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Abstract

The insights captured and documented in the form of natural language text provide valu-

able inferences that hold significant implications for various domains, including industrial,

healthcare, software, marketing, and product sectors. By analyzing textual data, such as

maintenance records, medical records, customer feedback, and product reviews, these do-

mains can extract meaningful information and gain a deeper understanding of operational

efficiency, patient care, software performance, market trends, and product perception. In

the context of industries, Original Equipment Manufacturers (OEMs) collect a wide range

of data to support essential business decisions. Frequently failing components of complex

hierarchical equipment cause a tremendous loss to both the OEM and equipment owners

(operators). While OEMs suffer financial loss from warranty claims, operators incur loss due

to downtime caused by the equipment breakdown. OEMs strive to improve equipment qual-

ity by identifying faulty design and poor material used in its production to mitigate financial

losses. At the same time, operators seek to lower the impact of downtime by arranging

better spare part inventory and appropriate equipment maintenance schedules. Thus, it is

crucial to know precisely the sub-component that failed in hierarchical equipment and the

root cause of its failure.

Maintenance records generated while inspecting equipment contain rich descriptive in-

formation in unstructured free-text format. The unstructured data pertains information

about health condition of equipment sub-component, repair actions associated with failed

sub-components, its failure mechanism, operating conditions etc.,. Though easy to interpret
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by humans, extracting information manually by reading such maintenance records is imprac-

tical. Thus converting the unstructured data into a structured format becomes a primary

challenge. Natural Language Processing (NLP) models could come to the rescue for the

same, however, supervised training of such models becomes infeasible considering the spar-

sity of labeled maintenance records. Further, text data often contain issues like semantic

ambiguity, domain-specific vocabulary, Etc. Thus, this thesis addresses the challenge of ex-

tracting structured information for failure diagnosis from unstructured maintenance records

in an unsupervised manner. The thesis further demonstrates that combining the insights gen-

erated by maintenance records with the condition-based maintenance sensory signals helps

generate robust reliability models, thus paving the way for a more realistic maintenance

decision-making framework. To tackle the challenges mentioned above following tasks are

investigated in this Ph.D. dissertation thesis:

• A mathematical representation of the textual data is imperative to analyze unstruc-

tured maintenance records in an automated manner. NLP models that rely on the

generic objective of word co-occurrence are insufficient to tackle issues like semantic

ambiguity, noisy words, and domain-specific vocabulary. It is imperative to include

custom domain information while generating efficient mathematical representation for

words in maintenance records to overcome this.

• A complex hierarchical equipment is usually represented by its bill-of-material referred

as taxonomy. It is important to identify the taxonomy branch of sub-components

that failed during a breakdown event for failure diagnosis. A framework is developed

that leverages maintenance records for the same, while addressing the issues like noisy

records, non-uniqueness of taxonomy terms etc., in an unsupervised framework and

provide confidence scores for each extracted taxonomy branch.

• Another important task of failure diagnosis is to identify the mechanism by which an

equipment sub-component failed. To disambiguate the failure mechanism, multiple un-



iv

supervised base classification algorithms could be developed that exploit different facets

of domain knowledge. However, these algorithms may diverge, and thus an efficient

method to ensemble the results of such base algorithms to generate an unsupervised

multi-class ensemble classifier is studied.

• Maintenance records generated during inspection help infer the sentiment about equip-

ment health status. However, the records suffer challenges like 1) unavailability of

labeled data and industrial sentiment lexicons for identifying equipment health status,

2) presence of negation words that alter the sentiment. To mitigate the same, a robust

model that identify equipment health status from maintenance records is developed.

• Existing reliability models utilize indirect state observations provided by sensory signals

to estimate system dynamics, in addition to hard failures data. However, these models

do not take into account the direct state observations provided by maintenance records

generated during maintenance actions. Furthermore, the existing prognosis methods

do not allow for the modeling of the effects of different maintenance actions taken on a

system while it is operating. To address this limitation, a novel joint model is proposed.

This model fuses real-time sensor signals and discrete state information from manual

interventions to learn a holistic condition-based maintenance model.

The proposed methods can be effectively applied not only for improved failure diagnosis

and reliability modeling but also to pave the way for realistic maintenance planning of com-

plex hierarchical equipment using unstructured maintenance records. Although the thesis

primarily focuses on problems in industrial settings, it also provides valuable insights for

practitioners in healthcare, software, and product sectors.



v

Contents

1 Introduction 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Research Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Outline of Dissertation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2 A CustomWord Embedding Model for Clustering of Maintenance Records 12

2.1 Focused Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.3 Data Description and Textual Clustering . . . . . . . . . . . . . . . . . . . . 18

2.3.1 Description of Data Sources . . . . . . . . . . . . . . . . . . . . . . . 18

2.3.2 Basics Steps for Clustering of Textual Data . . . . . . . . . . . . . . 19

2.4 Model Development . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.4.1 Distributed Representation of a Word . . . . . . . . . . . . . . . . . . 20

2.4.2 Proposed Custom Word Embedding Model (CWEM) . . . . . . . . . 23

2.5 Case Study (Dataset From Oil Rigs) . . . . . . . . . . . . . . . . . . . . . . 27

2.5.1 Available Maintenance Records . . . . . . . . . . . . . . . . . . . . . 27

2.5.2 Experimental Settings . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.5.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.5.4 Evaluation Criteria and Metrics . . . . . . . . . . . . . . . . . . . . . 35

2.5.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35



vi

2.6 Conclusion and Future Directions . . . . . . . . . . . . . . . . . . . . . . . . 38

3 Confidently extracting hierarchical taxonomy information from unstruc-

tured maintenance records of industrial equipment 41

3.1 Focused Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.3 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.4 Proposed Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.4.1 Preprocessing and Preliminary Information Extraction . . . . . . . . 51

3.4.2 Backward-Forward (Bwd-Fwd) Algorithm . . . . . . . . . . . . . . . 54

3.4.3 Verb Analysis Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.4.4 Semantic Adjustment and Extraction of Top ranked taxonomy-branch

for both algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.4.5 Generation of Confidence Score . . . . . . . . . . . . . . . . . . . . . 60

3.5 Performance Assessment and Discussion . . . . . . . . . . . . . . . . . . . . 62

3.6 Summary and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4 A Unsupervised Multi-class Ensemble Classifier for Identifying Equipment

Failure Mechanisms from Maintenance Records 77

4.1 Focused Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4.3 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.4 Model Development . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.4.1 Generating unsupervised base classifiers . . . . . . . . . . . . . . . . 85

4.4.2 Encoding multi-class problem to multiple sub-binary class . . . . . . 85

4.4.3 Spectral decomposition of higher order moments . . . . . . . . . . . . 88

4.4.4 Decoding the outputs of spectral decomposition . . . . . . . . . . . . 90

4.5 Simulation Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91



vii

4.6 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

4.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

4.8 Appendix A: Proposition Proof . . . . . . . . . . . . . . . . . . . . . . . . . 100

4.8.1 Appendix A.1: Proof . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

4.9 Appendix B: Iterative algorithms for rank 1 decomposition . . . . . . . . . . 104

4.10 Appendix C: Simulation Parameters . . . . . . . . . . . . . . . . . . . . . . . 104

4.10.1 For exponential distribution . . . . . . . . . . . . . . . . . . . . . . . 104

4.10.2 For MVN distribution . . . . . . . . . . . . . . . . . . . . . . . . . . 105

4.10.3 For Gamma distribution . . . . . . . . . . . . . . . . . . . . . . . . . 106

4.10.4 For prevalence dependent MVN distribution . . . . . . . . . . . . . . 108

5 Identifying equipment health status from maintenance records using Lexi-

con based Unsupervised Sentiment Analysis Adjusted for Negation (LUSAA-

N) 110

5.1 Focused Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

5.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5.3 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

5.4 Proposed framework and LUSAA-N model . . . . . . . . . . . . . . . . . . . 117

5.4.1 Bootstrapping domain specific lexicon . . . . . . . . . . . . . . . . . . 118

5.4.2 Extracting Negation scope & Lexicon based Unsupervised Sentiment

Analysis Adjusted for Negation (LUSAA-N ) model . . . . . . . . . . 119

5.4.3 Extracting sentiment labels . . . . . . . . . . . . . . . . . . . . . . . 124

5.5 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

5.6 Future Work and Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

5.7 Appendix A: Derivation of Binary Bayes Decision Rule . . . . . . . . . . . . 130

5.8 Appendix B: Derivation of Expected Co-counts . . . . . . . . . . . . . . . . 132

5.9 Appendix C: Seed Industrial Sentiment Lexicon . . . . . . . . . . . . . . . . 136



viii

6 Condition Based Maintenance by joint modeling of continuous sensor sig-

nal and discrete maintenance events using Action Specific-Input Output

Hidden Markov Model (AS-IOHMM) 138

6.1 Focused Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

6.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

6.3 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

6.4 Proposed Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

6.4.1 Conditional Emission and Transition Model . . . . . . . . . . . . . . 147

6.4.2 Learning Algorithm for AS-IOHMM . . . . . . . . . . . . . . . . . . 150

6.4.3 Optimize hyper-parameters for AS-IOHMM . . . . . . . . . . . . . . 156

6.5 Numerical Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

6.6 Industry Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

6.7 Future Work and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

7 Summary and Future Work 169

7.1 Research work to date and summary of contributions . . . . . . . . . . . . . 170

7.2 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172



ix

List of Figures

1.1 Example of a maintenance record . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2 Research areas undertook and challenges tackled . . . . . . . . . . . . . . . . 5

1.3 Structure of the report . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.1 Sample of input data for text analysis. . . . . . . . . . . . . . . . . . . . . . 15

2.2 A flowchart illustrating the steps involved for proposed framework. . . . . . . 20

2.3 Neural Network architecture for the Skip Gram model. . . . . . . . . . . . . . . 24

2.4 Tokens in WCD and BCS sets of the CWEM. . . . . . . . . . . . . . . . . . 26

2.5 Intuition for using two information sources for better representation. The

dashed lines ( ) represent learning through NCE loss for the semantic in-

formation while the dotted lines (· · · ) represent learning through the similarity

of taxonomic tokens to incorporate taxonomic information. . . . . . . . . . . 27

2.6 Setting 1 data preparation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.7 Setting 2 data preparation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.8 Comparison of silhouettes analysis for CWEM with α = 0.65 model, SG

(CWEM with α = 1.0) model and Attract-Repel(SG) model . . . . . . . . . 36

2.9 Bootstrapping results for CWEM with α = 0.65, SG (CWEM with α = 1.0)

and for Attract-Repel (SG) model . . . . . . . . . . . . . . . . . . . . . . . . 39

3.1 Research goal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43



x

3.2 Illustrations of different types of maintenance records and their associated

challenges. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

3.3 Step by step overview of the proposed method. . . . . . . . . . . . . . . . . . 67

3.4 Pre-processing of unstructured maintenance records. . . . . . . . . . . . . . . 68

3.5 Initial steps of the proposed method. . . . . . . . . . . . . . . . . . . . . . . 69

3.6 Backward-Forward algorithm. . . . . . . . . . . . . . . . . . . . . . . . . . . 70

3.7 Verb-Analysis algorithm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

3.8 Adjusting scores of both algorithms by semantic similarities. . . . . . . . . . 72

3.9 Generation of final cumulative score scum using if-else scenario that gives con-

fidence values using estimated non-parametric Gaussian density function. . . 75

3.10 Final Results over gold standard dataset. . . . . . . . . . . . . . . . . . . . . 76

4.1 Different types of unstructured maintenance records, their corresponding fail-

ure mechanisms and issues. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.2 Structure of Unsupervised multi-class ensemble classification (UMEC) model 84

4.3 Demonstration of Encoding multi-class classification problem to multiple sub-

binary class classification problem . . . . . . . . . . . . . . . . . . . . . . . . 88

4.4 Results using different decoding vector ~pk,d, d ∈ {`, `ρ, ψρ} . . . . . . . . . . 91

4.5 Simulation results for exp distributed class scores . . . . . . . . . . . . . . . 94

4.6 Simulation results for MVN distributed class scores . . . . . . . . . . . . . . 96

4.7 Step by step application of UMEC model and final result over industrial dataset 98

4.8 Comparison of K-L Divergence between positive and negative class scores for

different base algorithms using max and mean reduction statistics. . . . . . . 102

4.9 Comparison of J-S Divergence between positive and negative class scores for

different base algorithms using max and mean reduction statistics. . . . . . . 103

4.10 Simulation results for Gamma distributed class scores . . . . . . . . . . . . . 107

4.11 Simulation results for MVN with prevalence dependent location parameters . . . . 109



xi

5.1 Illustration of maintenance records and sentiment about equipment health

status . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

5.2 Illustration of maintenance records with domain specific lexicons . . . . . . . 113

5.3 Illustration of maintenance records with negation words . . . . . . . . . . . . 114

5.4 Framework for extracting equipment health status from maintenance records 118

5.5 Bootstrap domain specific sentiment lexicon and process maintenance records 120

5.6 Extracting Negation scope from processed maintenance records . . . . . . . . 120

5.7 Illustration of AVA scheme to identify sentiment label for a maintenance record

d ∈ D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

5.8 Bootstrapped f1-score comparison for LUSAA-N and Problex models . . . . 128

5.9 Comparison of Adjusted Rand Index (ARI) for all models . . . . . . . . . . . 129

6.1 Illustration of maintenance events with inferred states from maintenance records141

6.2 Proposed Action Specific-Input Output Hidden Markov Model (AS-IOHMM).

The top part a represent the overall dynamics. The type of action taken by

technician at each time step influence the emission models differently as shown

in parts b and c. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

6.3 Balanced Accuracy over Test Data predicted by each model for both simula-

tion scenarios . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

6.4 Plotting CBM signals with different actions and states . . . . . . . . . . . . 166

6.5 Classification accuracy of both Mud-Pump motors by using all the models . 167

7.1 Research to date and future work . . . . . . . . . . . . . . . . . . . . . . . . 170



xii

List of Tables

2.1 A sample of taxonomy obtained from [70] . . . . . . . . . . . . . . . . . . . . . 29

2.2 Number of terms in failure mechanism taxonomy groups . . . . . . . . . . . 29

2.3 A sample of equipment taxonomy for mud-pump . . . . . . . . . . . . . . . . 31

2.4 Number of terms in equipment taxonomy groups . . . . . . . . . . . . . . . . 31

2.5 Comparison of model performance . . . . . . . . . . . . . . . . . . . . . . . . 37

2.6 Results from bootstrapping . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.1 Limitations of extant methods to tackle the challenges (C1-C6 from section

3.2) in this work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.2 Merging the results of both the algorithms to generate the cumulative score

scum(d) for the maintenance record (document d). The taxonomy-branch in

bold denotes failed taxonomy-branch . . . . . . . . . . . . . . . . . . . . . . 74

4.1 Failure mechanisms from [70] . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.1 Comparison of different research streams for Sentiment Analysis . . . . . . . 117

6.2 Descriptive Statistics of CBM signal recorded for Motors A and B of Mud

Pump 1 and Mud Pump 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165



1

Chapter 1

Introduction

1.1 Motivation

Unstructured natural language text data is generated in various processes across differ-

ent domains, including healthcare, industries, software, and other product sectors. In the

healthcare domain, text data is produced through electronic health records, physician notes,

laboratory reports, and patient surveys, providing valuable insights into patients’ medical

history, diagnoses, treatment plans, and overall health status. In the software domain, text

data is generated as console logs, which contain valuable information about system behav-

ior, errors, warnings, and other relevant events. Additionally, in product-oriented firms, text

data is generated through customer feedback reports and social media comments, reflecting

consumer sentiments and preferences about a product. In industries involved in the man-

ufacturing or deployment of complex equipment, such as those used on rigs in the oil and

gas industry, unstructured text data typically takes the form of maintenance records and

incident reports. Although the primary focus of this thesis is to analyze the operational

and failure dynamics of such complex equipment using unstructured text data, the methods

proposed here can be easily adapted to the healthcare and other domains where text data

provides crucial insights about the respective field.
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The complex machines studied in this thesis comprise a hierarchy of multiple intercon-

nected sub-assemblies and constituent components. For example, an equipment unit (e.g.,

mud pump) comprises sub-units (e.g., fluid end) which in turn includes several maintain-

able items (e.g., piston and liner) containing individual parts (e.g., liner). Failure of any

sub-component in the equipment hierarchy can result in downtime that can have significant

negative impacts in terms of lost production time, warranty and repair costs, and other eco-

nomic penalties. Thus, both original equipment manufacturers (OEMs) and rig operators

are interested in gaining insights from each failure event regarding the failed sub-component

and associated failure mechanism. For OEMs, insights from failure diagnosis can guide im-

provements to the equipment design and warranty policies. For rig operators, these insights

can help in making changes to operation and maintenance practices to increase equipment

reliability and uptime and better management of spare parts inventory and technician re-

sources. While industrial equipment typically contain a large number of sensors to enable the

various equipment functions and to monitor the equipment condition and operation status,

sensor data alone are often inadequate for analyzing failure events. Only when equipment

are dismantled and inspected by maintenance technicians, an accurate understanding of the

equipment condition and its failure is achieved. The findings obtained by technicians are

subsequently recorded in unstructured free text format in maintenance records. Hence, the

maintenance records (specifically unstructured textual notes) created by technicians dur-

ing inspection, routine maintenance and repair of equipment are an invaluable knowledge

resource for OEMs and rig operators to analyze failure events. Yet, in current industrial prac-

tice, this rich unstructured data is largely underutilized due to the high level of time and

effort required for manually reviewing and analyzing a voluminous amount of maintenance

records. Thus, there is a need for efficient and effective methods for automatic extraction of

insights from unstructured maintenance records.

Analyzing failure events requires the ability to answer two essential questions:

• What is the equipment sub-component that caused the failure and the corresponding
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equipment taxonomy branch?

• Why did this sub-component fail (i.e., what is the type of failure mechanism)?

Figure 1.1 shows an example of a maintenance record and the corresponding equip-

ment taxonomy branch and failure mechanism. Accurate determination of the failed sub-

component (and associated equipment taxonomy branch) and the failure mechanism from

the unstructured text using automated means is non-trivial due to a variety of challenges

including many that are inherent in such data. (1) The quality of unstructured data in main-

tenance records is often poor [64]. For instance, the data can be noisy from the presence

of non-standard terms (e.g., due to abbreviations and regional language differences). (2) In

many cases, the records can contain extraneous information that are not relevant for failure

diagnosis, but also be missing key information needed to identify the failed equipment sub-

component and its failure mechanism. (3) Challenges can also arise from semantic ambiguity

of many terms used by technicians in maintenance records. For example, the word “pump”

may refer to either “mud pump” (a type of rig equipment), or a component within a rig

equipment, or a verb. (4) In the equipment taxonomy, some sub-components may appear

on multiple branches. Thus, extracting a sub-component from the maintenance record can

be inadequate for uniquely determining the equipment taxonomy branch associated with

the failure event. (5) Similarly, a sub-component can be prone to multiple failure mecha-

nisms which can add further amibiguity in failure diagnosis. (6) The maintenance records

can contain negation words that may alter the sentiment expressed regarding the equipment

condition and health status. (7) Creation of a large, labeled data set is impractical due to

the prohibitive amount of effort involved in manual review of maintenance records. Also the

sparse available labeled data in maintenance domain is usually of very poor quality [64] and

could not be used for training. Hence, labeled data are typically unavailable for developing

supervised machine learning algorithms for analyzing maintenance records.

While natural language processing methods are not new, existing approaches exhibit sig-

nificant deficiencies in addressing the aforementioned challenges of analyzing unstructured
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Maintenance Record Failed Taxonomy Branch Failure Mechanism

Pump 1 cyl 1 liner 2803hrs Pump 1 cyl 1 

piston 552hrs----------Replace mud pump 1 

cyl 1 liner due fluid passing. Once this was 

pulled the liner was observed to have some 

bad scoring. Replaced liner and piston. No 

other damage to report.----------

Mud Pump (Equipment Unit)

Fluid end (Sub-Unit)

Piston and liner (Maintainable Item)

Liner (Part)

Material (wear)

Figure 1.1: Example of a maintenance record

maintenance records in industrial domains. Moreover, in addition to automatically identi-

fying the failed equipment sub-component, the corresponding equipment taxonomy branch,

and the associated failure mechanism, there exists a pressing need for a comprehensive relia-

bility model that assesses the equipment condition by leveraging insights from unstructured

maintenance records and sensor data in a combined manner. These models should also

account for changes in system dynamics resulting from intermediate maintenance actions,

enabling the formulation of maintenance plans that do not rely on assumptions. Addressing

these research challenges and needs constitutes the precise motivation and objective of this

dissertation.

1.2 Research Objective

The overarching objective of this research is to establish a collection of effective method-

ologies that utilize unsupervised learning for the analysis of unstructured maintenance records,

along with domain-specific knowledge. These methodologies aim to support failure diagnosis,

equipment health status assessment, and holistic joint reliability modeling of complex hier-

archical industrial equipment, as illustrated in Figure 1.2. The outcomes of this dissertation

is supposed to facilitate development of realistic, model based inspection and maintenance

policies that rely on actual system dynamics under different maintenance actions.

The following terminology is used in the dissertation:
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Unstructured natural 

language data from 

maintenance records

Domain knowledge
1. equipment taxonomy

2. failure taxonomy

For each maintenance record,
1. Failed sub-component and 

equipment taxonomy branch

2. Failure mechanism

3. Equipment health status

Holistic reliability models

fusing categorial insights about 

maintenance actions and 

observed states along with 

sensor signal data

Optimal Model Based 

inspection and 

maintenance schedule 

for equipment 

Unsupervised learning 

models for automatic 

extraction of categorical 

insights

Future Work

Figure 1.2: Research areas undertook and challenges tackled

• Word: A word is the most fundamental unit used in textual descriptions e.g., “repair”,

“leak”, “part”. A word is also referred to as a ‘token’ in this work.

• Vocabulary: The set of all available words constitutes a vocabulary.

• Document: A document is a collection of words which is used to describe any event.

For example, each description (maintenance record) in Fig. 1.1 constitutes a document.

• Sentiment Lexicon: Words or phrases that indicate the sentiment of a document.

For example “is working perfectly fine” indicates that the equipment/sub-component

is not close to a failure state.

• Corpus: The collection of all available documents.

We provide below a brief overview of the research challenges and tasks to achieve the

proposed vision.

• An effective mathematical representation of unstructured maintenance records is essen-

tial for analyzing them. NLP models allow vector representations of words (called word

embeddings) by learning semantic similarities between neighboring words. However,

this learning objective is restrictive in the context of industrial maintenance records.

Many words/terms that are highly associated to each other from domain context may

not co-exist in a given maintenance record. For example, different instances of a given

failure mechanism like ’wear’ and ’break’ for material failure do not necessarily co-exist
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in the same maintenance record. But, both the terms identify the same failure mech-

anism. Thus, to make robust word embeddings, a method is needed that can jointly

learn from the semantic similarity of words that co-occur along with words that are

similar as per the domain knowledge.

• An important facet of failure diagnosis is the ability to identify the complete equipment

taxonomy branch of sub-components that malfunctioned during a breakdown event.

As noted earlier, due to a variety of reasons, accurately determining the impacted

taxonomy branch can be hard. First, while inspecting the equipment, technicians tend

to examine and record observations regarding numerous sub-components including

those that were not affected by or a cause of the failure, thus infesting maintenance

records with noisy words. Second, maintenance records can sometimes be brief and

contain only partial information about the failed equipment taxonomy branch. Third,

many sub-components can have multiple parents in the equipment taxonomy, thus

creating ambiguity regarding the specific branch associated with the failure event.

Therefore, algorithms are needed that not only can effectively tackle these challenges

but also provide a measure of confidence (i.e., confidence level) for the results of the

automatic extraction to aid technician during implementation phase.

• There are any types of failures (such as mechanical, electrical and hydraulic) that

can occur in industrial equipment, and many sub-components can be prone to more

than one types of these failure mechanisms. Accurately determining the failure mech-

anism in an unsupervised manner from a maintenance record can be challenging due

to inadequate and noisy information in the unstructured text. One approach to over-

come these challenges is to employ multiple unsupervised base classifiers to analyze the

maintenance record from different perspectives by leveraging different domain knowl-

edge sources. Yet, for a given maintenance record, it is possible that the different

base classifiers yield different results for the failure mechanism. Hence, an unsuper-
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vised multi-class ensemble model is needed to utilize the results from the different base

classifiers and predict the failure mechanism associated with the maintenance record.

• Inspections carried out by technicians during scheduled maintenance and repair reveal

much information about the working condition and health status of the equipment.

Technicians often express their perception and sentiment about the equipment health

status in the form of unstructured text in the maintenance record. Inferring the equip-

ment condition from these records is challenging, especially due to the lack of labeled

data. Transfer learning using advanced NLP models like BERT [166] support domain

adaptation of sentiment from other application areas. However, a large difference

between the two domains reduces its effectiveness. Apart from this, unsupervised

methods in sentiment analysis rely on pre-existing sentiment lexicons to identify the

document’s sentiment. However, such generalized lexicons are not helpful in an indus-

trial context as maintenance records commonly contain domain-specific lexicons like

“above the threshold limit”. Also, a significant challenge arises from the presence of

negation words that alter the sentiment indicated by the lexicon altogether. Hence,

there is a need to establish a unsupervised methodology for automatically extracting

the sentiment regarding the equipment health status from maintenance records.

• Data obtained from Condition Based Maintenance (CBM) sensors embedded in indus-

trial equipment is increasingly utilized for modeling equipment reliability and dynam-

ics. However, such models rely on information about latent degradation states inferred

from indirectly observed sensor signals. Additionally, existing reliability models in the

literature assume that a system either crosses a hypothesized threshold and experiences

a soft failure or fails abruptly, resulting in a hard failure. However, these models do not

consider the effects of various actions performed by technicians during the equipment’s

lifecycle. The sentiment expressed by technicians about the equipment’s health status

in maintenance records provides a direct observation of the hidden degradation states.
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Moreover, these direct state observations can help improve the precision of the emis-

sion model for sensor signals when estimating latent states. However, these direct state

observations are not always available and are often sparse depending on the inspection

and maintenance plan. Consequently, there is a need to develop a formal methodology

that can provide a comprehensive reliability model capable of capturing the system

dynamics using both direct and indirect state observations, while also accounting for

the effects of different maintenance actions.

1.3 Outline of Dissertation

The dissertation focuses on solving the research problems as mentioned above in section

1.2. Figure 1.3 provides a brief outline of the research objectives addressed in each chapter

of the dissertation.

Chapter 3
Unsupervised extraction of equipment 

sub-components taxonomy branch 

with confidence score

Chapter 5
Unsupervised Sentiment Analysis to 

Identify machine health status from 

maintenance records

Chapter 4
Unsupervised Extraction of Failure 

Mechanism using Multi-Class 

Ensemble Models Classifier

Chapter 6
Holistic Reliability Model 

leveraging direct and 

indirect state observations 

along with maintenance 

specific actions

Completed in 

this Thesis
(Failure Diagnosis 

and Reliability 

modeling)

Future 

Research 

Direction
(Decision making)

Chapter 2
A Custom Word Embedding Model to 

simultaneously incorporate industrial and 

semantic knowledge for enhanced 

mathematical text representation

Unstructured natural 

language data from 

maintenance records

Domain knowledge
1. equipment taxonomy

2. failure taxonomy

For each maintenance record,
1. Failed sub-component and 

equipment taxonomy branch

2. Failure mechanism

3. Equipment health status

Holistic reliability models

fusing categorial insights about 

maintenance actions and 

observed states along with 

sensor signal data

Optimal Model 

Based inspection 

and maintenance 

schedule for 

equipment 

Unsupervised learning 

models for automatic 

extraction of categorical 

insights

Figure 1.3: Structure of the report

Chapter 2: In this chapter, an unsupervised Custom Word Embedding Model (CWEM)

is proposed to generate word embeddings for industrial text analytics. The objective is to
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analyze unstructured textual information to identify groups of similar maintenance records,

i.e., maintenance records associated with a specific equipment sub-component. The model

utilizes two sources of information 1) maintenance records and 2) industrial taxonomy of the

equipment hierarchy. A combined loss function is proposed that utilizes word co-occurrence

loss and the equipment taxonomy to learn word embeddings jointly. Joint learning helps in

reducing the training time when compared to a two-step procedure which incorporates the

additional information as a post-processing step. A one-step learning procedure is employed

by introducing a new learning parameter that weighs the features to be learned from both

bodies of information (contextual and taxonomic). This reduces the number of hyperparam-

eters required to tune while replicating the model instead of the two-step procedure and thus

avoids the dependency on hyper-parameter tuning algorithms. The model does not require

the taxonomy terms to be contextually co-occurring in a given maintenance record and hence

can learn from the complete taxonomy rather than a subset of terms that co-occur. The

model is learned in a completely unsupervised manner and avoids dependency on additional

resources like WordNet, Wikipedia, or any other form of supervision.

Chapter 3: This chapter proposes a comprehensive methodology to automatically an-

alyze unstructured maintenance records in an unsupervised manner to extract the complete

equipment taxonomy branch corresponding to each maintenance event. The method lever-

ages unstructured data in maintenance records and the OEM’s equipment taxonomy. The

methodology incorporates two algorithms, namely 1) Backward-Forward and 2) Verb Anal-

ysis, that are based on syntactic (frequentist) rule-based NLP methods. Semantic ambiguity

is resolved by using word embeddings that provide semantic/contextual information. The

proposed method combines the two algorithms to generate a single confidence score by lever-

aging the semantic information contained in word embeddings. A non-parametric density

curve is generated by combining the results from both algorithms. The confidence score is a

metric indicating the accuracy of the automatically extracted result.

Chapter 4: This chapter proposes methods that identify failure mechanisms from main-
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tenance records using multiple unsupervised base multi-class classifiers developed using dif-

ferent sources of domain knowledge. However, to ensemble, the outcomes of such a base

classifier in an unsupervised setting is a challenging task. Spectral methods help to learn the

proper covariance decomposition of base classifiers’ output. However, these methods exist

primarily in a binary classification setting. They only leverage discrete labels while learning

the covariance structure, thus losing the true sense of discrimination provided by continuous

scores of the base classifiers. An Unsupervised Multi-class ensemble classification (UMEC)

model is proposed to overcome the described challenges. The model uses an error-correcting-

output code scheme of multiple to binary class decomposition while tackling the challenges

of class imbalance that affect the spectral estimations’ performance.

Chapter 5 This chapter introduces how the equipment health status can be inferred

from maintenance records. We propose industrial-specific sentiment lexicons to aid in un-

supervised sentiment analysis. A Dirichlet Compound Multinomial model is applied. The

model helps to estimate the predictivity of sentiment lexicons. Further, the model also

tackles the issue of ‘negation’ found widely in industrial maintenance records. The chapter

discusses how transfer learning models effectively model multitask learning of negation and

sentiment analysis.

Chapter 6 This chapter presents a holistic joint reliability model that combines direct

state observations extracted from maintenance records with indirect state observations in-

ferred from CBM sensors, while accounting for changes in system dynamics caused by manual

actions. The objective of this chapter is novel in the sense that it provides a structured ap-

proach to estimate the transition dynamics of a system undergoing different maintenance

actions while in operation. Furthermore, we propose that certain maintenance actions con-

tribute to improving the precision of emission models for continuous observation spaces when

estimating latent states. To address the challenges posed by missing direct state observa-

tions and unobserved degradation dynamics of CBM sensor signals, the chapter relies on the

Expectation Maximization algorithm for parameter learning. The Maximization step of the
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EM algorithm does not have a closed-form solutions and is therefore inferred using numerical

optimization techniques. The chapter also addresses the problem of estimating hyperparam-

eters for the numerical optimizer and initializing parameters for the EM algorithm through

hyperparameter tuning routines.
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Chapter 2

A Custom Word Embedding Model for

Clustering of Maintenance Records

2.1 Focused Abstract

Maintenance records of industrial equipment contain rich descriptive information in free-

text format, such as, involved parts, failure mechanisms, operating conditions, etc. Our

objective is to leverage this unstructured textual information to identify groups of similar

maintenance jobs. We use a natural language based approach and propose a novel custom

word embedding model which utilizes two sources of information 1) maintenance records

collected from in-field operations and 2) industrial taxonomy, to effectively identify clusters.

The advantages of our model include (a) combined use of semantic and taxonomic sources

of information for clustering, (b) one step/simultaneous training, which enables knowledge

sharing between the two information sources and reduces hyperparameters, and (c) no depen-

dency on third-party data. We demonstrate the efficacy of our model for cluster identification

using a real-world dataset. The results show that simultaneous incorporation of semantic

and taxonomic information enables accurate extraction of contextual insights for improving

maintenance decision-making and equipment reliability.
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2.2 Introduction

This chapter is motivated by the unstructured free-text information that is documented

by technicians when they perform maintenance actions on industrial equipment. These

maintenance records contain rich information (related to equipment components, their con-

dition and failure mechanism) that can aid maintenance technicians with fault prognosis

[170], root-cause analysis [126], [171] and maintenance decision-making [165], [5]. For the

equipment manufacturer, insights from these maintenance records can help in improving

equipment reliability through design changes, and thereby reducing the warranty costs, thus

gaining a competitive advantage [124].

While it is common practice in industry to create and store maintenance records, it is

impractical to manually review and extract insights from the large quantity and variety of

records that are typically available [25]. Automatically extracting useful insights from the

maintenance records is, however, not trivial. Consider, for instance, the maintenance records

from a company having multiple oil rigs. This dataset comprises maintenance records from

a variety of oil rig equipment, each having several sub-units with associated maintainable

items, and ultimately the specific parts that underwent repair or replacement. For each

maintenance action, a record is available which contains structured as well as unstructured

information. Structured information consists of well-defined data such as time of action, type

of action (corrective or preventive), rig number etc., whereas, unstructured information is

the textual description entered and updated by the technicians such as equipment condition,

explanation of the wear or failure, maintenance actions performed, components replaced,

etc. Figure 2.1 shows sample maintenance records for mudpump equipment and includes

information specific to the sub-units (i.e., pump and fluid end), maintainable items (e.g.,

discharge module, suction module) and parts (e.g., valve, seat, oil pressure switch) that were

involved in these maintenance actions. While such information are a rich source of insights,

they cannot be recorded as structured data.
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The aim of this research is to create models to analyze maintenance records and auto-

matically extract groups or clusters of records that are similar (e.g., in terms of the failure

mechanism or the part that was repaired or replaced). From a practical perspective, our

methodology for analyzing and clustering textual data by combining contextual information

as well as industry-specific taxonomic information, will assist industrial equipment manufac-

turers and operators to enhance their ability to perform analysis of maintenance activities,

failure types, and equipment components that were impacted. Using this method, we can ex-

tract structured information from unstructured data and then conduct quantitative modeling

[111] and analysis of system reliability. For example, using this method, from maintenance

record, we can create the failure event history for a specific component failing due to a specific

failure mechanism. Such history is currently obtained manually by an operator processing

the natural language maintenance record. However, there are certain significant challenges

in determining clusters based on the analysis of the textual information in the maintenance

records. First, the records in the dataset may comprise different types of maintenance in-

formation that are kept by different personnel on the oil rig (such as equipment downtime

reports created by machine operators, maintenance reports created by technicians, parts

reports created by purchasing and inventory personnel) [64]. Second, the descriptions and

language used by different personnel can differ even when they are referring to the same

maintenance event. For example, in Figure 2.1, it can be seen that phrases like ‘wash out’

or ‘worn’ are used interchangeably by industry personnel when referring to excessive wear of

fluid end components. Third, the implied meaning of certain words within the maintenance

context can be different from that in general use as discussed in [134]. For example, the word

‘stick’ within the maintenance context most likely implies cohesion as opposed to a piece of

wood, thus requiring us to consider the context in which the word is being used. Fourth,

the manner in which the clustering of the maintenance records needs to be done also de-

pends upon the desired context and basis for the grouping (e.g., failure mechanism or parts

affected). As a result, our model needs to be flexible to accommodate these user-defined
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Input Data

Job 

ID

Rig 

ID
Description of Maintenance Action

J01 R01

Mud pump is currently being run for drilling 

operations. Unusual vibrations noted. Main 

Bearing temp 46c.Mechanics to check 

temperature when running &also check for 

vibration

J02 R01

Parts Requested from ICS:, Mud Pump 2 Lube 

Oil Pressure Switch Sticking. Order new 

switch, Part received and installed

J03 R02

Equipment is out of Service Mud pump # 1out 

of service to carryout change out of washed-out 

discharge module

J04 R03

Valve and seat on suction module cyl #3were 

changed out due to worn conditions and high 

hours parts. Parts Requested from ICS:

Desired Output

Failure 

Mechanism
Associated Parts

Vibration-

Mechanical 

failure

Bearing-Power End

Sticking-

Mechanical 

failure

Pressure Switch-

Lubrication System

Washed-

Material Failure
Discharge Module

Worn-Material 

Failure

Valve & Seat-

Suction Module

Figure 2.1: Sample of input data for text analysis.

preferences.

Within the reliability literature, efforts have been made by researchers to incorporate tex-

tual knowledge. In [75] author propose a graphical semi-supervised industry-specific word

embedding approach for classifying documents. There exists a large body of methods for

unsupervised text clustering within the natural language processing (NLP) domain [144].

However, for clustering methods, the numerical representation of the textual data is highly

imperative. Word2vec has proven to be very effective for generating numerical represen-

tation of textual data [105]. The idea is to efficiently represent a single word into a one

dimensional vector space (also called embeddings) and then use this representation to per-

form downstream tasks, like clustering. In general use, word2vec is employed on a single

set of data, i.e., the representation generated using word2vec only learns the semantic in-

formation presented by the contextual words in the document. This limits the introduction

of any kind of external context. Naturally, researchers have provided several ways to tackle

this shortcoming. For example, [183] propose a two-step procedure to identify the relations
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between words, wherein, in the first step they learn embedding, and in the second step, they

introduce relation in a supervised way. [169] incorporate the relationships between pairs of

words by optimizing different cost functions. However, for these methods, it is unclear how

commonality on a sentence or document level can be identified.

[185] use an adaptive clustering module that cluster topics into sub-topics and sample

documents relevant to the sub-topics to learn local embeddings. However, their method

relies on sampling documents from the internet that are specific to sub-topics present in

the taxonomy. In [92], the authors develop a dynamic weighting neural network and use the

hypernym-hyponym (parent-child) pairs available in Wordnet (a lexical database of semantic

relations between words) along with contextual words present in a document. However, the

keywords indicating taxonomic/external knowledge may not co-occur together in the same

document as can be seen in the illustration of Figure 2.1 (where ‘vibration’ and ‘sticking’

do not occur together). The dynamic distance margin model proposed by [183], also uses

co-occurring words and their frequency to learn their embeddings. Their loss function mini-

mizes the distance between embeddings of the words that exhibits one of the three relations

(co-hypernym, co-hyponym and hypernym-hyponym) and thus neglects semantic/contextual

information. The Attract-Repel model proposed by [112] uses a pre-specified word represen-

tation/embedding and incorporates the external/taxonomic information over it. The word

embeddings generated rely on a pre-trained word representation and incorporate taxonomic

knowledge as a post processing step [8] This also increases the number of hyper-parameters,

like regularization constants, to retain the semantic information. The model proposed by [8]

and [23] learn the word embeddings using the corpus and taxonomy information where the

contextual knowledge is learnt using the GloVe loss function [118]. However, their model

incorporates the taxonomic guidance for only those words which are contextual and co-occur

with each other in a given maintenance log.

Recently, transformer based models have become popular in the NLP literature [166],

[39]. However, training them require a large corpus like Wikipedia (≈16 GB of uncompressed
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data) to efficiently learn millions of parameters [80]. Also, such models provide contextual

embeddings for words which needs to be processed before applying to a down stream task

like clustering [144]. Apart from this, some transformer models which incorporate additional

taxonomic information train two tasks simultaneously: 1) Masked Language Modeling and

2) Next sentence prediction tasks. To replicate them, the data has to be transformed in a

sequential way (premis-hypothesis for [30] or question-answer as in [84]). Other transformer

models like [190] require generation of graph based embeddings while model proposed in

[119] require an entity candidate selector. The K-adapter model proposed in [172] require

additional supervised dataset to induce the taxonomic information.

A supervised method is proposed in [93], where information about hierarchical taxonomy

is incorporated by leveraging local and global classifiers trained on annotation for each word

in a record. Similarly, in [133], each word in the sentence is annotated and the objective is

to predict not only the contexual words but also the corresponding labels while learning the

embeddings. Development of tools to assist annotation of maintenance documents is still

under progress [141]. The Dict2Vec model presented in [159] learns embedding for various

words using definitions provided in dictionaries like Cambridge, Oxford, etc.,. More recently,

the work proposed by [95] learns embeddings for taxonomy terms using their definitions in

Wiktionary while the work proposed in [4] aims to classify scholarly articles by learning

embeddings for each term in knowledge graph using [24].

Based on the literature review, we note that there is a lack of studies which leverage

one-step simultaneous learning of information from both industrial equipment maintenance

records and industrial domain taxonomy in a completely unsupervised manner without de-

pending on any additional resource apart from maintenance logs and industrial taxonomy.

Hence, in this chapter, we propose a novel approach (namely Custom Word Embedding

Model (CWEM), which is summarized below:

• We combine Skip-Gram model with standard industrial taxonomy to jointly leverage

the information from two sources while learning word embeddings. This helps us to
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reduce the training time when compared to a two-step procedure which incorporate

the additional information as a post-processing step.

• We employ a one-step learning procedure by employing a new learning parameter

which weighs the features to learn from both bodies of information (contextual and

taxonomic). This reduces the number of hyper parameters required to tune while

replicating the model as opposed to the two-step procedures [112] and thus avoids the

dependency on hyper-parameter tuning algorithms.

• The model does not require the taxonomy terms to be contextually co-occurring in a

given maintenance log and hence can learn from the complete taxonomy rather than

a subset of terms which co-occur.

• The model is learnt in a completely unsupervised manner and avoids dependency on

any additional resources like WordNet, Wikipedia or any other supervision.

2.3 Data Description and Textual Clustering

2.3.1 Description of Data Sources

We consider two sources of information. The first is the dataset of maintenance records

see Figure 2.1. Let L denote the number of maintenance records, each denoted by JobID in

the dataset. Corresponding to each JobID we have the associated system and the description

of the maintenance action which was conducted as well as information regarding the portion

of the equipment that caused the maintenance action, as well as observations regarding the

equipment condition. The second source of information which we incorporate is the standard

industry taxonomy associated with the oil and gas industry. In particular, we consider two

kinds of industrial taxonomies - failure taxonomy and equipment taxonomy. The failure

taxonomy provides a list of commonly used technical terms associated with failures and

failure mechanisms in oil rig systems. The equipment taxonomy provides the listing of
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different items that comprise the equipment hierarchy and the relationships between them,

namely system, sub-unit, maintainable item and component. In the remainder of this chapter

we refer to these distinct taxonomy categorizations as classes. A detailed description of the

taxonomies is provided in Section 2.5. Now, suppose the records can be grouped into K

different clusters (where K < L). Thus, our objective here is to appropriately represent the

two information sources and identify the clusters based on a similarity measure. We discuss

below the basic steps used in clustering of the textual records.

2.3.2 Basics Steps for Clustering of Textual Data

The first step in clustering of textual data is to design an appropriate mathematical rep-

resentation of these documents. In other words, this mathematical representation is critical

in the model’s clustering performance. In the literature, several different representations

are available like Latent Semantic Analysis [81], Latent Dirichlet Allocation [22] along with

word2vec/Skip-Gram. The state-of-the-art Skip-Gram (SG) model is chosen as the basic

representation for our study (we provide more details regarding the SG model in Section

2.4.1). Once we have established a mathematical representation, the next step is to iden-

tify the clusters present in the corpus. Several clustering algorithms are available in the

literature (please see [131] for a recent review). The core idea of clustering algorithms is

to minimize the distance of word representations with respect to cluster centers. We use

k -means algorithm for the same which uses a pair-wise distance matrix to identify k -centers

of each clusters. We revisit the steps used for clustering in Section 2.5.3.

2.4 Model Development

Figure 2.2 outlines the workflow of our proposed framework. The central idea of our ap-

proach is that it entails learning information from two information sources simultaneously,

namely semantic/contextual information and taxonomical information. In the current chap-
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ter, information from a single hierarchy taxonomy, pertaining to the oil and gas industry is

incorporated along with the semantic knowledge to learn industry-tailored word embeddings.

The industry taxonomy provides a grouping of tokens into different classes where tokens in

the same class are similar to each other while tokens in different classes are dissimilar to

each other. To incorporate the semantic information, the architecture for the SG model

(Section 2.4.1) is used. CWEM, thus, tries to incorporate additional taxonomic information

by modifying the loss of the SG model as detailed in Section 2.4.2.

Use maintenance records to create corpus

Define hyper-parameters to learn 

semantic information: 
(batch size, contextual window size, 

embedding size and num_skips)

Initialize Model: 
(weights of neural network ~ Standard Normal with zero bias)

Process taxonomy tokens

Create sets to calculate two different 

clustering measures. One for tokens 

in same taxonomy class and other 

for tokens in different taxonomy class

Learn model parameters by minimizing modified loss: 
(optimizer => stochastic gradient descent with exponentially decaying learning rate)

Figure 2.2: A flowchart illustrating the steps involved for proposed framework.

2.4.1 Distributed Representation of a Word

The semantic information is incorporated using the corpus of maintenance records. We

use Skip Gram (SG) [105] model for this purpose (please see [132] for a comprehensive

explanation). The central idea is credited to the distributional hypothesis which implies

that words which represent similar meaning are generally used in the same context [62].

Figure 2.3 provides the basic neural network architecture of the SG model.

The SG model learns a vector representation (known as word embeddings) for an input

word by maximizing its affinity with the contextual or neighboring words. For example,

consider the sentence “Damage was caused by leaking pump valve". Here, if we consider the
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word “leaking" to be the input word, then the rest of the neighboring words are contextual

words for it. The number of neighboring words that are used to learn the vector represen-

tation for a given input word constitutes the size of the semantic window represented by

|C|. The objective of the SG model is to generate a vector representation for the given

input word which helps to predict the correct context word with a high accuracy. In the

same example, if the size of the semantic window is |C| = 2, then the (input, context) word

pairs become: (leaking, caused), (leaking, by), (leaking, pump), (leaking, valve). The SG

model then learns such embeddings for “leaking" which can give a high output score for the

true contextual word. The output score is a soft-max score (equation 2.1) which assigns a

probability ranking to all words in the vocabulary for being observed as the context word

for a given input word.

We denote an input word by wI and its vector representation by vwI
in the SG model.

Word embeddings are learned using a neural network architecture having an input layer, a

hidden layer, and an output layer. The input layer is a |V |-dimensional layer corresponding to

the dictionary created by all V-distinct words present in the vocabulary V (as shown in Figure

2.3). The input layer can thus be considered to have |V | nodes where each node represents

a placeholder for every input word. Next, the input layer is connected to the hidden layer

h by a weight matrix W|V |×N . Please note that each row of the weight matrix constitutes

the embedding vector vwI
for the corresponding input word which we are learning. Next,

the hidden layer is connected to the output layer using a different weight matrix W
′

N×|V |

(Please note the ′ notation is used to refer to elements of the output layers). In the SG

model, instead of a single output layer, we have c ∈ C = {1, 2, 3, · · · , |C|} panels for the

output layer. The weights matrix W ′

N×|V | connecting the hidden layer to the output layer is

shared among all the panels. The rows of the weight matrix linking the hidden layer to the

output layer gives the output vector representation v
′
wj

of each word. The final output layer

thus has |C|× |V | nodes, where the cth contextual word located at jth position in vocabulary

is denoted by wc,j and its output vector representation is denoted by v
′
wj
. As the weight
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matrix W ′

N×|V | is shared among all C panels so is the output vector v
′
wj

for a given context

word.

The steps followed while training are as follows: First, the hidden layer transposes the

input weight vector vwI
to give hidden layer vector h = vwI

T . Second, dot product is

evaluated between the hidden layer vector h and the output weight vector v
′
wj

for all words

j ∈ V at each panel c ∈ C. The dot-products are passed to a soft-max activation layer

which gives us the probability of observing a contextual word wc,j for a given input word

wI at the cth context position. The soft-max score is highest for the true contextual word

which are passed while training the neural network as compared to other words in the

vocabulary. Following the above example, the word ‘pump’ should have the largest soft-max

score corresponding to the word ‘leaking’ at the c = 3rd panel (because ‘pump’ is the 3rd

context word for ‘leaking’).

We now formalize the above steps into mathematical equations. The semantic informa-

tion for each context word wc,j corresponding to the given input word wI is learned as a

multinomial distribution at each panel c = {1, 2, 3, · · · , |C|} and is given by equation 2.1.

Here, wO,c is the actual cth context word specified while training the neural network. For

example, words like ‘caused’, ‘by’, ‘pump’ and ‘valve’ would correspond to wO,1, wO,2, wO,3

and wO,4 for the input word ‘leaking’. As already described, for the SG model on the output

layer, instead of outputting one multinomial distribution, we are outputting |C| multinomial

distributions, one distribution at each panel, where each multinomial distribution gives the

probability of observing the true context word at that position. The symbol uc,j represents

the net dot-product of the jth word in cth panel with the hidden layer vector h and is given

by uc,j = uj = v
′
wj

T · h for c ∈ C = {1, 2, 3, · · · , |C|}. The cross-entropy loss maximizes the

probability of the observed context words for the given input word (equation 2.2).

soft-max score = p(wc,j = wO,c|wI) =
exp(uc,jc∗ )∑|V |
j
′
=1

exp(u
j
′ )

(2.1)
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Cross− Entropy − Loss = σ(v
′
wj∗

T · h)

= − log(p(wO,1, wO,2, · · · , wO,|C||wI))

= − log(
∏|C|

c=1

exp(uc,j∗c )∑|V |
j
′
=1

exp(u
′
j)

)

= −
∑|C|

c=1 exp(ujc∗ ) + |C| × log
∑|V |

j′=1
exp(u

′
j)

(2.2)

where j∗c is the index of the actual output context word occurring at jth index of the cth panel or occurring

at the cth position of the semantic window.

The cross-entropy loss updates the output vector v
′
w for each word wj in the vocabulary

at every iteration and is, therefore, intractable to implement in its original form. To tackle

this challenge, [105] proposed the idea of negative sampling where negative samples are

drawn along with the true/positive context words. Negative samples (present in set Wneg)

are random words drawn from the vocabulary that have the least probability to occur as

contextual words for a given input word. The Noise Contrastive Estimation (NCE) loss is

thus given by equation 2.3 and minimizes the probability of predicting the negative context

word given an input word.

NCE loss = − log(σ(v
′
wj∗

T · h)−
∑

wn∈Wneg

log(σ(−v
′
wn

T
h)) (2.3)

where wj∗ is the output word (positive sample), v
′
wj∗

is its output vector, h is the hidden

layer vector h = vwI
T , σ is the soft-max activation function and wn are the negative sampled

words having v
′
wn

as its vector representation.

2.4.2 Proposed Custom Word Embedding Model (CWEM)

Having learned the contextual/semantic information, we now harness the information

from the second source i.e., the taxonomic information. Let M be the set of classes present

in the taxonomy indexed by {‘0’, ‘1’, ‘2’, · · · , ‘m-1’}. For example, ‘mechanical failure’

and ‘material failure’ would constitute different classes of the failure mechanism taxonomy.

In Figure 2.1, the words ‘vibration’ and ‘stick’ belong to the same failure mechanism of
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wI

𝑤𝑂,1

𝑤𝑂,2

𝑤𝑂,𝐶

𝑊|V|×𝑁

𝑊𝑁×|V|
′

𝑊𝑁×|V|
′

𝑊𝑁×|V|
′

…
Input-Layer

Hidden-Layer

|V|

N

|C|×|V|

𝐯𝐰𝐈

h

::::::::::::::::::::::::::::::::::::::::::::

Output-Layer

𝑤𝐶,𝑗

::::::::::::::::::::::::::

𝐯𝐰𝐣
′

Figure 2.3: Neural Network architecture for the Skip Gram model.

‘mechanical failure’ while the words ‘wash out’ and ‘worn’ belong to ‘material failure’. The

tokens present in the taxonomy are divided into two different sets as shown in Figure 2.4.

The first set contains pairs of tokens belonging to the same class while the second set contains

pairs of tokens belonging to the different classes. The major motivation is that the tokens of

the same class should have similar word embeddings while the tokens belonging to different

class should have dissimilar word embeddings. Next we define the kinds of similarity measure

between the words present in different taxonomic classes which would help include taxonomic

information in the learnt embedding.

We define two different kinds of clustering measures. The first measure of Within Class

Dissimilarity (WCD) tries to move points of the same cluster closer to each other while the

second measure of Between Class Similarity (BCS) tries to move points of different clusters

away from each other. WCD measures the dissimilarity between tokens (words) within the

same taxonomy class (as indicated for tokens of taxonomy class 1 in Figure 2.4). Intuitively

we would like to have the dissimilarity between the embedding vectors of tokens (words) of
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the same class to be as low as possible. The measure of dissimilarity is given by the sum

of the cosine distance between different tokens belonging to the same taxonomy class and

is shown in equation (2.4). Let mk represent a class in set M. Let wT,mk define the token

(word) from taxonomy class mk (here the subscript T indicates that the token is also present

in the taxonomy). Here, (vwT,mkp
, vwT,mkq

) denote the word vector representation for words

wT,mkp and wT,mkq belonging to the same class mk ∈M.

WCD =
∑
∀mk∈M

∑
wT,mkp

∈ mk
wT,mkq

∈ mk

(1−
vwT,mkp

· vwT,mkq

||vwT,mkp || ||vwT,mkq ||
) (2.4)

BCS measures the similarity between any two classes mk,ml ∈ M of the taxonomy (as
indicated for the tokens of taxonomy class mk and ml in Figure 2.4). Opposed to WCD,

for tokens (words) in BCS, we would like to have the dissimilarity between vectors of tokens

from different taxonomy class to be as high as possible. For example, we consider the

similarity measure between the class ‘mechanical failure’ (mk) and ‘material failure’ (ml) is

given by averaging the cosine similarity between (‘leak’∈ mk , ‘corrosion’∈ ml); (‘leak’∈ mk

, ‘erosion’∈ ml); (‘vibration’∈ mk , ‘corrosion’∈ ml) · · · . Equation (2.5) describes the

mathematical expression for measuring the between class similarity. Here, vwT,mkr
is the

embedding vector for rth word in taxonomy class mk and vwT,mls
is the embedding vector

for sth word in taxonomy class ml.

BCS =
∑
∀mkinM
ml∈M

∑
wT,mkr

∈ mk
wT,mls

∈ml

(
vwT,mkr

· vwT,mls

||vwT,mkr || ||vwT,mls ||
) (2.5)

As we propose to learn the semantic and taxonomic information simultaneously, the

tokens (words) of the taxonomic class borrow their embedding vectors from the same weight

vector of the original SG model. The similarity measures are now combined with the original

NCE loss for simultaneous learning of efficient word embeddings. The new loss function is

called as the Custom Word Embedding Model loss (CWEM loss) and is given by equation
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(2.6) and is defined as a weighted average (weights given by α) of the NCE Loss and the

similarity measures given by (WCD and BCS).

CWEMLoss = α × NCE Loss +(1-α)×{WCD + BCS} (2.6)

The simultaneous learning in CWEM takes information from SG architecture (shown

Figure 2.3) and from the WCD and BCS sets (shown in Figure 2.4). The weighted average

of both the losses gives a trade-off between the semantic and taxonomic information to be

incorporated in the learned embedding. It allows the user to weigh the extent of taxonomic

information the user finds essential to incorporate in the generated word representation.

The lower the value of α, the higher the taxonomic information in the generated word

representation.

Taxonomy Class :-k (𝑚𝑘)

𝑤𝑇,𝑚𝑘𝑝WCD

BCS

Taxonomy Class:- l (𝑚𝑙)

𝑤𝑇,𝑚𝑘𝑞

𝑤𝑇,𝑚𝑘𝑟

𝑤𝑇,𝑚𝑙𝑠

Figure 2.4: Tokens in WCD and BCS sets of the CWEM.

As an illustration, consider the example in Figure 2.5. For the first sentence, the word

‘loosened’ learns semantic information about its neighboring words due to the NCE loss.

Similarly, for the second sentence, the word ‘leak’ learns semantic knowledge about its neigh-

boring words. However, as there are no matching words in the sentences, the sentences would

be dissimilar. To overcome this shortcoming, the external knowledge from the taxonomy is

used in the CWEM to increase the similarity between the words ‘loosened’ and ‘leak’, thus
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1) Aux Drawworks #2 hpu pump love joy coupling has loosened’ 

2) ‘Air leak on casing fingerboard control cabinet’

Aux Drawworks hpu love joy coupling loosened

Air leak casing Fingerboard control cabinet

pump

Figure 2.5: Intuition for using two information sources for better representation. The dashed
lines ( ) represent learning through NCE loss for the semantic information while the dot-
ted lines (· · · ) represent learning through the similarity of taxonomic tokens to incorporate
taxonomic information.

making the two sentences similar to each other. The implementation of the CWEM is given

in Algorithm 1.

2.5 Case Study (Dataset From Oil Rigs)

2.5.1 Available Maintenance Records

For our analysis, we use data obtained from eight systems (like High Pressure Mud System

(mud-pump), Drill Rig Hosting System etc., ) available across 31 oil rigs. The maintenance

records shown in Figure 2.1 are a representative sample of the dataset. We have 11682

maintenance logs (L), and the size of the vocabulary (V ) is 12987.

2.5.2 Experimental Settings

For the case study, we demonstrate the application of our proposed model using two

different Settings. In Setting 1, we use the failure mechanism taxonomy and try to cluster

maintenance records that are associated with similar failure mechanisms. For Setting 2,
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Algorithm 1: Initializing and implementing CWEM for a batch
1 Input = α,N,window_size, num_skips, lr,wI ∈ V

. lr is the learning rate for the Gradient Descent
1: Initialize weights for different layers

First: vwI ∈W|V |×N → N (0, 1)

Hidden: h→ vwI
T

Output: v′wO
∈W ′

N×|V | → N (0, 1)

2: Create the WCD sets, having words from same taxonomy class m′ ∈M in same set
WCD → {wT,mkp , wT,mkq ∈ m

′ ∀(mk ∈M)}
3: Create the BCS sets, having words from different taxonomy classes mk,ml ∈M.

BCS → {wT,mkr ∈ mk, wT,mls ∈ ml ∀(mk,ml ∈M)}
4: Calculate NCELoss using equation 2.3
5: Calculate WCD using equation 2.4
6: Calculate BCS using equation 2.5
7: CWEMLoss = α×NCELoss+ (1− α)× {WCD +BCS}
8: lr_ex_decay → lr × decay_rate{

global_step
decay_step }

9: Optimizer → Gradient_Descent (minimize CWEMLoss using lr_ex_decay)

we use the hierarchical equipment taxonomy where the equipment is branched into various

sub-units which are further branched into maintainable items and parts. In Setting 2, we

try to cluster maintenance records that are associated with the same sub-units, maintainable

items or parts.

Setting 1: On Basis of Failure Mechanism

Here, our aim is to identify clusters of maintenance records which describe maintenance

events caused by similar failure mechanisms. The failure mechanism taxonomy is adapted

from [70] and a few sample rows are shown in Table 2.1 . We have five failure mechanisms

in the taxonomy as denoted in [70]. The number of terms in the taxonomy are summarized

in Table 2.2. We consider uni-gram (single word) tokens for this Setting. Tokens in the

taxonomy are processed using steps demonstrated in Figure 2.6a. The lementized tokens

are obtained using a third party package in Python. For any tokens that are not accurately

converted, we manually add extra tokens which represent the base form of the words (e.g.,

for the token ‘Leakage’, we also add ‘Leak’). The taxonomy tokens are then combined with

each other to form elements of the WCD set which are pairwise combination of tokens from
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Table 2.1: A sample of taxonomy obtained from [70]

Failure Mechanism Subdivision Description

Mechanical
Leakage

External and internal leakages, either liquids or
gases. If the failure mode at equipment unit
level is leakage, a more causal-oriented failure
descriptor should be used wherever possible

Vibration

Abnormal vibration. If the failure mode at
equipment level is vibration, a more

causal-oriented failure descriptor should be used
wherever possible

.. .. ..

Table 2.2: Number of terms in failure mechanism taxonomy groups

Failure mech. Mechanical Material Hydraulic Electrical Control
# of tokens 28 25 10 10 6

the same class. Similarly, the BCS set is formed by pairwise combination of tokens from the

same class. The formation of the sets is illustrated in Figure 2.6b.

Setting 2: On Basis of Mud-Pump Equipment Taxonomy

In this Setting, our aim is to identify the cluster of maintenance records which describe

maintenance activities concerned with same sub-units (or constituents components) present

in the mud-pump taxonomy. The sample of the mud-pump taxonomy is shown in Table 2.3.

The taxonomy is created as a bill of materials (BOM) for the equipment. As the current

model incorporates information from a single hierarchy taxonomy, we collapse the multi-

hierarchy taxonomy of mud-pump to a single hierarchy by collapsing the maintainable items

and parts of each sub-unit into a set which we term as sub-parts. We have five classes in

the equipment taxonomy. The number of terms present in each class are shown in Table

2.4. The processing step Figure 2.7a for the taxonomy has an additional step as there are

many sub-parts which have multiple words in them and are thus converted appropriately

into n-grams before training the model. Word tokens present in multiple sub-branches are

removed so that each token can have membership exclusively to a single class. Sets of tokens
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Replace special characters (“-”, “_”, 

“()”) and punctuations with white space

Convert tokens to lower case

Singularize and Lemmentize word 

tokens and remove extra spaces

Replace abbreviation with their full-

forms

Manually add additional tokens which 

represent base forms

Inputs from 

acronym file

(a) Processing failure mechanism taxonomy.

Failure Mechanism

Mechanical 

Failure

Material 

Failure

Electrical 

Failure
…

Leakage,

Vibration,

Clearance, …

Cavitation,

Corrosion,

Erosion,  …

Circuit,

Power,

Voltage, …

…

Within Class Dissimilarity Set

{(Leakage, Vibration), (Vibration, Clearance), (Cavitation, Corrosion), …}

Between Class Similarity Set

{(Leakage, Cavitation), (Vibration, Corrosion), (Leakage, Circuit), …}

(b) Formation of sets for Setting 1.

Figure 2.6: Setting 1 data preparation.
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Table 2.3: A sample of equipment taxonomy for mud-pump

Equipment Unit Sub-Unit Maintainable Item Parts

Mud-Pump Fluid End
Manifold

Discharge Manifold
Suction Manifold

Piston and Liner Piston

Table 2.4: Number of terms in equipment taxonomy groups

Sub-units Drive
Motor

Fluid
End

Motor
Cooling

Power
End

Tool
Control

# of tokens 10 22 14 19 10

required to develop the model are then created in the similar fashion as discussed in Section

2.5.2 and shown in Figure 2.7b.

2.5.3 Experimental Setup

We train the word embeddings using the CWEM for each Setting separately and generate

separate word embeddings for each Setting. As shown in Algorithm 1, the embedding vector

for each word is initialized using a standard normal distribution. To train the algorithm, we

choose the word embedding lengths N = 100. The context window length is chosen to be

10 (C = 10; 5 context/target words to the left and right of the input word) and the batch

size is chosen to be 256. We set the hyperparameter num_skips = 8 to specify the number

of words to be randomly sampled from the context window while learning embedding. To

exponentially decay the learning rate of the gradient descent optimization, a decay step of

200 and a decay rate of 0.875 is selected. We use three competitive models to compare the

performance of clustering of our method as described below:

Competing Models

1. CWEM with α = 1/SG model: The CWEM with α= 1.0 represents the original

skip-gram model in our setting.

2. GoogleNews: Google‘s set of global word embeddings which contain pre-trained
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Steps 1-3 same as shown Fig 6 (a)

Join Tokens to create n-grams

Replace abbreviation with their full 

forms

Remove tokens common across 

multiple Sub-Units

Inputs from 

acronym file

(a) Processing mud-pump taxonomy.

Equipment: Mud Pump

Sub-Unit:

Drive Motor 

Assembly

Sub-Unit:

Fluid End

Sub-Unit:

Motor Cooling 

System

…

Maintainable Item:

Drive Motor,

Driving Mechanism, 

…

…

Within Class Dissimilarity Set

{(Drive Motor, Belt), (Chain, Sheave), (Discharge Manifold, Manifold), …}

Between Class Similarity Set

{(Belt, Piston), (Chain, Liner), (Sheave, Manifold), (Piston, Filters), …}

Maintainable Item:

Manifold,

Modules,

Piston and Liner,..

Maintainable Item: 

Air Ducting,

Blower Motor,

Filters, …

Parts:

Belt, Chain, Sheave,  

…

Parts:

Discharge Manifold, 

Piston,…

Parts:

Louver, Plenum, 

Spark Arrestor, …
…

(b) Formation of Sets for Setting 2.

Figure 2.7: Setting 2 data preparation.
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word embeddings developed on several Google news article stored in the GoogleNews-

vectors-negative300.bin.gz

3. Attract-Repel Model: The Attract-Repel model proposed by [112] uses pre-trained

word embeddings and incorporates additional information regarding the pairs of words

which are either synonyms or antonyms. Please note that, for Attract-Repel model,

elements of WCD set forms synonym set while elements of the BCS set forms antonyms

set.

4. Dict2Vec: The Dict2Vec model presented in [159] learns embedding for various words

using dictionary definitions provided in multiple dictionaries like Cambridge, Oxford,

etc., to incorporate the meaning of each word while learning word embeddings. We

utilize the pre-trained word embeddings for Dict2Vec with embedding size of 100 and

also use Dict2Vec as a base embedding for Attract-Repel Model.

5. Joint Rep using GloVe: The joint learning model that we incorporate is proposed

in [8], [23]. The authors proposes to use a single step joint learning model which in-

corporates the contextual information by using the loss function for GloVe [118]. The

GloVe loss function is constructed using a term co-occurrence matrix which incorpo-

rates terms that co-occur with each other in a maintenance record. The taxonomic

knowledge is incorporated by minimizing the distance between the terms that belong

to the same taxonomy branch and also co-occur with each other in the record.

Implementation

A clustering experiment is conducted by forming clusters of the selected documents (main-

tenance records) using the competitive models and CWEM with α ∈ {0.2, 0.35, 0.5, 0.65,

0.8 and 1.0}. To perform the experiment, documents from the processed corpus are selected

for the two different Settings. We select a random sample of L = 100 documents for Setting

1. We manually identify the true failure mechanism indicated by each document and mark
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it as the true label for the given record. For Setting 2 as well, we select a set of L = 100

documents indicating the sub-unit which was repaired for the mud-pump. The sub-parts

and sub-units for documents in Setting 2 can be assumed to occur primarily as ‘nouns’ in

the documents, and hence we filter the selected documents to only include ‘noun’ and ‘verb’

before performing the experiment in order to remove noisy words. Such Part of Speech

(‘POS’) targeted filtering is not feasible for Setting 1 as failure mechanisms could also occur

as adjectives describing the condition of the part requiring maintenance.

Next, to cluster the documents in each dataset, the pairwise distance matrix is generated

for maintenance records using word embeddings from each model (competitive and CWEM).

The pairwise distance matrix measure is the pairwise distance between documents contained

in the dataset and is a square matrix of dimension (L×L) for each dataset. To generate the

pairwise distance matrix, one approach would be to just simply average the word embeddings

of all words in the maintenance record and calculate the distance between these averaged

embeddings. However, this will be very naive and would not be able to incorporate the

essential information in the maintenance records because of the noise present in the dataset.

To overcome this limitation, the pairwise distance between documents is measured using the

Words Mover Distance (WMD) algorithm proposed by [78]. The WMD distance measures

the dissimilarity between two text documents as the minimum amount of distance that the

embedded words of one document need to “travel” to reach the embedded words of another

document. The distance matrix is then supplied as an input to the k -means algorithm in

order to determine the cluster label for each document. We use k -means because we have

predetermined numbers of clusters for our experiment. Further, the k -means algorithm is

highly efficient having comparable performance with other available clustering algorithms

[131]. Using the predicted label from k -means and the manually marked label for each

document evaluation metrics are generated.



35

2.5.4 Evaluation Criteria and Metrics

To evaluate the models’ performance, we use the Adjusted Ranked Index (ARI) and the

Silhouttes score (SSc) as the metric. The ARI is a similarity measure between two clustering

schemes which considers all pairs of samples and the count of pairs that are assigned in the

same or different clusters in the predicted and true clustering scheme. The ARI is calculated

between the predicted label and manually marked label. High ARI would mean that high

association exists between the predicted labels and the true labels. The SSc measures the

consistency of the clusters formed and indicates how well the element is matched to its own

cluster as opposed to the neighboring clusters. The range of the SSc is [-1, 1], and the higher

the SSc, the better the efficiency of the clusters formed.

2.5.5 Results

The ARI and SSc scores obtained from the clustering analysis are discussed here. Fig-

ure 2.8 is generated during silhouettes analysis for the CWEM with α = 0.65, SG model

and Attract-Repel (SG) model. The plots on the left panels demonstrate the thickness of

the cluster formed and the plots on the right panel indicate the clustered points on a 2-

dimensional space. It can be seen from the plots on the right panel the clusters for CWEM

with α = 0.65 model are well separated as compared to other competitive models. Also,

the average SSc (indicated by dashed red line in the left panel) is higher for CWEM with α

= 0.65 model. The training time for 100 batches of Attract-Repel model with Skip-Gram

embeddings is 18 seconds, whereas, it took 0.2 seconds to train 100 batches of CWEM.

The results for both the Settings of all the models are summarized in Table 2.5. It can

be observed that for a random sample of 100 documents the ARI and SSc for all CWEM

with α < 1.0 is better than the competitive (Attract-Repel, Dict2Vec, Glove) and baseline

(word2vec, Google News) models. The results for the competitive (Attract-Repel, Attract-

Repel (Dict2Vec), Joint Rep using GloVe) model are however better than their corresponding
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(a) Silhouettes analysis for CWEM with α = 0.65 model

0.1 0.0 0.2 0.4 0.6 0.8 1.0

The silhouette coefficient values

Cl
us

te
r l

ab
el

0

1

2

3

4

The silhouette plot for the various clusters

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Feature space for the 1st feature

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Fe
at

ur
e s

pa
ce

 fo
r t

he
 2

nd
 fe

at
ur

e
The visualization of the clustered data

(b) Silhouettes analysis for SG (CWEM with α = 1.0) model
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(c) Silhouettes analysis for Attract-Repel (SG) Model

Figure 2.8: Comparison of silhouettes analysis for CWEM with α = 0.65 model, SG (CWEM
with α = 1.0) model and Attract-Repel(SG) model
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Table 2.5: Comparison of model performance

Setting 1 Setting 2
Model Name ARI SSc ARI SSc

CWEM α = 0.20 scaled 0.211 0.104 0.191 0.136
CWEM α = 0.35 scaled 0.295 0.104 0.321 0.136
CWEM α = 0.50 scaled 0.336 0.105 0.342 0.139
CWEM α = 0.65 scaled 0.338 0.106 0.42 0.187
CWEM α = 0.80 scaled 0.356 0.098 0.423 0.181

CWEM α = 1.0 scaled/SG 0.028 0.079 0.096 0.093
Attract-Repel (SG) 0.059 0.081 0.17 0.105

Google News 0.052 0.09 0.116 0.091
Attract-Repel (Google News) 0.106 0.087 0.129 0.094

Dict2Vec 0.088 0.048 0.141 0.089
Attract-Repel(Dict2Vec) 0.155 0.064 0.131 0.088
Joint Rep using GloVe 0.073 0.084 0.132 0.122

baseline models. For both the Settings, it can be observed that ARI and SSc is better for

α > 0.5. The ARI and SSc for Setting 2 are highly distinct for CWEM as compared to the

competitive models. This distinction can be attributed to the POS filtering carried out on

the documents for Setting 2 which results in a higher frequency of taxonomy terms in the

documents as compared to the other terms. The CWEM with α = 0.65 performs better in

terms of SSc for both the Settings. The Joint Rep using GloVe model does not perform well

in the experiments. This can be attributed to the requirement of co-occurring taxonomic

terms in the maintenance records. The Attract-Repel (Dict2Vec) model performs pretty well

for Setting 1 as taxonomy terms in Setting 1 contains terms like ‘leak’, ‘corrosion’ etc., which

are generic in nature and have the same contextual meaning in various English dictionaries.

However the model performance decreases when a more specific industrial taxonomy is used

as can be seen in Setting 2 results. To better understand the convergence of ARI for each

model, as well as the consistency of the models, we consider bootstrapping next.

For bootstrapping, we use the same dataset of selected 100 documents from which we

create a balanced set of 50 documents where we sample L = 10 documents of each class

from the initial set. This process is repeated for B = 100 iterations, and in each iteration,

we calculate the ARI for the sampled set. The mean value of the ARI is calculated to
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analyze the performance of each model and is tabulated in table 2.6. By observing the

bootstrapped results, we infer that, for documents having high frequency of non-taxonomy

tokens (as in the case for maintenance records of Setting 1 and Setting 2), it is better to

incorporate semantic knowledge to a higher extent by keeping 0.5 < α < 1.0 to allow for

better clustering. However, when it is intuitive that the number of taxonomy tokens would

occur at high frequency in the documents under consideration (as in Setting 2), the model

performs well even when taxonomic information is incorporated at a higher extent with

values of 0.2 < α < 0.5. We illustrate the results obtained for bootstrapping in Figure 2.9.

It can be seen that the mean of bootstrapped ARI for CWEM with α = 0.65 is significantly

larger than the mean of the other competitive models.

Table 2.6: Results from bootstrapping

Model Name Mean ARI Setting 1 Mean ARI Setting 2
CWEM α = 0.2 0.1263 0.2669
CWEM α = 0.35 0.1282 0.3689
CWEM α = 0.5 0.1268 0.3299
CWEM α = 0.65 0.1513 0.3605
CWEM α = 0.8 0.1398 0.3560

CWEM α = 1 scaled/SG 0.0436 0.1742
Attract-Repel (SG) 0.1000 0.2506

Google News 0.0863 0.1188
Attract-Repel (Google News) 0.1251 0.1330

Dict2Vec 0.0882 0.1405
Attract-Repel (Dict2Vec) 0.1452 0.1509
Joint Rep using GloVe 0.0986 0.1308

2.6 Conclusion and Future Directions

In this chapter, we have proposed a novel distributed representation of textual descrip-

tion available in maintenance records. We use information from two sources (namely se-

mantic information and taxonomic information) to efficiently learn the word distribution,

and a weighting parameter governs the learned representation. In terms of identifying clus-
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Figure 2.9: Bootstrapping results for CWEM with α = 0.65, SG (CWEM with α = 1.0) and
for Attract-Repel (SG) model

ters, our proposed methodology using CWEM outperforms other models. The model also

demonstrates that simultaneous incorporation of taxonomic and contextual/semantic infor-

mation helps in developing efficient numerical representations for words as compared to the

traditional two-step procedure. There are two key observations in this regard: First, the

classification of documents depend on the secondary source of information, i.e., the clusters

formed will be influenced by the taxonomy which has been used. Second, the parameter α

provides a simple way to control the degree of influence exerted by the secondary source of

information.

In practice, for a new dataset, the parameter α = 1 would yield clusters by using infor-

mation present only within the documents, thus providing insights about the groups from a

general perspective. By gradually decreasing the value of α in the presence of an available

taxonomy, the model will identify clusters based on the taxonomy. Therefore, the clusters

will be similar based on the provided information. In this manner, the way of combining

different sources of information to identify groups would yield similarities or differences with

respect to the provided taxonomy. That is, two documents can belong to one cluster with
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respect to one taxonomy, while they may belong to different clusters with respect to another

taxonomy.

The work in this chapter can be used by OEMs in a variety of applications. For example,

the clusters of documents in Setting 1 would represent records from different failure mecha-

nisms, this information can help OEMs to better stratify their event data before performing

reliability studies. For example, the authors in [111], analyze clinical notes of patients for

unit-matching in survival analysis. In industrial domain a similar approach can be used for

identifying stratification in reliability data using the clusters obtained by CWEM in Setting

1. For Setting 2 the clusters represent different components or sub-units of the equipment

that required maintenance, thus, clustering them can help OEMs have targeted improve-

ments in equipment design or changes to their warranty policies or spares parts inventory

management. For future research, the current model could be extended to incorporate in-

formation about the lexical parent-child relations present in multi-hierarchy taxonomies in a

straightforward manner without having the dependency on additional resources/supervision.



41

Chapter 3

Confidently extracting hierarchical

taxonomy information from unstructured

maintenance records of industrial

equipment

3.1 Focused Abstract

Maintenance records of complex industrial equipment contain a large amount of unstruc-

tured data (e.g., technician notes) pertaining to repair actions and associated equipment

sub-components, degradation conditions, failure mechanisms, etc. These unstructured data

can yield valuable insights to improve the equipment design and maintenance plans, result-

ing in higher productivity and lower operating costs. Since manual review of information is

time consuming, companies make limited use of the maintenance records. To address this

opportunity, we propose a taxonomy-guided method for automatically analyzing the unstruc-

tured data and inferring critical information, specifically the hierarchy of the equipment’s

sub-assemblies and constituent parts that malfunctioned or failed during a breakdown event.
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Our method leverages syntactic (related to word frequency) as well as semantic (related to

word co-occurrence and their meaning) knowledge. A novel contribution of our work is that

we provide a confidence score for the information inferred by our method. Only the mainte-

nance records which receive a low confidence score will require manual review to confirm the

automated method’s results, thus ensuring minimal use of human resources. We demonstrate

the performance of our method using a real-world data set from equipment used in oil rigs.

3.2 Introduction

Every complex industrial equipment can be viewed as a hierarchical system of multiple

sub-assemblies and their constituent components which operate synchronously. The relation-

ships between the various sub-assemblies and other sub-components are generally defined in

the bill of materials for such a system and are represented by the equipment taxonomy. Each

branch in the taxonomy shows the association between components at different levels of the

assembly structure of the equipment, as shown in Figure 3.1. In this work, we focus on hier-

archical systems having two or more levels of hierarchy in the equipment taxonomy. These

levels, from top to bottom, are referred to as ‘Equipment ’, ‘Sub-unit ’, ‘Maintainable Item’

and ‘Part ’. For convenience, the subordinate items at every level of an equipment taxonomy-

branch are collectively referred to as ‘sub-components ’. A breakdown of any sub-component

requires repair action to be taken specifically for that sub-component and this affects the

associated equipment taxonomy branch. In Figure 3.1a, an example of a taxonomy-branch is

Mud-Pump (Equipment) > Drive-Motor-Assembly (Sub-Unit) > Drive-Mechanism (Main-

tainable Item) > Belt (Part). Ontologies have proven useful for various industry applications

such as representation of product assembly structures and product life-cycle management

[69]), ([77], [74]). Our focus is specifically on leveraging equipment taxonomy for analysis

of maintenance activities within the product life-cycle to infer the taxonomy-branch that

malfunctioned.



43

Mud Pump

Drive Motor 

Assembly

Motor Cooling 

System
Fluid End …

Drive 

Mechanism

Belt …

Sensors

Temperature

…

…

Blower 

Motor

Air 

Ducting

Louver …

Sensors

Pressure

…

…

Dampener Manifold

Discharge 

Manifold

Gauge 

Manifold
…

Gauges

Pressure

…

…

…

…

Equipment Unit

Sub-Unit

Maintainable 
Items

Parts

(a) Sample of OEM equipment taxonomy.

(b) Demonstration of inputs and outputs for the proposed method.

Figure 3.1: Research goal

Technicians document their findings in the form of unstructured free text while inspecting

or repairing an equipment. These maintenance records can contain a variety of information

including failure mechanism [170], broken sub-components, operating environment etc., that

could be used to assist failure diagnosis and prognosis. Accurately determining the sub-

components of a taxonomy-branch that failed within an equipment is very valuable to the

original equipment manufacturer (OEM) as well as the equipment owner. OEMs use this

information to make appropriate equipment design changes that can lead to improved per-

formance and reliability. This information also assists the OEM to update warranty policies
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appropriately to suffer minimal loss. Using the information about frequently failing hierar-

chical taxonomy-branches, equipment owner can focus their maintenance efforts specifically

towards these branches. This will help them to improve operation procedures, maintenance

practices and spare parts inventory management for the vulnerable taxonomy-branches and

would increase the overall equipment uptime and in turn reduce the operating expense.

Another essential reason to consider the hierarchical taxonomy-branch is that the same sub-

component would occur in different taxonomy-branches and even at different hierarchies.

For example a ‘seal’ is a ‘maintainable-item’ of ‘fluid-end’ and also a ‘part’ for the ‘fluid-end

→ ‘piston-and-liner’ taxonomy-branch.

While maintenance management systems allow for certain types of information to be

documented in a structured format (e.g., by selecting from a list of predefined categories),

a common challenge is that such categorical data are often incomplete or inaccurate. [64]

states that about 37% of maintenance records contain inaccurate categorical data, such

as incorrect attribution of failed sub-components. Further, researchers like [142] propose

supervised learning algorithm that rely on manually labeled maintenance record to train a

supervised classifier for root cause identification. [146] generate binary labels by assuming the

presence of a component in service data as an indicator of its failure, and train a supervised

binary multi instance learning classifier to sequentially mark maintenance records as failure

events. Similarly, [90] make use of both manually labeled and unlabeled inspection reports to

generate semi-supervised conditional random field model for entity recognition. However, in

this research we do not have explicit labels describing failed taxonomy-branch associated with

a given maintenance record to train such a (semi) supervised classifier. The unavailability

of explicitly labeled maintenance records for training a classifier to identify the complete

taxonomy-branch of a failed sub-component makes our problem unsupervised in nature.

To aid the analysis of unsupervised text data, Ontologies (like bill of material/equipment

taxonomy) have proven to be a promising resource that can induct domain specific knowledge

[44] while learning unsupervised models. [76] discuss about how Ontologies can help closed
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loop life-cycle management for products.

While the unstructured data in maintenance records contain valuable information, how-

ever, extracting essential information such as the equipment taxonomy-branch associated

with unstructured and unlabeled maintenance record is challenging in practice and present

several challenges like:

• C1: Unavailability of labels:- Maintenance record are not labeled with the associ-

ated taxonomy-branch of failed sub-components (unsupervised learning problem)

• C2: Unstructured text data without template:-Maintenance records are unstruc-

tured and do not follow any fix template as opposed to system logs that have fixed

templates Figure 3.2c. The unstructured text data also use synonyms and abbrevia-

tions to refer sub-components such as (‘swab’ → ‘piston’), (‘variable-frequency-drive’

→ ‘vfd’, ‘drive’). However, the OEM’s equipment taxonomy lacks alternate references

of sub-components.

• C3: Multiple local context of a word:-Unstructured data require contextual rea-

soning as the meaning of a specific word depends on the context of its use. For example,

‘pump’ can refer to the action of pumping or an equipment sub-component. Thus, in-

corporating contextual or semantic information while analyzing maintenance records

is essential [134], [156], [85], [69].

• C4: Incomplete information in text about failed equipment taxonomy-branch:-

The information contained alone in the maintenance record is usually incomplete and

inadequate to determine the equipment taxonomy-branch. As shown in Figure 3.2a,

the technician’s indicate that ‘louvers’ need replacement, but, to infer that the associ-

ated taxonomy-branch is ‘motor-cooling-assembly’→ ‘air-ducts’→ ‘louvers’ alone from

maintenance record is not possible. Thus, using ontologies like equipment taxonomy

help identify the complete taxonomy-branch. [74], [69], [161], and [186].
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• C5: Presence of misleading taxonomy tokens:-While preparing the maintenance

record, the technician may document multiple parts which were inspected but did not

fail. This infest the maintenance record with noisy tokens that did not actually need

repairs. In Figure 3.2b, while ‘valves’ and ‘seals’ are mentioned, the seals did not need

any repair. Thus, applying conventional Named Entity Recognition methods would be

incorrect to extract the complete taxonomy-branch of failed sub-component.

• C6: Non-unique instances of taxonomy tokens:-As mentioned above certain sub-

components that appear in multiple branches of equipment taxonomy, makes the iden-

tification of correct taxonomy-branch difficult. In Figure 3.1a, ‘sensors’ appear as

a Maintainable Item for the ‘drive-motor-assembly’ Sub-Unit as well as the ‘motor-

cooling-system’ Sub-Unit. Thus, only observing ‘sensor’ does not allow to infer the

specific equipment taxonomy-branch that failed.

Apart from the challenges (C1-C6) mentioned above, the proposed solution should also

provide confidence level associated with extracted taxonomy-branch of failed sub-components

for each maintenance record. The confidence score associated with the predicted taxonomy-

branch helps in deciding whether or not a manual review of the maintenance record is needed

to confirm the accurate taxonomy-branch. As discussed below in Section 3.3, the existing

research literature lacks an unsupervised framework that can overcome these challenges and

fulfill these requirements simultaneously. Thus, to address these research gaps, this paper

focuses on automatically analyzing unstructured maintenance records in an unsupervised

manner, without labeled data, to determine the complete equipment taxonomy-branch cor-

responding to each breakdown event by leveraging OEMs equipment taxonomy as shown in

Figure 3.1b. The solution methodology proposed handles challenges mentioned in C1-C6.

Our methodology incorporates two novel algorithms, namely 1) Backward-Forward and 2)

Verb-Analysis, that are based on syntactic (frequentist) rule-based methods in Natural Lan-

guage Processing (NLP). However, since frequentist methods can be misleading in analyzing

maintenance records, semantic techniques like word embeddings are also used to combine
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the results of the two frequentist algorithms and generate a single confidence score using

non-parametric density curve. The proposed confidence score serves as a metric to classify

the maintenance records into ones whose automated solution results can be fully trusted

and the ones whose results may need confirmation by manual review. We also discuss the

performance of our methodology using a real-world data set.

3.3 Literature Review

NLP methods are applied to meet several industries needs [175]. In Table 3.1, we cate-

gorize five categories of methods relevant to our problem and identify the limitations of each

existing method in tackling the challenges (C1-C6) mentioned in section 3.2.

The first research category is related to keyword extraction and named entity recognition

(NER) for text summarization [145]. The second research category focuses on utilizing

commercially available template guided log parser to analyze semi-structured software logs

(generated by the keyword logs.info()). The third category of research involves manual

labeling or tagging maintenance records. This stream of research requires human effort to

manually label or tag documents to provide supervision for training and thus is not suitable in

context of developing automated unsupervised method for extracting equipment taxonomy-

branch from maintenance records. Researchers like [142], [140], [141], [138], [90], and [25]

have shown applications of these methods in maintenance domain.

The fourth research category includes ontology based information extraction. Ontologies

are a promising source for enhancing product life cycle management [74] by resolving the

issues of interoperability [156], [85] and [69]. Specifically, in the context of maintenance

records [127], [125] and [126] propose to develop and use ontologies for improving reliability

models, but their work focuses on extracting roootcause and does not address the issues

discussed in section 3.2. Further, [134] extend the equipment ontology by using descriptions

of components from equipment taxonomy in maintenance domain, however, their method
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uses labeled data which is a critical limitation in adapting their research. The fifth research

category focuses on automatic labeling of topic models like Latent Dirichlet Allocation [101].

This research stream is further sub divides into two streams, 1) research where similarity

between topic labels and topical words documents is measured using similarity measures like

Kullback–Leibler divergence [101]; and 2) research where similarity between topic labels and

topical words/documents is measured using graph centrality [6], [67]. As graph centrality

based models assume topic labels to be represented by a single dominant authoritative graph

node, these methods are not suitable for our application because in our application the entire

taxonomy-branch is equally authoritative.Methods proposed in [162] make use of a similarity

measure called ‘C-value’ first proposed in [51]. The target of the model proposed in [162] is

to extract candidates for labeling topics from the corpus itself. However, as highlighted in

challenge C4, industrial maintenance records may not contain complete information about

failed taxonomy-branch. Thus, directly using the model proposed by [162] is not feasible

for our application and requires adaptations. While methods using similarity scores in topic

labeling may provide some help after proper adaptations, these methods do not address the

important challenge (C5) of misleading taxonomy terms. We adapt the methods proposed by

[101] and [162] for our setting and use these adapted methods as benchmarks for performance

comparison with our proposed method in section 3.5.

For practical deployment of the proposed automated method, associating a confidence

score for the extracted taxonomy-branch of each maintenance record is essential. Extant

methods in the literature make use of labeled data to estimate such confidence values in

a supervised setting ([14], [153]). However, in our work, as we do not have any labeled

maintenance records, we propose to generate a non-parametric density curve using scores

which are derived in a completely unsupervised manner as explained in section 3.4.5. Thus,

the confidence score value generated by our model does not depend on labeled data. As

described in section 3.5, the only purpose of validation data is to provide recommendation

of cutoff limits for confidence values to technicians, these cut-off limits enables technicians
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Table 3.1: Limitations of extant methods to tackle the challenges (C1-C6 from section 3.2)
in this work

Challenges
Existing Methods C1 C2 C3 C4 C5 C6
Keyword

Named Entity
Recognition for
text summary

[28] X X X
[98] X
[164] X X
[116] X X X

Template
Guided

Log Parser

[89] X
[104] X X
[180] X

Manual
Labeling

or Tagging

[142] X X
[140] X X
[141] X X
[138] X X
[139] X X
[90] X X X
[25] X

Ontology based
Information
Extraction

[127] X X X
[125] X X X
[126] X X X
[134] X X X

Automatic
Labeling

of Topic Models

[101] X X X X
[6] X X X
[67] X X X
[162] X X X X
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to identify the maintenance records for which they can trust the predicted taxonomy-branch

versus the maintenance records that would require manual verification.

Following the limitations of extant methodologies for solving our research challenges,

in this paper, we propose a comprehensive unsupervised method (thereby not requiring a

labeled dataset) to automatically analyze the unstructured data in maintenance records while

tackling the challenges (C1-C6) to determine equipment taxonomy-branch associated with

each maintenance record along with a confidence score for each prediction. Next, in section

3.4 we provide a detailed description of our method.

3.4 Proposed Method

Given a set of maintenance records d ∈ Doc and the OEM’s hierarchical equipment

taxonomy (represented by set T) as input data, our method aims to infer the specific

taxonomy-branch of failed sub-component (t ∈ T) corresponding to each maintenance

record (d) and provide a confidence score for our predicted result. As shown in Figure 3.3,

our method takes as input the raw maintenance record and OEM equipment taxonomy. In

the first step, the maintenance record and the taxonomy are processed and initial candi-

date tokens (along with their initial scores sp) are extracted using the steps described in

section 3.4.1. The initial candidate tokens, which potentially describe the taxonomy-branch

associated with the maintenance record, are then fed as input to the proposed Backward-

Forward (Bwd-Fwd) and Verb-Analysis algorithm. The Verb-Analysis algorithm also takes

as input a set of action-verbs which are identified from the maintenance record as described

in section 3.4.3. The output from the Bwd-Fwd algorithm is a subset of taxonomy-branches

BF ⊂ T and their corresponding scores sBF (d, t)∀t ∈ BF while the output from the Verb-

Analysis algorithm is a subset of taxonomy-branches VA ⊂ T and their corresponding scores

sV A(d, t)∀t ∈ VA. The scores for each taxonomy-branches generated by both the algorithms

respectively are semantically adjusted by using semantic similarity measure (sim(d, t)) be-
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tween taxonomy-branch t ∈ BF &t ∈ VA and the maintenance record (d) generated

using word embeddings as described in section 3.4.4. The adjusted scores aid in ranking

the taxonomy-branches suggested by both the algorithms. The final taxonomy-branch is

selected by using If-Else scenario that also generates the cumulative score scum(d) for the

final taxonomy-branch which is chosen to be the answer for the given maintenance record

(d ∈ Doc) as shown in section 3.4.5. The final confidence score for each result is generated

by fitting a non-parametric kernel density curve f̂X(x) for the cumulative score.

Before presenting the details of our method, we provide below a brief overview of essential

NLP terminology.

• Word: the fundamental unit of text (“repair”).

• Token: single word or a group of words concatenated together to indicate a single

entity. Token is uni-gram (‘filter’), bi-gram (‘drive-motor’) or tri-gram (‘motor-cooling-

system’)

• Vocabulary: set of all words referred as set V

• Document: A document (d) is a collection of words (e.g., maintenance record). We

denote the set of all documents by Doc 3 d

• Corpus: collection of multiple documents

3.4.1 Preprocessing and Preliminary Information Extraction

Maintenance records contain synonyms, abbreviations and acronyms that are absent in

the OEM’s equipment taxonomy and are often written with poor sentence structure and

grammar as can be seen in Figure 3.4a. We will demonstrate the application of our method

on this sample maintenance record. It is difficult to apply pattern recognition algorithms for

analyzing unstructured maintenance records without any refinement. Pattern recognition

methods make use of regular expressions which are sets of characters that help retrieve the
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sub-string (sub-components) from the string (maintenance record). To address these data

quality issues, the unstructured data in the maintenance records undergo a series of pro-

cessing steps shown in Figure 3.4b. After processing the records, we get a clean version of

maintenance records which only contain lemmatized English words and do not have punctu-

ation, numerals or acronyms. (Note that we do not convert words to their lemmatized form

while generating word embeddings based on Parts of Speech (POS) in Section 3.4.5).

After processing the text, the Term Frequency-Inverse Document Frequency (TFIDF)

score ([129]) is generated for each individual word (w) in the document which provides the

relevance of a word (w) in a given maintenance record. Figure 3.4c shows the TFIDF scores

for the words in the document. Next, by concatenating the uni-gram tokens in a maintenance

record, n-gram tokens wD are generated. This creates an exhaustive set ‘D 3 wD ’ (Figure

3.4d) of tokens for the maintenance record.

The words in the taxonomy are also processed (Figure 3.5a) to get their lemmatized form.

Words representing an individual sub-component are concatenated depending on whether

the sub-component is a bi-gram or a tri-gram token. We denote the set of all ‘Sub-Unit’

tokens in the taxonomy as ‘SUT’ (e.g., ‘Drive-Motor-Assembly’, in Figure 3.1a). The set

of all ‘Maintainable Items’ tokens is denoted by ‘MIT’ (e.g., ‘Drive-Mechanism’ in Figure

3.1a). The set constituted by tokens which are ‘Parts’ in the taxonomy is represented as

‘PTT’ (e.g., ‘Belt’, in Figure 3.1a). We represent the taxonomy tokens present in the set

SUT ∪MIT ∪PTT by wT .

Candidate sets for taxonomy-branch are generated by measuring the Levenshtein distance

([83]) between the tokens wT present in sets ‘SUT ∪MIT ∪ PTT’ and tokens ‘wd ∈ D’

respectively for each document d ∈ Doc. As Levenshtein distance between two terms wT , wD

(indicated by Lev(wT , wD)) measures the number of edits required to transform wD → wt

we use the same to incorporate spelling errors made by technicians in maintenance record.

All the tokens wT ∈ SUT that have a Levenshtein distance ≤ 2 with tokens wd ∈ D

makes up the candidate set ‘SUC’. Similarly, tokens in wT ∈ MIT,PTT with Levenshtein
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distance ≤ 2 from tokens wD ∈ D make the candidate sets ‘MIC’, ‘PTC’. Thus, the tokens

wT that have Levenshtein distance ≤ 2 with tokens wD are present in the candidate sets

‘SUC ∪MIC ∪ PTC’ and we represent them as wC . (Please note that tokens wC are also

elements from set ‘SUT ∪MIT ∪ PTT’.) We measure the phonetic similarity between the

tokens (wD, wC ∀wD, wC | Lev(wD, wC) ≤ 2) using editex algorithm proposed by [193].

The reason we measure the phonetic similarity is that terms like ‘shoe’ and ‘hose’ have the

same set of alphabets (letters) and hence a set-based distance measure like Jaccard fails to

identify any difference between them, but phonetically they are very distinct as suggested by

editex. After forming the candidate sets ‘SUC’, ‘MIC’, ‘PTC’ the TFIDF scores for n-gram

tokens in wC is assigned by averaging the TFIDF scores of individual words in n-gram token

wD ∀wD, wC | Lev(wD, wC) ≤ 2 as shown in Eq. 3.1. An initial score, sp, for each token in

the candidate set is generated by multiplying the TFIDF score of the token by a normalizing

constant (measuring the phonetic dissimilarity using editex algorithm) as given in Eq. (3.2).

The steps to generate the candidate sets and the initial scores are outlined in Figure 3.5b.

Figure 3.5c represents the demonstration of generated candidate sets for the illustrative

example in Figure 3.4a. The tokens ‘pump’ and ‘manifold’ are identified as candidates of

‘Maintainable Item’, while the tokens ‘piston’, ‘pressure’ and ‘hose’ are identified as candi-

dates for ‘Parts’. Note that in Figure 3.4a, the token ‘hose’ is not present but is generated

due to a mismatch with token ‘hole’. However, the initial score sp for candidate ‘hose’ is

very small as per the calculation in Eq. 3.2. The candidate for Sub-Unit is ‘fluid end’. Thus,

using Named Entity Recognition techniques, there are multiple taxonomy-branches that can

emerge as the most probable equipment taxonomy-branch for this maintenance event.

TFIDF (wC) =


TFIDF (wD), if wD is uni− gram
∑
n TFIDF (wn)

n
∀{wn} ∈ wD if wD is n− gram

(3.1)
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sp(term) = { 1

1 + editex(wD, wC)
}2 × TFIDF (wC)

∀ wC ∈ {SUC ,MIC , PTC} and wD ∈ D (3.2)

3.4.2 Backward-Forward (Bwd-Fwd) Algorithm

Our proposed Backward-Forward (Bwd-Fwd) algorithm leverages the OEM’s equipment

taxonomy hierarchy to infer the specific taxonomy-branch (i.e., ‘Equipment-Unit’ → ‘Sub-

Unit’→ ‘Maintainable-Item’→ ‘Parts’) associated with a given maintenance record d ∈ Doc.

Let li, i ∈ {1, 2, 3, 4} denote the levels in the OEM equipment hierarchy, ranging from

1=Equipment to 4=Part. Let T denote the set of all the branches in the OEM equipment

taxonomy. For an element e ∈ SUC ∪MIC ∪ PTC, at a level li, the algorithm starts

with a backward tracking journey to select (filter) all the taxonomy-branches (Bi ⊂ T)

which contain the element (e) at level li. Then, progressing one step in the backward

tracking journey, the algorithm selects those taxonomy-branches (Bi−1 ⊂ Bi) which contain

an element (e′ ∈ SUC ∪MIC ∪ PTC) at li−1 level. This process is continued until the

algorithm reaches l1 level of the taxonomy-branch. For each selected taxonomy-branch, a

score is computed by the summation of the initial score sp for all the elements in the branch

that are present in the candidate sets. This score is multiplied by a scaling factor which

increases in value with each additional level of the hierarchy through which the candidate

branch is retained. Thus, the more levels that a candidate taxonomy-branch is retained, the

higher is its score due to the increasing scaling factor. Algorithm ?? provides the pseudo

code of the backward progression of the Bwd-Fwd algorithm. The forward step tracking

progression of the algorithm is performed similarly, but with the difference that instead of

moving from level li → li−1 the algorithm moves from level li → li+1. The selected taxonomy-

branches left after the ith forward step iterations are represented by a set (Fi ⊂ T). The
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final candidates for most probable taxonomy-branches for the given maintenance record d are

determined by intersecting the branches selected during the backward and forward journeys,

and their scores, sBF (d, t) are calculated by taking the maximum of the scores from those

branches. We conceptually illustrate the Bwd-Fwd algorithm in Figure 3.6a while the Bwd-

Fwd algorithm’s output for the example in Figure 3.4a is shown in Figure 3.6b. The Bwd-

Fwd algorithm tackles challenge (C4) of missing information in text by leveraging equipment

taxonomy. However, the algorithm suffers by the presence of misleading taxonomy tokens in

text. As can be seen Figure 3.6b the Bwd-Fwd algorithm predicts the taxonomy-branches

with ‘fluid-end’ (Sub-Unit)→ ‘manifold’ (Maintainable Item) as the taxonomy-branch of the

failed sub-component. However, this might be incorrect as failure is observed in pistons of

fluid-end which appears to be the fourth ranked branch by Bwd-Fwd algorithm. Our novel

Verb-Analysis algorithm tackles the issues created by noisy tokens in maintenance records.

3.4.3 Verb Analysis Algorithm

Maintenance records from industrial equipment typically comprise descriptions of and

observations from various actions (including inspection, diagnosis, testing, repair and re-

placement) performed by technicians. Hence, a typical maintenance record (Figure 3.7a)

will contain word tokens that are action-verbs (e.g., observed, change, fixed, etc.), along

with other word tokens in the vicinity representing the sub-components on which the ac-

tions were performed. We make use of this observation and propose a novel Verb-Analysis

algorithm that takes advantage of action-verbs to identify the sub-component that lie in the

vicinity of the action-verb. Using this approach can help to overcome the challenge of noisy

taxonomy tokens (C5) that causes error in inferring the equipment taxonomy-branch of the

failed sub-component. The Verb-Analysis algorithm takes as input the tokens from candi-

date sets ‘SUC’, ‘MIC’, ‘PTC’ along with a holistic set of Action-Verbs VB. We generate

the complete set of Action-Verbs VB by identifying most frequent words that are tagged as

‘verb’ using Part of Speech (POS) tagger provided in ‘nltk’ package in python [151] which
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Algorithm 2: Backward Part of Backward Forward Algorithm
Input: Sets T, SUC, MIC, PC

/* elements in T are represented by tli where li indicate the level of the element t

in taxonomy branch */
/* every element in set SUC ∪MIC ∪PTC have a initial score sp associated with

it */
Output: Set B

1 for d ∈ Doc do
2 for e ∈ SUC ∪MIC ∪PTC at li do
3 Bi ⊂ T 3 tli ← e

4 sb = exp×
∑4

i=1 sptli
∀ b ∈ Bi

/* Note here b represents an instance of taxonomy branch in set Bi */
5 j = 1;
6 while i← 1 do
7 for e′ ∈ SUC ∪MIC ∪PTC at li−1 do
8 Bi−1 ⊂ Bi 3 tli−1

← e
′

9 sb′ = expj ×sb ∀ b
′ ∈ Bi−1;

/* Note here b
′
represent the same taxonomy branch b after an

iteration, as Bi−1 ⊂ Bi. After iteration, the initial score sb is
modified by sb′ */

10 i← i− 1
11 j ← j + 1 ;

/* After obtaing taxonomy branches B1 from Backward iteration, forward iteration
is performed for every element in set SUC ∪MIC ∪PTC to get the filtered set
of taxonomy branches FN (where N is the maximum number of level of the
taxonomy branch) */

/* The final Backward-Forward output is obtained by intersecting the branches
present in set B1 and FN to get the final set of taxonomy branches BF having
the score sBF (d, t) ∀ t ∈ T */

uses the Penn Treebank tagset [135] from the corpus of maintenance records. From the set

of verbs generated we then filter out the verbs that are associated to repair action manually.

To ease reproducibility we provide the action-verb set VB in supplementary material. The

Verb-Analysis algorithm starts by analyzing the maintenance record to identify action-verbs

using regular expression provided in Figure 3.7a. The regular expression extracts a maxi-

mum of two words (indicated by w) to the left and right of the ‘action-verb’ along with white

spaces (indicated by s) between them. The expression ‘(( w*)s+)0,2’ extracts a maximum of
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two words in the neighborhood of a given ‘action-verb’. This is done using a Part of Speech

(POS) tagger. Regular expression is generated to extract phrases (denoted by set PReg)

that include a set of words in the neighborhood of the action-verb. A set, DVA, comprising

unigram, bi-gram and tri-gram are generated from the phrases in set PReg. Tokens belonging

to the set DVA and representing the sub-components (SUC ∪MIC ∪ PTC) are extracted

and are provided a score sv. The pseudo code for the Verb-Analysis algorithm is outlined

in Algorithm 3. The final Verb-Analysis score (sV A(d, t)), for a taxonomy-branch t ∈ T,

measures the relevance of the taxonomy-branch to the given maintenance record d ∈ Doc,

and is computed by summing up sv(ti), for every element i in the taxonomy-branch. The

taxonomy-branches that have non-zero Verb-Analysis scores are compiled to create the set

VA. Figure 3.7b demonstrates the output obtained by applying the Verb-Analysis algorithm

over the example shown in Figure 3.4a.

Algorithm 3: Verb Analysis Algorithm
Input: Sets T, VB, SUC, MIC, PC

Output: Set VA
1 for d ∈ Doc do
2 PReg ← Phrases from maintenance records using RegEx ∀ v ∈ VB
3 DVA ← uni-gram, bi-gram and tri-gram generated from PReg

4 sv(e) = Frequency(e)× sp(e) ∀ e ∈ SUC ∪MIC ∪PTC ∩DVA

/* here the frequency is calculated as per the set DVA */
5 sV A(d, t) =

∑
∀e∈t

sv(e) ∀ t ∈ T

For the example of Figure 3.4a, as can be seen in Figure 3.6b, the taxonomy-branches

extracted by the Bwd-Fwd algorithm contain ‘manifold’ as the Maintainable Item. However,

the Verb-Analysis algorithm picks the taxonomy-branch with piston as the top ranked branch

because it lies in the vicinity of the action-verbs like ‘change’, ‘failure’ as shown in Figure

3.7b. Thus, the ambiguity introduced by noisy taxonomy tokens is mitigated by the Verb-

Analysis algorithm.
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3.4.4 Semantic Adjustment and Extraction of Top ranked taxonomy-

branch for both algorithms

The Backward-Forward algorithm and the Verb-Analysis algorithm described above are

two different algorithms to generate scores which measure the relevance an equipment taxonomy-

branch to a maintenance record (document). The higher the score for a taxonomy-branch,

the higher the likelihood of the taxonomy-branch to be related to the maintenance record.

We aim to leverage the scores of both these algorithms to compute a single confidence score.

A common characteristic of both these algorithms is that they utilize frequentist methods

in NLP and do not incorporate the contextual knowledge present in the maintenance records.

To incorporate the semantic information present in the text, words are represented using

embedding vectors. In this paper, two different models for generating word embeddings are

studied to determine the effects caused by different methods for incorporating contextual

knowledge. The first model used to generate word embeddings is the skip-gram word2vec

model proposed by [107]. In this model, word representations are developed by taking into

consideration the contextual words present in the neighborhood of a given word. The second

word embedding model used to generate the word representation is the model proposed by

[173] which generates word embeddings and their POS embeddings by not only considering

the neighboring words, but also the POS tags.

After generating word embeddings from the corpus, the distance between a given main-

tenance record and an equipment taxonomy-branch is measured. To do so, the sentence

embedding for the maintenance record (d ∈ Doc) is first created using word embeddings.

The sentence embedding is generated by taking the weighted average of the word embed-

dings present in the document, and then modifying it using PCA/SVD as in [12]. The

sentence embedding vector for a document is represented by
−→
de. Then, embedding vectors

for each taxonomy-branch (
−→
te ), is created by averaging the word embeddings of individ-

ual words present in the taxonomy-branch. While using the word embeddings, the average
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of each word embedding and its corresponding POS tag embedding is taken. For the to-

kens in the taxonomy, the POS tag is assumed to be noun. The cosine similarity between

the sentence embedding vector
−→
de and the taxonomy embedding vector

−→
te measures the

similarity (sim(d, t)) between the document d ∈ Doc and the taxonomy-branch t ∈ T.

The Backward-Forward algorithm’s score for the taxonomy-branch (sBF (d, t)) and the Verb-

Analysis algorithm’s score (sV A(d, t)) is multiplied by this similarity measure (sim(d, t)) to

generate the adjusted Backward-Forward (sBFa(d, t)) and Verb-Analysis scores (sV Aa(d, t))

for each taxonomy-branch (t) for a given document d ∈ Doc.

Figure 3.8 shows the output obtained by adjusting for semantic similarity for the example

in Figure 3.4a. We find that the cosine-similarity ((sim(d, t))) is highest for the branch with

‘piston_and_liner’ as Maintainable Item and ‘piston’ as Parts. We present the results

generated by using word2vec word embeddings in Figure 3.8. The taxonomy-branch scores

sBF (d, t), sV A(d, t) obtained using the Bwd-Fwd and Verb-Analysis algorithms are multiplied

by this semantic similarity sim(d, t) to get the adjusted branch scores sBFa(d, t), sV Aa(d, t)

as shown in Figure 3.8.

Using the adjusted scores from both algorithms for each taxonomy-branch (t ∈ T), each

taxonomy-branch is ranked in a descending order of the score, i.e., the order of potential

association with the maintenance record. Intuitively, the higher the difference in value

between the score of the top ranked branch and the score of the next ranked one, the greater

is the confidence associated with the top ranked branch. Thus, the difference in scores

between the taxonomy-branch at rank 1 and rank 2 is a significant factor in determining

the final confidence score. Also, as we have two different algorithms that measure the

relevance of the taxonomy-branch to the maintenance record, the confidence in the inferred

taxonomy-branch is higher when the outputs from both the algorithms converge. To take

this into consideration, the difference between the adjusted branch scores for rank 1 and

rank 2 taxonomy-branch is calculated for both the algorithms (sBFadiff (d), sV Aadiff (d)) for each

document d ∈ Doc.
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3.4.5 Generation of Confidence Score

To merge the output of the two algorithms, an if-else scenario is considered, where the

intuition is that if both algorithms provide the same taxonomy-branch at the first rank, then

the algorithms are said to converge and the prediction for the corresponding maintenance

record is given a high confidence score. The scores (sBFadiff (d), sV Aadiff (d)) are mathematically

adjusted as per the if-else scenario to generate the final cumulative score scum. However, com-

paring the scores (sBFadiff (d) and sV Aadiff (d)) directly would be inappropriate without accounting

for the variance in them, as these scores are generated from two different algorithms with

different variances. Thus, standardization of these scores is necessary and is done by divid-

ing them with their corresponding standard deviations. The Backward-Forward algorithm’s

standard deviation σbBF is calculated by bootstrapping the scores sBFadiff (d) for different doc-

uments d ∈ Doc. The same is done to measure the Verb-Analysis algorithm’s standard

deviation σbV A . The standardized algorithm scores ˙sBFadiff (d) and ˙sV Aadiff (d), are adjusted as per

the if-else scenario as shown in the Figure 3.9a to generate a final cumulative score, scum,

for each document. We demonstrate these steps in Algorithm 4 which provides the pseudo

code of the proposed confidence score generation algorithm.

To demonstrate this, the top two taxonomy-branches based on their adjusted branch

scores sBFa(d, t), sV Aa(d, t) from Figure 3.8, are analyzed further to generate the cumu-

lative score scum(d) for document d ∈ Doc. The difference between the adjusted branch

scores of the top two branches (sBFadiff (d), sV Aadiff (d)), is calculated for both algorithms as

shown in Table 3.2. After generating the difference between the top two taxonomy-branches

for all maintenance records, the mean (sBFadiff , s
V Aa
diff ) and thus the bootstrapped standard

deviation (σbBF , σbV A) for sBFadiff (d), sV Aadiff (d) are estimated. Then using this bootstrapped

standard deviation, the standardized algorithm scores ˙sBFadiff (d), ˙sV Aadiff (d) are generated by di-

viding sBFadiff , s
V Aa
diff with their respective bootstrapped standard deviations (σbBF , σbV A) as
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shown in Table 3.2. As the top branch suggested by both the algorithms are diverging,

we follow the if-else scenario (Figure 3.9a) to compare the standardized algorithm scores

of both the algorithms. We find out that ˙sV Aadiff (d) > ˙sBFadiff (d) and, thus, the top branch

suggested by the Verb-Analysis algorithm is the correct answer. The final cumulative score

is generated as per the if-else scenario by subtracting the standardized algorithm scores as

scum(d) = ˙sV Aadiff (d) − ˙sBFadiff (d). For this example, the top branch suggested by the Verb-

Analysis algorithm agrees with the answer provided by the industry expert. Also, we can

observe from Figure 3.8 that the semantic similarity of the maintenance record is highest for

this taxonomy-branch. Thus, although the Bwd-Fwd algorithm fails to identify the correct

taxonomy-branch due to the incorrectly matched token ‘manifold’, our method successfully

determines the correct equipment taxonomy-branch associated with this maintenance record.

After generating the final cumulative score scum(d) and the final taxonomy-branch for

each maintenance record d ∈ Doc, a non-parametric kernel density (Figure 3.9b) is estimated

using Eq. (3.3) for the independent and identically distributed scores scum(d) to generate

the confidence score for the predicted taxonomy-branch. There are various choices available

for kernel density estimation [31]. We use the Gaussian kernel (Eq. 3.4) and tune the

bandwidth hyperparameter (h) using ‘kedd’ package in R. The bandwidth parameter (h) is

essential in smoothing the density plot. Using the optimal kernel density, the cumulative

density function (cdf) is generated using cumulative scores for all documents d ∈ Doc, as

shown in Figure 3.9c. Records with confident predictions are the ones that lie on the upper

tail of the non-parametric kernel density curve, i.e., the record for which the cdf value is large.

We provide an approach, based on a validation dataset (Section 3.5), to decide the cutoff

limits for the cumulative density value, above which a record would be treated as having been

correctly predicted by our method with high confidence. For the example in Figure 3.4a,

where we have shown results with word2vec embedding, the optimized bandwidth parameter

h = 0.713. Using this parameter and the cumulative score, we generate the cdf to identify

the confidence score. As the algorithms do not converge, we get a slightly lower confidence
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value of around 68%, corresponding to the cumulative score of scum = 0.86 as shown in

Figure 3.9c.

f̂X(x) =
1

n

n∑
i=1

1

h
K

(x− xi)
h

(3.3)

K(x) =
exp(−||x||2/2)√

2π
(3.4)

3.5 Performance Assessment and Discussion

To assess the overall performance of our proposed method we use a total of 2358 main-

tenance records with a total of 3987 unique vocabulary uni-gram tokens . Large number

of maintenance records help us to generate accurate TFIDF values and word embeddings

for each word in the vocabulary. In order to benchmark the performance of our proposed

method we use a set of 251 manually labeled maintenance records. We benchmark our pro-

posed method with automatic topic labeling methods proposed in [101] and [162] (introduced

in section) 3.3. We refer the competing method proposed by [101] and [162] as ‘ALMTM’

and ‘Adapted-TLATR’ respectively. For ‘ALMTM’ model we develop topic model (LDA) for

each maintenance record individually and set the number of topics as 1 to identify the single

dominant taxonomy-branch that describe each maintenance record. The method proposed

by [162] is not directly applicable to our research and thus we adapt it by generating candi-

date labels using equipment taxonomy to evaluate the ‘C-value’ between maintenance record

and candidate label. For both ‘ALMTM’ and ‘Adapted-TLATR’ set D is the input to match

the n-gram taxonomy tokens. To compare the competing models with our proposed method

we evaluate the percentage of manually labeled maintenance records for which the correct

taxonomy-branch is identified. For our proposed method, we compare the performance in the

context of two types of embeddings discussed earlier, namely word2vec embedding and POS
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embedding. We show the comparison in Figure 3.10a where we can see that our proposed

method with word2vec embedding outperforms other methods.

Tracing back the obtained results to the challenges (C1-C6) mentioned in section 3.2, we

find that all the methods discussed in Figure 3.10a addresses the challenges of unavailability

of labels (C1) and unstructured text (C2). Also, after adapting the method proposed by

[162], all the methods make use of equipment taxonomy to tackle the challenge of incomplete

information in maintenance record. Further the challenge posed by presence of non-unique

taxonomy tokens (C6) is tackled by the proposed Bwd-Fwd algorithm, while the similarity

measure between maintenance record and taxonomy-branches tackle the same in competing

methods. However, the reason for superior performance of our proposed method is that

Verb-Analysis algorithm handles the challenge of misleading taxonomy tokens and word2vec

handles the issue issue created by multiple contexts of words with higher effectiveness.

Next, we demonstrate how the generated confidence score for predicted taxonomy-branch

of each maintenance record can help technicians decide whether or not to trust the predic-

tion of proposed method. We wish to highlight that our proposed method until this point

(including the generation of confidence score) does not rely on labeled data in any way and is

unsupervised. But, to help technicians effectively trust the confidence score values, we deter-

mine the cutoff limits for three regimes of the confidence score using labeled/Gold standard

data as described below.

First, predictions are generated for the labeled dataset using the proposed workflow. The

top branch suggested by the workflow is compared with the Gold standard. The comparison

results are then grouped into three groups:

• High Score Regime: The automated method’s results that have a confidence score in

this regime require no manual review and can be accepted as accurate, i.e., the top

ranked taxonomy-branch for a given maintenance record is the correct answer.

• Medium Score Regime: For maintenance records whose results fall in this confidence

score regime, the correct answer may or may not correspond to the top ranked taxonomy-
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branch but is among the top five predicted taxonomy-branches. The user would only

need to review the top five predicted taxonomy-branches and confirm the one that is

the correct answer.

• Low Score Regime: Maintenance records in this regime are ones for which the method

is likely not successful in predicting the correct answer. These records would need a

thorough manual review to determine the taxonomy-branch.

Figure 3.10b summarizes the number of maintenance records that belong to each of three

regimes. It can be observed that using the cutoff limits by word2vec (POS) embeddings the

technicians can trust predictions from proposed method if the confidence score generated is

above 53.75% (51.12%). We also observe that higher number of records are identified to be

in High score regime when we use POS embedding (93) as opposed to word2vec embedding

(88) for the proposed method. However, the overall accuracy obtained by using word2vec

embedding is high, but as most of these correct predictions have low confidence they lie in

the Low score regime and would need manual inspection.

From a practical standpoint, as the maintenance records that fall into the Low Score

Regime require manual analysis, the lower the percentage of records in this regime, the

better is the performance of the automated method. While ideally it is desirable to have all

the results to be in the High Score Regime, this is not realistic and our proposed method

tries to tackle all the challenges at it best. However, still some maintenance records present

really high complexity including high number of misleading taxonomy words and incomplete

knowledge of synonymous taxonomy tokens etc. Hence, the confidence scores associated

with the results provided by our automated method helps technicians target their effort

and thereby minimize the amount of time they need to spend on manually analyzing the

maintenance records.
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3.6 Summary and Future Work

In this paper, we have proposed a method that uses unsupervised learning to automati-

cally extract the equipment taxonomy-branch pertaining to a maintenance record, and also

provide a confidence score for the result. The ability to automatically extract such insights

from maintenance records represents a significant time savings, allowing industrial person-

nel to focus their efforts on analyzing only those results with lower confidence scores. Our

proposed method addresses the critical challenges faced in automated analysis of unstruc-

tured text data including unavailability of labels, incomplete information in text, multiple

contextual usage, presence of misleading and non-unique taxonomy tokens. To tackle these

challenges, our method utilizes equipment taxonomy and leverage the use of word embed-

dings for semantic disambiguation. Our Verb-Analysis algorithm helps overcome the issues

posed by misleading taxonomy tokens and our Bwd-Fwd algorithm addresses the challenges

due to non-unique taxonomy tokens. Our method also demonstrates a novel way to generate

confidence scores for each classification results without making use of labeled data.

In our future research, we will explore how the results from ongoing usage of the proposed

automated method can help identify and address gaps in the OEM’s current taxonomy as

well as enable improvements in the way maintenance records are documented by technicians

in the field. A crucial task for future research is to enrich the existing equipment taxonomy

(by unidentified synonymous terms) in an automated manner to boost the performance of

the proposed method. To achieve this, the maintenance records present in high confidence

regime could be used as a source of supervision for training supervised classification models

like BERT [167] to tackle the problems like named entity recognition, maintenance record

summarization etc. and provide better thesaurus for OEMs to use in future.



66

Maintenance Record Failed Taxonomy Branch

The louvres ordered on this job have been ordered to replace the 
repaired one on mud pump #2. The existing one was repaired but the 

remaining ones are not in good shape--------- Parts Requested from ICS. 
---------- Louvers received and replaced the damaged one in MP 2 & 
MP 4 Ducts. All others are in good condition. So kept the remaining 

TWO in workshop for future immediate use.

Mud Pump (Equipment Unit)

Motor Cooling System (Sub-Unit)

Air Ducting (Maintainable Item)

Louver (Part)

(a) Sample of input maintenance records and the associated taxonomy-branch.

Maintenance Record Taxonomy Branch

Pull pistons from mud pump1. Remove componenets from 
fluid end and inspected the same. Coat with light oil and 
reassemble.---------- Replaced valves of Dis cyl#1 Suc
cyl#2 and all the cap seals Lubricated in Modules.-------

Parts Requested from ICS:

Valves and 
Seats

Mud Pump

Fluid End

Valves

Piston and 
Liners

Pistons

Seals

(b) Challenge with uniquely identifying the equipment taxonomy-branch from maintenance record.

(c) Comparison of software console logs and industrial maintenance records (logs)

Figure 3.2: Illustrations of different types of maintenance records and their associated chal-
lenges.
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Figure 3.3: Step by step overview of the proposed method.
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Root Cause Event Description
Preventive 

Action
Immediate Action 

Description

Drilling with 4200 
l/m and 280 bar. 
Failure of piston 

rubber. Total hours 
on piston 294.

While drilling 17 1/2 hole on 
Z4, driller observed pressure 
drop on stand pipe manifold. 
Derrickman reported a wash 

on #2 fluid end piston.

Regular checks 
on mud pumps 
while drilling.

Shut down pump, 
isolate pump. TOFS. 

Change piston.

(a) Example of maintenance record d ∈ Doc.

Replace special characters (“-”, “_”, “()”) 
and punctuations with white space

Convert tokens to lower case, remove 
extra spaces

Replace abbreviation with their full-forms Inputs from acronym file

Replace tokens synonymous to sub-
components with their taxonomical 

counter parts

Inputs from OEM 
thesaurus file

Lemmatize word tokens

(b) Processing of maintenance records.
[('with', 0.063), ('while', 0.211), ('we', 0.083), 
('wash', 0.099), ('total', 0.156), ('tofs', 0.159), 

('to', 0.039), ('time', 0.095), ('the', 0.084), 
('stand', 0.147), ('shut', 0.125), ('same', 0.112), 
('rubber', 0.142), ('report', 0.109), ('regular', 

0.17), ('pump', 0.165), ('pressure', 0.08), 
('piston', 0.455), ('pipework', 0.129), ('on', 

0.284), ('of', 0.044), ('observe', 0.11), ('mud', 
0.11), ('manifold', 0.142), ('isolate', 0.103), 

('hour', 0.101), ('hole', 0.233), ('fluid', 0.166), 
('failure', 0.065), ('fail', 0.116), ('end', 0.164), 

('drop', 0.128), ('driller', 0.136), ('drill', 0.285), 
('down', 0.102), ('derrickman', 0.158), 

('continue', 0.126), ('circulate', 0.13), ('check', 
0.092), ('change', 0.055), ('bar', 0.149), ('at', 

0.083), ('and', 0.029)]

(c) Generation of TFIDF score.

while drill hole on z driller observe pressure drop on stand pipework manifold derrickman report a wash on mud pump fluid end piston at the same time a we 
continue to circulate on the hole a piston fail on mud pump fluid end piston drill with l m and bar failure of piston rubber total hour on piston regular check on 

mud pump while drill shut down pump isolate pump tofs change piston while_drill drill_hole hole_on on_z z_driller driller_observe observe_pressure 
pressure_drop drop_on on_stand stand_pipework pipework_manifold manifold_derrickman derrickman_report report_a a_wash wash_on on_mud mud_pump 
pump_fluid fluid_end end_piston piston_at at_the the_same same_time time_a a_we we_continue continue_to to_circulate circulate_on on_the the_hole hole_a 

a_piston piston_fail fail_on on_mud mud_pump pump_fluid fluid_end end_piston piston_drill drill_with with_l l_m m_and and_bar bar_failure failure_of 
of_piston piston_rubber rubber_total total_hour hour_on on_piston piston_regular regular_check check_on on_mud mud_pump pump_while while_drill 

drill_shut shut_down down_pump pump_isolate isolate_pump pump_tofs tofs_change change_piston while_drill_hole drill_hole_on hole_on_z on_z_driller 
z_driller_observe driller_observe_pressure observe_pressure_drop pressure_drop_on drop_on_stand on_stand_pipework stand_pipework_manifold 

pipework_manifold_derrickman manifold_derrickman_report derrickman_report_a report_a_wash a_wash_on wash_on_mud on_mud_pump mud_pump_fluid 
pump_fluid_end fluid_end_piston end_piston_at piston_at_the at_the_same the_same_time same_time_a time_a_we a_we_continue we_continue_to 
continue_to_circulate to_circulate_on circulate_on_the on_the_hole the_hole_a hole_a_piston a_piston_fail piston_fail_on fail_on_mud on_mud_pump 

mud_pump_fluid pump_fluid_end fluid_end_piston end_piston_drill piston_drill_with drill_with_l with_l_m l_m_and m_and_bar and_bar_failure bar_failure_of 
failure_of_piston of_piston_rubber piston_rubber_total rubber_total_hour total_hour_on hour_on_piston on_piston_regular piston_regular_check 

regular_check_on check_on_mud on_mud_pump mud_pump_while pump_while_drill while_drill_shut drill_shut_down shut_down_pump down_pump_isolate 
pump_isolate_pump isolate_pump_tofs pump_tofs_change tofs_change_piston

(d) Generation of set D.

Figure 3.4: Pre-processing of unstructured maintenance records.
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Convert tokens to lower case and remove 
extra spaces

Lemmatize word tokens

Replace abbreviation with their full-forms
Inputs from acronym 

file

Replace special characters (“-”, “_”, “()”) and 
punctuations with white space

(a) Processing of equipment (Mud-Pump) tax-
onomy.

(b) Procedure to generate candidate sets and ex-
tract initial scores sp.

𝑆𝑈𝐶 𝑀𝐼𝐶 𝑃𝑇𝐶

Candidate 𝒔𝒑 Candidate 𝒔𝒑 Candidate 𝒔𝒑

fluid_end 0.165
manifold 0.142 hose 0.0086

piston 0.455
pump 0.0165 pressure 0.08

(c) Creation of candidate sets SUC, MIC, PTC for the given example in Figure
3.4a.

Figure 3.5: Initial steps of the proposed method.
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Parts

Equipment Sub-Unit Maintainable Item Parts

Backward Tracking steps

Forward Tracking steps

IF Match

IF Match

IF Match

Equipment Sub-Unit Maintainable Item

IF Match

IF MatchIF Match

Drilling with 4200 l/m and 280 bar. Failure of piston rubber. Total hours on piston 294. While 

drilling 17 1/2 hole on Z4, driller observed pressure drop on stand pipe manifold. Derrickman 

reported a wash on #2 fluid end piston. Regular checks on mud pumps while drilling. Shut down 

pump, isolate pump. TOFS. Change piston.

(a) Intuition behind Backward-Forward algorithm.

(b) Output of Bwd-Fwd algorithm for the example.

Figure 3.6: Backward-Forward algorithm.
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Drilling with 4200 l/m and 280 bar. Failure of piston rubber. Total hours on piston 

294. While drilling 17 1/2 hole on Z4, driller observed pressure drop on stand 

pipe manifold. Derrickman reported a wash on #2 fluid end piston. Regular 

checks on mud pumps while drilling. Shut down pump, isolate pump. TOFS. 

Change piston.

Regular Expression:   r'(((\w*)\s+){0,2})(‘action-verb’)((\s+(\w*)){0,2})'

(a) Example of maintenance record with action-verbs and candidate
tokens along with regular expression for extracting phrases.

(b) Output of Verb-Analysis algorithm for the example.

Figure 3.7: Verb-Analysis algorithm.
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(a) Bwd-Fwd Algorithm

(b) Verb-Analysis Algorithm.

Figure 3.8: Adjusting scores of both algorithms by semantic similarities.
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Algorithm 4: Confidence score generation
Input: For all documents d ∈ Doc we input

Set BF with sBF (t) ∀ t ∈ BF, Set VA with sV A(t) ∀ t ∈ VA,
sentence embedding

−→
de, taxonomy branch embedding

−→
te ∀ t ∈ T

Output: Cumulative Score for the document/maintenance record scum
1 for document d ∈ Doc do
2 for taxonomy branch t ∈ BF or VA do
3 sep(d, t)← 1−

−→
de·
−→
te

||
−→
de|| ||

−→
te||

4 sBFa(d, t) = sBF (d,t)
sep(d,t)

5 sV Aa(d, t) = sV A(d,t)
sep(d,t)

6 ;
7 sBFadiff (d) = sBFa(d, trank1)− sBFa(d, trank2)
8 sV Aadiff (d) = sV Aa(d, trank1)− sV Aa(d, trank2)
9 ;

10 Bootstrap n documents di ∈ Doc and their corresponding sBFadiff (di) and s
V Aa
diff (di)

/* Calculate Bootsrapped Means for both algorithms */

11 sBFadiff =

n∑
i=1

sBFadiff (di)

n

12 sV Aadiff =

n∑
i=1

sV Aadiff (di)

n

/* Calculate Bootsrapped Standard Deviation for both algorithms */

13 σbBF =

n∑
i=1

(sBFadiff (di)−sBFadiff )2

n−1

14 σbV A =

n∑
i=1

(sV Aadiff (di)−sV Aadiff )2

n−1

/* Geneate final standardized score for each document d ∈ Doc */
15 for documents d ∈ Doc do

16
˙sBFadiff (d) =

sBFadiff

σbBF

17
˙sV Aadiff (d) =

sV Aadiff

σbV A

18 scum(d)← if − else− scenario F ig 3.7 ( ˙sBFadiff (d), ˙sV Aadiff (d))

19 Final Taxonomy Branch ← if − else− scenario F ig 3.7 ( ˙sBFadiff (d), ˙sV Aadiff (d))

20 ;



74

Table 3.2: Merging the results of both the algorithms to generate the cumulative score
scum(d) for the maintenance record (document d). The taxonomy-branch in bold denotes
failed taxonomy-branch

Taxonomy
Branch
Rank

Bwd-Fwd

Taxonomy
Branch

Bwd-Fwd

sBFa
(d, t)

sBFadiff

(d)
σbBF

˙sBFadiff (d)
scum
(d)

1

mud_pump,
fluid_end,
manifold,

gauge_manifold

0.624

0.003 0.367 0.009

0.86

2

mud_pump,
fluid_end,
manifold,

discharge_manifold

0.621

Taxonomy
Branch
Rank
VA

Taxonomy
Branch
VA

sV Aa
(d, t)

sV Aadiff

(d)
σbV A

˙sV Aadiff (d)

1

mud_pump,
fluid_end,

piston_and_liner,
piston

0.73

0.67 0.768 0.872

2

mud_pump,
fluid_end,
gauge,
pressure

0.06
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𝑖𝑓 𝐵𝐹 > 0 ∩ 𝑉𝐴 > 0 𝑖𝑓 𝑡𝑟𝑎𝑛𝑘1𝐵𝐹 ≡ 𝑡𝑟𝑎𝑛𝑘1𝑉𝐴

𝑖𝑓 𝑡𝑟𝑎𝑛𝑘1𝐵𝐹 ≢ 𝑡𝑟𝑎𝑛𝑘1𝑉𝐴

𝑂𝑢𝑡𝑝𝑢𝑡 ≡ 𝑡𝑟𝑎𝑛𝑘1 𝑠𝑐𝑢𝑚 = 𝑠𝑑𝑖𝑓𝑓
ሶ𝐵𝐹 + 𝑠𝑑𝑖𝑓𝑓

ሶ𝑉𝐴

𝑖𝑓 𝑠𝑑𝑖𝑓𝑓
ሶ𝐵𝐹 > 𝑠𝑑𝑖𝑓𝑓

ሶ𝑉𝐴 𝑂𝑢𝑡𝑝𝑢𝑡 ≡ 𝑡𝑟𝑎𝑛𝑘1𝐵𝐹 𝑠𝑐𝑢𝑚 = 𝑠𝑑𝑖𝑓𝑓
ሶ𝐵𝐹 − 𝑠𝑑𝑖𝑓𝑓

ሶ𝑉𝐴

𝑖𝑓 𝑠𝑑𝑖𝑓𝑓
ሶ𝐵𝐹 < 𝑠𝑑𝑖𝑓𝑓

ሶ𝑉𝐴 𝑂𝑢𝑡𝑝𝑢𝑡 ≡ 𝑡𝑟𝑎𝑛𝑘1𝑉𝐴 𝑠𝑐𝑢𝑚 = 𝑠𝑑𝑖𝑓𝑓
ሶ𝑉𝐴 − 𝑠𝑑𝑖𝑓𝑓

ሶ𝐵𝐹

𝑖𝑓 𝐵𝐹 > 0 ∩ 𝑉𝐴 = 0 𝑂𝑢𝑡𝑝𝑢𝑡 ≡ 𝑡𝑟𝑎𝑛𝑘1𝐵𝐹 𝑠𝑐𝑢𝑚 = 𝑠𝑑𝑖𝑓𝑓
ሶ𝐵𝐹 − 𝑠𝑑𝑖𝑓𝑓

𝑉𝐴

𝑖𝑓 𝐵𝐹 = 0 ∩ 𝑉𝐴 = 0
𝑁𝑜 𝑂𝑢𝑡𝑝𝑢𝑡

𝑡𝑎𝑥𝑜𝑛𝑜𝑚𝑦 𝑏𝑟𝑎𝑛𝑐ℎ

True

False

True

False

True

False

True

True

(a) If-else scenario for assessing convergence of two algorithms and generating final cumulative
score scum.

(b) Gaussian kernel density function using
cumulative scores of all documents.

(c) Confidence score generated for the given
example.

Figure 3.9: Generation of final cumulative score scum using if-else scenario that gives confi-
dence values using estimated non-parametric Gaussian density function.
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(a) Percentage of correctly classified maintenance records using proposed
framework (with word2vec and POS embedding) and adapted competitive
topic labeling model.

(b) Practical application of proposed method and cutoff limits for confidence score to identify
maintenance records in three regimes.

Figure 3.10: Final Results over gold standard dataset.
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Chapter 4

A Unsupervised Multi-class Ensemble

Classifier for Identifying Equipment

Failure Mechanisms from Maintenance

Records

4.1 Focused Abstract

Unstructured data in equipment maintenance records contain valuable information re-

garding failures. The ability to classify failure incidents into contributing failure mechanisms

can help in improving equipment design and maintenance plans to achieve higher equipment

uptime. Supervised learning approaches for automated extraction of failure mechanisms

from unstructured data are impractical due to the manual labeling effort. Further, due to

the complexities inherent in unstructured data, it can be beneficial to utilize multiple base

classifier algorithms for analyzing the maintenance records from different perspectives. In

this chapter, we propose a novel unsupervised multi-class ensemble classifier (UMEC) model

to extract failure mechanisms from unstructured maintenance records by leveraging contin-
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uous scores generated by multiple base classifiers. The model decomposes the multi-class

problems into multiple binary classifiers using error-correcting output codes (ECOC). We

propose a novel way to encode multi-class problems to binary class by using maximum as

an order statistic to reduce multi-class scores to binary-classes. We also address the issue of

unbalanced datasets in unsupervised classification. We study the influence of different types

of noise structure (including feature noise and class mislabeling noise) over the classifiers

and demonstrate the effectiveness of our approach using simulation and real world industrial

data.

4.2 Introduction

Industrial equipment, such as mud pumps used in the oil and gas exploration industry,

are large and complex systems. Equipment failures and associated downtime in production

can result in significant financial losses. Identifying the failure mechanism underlying each

failure incident can help in improving equipment design and maintenance plans to achieve

higher equipment uptime. ISO has defined five primary failure mechanisms listed in (Table

4.1) for oil rig equipment [70]. The unstructured textual data (or notes) that technicians

document in maintenance records can be valuable for inferring the failure mechanism. For

instance, the maintenance record in Figure 4.1a notes that the equipment failure occurred

due to a leaking valve, and hence was a Mechanical Failure. Since the effort for manual

analysis of maintenance records is prohibitive, there is a need for a machine learning enabled

decision system that can automatically extract failure mechanisms from the maintenance

records.

Table 4.1: Failure mechanisms from [70]

Failure Mechanism
Mechanical Failure

(Leakage, Vibration,
Alignment · · · )

Material Failure
(Corrosion,

erosion, wear, · · · )

Control Failure
(No/Faulty signal,
Calibration,· · · )

Electrical Failure
(Short Circuit,

Faulty power, · · · )

Hydraulic Failure
(Blockage, plugged,
contamination, · · · )
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Extracting information from raw unstructured maintenance records is met with many

challenges. First, unsupervised data: Manually labeling maintenance records to create a

training data is impractical. Second, single source of domain knowledge could be inadequate:

For example an unsupervised classifier that identify failure mechanism by matching words

present in Table 4.1 and maintenance record would fail in cases where such words are not

mentioned as shown in Figure 4.1b. Third, simultaneous presence of misleading tokens:

For example an unsupervised classifier described previously would also suffer if there are

high number of contradicting tokens present in maintenance record as shown in Figure 4.1c,

where breakdown, wear, power imbalance all represent different failure mechanisms. Such an

unsupervised classifier leveraging words as features would thus have high feature noise [52]

in them. To tackle these challenges we can develop another classifier based on a different

source of domain knowledge. For instance, an unsupervised classifier that identify failure

mechanism based on parts that failed can help to tackle the second challenge of inadequacy in

domain knowledge. As instance, inverter in Figure 4.1b indicates that the failure mechanism

should be electrical. However, such a classifier would face the fourth challenge of ambiguity

in domain knowledge: For example, motor in Figure 4.1c are equally prone to Electrical and

Mechanical failures. This domain ambiguity will cause the classifier to suffer mislabeling

noise (label noise) [52]. Fifth challenge is that the context of words change their meaning:

For example, alarm and fuse in Figure 4.1b have very different meaning based on their usage

as noun or verb.

To tackle the above mentioned challenges multiple base classifiers that use different facets

of domain knowledge for analyzing maintenance records can help. However, it is possible

that results from these different base classifiers do not converge. Thus, to optimally ensemble

results of multiple base classifiers becomes an important challenge. Spectral methods have

been used by researchers to ensemble classifiers for unsupervised learning. [117] propose an

ensemble method for binary classification using discrete class labels from base algorithms,

while [189] extend it to a multi-class ensemble case. [2] present an ensemble learning model
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Maintenance Record Failure Mechanism

Leak on booster valve. - To be investigated when operation allows valve to 

be dismantled. Trouble getting pressure on MP 3. RMS job made to repair 

valve. Checked that the valve are on maintenance plan ok. Stop and restart 

pump. vent supercharge. Found leaking valve on MP'3 to booster valve

Mechanical Failure 

(a) Maintenance record to demonstrate equipment undergoing Mechanical Fail-
ure.

Maintenance Record Failure Mechanism

Send Inverter to ABB for repair and return this inverter failed from MP #2 B 

motor. when common alarm given drive was inspected and both line side fuses 

had blown MP was not in use at that time which means the inverter had failed 

this was replaced with spare unit and system is operation.. inverter to be sent to 

ABB singapore for repair and return please see below from ABB and attached. 

Please advise the AWB once you have shipped the item. This inverter is back on 

the rig and in stored in the DSGR

Electrical Failure

(b) Maintenance Record with no direct words indicating underlying Failure
Mechanism.

Maintenance Record Failure Mechanism

TROUBLESHOOT ABNORMAL TORQUE AND POWER READINGS. Breakdown

Job, Normal expected wear tear from operating equipment designed MUD PUMP. 

MEASURED MOTOR CURRENT VALUES AND COMPARED WITH VFD CURRENT 

READINGS VFD. Iact Motor Phase Measurement Per Phase VFD. POWER 

IMBALANCE BETWEEN MOTOR. Checked belt alignment. Turn adjustment screw 

made alignment motor perfect using wire clamped from sheave other Belt tension 

checked psi aligned earlier. 

Electrical Failure

(c) Maintenance Record with misleading words conflicting with true Failure
Mechanism.

Figure 4.1: Different types of unstructured maintenance records, their corresponding failure
mechanisms and issues.

called SUMMA for binary classification and demonstrate that using continuous class scores,

instead of discrete class labels, helps retain the comparative inference of base algorithms.

However, ensemble learning using continuous scores of base algorithms for multi-class classifi-

cation remains an open research problem. Methods that decompose the multi-class problem

into multiple binary-class problems includes schemes like the One-Versus-All (OVA), the

Error-Correcting-Output-Codes (ECOC) explained in section (4.4.2). But, these schemes

have been studied only in supervised learning settings [7]. Further, extant multi-class to

multiple-binary class decomposition methods use mean of the scores in binary groups as

decomposition (reduction) statistics[2]. But, the usefulness of other order statistics remains

to be studied. Apart from this, issues like unbalanced dataset, feature noise and mislabeling
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noise significantly increase the complexity to ensemble results from base classifiers.

Thus, in this chapter, we present a solution framework for multi-class classification prob-

lems using unsupervised ensemble learning with continuous scores from multiple base clas-

sifiers while also tackling issues like class imbalance and feature/label noise in the dataset.

While our approach for multi-class classification is inspired by extant research on binary-class

classification, we make the following key contributions:

• Development of an Unsupervised Multi-class Ensemble Classification model (UMEC)

which leverages continuous scores of underlying base classifiers.

• Novel application of encoding schemes such as ECOC to decompose (encode) unsuper-

vised multi-class classification problem into multiple binary-class classifications.

• Novel use of maximum as an order statistic to encode the multi-class scores into mul-

tiple binary-classes.

• Novel decoding scheme to tackle issues associated with class imbalance in an unsuper-

vised setting and empirical study of different noises over ensemble classifiers.

We demonstrate the effectiveness of our model through extensive simulation studies and

by application on real-world data related to industrial equipment on oil rigs. The remainder

of the chapter is organized as follows. In Section 4.3, we review the gap in the existing litera-

ture. Section 4.4 describes the structure of the base classifiers and our proposed unsupervised

ensemble learning model and our approach to addressing the issues of class imbalance and

noise. In Section 4.5, we provide an extensive simulation study to assess the performance

of our method under various scenarios. We demonstrate the application of our model on

real-world case study data in Section 4.6. The chapter concludes with a summary.
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4.3 Literature Review

Research on ensemble classifiers leverage the results of base classifiers to achieve predic-

tion capabilities better than the best base classifier. In supervised settings, classifiers aim

to optimize the overall area under the receiver operating curves (AUC) of the ensemble [15],

while in semi-supervised setting, labeled data are used to improve the worst case performance

of the ensemble classifiers [100]. However, in a fully unsupervised setting, the challenge lies

in generating estimates for base classifier accuracy (without training data) that can be used

as weights for the ensemble.

Research on inferring mixture of product distributions for latent variable models has

drawn significant interest [53]. Foundational theory for using spectral methods (especially

tensor decomposition methods for moment matching) to achieve this is presented in [10].

Utilizing this idea, [117] demonstrate the use of spectral methods for unsupervised binary

classification. They show that spectral decomposition of the covariance matrix (second-

order moment) of predicted binary labels can help estimate the ensemble’s balance accuracy

(weights). Their work was further enriched by [71] who showed theoretically that, relying

only on second-order moments from class labels (covariance matrix) is insufficient for solving

a multi-class classification problem such as ours.

In multi-class problem settings, [189] solved the problem of estimating the accuracy of

base classifiers by using spectral decomposition of second and third-order sample moments.

The researchers here refine their initial estimates of base classifier accuracy using EM al-

gorithms which, however, is known to suffer from local optima. This method was refined

by [160] who also utilized moment matching techniques and leveraged unknown class prior

probability. However, all these methods rely on discrete class labels for generating unsu-

pervised multi-class ensemble classifiers and do not leverage the discriminatory information

contained in continuous scores of base classifiers. Further, although the model proposed by

[160] tackles the issue of class imbalance by using Maximum A Posterior (MAP) estimates
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(rather than Maximum Likelihood (ML) estimates), there is no existing work that studies

the impact of different noise structures on the classification problem [79] in multi-class un-

supervised settings. In this chapter, we propose to use a Bernoulli noise model inspired by

the uniform label noise model of [82] ) to model label noise and a white noise” process to

model feature noise for empirically study.

[2] propose to use moments generated by ranks of binary classifiers scores rather than

discrete labels. Rank statistics preserve the discrimination of continuous scores, as asymp-

totically ranks are highly correlated with the underlying variate [154], while avoiding any

assumption of distribution[54]. However, extending the idea of ranking sample scores from

binary to the multi-class case is not straightforward. To overcome this challenge and to

leverage the benefits of continuous class scores, we propose to decompose the original multi-

class problems into multiple binary-class problems. We study the OVA [128] and ECOC

[41], [91], [49] schemes for multi-class to binary-class decomposition in detail in section 4.4.2.

Authors like [130], [17] have proposed theoretical extensions for applying OVA and ECOC

schemes. ECOC and OVA schemes have been studied and compared, in supervised [7], [195]

and partially supervised settings [88], [150], where ECOC usually outperforms OVA scheme.

However, no ECOC method exists for the case of complete unsupervised classification. Apart

from this a novel statistical aspect considered in the chapter is the proposition to use max-

imum of base algorithm scores in decomposing the multi-class problems to multiple binary

class case. Max linear combinations have shown significant improvements in pattern analysis

literature [60], however its application for unsupervised classification still remains unstudied.

Thus, in this chapter our proposed UMEC model leverages the ECOC scheme using

continuous scores of base classifiers as inputs and explores the use of order statistic other

than mean to decompose them into binary class scores. The proposed model also tackles

the issue of class imbalance. We compare our model with state-of-the-art models [189]

[160], while studying the impact of different noise structure empirically and demonstrate the

effectiveness of using continuous scores and other order statistics in generating an optimal
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unsupervised multi-class ensemble classifier.

4.4 Model Development

Figure 4.2 shows the framework for our unsupervised multi-class ensemble classification

(UMEC) model. It comprises of four steps. The first step is generating unsupervised base

classifiers, where we generate mutually independent base classifiers, either by leveraging

distinct facets of domain knowledge or by using different design principles as discussed in

Section 4.4.1 and 4.6. In the second step we encode multi-class problem to multiple sub-

binary class problems by generating binary groupings (indicated by +1 and -1) using a

novel reduction statistics that decompose multi-class continuous scores into multiple binary

classes (section 4.4.2). In the third step we perform spectral decomposition of second and third

order moments for each sub-binary problem. The moments are generated using the ranks of

difference between the reduction statistics for each base algorithm (section 4.4.3). Finally, in

the fourth step we decode the outputs of spectral decomposition to predict multi-class labels

where we propose a novel algorithm to tackle class imbalance (section 4.4.4).

…
…

…
…

…

…

Generating Base 
Algorithms

Encode multi-class scores to sub-binary classes

Ambiguous / Restricted 

Domain Knowledge

𝟏𝒔𝒕 Base Algorithm 

( 𝑩𝑨𝟏 )
𝒊𝒕𝒉 Base Algorithm 

( 𝑩𝑨𝒊 )

𝒎𝒕𝒉 Base Algorithm 

( 𝑩𝑨𝒎 )

…
…

…
…

…
… …𝟏𝒔𝒕 Noisy Maintenance 

Record
𝒌𝒕𝒉 Noisy Maintenance 

Record
𝑲𝒕𝒉 Noisy Maintenance 

Record

Spectral Decomposition of Higher Order moment

…

Decoding the outputs of spectral decomposition

Failure Mechanism record 1 Failure Mechanism record 𝒌 Failure Mechanism record 𝑲

Figure 4.2: Structure of Unsupervised multi-class ensemble classification (UMEC) model
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4.4.1 Generating unsupervised base classifiers

We provide a brief description of the base algorithms used for maintenance record classi-

fication based on different facets of domain knowledge. We denote the classification problem

to be a C class classification problem with c ∈ {1, · · · , C} ≡ C. We assume that the fea-

tures of each base algorithms are noisy and denoted by x̃i ∈ x̃i, and due to incorrect-labeling

sometimes the true class label c = ct could be incorrectly observed as c̃ = cn. Thus, the

classification problem for each base algorithm is given by equation 4.1.

p(c̃ = cn|x̃i) =
∑ct=C

ct=1 p(c̃ = cn|c = ct)p(c = ct|x̃) (4.1)

We have M such base algorithms denoted by i, j ∈ {1, · · ·M} ≡ M for classifying

maintenance records k ∈ {1, · · ·K} ≡ K. We represent the individual score of any class

(c) of kth maintenance record generated by ith base algorithm as xci,k. We consider this

score to be generated from the probability density function represented as f ci (x) and its

kth realization for kth maintenance record as f ci,k(x). Let Xc
i denote the set of all scores

xci,k ∼ f ci (x) ∀ k ∈ K. The predicted class of kth maintenance by ith base classifier is decided

by the rule ĉik = argmaxc ∈ C{f ci,k(x)}. Thus, for each base algorithm, the predicted class is

the class the with maximum score.

4.4.2 Encoding multi-class problem to multiple sub-binary class

In order to ensemble the outcomes of the base classifiers the multi-class classification prob-

lem is decomposed into to multiple sub-binary problems have been a long-advised method

to solve multi-class classification problem, using strategies like One-Versus-All (OVA) and

Error-Correcting Output Code (ECOC) [7]. We show the encoding matrices for five failure

mechanism classes using OVA and ECOC decomposing schemes in Figure 4.3. Each de-

composing schemes is represented as a matrix with entries ∈ {−1, 1}. Each column of the

matrix is used as a guide to generate binary classifiers. Here, a class corresponding to “-1"
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indicates that the class is placed in the negative group of the binary decomposition while

“+1" implies that the class is in the positive group. Please note that we do not study AVA

for our application because the outputs of the spectral decomposition scheme used in this

chapter are binary, and we do not have a-prior information of class labels in unsupervised

classification. Thus, we cannot identify the records that must be considered as left out in the

AVA comparison scheme.

In the ECOC scheme, a class is represented by the binary bits vector corresponding to the

row of the ECOC matrix E. Here the scores in the binary classes ‘+1’ and ‘-1’ are reduced

using appropriate reduction statistics and are compared with each other. The basic intuition

behind ECOC scheme is that error propagating per bit of the class vector is minimized

continually as more binary classifiers are added. To ensure high separation between classes,

the Hamming distances between rows (and thus, between classes) of the ECOC matrix E

must be large. The Hamming distance between two strings of symbols (+1, -1 for rows of

ECOC matrix) is a measure of the number of positions at which the corresponding symbols

differ. The higher the distance between rows, the better the efficiency of ECOC scheme in

separating classes. To generate cost-effective ECOC columns constraints are implied in the

selection of ECOC columns [195]. In our setting, however, running a binary classifier is not

costly. Thus, we sample all ECOC columns with no-duplication constraints. We also ensure

that no two columns in the ECOC matrix are exact negatives of each other (complementing

each other) [41]. Also, it is observed that as the pairwise distance between columns decreases

marginally on account of the addition of new binary columns in ECOC, the distance between

rows increases significantly, thus providing higher class separation. Algorithm 5 outlines our

approach for decomposing and encoding multi-class scores from the base algorithms into

binary groups of positive and negative class. Figure 4.3b provides a graphical illustration of

various steps involved in algorithm 5.

The usual choice suggested for the reduction operator Θ is the mean function. However,

in Proposition 1, we propose the use of order statistics which are a function maximums for
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Algorithm 5: Decomposing and encoding multi-class scores to binary classes
Input: M,C,K,Xc

i ,E
Output: Ru

i Set of sorted ranks for base algorithm i corresponding to binary
classifier of u ∈ E

1 for u ∈ E do
2 Partition C ∈ CP

u ,C
N
u /* I CP

u ∪CN
u ≡ C & CP

u ∩CN
u ≡ ∅ */

/* where CP
u 3 {cup} | up ∈ u & up = +1 are classes partitioned into +1 group &

CN
u 3 {cun} | un ∈ u & un = −1; are classes partitioned into -1 group by

ECOC column (u) */
3 for i ∈M do
4 Initialize δi ≡ ∅ & Ru

i ≡ ∅
/* where δi is the set of difference statistics for each algorithm i and Ru

i

is the set of ranks for difference statistics δi */
5 for k ∈ K do
6 Let X

CP
u

i,k 3 xci,k ∀ c ∈ CP
u

7 Let X
CN

u
i,k 3 xci,k ∀ c ∈ CN

u

8 t
CPu
i,k → Θ(X

CP
u

i,k )

9 t
CNu
i,k → Θ(X

CN
u

i,k )

/* where t
CP

u

i,k & t
CN

u

i,k are the reduction statistics for the class scores in
+1 & -1 groups respectively & Θ is the reduction operator */

10 δui,k = t
CPu
i,k − t

CNu
i,k

11 δui → δui ∪ {δui,k}
12 Ru

i →� δui � /* sorting δui to generate ranks rui,k ∈ Ru
i ∀ k ∈ K */

the reduction operator. As highlighted in [60], max statistics introduces non-linearity and are

non-smooth in nature, thus making the use of traditional estimation methods challenging.

A proof by contradiction is provided in the supplementary file (section 1), where we also

show that the Kullback-Leibler (K-L) divergence and Jensen-Shannon (J-S) divergence of

scores in positive and negative groups generated using maximum as reduction statistic are

empirically better than using mean as reduction statistic.

Proposition 1 Suppose a classification process is such that the scores of each class c ∈ C

are distributed according to the pdf f c(x). At a given instant k, the classifier predicts the class

to be ĉ such that ĉ = argmax{c∈C}(f
c
k(x)). Let tCPk , tkC

N be the reduction (decomposition)

statistics to decompose scores of sample k of a multi-class classifier into binary groups (of
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positive CP ⊂ C and negative classes CN ⊂ C; CP ∪ CN ≡ C) for multiple comparisons.

Then, a reduction (decomposition) statistic, which is a function of maximums of scores in

each binary group (tCPk = ζ(max(XCP

k )), tC
N

k = ζ(max(XCN

k ))), performs better than any

other reduction (decomposition) statistic.

Material Failure 1 -1 -1 -1 -1 -1 1 1 1 -1 1 -1 1 1 1

Mechanical Failure -1 1 -1 -1 -1 1 -1 -1 1 1 1 1 1 -1 1

Hydraulic Failure -1 -1 1 -1 -1 -1 1 1 1 1 -1 1 -1 -1 -1

Control Failure -1 -1 -1 1 -1 1 -1 1 -1 -1 -1 1 -1 1 1

Electrical Failure -1 -1 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 1 -1 -1

Material 
Failure

Mechanical 
Failure

Hydraulic 
Failure

Control 
Failure

Electrical 
Failure

Material Failure 1 -1 -1 -1 -1

Mechanical Failure -1 1 -1 -1 -1

Hydraulic Failure -1 -1 1 -1 -1

Control Failure -1 -1 -1 1 -1

Electrical Failure -1 -1 -1 -1 1

OVA-Scheme

ECOC-Scheme

(a) Different encoding strategies for multi-class to binary class decomposition.

𝒇𝒎 , 𝒌
𝟏 (𝒙), 𝒇𝒎, 𝒌

𝟐 (𝒙) …,   𝒇𝒊 , 𝒌
𝑪 (𝒙)𝒇𝒊 , 𝒌

𝟏 (𝒙), 𝒇𝒊 , 𝒌
𝟐 (𝒙) …,   𝒇𝒊 , 𝒌

𝑪 (𝒙)𝒇𝟏 , 𝒌
𝟏 (𝒙), 𝒇𝟏 , 𝒌
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𝑪 (𝒙)

Generate 𝜮𝟐 𝒊, 𝒋 ; 𝜮𝟑(𝒊, 𝒋, 𝒍) using ranked difference statistics 𝐑𝐢
𝐮 for all base algorithms 

(1⋯𝑚) for the given ECOC column 𝑢

Diff. Stat.  (𝛿1 , 𝑘
𝑢 )

Binary Groupings of Multiple Class Scores (𝑓𝑖 , 𝑘
𝑐 (𝑥)) (as directed by ECOC column 𝑢 )

Ranked Diff. Stat. 

(𝑟1 , 𝑘
𝑢 )

Ranked Diff. Stat. 

(𝑟𝑖 , 𝑘
𝑢 )

Ranked Diff. Stat.  

(𝑟𝑚 , 𝑘
𝑢 )

𝟏𝒔𝒕 Base Algorithm (𝐁𝐀𝟏) 𝒊𝒕𝒉 Base Algorithm (𝑩𝑨𝒊) 𝒎𝒕𝒉 Base Algorithm (𝑩𝑨𝒎)

Red. Stat. 

(𝑡1 , 𝑘
𝐶𝑢
𝑃

)

Red. Stat. 

(𝑡1 , 𝑘
𝐶𝑢
𝑁

)

Red. Stat. 

(𝑡𝑖 , 𝑘
𝐶𝑢
𝑃

)

Red. Stat. 

(𝑡𝑖 , 𝑘
𝐶𝑢
𝑁

)

Red. Stat. 

(𝑡𝑚 , 𝑘
𝐶𝑢
𝑃

)

Red. Stat. 

(𝑡𝑚 , 𝑘
𝐶𝑢
𝑁

)

Diff. Stat. (𝛿𝑖 ,𝑘
𝑢 ) Diff. Stat. (𝛿𝑚 , 𝑘

𝑢 )

Decoding the outputs of spectral decomposition

evaluate ensemble score (𝜓𝑘
𝑢) and prevalence 

values (𝜌𝑢) using equations 2 and 3

(b) Steps to encode multi-class scores of base algorithms to multiple
binary groups using ECOC scheme and determination of ensemble score
ψuk .

Figure 4.3: Demonstration of Encoding multi-class classification problem to multiple sub-
binary class classification problem

4.4.3 Spectral decomposition of higher order moments

The rank statistic Ru
i (in 5) obtained for each base algorithm i ∈M for a given binary

classifier u ∈ E are used to generate empirical second order covariance matrix Σ̂u
2(i, j) and

third order covariance tensor Σ̂u
3(i, j, l) of ranks predicted by base classifiers i, j, l ∈M. The

performance of ith binary base classifier can be measured as ∆u
i = E[Ru

i |c = −1]−E[Ru
i |c = 1]

where E[Ru
i |c = j] for j=-1,1 represents the average rank given the respective class for the
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ith base classifier and uth ECOC binary groups. For qth order conditionally independent

classifiers, it has been shown in [2] that their qth order covariance tensor, Σu
q , (which is defined

as Σu
q (1, · · · , q) := E[(Ru

1 − E[Ru
1 ]) · · · (Ru

q − E[Ru
q])]) follows the equality Σu

q (1, · · · , q) =

H(ρu)((ρu)q−1−(ρu−1)q−1)
∏q

i=1 ∆u
i , whereH(ρu) = ρu(1−ρu) and ρu denotes the prevalence

of the positive class. Rank one decomposition of covariance matrix Σu
2(i, j) of rank statistics

(rui,k ∈ Ru
i ∀ k ∈ K) is estimated as Σu

2(i, j) = κuc ~ν
u ~νu

T − diag(κuc ~ν
u ~νu

T
) + N2−1

12
I using

iterative Singular Value Decomposition (SVD) of rank one matrix generated by off-diagonal

element of Σu
2(i, j) (appendix (section 4.9)). Here κuc ~νu ~νu

T is a rank one matrix with κuc =

H(ρu)||∆u||22 and νui =
∆u
i√

ΣuMj=1∆u2
j

is a unit norm-vector which represents the normalized

accuracy of each base classifier and are used as weights of each base algorithms in final

estimated ensemble score (ψuk ) for each maintenance record k ∈ K and binary classifier

u ∈ E as given in equation 4.2.

ψuk = −
∑M

i=1(ν̂ui r
u
i,k) (4.2)

In order to estimate the prevalence (ρu) of positive class the third-order covariance ten-

sor Σ3(i, j, l) is generated using the rank statistics of the base algorithms which follows the

equality Σu
3(i, j, l) = H(ρu)(2ρu − 1)∆u

i ∆
u
j∆

u
l for each base algorithm i, j, l ∈ M. The co-

variance tensor is off-diagonal rank-one and follows the decomposition given by Σu
3(i, j, l)u =

κut ~α
u
⊗

~αu
⊗

~αu. The value of κut & ~αu is obtained by iterative algorithm using Singular

Value Tensor Decomposition (appendix (section 4.9)) of Σu
3(i, j, l). Using estimated κuc and

κut class prevalence (ρu) is estimated as shown in equation 4.3.

ρu = 1
2
± 1

2

√
τu

τu+4
, where τu = (κut )

2/(κuc )
3 (4.3)
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4.4.4 Decoding the outputs of spectral decomposition

The ensemble scores (equation 4.2) and predicted class labels generated using spectral

decomposition in Section 4.4.3, for each binary comparison u ∈ E are then decoded to

generate final predicted multi-class label. Traditionally in the decoding process, hard labels

predicted by each binary comparison (u ∈ E) for every sample k ∈ K are stored to generate

a binary vector of prediction ~pk. We calculate the distance between the failure mechanism

class vector ~wc (given by rows of ECOC matrix E) and the prediction vector ~pk, for a given

sample k. The class closest to sample k is the predicted class for the sample k. Traditionally

Hamming distance is proposed as a distance measure between the vectors ~pk and ~wc, however

we use the distance measure (ς) inspired from [7] (equation 4.4), which relies on calculating

the dot product between ~pk and ~wc.

ς = (| ~wc| − ~wc � ~pk)/2 (4.4)

Rather than using the hard binary labels for the decoding process, we propose to use the

ensemble-scores (ψuk ∈ Ψu) of equation 4.2 when the dataset is known to be approximately

balanced, and use prevalence normalized ensemble scores (ψuρ,k ∈ Ψu
ρ ) when the dataset is

known to be imbalanced. It is quite common for industrial datasets (such as maintenance

records) to have a high level of imbalance. For the Mud-Pump equipment studied in this

chapter, Material Failure mechanism class is much more prevalent than other failure mech-

anisms. In our Algorithm 6 outlined below, we address the challenge of class imbalance by

normalizing the ensemble scores with the estimates of the binary classifier prevalence values

(ρ) predicted using equation 4.3. We describe the decoding process for a maintenance record

using different types of prediction vectors. The prediction vectors ~pk,d, d ∈ {`k, `ρ,k, ψρ,k}

correspond to different binary labels and scores generated using algorithm 6 as shown in Fig-

ure 4.4. The advantage of using continuous scores as opposed to discrete labels is that the

former always produces distinct values whereas the latter may result in non-unique distances
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for multiple classes. For example, in Figure 4.4 we can see that distance (ς) using ~wc and

~pk,`ρ,k or ~pk,`k generated for binary labels have minimum values for multiple classes. Using

vector of continuous scores ~pk,ψρ,k resolves this ambiguity, while normalizing the predicted

labels by class prevalence helps to overcome class imbalance.

Material -1 -1 1 1 -1 1 -1 -1 1 1 1 1 -1 -1 -1

Mechanical -1 1 -1 1 -1 1 -1 1 1 1 -1 -1 1 1 1

Hydraulic 1 -1 -1 -1 -1 1 -1 1 -1 -1 1 -1 -1 -1 1

Control -1 -1 -1 -1 -1 -1 1 -1 1 -1 1 1 1 1 1

Electrical -1 -1 -1 -1 1 -1 -1 -1 -1 1 -1 -1 1 -1 -1

𝑝𝑘, ℓ𝑘 1 1 -1 -1 1 -1 1 1 -1 -1 -1 -1 1 1 1

𝑝𝑘 , ℓ𝜌 , 𝑘 -1 1 -1 -1 1 -1 -1 1 -1 1 -1 -1 1 1 1

𝑝𝑘, 𝜓𝜌 , 𝑘 -0.07 0.14 -0.62 -0.61 0.92 -0.83 -0.07 0.17 -0.65 0.07 -0.63 -0.64 0.59 0.1 0.14

ℓ𝑘 ℓ𝜌 , 𝑘 𝜓𝜌 , 𝑘

15 12 10.41

7 4 7.38

7 8 7.73

7 8 7.67

7 4 4.93

Generating 

Distance between 

𝑝𝑘,𝑑 and 𝑤𝑐

Figure 4.4: Results using different decoding vector ~pk,d, d ∈ {`, `ρ, ψρ}

4.5 Simulation Experiments

We evaluate the performance of the proposed UMEC model using empirical studies. In

order to conduct simulation studies, we simulate the three base algorithms which follow

the structure as given in equation 4.1. We simulate scores for five classes for each of the

three base algorithms. To generate simulation data, we fix the prevalence of each class and

generate ground truth labels as per the fixed prevalence. In order to generalize behavior

of the proposed UMEC model, we model the scores f ci (x) for each class c ∈ C and base

algorithm i ∈ M using multi-variate Gaussian (MVN), exponential (exp), and Gamma

distributions separately. We begin by generating a set of sample scores for all classes of each

base algorithm. We select only those set of scores for which the class with the maximum

score corresponds to the simulated ground truth class label. This way of sampling necessarily

preserves class prevalence in simulated samples. In order to simulate feature noise to generate

distorted features x̃ci , we assume white noise to be added over the simulated feature scores



92

Algorithm 6: Prevalence normalization for decoding process
Input: Ru

i Set of sorted ranks for base algorithm i
Output: Lu,Ψu,Lu

ρ ,Ψ
u
ρ

1 for u ∈ E do
2 Initialize Ψu

ρ ;Lu
ρ ,Γp; Γn; Op; On → ∅

3 Ru = Ru ∪Ru
i ∀ i ∈M

4 Ψu → Apply equation 4.2 on Σ2(i, j) of Ru

5 if Ψu
k ≥ 0 then return `uk = 1;

6 else return `uk = −1;
7 Lu → Lu ∪ {`uk}∀k ∈ K
8 ρu → Apply equation 4.3 using Σ2(i, j),Σ3(i, j, l) of Ru

9 Φu → sort(Ψu)
10 np = dK × ρe;nn = dK × (1− ρ)e;
11 for k̃ ∈ K do
12 if k̃ ≤ nn then
13 Lu

ρ → Lu
ρ ∪ {−1}; Γn → Γn ∪Φu[k̃]; On → On ∪ k̃

14 else
15 Lu

ρ → Lu
ρ ∪ {1}; Γp → Γp ∪Φu[k̃]; Op → Op ∪ k̃

16 Γ̂n → MinMaxScaler(Γn);
17 Γ̂p → MinMaxScaler(Γp);
18 for k̃ ∈ K do
19 if k̃ ∈ On then
20 Ψu

ρ ∪ Γ̂N[k̃] | k̃ ∈ On[k̃];
21 else
22 k̃ ∈ Op

23 Ψu
ρ ∪ Γ̂p[k̃] | k̃ ∈ Op[k̃]
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(xci ∼ f ci (x)) giving us noisy features as x̃ci = xci + p1 ×N (0, σ2), where p1 is the proportion

(power) of the white noise to be added. We adjust p1 depending on the type of distribution

selected to generate each class score. To simulate label noise, we use a Bernoulli noise

structure. We randomly sample p2 proportion of samples from the simulated dataset and

assign wrong labels to them by swapping the scores. The swapping of scores results in a

change in class label corresponding to maximum score, thus mislabeling the sample. We

generate 2500 samples for the three base algorithms for balanced and unbalanced cases. For

all distribution (f ci (x) ∼ D ∀ {Df} ∈{exp, MVN, Gamma}) we set the prevalence value to be

0.2 for balanced case and prevalence value to be {0.17, 0.18, 0.39, 0.10, 0.16} for unbalanced

case. We generate 9 simulation sets by varying feature noise at three levels {“FN-Df -1”,

“FN-Df -2”, “FN-Df -3”}. Corresponding to each feature noise level, three levels of mislabel

noise are simulated {“CLN-Df -1”, “CLN-Df -2”, “CLN-Df -3”}. The value of parameters used

to generate simulated samples are given in appendix (section 4.10). We discuss the results for

simulation runs of scores distributed as D ∈ {MVN} below, while the results for exponential

and Gamma distributed scores are discussed in appendix section 4.10.1 and section 4.10.3

respectively).

In Figures 4.5, 4.6 and 4.7c our proposed method is mentioned as UMEC_ECOC when

decoding is done using Ψu and as UMEC_prev_norm_ECOC when decoding is done using

Ψu
ρ . The reduction statistic (max or mean) used in encoding are subsequently mentioned.

We compare our method with Max-Voting scheme along with the best performing base algo-

rithm (best_of_base_algos). The results for balanced and unbalanced case for exponential

distribution are shown in Figure 4.5. In Figure 4.5a, which consists of balance datasets it

can be seen that our proposed method (UMEC ) with ECOC encoding scheme and using Ψu

for decoding produces best results. Also, it is worth noting that when the reduction order

statistics is max we get best results as indicated by proposition 1. It can also be inferred that

increasing feature and class label noise both degrades the performance of all the algorithms.

For unbalanced dataset generated using exponential distribution as shown in Figure 4.5b,
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we see that decoding done using prevalence normalization Ψu
ρ provides the best results for

UMEC model with ECOC encoding scheme in most cases.
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(a) Simulation results for exp distributed class scores (balanced case).
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(b) Simulation results for exp distributed class scores (unbalanced case)

Figure 4.5: Simulation results for exp distributed class scores

Figure 4.6 provides similar results as Figure 4.5, however, here the underlying distribution

for score generation is MVN. Figure 4.6a again shows that for balanced case our proposed

UMEC method with ECOC encoding scheme and Ψu decoding scheme produces best results.

For unbalanced case (shown in Figure 4.6b), we also compare the performance of state-of-the-

art models from [160] (referred to as Blind_Ensemble_ML, Blind_Ensemble_MAP) and

from [189] (referred as EM_Spectral and EM_Max_Voting) and also increase the level of

feature noise (as described in section 3.4 of supplementary file) for drawing conclusive infer-

ence. It can be observed that the state-of-the-art methods preform better than our proposed

method when the feature noise level is low, however, as the feature noise level increases our

proposed method beats other state-of-the-art models. Also the toughest competition is given
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by the models proposed in [160] where MAP estimates does a better job than ML estimates

(presumably due to unbalance nature of the simulated data). For UMEC model too, we

achive best results by using prevalence normalization Ψu
ρ for decoding. For unsupervised

maintenance record classification the feature noise tend to arise due to noisy words present

in the maintenance records as shown in Figure 4.1b. In many text classification problems

such feature noise tend to occur more often. As can be seen from Figure 4.6b, that when

the feature noise is substantial (which mostly will be the case for real world maintenance

records) using the proposed UMEC model with Ψu
ρ scores for decoding would help industry

practitioner achieve better accuracy.

For distributions dependent on location parameters like MVN, the location parameters

of the underlying distributions could impact the prevalence of a class. This is because the

structure of the base algorithms is such that the class with maximum score (xci) is the winner

class. Thus, the number of times the particular class would have a maximum score (compared

to other classes) will depend on how far the particular class’ location parameter is from other

classes. In order to check such a case, we also simulate an unbalanced multivariate Gaussian

dataset with the same scale parameter as in Figure 4.6b, however, location parameters

depend on class prevalence values as demonstrated in supplementary materials. The results

for unbalanced dataset for MVN distribution with varying location parameter show a similar

and a more concrete trend as of Figure 4.6b. We provide further discussion and report the

results in appendix section 4.10.4.

4.6 Case Study

In this chapter, we employ three base classifier algorithms. We term the first base algo-

rithm as token matching algorithm. It uses a list of tokens for failure mechanisms defined

by the ISO standard (Table 4.1) and subject matter experts. Term-Frequency Inverse Doc-

ument Frequency (TFIDF) scores are generated for each word in the maintenance records
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(a) Simulation results for MVN distributed class scores (balanced case).
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(b) Simulation results for MVN distributed class scores (unbalanced case)

Figure 4.6: Simulation results for MVN distributed class scores

[129]. The TFIDF scores indicate a word’s prominence in a given maintenance record. Fi-

nally, we calculate the score of each failure mechanism class for a given maintenance record

by summing the TFIDF scores of tokens associated with the failure mechanism class. The

predicted failure mechanism for a maintenance record is the class with the highest summed

TFIDF score.

We call the second base algorithm as equipment based algorithm. This algorithm begins

by identifying tokens or words that indicate the part/component that failed in the equipment.

Then, using domain knowledge, the prominence of each failure mechanism is identified for



97

all the identified parts/components from the maintenance records. The score of each failure

mechanism class is the weighted sum of the TFIDF scores of the identified parts/components.

The prominence (order) of the failure mechanism for the concerned part/component gives

us the weights for that failure mechanism class.

The third base algorithm is called semantic similarity based algorithm. This algorithm

is based on a different design mechanism, and thus satisfies mutual independence. Here, we

first generate word embeddings using CWEM model proposed in [20]. These embeddings

help to generate a mathematical representation for the maintenance record by using sentence

embedding [12]. We also generate embeddings for each failure mechanism class by averaging

the word embeddings for tokens present in Table 4.1. The class with the highest similar-

ity between the generated sentence embedding and the each class embedding is the failure

mechanism for the given maintenance record. We demonstrate the application of all three

algorithms for a maintenance record in Figure 4.7a.

Next as shown in Figure 4.7b, we generate reduction statistics tC
P
u

i,k & t
CNu
i,k from scores

predicted by each base algorithm i, for all binary partitions directed by each column u of

ECOC matrix E. Using the reduction statistics for positive tC
P
u

i,k and negative tC
N
u

i,k classes

the difference score δui,k is generated for each base algorithm i for all ECOC column u ∈ E.

Following this ranks (rui,k) of difference score δui,k for all maintenance records k ∈ K are

generated for each algorithm i ∈M for each ECOC column u ∈ E. The rank statistics Ru
i

for each algorithm (i) and ECOC column (u) are used to generate higher order moments

(Σ̂u
2(i, j) and Σ̂u

3(i, j, l)) which are decomposed using spectral methods to generate ensemble

scores ψuρ,k using algorithm 6. The vector of scores ~pk,ψρ,k are used along with rows of ECOC

matrix E to generate distance measure using equation 4.4. The class corresponding with

minimum score is the predicted class.

We evaluate the proposed model using a real-world industrial dataset comprising mainte-

nance records from a mudpump used in oil rigs. For the performance evaluation, we utilized

93 maintenance records for which the correct failure mechanisms were determined and la-
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Maintenance Record

While drilling the derrick hand discovered and unusual smell in the pump room. Investigation uncovered that oil was observed through transparent cover. 

The mud pump was stopped for repair. - Keep spare motor on board. - Level II investigation initiated to: a) Establish cause of motor seal failure. b) Why 

no spare motor or hub puller on board. c) What could have been done differently to reduce NPT. The motor was opened and the oil was cleaned out 

from the motor. The commutator was dressed and new brushes was installed. The insulation in the motor was measured and found ok. Filters in the 

cooling box was renewed. Attempts to loosen Hub from tapered shaft failed, as tools/fittings rated for required pressure not found. Applied 700bar, 

procedure recommend 1500 bar. While this was ongoing, the boat with new motor arrived. Decision then made to renew the motor instead of change the 

seal on contaminated motor. Leaking seal between chain case and motor.

Token Matching Algorithm (𝑩𝑨𝟏 i = 1)

[('Mechanical Failure', 0.547), ('Material Failure’, 

0.066), ('Hydraulic Failure', 0.32), ('Electrical Failure', 0), 

('Control Failure', 0)] 

Equipment Based Algorithm (𝑩𝑨𝟐 i = 2)

[('Mechanical Failure’, 1.59), ('Material Failure’, 0.52), 

('Hydraulic Failure', 0.12), ('Electrical Failure’, 0.51), 

('Control Failure’, 0)]

Semantic Similarity algorithm (𝑩𝑨𝟑, i = 3)

[('Mechanical Failure', 0.63), ('Material Failure', 0.39), 

('Hydraulic Failure', 0.23), ('Electrical Failure', 0.04), 

('Control Failure’, 0.09)] 

Material -1 -1 1 1 -1 1 -1 -1 1 1 1 1 -1 -1 -1

Mechanical -1 1 -1 1 -1 1 -1 1 1 1 -1 -1 1 1 1

Hydraulic 1 -1 -1 -1 -1 1 -1 1 -1 -1 1 -1 -1 -1 1

Control -1 -1 -1 -1 -1 -1 1 -1 1 -1 1 1 1 1 1

Electrical -1 -1 -1 -1 1 -1 -1 -1 -1 1 -1 -1 1 -1 -1

ECOC Matrix 𝑬

(a) Generation of base algorithms and ECOC matrix E used

0.23 0.63 0.39 0.63 0.04 0.63 0.09 0.63 0.63 0.63 0.39 0.39 0.63 0.63 0.63

0.63 0.39 0.63 0.23 0.63 0.09 0.63 0.39 0.23 0.23 0.63 0.63 0.39 0.39 0.39

Generate (𝑡1 , 𝑘
𝐶𝑢
𝑃

& 𝑡1 , 𝑘
𝐶𝑢
𝑁

∀ 𝑢 ∈ 𝑬 & 𝑖 = 1; 𝐵𝐴1)

Generate (𝑡2 , 𝑘
𝐶𝑢
𝑃

& 𝑡2 , 𝑘
𝐶𝑢
𝑁

∀ 𝑢 ∈ 𝑬 & 𝑖 = 2; 𝐵𝐴2)

Generate (𝑡3 , 𝑘
𝐶𝑢
𝑃

& 𝑡3 , 𝑘
𝐶𝑢
𝑁

∀ 𝑢 ∈ 𝑬 & 𝑖 = 3; 𝐵𝐴3)

0.32 0.55 0.07 0.55 0.00 0.55 0.00 0.55 0.55 0.55 0.32 0.07 0.55 0.55 0.55

0.55 0.32 0.55 0.32 0.55 0.00 0.55 0.07 0.32 0.32 0.55 0.55 0.32 0.32 0.07

0.12 1.59 0.52 1.59 0.51 1.59 0.10 1.59 1.59 1.59 0.52 0.52 1.59 1.59 1.59

1.59 0.52 1.59 0.51 1.59 0.51 1.59 0.52 0.51 0.12 1.59 1.59 0.52 0.52 0.52

Generate 𝛿1 , 𝑘
𝑢 ∀ 𝑢 ∈ 𝑬 & 𝑖 = 1

Generate 𝛿2 , 𝑘
𝑢 ∀ 𝑢 ∈ 𝑬 & 𝑖 = 2

Generate 𝛿3 , 𝑘
𝑢 ∀ 𝑢 ∈ 𝑬 & 𝑖 = 3

0.23 -0.23 0.48 -0.23 0.55 -0.55 0.55 -0.48 -0.23 -0.23 0.23 0.48 -0.23 -0.23 -0.48

1.47 -1.07 1.07 -1.08 1.08 -1.08 1.49 -1.07 -1.08 -1.47 1.07 1.07 -1.07 -1.07 -1.07

0.40 -0.24 0.24 -0.40 0.59 -0.54 0.54 -0.24 -0.40 -0.40 0.24 0.24 -0.24 -0.24 -0.24

849 236 1541 825 1389 443 1373 226 898 920 1562 1588 386 299 260

1857 2 1862 48 1787 77 1852 2 49 9 1863 1863 3 2 3

1732 12 1847 132 1828 44 1809 13 132 132 1854 1853 13 13 14

Generate 𝑟1 , 𝑘
𝑢 ∀ 𝑢 ∈ 𝑬 & 𝑖 = 1

Generate 𝑟2 , 𝑘
𝑢 ∀ 𝑢 ∈ 𝑬 & 𝑖 = 2

Generate 𝑟3 , 𝑘
𝑢 ∀ 𝑢 ∈ 𝑬 & 𝑖 = 3

Generate 𝜮𝟐 𝒊, 𝒋 ; 𝜮𝟑(𝒊, 𝒋, 𝒍) using 𝑹𝒊
𝒖 ∀ 𝑢 ∈ 𝑬 & 𝑖 ∈ 𝑴Material 8.31

Mechanical 0.80

Hydraulic 7.66

Control 8.00

Electrical 7.99

Decode using equation 4 and 
ECOC matrix 𝑬

Generate 𝜓𝜌,𝑘
𝑢 ∀ 𝑢 ∈ 𝑬

-0.78 0.96 -0.92 0.77 -0.93 0.91 -0.94 0.95 0.77 0.78 -0.95 -0.94 0.90 0.95 0.94

(b) Encoding Multi-Class scores to Multiple Binary Classes
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(c) Weighted f1-score of applying different models over industrial dataset

Figure 4.7: Step by step application of UMEC model and final result over industrial dataset
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beled via manual review by industry subject matter expert. Figure 4.7c shows the results

of using different models over the labeled dataset. In this figure we report the weighted f1-

scores for the multi class classification problem on the y-axis with bars representing f1-score

for each model. From figure 4.7c it is evident that using our proposed UMEC model with

ECOC encoding scheme with max reduction statistic and Ψu
ρ scores for decoding with preva-

lence normalization (UMEC_prev_norm_ECOC_max ) achieves highest accuracy than all

other methods including the stat-of-the-art models. Our proposed method achieves weighted

f1-score of 0.671 (UMEC_prev_norm_ECOC_max ) while other state-of-the-art methods

achieves the f1 scores of 0.582 (Blind_Ensemble_ML), 0.579 (Blind_Ensemble_MAP), 0.53

(EM_Spectral), 0.516 (EM_Max_Voting) and 0.607 (Max-Voting) on the industrial dataset.

The low performance of state-of-the-art models can be attributed to the influence of feature

noise. Also using prevalence normalized scores with in decoding step helps us achieve higher

accuracy for the UMEC model.

4.7 Summary

In this chapter, we propose a novel method for unsupervised multi-class ensemble (UMEC)

learning using ECOCmatrix that solves a multi-class classification problem by encoding them

into multiple binary problems. Our method addresses the issue of class prevalence prominent

with methods dependent on ML estimations. We also propose to use maximum instead of

mean as a statistic to reduce the multiple class scores into binary groups. Our simulation

results show the strength of our model in handling different sources of noise prominent in

classification problems. The study also affirms that using continuous scores output by the

base classifiers is much more accurate than relying on discrete labels. Our research demon-

strates that unsupervised multi-class classification problems can be solved efficiently with

encoding methods like ECOC using continuous scores from multiple base classifiers. Our

proposed method helps in determining the labels for the classification problem instead of
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finding cluster means prevalent in the literature for learning product distributions. Fur-

ther research could extend by generating unsupervised mutli-class classifier using a single

objective function to infer multi-class labels using continuous scores.

4.8 Appendix A: Proposition Proof

The usual choice suggested for the reduction operator Θ is the mean (average) function.

Instead, in Proposition 2, we propose the use of other order statistics for the reduction

operator.

Proposition 2 Suppose a classification process is such that the scores of each class c ∈ C

are distributed according to the pdf f c(x). At a given instant k, the classifier predicts the

class to be ĉ such that ĉ = argmax{c∈C}(f
c
k(x)). Let tPosk , tNegk be the reduction (decomposi-

tion) statistics to decompose scores of sample k of a multi-class classifier into binary groups

(of positive CPos ⊂ C and negative classes CNeg ⊂ C; CPos ∪CNeg ≡ C) for multiple com-

parisons. Then, a reduction (decomposition) statistic, which is a function of maximums of

scores in each binary group (tPosk = g(max(xC
Pos

k )), tNegk = g(max(xC
Neg

k ))), performs better

than any other reduction (decomposition) statistic. Note that the mean of binary groups is

also a linear combination of maximums of each group.

4.8.1 Appendix A.1: Proof

In order to prove the above proposition, we first revisit the structure of the base algo-

rithms provided in Section 3.1 in the manuscript. Each base algorithm is designed in such

a way that the class with the maximum score is the winner class for that base algorithm.

Let us consider any relevant dichotomization/ binarization scheme applied over multi-class

scores to encode them into binary class. Let cmax be the class with the maximum score in

C multi-classes. Let CPos, CNeg denote the sets of classes contained positive and negative

group of binary comparison formed after encoding multiple classes. Thus, CPos∪CNeg ≡ C.
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We want to determine reduction statistics tPosk , tNegk that could serve the best to represent

the original multi-class classification problem in the encoded binary comparison.

Let oPosk , oNegk be order statistics of scores in both sets xC
Pos
k

k , xC
Neg
k

k other than maximum.

The subscript k ensures that we are considering a single maintenance record. Let c0
k =

argmax(xCk
k ) be the true failure mechanism class for kth maintenance record. For efficient

binary partitioning of the multi-class structure into binary classes, it is important that the

representative score derived by using scores of either of the binary classes (CPos
k , CNeg

k ) is a

function of the score of the true class c0
k. If the score of the true class c0

k does not appear in

the encoded scores of the binary classes then the following unsupervised classification will

not be able to draw correct inference from the binary partitioning. Next, we consider the

following two cases:

Let c0
k ∈ CPos

k , thus the true class lies in the set of positive classes (as guided by the ECOC

matrix). Now, any order statistic oPosk other than the maximum cannot represent c0
k because

by structure of the base algorithm, c0
k = argmaxc(x

Ck
k ), also CPos

k ⊂ Ck =⇒ x
CPos

k
k ⊂ xCk

k .

Thus, if c0
k ∈ CPos

k , then the score associated to class c0
k should be the maximum amongst the

other scores in CPos
k =⇒ c0

k = argmaxc(x
CPos

k
k ). For the second case, when c0

k ∈ CNeg
k , we

can similarly infer that c0
k = argmaxc(x

Ck
k ) = argmaxc(x

CNeg
k

k ) if c0
k ∈ CNeg

k and as CNeg
k ⊂

Ck thereby implying that any order statistics oPosk other than the maximum cannot represent

c0
k. Thus, for any representative score (reduction statistic) of the binary class, the true class

scores xc
0
k
k can appear only when the reduction statistic is a function of the maximum.

Further, we also want that the reduction statistics of the binary classes are such that the

separation between the distribution formed by using the reduction statistics for both classes

are well separated from each other. Thus, we further study the Kullback-Leibler divergence

and the Jensen-Shannon divergence between the distributions of the reduction statistics of

the positive class and the negative class. By comparing the divergence when the reduction

statistics is maximum versus when it is mean. We find that a larger divergence is achieved

using maximum in most of the cases as opposed to using mean in Figure 4.8 and 4.9.
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(a) K-L Divergence for base algorithm 1.
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(b) K-L Divergence for base algorithm 2.
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(c) K-L Divergence for base algorithm 3.

Figure 4.8: Comparison of K-L Divergence between positive and negative class scores for
different base algorithms using max and mean reduction statistics.
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(a) J-S Divergence for base algorithm 1.
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(b) J-S Divergence for base algorithm 2.
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(c) J-S Divergence for base algorithm 3.

Figure 4.9: Comparison of J-S Divergence between positive and negative class scores for
different base algorithms using max and mean reduction statistics.
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4.9 Appendix B: Iterative algorithms for rank 1 decom-

position

Rank-1 decomposition of empirical covariance matrix Σ̂u
2 of rank statistics (rui,k ∈ Ru

i ∀ k ∈

K) is determined using Algorithm 7 to achieve the estimates of normalized accuracy ( ~νui ) for

each base classifier i ∈M.

Algorithm 7: Rank-1 decomposition of second order moments using Singular Value
Decomposition (SVD)

Input: empirical second order moments of ranks Σ̂u
2

Output: κuc , ~νu
1 Let ε > 0, s = 1, Initialize κu(0) = νuo (0) = 0

2 κu(1), νuo (1) = SVD(Σ̂u
2)

/* where SVD represents singular value decomposition while κu(1), ~νuo (1) corresponds
to the largest singular value and corresponding singular vector of Σ̂u

2 */
3 while κu(s)− κu(s− 1) > ε do
4 5(s) = Σ̂u

2 − diag(Σ̂u
2) + diag(κu(s) ~νuo (s) ~νuo (s)T )

5 s = s+ 1

6 κu(s), ~νuo (s) = SVD(5(s))

7 κuc = κu(s), ~νu = ~νuo (s)

Rank-1 decomposition of empirical covariance tensor Σ̂u
3 is determined using Algorithm

8 which helps to achieve the prevalence value ρ.

4.10 Appendix C: Simulation Parameters

4.10.1 For exponential distribution

For class scores generated from an exponential distribution, we set the scale parameter

for each class of first base algorithm as 0.91, for second base algorithm as 0.83, and the third

base algorithm as 1.11. We generate nine simulation sets by varying feature noise at three

levels of {‘FN-exp-1’:p1 = 0.4, ‘FN-exp-2’:p1 = 0.5, ‘FN-exp-3’:p1 = 0.6} and corresponding
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Algorithm 8: Rank-1 decomposition of second order moments using Tensor Sin-
gular Value Decomposition (tSVD)

Input: empirical third order moments of ranks Σ̂u
3

Output: κut , ~αu

1 Let ε > 0, s = 1, Initialize κu(0) = αuo (0) = 0

2 κu(1), αuo (1) = tSVD(Σ̂u
3)

/* where tSVD represents tensor singular value decomposition while κu(1), ~αu
o (1)

corresponds to the largest singular value and corresponding singular tensor of
Σ̂u

3 */
3 while κu(s)− κu(s− 1) > ε do
4 5(s) = Σ̂u

3 − diag(Σ̂u
3) + diag(κu(s) ~αuo (s)

⊗
~αuo (s)T )

5 s = s+ 1

6 κu(s), ~αuo (s) = tSVD(5(s))

7 κut = κu(s), ~αu = ~αuo (s)

to each feature noise level, three levels of mislabel noise are simulated {‘CLN-exp-1’:p2 = 0.2,

‘CLN-ecexp-2’:p2 = 0.275, ‘CLN-exp-3’:p2 = 0.35}. The results for balanced and unbalanced

cases for exponential distribution are shown in Figure 4.5.

4.10.2 For MVN distribution

For class scores generated from multivariate-normal distribution, we set the location

parameter for each class of first base algorithm as 1.0, second base algorithm as 0.7, and

third base algorithm as 0.3. The scale parameter for each algorithm is a 5× 5 positive-semi-

definite covariance matrix, which we randomly sample as:

SMVN1 =



1.267 0.722 0.714 1.522 1.128

0.722 1.496 0.543 1.075 1.505

0.714 0.543 0.933 1.223 0.808

1.522 1.075 1.223 2.387 1.648

1.128 1.505 0.808 1.648 1.882


;
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SMVN2 =



2.070 1.570 2.371 1.204 2.011

1.570 2.127 2.164 1.479 1.688

2.371 2.164 3.385 1.938 2.591

1.204 1.479 1.938 1.594 1.206

2.011 1.688 2.591 1.206 2.251



and SMVN3 =



0.531 0.834 1.085 0.633 0.696

0.834 1.802 1.809 1.410 1.064

1.085 1.809 2.398 1.446 1.525

0.633 1.410 1.446 1.236 0.923

0.696 1.064 1.525 0.923 1.070


.

For balanced dataset, we generate nine simulation sets by varying feature noise at three

levels of {‘FN-MVN-1’:p1 = 0.1, ‘FN-MVN-2’:p1 = 0.185, ‘FN-MVN-3’:p1 = 0.25} and

corresponding to each feature noise level, three levels of mislabel noise are simulated {‘CLN-

MVN-1’:p2 = 0.2, ‘CLN-MVN-2’:p2 = 0.275, ‘CLN-MVN-3’:p2 = 0.35}. For unbalanced

dataset we generate 12 simulation sets by varying feature noise at three levels of {‘FN-MVN-

1’:p1 = 0.1, ‘FN-MVN-2’:p1 = 0.185, ‘FN-MVN-3’:p1 = 0.25, ‘FN-MVN-4’:p1 = 0.315} and

corresponding to each feature noise level, three levels of mislabel noise are simulated {‘CLN-

MVN-1’:p2 = 0.2, ‘CLN-MVN-2’:p2 = 0.275, ‘CLN-MVN-3’:p2 = 0.35}. The results for

balanced and unbalanced case for multivariate-Gaussian distribution are shown in Figure

4.6.

4.10.3 For Gamma distribution

For class scores generated using Gamma distribution, we set the shape parameter for each

class of first base algorithm as 1.0, second base algorithm as 0.7, and third base algorithm

as 0.3. The scale parameter for each of the five classes in the three algorithms are

SGamma1 =

(
0.549 0.715 0.603 0.545 0.424

)
;
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SGamma2 =

(
0.872 0.052 1.099 0.871 0.841

)
and

SGamma3 =

(
1.826 2.062 1.436 1.766 2.339

)
. Similar to the Gaussian case, we generate

nine simulation sets by varying the feature noise at three levels of {‘FN-Gamma-1’:p1 = 0.1,

‘FN-Gamma-2’:p1 = 0.185, ‘FN-Gamma-3’:p1 = 0.25} and corresponding to each feature

noise level, three levels of mislabel noise are simulated {‘CLN-Gamma-1’:p2 = 0.2, ‘CLN-

Gamma-2’:p2 = 0.275, ‘CLN-Gamma-3’:p2 = 0.35}. The results for balanced and unbalanced

case for multivariate-Gaussian distribution are shown in Figure 10 of the manuscript. The

simulation results for Gamma distribution is shown in Figure 4.10. The results when class

scores follow Gamma distributions demonstrate that using max or mean as reduction statis-

tics do not generate significant difference in performance.
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Figure 4.10: Simulation results for Gamma distributed class scores
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4.10.4 For prevalence dependent MVN distribution

The location parameters for simulating unbalanced data set with prevalence dependent

on location parameters of each class for the three base algorithms are given by:

µMVN1 =

(
0.857 0.898 1.966 0.503 0.776

)
;

µMVN2 =

(
0.600 0.629 1.376 0.352 0.543

)
and µMVN3 =

(
0.257 0.269 0.590 0.151 0.233

)
.

The scale parameter for each algorithm is a 5 × 5 positive-semi-definite covariance matrix,

which we randomly sample as

SMVN1 =



1.267 0.722 0.714 1.522 1.128

0.722 1.496 0.543 1.075 1.505

0.714 0.543 0.933 1.223 0.808

1.522 1.075 1.223 2.387 1.648

1.128 1.505 0.808 1.648 1.882



SMVN2 =



2.070 1.570 2.371 1.204 2.011

1.570 2.127 2.164 1.479 1.688

2.371 2.164 3.385 1.938 2.591

1.204 1.479 1.938 1.594 1.206

2.011 1.688 2.591 1.206 2.251


and

SMVN3 =



0.531 0.834 1.085 0.633 0.696

0.834 1.802 1.809 1.410 1.064

1.085 1.809 2.398 1.446 1.525

0.633 1.410 1.446 1.236 0.923

0.696 1.064 1.525 0.923 1.070


. We generate twelve simulation sets by

varying feature noise at three levels of {‘FN-MVN-1’:p1 = 0.1, ‘FN-MVN-2’:p1 = 0.185, ‘FN-

MVN-3’:p1 = 0.25, ‘FN-MVN-4’:p1 = 0.315} and corresponding to each feature noise level,

three levels of mislabel noise are simulated {‘CLN-MVN-1’:p2 = 0.2, ‘CLN-MVN-2’:p2 =
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Figure 4.11: Simulation results for MVN with prevalence dependent location parameters

0.275, ‘CLN-MVN-3’:p2 = 0.35}. The results for un-balanced case of MVN with prevalence

depending on location parameter are shown in Figure 4.11. In this figure we include other

state-of-the-art models from [160] (referred to as Blind_Ensemble_ML, Blind_Ensemble_MAP)

and from [189] (referred as EM_Spectral and EM_Max_Voting). We get similar results as

in Figue 9b of manuscript where it can be seen that the state-of-the-art methods perform

better than our proposed method when the feature noise level is low, however, as the fea-

ture noise level increases our proposed method beats the state-of-the-art models. Since

real-world maintenance records are commonly subject to a high level of feature noise, the

proposed UMEC method is anticipated to be more accurate in practice relative to existing

methods.
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Chapter 5

Identifying equipment health status from

maintenance records using Lexicon based

Unsupervised Sentiment Analysis

Adjusted for Negation (LUSAA-N)

5.1 Focused Abstract

During periodic inspection and repair of industrial equipment, technicians create mainte-

nance records in the form of unstructured text to document valuable information regarding

the equipment condition, operating environment, failed components, failure mechanism, etc.

Inferring the equipment health status from these records can help in planning future main-

tenance actions to avoid expensive machine failures. However, automatic inference of the

equipment health status is non-trivial due to various challenges inherent in analyzing un-

structured text such as domain-specific vocabulary and negation words. Further, manual

labeling of the records for supervised classification is arduous and impractical. Thus, in this

chapter, we present a model to automatically extract the equipment health status from main-
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tenance records in a completely unsupervised manner. We show that using general English

sentiment lexicons is highly inefficient for analyzing maintenance records, and thus propose a

method that leverages sentiment lexicons curated for the maintenance domain and addresses

the central issue of negation. We demonstrate the effectiveness of our proposed model over

extant research using data from real-life maintenance records from oil rig equipment.

5.2 Introduction

Effective maintenance of equipment is critical to ensure industrial productivity and safety.

Equipment breakdown often results in a high loss of production time, which could be costly

depending on the availability of appropriate inventory/mitigating measures. Technicians

usually schedule periodic inspections to check equipment functionality to avoid such un-

timely interruptions. Apart from this, a thorough inspection is conducted if equipment

malfunctions, and consequently, appropriate maintenance actions are taken. The observa-

tions of technicians during such inspections are documented in maintenance records in the

form of unstructured free text. The maintenance records thus consist of a wealth of in-

formation about equipment health status, its operating environment and control limits, its

vulnerable parts/components, their failure mechanisms, etc. Thus, valuable inference about

equipment health status could be retrieved from such unstructured maintenance records.

Figure 5.1 shows examples of different maintenance records collected either during periodic

inspections or breakdown events and the technicians’ sentiments about equipment’s health

status. Efficiently extracting the sentiment regarding equipment health status could help

develop better reliability models and schedule better spare part inventory management. For

example, [11] introduces the framework of vectorizing an annotated maintenance record into

numerical values representing costs, sentiment and association where maintenance records

are annotation done by operators.

Though maintenance records consist wealth of information about industrial equipment,



112

Maintenance Record Sentiment \ Equipment Health

Observed unusual noise coming from fluid end. Isolated pump and inspected fluid 
end.. MP#1 inspection. Breakdown Job

Negative (Equipment in poor health state)

the impeller has been arrived and received from the store and is installed on mud pump 
#1 check the notes of Job # 165253 this job can be closed ----------

Positive (Equipment is repaired and is as  
good as new)

Visually inspected the BX titan valves for general condition. Inspected the exterior of 
valve for mud leakage. Found ok. Checked the pneumatic supply pressure setted to 115 
psi. Checked the air hose connections and the pneumatic line connection for tightness 

and leaks. Found ok..

Neutral (Equipment is been running and 
seems to have no problem)

Figure 5.1: Illustration of maintenance records and sentiment about equipment health status

automatically inferring the sentiment regarding equipment health status is not an easy task.

Further, sentiment analysis is a significant area in the natural language processing (NLP)

literature [188]. However, traditionally sentiment classifiers are trained using sentiment labels

available either as annotations, ratings, or derived from emoticons. However, no such training

data is available for industrial use, and manually annotating such unstructured maintenance

records takes a tremendous manual effort. Recent development in transfer learning models

leveraging pre-trained language models is highly resource-intensive [40] for training. A cheap

alternative that is usually advised is to fine-tune the pre-trained models like BERT [166]

using out of domain data as these models are supposed to be highly generalized for domain

adaptation. However, this alternative suffers serious inaccuracies when domain data is highly

customized, as shown in section 5.5.

Unsupervised sentiment analysis [50] helps to overcome these challenges and provides a

resource-efficient alternative to model equipment health status from maintenance records.

These methods rely on sentiment lexicons, which are words/phrases that express sentiments

and are usually assigned a polarity score for different sentiments. General purpose lexicon

lists such as SentiWordNet [13] are freely available for applications. [57] propose to use

(Twitter Specific Lexicon Set) TSLS that maps lexicons to seven aspects suitable for twitter

sentiment analysis which are scored by manual annotators. However, such resources are of

rare use for industrial maintenance records. As can be seen in Figure 5.2, if the word replaced

is used as an infinitive verb, it indicates that some component within the equipment has failed
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and needs to be replaced, thus indicating that equipment is in poor health. However, when

the word replaced is used as a past tense verb, it means that the action of replacing a bad

component has been completed, and now the system is back to good health. Thus, the

existing English lexicons sets are insufficient to conduct unsupervised sentiment analysis in

the industrial maintenance domain.

Maintenance Record Sentiments/ Health status

Parts Requested from ICS:. Rupture disc on MP4 is to be replaced. Breakdown Job Negative (Equipment in poor health state)

Replaced module with South west discharge Module. All componets on module 
showed ecsessive corrosion, replaced Discharge and installed new cap screws for 

discharge spacer.----------

Positive (Equipment is repaired and is as  
good as new)

Figure 5.2: Illustration of maintenance records with domain specific lexicons

Apart from domain-specific vocabulary, the text data also present other important chal-

lenges like the presence of negation words. Handling negation has always been an important

task for effective sentiment analysis [177] as the presence of a negation word could com-

pletely alter the sentiment indicated by a lexicon. For example, consider the maintenance

records shown in Figure 5.3. The presence of words or phrases like leak, corrosion, abnormal

vibration indicate that the machine is in poor state and may soon need repair. However,

due to the presence of the ‘negation cue’ word ‘no,’ the sentiment completely changes. This

change in sentiment is due to the presence of words like leak inside the scope of the nega-

tion cue word. The traditional lexicon-based sentiment analysis methods rely only on the

count of the different sentiment lexicons and assume equal predictivity of each lexicon while

evaluating sentiment. [46] demonstrates that sentiment lexicons are not equally predictive.

The predictiveness of lexicons depends on the co-occurrence of lexicons of opposite polarity.

However, [46] do not tackle the important issue of negation.

To address the above mentioned challenges we propose a new model called Lexicon based

Unsupervised Sentiment Analysis Adjusted for Negation (LUSAA-N ). Essentially the high-

lights of this work are:

1. We manually extract and provide novel seed lexicons to identify operators sentiment
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Maintenance Record

Checked all fluid end no leaks. Was performed visually inspect suction and discharge manifolds no corrosion cracks washouts 
damage .Checked discharge and modules no founded any movement.. SPM01-FEND-Checks.

1 the motor was in good condition 2 there was no abnormal noise 3 no abnormal vibration 5 was working proper 6 the motor blower 
was in good condition 7 was cleaned.

Figure 5.3: Illustration of maintenance records with negation words

towards industrial equipment health status as described in maintenance records

2. We provide a novel framework to bootstrap sentiment lexicons using raw maintenance

records and seed lexicons by fine tuning pre-trained BERT model.

3. Our model formulation uses information about words in negation scope to optimize

sentiment lexicon predictivity while generating an overall sentiment score of the main-

tenance record.

4. The proposed model does not require any external lexical resources or intensive com-

puting resources and could be easily trained on CPU machines rather than GPU or

TPU.

This chapter is organized as follows. Section 5.3 provides a literature review of unsuper-

vised sentiment analysis methods and addresses their limitations. Section 5.4 outlines the

proposed framework and details the LUSAA-N model. In Section 5.5 we discuss the appli-

cation of the proposed model on real industrial data from oil rigs and compare our method

with existing models. Finally, section 5.6 provides the summary of the work and discusses

the future research areas for leveraging sentiment analysis in the maintenance domain.

5.3 Literature Review

Identifying anomalies is an essential task of reliability engineering. [181] cluster quality

related text data to provide optimal solutions for given quality/repair problems using problem

cluster-solution toolbox model. Apart from this, application of NLP methods in classifying
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console/system logs (Syslogs) has been studied extensively [63] to aid reliability engineering

of software. However, these methods are either based on the assumption that different types

of console logs (normal and anomalous) have fixed templates [45], [103] that differ from each

other or require some training data for the downstream task of classification [102], [191].

Apart from the software domain, authors in [48] propose to identify hazardous events on

construction sites by training NLP models like BERT on labeled safety reports. However,

maintenance records generated while inspecting or during a breakdown event do not follow

any specific template, and neither have training data available. Hence, identifying the health

status of equipment is entirely unsupervised and presents challenges of high variability in

text.

In unsupervised sentiment analysis, researchers utilize three major models to model data

lacking sentiment labels. The first model extracts latent topics that are assumed to generate

words in the text using Latent Dirichlet Allocation (LDA) [21]. [86] propose to use LDA for

the joint topic (aspect) and sentiment modeling and show that when there is a single aspect,

the models reduce to latent sentiment analysis model (LSA). [73] deploy LDA to classify case

studies in construction projects. The second modeling approach is based on transfer learning

where sentiment labels are not available in the target domain, and labeled source domain

data is used. The model tries to minimize the distance between target and source domain

data while predicting labels for source data. Pre-trained language models like BERT are used

extensively for the same [179]. However, they are heavily dependent on expensive computing

resources like GPU. The third type of model makes use of pre-existing sentiment lexicon and

infers sentence sentiment based on lexicon polarity [42], [157]. [57] propose to generate

transferable features by mapping manually scored sentiment lexicons to seven aspects that

can be used by YAC2 clustering algorithm. However, the transferable domains of application

for which lexicons are generated are of similar nature (for example analyzing sentiments in

tweets for Starbucks versus Verizon). A pre-trained lexicon-based sentiment analysis model

VADER is proposed by [68] which makes use of publicly available SentiWordnet lexicons
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[13]. However, as discussed in section 5.2 such general purpose lexicons are not suitable for

industrial maintenance sentiment analysis. Table 5.1 summarizes various semi-supervised

and unsupervised methods used for sentiment analysis.

For effective application of lexicon-based unsupervised sentiment analysis, the two most

important considerations that need to be taken care of are the domain relevance of sentiment

lexicons and the influence of negation cues. Sentiment lexicons originated in [152], following

which creating or extending lexicons received significant interest [163]. [61] review various

methods to expand domain-specific sentiment lexicons and propose a weighted lexical graph

generated by domain-specific word embeddings to propagate sentiment labels. However,

these methods depend on the co-occurrence of sentiment lexicons for expansion but as shown

in section 5.2 lexicons in maintenance records may not necessarily co-occur and also have

additional dependencies on the grammar/tense of the sentence. [120] propose to use part

of speech (POS) tags to extend sentiment lexicons. However, their method places hard

constraints on POS tags of sentiment words and works for unigrams. As we have the labels

of seed lexicons, word embeddings trained on domain data and having attention from POS

tags can help bootstrap other lexicons from the corpus. [174] propose embeddings with POS

guided attention. However, models like BERT [166] not only summarize POS attention but

also take the context of words into consideration while generating efficient contextualized

embeddings. Hence, we propose a framework to bootstrap sentiment lexicons by fine-tuning

BERT on seed lexicons.

The second challenge of handling negation is to identify the scope of the negation cue (as

shown in Figure 5.3) and to check if the sentiment lexicon belongs to the scope. Negation

scope detection is an extensively studied topic. [72] provide an overview of several labeled

corpus to aid negation detection. [115] proposed deep semantic parsing to extract negation

scope on Linux systems, which met with application issues while replicating on a Windows

Subsystem for Linux. Authors in [36] used the conditional random field method to pre-

dict negation scope, while [194] used the word-topic graph model to identify the same. As
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Table 5.1: Comparison of different research streams for Sentiment Analysis

Classification
Types Model Types References Limitation

Semi-Supervised
Template Based

Methods [45], [103] Complete
Unstructured Data

Partial Labeled
Data

[102],
[191], [48] No Labeled Data

Unsupervised
Topic Models [86], [73] 1) Does not handle

negation;
2) Existing Domain

Lexicons not
suitable for
Maintenance

Transfer
Learning
Model

[179]

Lexicon Based
Model

[42], [157],
[57], [68],
[163], [46]

methods to identify negation scope is not a novel contribution of this chapter, we use an

open-source model termed Negtool [47] to identify negation scope in this research work.

The bootstrapped domain-specific lexicons, identified negation scopes, and maintenance

records become inputs to our proposed LUSAA-N model. The LUSAA-N uses these inputs

to create discriminatory scores between each sentiment class, providing us with the final

sentiment class labels as described in section 5.4.

5.4 Proposed framework and LUSAA-N model

This section presents our framework (see Figure 5.4) to extract equipment health status

from maintenance records. We begin by manually generating seed sentiment lexicons for

industrial equipment health status analysis. The generated seed lexicon set is used with

raw maintenance records to bootstrap sentiment lexicons, as demonstrated in section 5.4.1.

We then replaced the bootstrapped lexicons in the raw maintenance records to generate

processed maintenance records, as shown in Figure 5.5. We use the processed maintenance

records to extract the negation scope as explained in section 5.4.2. The sentiment lexicons,

the processed maintenance records, and the extracted negation scope become the inputs

to the LUSAA-N model as explained in section 5.4.2. The scores output by the LUSAA-N
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model is then classified to generate sentiment labels for the equipment health status as shown

in section 5.4.3.

Bootstrap 

sentiment 

Lexicons

Process Maintenance 

records by replacing 

bootstrapped lexicons

Identify 

Negation 

scope

LUSAA-N model

Generate Difference score 

(diff) (equation 9)

Apply AVA

Final Sentiment Label of 

Maintenance Record

Raw Maintenance 

Record

Manually generated 

seed lexicons 

Figure 5.4: Framework for extracting equipment health status from maintenance records

5.4.1 Bootstrapping domain specific lexicon

Raw maintenance records are analyzed to generate a seed lexicon set indicating equipment

health status. This work considers that equipment could lie in three health states. The first

is the poor or degraded state, which in sentiment analysis terms would be a ‘negative state.’

We generate the seed lexicons for the negative state. These lexicons represent a problem or

a failure mechanism in the equipment, for example, terms and phrases like ‘leak,’ ‘eroded,’

‘needs repair,’ ‘to be replaced,’ etc. The second state that we consider is the working fine or

‘neutral’ state. The equipment is said to be in a ‘neutral’ state if it is observed that everything

is working as expected during the inspection. Examples of seed lexicon for neutral states

would include ‘all ok,’ ‘under control,’ ‘looks good,’ etc. The third state that is the as good

as new state or ‘positive’ state. After a repair action is taken on the equipment, we assume

that it is back in its original state and would now function at its best capability. The seed
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lexicons for the positive state would include terms like ‘was repaired,’ ‘ready to use, ‘is fixed,’

‘as good as new,’ etc. The complete list of seed sentiment lexicons for industrial sentiment

analysis is provided in Appendix 5.9.

After generating seed lexicons, we extract the contextual POS tags for each sentiment

lexicon using ‘nltk’ library in python. The context is provided as per the use of seed lexicons

in maintenance records. The extracted contextual POS tags help to form a regular expression

pattern. We use the RegEx pattern to mine words or phrases from maintenance records

that form the candidates of being sentiment lexicons. As fine-tuning in BERT [166] needs

limited data and is assumed to provide decent accuracy for text classification, we use the

base-BERT model and fine-tune it with seed lexicons to classify candidate lexicons. The

seed lexicons provide training examples to fine-tune BERT. As BERT is assumed to provide

high contextual embeddings, the information about POS tags and other semantic contexts

is already incorporated into the base BERT model. The extracted candidate phrases are

classified into three sentiment classes using fine-tuned BERT. The complete workflow to

classify new sentiment lexicons is illustrated in Figure 5.5a. As BERT outputs a soft-max

score corresponding to each class for a given lexicon, we select only lexicons having a soft-max

score corresponding to any sentiment class larger than a chosen threshold for that sentiment

class as the bootstrapped sentiment lexicon. Finally, we process the raw maintenance records

with steps shown in Figure 5.5b where we replace the seed and bootstrapped sentiment

lexicon phrases with their appropriate n-grams in the raw maintenance records.

5.4.2 Extracting Negation scope & Lexicon based Unsupervised

Sentiment Analysis Adjusted for Negation (LUSAA-N ) model

We use the processed maintenance records to extract words that lie in the negation scope

of a given negation ‘cue’ using the procedure shown in Figure 5.6. We use an open-source tool

called Negtool proposed by [47]. Specifically for negation scope extraction, we first convert

the processed maintenance records to CONLL-X format using [26]. For converting raw
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(a) Workflow to Bootstrap Sentiment Lexicons from Seed
Sentiment Lexicons

Seed and 

Bootstrapped 

Sentiment 

Lexicons

Replace special character 

except full stops

Remove numbers and convert 

to lower character

Split sentence on full stop and 

remove any extra white space

Concatenate sentences back 

using full stops to reform 

maintenance records

Replace lexicon phrases with 

corresponding n-gram from 

bootstrapped lexicon file

Processed Maintenance 

Records

(b) Processing of maintenance
records with Bootstraped Senti-
ment Lexicons

Figure 5.5: Bootstrap domain specific sentiment lexicon and process maintenance records

maintenance records into CONLL-X format, we use the Core-NLP toolkit in python proposed

by [96]. After having the CONLL-X format for the maintenance records, we predict the

negation cue using SVM-based binary classifiers. We then predict the negation scope using

the maximum-margin CRF model for each predicted negation cue. We use the frequency of

sentiment lexicons present in the extracted negation scope to model negation in the proposed

LUSAA-N model as shown next.

Processed Maintenance 

Record

Convert to CONLL-X 

format

Negtool (Max. Margin 

CRF classifier)

Negation 

Scope

Figure 5.6: Extracting Negation scope from processed maintenance records

The proposed LUSAA-N model takes the count vector of words present in the processed

maintenance records (indicated as x) along with the count vector of words present in the

negation scope (indicated as x̃) as inputs. We assume the generative process for the document

to follow the Dirichlet Compound Multinomial (DCM) model proposed by [94]. The DCM

model is a hierarchical model where a sample is first drawn from a Dirichlet distribution to

get parameters of the Multinomial distribution. Words are drawn for the document based

on the Multinomial distribution. To handle negation, the LUSAA-N model assumes words
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in negation scope to follow the same Multinomial distribution as directed by the Dirichlet

sample. However, as these words are negated to diminish their effect, their count x̃ is

subtracted from the original count vector x. The generation model for the words (w) having

a frequency of xw in a given maintenance record and a frequency of x̃w in the negation

scope of the maintenance record in equation 5.1. In equation 5.1 ξ denotes multinomial

probabilities and αw denotes Dirichlet parameter withw components.

p(x, x̃|αw) =

∫
ξ

Pmultinomial(x, x̃|ξ)PDirichlet(ξ|αw)dξ

=

∫
ξ

n!∏W
w=1(xw − x̃w)!

(
W∏
w=1

ξxw−x̃w

)
Γ
(∑W

w=1 αw

)
∏W

w=1 Γ(αw)

W∏
w=1

ξαw−1
w dξ

=
n!∏W

w=1(xw − x̃w)!

Γ
(∑W

w=1 αw

)
∏W

w=1 Γ(αw)

∫
ξ

W∏
w=1

ξxw−x̃w+αw−1
w dξ

p(x, x̃|αw) =
n!∏W

w=1(xw − x̃w)!

Γ
(∑W

w=1 αw

)
Γ
(∑W

w=1(xw − x̃w) + αw

) W∏
w=1

Γ(xw − x̃w + αw)

Γαw

(5.1)

The classifier rule used by the LUSAA-N model is the binary Bayes classifier rule. The

novelty of the LUSAA-N model is that it also takes the influence of negated words while

generating the classifier score. Although the sentiment classification of industrial mainte-

nance records is ternary, we choose the classification rule to be binary and then apply ternary

to binary decomposition technique as demonstrated in section 5.4.3. The binary classifier

rule is chosen because of its simple interpretation and computational benefits, as explained

below. To generate classifier using DCM model the Dirichlet parameter αw is assumed to be

dependent on sentiment label s ∈ S where S 3 {s,¬s}. Equation 5.2 shows the likelihood

of a given maintenance record under the influence of label s. Here K(x) is a constant term

that counts the frequency of words (without any influence on their predictive ability). In

5.7 we show that the classifier decision rule is independent of K(x), Nt is the length of the

complete maintenance record, and Nns is the length of the negation scope. Γ denotes the
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gamma function, where Γ(x) = x!.

p(x, x̃|αw,s) =
n!

K(x)

Γ
(∑W

w=1 αw,s

)
Γ
(
Nt −Nns +

∑W
w=1 αw,s

) W∏
w=1

Γ(xw − x̃w + αw,s)

Γαw,s
(5.2)

Let P (W = w|S = s) = βw,s denote the probability that a single word token w belongs to

a class of sentiment s. Following [46], we assume that any word would have a baseline νw.

If a given word w is a lexicon for a sentiment s, then its predictiveness parameter is 1 + γw

if the document have sentiment s otherwise if the document has sentiment label ¬s then its

predictiveness parameter is 1 − γw. Using this, the probability (βw,s) of word w depending

on whether its a lexicon of a given sentiment class s of a maintenance record can be written

as shown in equation 5.3. The binary classes are assumed to have equal prior probabilities.

The Bayes classifier decision rule in terms of likelihood is given by logP (x, x̃|S = s) ≷

logP (x, x̃|S = ¬s) in favor of sentiment class s(>) or ¬s(<) respectively. The Dirichlet

parameter (αw,s) is assumed to be dependent on the probability of word = βw,s by the

relation αw,s = δβw,s, where δ is the concentration parameter for the DCM distribution. As

δ grows, the prior on multinomial probabilities ξ gets tightly linked to βw, thus reducing the

DCM model to the multinomial model.

βw,s =


(1 + γw)νw, if document sentiment label = s and w is a lexicon of sentiment s

(1− γw)νw, if document sentiment label = s but w is a lexicon of sentiment ¬s

νw, if document sentiment label = s but w is not a lexicon

(5.3)

The final decision rule is derived in 5.7 using equation 5.2, 5.3 and is given by equation 5.4.

The predictiveness parameter γw for each lexicon is derived by penalizing the lexicons that

co-occur with lexicons of opposite sentiments after adjusting for negation. The co-occurrence

count of lexicon ws with all opposite lexicons w¬s adjusted for their presence in negation scope
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is given in equation 5.5. For a given maintenance record, we derive the expected product of

count of word pairs (ws, w¬s) adjusted for negation to be given by equation 5.6 as derived

in 5.8. Here, Nt and Nns have the same meaning as defined earlier. Even after adjusting for

negation, we find that the expected product of count of word pairs (ws, w¬s) is proportional

to the product of probabilities βws×βw¬s (where we omit the first index to avoid redundancy

of notation). The proportional dependence on product of probabilities βws×βw¬s is a similar

finding as [46], however, the proportionality constant is now dependent not only on the length

of maintenance record (Nt) but also on the length of negation scope (Ns) after adjusting for

negation. To optimize the predictiveness parameters γw,s, γw,¬s, we minimize the squared

error between the expected values of counts E[co− countsw,s] (equation 5.7) and their true

value (equation 5.5) as given in equation 5.8. We use an alternating direction method

of multipliers (ADMM) optimization scheme for binary blocks to learn the predictiveness

parameter γw,s, γw,¬s for words ws and w¬s
1. Apart from the ease of calculation and

inference, another reason to rely on binary optimization is that convergence of ADMM for

simple extensions of binary-block to a multi-block convex minimization problem is not easily

guaranteed [29]. After optimizing the predictiveness parameter, the difference of scores for

each maintenance record (equation 5.9) is calculated using the Bayes classifier decision rule

of equation 5.4. The difference score is generated for all binary comparisons as dictated by

the ternary classifications scheme (shown in section 5.4.3) which are finally used to generate

class labels as explained in the next section.

∑
w∈s

log

(
Γ(xw − x̃w + δ(1 + γw)νw)Γ(δ(1− γw)νw)

Γ(δ(1 + γw)νw)Γ(xw − x̃w + δ(1− γw)νw)

)
≷
∑
w∈¬s

log

(
Γ(xw − x̃w + δ(1 + γw)νw)Γ(δ(1− γw)νw)

Γ(δ(1 + γw)νw)Γ(xw − x̃w + δ(1− γw)νw)

) (5.4)

1We use an optimization scheme which is similar in application to [46]
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co− countws =
D∑
d=1

∑
w¬s∈¬S

(x(d)
w,s − ˜xw,s

(d))(x(d)
w,¬s − ˜xw,¬s

(d)) (5.5)

E[(x(d)
w,s − ˜xw,s

(d))(x(d)
w,¬s − ˜xw,¬s

(d))] = [(Nt −Nns)(Nt −Nns + 1)]βw,sβw,¬s (5.6)

E[co− countsws ] =
D∑
d=1

[(Nt −Nns)(Nt −Nns + 1)]νw,s
∑
w∈¬S

νw,¬s[1− γw,sγw,¬s]

(5.7)

min
γw,sγw,¬s

1

2

∑
w∈S

(co− countsws − E[co− countsws ]) +
1

2

∑
w∈¬S

(co− countsw¬s − E[co− countsw¬s ])

subject to
∑
w∈S

βw,s =
∑
w∈¬S

βw,¬s = 1; ∀w∈S 0 ≤ γw,s < 1; ∀w∈¬S 0 ≤ γw,¬s < 1;

(5.8)

diff =
∑
w∈s

log

(
Γ(xw − x̃w + δ(1 + γw)νw)Γ(δ(1− γw)νw)

Γ(δ(1 + γw)νw)Γ(xw − x̃w + δ(1− γw)νw)

)
−
∑
w∈¬s

log

(
Γ(xw − x̃w + δ(1 + γw)νw)Γ(δ(1− γw)νw)

Γ(δ(1 + γw)νw)Γ(xw − x̃w + δ(1− γw)νw)

) (5.9)

5.4.3 Extracting sentiment labels

We use the difference score achieved from equation 5.9 in an All-Versus-All (AVA) de-

composition scheme, which decomposes ternary class classification to the binary class case.

As the name suggests in the AVA scheme, a binary classifier is generated for each possible

pair of class comparisons. For example, if there are a total of M classes in a multi-class clas-

sification problem, then the number of pairs for comparison becomes MC2. The AVA scheme

is represented by a matrix E whose columns (denoted by j ∈ j) give a binary classifier while

the rows (denoted by i ∈ i) represent the embedding vector of class labels. We represent the
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class embedding vector as ~im. In this chapter, we represent the AVA scheme by a 3×3 matrix

as shown in Figure 5.7. We generate a difference score corresponding to each base binary

classifier using equation 5.9. This forms a one-dimensional array ( ~diffd) (of M = 3) ele-

ments of difference score corresponding to each binary classifier for each maintenance record

d. We evaluate the dot product between the one-dimensional array of the difference-score

for a maintenance record d and the class embedding vector for each of the three classes and

denote it as vdm. We generate a distance-score udm measuring the distance between the array

of score ~diffd and the class embedding vector (represented by the row of the AVA matrix)

by following the distance measure suggested in [7]. Mathematically vdm = ~im · ~diffd and

udm = | ~im| − vdm
2
. We identify the class with which the score udm is minimum (argminm{udm})

to be the closest to the one-dimensional array of the score, and thus the maintenance record

is assigned the corresponding class label (which has the minimum dot product). We demon-

strate the application of the proposed AVA scheme for a maintenance record d in Figure

5.7. In Figure 5.7 the minimum distance-score udm is obtained for the positive class (2.825).

Thus, maintenance record d is given a positive class label. The steps involved in applying

LUSAA-N model are summarized in algorithm 9.

Classifier/

Class (m)

C(1):

Pos vs Neg

C(2):

Ntr vs Pos

C(3):

Neg Vs Ntr

Positive 1 -1 0

Negative -1 0 1

Neutral 0 1 -1

[0.23, -0.12, -0.09] = 0.35( )

( )

( )

[0.23, -0.12, -0.09] = -0.32 

[0.23, -0.12, -0.09]   = -0.03

Dot – Product

(𝑣𝑚
𝑑 ) 

Final – Score

(𝑢𝑚
𝑑 ) 

3-0.35/2    = 2.825

3-(-0.32/2) = 3.16

3-(-0.03/2) = 3.015

Array of diff 

score (𝑑𝑖𝑓𝑓𝑑)

Figure 5.7: Illustration of AVA scheme to identify sentiment label for a maintenance record
d ∈ D
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Algorithm 9: Steps to learn LUSAA-N parameters
Input: xwpos , xwneu , xwneg , ˜xwpos , ˜xwneu , ˜xwneg ,E documents d ∈ D
/* wpos, wneu, wneg denote the lexicons belonging to positive, neutral and negative

sentiment classes */

Output: ~diffd vector of difference scores of each binary classifier for each
maintenance record d.

1 Initialize ~diffd → ∅
2 for j ∈ E do
3 Let s→ sentiment class with entry +1 in j & ¬s→ sentiment class with entry

-1 in j
4 Initialize νw,s, νw,¬s → with word frequency ∀d ∈ D
5 Generate co− countsws and expected co-counts E[co− countsws ] using equation

5.5 and 5.7
6 Optimize γw,s, γw,¬s by optimizing equation 5.8
7 for d ∈ D do
8 Calculate diffd(j) using equation 5.9

9 ~diffd →< diffd(j) > ∀j ∈ j

5.5 Case Study

We evaluate the proposed model using real-world maintenance records from oil rig equip-

ment. We select data for a single equipment (Mud-Pump) for this case study with 4893

maintenance records. The total vocabulary size for the maintenance record is 5693. As

mentioned earlier, our work assumes three degradation states for the equipment, which are

mapped to three sentiments of Positive, Negative, and Neutral as described in section5.4.1.

Our proposed LUSAA-N model has two variants depending on the concentration parameter

δ values. When δ is very large, the model reduces to a Multinomial model, and we denote

the same as LUSAA-N-Mult ; otherwise, the model is a DCM model, and we denote the same

as LUSAA-N-DCM 2. The first comparison is with the baseline ProbLex-Mult and ProbLex-

DCM model proposed by [46] which do not consider negation. To test the efficiency of

adjusting for negation, we generate a manually labeled dataset of 153 maintenance records

which is almost balanced with 52 records of positive sentiment, 51 of neutral sentiment,
2The code would be uploaded at GitHub, post double blinded peer-review completion
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and 50 of negative sentiment. We apply the proposed LUSAA-N and the baseline Problex

model proposed by [46] with their two variants of multinomial and DCM distribution and

generate final labels using the AVA decomposition scheme. We can use a metric relevant

to classification such as weighted ‘f1-score’ to evaluate the models as we have class labels

for predictions. We do not simply generate the weighted f1-score of the 153 labeled records

but instead make the difference statistically apparent by bootstrapping 30 percent of the

labeled records 5000 times and generating an f1-score for the bootstrapped samples for each

of the four models. We keep the proportion of labels in the bootstrapped sample the same

as in the original dataset. In Figure 5.8 we demonstrate the bootstrapped f1-score for each

model where we try to present the benefits of adjusting for negation terms. As can be seen

from Figure 5.8 the mean of the bootstrapped f1-score for LUSAA-N model (proposed by

us) dominates the mean of the bootstrapped f1-score for the Problex model proposed by [46]

for both variants of multinomial (Figure 5.8a) and DCM (Figure 5.8b) distributions.

Further, to demonstrate the effectiveness of the generated lexicons, we compare the pro-

posed model with an open-source sentiment analysis model VADER [68]. To analyze the

generalization of BERT [166] over other domains, we fine-tune it on the IMDB dataset of

three sentiment labels to predict the health status of the industrial equipment. To bench-

mark the effectiveness of the proposed LUSAA-N s model, we compare the proposed model

with the Point-wise Mutual Information (PMI ) of [163]. We further compare the model with

the Latent Sentiment Model (LSM ) as proposed in [86] with sentiment priors initialized by

bootstrapped lexicons for the base LDA model. We also consider the TSWE model pro-

posed in [55], which uses word embeddings trained on maintenance records by the celebrated

word2vec model of [106]. The TSWE model proposed by [55] extends the framework of [113],

which was initially generated to improve topic models (LDA) by incorporating information

from word embeddings. However, as we only have a single topic (Mud-Pump) throughout the

case study, we consider the number of topics to be 1, and thus we name the implementation

as (SWE ). Further, as the base-line topic models do not provide class labels but instead help
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(a) Bootstrapped f1-score comparison of LUSAA-N-Mult model with baseline
Problex-Mult model (by [46])
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(b) Bootstrapped f1-score comparison of LUSAA-N-DCM model with baseline
Problex-DCM model (by [46])

Figure 5.8: Bootstrapped f1-score comparison for LUSAA-N and Problex models

to achieve clusters, we use Adjusted Rand Index (ARI) [66] as a metric to judge the effective-

ness of each model for benchmarking. ARI automatically identifies the maximum possible

overlap between two clusters, and hence the need to identify correct labels is avoided. The

unavailability of class labels can also be considered as a potential shortcoming of methods

that only identify topics using the topic modeling (mixture distribution) framework. The

application of an encoding strategy proposed in LUSAA-N helps achieve the class labels. We

plot the ARI for all the models in Figure 5.9. From Figure 5.9, we can easily infer that both

variants of LUSAA-N model outperform other competitive models. Specifically, we can see

that applying an open-source tool like VADER is highly inefficient, and also the adaptability

of fine-tunned BERT on any publicly available labeled dataset gives bad results. Thus, to

identify the equipment health status from maintenance records, domain curated seed lexi-
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cons are needed, and custom models like LUSAA-N that can handle negation provide the

best accuracy.
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Figure 5.9: Comparison of Adjusted Rand Index (ARI) for all models

5.6 Future Work and Summary

In the future, we would like to extend our proposed work to conduct fine-grained senti-

ment analysis to identify health status of each sub-component of an hierarchical equipment

under inspection. While research on fine grained sentiment analysis exists (e.g., [178], in

the context of the hospitality industry), it has not yet been applied to analyze maintenance

records and determine the sentiment of maintenance technicians regarding the condition of

sub-components in industrial equipment. It will also be interesting to investigate multi-task

models that model transfer learning and negation simultaneously. Further, the sentiment la-

bels generated from the proposed LUSAA-N model could be used as additional information

to generate stratified reliability models. Apart from this, the knowledge about equipment

health status could be jointly used for maintenance decision making as proposed in [121].
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In this chapter, we propose a novel Lexicon-based Unsupervised Sentiment Analysis Ad-

justed for Negation (LUSAA-N ) model to identify equipment health status from unstruc-

tured, unlabeled maintenance records without any requirement of expensive computational

resources. By testing the performance of the proposed model over a manually labeled dataset,

we could identify that the proposed model outperforms the existing model. We also demon-

strate the usefulness of having seed lexicons for industrial maintenance records and illustrate

a workflow for bootstrapping domain-specific lexicons from a set of seed lexicons. Our results

in the case study of section 5.5 show that using general English lexicons is ineffective in ex-

tracting equipment health status from maintenance record. Our work shows the importance

of modeling negation in accurately identifying equipment health status from maintenance

records. We also find that domain generalization of base pre-trained models like BERT is

poor for transfer learning applications by fine-tuning when the target and source domains

are highly separated.

5.7 Appendix A: Derivation of Binary Bayes Decision

Rule

The binary Bayes classifier decision rule in terms of likelihood is given by logP (x, x̃|S =

s) ≷ logP (x, x̃|S = ¬s) in favor of sentiment class s(>) or ¬s(<) respectively. Using the

expression of Likelihood from equation 5.2 and taking log on both sides, the binary Bayes
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classifier decision rule can be expanded as shown in equation 5.10

log

(
n!

K(x)

)
+ log

(
Γ(
∑W

w=1 αw,s)

Γ(Nt −Nns +
∑W

w=1 αw,s)

)
+

W∑
w=1

log

(
Γ(xw − x̃w + αw,s)

αw,s

)
≷

log

(
n!

K(x)

)
+ log

(
Γ(
∑W

w=1 αw,¬s)

Γ(Nt −Nns +
∑W

w=1 αw,¬s)

)
+

W∑
w=1

log

(
Γ(xw − x̃w + αw,¬s)

αw,¬s

)
Cancelling the log

(
n!

K(x)

)
term.

Also, using inequality,Γ (y + 1) = (y)Γ (y) we can write

Γ

(
Nt −Nns +

W∑
w=1

αw,¬s

)
= (Nt −Nns)!Γ

(
W∑
w=1

αw,¬s

)

Substituting this in the above rule becomes

(5.10)

log

(
Γ(
∑W

w=1 αw,s)

(Nt −Nns)!Γ(
∑W

w=1 αw,s)

)
+

W∑
w=1

log

(
Γ(xw − x̃w + αw,s)

αw,s

)
≷

log

(
Γ(
∑W

w=1 αw,¬s)

(Nt −Nns)!Γ(
∑W

w=1 αw,¬s)

)
+

W∑
w=1

log

(
Γ(xw − x̃w + αw,¬s)

αw,¬s

) (5.11)

The first terms on both right hand side and left hand side cancels out in equation 5.11

reducing the decision rule to equation 5.12.

W∑
w=1

log

(
Γ(xw − x̃w + αw,s)

αw,s

)
≷

W∑
w=1

log

(
Γ(xw − x̃w + αw,¬s)

αw,¬s

)
(5.12)

The first term in equation 5.12 gives the score for the true underlying sentiment class to

correspond to s, while second term gives the score of the true underlying sentiment class

corresponding to ¬s. Thus, for a given maintenance record if in reality the true class is s

(corresponding to first term of equation 5.12), then lexicons of type ¬s in the document

would have reduced predictiveness given by (1 − γw,¬s)νw,¬s. But if the true underlying

sentiment class is ¬s (corresponding to second term of equation 5.12), then lexicons of type

s would instead have reduced predictiveness given by (1− γw,s)νw,s. Also using the fact that

αw = δβw the decision rule of equation 5.12 in terms of lexicons can be written as shown in
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equation 5.13.

∑
w∈s

log

(
Γ(xw,s − ˜xw,s + δ(1 + γw,s)νw,s)

δ(1 + γw,s)νw,s

)
+
∑
w∈¬s

log

(
Γ(xw,¬s − ˜xw,¬s + δ(1− γw,¬s)νw,¬s)

δ(1− γw,¬s)νw,¬s

)
≷∑
w∈¬s

log

(
Γ(xw,¬s − ˜xw,¬s + δ(1 + γw,¬s)νw,¬s)

δ(1 + γw,¬s)νw,¬s

)
+
∑
w∈s

log

(
Γ(xw,s − ˜xw,s + δ(1− γw,s)νw,s)

δ(1− γw,s)νw,s

)
(5.13)

Arranging lexicons of same types to the same side of the inequality the decision rule corre-

sponds to equation 5.14

∑
w∈s

log

(
Γ(xw,s − ˜xw,s + δ(1 + γw,s)νw,s)

δ(1 + γw,s)νw,s

)
−
∑
w∈s

log

(
Γ(xw,s − ˜xw,s + δ(1− γw,s)νw,s)

δ(1− γw,s)νw,s

)
≷∑
w∈¬s

log

(
Γ(xw,¬s − ˜xw,¬s + δ(1 + γw,¬s)νw,¬s)

δ(1 + γw,¬s)νw,¬s

)
−
∑
w∈¬s

log

(
Γ(xw,¬s − ˜xw,¬s + δ(1− γw,¬s)νw,¬s)

δ(1− γw,¬s)νw,¬s

)
(5.14)

Combing the log terms together in equation 5.13 give us the decision rule of equation

5.4, thus concluding the proof.

5.8 Appendix B: Derivation of Expected Co-counts

We first derive the expected product of counts for a given word pair (ws, w¬s). Using the

definition of co-occurrence count of lexicon ws with all opposite lexicons w¬s adjusted for

negation is give by equation 5.5. We assume that lexicons xw,s of sentiment type s in a main-

tenance record d of length Nt follow Multinomial(Nt, βw,s) distribution, while lexicons xw,¬s

of sentiment type ¬s in a maintenance record d of length Nt follow Multinomial(Nt, βw,¬s)
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distribution. It is reasonable to assume that lexicons occur with the same probability in

negation scope. Thus, lexicons ˜xw,s of sentiment type s follow Multinomial(Nns, βw,s) dis-

tribution in negation scope of length Nns, while lexicons ˜xw,¬s of sentiment type ¬s follow

Multinomial(Nns, βw,¬s) distribution in negation scope of length Nns. Before proceeding to

the derivation of equation 5.6 we would like to give the equations for first and second order

moments to be used in the proof. Under the distributional assumptions the moments are

given in equation 5.15. The covariance of cross terms like cov{xw,s, ˜xw,¬s} in equation 5.15 is

obtained by realizing the fact that covariance between multinomials defined on sets of length

Nt and Nns where Nns ⊂ Nt would be non-zero only for the set Nns, further by assumption

the probability of occurrence are same in both the sets Nt and Nns.

E(xw,s) = Ntβw,s,E(xw,¬s) = Ntβw,¬s

E( ˜xw,s) = Nnsβw,s,E( ˜xw,¬s) = Nnsβw,¬s

cov{xw,s, xw,¬s} = Ntβw,sβw,¬s

cov{ ˜xw,s, ˜xw,¬s} = Nnsβw,sβw,¬s

cov{ ˜xw,s, xw,¬s} = Nnsβw,sβw,¬s

cov{xw,s, ˜xw,¬s} = Nnsβw,sβw,¬s

(5.15)

We proceed with the derivation subsequently in equation 5.16.
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E[(xw,s − ˜xw,s)(xw,¬s − ˜xw,¬s)] = cov[(xw,s − ˜xw,s)(xw,¬s − ˜xw,¬s)]

+ E(xw,s − ˜xw,s)E(xw,¬s − ˜xw,¬s)

=cov[(xw,s, xw,¬s)]− cov[(xw,s, ˜xw,¬s)]− cov[( ˜xw,s, xw,¬s)]+

cov[( ˜xw,s, ˜xw,s)]

+ [E(xw,s)− E( ˜xw,s)][E(xw,¬s)− E( ˜xw,¬s)]

=cov[(xw,s, xw,¬s)]− cov[(xw,s, ˜xw,¬s)]− cov[( ˜xw,s, xw,¬s)]+

cov[( ˜xw,s, ˜xw,s)] + E(xw,s)E(xw,¬s)

− E( ˜xw,s)E(xw,¬s)− E(xw,s)E( ˜xw,¬s) + E( ˜xw,s)E( ˜xw,¬s)

=Ntβw,sβw,¬s −Nnsβw,sβw,¬s −Nnsβw,sβw,¬s +Nnsβw,sβw,¬s

+N2
t βw,sβw,¬s −Nnsβw,sNtβw,¬s −Ntβw,sNnsβw,¬s+

N2
nsβw,sβw,¬s

=[N2
t − 2NtNns +N2

ns +Nt −Nns]βw,sβw,¬s

=[(Nt −Nns)(Nt −Nns + 1)]βw,sβw,¬s

(5.16)
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Further using equation 5.16 and 5.3 we can write.

E[(xw,s − ˜xw,s)(xw,¬s − ˜xw,¬s)|S = s] = [(Nt −Nns)(Nt −Nns + 1)]∗

{νw,s(1 + γw,s)νw,¬s(1− γw,¬s)}

=[(Nt −Nns)(Nt −Nns + 1)]νw,sνw,¬s[1+

γw,s − γw,¬s − γw,sγw,¬s]

E[(xw,s − ˜xw,s)(xw,¬s − ˜xw,¬s)|S = ¬s] = [(Nt −Nns)(Nt −Nns + 1)]∗

{νw,s(1− γw,s)νw,¬s(1 + γw,¬s)}

=[(Nt −Nns)(Nt −Nns + 1)]νw,sνw,¬s

[1− γw,s + γw,¬s − γw,sγw,¬s]

(5.17)

Thus, the expected product of counts for a given word pair (ws, w¬s) can be given as.

E[(xw,s − ˜xw,s)(xw,¬s − ˜xw,¬s)] = P (S = s)E[(xw,s − ˜xw,s)(xw,¬s − ˜xw,¬s)|S = s]

+ P (S = ¬s)E[(xw,s − ˜xw,s)(xw,¬s − ˜xw,¬s)|S = ¬s]

=[(Nt −Nns)(Nt −Nns + 1)]νw,sνw,¬s[1− γw,sγw,¬s]

(5.18)

Next we derive the expected co-counts of a word ws occurring with a cross lexicon word

pair w¬s by summing over all words w¬s ∈ ¬S over all documents D.

E[co− countsw,s] =
D∑
d=1

∑
w∈¬S

E[(xdw,s − ˜xdw,s)(xw,¬s − ˜xdw,¬s)]

=
D∑
d=1

[(Nt −Nns)(Nt −Nns + 1)]νw,s
∑
w∈¬s

νw,¬s[1− γw,sγw,¬s]

(5.19)
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5.9 Appendix C: Seed Industrial Sentiment Lexicon

Positive Seed Lexicon (Equipment restored to healthy (as good as new) con-

dition): replaced; installed; was repaired; was replaced; back in service; was reset; ready to

use; ready for use; deisolated; changed on; is being closed ; is replaced; is closed; is changed;

was replaced; was installed; was closed; is installed; is fixed; was fixed; is up; completed; has

been replaced; has arrived; have arrived; have been replaced; have been repaired; has been

repaired; have been installed; has been installed; has been completed; have been completed;

job closed; job completed; module installed; parts received; parts replaced; is changed; is

done; is fitted; is returned; is working; is rested; properly completed; is operational now;

back in operation; is finished; was finished; after replacement; after change; corrected; cor-

rectly changed; correctly completed; correctly removed; currently installed; currently in use;

is activated; assembled; is updated; just completed; restored; auto canceled; request closed;

damage repaired; removed; rectified; reconstructed; adjusted; new part; as good as new;

reinstate; renewed; rebooted; closing the job; completed the cm; back to normal; removed

old installed new; replaced and tested ok; changed with new.

Negative Seed Lexicon (Equipment in Bad health condition): to be ordered;

to be fitted; out of service; needs repair; unusual; stopped; work in progress; was contami-

nated; triggered; isolated; washed out ; found leak ; to be fixed; is down; abnormal corrosion;

broken; found corroded; damaged; excessive damage; excessive scuffing; found corrosion; is

frozen; found leaks; is leaking; severe corrosion; significant damage; wear damage; worn;

deficiencies found; deterioration found; discrepancies found; issues found; job created; job

opened; failed; is damaged; is shut; is stuck; abnormalities found; eroded; corroded; out of

operation; not in operation; corrective maintenance ; a cm; is broken; is defective; disassem-

bled; to be repaired; to be replaced; to be changed; to be issued; to be performed; to be

removed; to be sent; will be opened; will be changed; will be fixed; will be installed; to be
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installed; seized working; malfunctioning; faulted; above normal; to be rectified; heavy fault;

distort; pop off; catastrophe; above recommended; loose connection; not working fine; are

not functioning; missing; to repair; need to fit; still remained failed; not come back up; to

perform.

Neutral Seed Lexicon (Equipment working fine): confirmed; small discrepancy;

good test; checked; certified; tested; cleaned; found fit; good condition; set correctly; looks

great; all ok; completed cleaning; examined; inspected; is fine; is good; to be tested; have

been tested; in good condition; in good order; is checked; is ok; is acceptable; is in accor-

dance; all good; all acceptable; all in good condition; all in good order; below excessive wear;

below damage; is inspected; found ok; found good; in accordance; all certified; parts cleaned;

minor repairs; preventive maintenance; a pm; tightened; already calibrated; monitored; con-

firmed good; correctly checked; correctly cleaned; correctly ensured; correctly examined;

is examined; firmly tightened; function tested; have confirmed; in acceptable condition; in

acceptable operating; in correct position; looks satisfactory; looks ok; below normal; is tight-

ened; is cleaned; cleaned dirt; cleaned mud; visually inspect; no issues found; free of ; all

working well; are functioning; verified; completed the pm; secured; closed with no action;

are tight; found to be good ; is working properly; is transmitted correctly; found dust; are

operational; functions worked properly; working fine.
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Chapter 6

Condition Based Maintenance by joint

modeling of continuous sensor signal and

discrete maintenance events using Action

Specific-Input Output Hidden Markov

Model (AS-IOHMM)

6.1 Focused Abstract

Costly downtime of complex industrial equipment is a significant concern for compa-

nies. To prevent downtime, technicians conduct periodic inspections and manual repairs,

documenting their findings as unstructured free text in maintenance records. These records

contain valuable information, including direct observations of the equipment’s health status.

Further, companies also gather real-time sensory data to indirectly assess the equipment’s

health. However, current prognosis techniques are limited in their ability to model the sys-

tem dynamics using both direct and indirect state observations, as well as the effects of
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different maintenance actions. This research introduces a novel joint modeling approach

called Action-Specific Input-Output Hidden Markov Model (AS-IOHMM), which integrates

real-time sensor signals and discrete state information from manual interventions to enable

holistic condition-based maintenance. This approach enhances the modeling accuracy of sys-

tem dynamics, and overcomes challenges commonly faced in learning transition probability

matrices for prognosis. We demonstrate the effectiveness of AS-IOHMM through a numerical

case study and validate its performance using real-world industry data.

6.2 Introduction

Modeling system dynamics is crucial for reliability studies and developing optimal main-

tenance and warranty policies. System failures result in costly downtime for equipment

owners, depending on the fault magnitude and spare parts availability. System dynamics

modeling helps estimate remaining useful life, infer current health status, and conduct prog-

nostic studies in industrial maintenance [59] and healthcare [56]. Periodic manual inspections

remain a significant approach for gaining insights into system health and degradation [109],

although they provide sparse and discontinuous information. Condition Based Maintenance

(CBM) systems complement manual inspections by gathering real-time data from multiple

sensors to indirectly infer the latent system health status.

Statistical analysis of sensory data to assess equipment condition is a prominent area of

research in reliability studies [143]. The typical workflow involves obtaining a degradation

signal (e.g., car battery resistance [149]) that is assumed to monotonically increase and

is modeled to infer the latent system health state under certain assumptions. When the

degradation signal crosses a predefined threshold, it implies that the system is approaching

failure, prompting maintenance actions to prevent equipment breakdown. This type of failure

is referred to as soft failures [149]. However, these models are inefficient for cases where

equipment suddenly stops working due to catastrophic failures, known as hard failures [149].
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Hard failures are typically modeled using the proportional hazard model [87] to predict

equipment failure by estimating its hazard or failure rate. However, standalone hazard

models do not consider the additional information provided by CBM signals. To address this,

researchers have developed two-step methods that integrate Degradation and Hazard models

[149], [192], [65], [99]. In some cases, variational inference algorithms have been deployed

to estimate model parameters by simultaneously learning from time-series degradation data

and hard failure event data [184]. It is worth noting that existing joint models only consider

the simultaneous modeling of degradation signals with hard failure data, where equipment

ceases to work.

In practical scenarios, equipment owners rely on both CBM signals and periodic man-

ual inspections to assess system health. Additionally, maintenance actions, such as minor

preventive repairs (e.g., greasing or tightening bolts) or major corrective repairs (e.g., part

replacement), are performed, which not only improve the system’s current health but also

impact the trajectory of CBM signals. For example, a pump with loose bolts produces larger

vibrations than one with properly tightened bolts. Therefore, it is essential to consider the

impact of the periodic maintenance actions while modeling system dynamics. Moreover,

technicians performing maintenance actions directly observe the system state [109]. Their

observations during inspections are recorded in maintenance records as unstructured free

text, containing valuable information about equipment health, operating conditions, vulner-

able parts, failure mechanisms, etc. Extracting meaningful insights about equipment health

from these records can be achieved through manual review or natural language processing

techniques like sentiment analysis. By combining observations from manual inspections and

CBM signals, we can obtain both direct and indirect information about the system state.

Maintenance records can provide valuable insights for prognostic studies. Figure 6.1

contains maintenance records from oil and gas exploration equipment showing the actions

performed by technicians and their outcomes. In this study, four different actions are consid-

ered: equipment inspection, preventive maintenance, corrective maintenance, and reliance
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on CBM signals for system state information. In this chapter, preventive and corrective

maintenance activities are collectively referred to as repair actions. By analyzing the main-

tenance record, either manually or using NLP sentiment analysis, the system’s state after

the completion of an action can be inferred. If technicians only inspect the equipment, the

inferred state corresponds to the system’s state at the time of inspection, as assumed in [109].

However, if technicians perform any maintenance action, the inferred state from the mainte-

nance record depends on the job completion status and the type of repair (perfect/imperfect)

conducted.

Date Maintenance Records Action Taken
Infered State after completing Action 

as per Maintenance Records

9/30/2017 0:19
Replaced broken wire with new. Motor returned back to service in good 

condition.

Corrective 

Maintenance (Replace)
Positive

11/18/2017 20:42
Greased motor with a maxium of 4 shots of grease. Motor operating 

normally now.

Preventive 

Maintenance (Grease)
Neutral

4/23/2018 22:17
Changed out nuts due to teflon being worn in other nuts. Motor operations 

still down.

Corrective 

Maintenance (Replace)
Negative

8/30/2018 21:03
Changed motor bearing with new ones. Motor operating smoothly without 

any issues.

Corrective 

Maintenance (Replace)
Negative

12/7/2018 0:50
Blower motors in good condition. Hoses and connections are in good 

condition. Grounds were secured in good condition 
Inspection Positive

01/20/2019 10:02

Job was not completed and is being voided due to incorrect part coding. 

Parts were cancelled and not replaced and will be requested again with 

the new job.

Corrective 

Maintenance (Replace)
Negative

1/30/2019 3:53 Inspected the motors and found loose wires from the mud side. Inspection Negative

3/11/2019 4:34

Inspection of motor while running. Checking for abnormal vibration or 

bearing noise cleanliness glands and cabling and mounting. No issues 

found at time of inspection.

Inspection Neutral

Figure 6.1: Illustration of maintenance events with inferred states from maintenance records

Unlike existing literature, this research emphasizes the significance of the states inferred

from the maintenance record and the knowledge of technicians’ actions in modeling sys-

tem dynamics. Incorporating this information can enhance the precision of modeling CBM

sensory signals. To address this, we propose a novel Action-Specific Input-Output Hid-

den Markov Model (AS-IOHMM). The AS-IOHMM captures the unobserved dynamics of

a system monitored through CBM sensory signals and subjected periodically to manual

maintenance actions. The model and algorithm proposed in this chapter have several novel
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capabilities:

1. Our model considers discrete actions performed on the system as inputs, generating

a corresponding transition matrix for each action. This enables us to capture the

difference in system dynamics based on each action.

2. The information obtained from inspections or repair actions improves the precision of

modeling CBM sensory signals.

3. Our algorithm enables simultaneous modeling of missing discrete variables, derived

from manual actions, and continuous CBM sensory signals, providing a novel approach

for jointly modeling discrete and continuous variables.

4. Our model employs the Expectation-Maximization algorithm, leveraging numerical

optimization for learning model parameters. We provide new routines for optimal

parameter initialization, crucial for convergence of the numerical optimizer using hy-

perparameter tuning framework.

5. Once trained, the model has practical applications in developing model-based decision-

making frameworks.

The chapter is structured as follows: Section 6.3 reviews existing literature on HMM and

related topics and identifies gaps. Section 6.4 describes our proposed model and relevant

algorithms. In Section 6.5, we evaluate the efficiency of our model using a simulated dataset,

and in Section 6.6, we apply our model to real-world equipment data from the oil and gas

industry. Finally, in Section 6.7, we conclude our work and outline future directions.

6.3 Literature Review

Our study aims to model the latent dynamics of a system that is partially observed using

a CBM sensory signal and is subjected to different actions that impact the system’s dynam-

ics and help to directly observe the system state. This modeling approach helps increase
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precision in capturing the latent dynamics of CBM sensory signals. The modeled dynamics

would aid in prognostic studies by predicting future states and assist in developing optimal

maintenance and inspection policies. When labels for system states are available, developing

discriminative models for time series segmentation using Conditional Random Fields (CRF)

[1] may help achieve the initial prognostic task. However, in industrial settings, the latent

states are only revealed when a manual action is performed on the system. Therefore, to

accurately model the latent dynamics, generative models such as Hidden Markov Models

(HMM) [122] are considered superior to CRF since they do not require supervised training

with labeled data [155]. [58] performed time series segmentation using Bernoulli emissions in

a regular HMM, which segments a time series signal into the onset or offset of an activity. In

our case, the emissions involve mixed variables, including continuous CBM sensory signals

and discrete state emissions variables generated from manual maintenance actions.

Hidden Markov Models and their variants have long been used in reliability studies to

model degradation signals [27]. To represent the health status of equipment monitored syn-

chronously by multiple sensors, [43] relaxed the one-step assumption of HMMs by employing

Hidden Semi-Markov Models. Additionally, [108] utilized a flexible stochastic process known

as the nonhomogeneous continuous-time hidden semi-Markov process (NHCTHSMP) to aid

in multi-state degradation modeling at the component/device level. Another approach pre-

sented by [187] involved an Expectation-Maximization method to model binary emissions

with missing values. Furthermore, [32] proposed an HMM with auto-correlated observations

(HMM-AO) where the observations depend on the corresponding hidden system state and

the previous observations. In [147], the authors employed the Kalman filter to model con-

tinuous degradation signals and Logistic regression to model the binary failure process as a

two-step joint model. Using Radial Basis Kernels, [182] proposed an HSMM with a Mixture

of Kernels (MoK-HSMM) that combines condition monitoring data through a linear combi-

nation of RBF kernels. More recently, [38] proposed joint modeling of CBM sensory signals

and failure event data using HMM for a system that continually degrades through a series of
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hidden states. Although these extensions have significantly advanced degradation modeling,

they do not consider the impact of varying actions taken during system operation. More-

over, these models are based on the traditional assumption that the degradation state of the

equipment is always indirectly observed via CBM sensory signals. In contrast, our work not

only considers the indirect observation of the system health status via CBM sensory signals

but also consider the influence of varying discrete actions on system dynamics, which can

help restore system health and provide direct insight about its health status.

To model the effect of external inputs/factors on system dynamics and emissions, [18]

proposed an Input-Output Hidden Markov Model (IOHMM). However, their formulation

does not distinguish between continuous and discrete input signals and provides a recurrent

neural network-based structure. While leveraging the structure of IOHMM, our proposed

model distinguishes itself by modeling the effect of discrete manual actions (such as pre-

ventive or corrective maintenance) on system dynamics through the generation of different

transition matrices for each discrete action, rather than using a simple multinomial-link

function between the discrete state space and continuous input sequences [34].

[9] introduced the very first mixed HMM to model the influence of random effects on

lesion counts in multiple sclerosis patients. Their work utilizes a linear link function to

model each patient’s shape (mean) parameter with their random effects. In contrast, our

work hypothesizes that, for a single system, the discrete actions taken by technicians can help

model the scale and, consequently, the precision parameter of CBM signals more effectively.

Recently, [137] proposed the use of a personalized IOHMM that combines the functionalities

of Mixed HMM with IOHMM. However, their work assumes a standard transition matrix

and does not consider the impact of medication (an input in their model) on the transition

matrix. Furthermore, they do not address the case of jointly modeling continuous CBM

signals and missing discrete action outcomes as emissions for IOHMM.

In equipment degradation modeling, [37] proposed the use of a Partially hidden Markov

chain linear auto-regressive model, which models partial direct observations of states as
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annotations using the partial HMM framework (proposed by [114], [136]). However, the

authors of this work only utilize partial state information in the form of semi-supervision

during HMM training and do not consider the effect of state knowledge in increasing the

precision of the emission model for the CBM signal. Additionally, they do not account for the

impact of manual actions performed by technicians on system state transitions. [33] trained

a series of multiple operation-specific HMMs, where a separate HMM is trained for each

operational condition (such as the thickness of semiconductor film deposition), corresponding

to different emissions for each operation. The operation-specific HMMs assume the same

hidden states representing degradation states. Lastly, [148] proposed a hybrid state-space

model that captures the dependency of sensor signals on latent degradation states and the

operating environment through Markovian assumptions using a feed-forward neural network,

along with the binary failure process. However, their work considers a continuous operating

environment, in contrast to the discrete manual actions considered in our work. Furthermore,

the emission signal in their model solely focuses on the binary working status of the equipment

(operational/failed), rather than the true degradation state revealed by manual actions.

6.4 Proposed Model

The proposed Action Specific Input-Output Hidden Markov Model (AS-IOHMM) models

the emission signals by not only conditioning them on the latent degradation dynamics of

the system but also the actions taken by technicians on the field for equipment. Further, the

model also allows the transitions between different latent degradation states to depend on the

actions taken by industrial technicians in the field. The AS-IOHMM (Figure 6.2) is composed

of three elements, a conditional emission model (section 6.4.1) for the observed variable

(which in our case are the CBM signals and inferred states observations revealed by manual

actions), a transition model (section 6.4.1) for learning the hidden or latent state dynamics

(which in our case would also depend on manual actions taken) and finally the learning
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algorithm to learn the model parameters (section 6.4.2). Figure 6.2 shows how the proposed

AS-IOHMM models the latent degradation state dynamics of the system. S represents the

set of all discrete degradation states s that system could lie in. The set of actions available

to the technicians at each time is represented by U, while every action taken by technicians

is represented by u. The CBM signal, which provides indirect observation of the system

state, is represented by a random variable Y whose individual realizations are represented

by y. The random variable X is the discrete categorical variable that corresponds to the

degradation state revealed by the action taken by the technician. Note that the variable X

contains missing values (indicated in white in Figure 6.2) whenever the technician chooses

to do nothing at all and relies on CBM signals for inferring latent states. T represent the set

of all time steps t for which the system is operated. Our model is based on the single-step

Markovian assumption, where the state of the system at any time t depends on the state at

a previous time t − 1 and the action taken at the previous time step t − 1. The emissions

y, x depend on the state at any time t and the action taken at either step t or t− 1, which

we discuss further in section 6.4.1.

We introduce the list of notations that would be helpful for defining the model and its

learning algorithm.

t ∈ T = instance of time;

st ∈ S = instance of latent degradation state at time t;

ut ∈ U = instance of action taken at time t;

xt ∈ X = instance of discrete state emission variable at time t;

yt ∈ Y = instance of continuous variable for CBM signals;

π ∈ Π = initial probabilities of states

ai,j(u) = p(st = j|st−1 = i, ut−1) ∈ A(i, j, u) Transition matrix denoting transition prob-

abilities of latent degradation states;

αt(i) = p(x1, y1, x2, y2, · · · , xt, yt, st = i|Ut
1,Θ) forward probability;
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βt(j) = p(xt+1, yt+1, xt+2, yt+2, · · · , xT , yT |st = j,UT
t+1,Θ) backward probability;

γt(i) = p(st = i|UT
1 ,X

T
1 ,Y

T
1 ,Θ) probability of a degradation state at time t ;

ξt(i, j) = p(st = i, st+1 = j|UT
1 ,X

T
1 ,Y

T
1 ,Θ) joint probability of consecutive states;

µs = mean parameter of CBM signals pdf depending on state s;

νs = precision parameter of CBM signals pdf depending on state s;

νu = precision parameter of CBM signals pdf depending on action u;

Θ = {ηst , ηut , µst , ai,j(u)} set of model parameters;

Ω = set of hyper-parameters used by Trust region algorithm and initial transition

probabilities;

6.4.1 Conditional Emission and Transition Model

For AS-IOHMM we have two different emission variables, the continuous CBM signal yt

and the discrete state emission signal xt. The emissions in AS-IOHMM depend not only

on the latent degradation states but also on the action taken. In this work, we consider

that technicians can take four actions. The technicians can do nothing and only observe the

CBM signal (referred to as ut =‘0’), they can inspect the system (referred to as ut =‘1’),

they can choose to preventively maintain the system by doing minor repairs (referred as

ut =‘2’) and finally, if the technicians can correctively maintain the system by doing a major

repair (referred as ut =‘3’). Depending on the actions taken, the conditional dependence

of the emission variables change. If the technicians choose to either do nothing or inspect

the equipment, then conditioned of state and actions at time t emission variables (yt, xt) are

independent of each other and their histories, i.e., p(yt|y1···(t−1), x1···(t−1), ut, st) = p(yt|ut, st).

Further, if ut = 1, then xt = st, i.e., the inspection at any time reveals the state at that time.

Where else, if the technicians perform any repair action (ut−1 = 1 or ut−1 = 2), then the

state information is revealed at the next time step, i.e., st is available and thus, conditional

on given state and action taken at the previous time step the emissions are independent of
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Figure 6.2: Proposed Action Specific-Input Output Hidden Markov Model (AS-IOHMM).
The top part a represent the overall dynamics. The type of action taken by technician at
each time step influence the emission models differently as shown in parts b and c.

each other, i.e., p(yt|y1···(t−1), x1···(t−1), ut−1, st) = p(yt|ut−1, st). Also, if ut−1 = 2 or 3 then

xt = st.

We model the CBM signals using state-dependent Normal distributions. However, rather

than specifying the Normal distribution in terms of variance, we use precision to model the

scale parameter of the CBM signal. We parameterize the CBM signal emitting from a

state s to have a mean µs and a precision associated with the state as νs. We define the

precision associated with a state s as the inverse of the variance for normal distribution

[158]. As precision is directly related to the spread of the values around the mean of the

normal distribution, it is reasonable to assume that whenever we have the availability of the

state information due to inspection or after a repair action, the emitted CBM signal value

yt should be close to the truth of the system at time t. Thus, we can say that our precision

toward estimating the mean should increase if our actions reveal the system’s state. Thus,

depending on the action taken, we add the precision associated with action νu to the state
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precision parameter. Particularly, when ut = ‘1′orut−1 = ‘2′/‘3′ then the precision for the

sample becomes νs + νu. Under these considerations, the probability distribution function

of a uni-variate CBM signal is given by equation 6.1.

p(yt|st, ut−1 = 0 or 1, ut = 0) =
1√
2π
{
√
νs} exp{−1/2(yt − µs)2νs}

p(yt|st, ut = 1) =
1√
2π
{
√
νs + νu} exp{−1/2(yt − µs)2(νs + νu)}

p(yt|st, ut−1 = 2 or 3) =
1√
2π
{
√
νs + νu} exp{−1/2(yt − µs)2(νs + νu)}

(6.1)

The discrete state emission variable xt is defined on the domain of the state variable st

and takes the value of state st whenever ut = ‘1′ or ut−1 = ‘2′/‘3′. Thus, its probability mass

function corresponds to that of a Dirac delta function whose value is 1 whenever xt = st

if ut = ‘1′orut−1 = ‘2′/‘3′ and it is zero for all other xt 6= st as shown in equation 6.2.

Whenever, the action is ut−1 = 0 or 1 and ut = 0, the p.m.f of xt is a uniformly distributed

over 0 − |S| at all discrete st. Finally, for the conditional transition probabilities, as state

st at time t would depend upon the state st−1 and action ut−1 at time t− 1 the conditional

transition probabilities are denoted as p(st = j|st−1 = i, ut−1). We note that the transition

probability matrix A(i, j, u) in our case is a 3-dimensional array, where we have a separate

transition matrix corresponding to each action u ∈ U. As our actions are discrete, we do not

need to specify any parametric model for conditional transition probabilities and directly
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obtain them as statistics resulting from a counting process, as explained in section 6.4.2.

p(xt|st, ut = 1) =


1, if xt = st

0, otherwise

p(xt|st, ut−1 = 2 or 3) =


1, if xt = st

0, otherwise
(6.2)

p(xt|st, ut−1 = 0 or 1, ut = 0) = 1/|S| ∀xt = st

6.4.2 Learning Algorithm for AS-IOHMM

In this section we describe the learning algorithm for the parameters of AS-IOHMM.

The complete likelihood of AS-IOHMM, depends not only on the observed emission data

(XT
1 ,Y

T
1 ) but also on the unobserved latent degradation state (S) conditioned on the ac-

tions (UT
1 ) taken by technicians at each time step. Thus maximizing the complete likeli-

hood Lc(Θ; XT
1 ,Y

T
1 ,S

T
1 ,U

T
1 ) is troublesome due to the unobserved latent degradation states

(ST1 ∈ S). To overcome this issue, [16] proposed to maximize the auxiliary likelihood

function Q(Θ; Θ̂) = ES [Lc(Θ; XT
1 ,Y

T
1 ,S,U

T
1 )|XT

1 ,Y
T
1 ,U

T
1 , Θ̂] iteratively using Expectation-

Maximization (EM) algorithm.

For a single system (equipment/unit), that is operated till time T , the complete data

likelihood can be written as shown in equation 6.3. We decompose the complete data likeli-

hood, by taking into considerations that condition on the given state and the type of action

taken at time t or t−1 the emission variables are independent of each other. We also assume

that the state variables follow one-step markov property, where state at time t depends on

the state at time t− 1 and the action taken at time t− 1. In equation 6.3 we also note that

I(i, t) are indicator variables that takes a value of 1 when st = i otherwise its zero. Further
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we also have, ES [I(i, t)|XT
1 ,Y

T
1 ,U

T
1 , Θ̂] = p(xt = i|XT

1 ,Y
T
1 ,U

T
1 , Θ̂) as used in equation 6.4.

Lc(Θ; XT
1 ,Y

T
1 ,S

T
1 ,U

T
1 ) = p(XT

1 ,Y
T
1 ,S

T
1 |UT

1 ; Θ)

=
T∏
t=1

p(xt, yt, st|st−1, u
t
t−1; Θ)

=
T∏
t=1

p(xt|st, utt−1; Θ)p(yt|st, utt−1; Θ)p(st|st−1, ut−1; Θ)

=
T∏
t=1

|S|∏
j=1

[p(xt|st = j, utt−1; Θ)p(yt|st = j, utt−1; Θ)]I(j,t)·

|S|∏
i=1

[p(st = j|st−1 = i, ut−1; Θ)]I(j,t),I(i,t−1)

log(Lc(Θ; XT
1 ,Y

T
1 ,S

T
1 ,U

T
1 )) =

T∑
t=1

|S|∑
j=1

I(j, t)(log(p(xt|st = j, utt−1; Θ)) + log(p(yt|st = j, utt−1; Θ)))

+

|S|∑
i=1

I(j, t), I(i, t− 1)log(p(st = j|st−1 = i, ut−1; Θ))

(6.3)

Next we describe the steps for the iterative Expectation-Maximization algorithm of [16].

The EM-algorithm starts by computing the expected value of log(Lc(Θ; XT
1 ,Y

T
1 ,S

T
1 ,U

T
1 ))

over the latent degradation states S given the observed data XT
1 ,Y

T
1 ,U

T
1 and an initial guess

of model parameters Θ̂ as shown in equation 6.4. This Expected value helps us evaluate the

auxiliary likelihood Q(Θ; Θ̂) for an initial guess of parameters. This is referred to as the

E-Step. Using the notations defined in section 6.4 the Expected value of the complete log-
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likelihood over latent states for the AS-IOHMM can be written as shown in equation 6.4.

Q(Θ; Θ̂) = ES [Lc(Θ; XT
1 ,Y

T
1 ,S,U

T
1 )|XT

1 ,Y
T
1 ,U

T
1 , Θ̂]

=
T∑
t=1

|S|∑
j=1

ES [I(j, t)|XT
1 ,Y

T
1 ,U

T
1 , Θ̂](log(p(xt|st = j, utt−1; Θ̂)) + log(p(yt|st = j, utt−1; Θ̂)))

+

|S|∑
i=1

ES [I(j, t), I(i, t− 1)|XT
1 ,Y

T
1 ,U

T
1 , Θ̂]log(p(st = j|st−1 = i, ut−1; Θ̂))

=
T∑
t=1

|S|∑
j=1

p(st = j|XT
1 ,Y

T
1 ,U

T
1 , Θ̂)(log(p(xt|st = j, utt−1; Θ̂)) + log(p(yt|st = j, utt−1; Θ̂)))

+

|S|∑
i=1

p(st = j, st−1 = i|XT
1 ,Y

T
1 ,U

T
1 , Θ̂)log(p(st = j|st−1 = i, ut−1; Θ̂))

=
T∑
t=1

|S|∑
j=1

ˆγt(j)(log(p(xt|st = j, utt−1; Θ̂)) + log(p(yt|st = j, utt−1; Θ̂)))

+

|S|∑
i=1

ˆξt−1(i, j)log(p(st = j|st−1 = i, ut−1; Θ̂))

(6.4)

Note that in equation 6.4 the expected values depend on the conditional emission densities,

which are evaluated from equations 6.1 and 6.2 by using initial guess values of the distri-

bution parameters Θ̂ . Note that the variable x is deterministic and free of any parameter.

The term p(st = j|st−1 = i, ut−1; Θ̂) represents an initial transition probability matrix and

could be denoted as ˆai,j(u). We propose a hyper-parameter tunning framework to tune the

best values of the initial transition probabilities in section 6.5. The value of the variables

ˆγt(j), ˆξt−1(i, j) are calculated using the forward (αt(i)) and backward variables (βt+1(j)).

The recursive evaluation of the forward and the backward variables are shown in equation

6.5 and 6.6 respectively. Please note that we have used appropriate conditional independence
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assumptions in factorizing the probabilities values in equations 6.5 and 6.6.

Initialize α1(i) = p(x1|s1 = i, u1, Θ̂)p(y1|s1 = i, u1, Θ̂)π(i)

αt(i) = p(Xt
2,Y

t
2, st = i|Ut

2, Θ̂)

=

|S|∑
k=1

p(Xt
2,Y

t
2, st = i, st−1 = k|Ut

2, Θ̂)

=

|S|∑
k

p(xt, yt|Xt−1
2 ,Yt−1

2 , st = i, st−1 = k,Ut
2, Θ̂)

·p(st = i|st−1 = k,Xt−1
2 ,Yt−1

2 ,Ut−1
2 , Θ̂)

·p(Xt−1
2 ,Yt−1

2 , st−1 = k|Ut−1
2 , Θ̂)

= p(xt|st = i, utt−1, Θ̂)p(yt|st = i, utt−1, Θ̂)

|S|∑
k

ˆak,i(ut−1)αt−1(k)

(6.5)

Initialize βT (j) = 1

βt+1(j) = p(XT
t+2,Y

T
t+2|st+2 = j,UT

t+1, Θ̂)

=

|S|∑
k=1

p(XT
t+2,Y

T
t+2, st+3 = k|st+2 = j,UT

t+1, Θ̂)

=

|S|∑
k

p(xt+2, yt+2|XT
t+3,Y

T
t+3, st+2 = j, st+3 = k,UT

t+1, Θ̂)

·p(st+3 = k|st+2 = j,XT
t+3,Y

T
t+3,U

T
t+1, Θ̂)

·p(XT
t+3,Y

T
t+3|st+3 = k,UT

t+2, Θ̂)

=

|S|∑
k

p(xt+2|st+2 = j,Ut+2
t+1, Θ̂)p(yt+2|st+2 = j,Ut+2

t+1, Θ̂)p(st+3 = k|st+2 = j, ut+2, Θ̂)

·p(XT
t+3,Y

T
t+3|st+3 = k,UT

t+2, Θ̂)

=

|S|∑
k

p(xt+2|st+2 = j,Ut+2
t+1, Θ̂)p(yt+2|st+2 = j,Ut+2

t+1, Θ̂) ˆaj,k(ut+2)βt+2(k)

(6.6)
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We note that the forward variable help us to get the complete likelihood for the observed data

when summed over all the possible states. i.e., Lo(Θ; XT
1 ,Y

T
1 ,U

T
1 ) = p(XT

1 ,Y
T
1 , |UT

1 , Θ̂) =∑|S|
i=1 p(X

T
1 ,Y

T
1 , sT = i|UT

1 , Θ̂) =
∑|S|

i=1 αT (i). The steps to evaluate ˆγt(j), ˆξt−1(i, j) are

shown in equations 6.7 and 6.8 respectively.

ξt−1(i, j) = p(st = j, st−1 = i|XT
1 ,Y

T
1 ,U

T
1 , Θ̂)

= p(st = j, st−1 = i,XT
1 ,Y

T
1 |UT

1 , Θ̂)/p(XT
1 ,Y

T
1 |UT

1 , Θ̂)

= {p(XT
t+1,Y

T
t+1|st = j, st−1 = i,Xt

1,Y
t
1,U

T
1 , Θ̂)

·p(xt|st = j, st−1 = i,Xt−1
1 ,Yt−1

1 ,UT
1 , Θ̂)

·p(yt|st = j, st−1 = i,Xt−1
1 ,Yt−1

1 ,UT
1 , Θ̂)

·p(st = j|st−1 = i,Xt−1
1 ,Yt−1

1 ,UT
1 , Θ̂) · p(Xt−1

1 ,Yt−1
1 , st−1 = i|UT

1 , Θ̂)}/Lo

= {αt−1(i)ai,j(ut−1)p(xt|st = j, utt−1, , Θ̂)p(yt|st = j, utt−1, , Θ̂)βt(j)}/Lo

(6.7)

γt(i) = p(st = i|XT
1 ,Y

T
1 ,U

T
1 , Θ̂)

= p(st = i,XT
1 ,Y

T
1 |UT

1 , Θ̂)/p(XT
1 ,Y

T
1 |UT

1 , Θ̂)

= p(XT
t+1,Y

T
t+1|st = i,Xt

1,Y
t
1,U

T
1 , Θ̂)p(Xt

1,Y
t
1, st = i|UT

1 , Θ̂)/Lo

= p(XT
t+1,Y

T
t+1|st = i,UT

t , Θ̂)p(Xt
1,Y

t
1, st = i|Ut

1, Θ̂)/Lo

= βt(i)αt(i)/Lo

(6.8)

After evaluating the expected value of the Likelihood overall latent states (i.e., after evalu-

ating the auxiliary functionmathcalQ(Θ; Θ̂)) we have an estimate for ˆαt(i), ˆβt(j), ˆεt−1(i, j) & ˆγt(i).

These estimates are then used in the Maximization step (M-step) of the EM algorithm to

improve the value of the initial parameters. For AS-IOHMM, we need to optimize the pa-

rameters for the distribution of the continuous CBM signal y along with the estimates of the

action-specific transition probability matrix ai,j(u) = p(st = j|st−1 = i, ut−1) ∈ A(i, j, u).
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From 6.4 the portion of the auxiliary function associated with the continuous CBM signal

y that is to be maximized is given in equation 6.9, which we refer to as continuous signal

likelihood Ly(Y|Θ′) (where Θ′ = {µj, νj, νu} ⊂ Θ∀j ∈ S). To evaluate this value we intro-

duce an Indicator function I(ut,t−1) which is set to 1 whenever ut = ‘1′ or ut−1 = ‘2′/ ‘3′.

The usual steps to maximize the model’s parameters involve differentiating the continuous

signal likelihood w.r.t each parameter and then finding its root. However, as the continuous

signal likelihood (Ly(Y)) changes with each time step depending on the value of action utt−1

we do not have a close form solution for the optimal Ly(Y) parameters. Thus, we rely on

Trust-Region-Algorithms [35] to numerically maximize the continuous signal likelihood and

solve for each model parameter.

Ly(Y|Θ̂′) =
T∑
t=1

|S|∑
j=1

ˆγt(j)(log(p(yt|st = j, utt−1; Θ̂′))

=
T∑
t=1

|S|∑
j=1

ˆγt(j)log
( 1√

2π
{
√
νj + I(ut,t−1)νu} exp{−1/2(yt − µj)2(νj + I(ut,t−1)νu)}

)

=
T∑
t=1

|S|∑
j=1

ˆγt(j)
[
− log(2π)

2
+
log(νj + I(ut,t−1)νu)

2
− (yt − µs)2(νs + I(ut,t−1)νu)

2

]
(6.9)

The numerical optimizer works more efficiently when they are provided with gradients of

the likelihood functions w.r.t the parameters of optimizations. We compute the gradients

for the continuous signal likelihood (Ly(Y|Θ′)) w.r.t each parameter in equation 6.10. It is

reasonable to assume that the precision obtained in estimating a state when a technician

judges the system state in person is higher than the precision obtained while inferring the

states with the help of CB signals. Thus we have inequality constraints such that the precision

parameter for action is greater than the precision parameter for each state νu > νj∀j ∈ S.

The constraint optimization problem also helps to make the model identifiable by separating

the precision parameters for action νu from the precision parameters of the states νj∀j ∈ S. It

is important to note that the Trust Region algorithms have different hyper-parameters (such
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as trust radius, constraint penalty, barrier parameter, etc., ∈ Ω ) that are to be optimized

for optimal convergence. In section 6.4.3, we visit the hyper-parameter tunning framework

proposed in this work.

∂Ly(Y|Θ̂′)
∂µj

=
T∑
t=1

|S|∑
j=1

ˆγt(j)
[
− (yt − µs)(νs + I(ut,t−1)νu)

]
∂Ly(Y|Θ̂′)

∂νj
=

T∑
t=1

|S|∑
j=1

ˆγt(j)
[
− 1

2((νj + I(ut,t−1)νu))
+

(yt − µs)2

2

]
∂Ly(Y|Θ̂′)

∂νu
=

T∑
t=1

|S|∑
j=1

ˆγt(j)
[
− 1

2((νj + I(ut,t−1)νu))
+

(yt − µs)2

2

]
(6.10)

The model parameters that are yet to be optimized are the conditional transition prob-

abilities ai,j(u) = p(st = j|st−1 = i, ut−1) ∈ A(i, j, u) and the initial probabilities π. We

evaluate the probability of transition made from state i at time t − 1 to state j at time t

after taking an action ut−1 is given by evaluating the expected number of transitions made

from i → j under action ut−1 and divide it by the expected number of transitions made

from state i under action ut−1. The variable ξt(i, j) gives us the joint probability of system

being in states st = i, st+1 = j, while the variable γt(i) gives us the probability of state i at

time t. We let I(ut = u) denote the indicator for taking action u at time t. Using this the

transition probabilities corresponding to each action u ∈ U is given by equation 6.11. The

initial probabilities are given as π(i) = γ1(i). To summarize, algorithm 10 gives the complete

algorithm for learning parameters of the AS-IOHMM.

ai,j(u) =

∏T
t=1{I(ut = u)ξt(i, j)}∏T
t=1{I(ut = u)γt(i)}

(6.11)

6.4.3 Optimize hyper-parameters for AS-IOHMM

We now describe the framework to optimize the hyper-parameters (Ω) essential for ensur-

ing the convergence of the model. We note that the hyper-parameters of the Trust-Region
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Algorithm 10: Expectation-Maximization Algorithm for AS-IOHMM

Input: XT
1 ,Y

T
1 ,U

T
1 ,

ˆπ(i), ˆai,j(u), µ̂j, ν̂j, ν̂u∀i, j ∈ S, niter, tol
/* parameters with .̂ represent the initial guess of the parameters */
Output: ¯ai,j(u), ¯pi(i), µ̄j, ν̄j, ν̄u∀i, j ∈ S optimized parameters Θ̄

1 L′o ← 0
2 for it ∈ 1→ niter do
3 Perform E-Step;
4 for t ∈ 1→ T do
5 ˆαt(i)← from equation (6.5);
6 ˆβt(j)← from equation (6.6);
7 ˆξt−1(i, j)← from equation (6.7);
8 ˆγt(i)← from equation (6.8);

9 Lo ←
∑|S|

i=1 αT i
10 Perform M-Step;
11 µj, νj, νu ← argmaxµj ,νj ,νu(Ly(Y|Θ̂)) subject to νu > νj∀j ∈ S
12 ai,j(u)← from equation (6.11);
13 π(i)← ˆγ0(i)
14 ∆← |L′o − Lo|
15 L′o ← Lo
16 if ∆ < tol then
17 continue for loop

18 else
19 Break for loop

algorithm affect the convergence of the continuous signal likelihood Ly(Y|Θ′). Further, to

begin the EM algorithm, an initial guess of the transition probabilities ˆai,j(u) is also needed,

towards which researchers usually spend some considerable effort [38]. However, in this work,

we cast initial transition probabilities as hyper-parameters optimized simultaneously along

with the hyper-parameters of the Trust-Region algorithm. The method is applicable not

only for the cases where we have a long sequence of single units but also for the case where

we have short sequences of multiple identical units to train the AS-IOHMM. Please note

that all the equations and algorithms described in section 6.4 are easily extended to the case

of having multiple identical units by simply summing over the data of different units. For

example, the equation 6.3 with multiple units takes the form as shown in equation 6.12.
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Similar updates could be made for equations 6.8, 6.9, and 6.10 to train the parameters using

all the available sequences.

Q(Θ; Θ̂) =
N∑
n=1

T∑
t=1

|S|∑
j=1

ˆγnt (j)(log(p(xnt |st = j, (utt−1)n; Θ̂)) + log(p(ynt |st = j, (utt−1)n; Θ̂)))

+

|S|∑
i=1

ˆξnt−1(i, j)log(p(st = j|st−1 = i, unt−1; Θ̂))

(6.12)

For the hyper-parameter tunning framework, we use the fact that maintenance actions like

inspection or repair help us realize the true system states. Thus, we could use the Viterbi-

Algorithm [168], which helps to find us the optimal sequence of states S̄T1 that maximize

the joint probability of the observed data and the latent states conditioned on the actions-

taken p(XT
1 ,Y

T
1 ,S

T
1 |UT

1 ). To train the hyper-parameters for AS-IOHMM, we use the usual

Machine Learning pipeline of splitting the data into Training-Validation and Test parts.

The Test part is not needed for tunning hyper-parameters but can be used to identify the

model’s overall accuracy. To begin tunning the hyper-parameters, we sample the hyper-

parameters using the Tree-structured Parzen Estimator model [19], which sample hyper-

parameters sequentially. We then train the AS-IOHMM on the training data using the

sampled hyper-parameters and predict the optimal state sequence for the validation part.

Using the states revealed by the technicians during maintenance actions as ground truth, we

evaluate the accuracy of the optimal states predicted by AS-IOHMM for the validation data

under the sampled hyper-parameters. The TPE sampler then samples other hyper-parameter

sets and identifies the ones with the highest Expected Improvement.

The Viterbi-Algorithm uses a two-dimensional array δt(i) of size [T, S] to store the highest

probability of the best path that ends in state i at time t. It also consists of a pointer variable

psit(i), which stores the states traversed by that best path to reach state i at time t. This

pointer variable ψt(i) is then backtracked by starting from the state with the highest value
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of δT (i) to evaluate the optimal state sequences. The variable δt(i) is similar to the forward

variable and is evaluated sequentially. Hence, if we have a long sequence of single units

available to us, we have to split it into Training, Validation, and Test parts sequentially,

where the first part is used for training the model, the second part is used for validation,

and the last part is for testing the model. If, however, we have multiple sequences from

N-identical systems, we use the N-1 approach to generate training and validation data, i.e.,

the first N-1 sequences form the training set, we also allow some initial samples of the Nth

sequence to be in the training set and the remaining samples from the validation set which

are then followed by the Test set sequentially. The hyper-parameter tunning framework used

in this work is given in algorithm 11 for the case when we have N short sequences from N

identical systems.

Algorithm 11: Hyper-Parameter Tunning Algorithm for AS-IOHMM
Input: [XT

1 ]N1 , [Y
T
1 ]N1 , [U

T
1 ]N1 , iter

Output: ω̄ optimized hyper-parameters
1 Train← [[[XT

1 ]N−1
1 ,Xt1

1 (N)], [[YT
1 ]N−1

1 ,Yt1
1 (N)], [[UT

1 ]N−1
1 ,Ut1

1 (N)]];
2 V alid← [Xt2

1 (N),Yt2
1 (N),Ut2

1 (N)];
/* t1 < t2, t2 − t1 represent the validation data samples */

3 ;
4 Test← [XT

1 (N),YT
1 (N),UT

1 (N)];
5 for it ∈ 1→ iter do
6 Sample ωit ∈ Ω;
7 Θ̄←EM-Algorithm10(Train, ωit);
8 S̃t2

1 (N)← V iterbi− Algorithm(V alid, Θ̄);
/* Where S̃t2

1 (N) represent the Optimal state sequence predicted by the
Viterbi-Algorithm using optimized model parameters Θ̄ from the trained
AS-IOHMM and the validation dataset */

9 Let X∗t21 (N) ⊂ Xt2
1 (N) ∀ t ∈ {1, t2} 3 xt(N) 6= missing;

10 Define ˜S∗t21 (N) ⊂ S̃t2
1 (N)∀ t ∈ {1, t2} 3 xt(N) 6= missing;

11 Validation-Accuracy = accit =
∑
I(x∗t (N)=s̃∗t )

|X∗t21 (N)|
∀ t ∈ {1, t2} 3 xt(N) 6= missing;

12 Acc ∪ accit; Ω ∪ ωit;
13 ω̄ ← Ω(argmax(accit))
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6.5 Numerical Study

In this section, we simulate CBM signals using the generative model framework explained

in section 6.4. We describe the effects of different components involved in the AS-IOHMM

model and demonstrate their usefulness in two different simulation scenarios. We compare

the result of using the full AS-IOHMM (proposed) model with three cases. In the first case,

while training the model, we do not have the information about states from maintenance

actions (i.e., variable X is not present). Thus we do not have increased precision, and

the extra knowledge about states is lost while we train the model. We refer to this case

as a No state information (NSI) case in the following results and graphs. In the second

case, we even remove the information about different actions taken, thus restricting the

transition probabilities to depend on actions taken, reducing the model to simple HMM

with a 2-Dimensional transition probability matrix. This case is a No state and action

information (NSAI) case. We also benchmark our proposed model against the Gaussian

Hidden Markov Model (GHMM) (the assumptions of which are similar to the NSAI case,

but emissions are modeled Gaussian distribution with variance as a scale parameter) and

Gaussian Mixture Hidden Markov model (GMHMM) [110], [97]. We also wish to indicate

that other Discriminative supervised learning models need labels for training. However,

the number of maintenance actions taken on the field will be sparse. Thus discriminative

supervised models cannot be used to model the system’s dynamics considered in this chapter.

Further, these models do not provide any insights about state transition, thus limiting the

applicability of the proposed model to any kind of Decision Making.

To simulate data, we choose the transition probability matrix (TPM) corresponding to

the four actions of Do-Nothing:0, Inspection:1, Preventive Maintenance:2, and Corrective

Maintenance:3, as shown in the array 6.13. The TPM for Do-Nothing and Inspection is

upper-triangular to represent the standard Failure Process TPM [38]. For emission signals,

we simulate two different scenarios to get some insights into the performance of AS-IOHMM.
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In the first Scenario (Scn:1), we allow the parameters of the continuous signal to be well

separated. We simulate data for three latent states considering good:1, neutral:2 and bad:3

states of the system µ1 = 3, µ2 = 6, µ3 = 9, ν1 = 0.55, ν2 = 0.85, ν3 = 1.05, νu = 1.25

and assume the initial probabilities to be π(1) = 0.8, π(2) = 0.1, π(3) = 0.1. For the

second Scenario (Scn:2), the mean of CBM signals corresponding to each state are not well

separated. Also, the precision associated with each state is low to allow the wider spread

of the signals. We keep the parameters for the CBM signal for the second Scenario as

µ1 = 85, µ2 = 92, µ3 = 98, ν1 = 0.055, ν2 = 0.065, ν3 = 0.04, νu = 0.08. For each Scenario, we

first simulate latent states and actions. We assume the actions taken by a technician follow a

random policy such that if the state at a given time step is ‘good:1’, then technicians sample

an action from the probability vector {0 : 0.7, 1 : 0.1, 2 : 0.1, 3 : 0.1} (where the first

number represent the type of action chosen). If the state is ‘neutral:2’ then the probability

of actions are {0 : 0.3, 1 : 0.3, 2 : 0.3, 3 : 0.1}, wherelse if the state is ‘bad:3’ then the

probability vectors looks like {0 : 0.2, 1 : 0.15, 2 : 0.25, 3 : 0.4}. Based on the previous

states and action taken, the next state is sampled randomly from the TPM 6.13.



Do-Nothing Inspection Preventive Mnt. Corrective Mnt.
0.3 0.5 0.2

0 0.45 0.55

0 0 1




0.3 0.5 0.2

0 0.45 0.55

0 0 1




0.8 0.15 0.05

0.6 0.3 0.1

0.3 0.4 0.3




0.9 0.05 0.05

0.7 0.2 0.1

0.6 0.25 0.15




(6.13)

Using the simulated states and actions, continuous signals y and discrete x state indicators are

sampled following equations 6.1 and 6.2. For each Scenario, we simulate two sequences of lengths

1200 and 1000. For both Scenarios, we create the training dataset using the complete first sequence

(of length 1200). We split the second sequence of length 1000 as {250− 250− 500}, using the first

250 samples for training along with the first sequence. We use the successive 250 samples from

the second sequence for our validation dataset and keep the remaining 500 samples for the test
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set. We use the TPE sampler from Optuna [3] to tune the hyper-parameters using the framework

demonstrated in algorithm 11. After optimizing the hyper-parameters, the final model is trained

using them, which is then used to generate optimal state sequences using Viterbi-Algorithm for

the complete second sequence. For simulated data, as we have the actual state values for all the

samples in the Test set, we use them along with the predicted optimal state sequence to calculate

the balanced classification accuracy for the model. Please note that in reality, we would not have

the state value for all the data in the Test set, and we only need to rely on the samples where the

discrete state variable xt is not missing for model evaluation.

We show the classification accuracy for both Scenarios for all five model types in Figure 6.3. We

repeat the entire numerical study thrice for both Scenarios by generating different samples under the

same distributional assumptions. The Box-Plot generated in Figure 6.3 shows the variability in the

prediction made by all the models. We find that for Scenario:1, where the continuous signals for each

state are well separated from each other, all the variants of the proposed AS-IOHMM model produce

really good results with a mean accuracy of the full AS-IOHMM being 0.965, that of NSI is 0.96

while that of the NASI being 0.94. Although the best accuracy is achieved for the full AS-IOHMM

model, we could still conclude that there is not much effect of removing the additional inspection

information and the action condition transition probabilities when we perform the classification task

for signals that are well separated from each other conditioned on their latent states. However, when

we look at the mean accuracy of the models in scenario 2, where continuous signals are not well

separated from each other, we find the utility of each component of the AS-IOHMM model. In this

case, the AS-IOHMMmodel’s mean accuracy is 0.88. However, as soon as we remove the information

provided by the Discrete state emission variable x, the accuracy drops to 0.79 for the NSI model.

Further, when we remove the conditional action-specific transition probability assumption, in that

case, the mean accuracy drops to 0.739 for the NSAI model emphasizing the utility of the various

components of the proposed AS-IOHMM. The existing GHMM and MGHMM models’ accuracy is

pretty low for both simulation Scenarios.

We show the Transition Probability matrix learned by the best of three performing AS-IOHMM

models for both simulation Scenarios. Although both TPMs look good for both Scenarios, we

observe that the TPM for scenario 1 is in much better agreement with the original TPM. This is
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Figure 6.3: Balanced Accuracy over Test Data predicted by each model for both simulation
scenarios

because the emission signals for Scenario:1 were separated in means from that of Scenario:2. The

model parameters for the continuous model density for scenario 1 for the best of three AS-IOHMM

are µ1 = 3.02, µ2 = 6.02, µ3 = 9.02, ν1 = 0.568, ν2 = 0.512, ν3 = 1.053, νu = 1.44 which are very

close to the actual values. Similarly, the model parameters for the continuous model density for

scenario 2 for the best of three AS-IOHMM are µ1 = 85.39, µ2 = 92.0, µ3 = 97.82, ν1 = 0.0565, ν2 =

0.0417, ν3 = 0.0386, νu = 0.0865 which again are very close to the actual values. The closeness of

the learned parameters with the actual values demonstrates the effectiveness of the AS-IOHMM

framework along with the prowess of the hyper-parameter tuning algorithm 11.
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

Scen Do-Nothing Inspection Preventive Mnt. Corrective Mnt.

Scn : 1


0.30 0.54 0.16

0 0.48 0.52

0 0 1




0.31 0.51 0.17

0 0.5 0.5

0 0 1




0.9 0.074 0.03

0.604 0.294 0.102

0.359 0.375 0.264




0.905 0.020 0.075

0.698 0.224 0.076

0.665 0.197 0.138



Scn : 2


0.24 0.56 0.2

0 0.56 0.44

0 0 1




0.39 0.54 0.07

0 0.43 0.57

0 0 1




0.861 0.138 0.00

0.545 0.297 0.158

0.313 0.32 0.368




0.882 0.0 0.118

0.684 0.228 0.087

0.641 0.231 0.128




(6.14)

6.6 Industry Case Study

In this section, we discuss applying the proposed model to industrial data. We have data from

two different Duplex Mud-Pumps from an Oil Rig. Each Mud-Pump has two identical motors

installed on them, and power extracted by each mud-pump motor is recorded as a CBM signal.

Thus we have data from two identical units (motor 1A/1B and 2A/2B) of two different Mud-Pumps

MP-1 and MP-2. The descriptive statistics of the CBM signal recorded for each motor are shown in

Table 6.2. The descriptive statistics of CBM signal for motors in a given Mud-Pump are very close to

each other. Further, both the motors of a given Mud-Pump operate in the same environment; thus,

we consider motors from the same Mud-Pump identical. Next, we apply some pre-processing steps

to remove the noise from the CBM signal. We only select those segments of signals during which

motors were on. Then for each segment, we first compute the power spectral density of the CBM

signal using Welch Method [176] to identify the frequency component that contains the maximum

signal power. We then use this frequency to obtain third-order Butterworth Filter coefficients

used in a forward-backward digital filter [123]. We then merge the processed segments back to

form the single sequence and then down-sample it to merge it with the events file. The event file

contains information about maintenance actions and the generated maintenance records, which help

us identify the motor’s health state directly.
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Table 6.2: Descriptive Statistics of CBM signal recorded for Motors A and B of Mud Pump
1 and Mud Pump 2

Statistic Mtr-1A
Power[kW]

Mtr-1B
Power[kW]

Motor-2A
Drive Power[kW]

Motor-2B
Drive Power[kW]

Mean 686.58 683.98 260.37 258.09
Std. Dev 246.431 246.599 161.43 159.45
Minimum -30.21 -42.66 -69.09 -76.16
1st Quartile 537.05 535.58 105.60 105.21
2nd Quartile 765.75 763.18 258.70 257.13
3rd Quartile 874.15 871.58 414.15 410.62
Maximum 1054.69 1053.41 644.97 641.05

Figure 6.4 shows the final merged data for motor 1B of MP-1. As seen from Figure 6.4, the

number of events where inspections are made is very high compared to preventive or corrective

maintenance. Similar data is obtained for motor 1A, from Mud Pump (MP)-1 along with motor

2A, 2B of MP-2. To demonstrate the capabilities of the proposed model, we repeat a similar exercise

as done in section 6.5. We generate two scenarios of prediction results for each model corresponding

to each Mud Pump, where we train the models on the data of Motors indexed by A’s and divide the

data of motors indexed by B’s into validation and testing parts. For Scenario-1, we train the models

using complete data for motor-1A, validate the models using the first half of data for motor 1B and

evaluate accuracy by predicting the optimal state sequence for the remaining data of motor-1B.

While generating the classification accuracy, we use only those test data points for which the states

are inferred by technicians as ground truth values.

To begin training the model, we initialize the parameters for the continuous signal likelihood 6.9

using the sample mean and precision for each inferred state. The accuracy achieved by modeling

the motors for both the Mud-Pumps is shown in Figure 6.5. For both the Mud-Pumps motors,

we observe that the proposed AS-IOHMM model achieves the best accuracy, and the accuracy

reduces as we remove information about inferred states and actions. The accuracy of the Gaussian

HMM and Mixture of Gaussian HMM is poor compared to the proposed model. An important

thing to note is that the consideration of increased precision in modeling the continuous signal

density via state information received by manual actions has essential effects in impacting the high

accuracy of the proposed AS-IOHMM. Further, we see a similar trend as of section 6.5 that CBM
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Figure 6.4: Plotting CBM signals with different actions and states

signals of motors of MP-2 are much better separable than the CBM signals of MP-1, and hence

we observe an increased accuracy in predictions made by AS-IOHMM for MP-2 over MP-1. We

also show the transition probability matrix (TPM) learned by the proposed AS-IOHMM model

for the Mud-Pumps motors in 6.15. The extreme probabilities of the TPM in 6.15 result from

sparse data points collected for a particular kind of action. Further, we observe that for actions

where the technicians make no manual intervention, the motor continuously degrades from a good

to a bad health state which is the trend for a general failure transition matrix [38]. The TPM

corresponding to repair actions mainly follows a lower triangular trend, which means that a repair

mostly helps revive the system’s health. However, sometimes we do observe a high transition
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probability of moving from a good to a bad health state under maintenance action, suggesting that

the repairs done sometimes are not perfect. We conclude this section by noting the continuous

density parameters learned by the AS-IOHMM model for the motors of both the Mud-Pumps are

motor-1:- {µs1 : 450.9, µs2 : 453.2, µs3 : 690.1, νs1 : 0.0045, νs2 : 0.00502, νs3 : 0.0082, νu : 0.1};

motor-2:- {µs1 : 105.5, µs2 : 129.87, µs3 : 351.2, νs1 : 0.0102, νs2 : 0.0086, νs3 : 0.0083, νu : 0.051}.
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Figure 6.5: Classification accuracy of both Mud-Pump motors by using all the models
.



MP Do-Nothing Inspection Preventive Mnt. Corrective Mnt.

MP1


0.925 0.057 0.018

0 0.942 0.058

0 0 1




0.99 0.01 0

0 0.9 0.1

0 0 1




1 0 0

1 0 0

0.67 0.33 0.0




1 0 0

0.67 0.33 0

0.75 0.125 0.125



MP2


0.958 0.03 0.012

0 0.98 0.02

0 0 1




0.951 0.037 0.012

0 0.913 0.087

0 0 1




1 0 0

0.8 0.2 0

0.2 0.4 0.4




1 0 0

0 0 1

0.45 0.19 0.36




(6.15)
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6.7 Future Work and Conclusion

This work demonstrates the importance of incorporating information from maintenance records

and CBM sensory signals to aid prognosis of equipment health. The joint modeling approach

presented in this work introduces a novel way of separately identifying the transitions performed by

a system under different actions, which are typically averaged out in current HMMmodels. Thus, we

can distinguish the transition dynamics followed by the system under each action taken. Through

numerical studies and application to real-world industry data, we demonstrate that incorporating

information gained from manual maintenance actions helps increase the precision of the continuous-

time model for inferring the system states. We propose a hyperparameter tuning framework to

optimize the hyperparameters of the numerical solvers and solve the issue of selecting the initial

transition probabilities which is crucial for model convergence.

The proposed model achieves the highest accuracy among existing models in numerical studies,

emphasizing the significance of each model component. One of the key advantages of the current

model is its simplicity in developing model-based approximate dynamic programs, which can support

decision-makers in optimally scheduling maintenance and inspection activities. A natural extension

of the current work involves extending the discrete-time HMM structure to a continuous time

Markov chains. Furthermore, incorporating the Semi-Markov structure in the current framework

could enhance the utility of the proposed model.
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Chapter 7

Summary and Future Work

This thesis demonstrates how unstructured text data helps improve the failure diagnosis of com-

plex equipment and identify their health status. Failure diagnosis itself provides valuable insights

for Original Equipment Manufacturers (OEMs) and equipment owners, enabling them to enhance

machine designs, warranty policies, spare part inventory management, and more. Specifically, the

research conducted in chapters 2 to 4 focuses on extracting in-depth knowledge about failures occur-

ring in industrial equipment, while chapter 5 introduces a model for identifying equipment health

status. The key input in these chapters is the unstructured maintenance records generated by tech-

nicians during inspections and repairs of industrial equipment. The proposed unsupervised methods

in handling these voluminous unstructured textual data address various challenges, including seman-

tic ambiguity, domain-specific vocabulary, and negation of document sentiments, without relying

on labeled data. In Chapter 6, we demonstrate the fusion of information extracted from unstruc-

tured maintenance records with Condition-Based Maintenance (CBM) sensory signals by proposing

a novel joint modeling approach called AS-IOHMM. This approach integrates CBM sensory signals

with direct state observations inferred from manual interventions, enabling separate modeling of

system dynamics for each maintenance action undertaken by technicians. Figure 7.1 illustrates the

contributions made to date and outlines future work.
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Figure 7.1: Research to date and future work

7.1 Research work to date and summary of contributions
The contributions of the research described in chapter 2 - chapter 6 can be summarized as

follows:

1. Generation of custom word embeddings for industrial maintenance records:

In Chapter-2, we proposed a novel custom word embedding model to generate numerically

distributed representation of maintenance records by combining information from two sources

namely semantic information and taxonomic information. Our method combines the skip-

gram model with standard industrial taxonomy to efficiently learn the word distribution,

by a weighting parameter α that control the degree of influence exerted by semantic and

taxonomic source of information. The CWEM word embeddings outperforms embeddings

generated using other existing models for clustering industrial records. By simultaneously

incorporating the taxonomic and semantic information, there is no need for contextually

associated words to co-occur in a document (as needed by other existing models). The single

step learning of model parameters reduces the number of hyper-parameters and the model is

learnt without any supervision or third party dependencies.

2. Extracting complete taxonomy branch of failed sub-components of hierarchical equipment
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with confidence score:

In Chapter-3, we tackle an important aspect of failure diagnosis by developing a compre-

hensive methodology to automatically identify the equipment taxonomy branch related to a

maintenance record documented while inspecting an equipment breakdown. The methodol-

ogy proposed leverages OEM’s equipment taxonomy. We devise two algorithms, namely 1)

Backward-Forward and 2) Verb Analysis, that are based on syntactic (frequentist) rule-based

methods in NLP. To tackle the limitations of frequentist methods, semantic information is

incorporated by leveraging word embeddings to generate a non-parametric density curve that

provides confidence score for the extracted taxonomy branch.

3. Identifying failure mechanism from unstructured maintenance records using unsupervised

multi-class ensemble classification model:

In Chapter-4, we present a solution framework for unsupervised multi-class ensemble clas-

sification problems using continuous scores from multiple base classifiers. We also study

the issues of class imbalance and feature/label noise in the dataset that effect the classifiers

performance. To develop the model, we incorporate the use of muti-class to binary class

decomposition techniques like OVA and ECOC and illustrate the effectiveness of order statis-

tics like maximums in ensuring optimal results. We provide an extensive empirical study and

demonstrate the effectiveness of the proposed method over real world case study data.

4. Determining equipment health status from maintenance records using lexicon based unsuper-

vised sentiment analysis model:

In Chapter-5, we present a framework to estimate equipment health status from unstructured

maintenanace records. We illustrate that the existing transfer learning models like BERT fail

to adapt to domains which are highly distinct from each other and thus there is a need

to use lexicon based methods for unsupervised estimation of equipment health status. The

existing lexicons used in sentiment analysis are not suitable for industrial data and hence we

propose a list of new seed lexicons suitable for industrial use. We also address the major

issue of negation found extensively in industrial records and demonstrate the superiority of

our proposed method over other topic models existing in literature.
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5. Holistic Condition Based Maintenance Model by jointly modeling CBM sensory signal and

direct state observations for system subjected to different maintenance actions:

In Chapter-6, we present a novel joint modeling approach that facilitates the modeling of

continuous sensor signals alongside a discrete state information variable with missing values.

This occurs during manual actions performed for a system that is jointly maintained using

Condition-Based Maintenance (CBM) and manual interventions. The proposed model enables

the representation of changes in system dynamics resulting from different actions performed

on it while it is operational. To estimate the model parameters, we employ the Expectation-

Maximization (EM) algorithm, leveraging a numerical optimizer to maximize the likelihood

of the model parameters. Since the accuracy of the numerical optimizer and EM algorithm

relies on the precision of hyperparameters and the initialization of model parameters, which

are unavailable for a new problem, we propose routines that allow users to search for optimal

hyperparameters and initialize model parameters by framing the problem as a hyperparameter

tuning framework.

7.2 Future work
This thesis demonstrates the utility of unstructured natural language data not only in failure

diagnosis but also in improving reliability models for studying changing dynamics of a system

subjected under different manual actions. Although, an unsupervised lexicon based method to

extract information about equipment health status is provided in chapter 5, the complete power

of transfer learning models like BERT still remains to be tested. Transfer learning models like

BERT are claimed to be highly generalized for domain adaptation, however, as shown in chapter

5 this is not the case. Methods to increase the generalization of BERT for domain adaptation

include pre-training on the target domain data. Apart from this, multi task fine-tuning of BERT

for negation and sentiments on source data may also help increase the current accuracy of the

BERT model achieved in chapter 5. Thus, as future research direction I plan to explore a new

multi-task learning model using transformer models like BERT pre-trained on target domain data

for identifying equipment health status. Further, the UMEC model proposed in chapter 4 can

also potentially be extended by proposing a single objective classifier using non-parametric density
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representation for scores of different classifiers.

As described in Chapter 6, industries rely on a dual maintenance strategy in which they de-

ploy both Condition Based Maintenance (CBM) sensory signals to perceive equipment state and

schedule calendar-based manual maintenance activities for inspecting and repairing the equipment.

Manual inspections help technicians gain direct observations about the system’s health condition;

however, they incur additional costs due to manual labor. On the other hand, CBM monitoring

is relatively inexpensive but provides indirect inference about equipment health conditions. Other

manual maintenance actions, such as preventive and corrective maintenance, also come with high

costs but are unavoidable in many instances. Therefore, there is a need to develop a decision-making

framework to optimize the schedules of various manual maintenance actions, including inspection,

preventive maintenance, and corrective maintenance, in order to minimize long-term expenditures.

We plan to develop a decision-making framework using the Approximate Policy Iteration (API)

algorithm for the Model-Based Partially Observed Markov Decision Process (POMDP). Chapter 6

of this thesis provides us with the environment model, justifying the use of the model-based policy

iteration algorithm. The API algorithm will parameterize the value function to take the belief state

as input and generate the estimated value for each action in the current belief state as output. The

structure of the model described in Chapter 6 will assist in selecting the optimal parametric value

function.

The approximate PI algorithm will improve and update the policy (initialized by parameters)

using policy gradient methods to optimize the parameters for minimal cost. The updated policy,

along with the environmental model from Chapter 6, will help simulate trajectories of state-action

pairs and their rewards for various initial beliefs. This simulation will aid in evaluating the policy

by averaging the reward of the entire trajectory using Monte Carlo methods.

The API algorithm will iterate between the policy improvement and policy evaluation steps,

incorporating the environmental model. In each iteration, the policy parameters are updated using

policy gradient methods based on the estimated values. After updating the policy, Monte Carlo

simulation is performed using the environment model to evaluate the updated policy by estimating

its value. The iterations continue until the policy converges to an optimal or near-optimal policy.
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