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Abstract. A major portion of industrial maintenance data is in unstructured form,
which makes its organization, search, and reuse very challenging. For this reason,
the knowledge embedded in historical maintenance data is seldom analyzed or
reused for purposes such as root cause analysis, failure prevention, and
maintenance diagnostics. If the valuable knowledge patterns nested in
maintenance data are identified, liberated, and formalized, they can significantly
improve the intelligence of maintenance management systems by providing
actionable insights. The objective of this research is to help advance the
progression from data to information and knowledge through data-driven creation
of a public and open-source knowledge graphs built from the textual data available
in maintenance workorders. A SKOS-based thesaurus is used to support
automated entity extraction from the text. A formal OWL-based ontology
provides the semantic schema of the knowledge graph. A software tool (KnoWo)
is developed to streamline the text-to-graph translation process. It was observed
that the proposed text-to-graph tool chain improves knowledge discovery by
analyzing maintenance logs.

Keywords: knowledge graph, maintenance workorder, ontology,
thesaurus

1 Introduction

Maintenance is defined as the actions intended to retain an asset or to restore it to a state
in which it can perform a required function [1]. In order to minimize machine downtime
and maximize the availability of critical assets and equipment uptime, manufacturers
use a wide range of maintenance management tools and technologies with varying levels
of automation. In particular, Computerized Maintenance Management Systems
(CMMS) are widely used in most industries to manage, plan, and execute preventive
and planned maintenance activities [2]. Despite widespread adoption of maintenance
automation solutions in industry, maintenance management is still a highly human-
centric process since efficient acquisition, formalization, and reuse of maintenance
knowledge is a major challenge [3].

The data generated during maintenance management activities (including
identification, planning, scheduling, and execution) is often stored in Maintenance Work
Orders (MWO). MWO records are often generated by maintenance technicians and
stored in the database of CMMS packages for archiving, reporting, or analysis purposes



[4]. Enormous collections of historical maintenance logs, representing a wealth of
diagnostic knowledge, can be found in most industries. The knowledge embedded in
MWOs can be used to inform the maintenance diagnosis process. However, the
unstructured data provided by MWOs are often under-used since it is not presented in a
computable form [1][5]. Additionally, the data is often flooded with misspellings,
jargons, abbreviations, and contradictory statements since they are prepared by multiple
technicians with varying levels of experience and background knowledge. There is a
need for developing formal methods and models for data cleaning and knowledge
extraction and formalization to improve the reusability and findability of the knowledge
embedded in MWOs. As the size and number of MWO records increases, manual search
and analysis of those records becomes more cumbersome and less efficient. Without
proper tools and techniques for analyzing, mining, and contextualizing that knowledge,
the usefulness of these maintenance logs is severely limited.

Advanced techniques supported by Natural Language Processing (NLP) and
Machine Learning (ML) can be applied to extract useful patterns and rules from the raw
text that are otherwise hidden in the historical maintenance work order data [6]. These
techniques are particularly useful for cleaning maintenance logs, extracting important
terms, classifying, and clustering similar workorders, and identifying associativity
relationships between the extracted terms. One difficulty in effective analysis of MWO
data using NLP is that the size of MWO data is often smaller than what is needed by
most NLP/ML tools for training purposes [7]. A major of the existing data-driven
methods is that they take the semantics of data for granted which results in with working
with semantically fractured and low-quality data that is not properly contextualized.

An alternative solution for learning from MWO data is to convert the raw text into
knowledge graphs. A knowledge graph represents data as a collection of nodes
(concepts) connected through edges (relationships). Knowledge graphs are quickly
becoming the preferred models for data representation since they promise to bridge the
gap between the data and its meaning, and they serve as the natural model for data
integration thanks to their flexibility and extensibility. There have been some efforts for
automated generation of knowledge graphs from MWO data supported by deep learning
and the NLP pipeline [8]. Such works are significant achievements in this field, but they
still need to be further developed to address some shortcomings, including a lack of
alignment with formal ontologies.

The underlying research challenge that motivates this work is to generate more
structured and formal knowledge models, including ontologies and knowledge graphs.
Addressing this challenge will require using a hybrid approach that incorporates top-
down methods for generation and curation of knowledge models by domain experts as
well as bottom-up methods for data-driven extension and validation of knowledge
models. This work reports the preliminary results of an ongoing research project.

2 Research Method

The proposed approach for the generation of a knowledge graph uses two semantic
models, namely, a thesaurus and an ontology. The thesaurus provides lexical semantics,
whereas the ontology provides logical semantics. The thesaurus concepts are mapped to
the ontology classes to enable semi-automated text translation into knowledge graphs.
Description Logic (DL) is used as the knowledge representation formalism in ontology



modeling. The generated knowledge graph is more available computationally compared
to natural language text and can be queried or reasoned over to detect latent or recurring
patterns in the data. The proposed approach adopts a human-in-the-loop (HITL) strategy
since some contextual and common-sense knowledge is needed for workorder text
disambiguation and decomposition into a set of interrelated concepts with well-defined
semantics. The level of involvement of human experts gradually diminishes as the
thesaurus and the ontology becomes more mature and stable.

3 Maintenance Diagnostics Thesaurus (MDT)

The Maintenance Diagnosis Thesaurus (MDT) is a controlled vocabulary for
maintenance terms that uses the Simple Knowledge Organization System (SKOS) for
its syntax and semantics. The thesaurus is used to facilitate automatic extraction of key
maintenance concepts from the workorder text. SKOS is a standard published by World
Wide Web Consortium (W3C) that provides a structured framework for building
controlled vocabularies such as thesauri, concept schemes, and taxonomies to be used
and understood by both human and machine agents. SKOS models are considered to be
lightweight ontologies as they do not have the expressivity of heavyweight, axiomatic
ontologies such as OWL models. For this reason, their development cost is relatively
low, and they can be quickly expanded in a decentralized fashion by various user
communities. The MD Thesaurus provides a set of vocabulary often used by technicians
when documenting their observations when diagnosing functional failures and
maintenance issues. MD Thesaurus concepts are categorized under seven concept
groups or schemes, namely, Action, Artifact, Condition, Event, Function, Material
Substance, and Property. The lower-level concepts under each scheme are collected
through tagging relevant terms in an experimental dataset. The development and
curation of the thesaurus in supported by a web-based tool (SKOS Tool) that enables
the user to upload the text, tag and classify the terms under appropriate broader concepts
in an interactive fashion. The MD Thesaurus can be exported in the RDF-JSON data
interchange standard and shared across multiple platforms that are compatible with
Semantic Web standards Fig. 1. Fig. 1 shows examples of the concepts under the
Condition concept scheme. These concepts are often used by maintenance technicians
to describe the observed condition of a maintainable item (machine or equipment).
Another utility of the MD thesaurus is to capture the alternative terms that are often used
to refer to the same concept. For example, as shown in Fig. 2, hydraulic leak, lube leak,
hyd leak, and oil leak are synonym terms that are used for labeling the same concept.
Using SKOS annotation property, it is possible to select one preferred label for a given
concept and assign multiple alternative labels as needed.



4 | Nonconforming Condition (2) 4 g Condition (2)
4 |k Nonconforming Functional Condition (6) 4 | Conforming Condition (2)

| Artifact with Incomplete Function (1) B Conforming Functional Condition (6)
B Artifact with Missing Function (9) 4« | Conforming Physical Condition (2)

| Artifact with Undesirable Behaviour (5) I assembled correctly

4 | Degraded Functioning (9) I correct oil level
4 |§ incomplete cleaning (2) 4 | Nonconforming Condition (2)
I insufficient torque I Nonconforming Functional Condition (6)

[N

I insufficient wax coverage B Nonconforming Physical Condition (4)

| incomplete pumping 4 | Defect (4)

I Incorrect Functioning 4 [k Breakage (2)

I insufficient power generation | fatigue breakage
| insufficient sterilization Ik overload breakage
[ intermittent operation | crack

I low coolant flow | dent

I low pressure pumping I fracture

I poor heat transfer | Defective Artifact (7)

I Not Functioning (31)
B Undesirable Behavior (31)

I Undesirable Environmental Condition (4)
I Undesirable Physical Condition (23)

Fig. 1. Examples of concepts under the “Condition” concept scheme.

hyd leak

Undesirable lube leak
Behavior leaks hyd oil
T hydraulic leak
, 4
skos:broader skos:alt label

4 skos:related
skos:broader

Leaking Oil

Fig. 2. Broader and Related concepts for Leaking 0Oil along with its alternative
labels

4 Workorder Ontology (WOO)

Workorder Ontology (WOO) is a formal OWL-based ontology that can be used for the
formal representation of entities and their relationships in the maintenance domain.
WOO uses Basic Formal Ontology (BFO) as its top-level, or foundational, ontology.
However, WOO only uses a sub-set of BFO terms and, therefore, it does not import
BFO entirely. Using a top-level ontology facilitates ontology reuse and also provides a
logical framework for ontology development that is consistent with established
philosophical theories. Each class in WOO has a natural language and formal definition
to enable unambiguous human-to-human and machine-to-machine communication.




Table 1 Shows natural language definitions for some of the key classes in WOO. It
should be noted that the WOO is not intended to serve as a reference ontology for the
maintenance domain. Rather, it is an application ontology designed for a specific task
that is to provide meaning to MWO data represented as a graph. Fig. 3 shows some of
the main WOO classes and their relationships.

Table 1. Natural language definition for example WOO classes

Class Definition

Maintenance State A state that holds during a temporal interval when the realizable
functions and capabilities of the participating artifact, or the grade
of realization of those functions and capabilities, remain unchanged.

Undesirable Behavior An Artifact Unintended Process that causes some undesirable
consequences.
Defect An attribute, characteristics, or feature inhered in some Artifact that

does not conform to the Design Specifications of the Artifact.
Artifact With Degraded | An Artifact that realizes its primary functions at a degraded level.
Functionality

has ambient condition v :]

participates in

located in

[

:] bearer of caused by i i
i :
i :
i :
|
|
|
|

Fig. 3. Class diagram showing some of the core classes of WOO and their relations

5 Workorder Knowledge Graph Generator Tool (KNOWO)

KNOWO is a java-based tool for the automated creation of knowledge graphs from
maintenance workorders. The user first enters the text for a single workorder, and then
the tool analyzes the text and automatically extracts the thesaurus concepts that appear
in the text either through their preferred label or their alternative label. The concept
extractor also provides a list of the concepts that are related to primary concepts (the
second table in Fig. 4 - left). The user has the option of introducing new concepts that
are not available in the thesaurus, but they are needed to build a complete graph for the



selected workorder (the third table in Fig. 4- left: user-defined concepts). All concepts
in the thesaurus are mapped to ontological classes. Therefore, each detected or user-
defined concept represents an instantiation of a class in WOO ontology. For example,
blown o-ring is an instance of Defective Artifact class, and leaking oil is an
instance of Undesirable Behavior class. The user can select the individuals that
need to be transferred to the next step, which is about connecting the selected individuals
using ontological relationships.

[ Maintenance Workorder Annotation Tool () Maintenance Workorder Annotation Tool
MD-Terex-Restroutured ... MWOO.owl
Undesirable Behavior =] | has location Defeciive Artifact =
5 , ,
Instances: T Instances: |
UNIT LEAKS HYD OIL, FOUND LEAK COMING FROM LEFT DRIVE MOTOR FITTING, BLOWN ances agentin :
RING =3 leaking oil S blown o-ring
leaks caused by
Analyze disables
disposition B
enables
function of
has ambient condition
has defect
has disabled function
‘ Dtected conceps: has dlspostton
Concept Broader Concept Top Concept Ontology Class | Select leaking oil T blown o-ring
blown o-ring blown part Nonconforming Condit.. Defective Arfact @] has location
fiting Component Component Component 2] hasocoursntpart
leaking oil leaking Nonconforming Condit.. Undesirable Behavior  [v]
- - ENTER WORK ORDER ID -
Related concepls:
Triples:
Concept Broader Concept Top Concept Ontology Class | Select
= Subject Predicate Object
gasket Component Component Component v
unit partcipates in Ieaking oil
Ieaking oil has location Ieftdrive mofor fiting | Romove
Export
User-defined concepis:
Concept Broader Concept Ontology Class
Next Back Next

Fig. 4. KNOWO interface for the first step: concept extraction and ontology
instantiation (left), KNOWO interface for the second step: connecting the generated
individuals using ontological classes (right)

As can be seen in Fig. 4 - right, the user can select the instances in the domain and
range (subject and object) of each RDF triples and connect them using the appropriate

property.

woo:DefectiveArtifact
rdf:type

Wo0:WO_764_1-BlownO ring rdfs:label
woo:causedBy
dfslabel leaking oil
owl:NamedIndividual

Wo00:WO_764_1-LeakingOil
<

woo:participatesIn rdftype

rdf:type
woo:UndesirableBehavior

Wo0:WO_764_1-LeftDriveMotorFitting

wo0:WO_764_1-Unit

rdfitype
rdfs:label

rdf:type

woo:hasLocation

left drive motor fitting

rdfs:label

Fig. 5. The final knowledge graph generated automatically based on the exported
triples

For example, the user can specify that leaking oil is caused by blown o-ring. Once all
necessary triples are built, the tool exports the final set of triples in turtle (.ttl) format,



a file format for expressing data in the Resource Description Framework (RDF) data
model. The .ttl file can then be visualized using general-purpose RDF visualizers such
as RDF Grapher. The output of the RDF Grapher for the selected example is shown in
Fig. 5.

6 Validation

The standard method for validating ontologies and knowledge graphs is to test them
with respect to their ability in responding to a set of competency questions. These
questions are often determined at the early stages of the ontology development process
to serve as a set of requirements for the ontology. Some of the competency questions
for WOO ontology are listed below:

e What are the causes of different undesirable behaviors of given equipment?

e  What are the observed maintenance states of a given machine?

o  What is the most frequent type of defect that has caused failure events?

e  Which artifacts (machine or equipment) have demonstrated degraded functioning?
e  What are the functional units that have been in a defunct state at some time?

A test knowledge graph based on 100 work orders extracted from the CMMS of a
construction equipment manufacturer was used during the validation step. All
competency questions were formulated as SPARQL queries and executed against the
test graph, and it was confirmed that the graph could correctly resolve those queries.
The SPARQL query and the retrieved results related to the last query are provided in
Fig. 6.

PREFIX rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#> Functional Unit Defunct State
PREFIX owl: <http://www.w3.0rg/2002/07/owl#> Winch Not Holding Load
PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#> Generator Not Working
PREFIX xsd: <http://www.w3.0rg/2001/XMLSchema#> -
PREFIX woo: <htfp://infoneer.txgtate.edu/ontology/MWOO/> Pump Not Func.tlonlng
Fuel Pump Inoperative
SELECT ?item ?state Engine Not Functioning
WHERE { Elect Motor Not Turning On
?item woo:hasState ?state. Control Box Not Operating
?state a woo:DefunctState. Seat Belt Not Latching
?item a woo:FunctionalUnit. ECM Not Displaying

}

Fig. 6. The example SPARQL query that returns all Functional Units that have
participated in some Defunct State at some time

7 Conclusion

In this paper, a human-assisted method for the creation of RDF knowledge graphs
from MWO data was proposed. A java-based tool called KnoWo, was developed to



facilitate the knowledge graph generation process. The main functions of KnoWo
include extracting key concepts from MWO text (based on a list of known terms
provided by a SKOS thesaurus), instantiating ontology classes according to the
extracted concepts, and relating the generated instances using ontological relationships.

This work particularly focused on formalizing the data related to observed symptoms
and probable causes at the time of failure. However, a major component of MWO data
is related to the action taken to restore an asset. In the future, the ontology and thesaurus
will be extended to capture the maintenance treatment and link them to the failures and
symptoms. In this way, the graph can be searched to retrieve potential solutions for
different types of failures.
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