing ontologies according to two aspects: ontolo- bone of the PSS knowledge-based framework and it 45
gies that model manufacturing processes and ontolo- describes the sensors that are embedded on PSSs, fors
gies that model preventive maintenance tasks. the aim of providing customized services for users. 47

As indicated in the introduction, manufacturing pro- We summarize the domain coverage of existing 4s
cesses are structured sets of operations that transformontologies in Table 1. A comparison among exist- 49
raw materials or semi- nished product segments into ing ontologies with respect to the MPMO ontology 50
further completed product parts. Over the last decades, is also presented. We evaluate the domain coveragesi
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Table 1

A comparison between the proposed MPMO ontology and the existing ontologies with respect to their domain coverage.

Ontologies Context

1
2
Condition Monitoring Manufacturing 3
Identity Activity Time Location Anomaly Fault Failure Severity Prognostics Diagnostics Alarm Alert Product Process Resource ,
MASON [42] 3 3 7 7 7 7 7 7 7 7 7 7 3 3 3 5
MSDL [14] 3 3 3 7 7 7 7 7 7 7 7 3 3 3
MRO [50] 3 3 3 3 7 77 7 7 7 7 7 3 3 3 6
ONTO-PDM [15] 3 3 3 3 7 7 7 7 7 7 7 7 3 3 3 7
MCCO [49] 3 3 3 7 3 7 7 7 7 7 3 7 3 3 3 8
MaRCO [11] 3 3 7 3 7 7 7 7 7 7 7 7 3 3 3 9
Sensing System Ontology [12] 3 3 3 7 7 7 3 7 3 7 3 3 7 7 7
OntoProg Ontology [10] 3 3 7 3 3 3 3 3 3 3 7 7 3 10
MPMO 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 11

and scopes of these ontologies by examining whether 3. Foundations and Basic Notions

the key concepts required for describing the predic-
tive maintenance domain are covered and formally de-
scribed in existing ontologies. These key concepts can
be categorized into three subdomaikknufacturing
Context andCondition Monitoring For theManufac-
turing subdomain, the key concepts d@mduct Pro-
cessand Resource For the Contextsubdomain, the
key concepts arédentity, Activity, Time and Loca-
tion. While for the Condition Monitoringsubdomain,
Anomaly Fault, Failure, Severity Prognostics Diag-
nostics Alarm, andAlert are the key concepts. These
concepts form the columns of the Table 1, and the on-
tologies are enumerated by rows. If the concept is cov-
ered by the ontology, a check mark is placed in the ta-
ble. Otherwise, a cross mark is assigned.

After reviewing the ontologies mentioned above, we
recognize that none of them provides a satisfactory
knowledge representation of the three subdomains.
Some of these ontologies focus on a narrow eld,

e
a M W N

In this section, we introduce the foundations and
basic notions of chronicle mining and semantics that 16
are necessary for describing our approach. The foun-17
dations include a formal description of Sequential Pat- 18
tern Mining (SPM) and chronicles, as well as an intro- 19
duction to Semantic Web Rule Language (SWRL). 20

3.1. Foundations of Sequential Pattern Mining 22
23

In industry, data collected for preventive mainte- 24
nance tasks are normally represented as sets of sez25
guences with time stamps [5]. To cope with this type 26
of data sets, SPM is one important technique to ex- 27
tract frequently occurring patterns. SPM was rst stud- 28
ied by [40], to analyze customer purchase behavior se- 29
guences. One SPM task could be described as follows: 30
Given a data set containing a number of sequences, thes1
goal of SPM is to nd sequential patterns whose sup- 32
port exceed a prede ned numeric support threshold. 33
This support threshold indicates the minimal num- 34

such as manufacturing resource planning, and they per of occurrences of the sequential patterns, and thess

do not formalize predictive maintenance-related con-
cepts, e.g., machineryailure and Fault. Also, none

of the existing ontologies standardize the concepts re-
lated to chronicle mining. To jointly use chronicle min-
ing with semantic technologies for a predictive mainte-

found patterns are called frequent sequential patterns.3ss
For the output of SPM algorithms, each frequent se- 37
guential pattern is a sequence which consists of a setss
of items in a certain order. 39

To give a formal description of sequential patterns, 40

nance task, the knowledge-based model should incor- in this subsection we review the de nitions of key con- 41

porate not only the machine-interpretable knowledge

of manufacturing entities such as product and process

but also the knowledge about chronicles within which

the machinery failures are described in a structured
way. To this end, an ontology that formally describes
all the concepts in Table 1 is needed. This motivates
us to propose the MPMO ontology. The MPMO ontol-

ogy aims to formalize all the predictive maintenance-
related concepts as well as relationships.

cepts. A sequencs is a set of ordered itemsets, de- 42
noted byS =< SID;< Iyly 131, >>, with SID 43

standing for the index of the sequence wjtrepre- 44
senting a non-empty set of items. Given two sequences4s
S, =< SID;< a; apaz:iiiam >> andSy =< SID; < 46

by b, bs b, >>, the sequenc8, is considered to be 47
the subsequence &, denoted a8, Sy, if there 48
exists integerd 6 k; < k; < :ii < kyy 6 nsuch that 49
a1 b1, a bk, ..., am bxm [45]. One exam- 50
ple of sequence data set is shown in Table 2. In the ta- 51
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Table 2 1

An example sequence data set. 2

SID Sequences 3
10 < c(abe)(acf) > 4
20 < (becd)(ac)(bd)(adf) f > 5
30 < (cd)(ab)(bcf)e> 6
40 < b(df)(bdf)c(ab) > 7
50 < (ab)(bef)de> 8
60 < (abe)(cd)(ce) > °

10
ble, each row is a sequence of elements. The elements[48]. In this work, the authors propose the Hirate- 11
are presented with a certain order, showing the prece- Yamana algorithm to mine all frequent time-extended 12
dence relationships among them. For example, regard- sequences. To do this, the authors generalize SPM13
ing the de nitions we recalled before, the sequence with item intervals. In the generalization, they de ne 14
< cegac) > is the subsequence afc(abe)(acf) >. If a set of time-extended sequences , denote§, as< 15
we set the minimum support to 3, we can validate that SID; (t1.1;i1); (t12;i2); (ta:3;13); 25 (tens in) >>, where 16
< (ab)c > is a sequential pattern with the support of 3. i; means an item, and is the item interval between 17
Over the last decades, considerable contributions itemsi andi ,t. can be interpreted according totwo 18
have been settled in the research eld of SPM [34]. As aspects of conditions [48]: 19
[ i A Lo 20
a regult, various SPM algprlthms have been proposed If the data sets contain time stamps, which indi-
to mine frequent sequential patterns. Based on these : ; 21
) . cate the transaction occurrences of items, then
proposed SPM algorithms, a variety of approaches and . . : 22
) . becomes the time interval and can be computed
experiments have been launched to improve the perfor- 23

mance and ef ciency of SPM tasks. by .the qua.tlprt; = ! time | :t'me \_/vhere 24
i :timeandi :timeare time stamps of itenis and -

i respectively. For example, one time-extended 26
sequence could be (0; ¢); (1; abg; (3; a0); (5; f) »7
>, which means itent occurs at time poinD, 08
followed by itemsetbeoccurring at 1 time unit ”

3.2. Sequential Pattern Mining with Time Intervals

Even though sequential patterns contain information
about the orders of items, the algorithms introduced

in the previous section can not specify the time in-
tervals between elements and items. In real-world sit-
uations, the occurrences of events are often recorded
with temporal information, such as time points and
time intervals between events. Thus, several contri-
butions have been proposed to obtain the time inter-
vals between successive items in sequences. The no-
tion of the time-interval sequential pattern is rst pre-
sented by Yoshida et al. [33]. The authors name this
kind of patterns a&delta patterns” A delta pattern is

an ordered list of itemsets with the time intervals be-

later. ltemsetac occurs 2 time unites afteabe
and the last itemset occurs 2 time unites after
ac.

If the data sets do not contain time stamps, then
t. may become the item gap and de ned by the
equatiort. = . Inthis case, the item gap is
de ned as the number of items that occur between
two items. This type of representation is suitable
to be applied to data sets which contain xed item
intervals, but it is not applicable to data sets which
contain various length of time intervals.

tween two neighboring itemsets. It can be represented  The study on existing notions and algorithms help

|[0,3] 2,5]

asA B1”% C whereA B Cisa fre-
quent sequential pattern. The time intenf@ls3] and

to capture the core concepts in the domain of time-
interval SPM. These core concepts form the founda-

[2; 5] are bounding intervals, which means the transi- tions of chronicle mining.

tion time of A! B is contained in the time interval
[0; 3], and the transitiontime @ ! Cis placed in the
time interval[2; 5].

With the introduction of delta patterns, a group
of algorithms were proposed to facilitate the min-

3.3. Foundations of Chronicle Mining

ing process in temporal sequence data sets. One sig-give formal de nition of chronicles, we start by intro-

ni cant contribution is the work by Hirate et al.

ducing the concept divent given by [6].

30
31
32
33
34
35
36
37
38
39
40
a1
42
43
44
45
46
47

As introduced in the previous section, the temporal 48
patterns we consider in this paper are chronicles. To 49

50
51
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De nition 1 (Event) LetE be a set of event types, and In the chronicle discovery processjpportis used 1
T atimedomainsuchthdt R.Eisassumedtotally  as a measure to compute the frequency of a pattern in-2
ordered and is denotelg. According to [6], an event side a sequence. It can therefore be formalized by thes
is a couple(g;t) wheree 2 E is the type of the event  de nition below. 4
andt 2 T is its time. In SPM, events represent itemsets

. De nition 5 (Chronicle support) An occurrence of a
of a single sequence.

chronicle Cin a sequence S is a sbty;t1)::(en; tn)
A sequence contains a set of ordered events, which of events of the sequence S that satis es all temporal
are timestamped. The events contained in a sequenceconstraints de ned irC. The support of a chronicl€

appear according to their time of occurrences. in the sequenc§ is the number of its occurrences in

N S, or the percentage of its occurrences in the sequence
De nition 2 (Sequence) Let E be a set of event g [5]. 1

types, andT a time domain such thal R. E

P © 00 N O O
o

12

is assumed tota”y ordered and is denot@d_ Ac- The relevance of a chronicle is essentia”y based on 13
cording to the de nition in [6], a sequence is a the value of its support. 14
couple IS ID; h(er; t1); (&;t2); i (en; ta)ii such that To illustrate these basic de nitions, we give an ex- 15
her;th); (& t); i (eni th)i is a sequence of events, ample including a sequence and a chronicle extracted16
Foralli;j 2 [Ln;i < j) t 6 t.lIft = tjthen from it. Assuming a sequenc@contains three events 17
e <ee. < A; B;C >, represented as follows: 18
19

When the events are time-stamped, how to describe 20
the gquantitative time intervals among different events 21
is vital important for the prediction of possible future 22
events. To achieve this goal, we introduce the notion 23
temporal constraintsn the following de nition. The 24
de nition of temporal constraintss adopted from the 25
one introduced in [6]. 26
De nition 3 (Temporal constraint) A temporal con- Fig. 2. A sequence representing three events. Z
straintis a quadruplefe;; e;t ;t*), denotedy [t ;t* ]ey, ”
wheree;;e; 2 E, € 6 & andt ;t* 2 T. In Fig. 2, time constraints that describe the pattern 5,

{A, B, C}are noted by A[2,5]B, B[1,5]C and A[6,7]C. 4
Here [2,5], [1,4] and [6,7] lower and upper bounds of 5,
the time intervals among events. 33
After the generation of temporal constraints, these 5,
b 2 t] gverjts can be represented as a graphical way, as showgg
We say thatey[a: ble, L% b9l iff [a;b] in Fig. 3. In the gure, eventg are represented by the 34
[0, & = &, ande, = & circles, and temporal constraints are displayed through 5,
o ’ arrows among events. The values above each arrow are;g
guantitative numerical bounds of temproal constraints. ;g
40

41

De nition 4 (Chronicle) A chronicle is a pairC = 42
(E; T) such that: 43
44
45
46
47
48
49
E is called the episode @, according to the de ni- 50
tion of episode's discovery in sequences [6]. Fig. 3. Example of a chronicle. 51

t andt® are two integers which are called lower
bound and upper bound of the time interval, such that
t 6 t". A couple of event{e;;t;) and(e;t,) are
said to satisfy the temporal constram{t ;t*]e; iff

With obtaining introducing theventsandtemporal
constraintsamong different events within a sequence,
we are able to to de ne the concept of chronicles [6].

1. E= fey:eng, where8i; g 2 E ande 6 ¢ €41,
2. T = ftj06i<jsjej IS a set of temporal con-
straints onE such that for all pairs (i, j) satisfy-

ingi < j, tj is denoted bg[t;; ; t Je;.
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Fig. 4. The procedure of the semantic approach for predictive maintenance. 15

In the domain of predictive maintenance, frequent
chronicle mining has been used to detect machine
anomalies in advance. To combine frequent chronicle
mining and semantics for facilitating predictive main-
tenance tasks, a special type of chronicles, cdtde
ure chronicleds introduced [5].

De nition 6 (Failure chronicle) For a chronicleG: =

(E; T), we say thaGr is a failure chronicle if and only

if the events that describe it are set according to their
order of occurrence in the sequence, and that the end
of the chronicle is the event that represents the failure,
ie.forE=fe; ejg 6 €e+1;i 2 [1;n]g, & is the
failure event.

In [5], a new algorithm called CPM has been intro-
duced to mine frequent failure chronicles. Based on
their work, in this paper, we propose a novel algorithm
to automatically generate SWRL rules from frequent
failure chronicles. The generated SWRL rules aim to
provide decision making for predictive maintenance in
industry. The algorithm is introduced in Section 4.

3.4. Semantic Web Rule Language

Semantic Web Rule Language (SWRL) is based on
a combination of its sublanguages OWL DL and OWL
Lite with the RuleMarkup Language. A SWRL rule is
in the form of an implication between an antecedent
(body) and consequent (head), which can be inter-
preted in a way that whenever the conditions speci-
ed in the antecedent hold, then the conditions speci-
ed in the consequent must also hold [17]. In SWRL, a
rule has the syntaXAntecedent Consequentwhere

be the form of C(x), P(x,y), where C(x) is an OWL .,
class, P is an OWL property, and X,y are either vari- 4
ables, OWL individuals or OWL data values [17]. 19

In this work, the reason we choose SWRL rules is ,,
two-fold. Firstly, SWRL provides model-theoretic se- ,,
mantics and has the advantage of its close association,,
with OWL ontologies, which enables the de nition of 4
complex rules for reasoning about individuals in on- 5,
tologies. Secondly, the use of SWRL to write rules is 55
independent of rule implementation languages within g
rule engines, which has the advantage of the exible .,
selection of rule engines and inference platform. 28

To represent data mining results, especially chron- »4
icles, in a formal and structured way, we use ontolo- 5
gies as well as SWRL rules to propose predictive rules. 3;
The proposed rules describe events and temporal con-;,
straints within chronicles, and predict a special type 33
of event (a machinery failure), with corresponding to 34

temporal information. 35
36

37

4. A Novel Hybrid Semantic Approach For 38
Predictive Maintenance 39

40

To propose the novel hybrid semantic approach 41
for predictive maintenance, we jointly use data min- 42
ing and semantic technologies, within which chroni- 43
cle mining is used to predict the future failures of the 44
monitored industrial machinery, and domain ontolo- 45
gies with their rule-based extension is used to predict 46
temporal constraints of failures and to represent the 47
predictive results formally. The procedure of the se- 48
mantic approach is shown in Fig. 4. Firstly, data pre- 49

both the antecedent (body) and consequent (head) con-processing is implemented on raw industry data sets 50

tains zero or more atoms. Atoms in SWRL rules can

to obtain sequences in the form of pairs (event, time 51
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Fig. 5. The global architecture of the MPMO ontology.
16

stamp), where each sequence nishes with the failure with gray background belong to thanufacturing 17
event. Secondly, frequent chronicle mining algorithms Module, classes with black background are associated'®
mine the pre-processed data to discover frequent pat- wjth the ContextModule, and classes with white back- *°

ternﬁ that in(;jifcate machinery failures. Thirdl%/, b?se_d ground belong to th€ondition MonitoringModule. o
on the mined frequent patterns, semantic technologies To describe the main classes in the MPMO ontol- ,,

are used to automate the generation of SWRL-based .
g ogy, we use a UML notation where boxes stand for on- ,3

predictive rules. These rules enable ontological reason- i )
ing over individuals in ontologies, thus facilitating de- tology classes, and arrows represent object properties.24

cision making. Data properties are indicated by class attributes. The 25
UML diagram for describing the main classes is shown 26
4.1. Domain Knowledge in Fig. 6. For the purpose of clarity, only a subset of 2’

. . 28
the whole classes and relationships are presented.

Within an intelligent system, ontologies contain We then give the axioms of the main classes in 20

the domain knowledge to operate. In this work, the the MPMO ontology. The axioms de ning the main a1

MPMO ontology is developed to describe the concepts ¢|asses are presented below using the description logica,
and relationships within chronicl&sThe de nitions of (DL) syntax [11] a3

key concepts and relationships in the MPMO ontology o
are formalized based on the basic notions introduced in ~ _ ManufacturingResource his class describes the a5
?TCt'on 3. T?j erlstl:]re thf :eusabm(tjy IOf .thet'MPMOﬂ:)n(; resources that are used within manufacturing pro- 3s
ology, we adopt the ontology moduiarization metho cesses. It consists three subclas§@sancialRe- 37

during the development process [35]. As a result, the Y R dPhvsicalR 38
ontology is constructed with three small reusable mod- source Humankesourgean ysicalesource

ules: theCondition MonitoringModule, theManufac- Among the three subclasseBhysicalResource jz
turing Module, and theContextModule. In this way, stands for a set of physical entities that the predic- .
other ontology engineers and ontologists can reuse a tive maintenance tasks are performed upon, such 4
portion of the MPMO ontology when they need. This as machine tools, workpieces, and nal products. ,,
ensures the reusability of the MPMO ontology. Fig. The de nition of this class is extended from the 4,
5 shows the global architecture of the ontology. In classMASON: Resourcen the MASON ontol- 45
the gure, round rectangles stand for classes, solid ogy [42]. The DL axioms for de ning this class 46
lines starjd for is-a or subs-umptmn relgt|onsh|ps, and and thePhysicalResourcelass are 47
dashed lines represent object properties. The classes 48

49

1The ontology les can be found at the website: 50
https://sites.google.com/view/combiningchronicleminingandsem/home PhysicalResourc'e FinancialResource 51

Manu facturingResource HumanResource
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Fig. 6. The main classes in the MPMO ontology.

and

Manu facturingResource 8 MakesU se

Of 1:ManufacturingProcess

— ManufacturingProcesdt describes different types
of structured sets of operations that transform raw
materials or semi- nished product segments into
further completed product parts [39]. The DL ax-
ioms for de ning this class are

Manu facturingProcess AssemblyProceds
FinishingProces$ FormingProceg

MachiningProcess MouldingProcess

and

ManufacturingProcess9 MakesUseO:Ma

nu facturingResource 9hasProcessinputy
orkpieceu 9 ProducesRealizedPart

Chronicle Chronicles are a special type of tem-
poral patterns, in which temporal orders of events
are quanti ed with numerical bounds [6]. To in-
troduce this concept in the MPMO ontology, we
use the following axiom.

Chronicle 8 hasEvenEventu

(> 1hasEventven) u 8hasTimelntervali
melntervalu (> 1 hasTimelntervallimelnte
rval) u 9isLearnedFrommManu facturingPro

cess

© 0O N O U~ W N P
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— Event. In predictive maintenance tasks, Bvent 4.2. Rules 1
is generally associated with a set ©bserved- 2
Propertieswhich indicate the correctness of the In the proposed semantic approach, different SWRL 3
operation of a piece of machinery. In this context, rules are used for predicting machinery failures. The 4
the DL axioms for de ning this class is launching of these rules allows reasoning over individ- s

uals contained in the MPMO ontology. In this subsec- ¢

Event 8 hasObservedProper@®bserved tion, we rstintroduce SWRL rules which are usedto 7
] . predict the time interval between a certain event and s

Propertyu (> 1 hasObserve®roperty: a future failure, and then introduce the algorithm de- o

veloped for transforming chronicles into SWRL rules. 10
The proposed rules and algorithm enable the semantici1
approach for automatic failure prediction in the predic- 12

— ObservedPropertyThis is an attribute which rep-
resents some signi cant measurable characteristic
of a monitoredVlanufacturingProcessMlanufac-

turingResourcer RealizedPartThe value of an tive maintenance domain. 13
ObservedPropertis measured by sensors which  4.2.1. Failure Time Prediction Rules 14
are located at different components of the mon-  Chronicles provide not only the order of occurrence *°
itored entity. This class is also calle&ttribute of events, but also the intervals of time they occur in. *°
The DL axioms for de ning this class are Fig. 7 gives an example failure chronicle within which  *’

the last event is a failure.
ObservedProperty 9 hasObserved 20

Property 1:Eventu 9Observes!:Sensar

— Failure: This class represents tRailuresthat are
indicated byEvents A Failure is the inability of
an entity to perform one required function, and it
can be the result of a propagation of a machinery
error [1]. The following axiom is used to de ne

this class:
Fig. 7. Example of a failure chronicle. 29

30
Inside the chronicle, A, B and C are different events. 31
— Timelnterval A temporal entity with an extentor ~ The three events are identied by their associated 32

duration. The de nition of this class is adopted oObserved properties and quantitative values. The ob-33
from the Time Ontology [20]. The axiom for de- ~ served properties and quantitative values are obtaineds4

Failure v 8 Propagatesinto®:Error:

scribing this class is by a feature selection method, that determines the most3s
relevant attributes in predicting the future failures. The 36

Temporallnterval 9 hasProceeding last event C indicates a failure, and the time intervals 37
among events A, B with event C gives the temporal 38

EventEventu 9hasS ubsequentEveventu information of a future failure (event C). 39
9hasTimelntervall:Chronicle However, even though the chronicle in Fig. 7 is rep- 40

resented in a structured format, it lacks formal seman- 41

By de ning the common concepts and relationships tics and domain knowledge to be interpreted by hu- 42
in the predictive maintenance domain, the MPMO on- mans and predictive maintenance systems. For exam-43
tology can support semantic interoperability among ple, the descriptions of events A, B, and C are miss- 44
different systems and system components. Also, the ing, which may cause the semantic gap between chron-45
MPMO ontology provides rich representations of icle mining results and users. To overcome this issue, 46
machine-interpretable semantics for knowledge-based we use ontologies with their rule-based extensions to 47
predictive maintenance systems. This ensures the pre-represent chronicles in a semantic rich format, which 48
dictive maintenance systems can interoperate with helps the sharing and reuse of chronicle mining results. 49
shared semantics and a high level of semantic preci- As the mining of sequential data sets can generate 50
sion. frequent failure chronicles, SWRL rules can be pro- s1
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