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Abstract

Ubiquitous sensors and networks are critical elements that seamlessly integrate
into our daily lives and enable diverse commercial and engineering applications,
including the Internet-of-Things (IoT). By extension, the Industrial IoT (IIoT)
entails continuously monitoring revenue-generating assets, such as wafer dicing,
robotic pick and place, and industrial washing machines, for anomalous patterns
and minimizing unplanned breakdowns of critical machines via predictive mainte-
nance (PdM). However, PAM must grow beyond equipment maintenance to achieve
prescriptive maintenance, and we identified several research gaps, which we high-

light and address in the following paragraphs.

In the first study, we consider that unplanned breakdown of critical equipment
interrupts production throughput in IIoT, and data-driven PAM becomes increas-
ingly important for companies seeking a competitive business advantage. Manu-
facturers must manually allocate competent manpower resources in the event of
machine failure. Furthermore, human errors have a negative rippling impact on
both overall equipment downtime and production schedules. To address these is-
sues, we formulate the complex resource management of humans and machines as
a resource optimization problem. We developed a maintenance repair simulator
(MRS) game and conducted real-world experiments to support our findings. These
results are contrasted against our proposed deep reinforcement learning (DRL)
method to evaluate the efficacy of Al-based complex resource management for
PdM applications. In addition, DRL improves its accuracy with more training
data, self-learns an optimal maintenance strategy, and incorporates human feed-
back as part of its learning strategy. Notably, this study analyzes one machine for

maintenance to limit the research scope of and validate our hypothesis.

In the second study, preliminary examination of existing literature reveals that ex-
isting IloT-based PAM frameworks do not consider complex real-time production
states, machine health, and maintenance manpower resources. For this reason, we
propose a generic PAM optimization framework to help maintenance teams pri-

oritize and resolve maintenance task conflicts. Specifically, the PAM framework

XXV
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jointly optimizes edge-based machine network uptime and manpower allocation
in a stochastic IloT-enabled manufacturing environment utilizing model-free Deep
Reinforcement Learning (DRL) methods. Since DRL requires a significant amount
of training data, we propose and demonstrate the use of Transfer Learning (TL)
method to help DRL learn more efficiently by incorporating expert demonstra-
tions, termed TL with demonstrations (TLD). TLD reduces training wall-time by
58% compared to baseline methods, and we undertake numerous experiments to

illustrate the performance, robustness, and scalability of TLD.

PdM research focuses on improving RUL prediction accuracy via end-to-end models
(i.e., raw sensor to RUL prediction) to increase factory productivity. Since machine
remaining useful life (RUL)(i.e., ground truth information) is often unavailable, an
RUL prediction model’s success is not readily transferable to similar applications.
Besides, DL-based RUL models require considerable training data, including rare
failure data, and critical monitoring of model performance drift is not actively
researched. To address these concerns, we first present an attentive multi-branch
feature network (AMBFNet) model to improve RUL prediction performance and
benchmark AMBFNet against comparable work on real-world datasets. Secondly,
we present an incremental learning-based approach for monitoring field-deployed
edge-based RUL model performance drift. Notably, the AMBFNet model surpasses
state-of-the-art RUL prediction models in terms of prediction error, and we are the

first to report incremental learning results for a popular PAM dataset.

In summary, this thesis encloses several critical contributions to the corpus of
knowledge in the PAM research topic. Specifically, we propose transforming PdM
into a holistic maintenance strategy via Al-based methods, such as DRL. In this
regard, DRL is used to learn data-driven decision-making strategies and provide
actionable recommendations to augment human decision-makers, thereby termed
“augmented intelligence”. Furthermore, we consider hybrid deep learning methods
to improve RUL prediction performance and batch-based incremental learning to
mitigate model drift. Finally, unifying the proposed contributions creates a generic
PdM framework for data analysis in ITIoT to jointly manage resources (i.e., humans
and machines) and achieve good RUL prediction performance via Al-based meth-

ods.



Chapter 1

Introduction

This chapter discusses the significance and motives behind the Predictive Mainte-
nance (PdM) research presented in this thesis. Specifically, we discuss the impor-
tance of maintenance, the research problems, and challenges before delving into
the specific research focus with corresponding research motivations. Finally, we

summarize the corresponding research contributions in this thesis.

1.1 Background of Predictive Maintenance

1.1.1 Evolution of Maintenance

Manufacturing is a highly competitive industry, and businesses worldwide are em-
barking on a digitalisation journey to obtain a competitive edge and increase rev-
enues. Maintenance remains an essential activity in the manufacturing sector that
impacts a business’s ability to compete on price, quality, and performance. In par-
ticular, unplanned downtime! of revenue-generating machines can cripple a busi-
ness’s operations, cause irreversible brand damage, and incur financial losses. For
example, [7] reports that annual losses amounting to US$60 billion are due to
improper machine maintenance, otherwise preventable. Likewise, recent industry
research estimates that the worldwide predictive maintenance market will be worth
US$21 billion by 2027, growing at a 25% compound annual growth rate (CAGR)
[8].  Moreover, the ongoing COVID-19 pandemic has inadvertently accelerated

In the manufacturing context, downtime denotes the duration for which a machine is not
producing anything.
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FIGURE 1.1: Evolution of maintenance strategy.

the adoption rate of digitalization with modern technologies such as the Indus-
trial Internet-of-Things (IIoT), automation, and artificial intelligence (AI). Thus,
leveraging these technological innovations to increase revenue-generating machines’
uptime (i.e., assets) needs effective maintenance strategies to reduce the probability
of unplanned machine failure, streamline operational costs, and improve manufac-

turing throughput.

In tandem with the fast-paced technological advancement, a similar shift in main-
tenance strategies is constantly taking place. Figure 1.1 depicts the evolution of
maintenance strategies from reactive maintenance (RM) through preventive main-
tenance (PrM) and predictive maintenance (PAM), with prescriptive maintenance
(RxM) as the most advanced. To elaborate, RM is a naive run-to-failure strategy to
recover machines only after a malfunction occurs. Adopting such an approach can
severely burden businesses with expensive repair bills and exasperated maintenance
teams. On the other hand, PrM is the cheapest proactive maintenance strategy
and performs maintenance either according to an original equipment manufac-
turer’'s (OEM) pre-determined schedule or usage iterations to manage unplanned
machine breakdowns. However, PrM requires high inventory stock quantities and
can result in excessive maintenance in some cases. Consider the PrM example of

vehicle maintenance, in which manufacturers suggest changing the fluid oil every
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atntenance Reactive Preventive Predictive Prescriptive
Strategy
Maintenance Component, Compogent, Compogent,
Component : Operation, Operation,
Focus Operation
System System
Historical Data . Medium to .
Availability Nome Limited High High
Real-time Data Low to .
Availability Nome Nome Medium High
Maintenance Low to .
Automation Level Nome Nome Medium High
Machine Health Nowe Low to Low to Hich
Condition Medium Medium &
Human Effort Low to Low
(Decision-making & High Medium Medium (ad-hoc)

Inspection)

TABLE 1.1: Comparison of maintenance strategies. [5]

six months or 10,000 kilometers. Conversely, end-users consider a fluid oil change
unnecessary or excessive as their vehicle has been parked in a garage for eight
months owing to bad weather. Table 1.1 depicts the evolution of maintenance
and outlines the major differences between multiple maintenance strategies. The

differences between PAM and RxM are given in the following paragraphs.

Predictive maintenance (PdM)’s goal is to minimize unplanned machine downtime
via a data-driven approach [9], with the prediction model’s accuracy requiring fre-
quent updating and is highly reliant on both the quantity and quality of data
available [10]. In particular, PdAM attempts to optimize the trade-off between RM
and PrM via continuous monitoring of the machine’s real-time condition through
sensors and with the help of advanced failure prediction models. Ultrasonic, tem-

perature, and accelerometers are some examples of sensors.

Prescriptive maintenance (RxM) is the most advanced maintenance strategy and
is not limited to predicting failures [11]. RxM recommends preventing or delaying
potential machine breakdowns using Al-based prescriptive algorithms. RxM, in
particular, needs a cognitive system capable of learning, adapting, and analyzing

unseen data patterns. This solution combines Al, machine learning (ML), and PdM
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data analytics with big data. For instance, thyssenkrup’s predictive algorithm
claims to be capable of forecasting an elevator’s shutdown five days in advance
owing to a door fault [12]. Being data-driven enables thyssenkrup’s predictive
technology to identify the four most probable sources of an issue. As a result,
elevator technicians can resolve door faults on the first visit more than 90% of the
time, which increases customer satisfaction. It is worth mentioning that additional
data sources, such as quality control and engineering data, can further improve
RxM’s recommendation accuracy. Finally, RxM technology is relatively immature
and requires high-speed IT infrastructure to securely and promptly deliver vast

amounts of critical information [13].

1.1.2 Industrial Internet-of-Things (IIoT)

Modern sensors are the cornerstone of PdM. By acquiring vital machine data from
sensors such as vibration, pressure, and temperature, manufacturers can make in-
formed maintenance decisions through condition monitoring of machines, thereby
mitigating the risk of disruption to production plans. Furthermore, with mod-
ern industrial equipment generating hundreds of gigabytes to terabytes of data
daily, the IToT enables a factory’s network to be securely and reliably managed via
cloud-based and edge-based solutions. When properly managed, manufacturers
can have real-time visibility into individual machine health, obtain fresh insights
into machine performance and utilization, and respond swiftly to avert potentially
disruptive failures. However, Al-based PdM systems require vast amounts of high-

quality data to extract patterns from complex data.

Nevertheless, [ToT-enabled PAM aims to reduce unscheduled machine downtime by
providing timely and accurate maintenance insights. While accurate prediction of
machine failure is necessary, PAM is much more than hardware and software [14].
For instance, PAM aggregates and analyzes machine sensor data in the background
over the IToT network and notifies the maintenance team of potential machine fail-
ures. However, arbitrarily halting the production machines impairs the execution
and production delivery schedule [15], resulting in order-delivery delays and rev-
enue loss. Furthermore, the complexity of decision-making increases greatly with
machine heterogeneity, the availability of spare parts, and the dynamic availability

of manpower resources and competence. Thus, these intermediary issues require
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further research to effectively utilize data-driven Al technology to enhance PdM

and overall factory productivity before achieving RxM.

Artificial intelligence (AI) models for PAM are developed and deployed in the cloud,
where machine sensor data is stored and analyzed. However, the latency incurred
as data traverses various networks can result in sluggish response time from these
remote Al models. Edge technology promises to increase the speed and efficiency
of predictive analytics by implementing machine learning (ML) models locally,
rather than depending on costly yet reliable connection to transport data from
the device to the cloud over the internet. Furthermore, edge-powered Al data is
locally processed, reduces data storage costs (in the cloud), and provides real-time
analytics, which is essential for operating the PdM-based Al model. Finally, edge-
powered Al data processing enhances network resilience by preventing data loss
during outages. These benefits are significant for manufacturing industry where
unintentional delays in response time may result in revenue losses, client confidence,

and unplanned machine downtime.

1.2 Research Challenges and Motivations

1.2.1 Challenges

Along with technological breakthroughs, the flexibility and improvements in PdAM
present new research challenges that require further investigation. These include

the following but are not limited to:

e Aging workforce: A recent survey in [16] highlights that a wide variety of
competent technicians are expected to retire within the next decade, causing
a wider gap in labor’s skill/knowledge. Notably, the field service industry
anticipates a shortage of 2 million US workers [17]. Although technology
can potentially close the knowledge-skill gap by digitally capturing domain
expert knowledge, integrating expert knowledge to improve modern Al sys-
tem performance is challenging and receives little attention in the existing

literature for PAM applications.

e Decision-support PdM framework: A factory production system com-
prises a combination of human and machine resources that collaboratively

transform raw materials into manufactured products (i.e., finished goods).
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While increasing the prediction accuracy of machine failure is essential, main-
tenance decision-making remains a challenging task for human decision-makers.
Specifically, the decision-making process is manual, laborious, error-prone,
and experience-based, with negative consequences to the production through-
put until machine failure rectification. Additionally, continually operating a
machine nearing failure can squander valuable resources and disrupt down-
stream production capacity. Besides, traditional PAM approaches overwhelm
decision-makers with threshold-based notifications and descriptive data rather
than actionable recommendations (i.e., decision-support) to augment human

intelligence.

e Al-based maintenance scheduling automation: Anomalies are swiftly
identified and prevented by Al’s capacity to process vast data, including
audio and video. Compared to human experts, Al can continuously mon-
itor revenue-generating machines with the model’s learning capacity scale
according to the available data quantity and computing resources. Despite
the massive potential of Al-enabled PdM, automated scheduling of mainte-
nance tasks based on numerous cost factors, stochastic resource availability,
production deadline, and machine reliability requirements is challenging to
optimize jointly with non-AI methods [18]. Recently, [10, 14] highlights the
apparent scarcity of research into the convergence of Al-based fault detection
and prediction algorithms with maintenance scheduling algorithms, which is

vital to realizing an intelligent and autonomous PdM system.

e Data and class imbalance issue: Failure events become increasingly
rare, with each generation of production machines claiming increased relia-
bility. In addition, any attempt to continuously operate machines to failure is
costly, and time-consuming within a production environment with potentially
catastrophic consequences. Despite recent attempts to use transfer learning
(TL)[19] and generative adversarial network (GAN)[20] to address data im-
balance [21], achieving satisfactory results for diverse PAM applications and

scenario remains an open research question [10].

1.2.2 Motivations

In this thesis, we only address the first three challenges and propose to exploit

the differences between PdM and RxM as the overarching research motivation,
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which we briefly mention below. Research challenge #4 was identified towards the
end of my industrial research attachment at Bosch (see Chapter 6) and concluded
in the last semester of my PhD candidacy. Owing to the PhD candidature time

constraints, only the first three challenges are addressed.

PdM is a maintenance strategy that uses data analytic and condition monitor-
ing methods to detect abnormalities in a machine’s daily operations and minimize
catastrophic machine failure. For instance, we can use vibration analysis to uncover
structural health issues and highlight weaknesses in machines that can cause signifi-
cant damage due to inaction [22, 23]. However, the existing PAM approach requires
manual human intervention to analyze data, make a decision, and generate corre-
sponding maintenance work orders. Besides, existing PAM research is myopic, from
a production line perspective, with a laser focus on revenue-generating machines
as the only resource type. Finally, the impending retirement of experienced tech-
nicians creates a vast experience gap, making the already challenging maintenance

decision-making tasks more susceptible to human errors owing to inexperience.

In contrast, RxM continuously analyzes the machine data, automatically generates
a work order, and transmits the relevant information to the maintenance team.
Specifically, the RxM-based algorithm independently learns an appropriate reliabil-
ity plan based on historical data (e.g., sensor, machine, and human actions taken),
and recommends appropriate follow-up action. Consider the example where RxM
successfully identifies the faulty machine component, but the part component is
currently unavailable in the factory’s inventory. The RxM algorithm identifies the
component delivery lead time and recommends reducing the machine production
throughput by 40% to stretch the residual time to machine failure. RxM may
also seek consent from the human decision-maker to procure additional component
quantities based on existing production plans as RxM detects comparable failure
rates for the remaining machines in the factory. Consequently, factory produc-
tivity increases as maintenance teams can better focus on maintaining machines
efficiently and spend less time troubleshooting the root causes of intermittent ma-
chine interruptions to the production line. Unlike the PdM research landscape,

RxM is relatively new, with just 30 publications? in the last decade.

2Results are based on keyword search of “prescriptive maintenance” on the web of science
platform.
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Apart from the PAM and RxM differences, traditional optimization methods may
be inadequate for solving complex, stochastic, and noisy real-world problems. Con-
sidering that traditional optimization methods perform well for one type of prob-
lem, but the final solution depends on the initially random solution chosen. In ad-
dition, the obtained solution is not guaranteed to be global optimum, and changes
in problem complexity and dataset or data distribution may prevent traditional
optimization methods from converging quickly to a solution. Conversely, machine
learning (ML) is inspired by human learning behavior, in which we provide ex-
amples and let ML algorithms discover the solution. Similarly, the ML model
can iteratively learn from various data types while solving the same optimization

problem.

1.3 Research Scope

With reference to the aforementioned PAM challenges, the following sub-sections
outline the research issues with proposed solutions in this thesis. Finally, we present

the overarching theme that motivates this thesis’s research topic.

1.3.1 Deep Reinforcement Learning Based Predictive Main-
tenance Model for Effective Resource Management in
Industrial IoT?

According to [14], the majority of existing works use DL techniques in equipment
failure prognostics. For example, DL-based solutions are used to improve an equip-
ment’s remaining useful life (RUL)* estimation and anomaly detection [27-30].
Some researchers have recently examined the applicability of DRL to PdM, with
promising findings. To diagnose and classify faults in time-series-based equipment
health sensor data, the authors [31] and [32] propose using deep Q network (DQN).
Similarly, [33] investigates the use of temporal difference (TD) Learning for RUL
forecasting. Finally, [26] proposes using Double DQN (DDQN) to learn the opti-
mal replacement point for equipment based on its health index value, with good
generalization performance across similar equipment. However, PdM encompasses

more than equipment maintenance [10]. Instead, considerable emphasis should also

3Comprises of published works in [24], [25], and [26].
4The RUL metric is a second order derivative that provides failure prediction estimates to
facilitate proactive maintenance scheduling.
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be placed on enabling maintenance automation to optimize maintenance strategy,

particularly manpower resource management.

Motivated by this research gap, the improved PdM framework must also consider
manpower resource management, ensuring that maintenance tasks are allocated
to the most competent technician. Although [25, 34, 35] make specific references
to predictive maintenance and manpower resource management, their assumptions
are mainly limited to more straightforward and ideal maintenance scenarios. With
the improved PdM framework considerations, both businesses and decision-makers
will significantly benefit from the data-driven maintenance recommendations since

they will be able to take the best possible action for any physical equipment.

To address the stochastic resource optimization problem, we propose a DRL-based
model framework that leverages the proximal policy optimization (PPO) long short
term memory (LSTM) (i.e., PPO-LSTM) model:

e We introduce the edge-powered PAM framework architecture, enabling PdM
for a network of equipment within a generic production facility. Secondly, we
formulate pertinent PdM and resource management elements into a Markov

Decision Process framework to discover the optimal decision policy.

e We coin the term “equipment severity rating,” which quantifies equipment
failure probability in relation to the widely used equipment health indicator

value in PdM literature.

e We present a model-free PPO-LSTM model to address the reward sparsity
issue in stochastic settings and discover the optimal decision policy given
the stochastic resource optimization problem. Specifically, the LSTM mod-
ule is used to capture pertinent spatial-temporal information before further

processing by the PPO model.

e We conduct extensive simulation experiments using a maintenance repair
simulator (MRS) to train the PPO-LSTM agent on the relationship between
the equipment severity rating, the maintenance cost model, and the techni-
cian competence level. Additionally, we undertake IRB-approved real-world
experiments with two groups of working professionals to provide a human-
level baseline for comparison purposes. Consequently, we demonstrate the

efficacy of our proposed approach as a decision-support tool.
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e Our DRL approach is also extended to the NASA C-MAPSS dataset, a well-

known time-series PAM dataset, and observed positive results.

1.3.2 Predictive Maintenance Model for IIoT-based Manu-
facturing: A Transferable Deep Reinforcement Learn-
ing Approach®

Given the abundance of sensor data, the majority of the existing literature is de-
voted to improving RUL prediction accuracy in PAM applications [14, 36]. How-
ever, focusing solely on machine maintenance with traditional PdM-based frame-
works is a myopic resource management approach compared to the overall factory
resource management strategy [10]. Recently, [24, 35, 37] attempted to address
the optimization of manufacturing systems for energy consumption, manufactur-
ing throughput, predictive maintenance, and manpower resource management. For
instance, [37] proposes improving the production throughput by optimizing the pre-
ventive maintenance and energy scheduling processes while putting aside both PdM
and manpower resource management. On the contrary, [35] and [24] exclude energy
consumption and relevant production factors that can influence the maintenance
priority of machines, such as residual days to delivery deadline and parts revenue.
Thus, we are interested in exploring the unrealized potential of the simultaneous
optimization of prioritization-based PAM and human resource management, which

are frequently addressed independently.

In practice, multiple machines may produce near identical maintenance priority lev-
els, and the time-varying manpower availability situation complicates an otherwise
straightforward process of maintenance prioritization. In addition, the resource
management problem in a non-stationary environment becomes intractable using
traditional one-shot allocation methods such as stable-matching [38]. The ratio-
nale is that, since apriori knowledge about the dynamics of manpower resource
availability cannot be known for a stochastic manufacturing setting, it is myopic
to determine resources (i.e., human technicians) to allocate solely based on the
needs of the current maintenance task. Hence, we extend from our recent work
in [24] to include production-related data for analysis, automate maintenance task
prioritization using model-free DRL methods, and dynamically manage manpower

resources according to the runtime task state information.

SWork is published in [18].
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To further accelerate learning with DRL, we introduce the concept of machine
groups and propose a model-free DRL-based method for knowledge transfer from
expert DRL models to another machine group, namely, TL from demonstrations
(TLD). Considering that the maintenance schedule and manpower resource man-
agement are ad-hoc and highly subjective, the underlying decision-making process
becomes challenging to model, and there lacks a ready-to-use mechanism for knowl-
edge transfer to DRL models. Besides, investigations of TL in DRL-based PdM

applications is also relatively under-explored [39].

1.3.3 Remaining Useful Life Prediction of IIoT-enabled Equip-

ment using Attentive Multi-Branch Feature Network®

Model-based and data-driven are the main approaches for RUL prediction. The
model-based approach relies on physics-based modeling to characterize the degra-
dation process of a machine or component prior to estimating RUL [41, 42]. Nev-
ertheless, developing such models often demands precise machine component mod-
eling, complex operational condition information (i.e., internal or external), and
highly specialized expert knowledge across heterogeneous machines. Besides, the
model transferability between heterogeneous machines is severely restricted. The
data-driven approach links RUL and the target machine features without requir-
ing prior knowledge and extensive degradation modeling. With increasing ma-
chine sensorization, data availability facilitates the easier adoption of the data-
driven approach for RUL prediction across various complex machines. Broadly,
RUL prediction is solvable using standard ML methods such as support vector
machines (SVM) [43, 44], random forest (RF) [45], and hilbert-huang transform
(HHT) [45, 46]. However, beforehand, the feature selection step is human-intensive,
and noisy raw sensor data affects RUL prediction accuracy [47]. Therefore, most

researchers shift their focus towards deep-learning-based approaches instead [48].

The ability to automatically learn feature representations from raw sensor data
drives the adoption of DL methods for RUL prediction. Due to the highly cor-
related spatial-temporal sensor data features, DL methods such as convolutional
neural network (CNN) [49, 50], recurrent neural network (RNN) based autoen-
coder (AE) [51], and long short-term memory (LSTM) [52] architectures [53-56]

6This work is performed during a six-month research attachment at Robert Bosch (SEA) Pte
Ltd. Part of this work is presented in [40].
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have been proposed. For example, [50] models sensor data as an image and applies
a one-dimensional deep CNN to filter out relevant sensor features. However, the
convolution kernel size requires continuous increases to process long data sequences.
Likewise, [51]’s RNN-based AE requires separate training of the AE and an ensem-
ble of RNNs to achieve good RUL prediction results. Unfortunately, RNNs fail at
learning long-term sequence modeling due to the vanishing gradient problem. To
address this problem, [53, 54] adopts the LSTM approach to achieve excellent RUL

prediction performance, easily outperforming CNN approaches.

A key component of effective resource management is accurate RUL prediction
of time-series data [18]. In the context of time-series sequence modeling of multi-
variate data, the importance of individual sensors (i.e., features) can vary as degra-
dation information becomes apparent. However, vanilla LSTM networks are prone
to over-fitting and suffer from the vanishing gradient issue when modeling extended
data sequences. Moreover, due to the sequential processing of historical sensor data,
the training duration for LSTMs and RNNs is typically time-consuming and expen-
sive [57]. Besides, even similar machines will exhibit different degradation features.
Hence, automatic feature importance weighting within an end-to-end neural net-
work model, from raw sensor data to prediction, becomes even more challenging

without human intervention.

We introduce an attention-based deep learning model to overcome these constraints
and automatically identify relevant features. Inspired by [58], we propose to study
the effects of enhancing vanilla LSTM networks using the attention mechanism
for RUL prediction. Specifically, we adopt a strategy similar to [55] in which
the attention network extracts temporally correlated features from the data out-
put of an existing LSTM network. However, unlike the global attention method
suggested in [55], this work augments the LSTM network with the self-attention
method prior to encapsulation in a module block dubbed the branch layer. Each
branch is responsible for determining the feature importance and correlation be-
tween time-steps. Following that, the learned branch feature information is pooled
for RUL prediction, resulting in the proposed model termed attentive multi-branch
feature network (AMBFNet). We adopt two real-world datasets to evaluate the
AMBFNet’s efficacy and generalization in tackling similar RUL prediction prob-

lems. For comparison purposes, we benchmark AMBFNet against various existing
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and state-of-the-art methods. Lastly, the AMBFNet model is compatible with our

previously proposed improved PdAM framework, as shown in Figure 1.2.

1.3.4 Connections among Research Issues

The underlying theme of these research issues is the need for PAM-based mainte-
nance decision-support to holistically increase production throughput and produc-
tivity with the least amount of unexpected machine downtime possible. Notably,
unplanned machine downtime can intermittently halt a machine when the antici-
pation is for the machine to continue manufacturing goods. Therefore, this thesis
aims to accelerate the transition from PdM to RxM and propose a mindset shift for
tackling maintenance problems from a component level to a more holistic systems
perspective. A case in point, surveys [10, 14, 36] unanimously agree that the major-
ity of existing literature is devoted to improving RUL prediction accuracy in PdM
applications. Similarly, concentrating solely on machine maintenance using tra-
ditional PdM-based frameworks is a myopic resource management approach when
contrasted to the overall factory resource management strategy [10]. Besides, a fac-
tory production line encompasses much more than product manufacturing. Thus,
this thesis considers a generic PAM model to optimize factory resource management

(i.e., manpower and machine).
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FIGURE 1.3: Overview of thesis contributions w.r.t. the proposed PdM frame-
work in Figure 1.2.

Continuous data transmission of raw machine data over an IIoT factory network
consumes precious communication bandwidth and induces additional network la-
tency for time-critical factory operations. Cloud computing technologies, while
extremely powerful, are not designed to process data in real-time. In reality, trans-
mitting data to the cloud also results in noticeably slower transfer times, thus
requiring expensive bandwidth communication to be transmitted and processed,
where the internet link’s quality-of-service is not always guaranteed [59]. On the
other hand, data at the edge may pose security concerns, mainly when handled
by disparate devices that are not as safe as centralized systems. Thus, this thesis
considers an edge-based IIoT network with edge-enabled machines that operate a
field-deployed PAM model in-situ.

Research Issues The51§-rel-ated Components | Resources
Publications
1 24-26] 1,2,4,7,89 | Machie.
Human
2 18] 1,2,4,6,7,8 9| ‘achne,
Human
3 [40] 1,2,3,4,5 Machine

TABLE 1.2: Overview of research contributions w.r.t. individual components in
Figure 1.2.
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For completeness, the respective research issues and proposed solutions are inte-
grated into a PAM framework, see Figure 1.3. Detailed information is reported in
Chapters 4, 5, and 6, with corresponding annotations in Table 1.2 for the reader’s
convenience. Lastly, equipment is synonymous with a machine unless otherwise

stated.

1.4 Major Contributions

The main contributions of this thesis is summarized as follows:
e Chapter :

— We formulate the PAM manpower allocation into a resource optimiza-
tion problem and present a DRL-based PAM Model framework. The
overall optimization objective is to increase production revenues while
maximizing the cumulative equipment uptime in an IIoT network pow-
ered by edge computing. With the proposed data-driven framework in
place, the routine but challenging task of manpower resource allocation
is now automated, resulting in increased productivity for both produc-

tion and maintenance teams.

— We propose the PPO-LSTM model for automating the decision-making
process associated with PdM-based resource management. LSTM is
used to improve the performance of PPO in stochastic settings, while

PPO is responsible for selecting the best state-action to perform.

— We perform extensive simulation experiments using a Maintenance Re-
pair Simulator (MRS) to evaluate the performance of PPO-LSTM, and
we undertake IRB-approved real-world experiments, comprised of work-
ing professionals, to provide a human-level baseline for performance
comparison. Empirically, the proposed PPO-LSTM outperforms both
comparable DRL methods and human participants by 53% and 65%,

respectively.

— We also expand the PPO-LSTM model to the NASA C-MAPSS dataset,
a well-known time-series PAM dataset. Interestingly, PPO alone reports
a 73% improvement in learning efficiency relative to prior work. Overall,

these empirical results demonstrate the effectiveness of our proposed
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DRL-based PAM Maintenance Model framework as a decision-support

tool.
o Chapter 5:

— We propose the Maintenance Priority Value (MPV) metric for priori-
tizing machine maintenance. By including pertinent production param-
eters’ within the MPV metric, prioritizing machines for maintenance
repair becomes simpler and more compelling. Additionally, the MPV
metric enables the distinction between the prediction-based and the ac-

tual machine stoppages.

— We define the PAM resource management problem as a joint task schedul-
ing and resource optimization problem, and present a two-stage DRL-
based Joint Predictive Maintenance and Resource Management (JPAMRM)
framework. In the first stage, a task scheduling problem is formulated
and the randomly generated MPV-based maintenance tasks are sorted
on the basis of priority in a time-slotted manner. In the second stage,
the DRL-based TLD algorithm is then introduced to learn the optimal
strategies to automate the PdM-based resource management process
according to the task-priority information. The two-stage framework
adopts a modular design that allows macro model fine-tuning with lim-

ited impact on the overall scheduling system and promotes model re-use.

— We propose the TLD algorithm to accelerate model learning and extend
the scalability and robustness of the JPAMRM framework to similar
machines. We introduce the concept of machine groups (MGs) and pro-
duction parts to facilitate knowledge transfer. Furthermore, by reusing
small amounts of previously learned expert-demonstration data, which
is stored in the prioritized experience replay buffer, the stored demon-
strations can be utilized to improve the learning efficiency of TLD in a
new environment (e.g., a new production line). Notably, with TLD, our
study is among the first on transfer learning for PdM-based resource
management in [ToT-enabled manufacturing. With numerical simula-
tions, we empirically show the impact on performance of demonstration

data size, which is also under-explored in the existing literature.

"Examples of production parameters include residual days to delivery deadline, potential
revenue from manufactured parts and machine operating state.
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e Chapter 6:

— We propose an attention-based deep learning approach for RUL predic-
tion, named attentive multi-branch feature network (AMBFNet). Time-
sensitive multi-variate sensor information is first acquired for sequence
modelling using the long-short term memory network (LSTM). Then,
the attention network ingests the generated sequences and automati-
cally learns critically relevant sensor features before predicting the RUL

value.

— We propose a multi-branch feature aggregation approach, defined as
multi-branch pooling, to increase the RUL prediction performance. Specif-
ically, our approach enables each branch to autonomously focus on lo-
cally relevant degradation features before aggregating all the data for
regression modeling. Consequently, the regression model learns from
higher-quality data, which improves the model’s overall prediction per-

formance.

— We incorporate knowledge-based handcrafted features in both the train-

ing and testing datasets to improve the RUL prediction performance.

— We evaluate the proposed AMBFNet model’s RUL prediction perfor-
mance using real-world dataset. Empirical results appear very promis-
ing, with AMBFNet surpassing recent attention-based works by up to
70%, even on the challenging FD004 scenario in the NASA C-MAPSS
dataset. Similarly, we extend AMBFNet to a small real-world industrial

washing machine (IWM) dataset with encouraging results.

— We propose an incremental learning approach for mitigating model over-
fitting and drift detection. In this regard, we empirically determined the
appropriate size of batch-sized data that produces the lowest error de-
viation compared to tabula rasa model training. Consequently, contin-
uous learning on resource-constraint edge computing devices becomes
achievable without constantly overloading the edge computing server

with model training requests.
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1.5 Organization of the Thesis

The remaining chapters of this thesis are organized as follows:

o Chapter 3 reviews existing work related to PAM frameworks and presents
a taxonomy of data analysis approaches. Accompanying critical analysis is
also presented to highlight the relevant approach limitations. Specifically, the
following PdM-related categories are investigated: (i) PAM applications and
methods, (ii) PdM-based resource management frameworks, and (iii) RUL

prediction.

e Chapter 4 formulates the complex resource management problem as a re-
source optimization problem to determine if a model-free Deep DRL-based
PdM framework can be used to learn an optimal decision policy from a
stochastic environment automatically. Unlike the existing PAM frameworks,
our approach considers PAM sensor information and the physical equipment
and human resources as part of the optimization problem. The proposed
DRL-based framework and PPO-LSTM model are evaluated alongside base-
line results from human participants using a maintenance repair simulator.
Finally, we compare the experimental results to demonstrate the efficacy of
the PPO-LSTM model for complex maintenance decision-making under un-

certainty.

e Chapter 5 builds atop the work in Chapter 4, and considers the joint man-
agement of multiple machines and manpower resources to assist maintenance
teams in prioritizing and resolving maintenance task conflicts under real-
world manufacturing conditions. Specifically, the PdM framework aims to
jointly optimize edge-based machine network uptime and allocate manpower
resources in a stochastic [ToT-enabled manufacturing environment via model-
free DRL methods. Since DRL requires a significant amount of training
data, we propose and demonstrate using TL method to assist DRL in learn-
ing more efficiently by incorporating expert demonstrations, termed TL with
demonstrations (TLD). TLD reduces training wall-time by 58% compared
to baseline methods, and we conduct numerous experiments to illustrate the
performance, robustness, and scalability of TLD. Finally, we discuss the gen-

eral benefits and limitations of the proposed TL method, which are not well
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addressed in the existing literature but could benefit to both researchers and

industry practitioners.

e Chapter 6 acknowledges the correlation between the accurate prediction of a
machine’s RUL information and the severity rating proposed in Chapter 5.
Nonetheless, RUL prediction remains a challenging task and requires large
amounts of multi-variate time-series data to achieve satisfactory performance.
However, the vanilla LSTM mechanism alone is inadequate for processing
long sequences of multi-variate sensor data and extracting spatial-temporal
features. For this reason, different DL networks are suitable for different PdM
applications, with hybrid approaches outperforming standalone DL network
models. Thus, our work proposes an attention-based approach to augment
existing LSTM models. The attention mechanism, in particular, automati-
cally learns salient data features and time steps, while the LSTM network
focuses on sequential time-series features. Based on empirical findings on
real-world datasets, our proposed model outperforms baseline methods by a
minimum margin of 24% and existing state-of-the-art approaches by up to
70% on challenging open-sourced real-world datasets. On the other hand,
model drift in prediction performance necessitates continuous monitoring be-
fore choosing whether to execute incremental learning or request an updated
model from the cloud for resource-constrained edge computing devices. Con-
sequently, we perform extensive experiments to determine appropriate batch
data size to minimize model over-fitting while maintaining low prediction
errors, compared to tabular rasa model training, for deployment on edge

computing devices.

e Chapter 7 concludes this thesis and outlines future research directions.






Chapter 2

Preliminary

This chapter outlines the preparatory information necessary for the discussion of

the literature review, with the focus towards our approaches in this thesis.

2.1 Deep Learning

2.1.1 Convolutional Neural Network

The convolutional neural network (CNN)[60] is a multi-layer feed-forward (FF) arti-
ficial neural network (ANN) which processes two-dimensional or three-dimensional
inputs as images and learns abstract features by combining several deep neural
networks (DNN) layer types. Layer examples of CNN architecture include input,
convolution, pooling, and fully-connected. The input layer typically accepts two-
dimensional data such as image, time-series, and time-frequency spectrum. For-
mally, we can represent the input data x € R’/ where I and J denote the input
data dimensions. As the name suggests, the convolutional layer performs the con-
volution operation (i.e., kernel filters) using a set of weights to denote the weighted
average of data sampled and create a feature map that summarizes the presence

of detected features in the input. The convolutional layer output expression is :
Yn = f(x* W, +by,), (2.1)

where * denotes the convolution operator; n denotes the convolution filter layer
index; W,, denotes the weight matrix of the n'® filter kernel; b, denotes the fil-

ter’s kernel bias and the activation function as f. The pooling layer is responsible

21
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FiGUrE 2.1: VGG16 - CNN-based architecture example.

for extracting key features from each convolution layer. Hence, extracting rele-
vant features reduces the model training parameter, over-fitting, and training time.
Following multiple combinatorial layers of convolution and pooling layers, a fully-
connected layer performs classification or regression layer tasks. Specifically, the
fully-connected layer is responsible for learning the non-linear combinations of the
high-level features from the CNN and often requires several fully-connected layers
to achieve the desired output for PAM application. For single- or multi-class image
classification-based PAM applications, the last layer of the CNN model requires an
activation function (e.g., softmax or sigmoid). For instance, the VGG16 [61] is a
16-layer neural-network-based model, see Figure 2.1, and requires a softmax acti-
vation function for object classification. Similarly, a sigmoid activation function is

utilized for defect inspection but not for RUL prediction, a regression problem.

In deep learning (DL), a neural network (NN) without an activation function is
considered a linear regression model; activation functions transforms linear input
signals and models into non-linear output signals, thereby enabling deep networks
to learn high-order polynomials and perform complex tasks. We direct interested
readers to [62, 63] for current advancements and thorough explanations on activa-

tion functions and their usage.

2.1.2 Autoencoder

Autoencoder (AE) [64] is an unsupervised learning technique for extracting features
automatically from the inputs and outputs an estimation of the H; as in (2.15)[62].
A neural network (NN)-based AE design comprises the encoder and decoder stages
with the following NN layer configuration: input(z), hidden(h), and output(z).

An AE’s objective is to learn a compressed representation of the inputs (z) via the
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reconstruction error minimization between the input and the reconstructed output
values. Formally, we let D; and D), as denoting ¢ inputs and h hidden units of a
NN. Given input € R??, the AE maps z to a compressed representation h € RP»
and performs a non-linear transformation using a non-linear activation function f
following;:

h=f(WWz 4+ b)), (2.2)

where W) ¢ RP>*Pr denotes an encoding weight matrix and b € RP» as the
vectored bias. The decoder then maps h back to vector y € RP to obtain a

reconstruction approximate of the input vector z in the following:
i =W0Oa+ b ~ 2, (2.3)

where W) ¢ RP*DPr denotes the decoding weight matrix and b° € R as the
vectored bias. The training process aims to minimize reconstruction error loss J4g
in (2.4) to improve feature extraction performance using gradient descent optimiz-
ers. The extraction of AE features is accomplished by dimensionality reduction
(i.e., feature compression) through the setup of h < ¢, which forces the AE model
to learn and prioritize information from the input data. Alternatively, a deep AE
network comprises two symmetrical deep belief networks: an encoder and decoder

stage. For example, [65] proposes an RUL prediction model based on a deep AE

— Encoder — Decoder B—

Dimension
Reduction

Input
features —
Xi

Reconstructed
= Input
X

Hidden Latent space Hidden
layer h; layer

FIGURE 2.2: Autoencoder architecture example.
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network for bearing failure. Given the time domain complexity of the feature sig-
nals used for bearing RUL prediction, the trained DAE encoder is responsible for
the dimension reduction of features extracted from raw vibration signals, as shown

in Figure 2.2.

On the other hand, a stacked sparse AE (SAE) variant is simply an AE with the
addition of a sparsity penalty on the hidden layer, as in (2.5).

1 - 2
Jag = 5 mz_l(xm - xm) ) (24)
Sy
Jsap = Jap +a Y _ KL(plp;). (2.5)

i=1
where a denotes the tuning parameter; s; the quantity of nodes in the {*" hid-
den layer; KL as the Kullback-Liebler (K L) divergence to nudge the respective
node activations to approach the sparse parameter p; p as the sparse parameter
constraint of the hidden layer; and p; as the mean activation of i*" node over the

dataset in a hidden layer.

2.1.3 Deep Belief Networks

A stacked configuration of multiple restricted boltzmann machines (RBMs) is

known as a deep belief network (DBN) [66], where the hidden layer unit’s outputs

~ -

Input Hidden Hidden Hidden Output
layer layer layer layer layer

FIGURE 2.3: Deep belief network architecture example.
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are input to the visible layer units. DBN, like CNN and AE, extracts high-level
characteristics from raw sensor data, and DBN’s layer-wise greedy learning ap-
proach enables the unsupervised model pre-training with flexible requirements on
training data quantity [67]. While a DBN is structurally identical to a multilayer
perceptron (MLP), their similarities stop there; a DBN employs an entirely different
training process that enables it to deal with vanishing gradients [66]. Specifically,
the DBN trains two layers simultaneously, with each layer considered as an RBM in
Figure 2.3. In addition, the RBM’s hidden layer serves as the input for successive
layers for all network layers such that after the first RBM is trained, its outputs
are used as inputs to the subsequent RBM. The model is trained across all RBMs
until it reaches the output layer [68].

2.1.4 Recurrent Neural Networks

Recurrent neural networks (RNN) refers to a class of NNs designed to work with
time-series or sequence data. Unlike conventional NNs, RNNs consider the tempo-
ral dependencies between the data points and store prior input information within
the network’s internal state before outputting the next data sequence. Formally, a
transition function H in (2.6) considers the current data x;, for every t time-step,
and the previous hidden output h;,q with current data output y. At ¢ time-step,
the current input is a combination of inputs z; and z;_;, and the output y;, at
any given time, is feedback into the network to improve the prediction accuracy of
RNNs using the backpropagation through time (BPTT) algorithm [69].

he = H(he_1, ). (2.6)

When modeling extended data sequences, RNNs are known to suffer from vanishing
gradients. Hence, the gated recurrent unit (GRU) [70] and long short term network
(LSTM) [52] models are proposed instead, see Figure 2.4. Furthermore, with the
forget gates in Figure 2.4b, LSTM networks replace the older state values with
new ones, making LSTMs well-suited for sequence modeling and time-series-based

prediction tasks. Thus, the widespread use of LSTMs for time-series data modeling,
notably RUL prediction for PdM.
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FIGURE 2.4: Overview of RNN architectures.

2.1.5 Attention Mechanism

All human perceptual and cognitive functions stem from the attention concept [71].
Given our limited capacity to digest information from disparate sources, the innate
attention mechanism processes prioritize, modify, and fixate on the most relevant
information. For decades, the human attention mechanism has been researched in
philosophy, psychology, neuroscience, and computer science subjects. However, it
was only until recently that the attention mechanism was formalized and proven
using deep neural networks, heralding a breakthrough in the Al field. Consequently,
neural attention models are representative of many state-of-the-art in DL for a
variety of application areas, including voice [72], computer vision [73, 74|, and

natural language processing (NLP) [57, 75].

Consider the example of sequence-to-sequence modeling for a generic translation
task. Two recurrent neural networks, named encoder and decoder, compose the
attention network. The encoder of the attention network starts by encoding an
entire input sentence {x1, xs, ..., zr} into a context vector {hy, ho, ... hr}, where
T denotes the input sequence length. The attention block automatically learns
and assigns relative weights «;; of each input corresponding to the target language
translation output. A context vector ¢ is formulated and transmitted to the decoder
based on the attention weights. Unlike traditional encoder-decoder, see Figure 2.5a,
which considers ¢ as the last hidden state of the encoder (i.e., hr), the attention

mechanism’s decoded context vector ¢; for output y; is deemed as the weighted
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FIGURE 2.5: Generic encoder-decoder architecture: (a) RNN-based; (b)
Attention-based;

sum of the encoder’s outputs as in (2.7), see Figure 2.5b. Thanks to the context
vector, the decoder can determine the output word sequence {yi,¥s,...,yr} by
combining the context vector with the decoder’s hidden state, where T denotes
the output sequence length. Thus, the decoder learns to focus on relevant positions
of the input sequence. Finally, the sentence is translated to the target language.
Note that the weighting strategy used in the attention mechanism is automatically
calculated and varies with problem types. In this regard, the attention mechanism
will be beneficial in overcoming the inefficiencies of RNN networks by automatically
determining the importance of input features when dealing with large sequences of

sequential data.
T
C; = Zai]’hi. (27)
i=1

where ¢; denotes the decoding position j, h; denotes the encoder’s hidden state,

and the decoder’s hidden state as s; = f(s;—1, Y11, Ct)-

2.2 Deep Reinforcement Learning

Deep reinforcement learning (DRL) combines DL and reinforcement learning (RL)
and leverages DNN to learn an optimal decision-making strategy over a diverse
range of real-world tasks with vast state-action spaces. In contrast to supervised
and unsupervised learning methods, DRL introduces the concept of an agent in an
environment to perform the optimal action in the present state in order to maximize
long-term rewards. The agent’s action and state interaction is modeled using the

markov decision process (MDP) mathematical framework [76]. MDP comprises a
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tuple expression of < S, A, T, R >, where S denotes the state space; A denotes
the list of actions; T denotes the state transition probability function between
any state-action pair combinations; R denotes the immediate reward function.
For the reader’s understanding, we briefly introduce the DRL fundamentals and
classifications in the following paragraphs and refer readers to [76] for details.

Subsequently, we highlight the relevant DRL works.

2.2.1 Markov Decision Process (MDP)

The MDP is a mathematical framework to capture the problem space parameters
and is used by RL methods to find the optimal decision policy. Specifically, the
RL agent interacts with the environment, observes state transitions, receives a
reward, and aims to find an optimal action for each state. Therefore, the MDP
framework is used to account for changes in environment states that might lead to
finding the corresponding optimal action, which is not considered in the k-armed
bandit framework. The optimal decision policy involves learning the state-to-action
mapping recursively, and Q-learning (QL) can be used to learn the optimal policy
by maximizing the action-value function over all Q-value policies. For small and
discrete environments, QL maintains a look-up table to store the encoded state
and actions of the environment interaction. Considering real-world environments,
such as PdM, are continuous and have numerous variables, the Q-table becomes
exponentially large and impractical to maintain. Similarly, the time-taken for QL
to find the optimal state-action combination becomes ill-suited for real-time PdM-

based applications. Therefore, deep neural network (DNN)-based DRL is preferred
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to approximate the Q-table and learn the optimal policy. Additional details on the

pros and cons of different DRL-based methods are extensively discussed in [77].

Let us consider the agent receives an observation signal of the current environment
state s;, and selects action a; based on a decision policy. The decision policy is
simply a mapping of any state s € S to action a € A. Following the selection of
a;, the agent receives a corresponding reward r;, = R(s;, a;) and the next environ-
ment state s;,; is presented in Figure 2.6, which follows an unknown environment
transition probability P(s;i1|s¢, a¢). To ensure model training convergence stabil-
ity, the acquired knowledge is stored as (s, at, S¢y1,a1) within a buffer. Given
a trajectory 7 of state-action pairs, the agent calculates the long-term cumulative

reward as in (2.8) to evaluate the efficacy of the selected markovian policy 7.

T—t
G(r) = Z V' R(814i, ar41), (2.8)

i=0
where T' denotes the training steps and discounting factor v € [0, 1] denoting the
future reward importance. Note that T" — oo for continuous MDP. There are two
classes of DRL algorithms to learn the optimal policy that maximizes the long-term

cumulative reward: value-based DRL and policy-based DRL.

In value-based DRL, the DRL algorithm attempts to approximate the value func-
tion in (2.9), which is the estimation of the expected long-term reward of a state (or
a state-action pair). Accordingly, the value function can be defined as a mapping
from each state to its corresponding long-term reward, namely V, : § — R, where

7 denotes the learned policy from the value function and state s; € S.
Va(s) = Bx[G(7]s0)] = Y P(r|m, s,)G(7), (2.9)

where V(s) denotes the state-value policy; the cumulative reward G(7) in (2.8);
and P(7|r, s;) denoting the trajectory probability following 7 policy. For the agent
to maximize the long-term cumulative reward, there exists an optimal state-value
policy which maximizes the value function, in (2.10), over all existing decision
policies.

V*(sy) = max V7™ (s;), Vs; € S. (2.10)

The Q-learning (QL) algorithm can learn the optimal policy by maximizing the
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action-value function (Q(S,.A)) over all Q-value policies in (2.11). The Q-value
is recursively updated using Temporal Difference (TD) Learning [76], and the off-

policy transitions (s;, a¢, r¢, Si+1) are learned.
Qr(s,a) = Exlrir +vQr (8141, ari1)|se = 8, a0 = al, (2.11)

Q*(s,a) = (1 — a)Q(s,a) + aQons(s, a), (2.12)

The optimal Q-function is obtainable as Q*(s,a) = maxV,(s,a). The Q-function
is updated following (2.12), where « is the learning rage and Qops(s,a) =r(s,a) +
7y max Q'(s',a’), where s’ = s;11 and @’ = a;1. With Q*(s, a), the optimal policy
is

*(s) = argmax Q*(s, a). (2.13)

acA

Take note that this thesis focuses mostly on model-free MDP models within a
stochastic environment with finite time horizon. Depending on the problem for-
mulation, we use either value iteration [78] or policy iteration [79] to discover the
best decision policy 7*. For environments with a continuous state space, we dis-

cretize the state space and use DNNs for value function approximation.

2.3 Transfer Learning

Transfer learning (TL) mimics human learning efficiency by transferring informa-
tion from the source domain to the target domain to enhance the target domain’s
learning performance [80]. Let us consider two separate datasets, Dgouree and
Drarget, and learning tasks source and Yiarget. Transfer learning aims to transfer
the acquired knowledge from Dgyyree and ¥gource to improve the learning perfor-
mance of task iage; via prediction function fy(-). Note that ¥source 7# Vtargets
and the size of Dgoyree (i-€., Nsource is Often assumed to be larger than Diarget
(i.e., Niarget- We can mathematically represent transfer learning as a tuple <
Jv(+)s Dsources Drtarget, Vsource, Vtarget >, and we illustrate the TL process in Fig-

ure 2.7a.

'Note that the learning task across two environment contexts must be comparable for transfer
learning to be beneficial.
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Recently, [81] presents a TL variant called Knowledge Distillation (KD). KD can
extract implicit information from a well-trained model (i.e., teacher), whose infer-
ence performs well but requires significant computing resources for model training.
Upon creating the structure and objective function of the target DL model, the
acquired knowledge is then transferred to a smaller DL model (i.e., student) to
achieve the highest performance achievable with the drastically reduced (pruned
or quantized) target DL model. In other words, existing data acquired through dis-
parate computing resources may be transferred to a new scenario, lowering model
development costs and reducing the model training process. The popularity of DL
models in the research literature is unquestionable, with much emphasis on meth-
ods to efficiently transfer knowledge via DNN [82]. In this regard, the prediction
function fy(-) represents the non-linear function using DNN with no changes to

the aforementioned tuple.

On the contrary, therein lies a subtle difference for transfer learning in DRL. For
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instance, the RL-based TL aims to learn the optimal policy 7* for the target domain
Miarget and exploits external knowledge Dgsource (€.8., experience buffer), gained
from the source domain Mgyree, in addition to the knowledge Diapger learned from
Miarger. Besides, policy 7 is learned via a DNN, with Figure 2.7b illustrating the
DRL knowledge transfer process. According to [39], TL in DRL is under-explored

with many open research challenges.

2.4 Predictive Maintenance

2.4.1 Health Assessment

In-situ sensors in modern manufacturing equipment monitor numerous process pa-
rameters for signs of process deviations that can affect product quality and provide
early warning of equipment failure, see Figure 2.8 (Steps 1 and 2). However, nu-
merous factors can corrupt sensor data, resulting in anomalous data, in the form
of false system alarms and alert notifications, see Figure 2.8 (Step 3). An anomaly
is a statistical concept that refers to data points which vary greatly from other
measurements, and previous studies [55, 83-85] suggest that the fault evolution
of various system degradation models may be modeled as an exponential decay

function following:
F(t) =e™M, (2.14)

In addition, it is proposed in [6] that the initial degradation conditions, stress,

and wear-rate of individual components can also be generalized into a normalized
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FIGURE 2.8: Predictive maintenance model overview: equipment data genera-
tion (Steps 1, 2), equipment data notification and indicators (Step 3), equipment
data analysis (Step 4), maintenance decision-support (Step 5).
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time-varying health index (H;) with the following mathematical expression:
Hyo=1-g—¢", (2.15)

where the initial degradation condition of ¢ is non-zero; a and b are generalized
wear-rates that correspond to the effects of temperature and relevant sub-system

stress terms [6)].

Overall, the health index models the various component sub-systems, and the
trained machine-learning model can be deployed on the equipment either in situ
or retrofitting of edge sensors [26]. At the same time, decoupling the model train-
ing and re-training processes needed for each equipment type opens up a concep-
tual paradigm shift that significantly reduces the risk of re-training a monolithic
machine-learning model. In this thesis, we re-formulate the time-varying health
index in [26] to better reflect the maintenance context, with formal definitions
described in Chapter 4.

2.4.2 Resource Management

One of PdM’s primary functions is to predict a equipment’s RUL, which may
actually lower the economic cost of maintenance. When the cost model-derived
maintenance interval T; is less than the equipment’s remaining useful life Ty, the
cost model result may be used for maintenance decision-making. On the contrary,
T; > Tryr implies that equipment failure is impending prior to the next monitoring
point. Therefore, maintenance decisions are made using RUL data received from
the PAM model, as shown in Figure 2.8 (Step 4).

The proposed secondary function of PAM is the allocation and management of the
maintenance resources, see Figure 2.8 (Steps 5). Maintenance resources, in this
sense, refer to a group of maintenance staff comprising engineers and technicians.
Effective management of maintenance resources is considered an NP-hard combi-
natorial problem [86], and conventional mathematical programming techniques are
incapable of providing exact solutions within a reasonable time frame. Consider
the conventional maintenance routine, where varying complexity of maintenance
tasks are allocated to a fixed-shift of technicians with different responsibilities.

Simultaneously, the maintenance engineer is accountable for manually allocating
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maintenance tasks to suitably competent technicians. In this regard, the decision-
maker (e.g., maintenance engineer) may easily have neglected other maintenance
factors, such as the cost of technician assigned, complexity of equipment main-
tenance, and expected mean time to repair. As a result, more equipment down-
time is unintentionally incurred relative to the first effort at assigning competent
maintenance technicians. Due to the fast-paced nature of the work environment,
technicians may perform internal task re-scheduling improvisation, which increases

the likelihood of longer-than-planned equipment downtime.

2.5 Summary

Following this chapter’s introduction, Chapter 3 discusses PDM-based relevant
works, and Chapter 4 introduces DRL as a decision-support tool for PdM-based
maintenance teams, laying the foundation for the initial PAM framework. In Chap-
ter 5, we significantly enhance the existing PAM framework and propose a TL-based
approach for DRL decision-support considering near real-world production factors.
Finally, Chapter 6 brings PAM research journey full circle by proposing a DL, model
to estimate real-world machine failure. Specifically, we augment an LSTM model
with an attention-based mechanism to prioritize the multi-variate input features

for improved RUL prediction accuracy on an edge-based IloT equipment network.



Chapter 3

Literature Review

PdM is a data-driven technique that leverages prediction-based technologies to
determine when maintenance is needed [36]. Besides, RUL prediction can be con-
sidered a sub-category of the PdM-based resource management schemes [10]. In
this thesis, PAM serves two functional purposes, equipment health assessment and
maintenance resource management. This chapter introduces each function with
a simplified overview of related works in Figure 1.3). Herein, Section 2.4 brings
readers up to speed on the essential concept of PAM related to the equipment
health assessment (e.g., RUL) of equipment and maintenance resource manage-
ment framework. Notably, we only consider regression-based RUL prediction in
this thesis. To provide insight into the background of our research undertaking, we
summarize the PdM-based resource management approaches in the literature con-
cerning existing approaches in the literature (e.g., reinforcement learning, transfer
learning, and resource management frameworks). Finally, we conduct a critical
analysis of prior work to justify the research issues addressed in this thesis. Inter-
ested readers may refer to [87-89] for further information and in-depth discussions

on the reasons why certain methods are superior to others.

3.1 Equipment Health Assessment - Artificial In-
telligence for PdM Data Analysis

This section groups the different machine PAM data analysis approaches into two

broad PdM categories: equipment health assessment and maintenance resource

35
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FIGURE 3.1: Mind map overview of approaches to PdM.

management. We outline the various methods within each category with an ac-
companying short introduction to aid the reader’s understanding. Likewise, an
overview of existing approaches is illustrated as a mind map in Figure 3.1 and
summarized in Table 3.1 for the reader’s convenience. Lastly, we refer interested

readers to [10, 14] for comprehensive reviews on PdM.

3.1.1 Machine Learning

Data-driven PdM research has been ongoing for numerous years, with various ap-
proaches proposing machine learning (ML) based techniques as a baseline. For
instance, [49] proposed multi layer perceptron (MLP) for estimating the RUL of
aircraft turbofan engines. However, the shallow learning capability of MLP is inef-
ficient in extracting hidden features and offers poor RUL prediction accuracy in the
presence of noisy raw sensor data [47]. [43, 90] propose support vector regression
(SVR), a common supervised learning approach, to map the relationship between
input features and RUL. Random forest (RF), a decision tree ensemble, is better
suited for time-series regression problems than SVR, as reported in [91]’s findings
for tool wear prediction in milling applications. RF tuning is conversely time-
consuming and prone to model over-fitting. Nevertheless, these machine learning

techniques need extensive human feature engineering to obtain satisfactory results,
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prompting mainstream researchers to shift their attention to DL-based approaches
instead [48].

3.1.2 Deep Learning

DL-based methods attract increasing interest for RUL prediction applications due
to DL’s capacity to model complex machine degradation processes [22] while out-
performing traditional ML methods. The broad applications and impacts of DL can
be found in industrial applications such as RUL prediction of aircraft engines [55],
RUL of ball-bearings [22], RUL of battery life [83], signal feature extraction [30],
and anomaly detection [92]. Categories of DL include supervised and unsupervised
learning methods, with the former accounting for the majority of research owing

to the need for ground truth failure information for model validation purposes.

CNN: Based on the seminal work in [93], coupled with the outstanding perfor-
mance of CNN in large-scale image classification tasks, researchers extended the use
of CNN-based techniques for diagnosing machinery faults and image-based tasks,
such as performing visual quality inspections [94]. On the contrary, an imbalanced
number of research works focus on RUL prediction. For instance, [49] first proposed
using vanilla CNN for RUL prediction of aircraft engines by processing raw sensor
data as an image, with reports of the CNN approach achieving significantly lesser
prediction errors than a range of ML-based approaches. Similarly, [50] presents a
temporal CNN (TCNN) (i.e., one-dimensional CNN) that utilizes a time window
approach for pre-processing raw sensor data to achieve state-of-the-art results, on
the popular C-MAPSS dataset, without domain knowledge expertise. Specifically,
the input data preparation remains in a two-dimensional format for compatibility
with CNN design, but with one dimension representing sensor data (i.e., feature)

and the other representing the time sequence of each feature.

Alternatively, CNN models have been applied to the RUL prediction of bearings
with vibration data as the primary source. For example, the authors in [22] present
a multi-scale CNN (MSCNN) model that synchronizes the global and local fault
information. Notably, the wavelet transform is applied to pre-process data inputs
before inputting to MSCNN for feature extraction. Thereafter, a fully-connected
layer performs RUL prediction. Similarly, CNN variants of residual CNN[23] and
double CNNJ22] have also been proposed for RUL prediction. Furthermore, [95]
presents a unique joint loss CNN (JL-CNN) model for bearing fault diagnostics and



381. Equipment Health Assessment - Artificial Intelligence for PAM Data Analysis

RUL prediction, often independently addressed. As a result, the hybrid strategy
forces the JL-CNN model to map shared feature representations across the two
distinct task-based networks before outputting to separate fully-connected layers
for RUL prediction and fault diagnostic. The main limitation of JL-CNN is the
necessity of more than one training dataset and fault labels to train the two net-

works.

Autoencoder: Considering AE’s capability, only [65, 96, 97] report hybrid AE-
based solutions for RUL prediction, with the majority focused on fault classification
and diagnostics. For instance, [65] uses deep autoencoder (DAE) for feature ex-
traction and DNN for RUL prediction. Likewise, [97] presents a stacked sparse
AE (SAE) for feature extraction and logistic regression (LR) for RUL prediction.
Lastly, [96] uses the AE for feature extraction and data analysis techniques, such
as data normalization and moving average filter, for RUL prediction. In summary,

AE approaches are unsuitable for direct RUL prediction purposes.

Deep Belief Networks: In [98], the authors propose feed-forward (FF) based
deep belief networks (DBN-FF) for RUL prediction on rotating machine compo-
nents, such as spiral gear and ceramic bearings. Experimental results illustrate
the feasibility of DBN-FF’s ability for automatic feature extraction from vibra-
tion signals. Although DBN-FF’s RUL prediction performance is not comparable
to particle filter, DBN-FF can still provide 5 and 50 minutes advanced notice
accurately. Considering the disadvantage of the respective ML approaches, [45]
proposes the multi-objective deep belief networks ensemble (MODBNE) method,
where Deep Belief Networks (DBN) are trained for accuracy and diversity via a
multi-objective evolutionary method. The evolving DBNs are then pooled together
as an ensemble model for RUL prediction. However, evolutionary-based algorithms
require significant parameter tuning, and proposed solutions may not provide the
best performance. Besides, DBNs do not account for the two-dimensional structure

of the input data or images, which is solvable using the CNN approach.

Recurrent Neural Networks: [53] first proposed the LSTM network for RUL
prediction and reported superior performance across several datasets, such as air-
craft engines, PHMOS challenge, and data milling. Apart from the proposed LSTM
network architecture, the manual data pre-processing step is essential to achieve

the aforementioned performance by transforming raw sensor data into a pre-defined
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sequence length to predict the corresponding RUL value. Along with improve-
ments to the LSTM model, [54] presents an ensemble of different Bidirectional
LSTM (BiLSTM) to predict RUL under various conditions for aircraft engines in
a stacked network configuration. However, the proposed BiLSTM network only
monitors the fluctuation in the health index, while the RUL was predicted using
the recursive one-step ahead technique. On the other hand, [99] presents a bidirec-
tional handshaking LSTM (BHLSTM) architecture for RUL prediction using short
observation data sequences, assuming random initial wear of aircraft engines. The
handshaking mechanism, in particular, configures the second set of LSTM cells
to examine the supplied sequence in reverse order, starting with the most recent
observation and ending with another summary vector at the initial observation. As
a result, the LSTM network may grasp better features by analyzing the sequence’s
trend in both directions. In addition, the proposed asymmetric squared error ob-
jective function increases RUL prediction accuracy by punishing predictions made
later rather than earlier, which is advantageous in reality when the initial machine
state is unknown. To mitigate the potentially strong noise signal in RUL predic-
tion, [100] performs RUL prediction and generates the failure probability using an
LSTM network.

When modeling very long data sequences, the RNN and LSTM-based models per-
form poorly, with complex model configurations necessary to detect temporally
significant features at the expense of the laborious hyper-parameter search process
during model training. Furthermore, LSTM models cannot prioritize relevant fea-
tures from the given input sequence, which leads to less desirable prediction results
[57]. Given LSTM’s limitations, alternative models and hybrid LSTM approaches

may be suitable solutions for improving RUL prediction performance.

Attention: Recently, there has been growing interest in using the attention-based
mechanism to augment LSTM and CNN networks with excellent RUL prediction
performance. For instance, [101] proposed the LSTM-AON method and effec-
tively improved the RUL prediction for gear-based problems. Likewise, [102] also
achieves excellent RUL prediction performance for bearings application via a gated
recurrent unit (GRU) with attention network configuration. For RUL prediction
of aircraft engines, [55, 56] achieves state-of-the-art results using attention aug-
mented CNN and LSTM configurations. Compared to [55], [103]'s LSTM-based
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multi-layer self-attention (MLSA) performs much better and overtakes [56]’s CNN-
based attention model in some performance metrics (e.g., root-mean-square-error

and score function).

In general, DL-based solutions are application-specific, with certain approaches
being more suited to analyzing specific equipment components than others. No-
tably, little effort is made to expand the current works’ recommended solution to
multi-component systems, where the intricate interplay of internal system compo-
nents may result in cascading machine failures, atypical of real-world equipment
[10]. Nevertheless, RUL prediction remains an essential research problem for data-

driven PdM, with significant emphasis on the machine management aspect.

3.1.3 Deep Reinforcement Learning

Deep reinforcement learning (DRL)’s self-learning capabilities make it attractive
to businesses since it eliminates the need for laborious data labeling. As a result,
DRL is gaining research traction in PAM applications. For example, [32] proposes
formulating a fault diagnosis problem as a diagnostic game, which is then applied to
roller bearings and hydraulic pumps with very high classification accuracy results.
Similarly, the work in [31] utilizes Deep Q-Network (DQN) for data classification
with the UCR dataset [104]. DRL has also been proposed for the management of
[ToT wireless networks [105, 106], machine anomaly detection [31, 32], and RUL
prediction [33]. Recently, the authors in [33, 107-109] investigated the application
of DRL for data-driven maintenance-related problems using the popular NASA
C-MAPSS dataset [6]. For instance, [33] proposes a hybrid approach, combining
temporal difference (TD) learning with a sequence-to-sequence network to derive
the equipment health state degradation and perform RUL prediction. Similarly,
[107] uses the Bayesian filtering method to obtain the belief state values from
noisy machine sensor states. The belief states are then input to a vanilla DQN for

maintenance warning generation and RUL prediction.

Notably, DRL-based PdM research appears to have been mostly limited to fault
classifications and RUL prediction until recently. [26] formulates the equipment
health indicator as a function of equipment run-time to recommend an appropri-
ate replacement point based on the equipment’s health. Their proposed Double-
DQN-based solution self-learns a maintenance strategy from the NASA C-MAPSS
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dataset and reportedly achieves good learning performance and data sampling ef-
ficiency. Similarly, [109] demonstrates that a multi-layer MLP-based DRL method
can recommend maintenance repair actions without RUL machine information.
Notably, [109] explores hypothetical repair actions very close to complete machine
failure, but ignores the impact of the action on the machine’s health state. On
the other hand, [26] considers replacement actions prior to complete machine fail-
ure and the real-world consequences on the machine’s health state. Nonetheless,
DRL-based research for PAM applications remains under-explored despite the en-

couraging results.

3.1.4 Transfer Learning

DL-based methods require vast amounts of raw and labeled data to achieve satis-
factory results. However, obtaining machine failure data is challenging as modern
production machine failure is costly, and running machines to failure is impracti-
cal. Hence, transfer learning (TL) is an attractive approach to facilitate knowledge
transfer between two highly similar problems (i.e., source and target) to improve
the target algorithm’s performance in fault diagnosis (i.e., classification, cluster-
ing, and anomaly detection). Recently, researchers [110-113] experimented with
using transfer learning for RUL prediction. In [110], three techniques are proposed
to enable knowledge transfer for an SAE network: weight transfer, weight update,
and hidden feature transfer. Based on the acquired cutting tool data, [110] initially
trains the SAE model using run-to-failure data and RUL labels before transferring
knowledge to a similar cutting tool. Likewise, [111] presents transfer learning for
Bidirectional Long Short-Term Memory (BLSTM) recurrent neural networks. Un-
like [110], the source trained model is fine-tuned using data from the target task.
However, [111] discovered that negative transfer learning instances would occur
when knowledge is passed from a more complex source dataset to a simple target
dataset. For the RUL prediction of bearings, [112] presents a contrastive denois-
ing autoencoder (CDAE) for extracting features from the marginal spectrum of
raw auxiliary bearing vibration data. The Pearson correlation coefficient is used
to categorize each bearing’s life into normal and rapid deterioration for labeling
purposes. A least-square SVM is also used to train an RUL prediction model for
quick deterioration. Thereafter, [112] uses an online transfer component analysis
to successfully adjust the target bearing characteristics to those of the source aux-

iliary bearings before estimating the target bearing’s RUL. Lastly, [113] propose
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a knowledge distillation framework, named KDnet-RUL, for the RUL prediction
of aero turbofan engines. Specifically, the generative adversarial network-based
knowledge Distillation (GAN-KD) method enables the knowledge distillation from
a complicated LSTM model to a simple CNN model for efficient RUL prediction
on edge-computing devices. In addition, the learning-during-teaching knowledge
distillation (LDT-KD) method for identical architecture knowledge transfer called
is presented to improve the RUL performance of the learned CNN model.

The theoretical understanding of TL in unsupervised and reinforcement learning
remains an open issue, with [114, 115] reporting satisfying prediction accuracy
based on TL for diagnosing similar machine faults. However, the inter-dependency
of machines may introduce new faults beyond the expressiveness of TL into the
production process [116]. [15] seeks to enhance the production planning forecast
accuracy by combining a DAE with DBN. Specifically, ten ensemble DAEs for
feature compression coupled with TL yield a 50% increase in machine management
(i.e., RUL prediction accuracy) for up to 13 machines. In reality, acquiring and
incorporating expert demonstration data is often time-consuming, expensive, and
technically challenging. Furthermore, estimating the minimal amount of expert
demonstration data needed to generate a reasonable learning speed-up is under-

explored in the current literature, particularly in the PAM and DRL context.

3.2 Maintenance Resource Management Frame-

works

SERENA [117] is a platform for predictive analytics that runs on a lightweight hy-
brid architecture that combines cloud and edge computing. However, the SEREN A-
enabled predictive analytic service provides only equipment condition monitoring
using a variety of established machine learning algorithms: Random Forest, De-
cision Tree, and Gradient Boosted Tree. On the contrary, [118, 119] focus on
actionable maintenance recommendations. Both works, which are based on the
PHM 2013 Data Challenge, utilize collaborative filtering and the Bayesian infer-
ence methodology to achieve accurate RUL estimate results for maintenance rec-
ommendations. [28] focuses on RUL prediction and proposes the use of Genetic
Programming to fuse data from various sensor sources into a composite Health

Index, as stated in (2.15). Performance degradation modeling and threshold-based
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monitoring approaches have also been recently investigated in [120] to alert users
proactively. However, [120]’s approach suffers from frequent false alarms with de-

creasing trust by the human decision-maker.

From Table 3.1, only a few studies examine PdM in conjunction with resource
management. For instance, [34] presents a generic Internet-of-Things (IoT) based
framework for enterprise adoption in Fleet Management Systems (FMS) applica-
tions. Recently, [121] proposed an Autoencoder-based PAM framework for a data-
center-based high-performance computing cluster. However, these approaches do
not account for the cost and competency of human operators. [35] introduces
Genetic Algorithms (GA) to minimize equipment failure through the joint man-
agement of machines and human resources. Conversely, as the problem size and
complexity increase, GA-based solutions may be unsuitable for decision-making
scenarios that require near-real-time recommendations. In this context, the use of
DRL for decision support in PdM systems is non-existent, prompting us to conduct

our research investigations.
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3.3 Summary of Research Gaps

To the best of our knowledge, the aforementioned works in the literature do not

consider the following aspects:

e Research Problem #1 - PdM enable maintenance teams to address issues
prior to equipment failure, and Table 3.1 summarizes the existing PAM and
resource management techniques. As IloT-enabled PdM is still in its in-
fancy [14], the mainstream research in data-driven prognostics remains laser-
focused on improving the RUL prediction accuracy and ignores manpower
resource management [35, 122, 123]. Except for [25], none of the current
work addresses all four performance metrics: time, cost, competency levels,
and maintenance complexity when proposing a resource management method
that encompasses physical equipment and human resources. For example, op-
erational and maintenance costs, such as skilled technicians’ man-hours, mean
time to repair, parts replacement and maintenance budget, are often ignored
in existing PAM frameworks. Furthermore, using Al-based decision-support
methods to augment human decision-making in complex maintenance sce-
narios via maintenance strategy remains an open research question. Besides,
none of the mentioned works include real-world trials to demonstrate that
Al-based solutions are more effective at decision-making than human experts
while performing routine maintenance tasks. Therefore, the major focus of
the first research problem is defined and is addressed in Chapter 4. The cor-
responding research outcome is included in Table 3.1 as [24] for the reader’s

reference.

e Research Problem #2 - Building upon research problem #1, the joint op-
timization of capital resources, physical machines, and manpower resources
in IToT-enabled manufacturing considers ideal and simplified environment
parameters to validate the initial hypothesis. In reality, several challenging
realistic factors in IloT-enabled manufacturing are not considered. For in-
stance, several machines may fail concurrently, and the optimization model
must evaluate the entire sequence of maintenance requests before allocat-
ing proper manpower to the corresponding machines. Similarly, identical
machines may manufacture similar components/parts with varying machine
degradation rates. Maintaining part-specific AI models is also inefficient.

Furthermore, existing PdM frameworks have not yet explored methods for
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knowledge transfer from experts to AI models (see Table 3.1), and TL in DRL
models receives little attention for application in PdM-based IloT-enabled
manufacturing. The disparity might be explained by various factors, in-
cluding the safety and cost of performing online experiments (e.g., running
equipment to failure). An alternative approach is to use DRL algorithms that
effectively harness historical knowledge (i.e., offline DRL data-driven DRL).
By incorporating TL and DRL model into a generic PdM-based resource
management framework, human decision-makers may more effectively lever-
age on DRL model’s learning performance and readily generalize across het-
erogeneously similar machines, using lesser model training resources. Thus,
the second research problem is defined and addressed in Chapter 5.1. Again,
the corresponding key research outcome is included in Table 3.1 as [18] for

the reader’s reference.

Research Problem #3 - Recall from Section 3.1.4, automating the fea-
ture extraction process from raw data is highly desirable, and the proposed
models for RUL prediction are application-specific with different degradation
features for similar machines. Furthermore, the RUL metric is a derivative
virtual feature, with the relevancy of RUL calculation to real-world datasets
seldom discussed in the literature. On the other hand, different DL net-
works are suitable for different PAM applications, with hybrid approaches
outperforming standalone DL network designs. Hence, improvements to the
state-of-the-art RUL prediction results on similar open-source and real-world
datasets necessitate additional exploration in hybrid network designs. Be-
sides, only a handful of PAM works investigate the use of TL methods to
overcome data imbalance and reduce model training time. For example, the
surveyed works on DL-based TL predominantly adopt AE-based solutions
for knowledge transfer, with minimal discussions into TL’s generalization to
similar machines or datasets. Furthermore, existing approaches overlook the
implications and solutions to address model drift for deployed models on
edge-based heterogeneous devices - compute and memory bounded. Thus,
the third research problem is defined and addressed in Chapter 6. Again,
this research problem is tackled during the research attachment at Robert
Bosch (South-East Asia) Pte Ltd using the NASA C-MAPSS and real-world
IWM dataset. Part of this research outcome is presented in [40].
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Finally, we conclude this chapter and examine the research problems in subsequent

chapters of this thesis.






Chapter 4

Deep Reinforcement Learning
Based Predictive Maintenance

Model for Effective Resource

Management in Industrial IoT

4.1 Introduction

In this chapter, we formulate the complex resource management problem as a re-
source optimization problem to determine if a model-free deep reinforcement learn-
ing (DRL) based PdM framework' can be used to automatically learn an optimal
decision policy from a stochastic environment. Unlike the existing PdM frame-
works, our approach considers PAM sensor information and the resources of both
physical equipment and human as part of the optimization problem. The proposed
DRL-based framework and proximal policy optimization long short term memory
(PPO-LSTM) model are evaluated alongside baselines results from human partic-
ipants using a maintenance repair simulator. Empirical results indicate that our
PPO-LSTM efficiently learns the optimal decision-policy for the resource manage-

ment problem, outperforming comparable DRL methods and human participants

!The work in this chapter has been presented in [24]. Parts of this work’s findings are
presented in [25] and [26].
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by 53% and 65% respectively. Overall, the simulation results corroborate the pro-
posed DRL-based PdM framework’s superiority in terms of convergence efficiency,

simulation performance and flexibility.

4.2 System Model and PdM Framework

We consider a generic production facility for predictive equipment maintenance in
[IoT (Figure 4.2), which comprises an edge cloud (EC), edge sensor (ES), and man-
power resources. At the equipment level, the system model consists of a network of
ESs with direct connection to the EC. Due to computational resource constraints,
each ES aggregates in situ time-series sensor data and transmits it to EC for stor-
age and analysis, as shown in Figure 4.1 (Steps 1 and 2). Meanwhile, a predictive
model (i.e., agent) monitors the incoming data for anomalous behavior and triggers

notifications or alarms based on preset parameter threshold.
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FIGURE 4.1: Predictive maintenance model overview: equipment data genera-
tion (Steps 1, 2), equipment data notification and indicators (Step 3), equipment
data analysis (Step 4), maintenance decision-support (Step 5), and maintenance
task workflow (Step 6).
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FIGURE 4.2: System overview of the proposed predictive maintenance frame-
work for IToT networks with edge computing capability per equipment, with
on-device predictive models.

4.2.1 Proposed Predictive Maintenance Framework Archi-

tecture

Design Objective: The pandemic’s widespread effects continues to be felt as
businesses struggle to remain financially viable, and low-wage employees like tech-
nicians are perceived as replaceable by automation or rehiring. Given the commer-
cial confidentiality on staffing capacity information, we will assume in this chapter
that the maintenance personnel to critical equipment ratio increases from 1:1 to
1:10. In particular, our proposed framework considers the real-world constraints of
the maintenance budget and technician actions within the decision-making frame-
work, which are both challenging to model and under-explored in similar literature.

The proposed framework is briefly illustrated in Figure 4.2 for reference purposes.

Edge Sensor (Equipment): A static ES symbolizes an intelligent sensor predic-
tive model that generates the metadata of the monitored equipment. Metadata is
considered to be an abstract representation of the complex relationship between
multiple components, where sensors constantly monitor essential component pa-
rameters. Examples of sensor data include pump pressure, oil temperature, and
milling speed. Generally, a condition-based approach establishes the minimum

and maximum limits for each sensor in order to estimate the current health state
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of the equipment on the basis of domain knowledge. Such an approach is likely
to result in a significant number of false alarms, reduces the overall equipment
runtime, and wastes precious network bandwidth. Alternatively, an in situ PdM
model may be deployed on an ES device with adequate computational resource,
and generates metadata upon detection of abnormal sensor signals, such as proba-
bilistic based alarm information and maintenance action recommendations, whilst

preserving precious network bandwidth.

Here, we build on [26]’s work, and the proposed list of available actions is based
on the data from multiple sensors observed: [Severity, Repair, Replace, Hold).
Severity denotes the suspected abnormality pertaining to the operational state
of the equipment, raw sensor data inputs, and the severity ratings can either be
software or hardware based. Depending on the severity level, the PAM model may
recommend either Repair or Replace to the maintenance team. With adequate data
and model training, the PAM model is able to assess the optimal action to be taken
via a threshold-free approach, and can be remotely deployed on the ES device in
order to achieve the outset objective. To be clear, both Severity Level 1 and Hold
are the default states and actions. Besides, the generated metadata is transmitted
to the data aggregation and analysis (DAA) layer via a network of edge sensor
network (ESN), which can either be a wired or wireless network. The ESDs need
only communicate with the edge cloud with minimal network latency following the
use of high-speed communication technologies such as Gigabit Ethernet, Wi-Fi 6
(IEEE 802.11ax), and 5G.

Edge Cloud (On-Premise): In general, the on-premise EC has orders of mag-
nitude more processing power and memory resources than ES. EC offers several
functionalities: (1) Storage for industrial big data; (2) Machine learning pipeline
analytic such as data pre-processing, model training and testing, prediction and
model deployment; (3) Real-time monitoring and analysis of production planning;
(4) Resource management for application-specific decision-making. These resources
include but are not limited to human, autonomous robots, and departments. In

this chapter, we are only concerned with the human manpower resource.

Manpower Resource: Recent survey [16] highlights that a wide variety of com-
petent technicians are expected to retire within the next decade, causing a wider
gap in labor’s skill /knowledge. To close the gap and achieve effective resource man-

agement, we propose that the manpower resource layer in Figure 4.2 offers multiple
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functions: (1) Database of relevant employee information, such as experience lev-
els; (2) Estimated manpower cost; (3) Behavioral Risk Profile. We focus on the
issues of maintenance management, which are essential to optimizing production
time of the machinery. One of the decision-making priorities is to assign the cor-
rect maintenance technician, for any given equipment severity rating, in order to
maximize the probability of fixing the equipment at the first time round, thereby
minimizing the equipment downtime. Furthermore, each technician wears a mo-
bile wireless device that functions as a PdM model feedback mechanism, and the
user inputs are captured by means of feedback ratings through the mobile device’s

touch-screen interface.

4.3 Problem Formulation

Our main objective is to optimize the total production throughput (i.e., equipment
uptime) with minimum cost by leveraging the current manpower resource. Given
the cost constraints, achieving such trade-off is challenging. We first consider
the ESN? and DAA layers, and formalize their objectives separately. Then, we
merge both layers’ definitions and formulate the two-layer interactions. Finally,
we conduct problem transformation to contextualize the system parameters and
obtain the optimal task assignment strategy. For readers’ convenience, we provide

a summary of notations used across this chapter in Table 4.1.

4.3.1 Edge Sensor Network - Sensor MetaData

The objective of the ESN is defined in (4.1), with the aim to maximize the cu-
mulative uptime (pg) of a network of equipment, where g, denotes the individual
uptime of equipment ¢ (¢ € {1,2,..., N}). Without loss of generality, a single ES

is assumed and communicates directly with the on-premise EC.

N
max pp = qu. (4.1)
q=1

Random ambient noise can affect sensor measurements, and a higher incident rate

of false alarms is to be anticipated if the noise characteristics are not quantifiable or

2This model was introduced in [26] with simple assumptions, which does not consider the
significant implications of severity rating in a resource management problem within the broader
maintenance framework. Furthermore, the use of raw sensor data with an unknown noise function
necessitates the use of a different problem formulation, which is not considered in [26], either.
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TABLE 4.1: List of Important Notations

Symbol Definition
PE (Objective) Maximize equipment network uptime
D (Objective) Optimize resource management
PH (Objective) Optimize user-rating
9q Equipment ¢’s uptime
L Overall Factory Revenue
N Number of equipment
M Number of manpower resource (e.g. technician) set
r Manpower cost w.r.t. experience-level set
T Maintenance Budget
C Cost constraint w.r.t. Maintenance Action
U User-ratings received w.r.t. contextual situation set
T 1th sensor’s data value at ¢ time-step
H,; Normalized equipment health value at ¢ time-step
; Normalized Equipment Severity Rating set, scalar
Vs ¥ value with ¢ ratings at time-step ¢
SU gY (State) Discrete severity level at ESN and
B> =D DAA layers respectively
SZ (State) Human emotion
n Number of human emotion categories/levels
T Equipment priority
X Array or group of repair actions
K (Action) Idle/Hold
n (Action) Repair
€ (Action) Replace
Yn Number of repair actions taken until successful fix
Ye Number of replace actions taken until successful fix
Wi Positive constants
m* Optimal policy
Q Learning Rate
y Discounting factor
A, Estimation of Advantage Function at t time-step
G Number of actors in actor-critic network
drarget Target value of KL Divergence
6] Weighted factor for KL-Divergence
fiyie, 0 Forget, Input and Output Gates at t time-step
hy State of hidden layer at t time-step
by, bi,bc, by Bias vectors
Ct, Ct Cell state memory, Cell state candidate at ¢ time-step
o Sigmoid activation function




Chapter 4. DRL-based PdM for Effective Resource Management in Ilo'T 55

observable. Considering external noise as a hidden feature and ES data acquisition
is Markovian [33], we propose modeling the complex environment as a sequential
decision-making problem using the partially observable markov decision process
(POMDP) framework. Within the ESN layer, the predictive maintenance module

is denoted as an agent for modeling purposes.

Sensor (Sg): At each equipment, an agent observes at every time-step ¢ the
sensor state information, denoted by z!, where i € {1,2,...,0}; o denotes the
upper-bound constraint on the number of sensors per equipment for monitoring
and practicality purposes. Considering that the sensor data (i.e., state) is sampled
at every time-step, the cumulative states theoretically become a continuous state
space, and providing exact solutions within a reasonable time period becomes im-
practical [76]. We handle this limitation by grouping the data samples into a series
of time slices (¢) of constant length p. Namely, each ¢ value is a discrete repre-
sentation of the arithmetic mean sensor data (z}), such that 7} € {«},%,... 2% }.
Without loss of generality, Z; is formalized within the environmental state (S&) as

SE+ T Yo .

Operating Condition (S%): Owing to the repeated use of equipment and com-
plex environmental conditions, the overall performance of the equipment steadily
deteriorates over time and a concave-like exponential decay trend [6] is observed
before eventual equipment failure, see Figure 4.3a. Likewise, the sensor’s life ex-
pectancy decreases over time where some sensors fail faster than others due to
ageing and environmental exposure, such as operating temperature. For model-
ing purposes, the environmental state (Sf) can be influenced by the operating
temperature condition (L) and binary operating status is utilized. For instance,
normal operating status (S§ = 0) is user-defined and conditional on L € [25, 70].

Otherwise, abnormal operating status (SE=1) is assumed.

Severity Rating (SE): Given N equipment, each ESN-level equipment outputs
a severity rating (¢), where i € [0,d] at every time-step (¢), and the range of
severity rating is arbitrarily defined. We normalize i, where § = 1, and %! is
formalized within environment state (Sf) as Sp < 1¢. The observed severity
rating sequentially increases in accordance to the equipment’s operational status.
For example, we can assume that 12 indicates normal operational state while ¢}

indicates critical operational state.
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Thus, the overall ESN-based state space s € Sg is summarized as an N-set Cartesian

product using our system model and POMDP framework as follows:

Sp = SE x Sk x SY. (4.2)

Action (Ag): The action space comprises of Hold(k), Repair(n) and Replace(e),
and a maintenance budget (7) is managed by the agent. In order to simulate the
maintenance decision-making process, an action-based cost constraint (C) helps
to ensure the agent establishes a reasonable maintenance strategy, where C €
{C.,C,,Cc} actions are available. By assuming the equipment’s health degrada-
tion follows (2.14), the agent is then tasked with selecting the sequence of actions
to take at each state without violating 7. By default, x action incurs zero mainte-

nance cost and the list of action cost relationship is defined as follows:

(

(€7, k) |
N N N
C1>25"C4 and B— S C>0,
Ap = q;e—q;nanﬁ q;e— (4.3)
N N N
> Cr< 3o(Cy/2) and - Y Ca=0.
\ ¢=1 q=1 g=1

Belief State Transition (O): Compared to a new sensor, the damaged sensor can
record values of the sensor state values that are likely different, and such behavior
is detected externally due to multiple state skipping. Assuming that the multiple
state skipping phenomenon can be used to infer the existence of an indirectly
observable interference, the environmental state (s) is therefore deemed partially
observable (0). For convenience, we set o to be s, and the observation-transition
probability (O) is instead used to identify the true value of s. In a sense, the
environmental state in POMDP is encoded, and the agent relies on a set of beliefs
(b) for a probability distribution over s, where b; (s) = P (s;=s|os, a—1, . .., b,) and
b, is the initial belief vector. The Bayes rule is then used to calculate the belief

state transitions, defined as follows:

b (s) = P (s|o,a,b)
2 (ols’,a) > T (s']s,a) b(s) (4.4)

o s€S

a ZS’GS Q(ols',a) ZSES T (s'|s,a)b(s)
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25 —e— Time-To-Failure (Days) = 15 25
—— Time-To-Failure (Days) = 10
20 —e— Time-To-Failure (Days) = 5 20
15 15
10 10
5 5 —+— Time-To-Failure (Days) = 15
—+— Time-To-Failure (Days) = 10
0 —e— Time-To-Failure (Days) = 5
%.0 0.2 0.4 0.6 0.8 1. 0.0 0.2 0.4 0.6 0.8 1.
Failure Probability Failure Probability
(a) Relative Equipment Health. (b) Relative Severity.

FIGURE 4.3: H; in (2.15) is obtained by dimension reduction of the multiple
sensor data acquired using Principal Component Analysis, and follows the decay
pattern in (2.14). We then slice H; over an arbitrary time-interval (in days)
and apply the Markov chain rule to obtain the state-transition values as H; ap-
proaches 0, indicative of equipment failure. The corresponding range of severity
ratings is based on (4.5).

For an equipment under monitoring, the belief state transitions for each equip-
ment sensor are iteratively calculated and analyzed by the agent. A single set of
complementary metadata information is comprised of Equipment Health (H) and
Severity (1), defined in (2.15) and (4.5) respectively. Recall, H presumably follows
the exponential decay trend in (2.15). Intuitively, we expect ¥ to increase with
decreasing values of H;. Formally, ¢ € 9! is a relative complement of H € H;, where
H; €10,1] and v € [0,1]. For reference, we visually describe the complementary

relationship in Figure 4.3 and is mathematically expressed as follows:

Y=1-H. (4.5)

Given the stochastic environment, the agent will randomly choose actions from
(4.3) to perform based on the observed belief state changes and transitions. Con-
sequently, an equipment’s H; can be restored with € to an almost new condition,
while 7 regresses H, to a previously observed state by y, states. Furthermore, the
quality of repairs varies and the equipment health state change ¢(Sg) will differ
depending on the Ag. For example, performing n at Sg = y — 1 induces a belief
state transition from Sg = y to S'g = y — |¢(Sg)|. Such behavior is concisely
represented as y, € {¢(Sg)|Sk € Ar}.
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Reward (Rg): To contextualize (4.1) within the POMDP framework, we propose
for pg be re-expressed as Rg, where pg — Rg. Based on the observed values of Ag
and Sg, the agent learns to make better decisions, and this behavior is motivated

by the following reward function:

Re, it & >0, B>0,
g it SE >0, >0,
Te(se,ar) = § Rexp, if 82 >0, (4.6)
Rerg, if & >0, >0,
—1, Otherwise,

where r, € Rg, s; € Sg and a; € Ag at every time-step (¢). Given current state s;
and (1 —C. > 0) A (1 —C, > 0), the agent selects either Replace (r.) or Repair (7))
actions and values of s;,; and r; are received. Otherwise, the agent is penalized
where (s; = Hy = 0)V (a; = k). In order to mitigate the reward sparsity problem in
real-world applications, the agent is encouraged to explore the problem state space
using Rpxp. Similarly, Rpwe is defined to positively reinforce the agent’s frugal
behavior when learning the optimal action to take, emulating real-world human

decision-making parameter.

4.3.2 DAA - Resource Management

Recall, the objective of this work is to jointly optimize the factory resources (i.e.,
machine and manpower) in order to maximize the total production throughput via
equipment uptime. For joint PdM management to be effective, the maintenance
engineer requires access to pertinent machine information, such as the equipment
severity rating (1) in (4.5). Otherwise, machine repair prioritization without v is
subjective and may not be optimal. A maintenance budget (tau) is also necessary
to emulate the real-world limitations on manpower hiring. Similarly, the same
hiring constraints may be exploited to the optimization model’s advantage in order
to maximize the total equipment runtime by allocating an adequately competent
technician based on values of ) and tau. Therefore, the optimization objective for
DAA may be considered as a logical extension of ESN with pertinent constraints

to improve the decision-making process of the proposed optimization algorithm.
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Similar to ESN in (4.1), the DAA layer (pp) aims to optimize the total equipment
run-time (g,), based on the equipment severity ratings (¢’) and maintenance budget

constraints (7), and is denoted as follows:

N
max p = max pr | (1,7) = max 3" g, | (4,7). (4.7)
q=1

Given the similarity to ESN’s objective, and that DAA’s environmental constraints
are fully-observable, we exploit this information and re-express the objective func-
tion as a fully-observable markov decision process (MDP). Within the DAA layer,
the resource management model or human participant is abstracted as an agent
for modeling purposes. Every equipment is uniquely represented as S, where

1 <i< N denotes the i*" equipment in the equipment network.

Equipment Severity Rating (Sg ): Previously in Section 4.3.1, the initial values
of S;:p are considered to be partial observations o in the POMDP context. Sub-
sequently, the o values are believed to be accurate because data processing using
traditional machine learning technique is utilized to calculate and acquire accu-
rate equipment health H metadata as defined in (4.5). As a result, the o values
of ¢ in (4.5) can be regarded as the true equipment severity rating state within
the fully-observable MDP context. In other words, based on the received severity
rating information from Sg in (4.2), the observed data is assumed accurate and
requires no further data processing. Thus, we can mathematically represent ng
within DAA’s environment state (S},) as S < Sy .

User Emotion (S§): Unlike existing works that assume a completely rational
agent, the human action is a function of multiple parameters, such as emotional
states, age, and risk-aversion attitude [124]. While the human emotional states
are stochastic, we employ the Markov chain [125, 126] to model human emotions
(SZ) into n emotional states, such as Calm, Cautious, and High Alert with condi-
tional constraints in (4.8). In addition, other factors may affect the equipment’s
severity level to behave stochastically with the similar behavior as observed over

N equipment.

Calm, it Ze€[0,1/(n)]] {n€R},
S§ = ¢ Cautious, if Z € [0.01+1/n,2/n]| {n € R}, (4.8)
High Alert, if Z € [0.01+2/n,1.0] | {n € R}.
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With reference to our system model and MDP framework, we integrate the SZ into

the DAA-based state space s€Sp as an N-set Cartesian product as follows:
Sp=8" I xSEU ) x xS, (4.9)

where s € Sp; N €1, 00] represents the equipment index; Z € [0, 1] represents the
normalized emotional state; n denotes the user-defined levels of human emotional

states; ¥ denotes the equipment’s fully observable severity level state.

Although the degradation behavior of no two identical equipment is alike, continu-
ous equipment usage, after some time, inherently leads to an exponential increase
in occurrences of non-operational states, where ¢! > 1. In the event where N >1
equipment reports ¢! >1 values, a human operator psychologically associates and
combines present state information [127], prioritizes the equipment information

received, before focusing on the subsequent course of action.

Action (Ap): The similarities between Ag and the proposed action space (Ap) is
Ag C Ap, where Ap comprises two additional independent action groups: Equip-

ment Priority () and Repair Type (). An array of S](DN, i Z

) values, from (4.9) are
stored within T, and heuristic is used to recommend the appropriate equipment
sequence to action upon. The scalar actions of Hold(k), Repair(n) and Replace(e)
can be compacted as x € {k,n,€}. The frequencies of actions € and 7 are finite,
constraint by 7, so as to imitate real-world decision-making. We propose to char-
acterise the maintenance action constraint as C, where C € {C,;,C,,C.} actions are
available. Otherwise, x remains the default action and zero cost is incurred. Labor
costs (I') in particular take into account the aforementioned maintenance action as
well as the skill levels of the dispatched technician. For example, the skill levels
can be classified as: 0 to 5 years (I'i=1), 6 to 15 years (I'j—2) and >15 years (I';—3),
where I'el'; | I €{I'1, 5, I's}. The action space, which includes the corresponding

maintenance action and manpower costs, can then be defined as follows:

¢ X
EnmT,T) |
N N N
Ap =4 2. C>2% Cl and 7T =3 CI>0, (4.10)
q=1 q=1 q=1
N N N
Y Cl< Z(Cg/Z) and 7 —1 — ZC,?ZO.
\ ¢=1 q=1 q=1
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Critical

Replace

FIGURE 4.4: An example of severity rating state transition for N*" equipment
w.r.t. types of maintenance action repair performed by the maintenance agent
(e.g. human technician or optimization) algorithm.

State-Action Transition (7): Consider that the following N = 3 equipment
states are observed: 81(31’0'75), 81(32’ 1), 81(33’ 025 The optimization algorithm first
chooses action T and heuristically determines the equipment order priority as:

2,1 1,0.75
Sg V., S,

D Thereafter, the agent will determine an appropriate action to

perform, based on the current value i, and notify the appropriate maintenance
technician accordingly. However, in the real world, the maintenance technician is
unable to perform maintenance on multiple equipment at the same time, and the
severity rating of each unattended equipment will remain at current levels, with x
continuously invoked, until the maintenance personnel invokes either € or 7. For
example, € is performed on N =2 equipment index, and the observed changes in
severity rating state (¢(Sp)) transitions from 81(32’ Y to Sg’ 029 which is the default

equipment severity rating state, see Figure 4.4.

Likewise, 1 generally reverts the current severity rating state towards 81(31’0'25).

Besides, repair quality is likely to vary, and additional x actions may be required to
adjust an equipment’s ¢(Sp) by y, times. For reader’s convenience, we summarize

the aforementioned state-transitions in (4.11) and (4.12) respectively.

ye€p(Sp), if ST ey, 0.75<i<1, (4.11)
yn€G(Sp), if ST ey, 025 <i<1. (4.12)

According to [124], the Wundt curve model [128] is widely used to model the un-
derlying human behavioral trend with respect to increasing rewards and increasing

stimulus intensity. Notably, it is possible to re-interpret the Wundt curve model
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Calm ¢(SD) Cautious ¢(SD) High Alert

b_/ —b‘o_o —— ..é

Ye

FIGURE 4.5: Proposed human emotional state-transition for maintenance re-
sources based on emotional and mental state transition network models [1, 2] in
response to external stimuli [3], such as equipment severity rating.

by splitting it into two partial systems, i.e., a primary reward system and a risk-
aversion system with respect to increasing external stimuli [128]. Intuitively, we
can correlate external stimuli with equipment severity rating and behavioral based
human actions with emotional states. Thus, we can use the state-action transition
diagram in Figure 4.5 to visually describe these correlations, and the actions under
consideration includes both action groups T and x. [3] empirically validated the
plausibility that human emotions undergo temporal state transitions that typically
follow exponential decay, with the decay rate also being situational dependent.
In the absence of relevant literature for our maintenance-based research problem,
we propose following [3]’s state-transition assumptions and evaluate it against the

state-transitions from real-world human participant experimental data.

Considering the maintenance context problem, we assume a non-linear correlation
exists between Sg and SZ for N equipment. When, for example, the severity

=0.2) to 81(3171”:0'3)7 a similar

rating state of equipment index N =1 rises from S](Dl’ ¥
user emotional transition is predicted following (4.8). Given Z € SZ | {n = 3},
no emotional state transition occurs until 1) >1/n, which consequently triggers SZ
state transition from Calm to Cautious, as shown in Figures 4.4 and 4.5 respectively.

Formally, we can express this state-transition correlation as:

0(Sp) = {98 Z € x. Z € 0.1} (4.13)

Reward (Rp): When invoking an action from A given severity rating of state Sp,
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the quality of the decision-making policy can be improve via the reward function
Rop (8¢, at, s¢41). Recall (4.7), the cumulative sum of equipment runtime can be
re-defined as the cumulative rewards received from N equipment, based on the
values of S and A taken at each time-step. In consideration of the time-variant
repair action, we let the success probability of the n action P (¢;=1|¢j_1=0) be
uniformly distributed within 2 time-steps. Hence, a successful repair is denoted as

¢j=1 and the reward function is defined as follows:

re, &N a =g,
ry=0—j+5 H{Aa=nAg =1,
ri(st, ar) = ryo1 =45, fEANa=nA, (4.14)
0<g<1),
—0.05, Otherwise,

\

where 7, € Rp at every time-step (t) and & =(S5 > 0,7 > 0); j € [1,...,9Q]
represents time-to-repair, defining at which time-step the equipment repair is suc-
cessful. Given the current value of Sp, the reward signal from r, and r,, corresponds
to the Replace and Repair actions respectively. Furthermore, we enforce a nega-
tive reward to encourage state-space exploration at every time-step regardless of
the state-action pair selection. For the purpose of contextualizing (4.7) within the
MDP framework, we re-express pp as the maintenance resource reward function

Rp, where pp — Rp.

4.3.3 DAA - User-Rating

Acquiring user-ratings is often challenging, and the analytical process is compli-
cated by the lack of dependent variables. As in the maintenance scenario, we define
the user-ratings (U € U,) as an interplay of multiple situational factors, and the

user-ratings function (py) is defined as follows:
max py = U, x ¢! x T, (4.15)

where I'; and ! refers to the skill level of the technician and the equipment severity
rating respectively. In other words, both ! and I'; can be loosely represented as
state s € Sy | {Su + ¥}} and action a € Ay | { Ay« I';}. M represents the total
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number of equipment technicians and the user-defined user-ratings are normalize
to U, € [0,1], where p € [1,2,...,M]. For example, let us consider a user-rating
range between 0 (worst) to 10 (best), and the user 2 inputs a feedback rating of 8.
Therefore, Up—y = 0.8 (i.e., 3).

710

Next, we cast py into the MDP framework by re-expressing py — Ry, where
Ry denotes the reward function for user-ratings. Consequently, an optimization
algorithm (i.e., user-rating agent) learns to select the optimal action (Ay) with
respect to the Sy in order to maximize Ry received, which generally leads to

improved values of U,.

4.3.4 Overall Problem Formulation

Recall, the aim of this chapter is to collectively maximize overall factory revenue
(¢) while optimizing the factory resources, as described in Sections 4.3.1, 4.3.2
and 4.3.3. Taking these multiple objectives into account, the sub-objectives be
integrated into the MDP Framework as: S € {Sg, Sp, Su}, A€ {Ag, Ap, Au}
and R€{Rg, Rp, Ru}-

Considering the optimization problem for resource management, the resource man-
agement algorithm (i.e., agent) interacts with the environment state S at ¢ time-
step, selects an action A to perform, and receives new values of S and R from the
environment respectively. As a result, the agent will continue to interact with the
environment iteratively, optimizing the actions taken based on each state value in
order to maximize the cumulative rewards received R. In retrospect, we let R€R,
by re-expressing ¢t —R,, and the new factory revenue reward function is designed
as follows:

max RL = (wlRE + WQRD + W3RU) | C

s.t. (a): w € w1, ws,ws 7,
(@) o, .} (4.16)
(b) w1+ wy +ws =1,

(¢): Ce{C.C,C},

where C refers to the maintenance action cost constraints from (4.10), and the re-
maining parameter constraints are defined in (4.16a, 4.16b, 4.16¢). Positive weight
constants wy,wy, and ws are necessary for balancing the three sub-rewards. For
page economy and research scope reasons, we set w; =0.1, wy=0.9, w3=0, where

ws 1s considered for future work.
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4.4 Problem Transformation based on RL

The model optimization problem in (4.16) is challenging to solve as the optimiza-
tion objective requires to manage maintenance resource effectively in the absence
of limited or lack of information for modeling purposes. Moreover, the selection of
an insufficiently skilled technician to conduct maintenance repair on an equipment
with critical severity status potentially leads to a sub-optimal solution (i.e., revenue
reduction due to longer equipment downtime). Likewise, learning a hidden Markov
model from noisy or stochastic environments is challenging for the reinforcement
learning (RL) agent, particularly when incomplete and temporal-dependent en-
vironment information are critical to obtaining the optimal solution of the model
optimization objective. In this context, traditional model-based dynamic program-
ming tools are also unsuitable due to the significance of time-critical maintenance
and an agent’s inability to anticipate what the next state will be before the chosen

action is taken.

Therefore, in this section, we apply the MDP framework to address our mainte-
nance resource management problem and adopt model-free RL as a solution tool.
In what follows, we describe how the MDP framework can be used to achieve op-
timal decision-making policy. For clarity and brevity, standard RL notations are
used for the parameters of state, action, and rewards. The limitations of related

RL approaches are briefly highlighted to motivate our proposed DRL solution.

The RL agent’s objective is to learn an optimal policy from (4.16) through trial-
and-error interactions within the stochastic environment. For every interaction
with the environment, the agent receives information about the next state s;yq
in addition to the current state reward r; received. Then, the agent attempts to
maximize the long-term cumulative expected reward values of being in state s;
recursively, and the optimal state-value policy (Vi(s)) is achieved by maximizing
the value function, in (4.17), over all existing decision policies, where v € [0, 1] is

the discounting factor.

o0

Ve(s) =E, [Z Yres1|se = s). (4.17)

t=0

The state transition probability P(s,7|(s,a)) of any stochastic environment is both
dynamic and unknown. Hence, the RL agent’s strategy is to search recursively for

an optimal decision policy 7*: S — A that maps the state s; €S to action a; € A.
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The Q-learning (QL) algorithm can learn the optimal policy by maximizing the
action-value function (Q(S,.A)) over all Q-value policies in (4.18). The Q-value is
recursively updated using temporal difference (TD) Learning[76], and the off-policy

transitions (s, ay, 14, S¢41) 1S learnt.
QW(Sa CL) = Eﬂ'[rt-ﬂ + rYQﬂ(St—Hv at+1)|8t = $§,ar = CL], (418)

Q*(S7 CL) = (1 - Oé)Q(S, a) + aQobs(37 CL)- (419)

The optimal Q-function is obtainable as Q*(s,a) = max V;(s,a). The Q-function
is updated following (4.19), where « is the learning rate and Qops(s,a) = r(s,a) +
7 max Q'(s',a"). With Q*(s,a), the optimal policy is

a'e

*(s) = argmax.Q*(s, a). (4.20)
acA

Reward sparsity is a well-known RL problem and with policy gradient based RL
methods, the effect of multiple actions makes it challenging to identify the series
of optimal actions to take given a sequence of steps/states, especially in an online
setting. In the context of our maintenance problem, the state-of-the-art actor-critic
RL approach is more adept and is able to converge to an optimal decision policy
in both online and offline policy settings. For instance, the generalized advantage
estimator (GAE)[129] approach calculates the advantage of taking an action by
using a weighted average of individual advantages over n-steps so as to reduce the
variance of the estimator whilst minimizing bias. However, the use of multiple
actors with GAE trade-off learning efficiency with high variance in subsequent
policy network update intervals [130], which can result in sub-optimal decision
policy convergence too. A potential solution would be to integrate a shared long
short term memory module into the actor-critic network in order to reduce policy
network variance in estimating actions based on current environment state, at the

expense of increased GPU memory resource requirements and longer training time.

In this work, we propose using the proximal policy optimization method to im-
prove the policy network variances of actor-critic solutions, which is responsible for
action estimation and is further discussed in the next section. Briefly, the proximal
policy optimization imposes penalty-like restrictions to further reduce the vari-
ance between policy network updates, at the expense of adding some bias while

reducing the occurrence of the agent taking sub-optimal actions. Likely benefits
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include quicker learning convergence and attaining optimal performance for our
maintenance resource management problem. Furthermore, we would also like to
investigate whether it is possible for a non-memory-based actor-critic solution to
outperform the LSTM-based actor-critic solutions before extending the comparison

to even more challenging equipment maintenance problems.

4.5 Proximal Policy Optimization for Effective

Maintenance Resource Management

Policy gradient methods operate by calculating an estimation of a policy gradient
and optimizing it by using the stochastic gradient ascent algorithm. The estimator

g can be obtained by differentiating the objective

A

L£re (0) = I, [log 7o (ag|se) Arl (4.21)

where E, [- - -] denotes an empirical average expectation of a batch of finite samples
within a sampling and optimization algorithm; 7y denotes a stochastic policy and

A, is an estimation of the advantage function at time-step ¢.

Policy gradient methods suffer from two main problems: Unstable Policy Updates
and Data Inefficiency[76]. Policy changes are unpredictable for policy gradient
methods because of their large step updates leading to poor policy updates, which
consequently lead to learning bad policies. On the contrary, smaller step updates
lead to slower learning. It is also preferable for these learning methods to learn
from recent experience and exploit. However, current policy gradient methods
discard this experience following gradient changes and this exacerbates the learning
process, as a neural network requires a large amount of data to learn effectively.
In this section, we propose that these issues be mitigated through the proximal
policy optimization (PPO) algorithm[130]. Furthermore, to cope with stochastic
environments with long-term dependencies, we suggest supplementing PPO with

LSTM, which we explain in this section.

4.5.1 Objective Clipping

Based on the idea of importance sampling and a neural network’s preference for

normalized data, PPO requires to maintain two policy networks. The first policy
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network 7y (a;|st) is used to refine the policy updates based on the previous policy
To, (at|st), in which this ratio is clipped and the minimum of the both policy
actions will instead be considered. In doing so, large policy network updates will
be restricted by the clipping threshold (€), and the clipped objective function is

described as follows:
LOMIP(9) =T, [mm (rt(e)/it, clip (r (8),1 — €,1+ e)) At} . (4.22)

mo(atlst)

7o . (at] )At and 7 (0o1q) =1. Depending on the
o1d \ 015t
value of A;, the choice of clipping ratio, clip(r; (0),1—e¢, 14€), can be either 1—e¢

where the probability ratio r; (0) =

or 1+e¢ interval range. The pseudocode is shown in Algorithm 1.

Algorithm 1: PPO with Clipped Objective
Input: Initial policy parameters 6, clipping threshold e
for k=0,1,2,... do
Collect set of partial trajectories Dy on policy 7 = 7 (6y)
Estimate advantages A™ using GAE algorithm [129]
Compute policy update:

Ors1 = argmaz LGP ()

0

[< I S N VN

7 | by taking K steps of minibatch SGD (via Adam), where
8 LGP () = E, [min <rt (0) Ay, clip (r, (0),1 —€,1 + e)) flt}

9 end

4.5.2 Adaptive Kullback-Liebler Penalty Coefficient

With reference to trusted region policy optimization (TRPO)[131], we can assume
that the optimal policies calculated in the trust region are always better, with some
upper bound guarantee, over the old policy. Thus, the objective function can be

calculated as:

~ o (Gt ’St) ~

E, | ———A;| — KL . . 4.23
gl | T A B L s mo (sl (429
where [ induces a weighted factor to the kullback-liebler (KL) KIL-divergence
penalty, to penalize or incentivize some target value of KL-divergence (diarget) dur-

ing policy updating. In other words, the KL-penalized objective, after several

policy updates by stochastic gradient descent, can be written as:

LKEPEN (0) = &, [r, (0) — BK L [mg,, (-]s¢) 70 (-|50)] - (4.24)
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Likewise, the KL-divergence, denoted as d in (4.25), is also computed after every
policy updates such that if d < diae/1.5,08 < /2, d > diarg X 1.5, 8 < [ X 2.
Then, the updated (8 value is used in the next policy update interval.

A

By [ri (0) = BK L [mg,,, (-]s:) ;70 (-|se)]] - (4.25)

As a result, PPO is able to inherit TRPO performance, and is optimized by gra-
dient descent methods. For reference, the pseudocode algorithm is described in

Algorithm 2.

Algorithm 2: PPO with Adaptive KL Penalty Coefficient

1 Input: Initial policy parameters 6y, initial KL penalty S, target
KL-divergence §

for k=0,1,2,... do

Collect set of partial trajectories Dy on policy mp = m (6)

~

Estimate advantages A;* using GAE algorithm [129]
Compute policy update:
9k+1 = argmangk (0) — 5kDKL (QHQk)
by taking K steps of minibatch SGD (via Adam)
if DKL (9k+1|’9k Z 15(5) then 51@—5—1 = 25k
else if DKL (6]€+1H9k S (5/15) then ﬁk+1 = ﬂk/2
end if
end

© 00 N O ok W N

)
= o

4.5.3 Recurrent Neural Network

Long short term memory (LSTM)[52] is a variant of recurrent neural network, and
is often used in DRL literature for spatial-temporal feature learning. Individual
cells can extract feature states across a recurrent network while preserving tem-
poral information within each cell state, and LSTM uses a gated-like structure
for selective transmission of sequential information. Each LSTM cell consists of
input gates 7;, output gates o; and forget gates f;. We formally describe the gate

structures as:
fi=0 (W [hi_1, 2] + by),

iv =0y (Wi - [hier, @] + b;)

¢y = tanh (W, - [hy—_1, x¢] + b,) ,

' (We - -, ] +be) (4.26)
= fixcq + i %G,

or =0 (Wy - [hir, @] + bo)
hi = o; x tanh (¢;) .
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From (4.26), we denote Wy, W;, W,, and W, as weight matrices and by, b;, b., and b,
as bias vectors for input vector of sensor data x; at time-step t¢; h; represents
the hidden layer’s state at time-step ¢ whereas h;_; represents the hidden layer’s
state at time-step ¢t — 1, and ¢; denotes the cell state memory at ¢ time-step; ¢
denotes a vector of candidate cell states at time-step ¢; * denotes the element-wise
multiplication of the vectors and the gated structure behavior follows a sigmoid

activation function o.

4.5.4 PPO Algorithm

For our maintenance simulation problem, we consider an image-based state space
(i.e., 500 x 500 pixels) with state representation at the pixel level. Therefore, a
convolutional neural network(CNN) is warranted for PPO’s policy and value func-
tion to learn via shared parameters, hereby termed PPO-CNN. For optimization
purposes, a loss function is necessary to backpropagate the policy target and value
function gradients. In PPO, we also consider an entropy bonus S to manage the
state-space exploration and exploitation trade-off in a similar way to the epsilon-
greedy strategy of Deep 3 Network. Following [130], S can be combined with
(4.24), (4.22) and (4.21) at each iteration to optimize an overall objective function,

defined as follow:
LOHPAVEES (9) = By [LOHF(0) — 1LY + 29 [mg) (51)] - (4.27)

From (4.27) we denote ¢;, and ¢y as regularisation coefficients, S denotes an

entropy bonus; £YF is a compact representation of the squared error loss be-

tween the learned state-value function V (s) and the target state-value function
as (‘/0 (St) . Vttarget)Q'

One major drawback of parameter sharing, of both value and policy networks,
is performance instability due to the simultaneous backpropagation of gradients
across the network during the model learning phase. As such, we plan to em-
pirically identify suitable hyperparameters to manage this issue. In this work, the
PPO algorithm to be implemented utilizes a fixed-length trajectory where GG actors
will each collect T' time-steps of training data in parallel. Then, the losses for each
corresponding objectives on GT' time-steps of data will be optimized using a gradi-
ent descent-based methods for K epochs, such as the adaptive moment estimation

optimizer (Adam).
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FIGURE 4.6: PPO-based actor-critic architecture variants.

The above-mentioned solution, however, is suitable for stochastic environments
with short spatial-temporal dependencies (i.e., state-action value pair) and may not
achieve optimal results, as it requires the PPO agent to retrieve older state-action
sequence information. For example, given the same equipment and technician,
the mean-time-to-repair of the equipment can vary greatly due to the different
rate of equipment degradation and environmental factors. To address this issue,
we propose to modify existing PPO-CNN (Figure 4.6a) architecture by inserting
an LSTM layer between the Convolutional and Feedforward layers. This model
variant is termed PPO-LSTM (Figure 4.6b), and the cells in the LSTM layer with
hy=LSTM (o, hy_1) are thus used to estimate the @ (h, a;) instead of @ (s, a;). To
be clear, o; refers to the current observation o; and may not necessarily correspond
to the current environment state s; while h;_; represents the state of the hidden

layer at time-step ¢ — 1.
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In summary, the proposed policy network constraints of objective clipping, adaptive
KL divergence penalty and entropy bonus will be validated with an actor-critic
based neural network solution. For reader’s understanding, the proposed actor-
critic based PPO architecture variants are shown in Figure 4.6 and the pseudocode

is given in Algorithm 3.

Algorithm 3: PPO, Actor-Critic Style

1 for iteration=1,2,... do

2 for actor=1,2,...,N do

3 Run policy my,,, in environment for 7" time-steps Compute

advantage estimates A ATt

4 end
Optimize surrogate L w.r.t. 8, with K epochs and minibatch size
M < GT

6 001d ~— 0

7 end

4.6 Experiment Setup

Due to the scope of the proposed DRL framework, we propose and describe three

experiments in this section.

4.6.1 Maintenance Repair Simulator

We create a maintenance repair simulator (MRS) that is adequately versatile for
a range of purposes, such as model training and validation for the DRL agent and
data collection from human participants for benchmark purposes. As a baseline,

we set {2 = 120 in MRS and at each simulation step, the machine repair success
I S
1200 119
world scenario in which repair times differ with varying equipment severity rating.

probability decreases linearly as at ¢ = 2, and so on to emulate real-
Similarly, we set 5 severity levels and generate 3 technician skill levels (eg. Junior,
Senior, Expert). Through iterative interaction with MRS, the rewards received
by the DRL model also takes into account the different cost constraints and will,
based on the skill level of the selected technician, learn an optimal decision-making
policy to satisfy (4.16). We then report the corresponding results for all severity

levels, technician skill levels, and PPO respectively.
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FIGURE 4.7: Maintenance Repair Simulator experimental interface.

An example of the MRS environment is shown in Figure 4.7a, which comprises of
3 interactive objects: the potentially malfunctioning Equipment, Exit Door (i.e.,
the green rectangle) and the Avatar representing a human attendee to Equipment.
For each new trial, the avatar’s initial starting position is random, and only the
Avatar icon is controllable by the test subject. As the Avatar navigates and inter-
acts within MRS, several behavioral tendencies may be observed. For instance, the
Avatar may rush straight towards the exit and obtain an exit reward, randomly
wander around or idle. When the Avatar is right beside the equipment, the “Re-
pair” action can be performed to receive a positive reward, see Figure 4.7b, and
the current trial session ends. Similarly, the current trial session reaches the termi-
nal state if the agent selects the “FExit Door” option. Otherwise, the current trial
session terminates at the end of the trial time-limit, with a negative reward. In
order to enable the inference of human risk-attitudes in MRS, we conveniently cat-
egorize frequent “Fxit Door” activities and random wandering behavior tendencies
as risk-seeking, and activities that lead to the “Repair” action as risk-averse, see
Figure 4.7b. Interested readers may refer to [25] for additional details pertaining

to the MRS environment.
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4.6.2 Human Participants

A total of 26 working professionals participated in our IRB-approved experiment
which consists of both white-collar and blue-collar workers. The mix-gender par-
ticipants, aged between 20 to 50 are from Singapore and China, and the overall
average participant age falls within the range of 30 to 40 years old. Each partic-
ipant is presented with a set of instruction and the game objective, which is to
maximize the total game rewards received. Relevant game data is automatically
captured and every human participant utilizes the keyboard to navigate the MRS
game environment. Additionally, a warm-up game followed by two games is per-
mitted for each participant, where each game comprises of 30 rounds of gameplay,
for example. Yet unbeknownst to all participants, they will play the same game en-
vironment under four different game difficulty, where game difficulty is synonymous

with equipment severity rating.

The experimental data for all participants is aggregated, pre-processed, and we per-
form the statistical analysis. Example of data collected for each human participant
are user’s score, time taken to game completion, and a snapshot of actions taken
to complete each game. Thereafter, we demonstrate the efficacy of the Al-based
solution for maintenance decision-making by comparing the human participant re-
sults to the proposed DRL variants. For disclaimer purposes, the anonymity of
all human participant is strictly enforced for data security and privacy purposes

throughout the course of experiments.

4.6.3 Turbofan Engine Dataset and Data Preparation

The NASA commercial modular aero-propulsion system simulation (C-MAPSS)
dataset[6] is generated from a commercial degradation simulator for turbofan en-
gines. It includes measurements that simulates failure under various operating
conditions for several turbofan engines. A quick overview of the engine datasets
FDO001 and FDO003 are shown in Table 4.2 as well as the respective fault conditions

across multiple sensor measurements.

Each dataset consists of 26 data columns. Columns 1 and 2 refer to engine cycle

for specific engines; Columns 3, 4, and 5 denote the sensor measurements, such

3https://ti.arc.nasa.gov/tech /dash/groups/pcoe/prognostic-data-repository/ #turbofan
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Dataset FDO001 FDO003
Training Set 100 100
Test Set 100 100
Operating Conditions 1 1
Fault Conditions 1 2

TABLE 4.2: C-MAPSS Dataset?under test.

as temperature and pressure; the remaining columns reflect the simultaneous con-
dition monitoring of 21 sensors. We apply standard data normalization [26] on
the sensor data and assume equipment degradation behavior following (2.15). The
objective of this experiment is to learn and consistently recommend an effective
replacement action € before imminent failure of turbofan engines, based on varying

states of equipment health degradation.

4.7 Results and Discussion

We shall briefly highlight the organisation of results for reader’s convenience, with
details in the respective sub-sections. Firstly, we present the results from multiple
experiments in order to highlight the benefits of PPO, based on MRS Game-1, and
articulate the performance contributing factors for the policy network components
in comparison to the baseline models and existing work. Secondly, we present
results from the human participants and highlight important statistical findings.
Table 4.3 is then compiled to aggregate both the human participant and DRL
results to illustrate the potential significance of augmenting human technicians in
complex decision-making situations. In doing so, we demonstrate the applicability
of PPO at the DAA level. Finally, we discuss the effectiveness of our proposed
DRL system by presenting key results from C-MAPSS, which is utilized to mimic
in situ decision-making at the equipment or ES layer. Furthermore, all model

results reported in this section are the median average over 5 independent runs.

4.7.1 Performance Evaluation of Proposed Algorithm

Empirically, a deeper CNN design (i.e., PPO-CustomCNN) benefits from an in-
crease of 7% in learning efficiency and 2% improvement in mean score deviations,
when compared to the 3-layer CNN PPO algorithm (i.e., PPO-CNN). For baseline
purposes, we hereby denote the non-clipped form of PPO to be implicitly conver-

gent (I.C.), and benchmark PPO’s performance against the advantage actor-critic
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FIGURE 4.9: Performance comparison between A2C variants, PPO variants,
and human participants.

(A2C) variants, in Figure 4.9. Notably, the proposed PPO variants are able to
achieve up to 42% increase in learning efficiency. Besides, PPO reliably achieves
an optimal score for Game-1, unlike the A2C variants which are merely near opti-
mal. Besides, the performance of PPO with clipping is almost empirically identical
to previous state-of-the-art results (i.e., A2C-LSTM). For completeness, we also
include the PPO-CNNLSTM variant as part of our performance comparison, and

the results are shown in Figures 4.8 and 4.9.
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Compared to atypical A2C networks, PPO is more robust to hyperparameter tun-
ing. On the contrary, the PPO-CNNLSTM variant (i.e., RPPO_CustomCNN)
requires a reasonably comprehensive hyperparameter tuning in order to achieve
learning convergence. In other words, we discover that increasing the number of
recurrent cells in the LSTM network to twice the step size of PPO yields best results
and convergence. One interesting insight from PPO-CNNLSTM variant is that it
appears to trade-off learning efficiency with higher overall scores as opposed to non
memory-augmented PPO policies. A beneficial side-effect of the LSTM network
inclusion is the overall reduction of policy variance losses, and learning conver-
gence variability in reward scores, as shown in Figure 4.8. Across all 4 games, the
PPO-CNNLSTM design on average outperforms both PPO-CNN and A2C-CNN-
LSTM by 4% and 3% respectively. For reader’s convenience, we highlight the top

performers per game, in bold, and the experimental results are listed in Table 4.3.



Time-steps to Learning Convergence (10°)

Mean Reward Received

Game A2C PPO A2C PPO
Modes CNN + | CNN (w/CustomCNN) CNN + | CNN (w/CustomCNN) Human
LSTM w/ PG Clipping LSTM w/ PG Clipping Participants
Ll No Clipping Ll No Clipping Score
Clipping Clipping + LSTM Clipping Clipping + LSTM

Game 1 108 112 88 112 113 66
(P(Fix)=1.0) | 2 16 LC. 15 32 £97 | +£62 | £385 +£61  +5.5 + 47

Game 2 95 98 81 98 97 72
(P(Fix)=09) | 20 19 LC. 24 52 +95 | £65 | £288 +6.2  £71 + 42

Game 3 143 134 92 138 154 70
(P(Fix)=0.6) | 2 12.5 LC. 155 21 £84.7 | £551 | £688 +£468 4 48.3 + 52

Game 4 121 115 61 114 118 88
(P(Fix)=0.5) | 1 18.5 LC. 18.5 26 +634 | +£39 | £579 £361 + 324 + 51

TABLE 4.3: Sample efficiency (lower is better) for A2C and PPO on 4 game environments are shown with and without the proposed
optimizations. Performance results (higher is better) of each test with the mean rewards obtained for each benchmark. For compar-
ison, the human participants score are also shown.

8L
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4.7.2 Human Participant Analysis

In relation to Figure 4.9 and Table 4.3, the human participant scores are clearly
sub-optimal across all 4 games. By performing statistical analysis, we obtain in-
sights into the human participant group’s mean performance distribution as well
as relative individual performance metrics in every game. For reference, the his-
togram analysis for all human participant performance, in all 4 games, is described

in Figure 4.10.

4.7.3 Equipment Severity Rating w.r.t. Technician Skill

Level

With the encouraging results from Table 4.3, the PPO-CNNLSTM model eval-
uations are also conducted on the MRS simulator with all technician skill levels
being effected across the range of equipment severity ratings. mean-time-to-repair
(MTTR) information can be derived from the rewards earned by each technician
and, by normalizing the MTTR information, the probability of successful repairs
can be obtained, see Figure 4.11a. Notably, these findings are reasonably consistent

with our hypothesized risk-based state-transition relationship in Section 4.3.2.

The overall performance of PPO-CNNLSTM is empirically consistent between the
senior and expert technicians, and its performance is characterised by considera-
tions of the cost and availability of the manpower resources at any given time. For
instance, once PPO-CNNLSTM identifies and dispatches a technician to repair the
equipment, further resource substitution is disallowed, and the repair job must be
completed by the dispatched technician, i.e., the DRL agent in this simulation case.
Through iterative interaction with MRS, PPO-LSTM learns to dispatch the opti-
mal skilled technician so as to maximize its overall reward received at all severity
ratings. Accordingly, it is sub-optimal to select the expert level technician for the
majority of severity ratings and its performance is justified by the severity level

based technician selection probabilities in Figure 4.11b.

To summarize the first two experiments, the potential benefits of DRL augmented
human decision-making for predictive maintenance action recommendation are

clearly shown. Besides, PPO-CNNLSTM’s improved learning efficiency results
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Evaluating the decision-making effects of technician selection
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are due to the use of multiple actors, which utilize modern edge computing re-
sources, such as multi-core CPUs and GPUs, to realize a practical reduction in

model training wall time when compared to similar DRL approaches.

4.7.4 C-MAPSS

When the original N =256 learner hyperparameter is applied, poor performance
convergence is observed because the multiple actors execute conflicting updates
with our 256-step trace updates hyperparameter, causing PPO to behave like a
monte carlo process [76]. Furthermore, by replacing the CNN module with two
fully-connected layer with 64 neurons each, the standalone PPO model achieves
comparable performance to [26] with the added benefit of learning efficiency im-
provement of 73% (i.e., reduction from 12 x 10 to 3.2 x 10? time-steps). Notably,
the main hyperparameter for attaining learning convergence is to reduce the num-

ber of PPO actors to a single learner and environment.

4.8 Summary

In this chapter, we presented a deep reinforcement learning framework for an
edge computing-based predictive maintenance model, to effectively manage the
dynamic decision-making process involving equipment maintenance, maintenance
cost model, and manpower resource. We formulated the complex resource man-
agement as a deep reinforcement learning problem for learning an optimal decision
policy given a stochastic environment and time-series data. We evaluated the per-
formance of the proposed PPO-LSTM using a maintenance repair simulator, and
the findings are compared to those of human participants. The simulation results
verify the efficacy of our framework and PPO-LSTM approach in addressing the
challenging maintenance resource management problem, outperforming both hu-
man participants and the baselines in terms of convergence rate and performance.
Chapter 5 extends this chapter’s work, and focuses on enhancing the efficiency of

reinforcement learning via transfer learning approach.






Chapter 5

Predictive Maintenance Model for
IIoT-based Manufacturing: A
Transferable Deep Reinforcement

Learning Approach

5.1 Introduction

The Industrial Internet-of-Things (IIoT) is crucial for accurately assessing the state
of complex equipment in order to perform predictive maintenance (PdM) success-
fully. However, existing IloT-based PdM frameworks do not consider the influence
of various practical yet complex system factors, such as the real-time production

states, equipment health, and maintenance manpower resources.

In this chapter, we propose a generic PdM optimization framework to assist main-
tenance teams in prioritizing and resolving maintenance task conflicts under real-
world manufacturing conditions. Specifically, we introduce the integration of TL
and DRL model into the generic PdM-based resource management framework® to

augment human intelligence.

!The work in this chapter has been presented in [18].
83
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5.2 System Model and Joint Optimization Frame-

work

5.2.1 System Model

Without loss of generality, we consider a generic [IoT-enabled manufacturing pro-
duction line for edge-based predictive maintenance of critical machines. The fol-

lowing system components are to be part of the system model:

e Edge Sensor Device (ESD): An ESD denotes a sensing-computing de-
vice that continuously monitors and pre-processing time-series sensor data
using an in-situ predictive model before outputting machine-specific meta-
data. Metadata, such as equipment health value, is a compressed numerical
representation of multiple in-situ sensor data. Air pressure, water pump tem-
perature, and motor rotational speed are some examples of in-situ machine

sensors, see Figure 5.1.

In-Situ Sensors
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FIGURE 5.1: IloT-enabled factory overview: (1) Generic machine with in-situ
sensors; (2) Identical machine for similar manufacturing process; (3) n machine
groups equipped with individual edge sensor device; (4) Edge gateway for data
aggregation; (5) On-premise edge server for data analysis, data storage, model
training, decision-making; (6) Temporary storage of maintenance request tasks;
(7) AI model for maintenance decision-support; (8) Visual analytics and mainte-
nance recommendation; (9) Maintenance team manpower resource information.
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e Edger Server (ES): ES denotes an on-premise cluster of high-performance
computing hardware capable of concurrently hosting multiple services such

as web, data storage, analytics, and Al model training.

e Edge Gateway (EG): A computing device that resides between ESDs and
the ES is referred to as an EG. The EG manages the ESDs linked to it
and interacts with other EGs for machine-to-machine communication while
reducing network congestion. In addition, EGs aggregate and encrypt data

before transmitting it to the cloud or ES for further complex analysis.

e Manpower Resource: A team of technicians and engineers are responsi-
ble for the overall maintenance of the machines in the factory. An ES hosted
database of maintenance manpower resources will capture the following infor-
mation: technician skill-sets, experience levels, repair time and hourly capital

expenditure of manpower.

Every machine is equipped with an ESD connected to the factory machine network
and directly communicates with the on-premise ES via the EG using IIoT network
protocols (see [132] for a survey of them). By design, ESD is resource-constraint,
and its functionality is limited to in-situ-based sensor data aggregation and predic-
tive model-based meta-data generation. Via the EGs, meta-data is transmitted to
ES for storage, analysis, and Al model training as illustrated in Figure 5.1 (Step
1 to Step 5). If the ESD-based predictive maintenance model deems essential
maintenance necessary, a maintenance task request is generated and temporar-
ily aggregated at the ES-based maintenance buffer (Step 6). The AI model then
analyzes the task state and schedules a qualified technician to fulfill each mainte-
nance request (Step 7). Finally, the maintenance team will be notified via a virtual

dashboard application (Step 8 and Step 9 in Figure 5.1).

5.2.2 Overview of the Joint Predictive Maintenance and

Resource Management Framework

In the following, we propose a two-stage framework that pre-processes the mainte-
nance tasks (Stage-1) before allocating qualified technicians to each maintenance
task (Stage-2) in a time-slotted manner, see Figure 5.2. Specifically, the proposed
JPAMRM Framework aims to address Step 6 to Step 9 in Figure 5.1 with details in
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the next sections. Our two-stage framework enables modular fine-tuning of stage-
based DRL models without impairing the overall operations and performance of the
manufacturing system substantially. Besides, the module-based DRL architecture
benefits from accelerated training performance (i.e., reduced model training wall-
time), which complements the secondary objective of leveraging on TL method for

knowledge transfer.

Machine Group: In the context of generic manufacturing systems, the machines
have identical production capabilities but are segregated according to their re-
spective manufacturing operations, with minor functional overlaps. Thus, these
machines can be organized into Machine Groups (MGs) to increase production
efficiency [133], where each MG is responsible for a sub-set of Parts Manufactured
(PM). Table 5.1 provides an example of 3 MGs, each containing z machines, pro-
ducing 5 different PMs. Different MG is dedicated to the production of a sub-set of
the PMs (indicated by v'). In what follows, we consider that one MG corresponds
to an independent environment for strategy-learning agent deployment, since the
degradation rate for the z machines across the MGs evolves following some inde-
pendent stochastic process, leading to variation in maintenance tasks generation
during PM production. The similarity between different MGs lays the foundation
for our proposed TL model (cf. [39]). Meanwhile, the MG-based learning agent
deployment helps to relieve the computation load compared to machine-specific Al

models.

Maintenance Request Task Scheduling (Stage-1): Maintenance scheduling
is critical when there are more maintenance tasks than personnel or resources avail-
able to accomplish them. For modeling purposes, we consider that y maintenance
request tasks are randomly generated with an occurrence rate A. Assuming the

limited capacity of the maintenance team, we consider a task buffer I of L task

Part No. | MG. | MG? | MG?3
PM-1 v v v
PM-2 v v
PM-3 v v
PM-4 v v
PM-5 v

TABLE 5.1: Hlustration of the heterogeneous manufacturing capability across
MG .
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FIGURE 5.2: Proposed maintenance-based joint resource model decision
pipeline. The task scheduling model turns random maintenance jobs into an
ordered collection of work sequences. The resource management model then as-
signs the ordered job sequences to qualified technicians.

slots for temporary storage of maintenance tasks. It is worth mentioning that task

arrivals in I are initially in accordance with the task generation time.

Traditional heuristics like first-in-first-out (FIFO) and last-in-first-out (LIFO) strug-
gle to prioritize sporadic maintenance tasks while ensuring that only production-
critical machine failures receive timely maintenance attention. Thus, a data-driven
approach for production machines is needed to prioritize the maintenance tasks
qualitatively and quantitatively. We propose to re-express a series of maintenance
tasks as an unsorted sequence of tasks or machine tasks with stochastic priority
distribution to overcome these challenges. We also introduce the Maintenance Pri-
ority Value (MPV) W to encompass both the production and machine-relevant
data. In brief, the scheduling algorithm is expected to derive the optimal schedule

to maximize the production uptime for z machines, B7, via W values in the buffer
1.

As illustrated in Figure 5.2, an unordered set of y tasks within the task buffer I will
occupy [ = y task slots with L — 8 vacant slots. Prior to allocating team members
and negotiating with the production team, the maintenance team must prioritize
machines based on various maintenance criteria. Otherwise, no action is performed
for the remaining L — 3 task slots. In this chapter, we consider the following mainte-

nance indices of a machine: (a) severity rating ¢, (b) health-index H, (c) stoppage
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time A and (d) operation status b. Due to the need of real-time scheduling (e.g., in
several seconds) of time-critical maintenance tasks, which is beyond the capability
of human decision-makers, we offer a DRL-based resource scheduling model for an-
alyzing multi-dimensional data and provide maintenance-based recommendations
to support decision-makers. With the proposed framework, we expect to help the

manufacturing facilities significantly reduce the overall machine stoppage duration.

Manpower Management (Stage-2): Compared with [134], our proposed man-
power resource management model is among the first to address multiple issues
simultaneously by jointly considering the following system states on the technician
team side: (a) the size m of a team, (b) the technician availability status G, and
(c) the manpower cost ¢, determined by the technician’s competency level n. The
proposed management model aim to appropriately assign a technician for machine
attendance based on the ordered values of W from Stage-1 in order to maximize
the repair success probability of the faulty machine, see Figure 5.2. The remain-
ing m — 1 technicians will be assigned to 0 < 8 < L tasks. Formally, we model
the maintenance resource parameters as an optimization problem to maximize the
overall production uptime (i.e., minimize machine stoppage duration for all ma-
chines in production line), p;, through optimal resource allocation and explain the

details in Section 5.3.

5.3 Problem Formulation

We formulate the scheduling problem into a sequential decision-making process by
introducing the Markov Decision Process (MDP)-based model [76], with the aim
of optimizing the overall uptime of the machines in an MG. We note that a generic
MDP can be expressed as a 4-tuple [76], i.e., M = (S, A, T(s'|s,a),{R(s,a)}),
where S denotes the state space, A is the action space, T'(-) is the state transition

probability map, and R(-) is the immediate reward function with s € S and a € A.

Before formulating the MDP that reflects the task-resource dynamics w.r.t. predic-
tive maintenance-based parameters, we first describe a snapshot of the concerned
system as an optimization problem of two stages: 1) maintenance request task
scheduling, and 2) manpower resource management. By doing so, we are able
to offer in the proposed JPAMRM framework (cf. Figure 5.2) flexible represen-

tation of the environment information as well as tractability of the solution for
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PdM-based resource management. In what follows, the inter-model interactions
are briefly described, and the MDP formulation is presented in the framework of
Bellman equations before motivating our proposed DRL approach and TL in the
later sections. For the reader’s convenience, we summarize the necessary notations

of this chapter in Table 5.2.

Consider a machine network of N MGs, {M?},—1 .y, with each MG containing Z
machines. Let B;" denote the production uptime for machine z (z € {1,...,Z}) in
MG n. For ease of exposition, we first consider the scenario of one MG and ignore
the index n. For a decision time step t, the goal of scheduling is to maximize the

overall production uptime (denoted by p;):

z
max p; = ZBf (5.1)
z=1

In the following sub-sections, we define the stage-based formulations that influence

the uptime of machine z, B7.

5.3.1 Maintenance Request Task Scheduling

This sub-section describes the stage-1 scheduling algorithm that aims to maximize
the overall run-time of z machines. In particular, the scheduler learns a decision
strategy to re-arrange a small array of maintenance request tasks according to their
priority level given any dynamic sequence of maintenance request tasks. Notably,
the learned knowledge is expandable to sort an array of tasks of arbitrary length.
We shall now define the MDP model details.

Machine State (sFe S®): When a machine stops abruptly, a sporadic mainte-
nance request task, denoted as €,, is generated and is characterized as (see also
Table 5.2):

€w,t:[z7¢t;7/t7Xt;Atabt] ) (52>

where w denotes the task ID; z € {1,...,Z} is the unique machine ID which is a

time-invariant variable, and ¢, € [0, 1] is given as:

Y=g+ e (5.3)

2Note that the model parameter can be straightforwardly extended for any number.
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TABLE 5.2: List of Important Notations.

Symbol

Description

pt; Bf

Overall Production uptime at decision ¢ time-step;
Production uptime for machine z

Number of machines, z€{1,...,Z};
Number of machine group (MG), ne{1,...,N}

m; G g

Number of technicians, me{1,..., M},
Total availability of m technicians;
Availability status of m™ technician at ¢ time-step

Ht,b

(Machine Operation Variables)
Normalized machine health value at t time-step;
Machine fault & operation state, be{1,2,3,4} 2

I;e,

Task buffer of maintenance request tasks €,;
Sporadic maintenance request task with task-id w,
we{l,...,L}

y; Ly B

Number of maintenance request tasks generated;
Maintenance request task buffer length;
Number of maintenance request tasks in I'

W; PP

Normalized machine severity rating;
Scalar value with § rating at time-step ¢

W,
x; A

(MPYV and related variables)
Maintenance priority value (MPV);
Potential component revenue;
Residual days to delivery deadline;
Machine stoppage duration (i.e., since b = 4)

Task scheduling status, g€ {0, 1,2}

Maintenance urgency category, x € {1,2,3}?

MR R

Mean-time-to-repair lookup table

@)
S

Manpower cost associated with
1 competency options for task index d

\]

Maintenance budget

(Time Constraint)
Task scheduling decision, e {1, L OF }
Resource management, p€{1,...,Q"}

(Actions)

Evaluate Task-Set, j€{0,1};
Technician Competency Level, ne{1,2, 3};
Insert current ¢, task to index w for insertion,
where h,, € h;

Idle
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where ¢ is the parameter to determine the initial non-zero degradation condition,
a and f are generalized wear-rates that correspond to the effects of temperature
and relevant sub-system stress terms with respect to time ¢[6]. Correspondingly,
let H,=1—g — eot! represent the health-based meta-data generated from in-
situ predictive maintenance model (see also Section 5.2.2). In return, ¥, = g +
e’ in (5.3) is the complementary of H; [24]. In practice, H; is a second-order
derivative and can neither be obtained nor validated in the absence of the ground
truth. For modeling purposes, we consider the equipment’s performance (i.e., H;)
degrades exponentially with recurrent equipment usage and complex environmental
conditions [6]. In addition, we assume the equipment PAM model is noise-invariant
and outputs highly accurate health-based meta-data values of H;. Consequently,

the accuracy of v is likewise preserved.

Based on the in-situ controller fault codes within modern production machinery,
we can identify the operational condition of the machine (denoted as b) as one
of the following states: (a) idle (b = 1), (b) in production (b = 2), (¢) under
repair (b = 3) and request maintenance attention (b =4). Note that the model
can be conveniently extended for any number of codes. When an unexpected
machine stoppage occurs, the state is set as b=4. We use parameter A to indicate
the minute-based machine stoppage duration and fractionally express it in unit of
hours. Practically, the maintenance request at b =4 is set using the in-situ ESD-
based PAM model[24], which detects intermittent sensor data spikes and predicts
imminent machine stoppage. To distinguish a predicted stoppage from the actual
stoppage, we fix A=0.01 for PdM-predicted (virtual) stoppage and assume A >0.01
for actual machine stoppage time duration, respectively. Thus, we alleviate the
cognitive burden of the maintenance-based decision-maker by using A as a weighted
factor to prioritize actual machine stoppage over prediction-based outputs. Then,
the maintenance team or resource management scheduler are able to utilize this

distinction to prioritize maintenance requests dynamically. For operational states
such that b # 4, A=0.

We define the production urgency index as the ratio of the potential component
revenue manufactured, denoted by v, to the residual days before the delivery dead-
line, denoted by . Notably, y is a hard constraint that can be calculated by
subtracting the machine stop time from the component delivery date, expressed

in days. The delivery date information is accessible from a production planning
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database system. Then, we can incorporate this ratio with predictive maintenance
state parameters A and 1 into the Maintenance Priority Value (MPV) function in
(5.4):

VWA, it b=4,
X

W= (5.4)

0, Otherwise,
with which the maintenance task €, in (5.2) can be re-expressed as €, = [z, W].

We restrict W € |0, 1] for formulation into our task request scheduling problem.

Recall that a task buffer I is a group of y maintenance request tasks that require
maintenance attention, where the y tasks are generated by Z machines. The task
buffer I of L task slots is formally defined as I = {€y—1,...,€u=r}. We denote 3
(8 < y) as the number of loaded task slots requiring maintenance attention, and
the remaining L — [ slots are free. The task buffer can be interpreted as a task
array of length L, with each array element containing the value for a maintenance
task €,. The content of €, in each of the [ task slots is based on (5.4) with W,, > 0
in (3 task slots, and the task buffer ID is denoted as w € {1,...,L}. Unlike [24],
deadlocks induced by identical values of ¢/ are now mitigated via the merging of
unique machine-ID information with production-relevant information, contained in

each ¢, value.

Within the task buffer I, the initial order of each task element in 3 is aligned with
task generation time rather than W values. To guarantee task synchronization
within our dual-stage JPAMRM framework (see Figure 5.2), we define the task
scheduling state of buffer I using ¢ € {0,1,2}. ¢ = 0 indicates a standby (i.e.,
default) state, ¢ = 1 as scheduling in-progress and ¢=2 as scheduling completion.

Formally, we can represent the overall task scheduling model state space as: s =

{q, 1} eS®, with SEF2 Qx T, ¢gcQand I €.

Action Sub-Space (af€ A¥): The task scheduler takes proper actions to maxi-
mize the received rewards by periodically sorting W values within p time-period, as
shown in Figure 5.2. Let p€ {O, 1,..., QE} denote the real-world decision-making
time constraints, where the maximum allowable time, QF, is user-defined. Given
some random initial state (i.e., S{_, = Iy), the agent interacts with the environment
by choosing the following actions: idle (k), task index manipulation (h) and evalu-
ate task-set (j€{0,1}). The set of actions h is similar to array-based manipulation

operations used in generic sorting applications, such as insertion sort.
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Consider the example of ST = [0.1,0.5,0.3,0.9,0.0] and 8 = 4. S elements (i.e,
€w) should be arranged in descending order of priority, with ST»=1 denoting the
highest priority task. At ¢t =1, SL_; = 0.5 and selecting h,—; inserts 0.5 into task
buffer index w = 1, where 1 < w < . Upon insertion into w = 1, the existing
value is automatically shifted to w = 2, and ST = [0.5,0.1,0.3,0.9, 0.0] is observed.

Note that the constraints are necessary to ensure that the selected action at ¢ (i.e.,
a) do not violate the task buffer size L while selecting appropriate actions from h
for 5 task slots. Thus, the action space of the task scheduler is formalized in (5.5),

where af € AF.

hy € h, if (1 <w < B)and (t < QF),
af = k, if t < QF, (5.5)

j, Otherwise.

Machine State Transition Map (7): The state transition probabilities depict
the environment dynamics, which are unknown to the scheduler. Assume that
y tasks are to be generated within L task slots in such a way that the inter-
arrival of tasks are generated independently following some unknown stationary
stochastic process. Considering exponential machine health degradation behavior,
maintenance-based tasks are assumed to follow a Poisson distribution behavior
P(y) = e_y# [135], where A denotes the occurrence rate of y tasks at each task
slot or index. Note that task buffer [ is infinitely large and does not have to equal
to L. In other words, anytime y > L events occur, the scheduling agent considers
task scheduling only up to L task slots in I, with y — L tasks queued for future

scheduling operations.

Let us consider s/_, to be initially set to zero, with x (idle) chosen as the default
action and no state-transition occurs. The number of tasks to be attended, [,
increases as one task is generated for every observed machine state instance b=4.
At this point, the task scheduler will decide a batch of actions to perform for each
element task €, of Z (i.e., si'), such that af # j and the task re-ordering state
transitions are observed as (s%) =¢(s¥). So, we let af|,: I — I’, and the scheduler
state is updated as ¢=1 in (5.6). To conclude the completion of task re-ordering,
the scheduling agent will invoke a!’|;—;, and thereby indicate that the random task

buffer I is transformed to an ordered task buffer I’, which leads to the following
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change in s} by y; times, as y, € ¢, (s¥). Likewise, scheduling state is changed to
completed (i.e., ¢=2) as in (5.6). Formally, the described transition behavior is

modeled as Ty = Pr(sf | s¥, af).

g=1, if ywedn(s"),af#j, 1 <w < B,
Ya€Edg(s™) = q=2, if y;€p;(s?), af|;, (5.6)

q =0, Otherwise.

Reward Function (7%): At each time-step ¢, the agent selects af’ according to
(5.5), and the scheduling agent receives a reward signal r®. Prior to choosing
al = j, the agent will execute a series of actions without knowing if the sug-
gested task sequences are properly ordered until action af|;—; is invoked. Sub-
sequently, the agent learns the reward function iteratively. We arbitrarily set a
modest penalty score of -0.001 to intrinsically motivate the agent without im-
pairing the overall state-space exploration progress for reward shaping purposes.
Furthermore, we incorporate a time-varying incentive r? as a supplemental re-
ward for r! to emulate the urgency associated with real-world decision-making.
For example, suppose we let decision time-constraint QF =20 time-steps, and the
scheduler invokes al’|;—; at ¢ =18 time-step to signal sorting completion. Simul-
taneously, a sorting score of ! = 10 is computed. The sum of 7 and r! yields
a scheduling reward score of 12, as defined in (5.7). To maximize reward, the
scheduler must master performing the NP-hard combinatorial task sorting opera-
tions correctly and efficiently. For instance, consider a set of three random tasks
arriving at task buffer I with the following W values and buffer index sequence:
[0.18] =1, 0.89|w=2, 0.54|,=3]. Given the FIFO-based task buffer and unsorted W
values, a trained scheduler will automatically sort the W values in descending order
using the available actions in af in order to maximize the reward for the following

combination: [0.89],-1,0.54],—2,0.18],—3]. Note that rZ at time-step ¢ and the

reward function is described in (5.7) alongside reward variables in (5.8) and (5.9).

q I : E E|
BsEap =] o€ By oy, (5.7)
—0.001, Otherwise,

where

B
Wy
rfzzw . WeeZwell,...,f—1,8}; (5.8)
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ri=QF —t; (5.9)

5.3.2 Manpower Resource Management

According to Figure 5.2, the results of ordering, I, from S¥|,_5 serves as an input
to Stage-2 of the JPAMRM framework. The objective of Stage-2 is to maximize
the production uptime p; in (5.1) for z machine in n machine group by optimally
assigning the manpower to ordered task buffer, as in (5.10). The specifics are

elaborated in this sub-section for the reader’s benefit.

a1 - zBZ ey, c, aF)

MGAM

s.t. (a) EwESE,W > 0, (5.10)
B
b) T — Z CZ > 0.
d=1

In this sub-section, we let m € {1,..., M} technicians be grouped according to
competency levels as n € {1,2,3}, where n=1 denotes junior (e.g., 0 to 5 years),
n =2 denotes senior (e.g., 6 to 15 years), and n =3 for expert (e.g., >15 years)
respectively. Note that the model is general and applicable to arbitrary number of

competency levels.

State Space (S™M): The resource management state space SM is obtained by ex-
tending S¥ the the following binary variable indicating the Technician Availability:
g™. More specifically, let the technician availability state be defined as Available
(¢"=1) and Busy (¢™=0), where m € {1,..., M} is used to uniquely represent

the technician’s identity. Therefore, the total availability status (G) of M techni-
M

cians® at time-step ¢ is denoted as G = >_ ¢. Intuitively, when M technicians
m=1

are identified with their competency levels, we obtain a static array of technicians

{m,...,n;} (assume that 7; is used to indicate the level of technician 7). Then, we

are constrained by the availability of technicians, which is related to (5.11).

Ge=Y > g™ (5.11)

3When the competence level of technicians is also considered, information about a technician’s
availability becomes necessary to guide the resource scheduler’s decision-making process.
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Initially, G = M when =0, the machines are deemed critical to the production
team, necessitating dedicated manpower resources to assure maximum production
uptime. Therefore, an allocated technician cannot be re-assigned to another task
irrespective of their competency level n at the same time. We also assume that G
is fully observable. Thus, only when all £ tasks have been allocated, with G tech-
nicians, the resource allocation problem will be considered solved, and previously
assigned technicians become available immediately after the task is completed. Re-
call from Stage-1 of the JPAMRM framework, task buffer I € S® values are sorted
in descending orders of W (i.e., ordered sequence of maintenance request tasks)
whenever ¢=2. Given the fully-observable output of I € S* is an input into S™,
the association can be mathematically expressed as Q€ S¥; (¢ =2) = S¥ c SM
without loss of generality. Therefore, we can compactly define the resource man-

agement model state space as SM £ {SE, G}, and system state at ¢ time step as

sMe SM,

Action Space (aM € AM): At t*™® time-step, the resource scheduler requires to
allocate a sufficiently competent technician, from 7, based on the current value of
sM. In addition, there is a manpower cost associated with corresponding choices of
n (i.e., denoted by ¢,), and 7 regulates the selection frequency of 7 to simulate real-
world decision-making for resource allocation. When no technician is assigned, Idle
remains the default action and incurs zero cost. Here, we let p € {0, 1,..., QM}
denote the real-world decision-making time constraints, where the maximum al-
lowable time, OM, is user-defined. Note that QF £ QM. The instantaneous action

can be compactly expressed with technician selection action 7 in (5.12).

B
al' & | (k)| t <OM andT—ch>O : (5.12)
d=1

State Transition Probabilities (T™): In this work, we only consider one tech-
nician from M technicians be allocated to each task subject to maintenance bud-
get constraint 7 > 0 in (5.12). In addition, no state-transition will occur when
either ¢ # 2 and g = 0 is detected. Considering ¢ = 2 and § > 0, the task
buffer’s index state increments by d, from S} to S} with a certain probability
(ie., TM = P(sM|sM,a}M)) as a}! is invoked at every time-step. We denote the
overall state-transitional change as ¢(S™) in (5.13), and assume the combinations

of the two cases (M > () and (3> M) to mimic real-world combinatorial conditions
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for both tasks and technicians.
d, € ¢(Swm), if G>0, a}' # k. (5.13)

The resource allocation is done when either (G=0) & Sy or 3 slots are completely
allocated. Yet, the resource management agent is unaware of the environment’s
state transition probabilities and the stochastic distribution of €, € Sy tasks (i.e.,
black box). Thus, based on the MDP framework, the agent learns the state tran-
sition probabilities and task distribution information via continuous reward signal

feedback.

Reward Function (r™): We assign W € Sy values into z € {1,2,3} priority
categories for ease of analysis, with conditional constraints defined in (5.15). For
example, x = 1 denotes Urgent, x = 2 denotes High, and x = 3 denotes Medium
priority respectively. Both x and 7 are transformed into a mean-time-to-repair
lookup table § € {m gy, and are multiplied against 2™ time-steps to obtain a
time-based reward, refer to (5.14) for details. For instance, the reward received
from selecting n=3 is always greater than the reward received from selecting n=1
when =1, and the action selection frequency is cost constraint. Since the & values
are initially unknown, the agent must therefore learn from the reward feedback
signal (r) and cumulatively construct the reward function r™(sM, a}, s} ), before
determining an optimal resource management decision-policy. Note that a negative
reward is defined to stimulate the agent for the goal of state-space exploration, and

the reward function is described in (5.14),

T (1 - f(s}s\/l,ai\/[))QM7
(st a)") = {Syzx; a}fw:n}, (5.14)

—0.05, Otherwise,

where ¢ is obtained based on the following state abstraction

Urgent, if W € [0.01+2/3,1.0],
z =1 High,  if W e[0.01+1/3,2/3], (5.15)
Medium, if W € [0,1/3].
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5.3.3 Overall optimization Formulation

The overall optimization objective is to maximize the accumulated production
uptime p; over a time horizon by maximizing the overall machine network produc-
tion uptime via an automated decision-making process of predictive maintenance
(PAM) request task scheduling and manpower resource allocation. With this in
mind, a dynamic optimization approach outperforms myopic one-shot optimiza-
tion methods when dealing with a black box environment model. Namely, the
current decision will influence future decisions for the remaining task sequences in
the task buffer or the number of available technicians in the maintenance team.
For ease of explanation, we propose the following integration of the sub-objectives
in Section 5.3.1 and 5.3.2 into the generic MDP Framework tuple as follows:
M=(S=5ExSM A=A x AM T = (TE, ™), R = (rB r™M)).

At the end of each iteration, the stage-based schedulers select action a; based on
the current environment state s; and receives new values of r, and s’ from the
environment. Policy 7 guides the scheduler’s action to maximize the cumulative
average rewards received over all states. Thus, after several iterations, the sched-
uler eventually finds an optimal policy (7*) to maximize the expected long-term
discounted reward r of the PAM environment problem (i.e., cumulative production

uptime).

Recall, the disparate stage-based reward functions of 7 and r™ must work in
tandem to cumulatively maximize p; in relation to the given constraints. Given
that our research problem is essentially one of scheduling machine and manpower
resources in order to maximize the equipment runtime (i.e., Y7, B?), we define
pr = r®+rM. However, the problem may be too complicated to maximize both
sub-objectives concurrently while achieving solution tractability within reasonable
training time. By exploiting the flexibility of our two-stage JPAMRM framework,
the complex optimization problem can also be deconstructed such that stage-based
models may be trained independently to maximize the sub-objective reward with

respect to 7 and rM.
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FIGURE 5.3: Transfer learning with demonstrations approach which facilitates
knowledge transfer efficiently between environments with machines producing
similar parts with either identical or similar machinery.

Recall, policy 7 guides the scheduler’s action to maximize the cumulative produc-

tion uptime. Therefore, we denote the optimization problem as follows:
o0
max Z pr=1max R (m),

s.t. {Zwt ) |si=S }

where R () denotes the average expected return under the policy m; r, = p; refers

(5.16)

to the immediate reward under policy 7; ¢ — oo denotes the time horizon, and
discount factor v € [0,1]. With the optimal policy 7*, the agent will select the
optimal actions, at any state S. In other words, the agent will have learnt 7*, and is
able to maximize the cumulative production uptime for N machines (i.e., reward)
via appropriate manpower resource allocation (i.e., action) to attend to priority
scheduled maintenance tasks (i.e., state). Practically, environment uncertainty
often leads to unknown 7', and a model-free reinforcement learning approach can

be applied to learn 7* in (5.16).

5.3.4 Problem Transformation

The Q-learning (QL) algorithm [136] obtains the optimal decision policy 7* : S — A
by using a Q-table to recursively map state s; € S to action a; € A. The optimal

policy is learned by maximizing the state-action pair value function Q™ (S, A) over
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all Q-value policies in (5.17). Consequently, the state-transitions (s, at, ¢, Sey1) is
obtained as the Q-values are recursively updated using Temporal Difference (TD)

learning [76].

Q" (s,a) = Ex[ri1 + vQ7 (St41, api1)|st = s,as = al. (5.17)

Once the Q-table has been updated, the optimal policy for the agent is determined

by selecting the largest state-action value within Q-table: 7*(s)=arg max Q*(s, a).
acA

However, the dimensionality curse of Q-learning [76] restricts its applicability to
real-world problems, which often involve large state space and requires rapid solu-
tion convergence. In other words, as the state and action spaces expand, the size
of the Q-table grows quadratically, increasing the time needed to update the whole
Q-table and, therefore, the time required to achieve an optimum policy. In the case
of our dual-stage JPAMRM framework, the overall size of the Q-table will be 2LM
and will grow quadratically with increasing numbers of L to accommodate more
machine maintenance requests. Therefore, [137] utilizes Neural Network (NN) to
approximate Q-values, also known as Deep Q-Network (DQN), and effectively over-
come the dimensionality limitation. The input and outputs of the NN are designed
to be compatible with the JPAMRM framework and predictive maintenance-based

resource scheduling problem.

In reality, dynamic operating conditions will alter the state-transition probabili-
ties and data distribution for identical machines (i.e., environment). Moreover,
dynamic conditions such as machine utilization, ambient temperature, machine
health degradation rates, and the maintenance intervals for individual machines
necessitate different environments. In this context, applying the conventional DQN
algorithm to a comparable MDP and maintenance resource scheduling problem can

be inefficient.

A more efficient approach is to transfer the knowledge-based information through
external demonstrations from different sources and exploit the acquired knowledge
to achieve accelerated DQN learning. Besides, the concept of transfer learning is
largely under-explored for predictive maintenance-based resource scheduling appli-
cations. Therefore, we evaluate the advantages and limitations of transfer learning

using our JPAMRM framework and maintenance scenarios.
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5.4 Transferable DRL for Joint Predictive Main-

tenance and Resource Management

5.4.1 Motivation

In Section 5.3, we briefly described how a deep reinforcement learning (DRL) algo-
rithm, such as DQN, derives an optimal policy from any environment. Based on the
aforementioned practical considerations, we are motivated to propose the transfer
learning approach for DRL, an under-explored method for accelerating solution
convergence in the similar environments (i.e., target environment). Figure 5.3 il-
lustrates how the trained NN policy (i.e., knowledge) from one group of machines
(i.e., source environment) is transferable to a similar group of machines (i.e., target
environment) with the benefit of reduced model training time. In comparison to
random initialization, model pre-training provides a more optimum starting point
for training weights to the NN while adding a step to the overall training process.
Furthermore, since the starting point is close to optimal, we decrease the likelihood
of divergent learning, resulting in a more stable model. In this section, we present

details for the proposed transfer learning with demonstrations algorithm.

5.4.2 Transfer Learning Overview and Approach

In the context of transfer learning, the state-transition probability is the only dif-
ference between the source M and target My environments. Thus, their MDPs
can be expressed as M, =< S, A, T,, R > and M; =< S, A, T;, R > respectively.
With reference to our JPAMRM framework in Figure 5.3, we formalize Transfer

Learning (TL) in the following:

Definition 5.1 (Transfer Learning in the Context of Predictive Machine
Maintenance and Resource Scheduling). Consider machine groups n and n—1
as source environment M, and target environment M, respectively. TL aims
to learn an optimal policy 7} within the M, environment, via prior knowledge
exploitation of Dy from M in order to augment its current knowledge D, in M,
such that:

7 = argmax E (s, anm) [Q (5, a)] (5.18)

where m = ¢(Ds ~ My, Dy ~ M) such that m denotes the function mapping

of the target environment’s states to actions S — A. Then, the neural network
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learns the approximated representation of policy m based on values of D, and D;
[39]. Otherwise, policy m = ¢(D;) is equivalent to retraining the DRL algorithm
from an initial random state within the target environment. Note that the slight
differences between both environments imply that distinct optimal policies require

to be learned.

While various TL techniques have been presented to tackle (5.18), e.g., [39], their
efficacy and relevance to the joint maintenance scheduling problem merits need
further investigation. We specifically focus on the transfer learning with demon-
strations (TLD) technique [138] in order to reduce the overall training wall-time
required, which has not been done before and it is the contribution of this work.
TLD’s underlying idea is to pre-train the neural network model with an initial
demonstration data D, until an acceptable level of performance in M is attained.
The trained neural network and the accumulated experiences are then transferred
to M, environment, with the corresponding experiences saved as D;. Notably, both

D, and D; are namely tuples of S, A, R, and S’ information, respectively.

5.4.3 Solution of Transfer Learning with Demonstrations
(TLD)

During initialization, the experience replay (ER) buffer D,., is filled with random
demonstration data Dy along with random weights initialization for both the sep-
arate (i.e., online and target networks) neural networks of DQN. The inputs of the
network will be the previously defined state-space S and Q-values as the output.
During model training, the load demonstration data flag (1) is deactivated and the
separate NN weights are updated (Lines 10-30 in Algorithm 4). At each training
step, a mini-batch of state-action transitions are sampled with probability P(7),
from D, in (5.19).

Py = — P (5.19)

kdDrep| o’
DD

where p; denotes the proportional priority of i*" transition; the exponent a € [0, 1] is
used to introduce randomization into the experience selection in D,.,, with a =1
highlighting experiences that require the highest priority; p; = |d;| + e, where J;
denotes the previously calculated TD error for transition ¢ and the positive con-
stant e ensures all transitions are visited following some probability, even the least

visited transitions where the error is zero. ER value normalization is enforced with



Chapter 5. TLD for IloT-based Manufacturing PdM Model 103

I;I'E'D”p‘ pj over the size of D,.,. Network updates are adjusted with the Impor-

tance Sampling Weights (IS) in (5.20) to correspond to the underlying distribution

of experiences and minimize bias.

w; = (ﬁ . ﬁ) (5.20)

where |D,p,| denotes the size of ER; ¢ € [0, 1] controls the effect of IS on the
experience sampling process, and is annealed to 1 over the training duration 7T°
[139]. Consequently, the size of the demonstration data will be significantly reduced
as the prioritized ER (PER) mechanism in TLD algorithm only samples important

transitions[138].

The pre-training phase’s aim is to emulate the demonstrator using a value function
that fulfills the Bellman equation and perform TD updates on itself as soon as the
agent starts interacting with the environment. During the pre-training phase, the
agent performs mini-batch sampling with prioritization from the demonstration
data, and updates the NN weights by minimizing the overall loss function J(Q),
which comprises of four loss components: DQN Loss Jpgn (@), multi-step TD Loss
J,(Q), margin classification loss Jyo(Q) and L2 regularization Jr»(Q). Firstly, the

DQN loss for determining the optimal policy is calculated as follows:

Tpan(Q) = (r+1Q(s11, a5 60) = Q(s,4;0))° (5.21)

where a}*** =arg max Q(s;+1, a; 0) with 6 are the parameters of the online network,

and 6’ the parameters of the target network. Secondly, the multi-step TD loss
Jn(Q) is defined as:

(n) ?
Jn(Q) = (Rt + /yn mL?’XQ(SH-’m a; 0,) - Qon) 5 (522)

where Q,, = Q(s¢,as;6), and Rﬁ") denotes the n-step return from s;, which is
formulated as R,E"’ = ZZ;(I) Y¥ri 4 pe1. Thirdly, the margin classification loss between

D, sample data and sampled data from D; is defined as:

Juc(Q) = mgx[@(s, a) + l(ae,a)] — Q(s, anc), (5.23)

where ay;c denotes the expert demonstrator action, i.e., DQN with D,, takes in

state s and [(ap¢) is a margin function that equals 0 when a=ay ¢ and positive
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otherwise. We avoid over-fitting on the small demonstration dataset by incorporat-
ing the L2 regularization loss Jro(Q) = ||6]]3, expressed as the sum of the squares
of the NN weights [140]. Finally, the overall loss function J(Q) is defined in (5.24),
and parameters A\;, Ay, and A3 are weighting factors corresponding to multi-step

TD loss, classification loss, and regulation loss, respectively.

J(Q)=Jpon (Q)+ X170 (Q)+ X2 T (Q) + A3 T2(Q). (5.24)

Upon completion of the pre-training phase, the model performs training in the
target environment, and the pseudocode is described in Algorithm 4. There are
four differences between TLD and DQN: (i) the ER buffer design D,.,, (ii) the
PER mechanism, (iii) the overall loss function J(Q), and (iv) model pre-training

step. In the next section, we shall empirically demonstrate the learning efficacy of
TLD for the AT models within the dual-stage JPAMRM Framework.

5.4.4 Discussion of the Algorithm
5.4.4.1 DQN Convergence

Recall, the scheduling algorithm’s objective is to maximize the overall production
uptime of z machines, within the machine network of n MGs, through a mainte-
nance resource scheduling method. Simultaneously, the objective of the Q)-network
training is to minimize the mean square error between the actual and predicted
values for a given state-action pair. As long as the value function is well-fit to the
problem, TLD is able to learn the optimal policy in accordance to the Bellman

equation [76].

Unfortunately, a meaningful comparison with related works in Chapter 3 is not
possible since the related works do not examine the same context, issue formulation,
or set of assumptions. At the same time, the NN-based () value function is not
guaranteed to achieve its optimal value given dynamic operating conditions and
limited training iterations. Recently, [141] showed the DQN convergence to an
optimal value function using a statistical analysis approach and the neural fitted Q-
Iteration algorithm as an analytical example. However, the coherent understanding
of the DQN’s statistical and computational features remains an open question.
Therefore, we adhere to established DRL analytical practices, including providing

as much relevant empirical data as feasible to demonstrate solution convergence
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Algorithm 4: Transfer Learning with Demonstrations

® N O Gk W N -

©

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

Inputs:
D,¢p: Replay Buffer with Demonstration data,
6: Network Weights - Initial Behavior (randomized),
0': Network Weights - Target Network (randomized),
f: Updating frequency for target network,
Tyre: Number of pre-training gradient updates.
I: Load Pre-Train or Demonstration Data (Binary)
Output: 7;(s)=argmax Q*(s, a; )
acA
// Determine Operational Mode
if /=1 then
‘ T = Tpre
end
forte {1,...,7} do
if p=0 then
// Training mode (Source)
Sample action from behavior policy a; ~ 7@
Execute a; and observe (s;11,7)
Store (¢, at, S¢r1,7) into Dy
Overwrite earliest self-generated transition if |D,.,| is full
end
Mini-batch sample NN, transitions from D,., with prioritization
Calculate TD loss of J(Q) using target network
Perform step-wise gradient descent to update 6
if t mod f = 0 then
| 0«0
end
if p=0 then
‘ St £ St+1
end
end

in terms of mean episodic reward and learning efficiency relative to similar DRL

methodologies.

5.4.4.2 Pre-Training Convergence

According to [142], [143] carefully examines and establishes the conditions un-

der which task transfer @)-learning is effective. [143, Proposition 1] indicates that

the learned @-function from the pre-training task is closer to the optimal pol-

icy compared to random initialization, when the distance between M, and M,
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is minimal. The speed of convergence is increased as a result of this. Further-
more, [143, Theorem 4] supposes that convergence is guaranteed if the error ratio
condition (f,) in (5.25) is met.

B 2 A(Md—“”w <1 (5.25)
A (M, M) =max Q7 (s, a) — Qf (s, a)] (5.26)

where §; =744 +7Q(5t+1, api1) —Q(st, a;) denotes the TD-error, which is the dif-
ference between the estimates of Q™ (st a:) in (5.17), the expected reward and
next state-action value [76]; A (M, M;) in (5.26) denotes the optimal Q-function
difference between M, and M,, where the optimal Q-functions for source and
target environments are QT and QT respectively. According to [143, Theorem 4],
Q-learning convergence will be guaranteed pending the pre-training environment
converges, where A (M, M;) is small, and [143, Proposition 1] provides detailed
proofs for A (Mg, My).

Intuitively, the learned Q-function in the source environment is likely near to the
optimal Q-function when two RL environments are comparable. Thus, Bn will be
small during the early training phase as we transfer the learned Q-function from
the source environment to the target environment. By contrast, if A (Mg, M,) is
sufficiently large, its dissimilarity correlates to a shift in the learning syllabus, thus
diminishing the benefit and performance of transfer learning techniques. In other
words, we may either observe sub-optimal performance or delayed solution conver-
gence as the learned Q-function requires additional training iterations for adapta-
tion to the target environment. For a comprehensive proof of transfer learning-
based solution convergence, we refer interested readers to [143]. Notwithstanding
that we use an NN-based approach for the @) value function, we present empirical

evidence for solution convergence following established DRL analytical methodol-

ogy.

5.5 Experiment Setup

To assess the proposed TLD’s efficacy, we run numerous simulations that imitate
real-world machine degradation circumstances. In addition, we investigate two ma-

chine group configurations to demonstrate our solution’s versatility in stochastic
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environments, apart from the learning convergence results. Specifically, our empir-
ical findings will illustrate the TLD approach’s scalability and robustness to similar
environments, inadequately discussed in prior works. Finally, this section describes

the experimental setup.

5.5.1 Simulation Environment Settings

Our simulation model considers a generic manufacturing system comprising z =40
machines, distributed across n=3 MGs. MG, and MG, comprises z =10 machines
respectively with the remaining machines assigned to MGs. Overall, the MGs are
responsible for producing products based on three parts, PM-1, PM-2 and PM-3.
Given that PM-1 generates more revenue per part than those of PM-2 and PM-3,
we set that at least 40% of each MG’s manufacturing capacity is always committed
to PM-1 production. Consequently, we estimate that the maintenance task arrival
rate follows a Poisson distribution mean of 4 (i.e., 0.4x L), where the maintenance

request tasks may include machines responsible for PM-1 partially or entirely.

Within each MG, we consider a pyramidal distribution of manpower to mirror
real-world competency level distribution of technicians and that there is always an
available technician to attend to machines that require attention. For the example
of MG, where Z =M = L =10, the technician competency level 7 distribution map-
ping follows: n € {1,2,3} - m € {6,3,1}. Furthermore, we consider unit service
time applies independent of the technician’s competency in this work and that an
allocated technician cannot be dynamically re-allocated within L time-steps. We
set the maintenance budget 7 to accommodate the proposed 7 technician distribu-
tion, following the discrete action set in (5.12) for the DRL agent selection. Like-
wise, we let Q" = L time-steps, per training epoch, and we describe the technician
cost constraint details in Table 5.3. Compared to [37], our JPAMRM framework
utilizes a threshold-free reward signal approach to determine the optimal mainte-
nance action to take given the current time-step €, value in [ task-set to satisfy

the optimization function in (5.16).

In this work, we contextualize the MG configurations by presenting four scenarios in
which a pre-trained Resource Scheduling agent for MG, (i.e., source environment)
is re-deployed to MGy or MGjs (i.e., target environment). Scenario-1 considers the
Poisson mean of 4 and 7 hourly maintenance request tasks in the source and tar-

get environments, respectively, with random task priority distribution. Scenario-1
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Parameter | Source Environment Target Environment

~y 0.99
e-greedy 1.0 — 0.01
Batch size 64
Tpretrain 10000
a, Bo 0.4, 0.6 [139]
A1, Ao, Ag 1.0, 1.0, 107
|Ds|, | Drep 20000, 50000
Cr=ly Cr=2, Cr=3 1, 3, 6
Scen:;\trlo—l N4 N7
. Random, P(p > 0.3L|x)=]0,1],
Scenario-2 (where A=4) (Wflere A=T |a)nd [x = ]1)
Scenario-3 Fixed Distribution, Multinomial Distribution,
L=M=10 where A=4 where A=7
Scenario-4
Z=L=M L=10 L€{20,30,40,50}
A=0.4L

TABLE 5.3: Transfer learning parameters

intends to illustrate the efficacy of Transfer Learning for m =10 machines. On the
other hand, Scenario-2 demonstrates Transfer Learning’s robustness in the pres-
ence of varying maintenance request probability, where at least three x =1 priority
maintenance request tasks, in the target environment. Similarly, Scenario-3 takes a
multinomial distribution of manpower expertise into account in the target environ-
ment, where L =M =10. Given the substantial shift in manpower distribution, we
are also interested in quantifying potential performance gaps, followed by a brief
discussion and pertinent recommendations for addressing them. Finally, Scenario-
4 demonstrates the scalability of Transfer Learning by initially training the TLD
model on the source environment for m = 10 machines before re-deploying it to
the target environment, comprising machine sets m € {20, 30,40, 50} respectively.

Table 5.1 in Section 5.2 contrasts the environment parameter differences.

5.5.2 Transfer Learning Configuration and Implementation

Consider the plastic injection molding (PIM) machines that manufacture the plas-
tic casings for generic power tools. [144] states that manufacturers usually have
> 80 machines per manufacturing site. Identical machines can be located at the
same site, yet they produce various goods but with different operational settings

and materials. Assume MG and MGy comprises of PIM machines producing the
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FIGURE 5.4: Performance analysis for Scenario-1.

front and rear housings of a generic power tool separately for eventual assembly
during the production process. Because of our two-stage framework, the resource
allocation model alone can acquire both human and Al-based demonstrations to
improve TLD’s learning efficiency. Ideally, TLD will learn from offline demonstra-
tions by human experts. Due to the unavailability of human experts, this chapter

focuses only on Al-based demonstrations.

The transfer learning process commences with acquiring expert demonstration data
from the source environment, followed by pre-training the TLD agent to initial-
ize of NN weights in the target environment. Upon pre-training completion (i.e.,
knowledge transfer), the TLD agent interacts within the new target environment
and learns the optimal policy via continuous updates to its NN weight while also
leveraging prior demonstration data. TLD comprises two fully connected hidden

layers of size 24 neurons each, with the number of inputs and outputs corresponding
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to § and A respectively.

The baseline methods of DQN, double DQN (DDQN), Q-learning (QL), and ran-
dom policy are then investigated for the purpose of evaluating TLD performance
and to emphasize TLD’s efficacy. TLD’s network is updated every 100 episodes

during training, and the training parameters are summarized in Table 5.3.

We appoint DDQN as the expert demonstrator for the pre-training of TLD before
deploying to the target environment setting. Unlike TLD, the suggested base-
line methods learn directly from each environment using randomly initialized NN
weights. DDQN and DQN’s NN parameters are adapted from [145], which imple-
ments two fully connected hidden layers with a hidden layer size of 32 and batch
size of 64. For Q-Learning, we set the learning rate and discount factor as «=0.9
and v=0.9, respectively. In the experiments, we use the heuristics-based sorting
algorithm to obtain the order of maintenance request tasks in I instead of sampling
over the entire action space, mainly for space complexity reduction and solution
tractability. In the next section, we will highlight and discuss the more intriguing

transfer learning results.

5.6 Result Analysis and Discussion

In this section, we evaluate the TLD’s performance in terms of mean reward,
and the number of training steps needed to reach solution convergence using the
four scenarios from Table 5.3. The mean reward of an epoch is determined by
averaging all the immediate rewards, as in (5.14). An epoch’s duration is equivalent
to the buffer length L. Following that, the number of epochs required to reach
solution convergence are established, and empirically evaluated to illustrate the
efficacy and limitations of the TLD method. For each scenario, we utilize the
mean reward averaged over five different runs to account for the stochastic nature
of NNs. Finally, we rename the mean reward (i.e., overall production uptime) as
machine stoppage savings to help readers better understand the problem context

and interpret the results.

5.6.1 Efficiency of Transfer Learning - Scenario-1

Figure 5.4a illustrates the performance of the various baseline techniques in the

source environment, reiterating our choice of DDQN as the expert demonstrator
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for generating expert data. Interestingly, we discover that the NN size utilized to
produce the demonstration data, DDQN, has a minimal impact on TLD’s learning
performance. Based on the empirical results, we are confident that the proposed
DDQN network’s learning capacity is adequate for efficiently learning the mapping
function for the complex optimization problem. Thus, each increase in computing
resource yields negligible gains in learning performance at the cost of increasing

computational resource consumption and model training wall-time.

Given the high cost, scarcity, and difficulty of collecting real-world expert demon-
stration data, we undertake an additional performance experiment to ascertain
the impact of pre-training dataset size on TLD’s learning performance. As shown
in Figure 5.4¢, TLD converges within 400 epochs, independent of the number of
demonstration data points. The only discernible difference arises during the first
50 epochs, where the initial high scores are directly attributable to the increased
availability of available demonstration data. In other words, pre-training TLD for
Scenario-1 beyond 8000 epochs (i.e., 80,000 demonstration data points) does not
significantly improve performance over TLD pre-training with 10,000 epochs. For
reference, the mean reward computed over the last 200 epochs is 24 + 3.0 and
23 £ 3.4 for the 8000 and 10,000 pre-training epochs, respectively. Unless other-

wise specified, we will now use the 8000 epochs pre-training option for all TLD

benchmarks.
DQN
(Baseline) DDQN'| TLD | QL
Epochs to Converge 600 470 380 | 300*
Improvement (%) - 28 58 | NA

TABLE 5.4: Comparison of learning efficiency for Scenario-1.

In contrast to the baseline, which learn tabula rasa, TLD is more efficient in learning
the optimal decision-policy in the target environment. Figure 5.4b illustrates the
benefit of TLD, and Table 5.4 summarizes the results for the reader’s reference.
Conversely, QL converges at non-optimal local maxima, while the PER mechanism
in TLD avoids this limitation by sampling the more critical transitions within the
ER buffer. As shown in Figure 5.3, the ER buffer contains two types of data:
expert demonstrations data (i.e., source) and the self-learned data (i.e., target).

When PER is enabled, the TLD agent samples the more important state-action

4The corresponding algorithm converges to a sub-optimal score relative to DDQN (i.e., the
Expert)
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FIGURE 5.5: Performance analysis for Scenario-2.

transitions earlier in the training phase, thus accelerating the process of learning

exploration.

5.6.2 Robustness of Transfer Learning
5.6.2.1 Scenario-2

Scenario-2 is similar to Section 5.6.1 in that we conduct transfer learning to the
proposed target environment with varying probabilities of urgent priority mainte-
nance requests. In comparison to the baseline, Figure 5.5a demonstrates TLD’s
superior learning efficiency, with comparable learned reward performance to DQN
and DDQN methods, as shown in Figure 5.5b.

5.6.2.2 Scenario-3

Figure 5.6b depicts the anticipated effects of the significant changes in the dis-
tribution of manpower resources toward TLD learning performance. Although
TLD’s performance converges, it remains slightly lower than that of DQN and
DDQN. Accordingly, we propose the following points to elucidate the factors be-
hind TLD’s current performance, namely multi-environment learning generaliza-

tion, pre-Training dataset size, and TLD learning capacity.

Considering how well the pre-trained model performs in the source environment,

we hypothesize that the corresponding model is likely trapped in a local minima
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FIGURE 5.6: Performance analysis for Scenario-3.

optimization point as it fine-tunes the learned decision policy, from the source en-
vironment, for the target environment. As a result, the performance impact is less
apparent in scenarios with similar data distribution, such as Scenario-1. However,
with the significant shifts in manpower distribution in Scenario-3, the pre-trained
TLD agent may interpret its new observations as noise, rendering it incapable of
adapting effectively to the target environment. Let us consider the target environ-
ment with the following manpower distribution: one expert, six senior, and three
junior technicians. In the source environment, however, the manpower distribution
is fixed with one expert, three senior and six junior technicians. Assume there is
now just one high-priority and nine low-priority tasks. Without regard for the
expert technician assignment, the pre-trained TLD agent will automatically allo-
cate all junior technicians and may, with some unknown probability, assign the
remaining maintenance tasks to the senior technicians. Hence, TLD will perform
no better than random initialization-based tabula rasa DRL training, and optimiz-
ing the learning efficiency of Transfer Learning methods remains an open research
question [39, 146, 147]. Similarly, given the MG configurations in Table 5.1, it is
both inefficient and impractical to maintain part-specific DRL models. Therefore,
we believe that the minor performance penalty associated with TLD is justified in

exchange for the flexibility to support multiple parts.

The quantity of demonstration data required to achieve reasonable performance
using Transfer Learning techniques is seldom published in the literature and is often

application-specific. Therefore, we undertake a performance ablation study for the
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FIGURE 5.7: Performance comparisons of baseline and TLD variants for L =20.
The performance difference is due to different knowledge transfer source used in
TLD variants.

pre-training phase and present our findings in Figure 5.6a. We initially assume that
expert demonstration data is readily available and beneficial towards improving
TLD performance. From Figure 5.6a, the amount of expert demonstration data
for pre-training does have a noticeable effect on TLD learning performance. For
instance, pre-training TLD for 4000 epochs (i.e., TLD (4K)) maximizes the learning
efficiency rate while producing a slightly lower mean reward score than that of
pre-training with TLD for 10,000 epochs option (i.e., TLD (10K)). Alternatively,
augmenting the limited demonstration dataset with additional real-world expert

data may be explored in future works.

As with Scenario-1, there is a diminishing performance increase for TLD model
pre-training beyond 10,000 time-steps, which is tightly related to the learning ca-
Additionally, the TLD’s NN neuron

configuration implicitly imposes a learning performance constraint on individual

pacity of our proposed TLD architecture.

TLD layers, which may be overcome by increasing the number of NN neurons per
layer at the expense of additional NN hyperparameter fine-tuning, which can be

the future work.
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FiGure 5.8: TLD validates the advantages of learning from expert demonstra-
tions and is superior to baseline techniques throughout Scenarios 1 to 4. Further-
more, it is reasonable to anticipate that the advantages of increased learning effi-
ciency diminish with progressively divergent scenario objectives (e.g., Scenario-4)
relative to the expert demonstration dataset.

5.6.3 Scalability of Transfer Learning - Scenario-4

Only Scenario-4 considers two TLD variants, “TLD (Scenario-1)” and “TLD (Ex-
pert Demo)”: “TLD (Expert Demo)” is pre-trained with demonstration data
from Scenario-4; “TLD (Scenario-1)” is pre-trained with demonstration data from
Scenario-1. With the TLD variants, we can now gain insights into the perfor-
mance scalability impacts associated with the knowledge transfer source types and
is under-explored in prior research works. In retrospect, we anticipate that the
efficiency and learning performance advantages of ‘TLD (Scenario-1)” will dete-
riorate when the target environment’s data distribution changes in response to
increasing problem complexity. When L =20, “TLD (Expert)” achieves the high-
est overall performance, but “TLD (Scenario-1)” only manages to outperform QL
slightly, as shown in Figure 5.7. When L = 50, however, the reverse is true, as
“TLD (Scenario-1)" achieves higher performance after the 100*® epoch has elapsed
with both methods converging at the 1000'" epoch. Interestingly, we note a 5%
difference in learning efficiency with a 19% difference in mean reward received, and
Table 5.5 summarizes the results for Scenario-4 experiments. Except for L = 20,
TLD’s learning convergence performance is less than the DQN baseline but better
than QL. We attribute the performance difference between TLD and DQN to the
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substantial distribution shift of state-action transitions between the source and
target tasks. Consequently, the intrinsic knowledge bias derived from TLD’s prior
knowledge influences decision-making towards the target task scenario, resulting
in TLD’s learning performance being close to DQN. On the other hand, it is well-
established that DQN outperforms QL. The results in Table 5.5 corroborate our
previous explanation in Section 5.6.2.2 and elucidate the limitations of Transfer

Learning technique as an open research problem [39, 147].



Event Epochs to Learning Convergence® Mean Convergence Reward
Buffer (Last 400 epochs)
Size (L) TLD TLD TLD TLD

QL | DQN | DDQN | (Scenario | (Expert QL DQN DDQN | (Scenario | (Expert

-1) Demo) -1) Demo)

20 300 430 380 400 380 38+36 | 55+ 6.8 | b7 £54 | 435 +41 | 54 +£5.5

30 210% | 500 460 8504 610% 62+47 | 8 £75 | 89 £ 7.3 75 + 6.3 77+ 9.0

40 540% | 620 570 6604 800% 86 + 5.1 | 123 = 8.6 | 123 + 7.6 | 108 + 8.2 105 £+ 12
50 290* | 530 470 800 820 109 + 6.9 | 156 £ 9.7 | 156 £ 9.7 | 146 4+ 10.7 | 145 £ 11.9

TABLE 5.5: Learning efficiency (lower is better) between proposed baseline methods and TLD for different values of L. Performance

results (higher is better) for values of L with the mean rewards are presented. Two TLD variants are introduced for comparison:
TLD (Scenario-1) and TLD (Expert Demo).

5Convergence can be verified by re-running the target environment trained DRL models in test mode for 100 epochs with the option of human
validation.

[PPON NP Sutnogynuepy paseq-Lo[] 10§ (1L G 3deq)

LTT



118 5.7. Summary

5.6.4 Brief Discussion of Overall Results

Overall, we have demonstrated the efficacy and benefits of incorporating TL into
our JPAMRM DRL-based framework. To accelerate the learning performance of
DRL algorithms, we investigated the use of TL with expert demonstrations. Fur-
thermore, the scalability and limits of TLD have been discussed, arising from the
distributional shift of the resource optimization problem. Therefore, we summarize
the results from all four scenarios in Figure 5.8 for the first 50 epochs. The slight
overhead from pre-training is considerably beneficial for highly similar scenarios
(e.g., scenarios 1 and 2) and offsets the need to train DRL models from scratch.
TLD can also be used to capture human expert demonstrations, but doing so ex-

ceeds the scope of this work.

5.7 Summary

Data-driven resource management is critical in the Industry 4.0 context for decision
support to maintenance teams to minimize interruptions to production schedules.
This chapter proposes a two-stage TL-based DRL approach for an edge-based ma-
chine group of predictive maintenance models. We begin by framing the machine
maintenance request events as a task optimization problem based on the predic-
tive model data. Following that, we formulate the sequence of maintenance request
tasks as a sequential decision-making problem using the Markov Decision Process
to learn an optimal decision policy and enable effective manpower resource man-
agement. We can inherently accelerate the DRL model’s learning performance by
enabling the proposed DRL model to harness relevant experiences from similar ma-
chine configurations. Empirically, our experiments demonstrate that coupling TL
with the two-stage PAM framework significantly improves learning efficiency and
performance over baseline methods. However, our proposed TLD model is feasible
for discrete action space problems and requires alternative models for continuous
action space problems. Moreover, this work did not examine how knowledge dis-
tillation can boost TLD’s learning efficiency. Chapter 7 details some suggestions

on future research directions.



Chapter 6

Remaining Useful Life Prediction
of IIoT-Enabled Equipment using
Attentive Multi-Branch Feature
Network

6.1 Introduction

Effective decision-support-based PdM framework requires high equipment sever-
ity rating prediction accuracy to instill trust with the human decision-maker and
minimize false maintenance alerts. Considering the link between equipment sever-
ity rating and RUL, improving RUL prediction accuracy increases the equipment
severity rating accuracy intrinsically. In order to predict RUL for heterogeneous in-
dustrial machines, this chapter formulates PAM as a multivariate regression-based

problem.

This chapter formulates PAM as a multi-variate regression-based problem to predict
RUL for heterogeneous industrial machines. Unlike typical LSTM-based networks,
our approach considers LSTM networks integrated with a multi-branch attention-
based feature network (AMBFNet) to prioritize time-series sensor data for data
analysis automatically. When benchmarked on the popular C-MAPSS dataset, the

empirical results illustrate the efficacy of AMBFNet, even outperforming existing

119
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works by 11% on average. Furthermore, we observe comparable performance trend

results for a real-world industrial washing machine dataset.

Limited real-world data remains an issue in practice and often leads to sub-optimal
model prediction accuracy, and the un-monitored field-deployed model’s perfor-
mance on edge-based devices tends to drift over time.! Besides, edge devices are
compute and memory bounded with diverse configurations. This work considers
RUL prediction model re-training on an edge server before conducting extensive
experiments to identify the appropriate amount of batch-sized data with the low-
est error deviation compared to tabula rasa model training. Once the batch size
is confirmed, the model is ready for deployment to field edge devices. Our results
indicate that batch-based incremental training saves an average of 60% in training
time on the C-MAPSS dataset, resulting in a mean performance difference of —1.1%
and —4.9% for the prognostics performance measures root-mean-square-error and
score, respectively. However, the proposed incremental learning method is not im-
plemented on the IWM dataset owing to a lack of data. Conversely, the current

literature has not investigated incremental learning for the C-MAPSS dataset.
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FIGURE 6.1: IloT-enabled system model overview for RUL prediction and model
drift monitoring.
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6.2 System Model and Problem Formulation

In this work, we consider a generic production facility for predictive machine main-
tenance in IIoT (Figure 6.1), comprising of an Edge Server (ES) and Edge Com-
puting Device (ECD).The system model in Figure 6.1 considers a network of ECDs
with a direct connection to the ES at the production facility level. These machines

are sensor-equipped for data collecting and ECDs with PdM models for online

h (m,n

condition monitoring. We denote sensor data from m™ machine as z;,"” ), where
m € {1,..., M} denotes the number of machines monitored, and n € {1,..., N}
specifies the index of the heterogeneous sensor. For practical reasons, we assume
N sensors per machine. Temperature, pump pressure, and vibration are examples
of n sensors. Individual ECDs aggregate in situ time-series sensor data before
transmission to ES for PAM analysis, storage, and model training. Meanwhile, a
predictive model continuously monitors the incoming data for anomalous behavior
and triggers notifications or alarms based on parameter threshold presets. From
the dataset perspective, we consider each sensor an input feature, and machine
operational cycle time (i.e., lifecycle) is automatically calculated and verified with

existing production processes. After that, we can derive an artificial second-order

signal from the machine’s information which is termed RUL (i.e., Y ain)-

Time-series sensor data is periodically transmitted from each machine and stored
in a database for logging purposes. At the same time, a PdM model performs
background monitoring of incoming data for irregular patterns and provides main-
tenance recommendations (e.g., RUL predictions) to the maintenance team. To
ensure the PAM model remains updated, selected ranges of historical sensor and
RUL data, termed training dataset (Ximin), is automatically retrieved for training

PdM models, where Xi,,i, is a tuple of <x, Yipan >, where x € ngof )

only machine sensor data (i.e., Xiest = xffl’N)) is available, whereas the matching

. In reality,

RULSs are unknown ahead of time and must be predicted (i.e., }A/test).

Ycest = f(Xtest)- (61)

The main objective of regression techniques is to map the relationship between y
and Yi;ain. From the learned mapping function f, the regression algorithm will pre-
dict the corresponding Kest values based on real-time sensor data X, as defined

in (6.1). However, the real-world machine operating conditions are stochastic, have

'Part of the work in this chapter is published in [40].
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unknown noise distributions, and have multiple sensors as inputs (i.e., features).
Hence, f is non-linear and becomes challenging to provide accurate real-time pre-
dictions of )A/test for similar and identical machines. Therefore, this work proposes
a deep learning approach for establishing f via the attention-based mechanism to

improve RUL prediction accuracy.

6.3 Solution of Deep Learning

6.3.1 Model Overview

We present the attentive multi-branch feature network (AMBFNet) method in Fig-
ure 6.2a for equipment RUL prediction, such as the aircraft turbofan engine and
industrial washing machines. Within each branch of AMBFNet, the LSTM net-
work is responsible for modeling the input sequences of n sensors. The attention
mechanism then dynamically assigns weights to the sequenced data to determine
which time-series and multi-variate sensor data require more attention, relatively.
Then, the sensor data and the attention weights from all branches are aggregated.
Finally, a fully-connected network (FCN) performs regression based on the branch
aggregated data and forces the FCN to learn and select more essential RUL predic-

tion features. Note that each feature branch includes the batch normalization layer
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FIGURE 6.2: Overview of attentive multi-branch feature network.



Chapter 6. RUL Prediction of IloT-Enabled Equipment using AMBFNet 123

®

(a)

i

@
fe
a

tanh

1
. 0
L J

@ | ||
@<

FIGURE 6.3: Overview of LSTM cell.

and appropriate activation functions to minimize model over-fitting between differ-
ent models, see Figure 6.2b. Before discussing the remaining model components,
we explore a uni-branch feature extractor, as shown in Figure 6.2b, to explain the
AMBFnet model.

6.3.2 Long Short-Term Memory (Encoder)

The long-short term memory network (LSTM) [52] is a type of RNN for modeling
long sequences of data by temporal learning of feature patterns. Without loss of
generality, we consider M = 1 machine and N sensors, which results in an input
sample of X = {x1,z9,..., 21} at each time-step ¢ with a data sequence length of
L. LSTM comprises a collection of information-processing gates that are controlled
by the current values of the input x%M’N) and cell ¢; at time-step ¢, in addition to
various gate-specific characteristics. Specifically, the forget gate f;, input gate i,
output gate o;, the hidden state h; at time-step ¢, and the memory state c¢; are
all components of a typical LSTM cell, see Figure 6.3. The gate structures are

formally described as follows:

fi=o (Wf . [ht_l,xEN)} + bf> ,

i = o (Wi : [ht_l, x§N>] n bi> :

& — tanh (WC - [hH, xiM’N)] + bc> ,
= fr*kci_q + 1y % Gy,

0= 0 (Wo~ [ht,l,xEN)} + bo) ,

hy = o4 * tanh (¢;) ,



124 6.3. Solution of Deep Learning

where by, b;, b., and b, are bias vectors for input vector of sensor data ng’N) at time-

step t; Wy, W;, We, and W, denotes the weight matrices; ¢, represents a candidate
for some cell state at time-step t; h;_; represents the state of the hidden layer at
time-step £ —1; * represents the element-wise vector multiplication, and the sigmoid

activation function o governs the gating behavior.

Overall, the LSTM ingests input sequence X and outputs L sequence of hidden
states as in (6.3). In some sense, the LSTM assumes a pseudo feature encoder role
fene with formal definition in (6.4).

Q - {hjzl, hjzg, ey hj:L} 5 (63)
Y= fenC(X)- (6'4)

Although [53, 55, 103] have previously examined the use of LSTM for RUL pre-
diction, the performance of RUL prediction is not as competitive as CNN-based
models. We hypothesize that [55] and [103]’s sole use of LSTM-based network
configurations may obfuscate feature analysis at the regression model layer. Fur-
thermore, current LSTM models have a propensity for catastrophic forgetting when
modeling extensive data sequences. We, therefore, propose to mitigate these prob-
lems using an attention mechanism to supplement the LSTM network and provide

additional feature-based information to enhance the RUL prediction performance.

6.3.3 Local Attention (Decoder)

[57] proposed an attention method based on how people learn to focus on some
regions of a picture during image recognition. Specifically, the attention mecha-
nism dynamically weighs the importance of various pixel areas for every image.
The attention method and its variants are a staple component for modern neural
network architecture and can be found in various applications, including speech,
language translation, and time series prediction [148, 149]. The attention model’s
role in RUL prediction is to annotate critical features (i.e., sensor values) for mul-
tiple sensors across all time steps. In contrast to the LSTM network, we consider

the attention model as a pseudo decoder.

Three parameters are input into decoder model fy.. to retrieve the decoder’s current

hidden state s; at time step j: context vector (z;), LSTM encoder output (y;)
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from (6.3), and the decoder’s previous hidden state s;_;. We formally define these

variable’s relationship in (6.5).
Sj = fdec(zjvhj>sj—l)7 (65)

Recall Chapter 2.1.5, the central concept of attention mechanism is attributed
to the attention score c¢; which weighs the importance of a feature input. For
computation of the attention scores with respect to LSTM encoder output, we

redefine z; as a weighted sum of h; in (6.6) and Figure 6.4.

N
5= ) aish;, (6.6)
=1

where z; denotes the decoding position j, h; for the j™ encoder state in (6.3), L
represents the data sequence length from the LSTM encoder, and «;; represents
the degree to which the i*" output should pay attention to the 7 input. Therefore,
we can obtain «;; by computing the softmax over the attention scores e; ; of the

inputs in relation to the i*" output as in (6.7).

exp(e; ;)

, 6.7
2521 exp(e; ) 67)

QG5 = softmax(ei’j) =

where
€ij = f(sic1, hj)- (6.8)

Note that f is an alignment function (i.e., alignment score) which grades how

é Gl [~ B (]

FIGURE 6.4: Attention-based context calculation for encoder hidden states.
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Alignment Score

Variants . Reference
Function
General h) W,h [150]
Dot product h hg [150]
Scaled dot product h\;—d}; [57]
Additive attention v, tanh(W, [h; : hy]) [75]
Generalized Kernel d(hi) T p(hy) [151]

TABLE 6.1: Examples of attention-based variants with corresponding alignment
score functions.

well the inputs near position j and the output at position ¢ match, s;_; denotes
the hidden state from the previous time step, and j’ denotes the next position.
The alignment function can be approximated using neural networks and optimized

using gradient methods, such as gradient descent.

According to [149], there exists various attention-based variants: (i) additive atten-
tion, (ii) self-attention, (iii) scaled dot-product attention, and (iv) multiplicative
attention. Table 6.1 depicts the attention variants categorized according to their
alignment score (hj, hs) (i.e., f in (6.8)). Herein, the trainable weight matrices W,
and v,, source hidden state hg, length of input hidden state dj, and target hidden
state h;.

Unlike the existing works (e.g., [55, 103, 152]), which adopt multi-head attention
for RUL prediction, we adopt the self-attention[153] method instead of prioritizing
the LSTM network’s output data sequences. The critical distinction is that self-
attention may use any of the alignment score functions in Table 6.1 and requires
the locations of the input sequence to calculate and output a representation of the
sampled sequence [153]. Notably, the self-attention method calculates the following
variables from (6.9) to (6.12): attention weight a4, the alignment scores h; s, the

alignment model e; j/, and context vector z;.
hij = tanh(z] Wi + ] Wy + by), (6.9)

61‘7]' = O’(Wah@j + ba), (610)

a;j = softmaz(e;;), (6.11)
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L
5= aih;, (6.12)
=1

where the weights W € {W;, W, W,} and biases b € {b;, b, } are trainable param-
eters to be learned, and o denotes the sigmoid activation function. Furthermore,
we adopt the multiplicative attention method in (6.13)[150] for calculating the at-
tention score or branch score, in the context of AMBFNet model. We argue that
multiplicative attention is a more efficient use of memory and computing resources
than the above-mentioned alternatives by exploiting modern graphical processing

units (GPUs) for matrix multiplication.

branch = score(h;, h;) = h] Wh;, (6.13)

6.3.4 Multi-branch Attention

Unlike [57], we consider separate instances of the attention mechanism as a branch,
where each branch is responsible for learning from the assigned sensor data se-
quences. When dealing with multiple sensors (i.e., branches), our proposed AMBFNet
model concatenates N branches to generate output s and is termed multi-branch
attention in (6.14). Although figure 6.5 depicts the AMBFNet with N = 4 sensor
inputs, AMBFNet can accommodate multi-variate time series data for up to N

inputs or features.
5= concat[{bmnchp}g:l}, (6.14)

6.3.5 RUL prediction

The multi-branch component in (6.14) is part of the network, with its output
routed to the concatenation layer for aggregation purposes. The branch-based
information enhances the model’s understanding by aggregating the data to pro-
vide an overall spatial representation via feature ranking, increasing the feature-
to-noise ratio to improve overall RUL prediction performance. The concatenated
data then undergoes feature mapping to a single RUL value, see (6.15), via the
stacked fully-connected network (FCN) layers. Finally, a single RUL prediction

value is estimated, as shown in Figures 6.2a and 6.5.

RUL = fprea(s). (6.15)
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where f,req represents the non-linear FCN model, RUL denotes the predicted RUL

value, and s as the aggregated data from the multi-branch network.

6.3.6 Handcrafted Features

Feature engineering is widely known to increase the accuracy of a machine learn-
ing model, with some success on RUL prediction reported in [43]. Our study
also discovered numerous sensors exhibiting shared properties via exploratory data
analysis. For example, we observed properties such as increasing and decreasing
trend lines from raw sensor data. Additionally, we adopted the exponential mov-
ing average approach to creating smoothing features for each trend. Notably, we
normalize these new handcrafted features and the original sensor data for N + 3

sensor inputs.

6.3.7 Incremental Learning

DL models require reasonably large data to achieve good RUL prediction perfor-
mance. During early model deployment, however, only limited high-quality data is
available. Unfortunately, transfer learning’s efficiency cannot be guaranteed when
applied to real-world data with stochastic properties, resulting in lower prediction
accuracy performance (i.e., negative transfer)[154, 155]. As more data becomes
available, setting the criteria (e.g., frequency and minimum data points) to trigger
model re-training is non-trivial and dataset-specific. In addition, frequent access
to cloud computing resources for model re-training is costly and poses privacy
and security risks. Conversely, continual training on limited data leads to model

over-fitting.

We offer an incremental learning technique to address these concerns and assume
online model re-training occurs on an edge computing device to guarantee the
privacy of both data and application. Specifically, only partial model parameter
updating is allowable for accuracy improvements in the short term without over-
fitting. Consequently, the pre-trained model significantly reduces the time required
to train a model on new data, as shown in Figure 6.6, and augments the model’s
knowledge with new data batches. Besides, establishing the ideal batch size config-
uration that delivers the lowest prediction accuracy deviation while reducing model
training time is an under-explored topic in the existing literature but is valuable

to industry practitioners.
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FIGURE 6.6: An incremental learning strategy which enriches a pre-trained
model’s knowledge with new data.

6.4 Experiments

Within this section, we evaluate the proposed AMBFNet model on two real-world
datasets and conduct extensive experiments to demonstrate the efficacy and gener-
alization of our approach. Each dataset is described briefly in its own sub-section

and is subjected to the same pre-processing and evaluation metrics.

6.4.1 Dataset Description
6.4.1.1 C-MAPSS Dataset

NASA produced the Commercial Modular Aero-Propulsion System Simulation (C-
MAPSS) dataset [6] to simulate turbofan engine deterioration. Based on operating
circumstances and failure modes, we summarize the four distinct data subsets in
Table 6.2. For example, the FD001 subset contains 21 sensor measurements, fault
modes, and operating conditions. Sensors such as speed, pressure, and temperature
data are necessary to monitor each subset’s turbofan engine condition. Then, var-
ious turbofan engine data are divided into training and test sequences to facilitate
verification. Furthermore, the diverse wear rate and manufacturing variances make
RUL prediction challenging. Besides, the dataset’s objective is to perform RUL
prediction for any turbofan engine in the test dataset using raw sensor data, and
Figure 6.7 depicts an abstract representation of the turbofan engine with detailed
C-MAPSS information in [4].

Not all sensor measurements offer useful information for estimating RUL, sensor

values that stay constant over time can be disregarded. For example, we eliminated
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FIGURE 6.7: Abstract representation of turbofan engine[4].

Dataset FD001 FDO002 FDO003 FDO004
Training Sequences 100 260 100 249
Testing Sequences 100 259 248 100

Operating Conditions 1 6 1 6
Fault Conditions 1 1 2 2

TABLE 6.2: C-MAPSS Dataset [6] details.

sensors [1,5,6, 10,16, 18,19] and setting3 from FD001 and FD003, as initially pro-
posed in [45]. However, we consider all FD002 and FD004 data for model training.
Lastly, we identify and augment existing dataset values for RUL prediction using

the proposed handcrafted features in all C-MAPSS subsets.

6.4.1.2 IWM Dataset

The dataset comprises machine data collected from an automotive manufacturing
plant in China. The machine of interest is an industrial washing machine (IWM)
responsible for cleaning manufactured automotive parts with various failure types
and operating conditions summarized in Table 6.3. According to maintenance log
data, we identify eleven different failure types across three different machine oper-
ating conditions: idle, busy, and failure. Sensor data from each machine, such as
pump speed, nozzle pressure, and pump gear, are critical input parameters that the
in-situ machine controller processes prior to actuating the pressure regulator valve
(i.e., drv valve) seen in Figure 6.8. Note that the pressure regulator valve main-
tains the output nozzle pressure within the machine manufacturer’s specifications.
Through exploratory data analysis, feature engineering, and feature selection, we
derive the lifecycle and RUL information for the IWM dataset. Overall, nine sen-

sor features are available, with the dataset split into training and test, respectively.
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Dataset Set 1
Machines (Train) 13
Machines (Test) 13

Operating Conditions 3
Fault Conditions 11

TABLE 6.3: IWM dataset details.
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FIGURE 6.8: Abstract representation of the IWM system.

We made extra efforts to ensure an even distribution of failure events across both

training (Xirain) and test (Xiesy) datasets with limited failure data.

6.4.2 Data Pre-processing

Given that identical sensors provide different values under various operating con-
ditions, we normalize sensor data using min-max normalization to [0, 1]. Conse-
quently, model convergence is accelerated, and the effects of different operating
conditions are minimized. For model training purposes, each data subset (e.g.,

FDO001) is split into training and test sets as 80% and 20%, respectively.

A sliding window of size L is considered to segment the data according to step-
size ¢, see Figure 6.9. Given the run-to-failure characteristics, the sliding window
moves with ¢ steps from the initial cycle to the final cycle, and T" denotes the total
operating life-cycle of each machine or engine. Following this, the window sample
size over n € {1,..., N} sensors is L x n. Conversely, only the last data segment
window size is used for each machine (i.e., washing machine or turbofan engine) in

the Xi. dataset.
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FIGURE 6.9: Sliding window across multiple sensors (i.e., features).

The RUL for the initial sample window ¢ and (i+1) is shown in Figure 6.9. Notably,
the initial degradation of the machine is inconsequential as more consideration
should be given towards the end of the machine’s operation cycle. The assump-
tion is reasonable in practice and investigated in previous works [156]. Moreover,
the adoption of piece-wise linear RUL [157] improves the model’s RUL prediction
performance [53, 55, 158] and is formally described in (6.16). In this work, we
configure RUL,,.x = 125, L = 90, and ¢ = 1. In addition, we investigate the effects
of L € [30,50,70,90,100] to illustrate the effects of a sliding window on different

datasets.

T—L—gi, if RUL < RULupax,
RUL = { Ll (6.16)

RULax,  Otherwise.

Meanwhile, labeled data and the ground truth are not always available in practice.
Likewise, determining a threshold for automatic triggering of incremental model
training is challenging. In this regard, we recommend dedicating 50% of the re-
spective datasets to emulate fresh data and the remaining 50% to initial model
training. For instance, we randomly select fifty C-MAPSS engines for initial model
training before subjecting the remaining turbofan engines to incremental learning.
Additionally, we examine the effects of performance deviation and training time
savings associated with new data batch sizes for C-MAPSS and IWM datasets,

respectively.
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Due to AMBFNet’s unique model design, the data pre-processing step for both Xiegt
and Xirain requires re-shaping such that N branches correspond to N sensors. To
evaluate the performance benefits of our approach, we perform a model ablation
study. Another benefit of our proposed architecture is its design flexibility to

diverse sensor input combinations.

6.4.3 FEvaluation Metrics

We evaluate our prediction models using well-recognized prognostic metrics of root-
mean-square-error (RMSE) and score function [6]. From (6.17), the RMSE quanti-
fies the cumulative errors in model predictions, where N denotes the total number
of samples; y; and y; denote the predicted RUL and true RUL values, respectively.
On the contrary, the score function in (6.18) intends to penalize late model pre-
dictions (i.e., ; > v;), which may result in severe failure consequences practically.
This assumption is vital for timely maintenance actions based on accurate RUL
predictions. Specifically, the lower the RMSE and score function values, the higher

the prediction accuracy.

1
RMSE = NZ@_%)?, (6.17)
i=1
Zf\; eyii”yi -1 ) if ij < Yi,
Score = Nl - (6.18)
e 1 —1), Otherwise.

=1

6.4.4 Experiment Setup

To evaluate our proposed AMBFNet approach, we conduct an initial test using the
FDO001 training dataset before validation on the test dataset. Then, we assess the
model performance against comparable LSTM-based state-of-the-art (SOTA) mod-
els such as LSTM, LSTM-MLSA, and LSTM-Attn. Based on the results obtained,
fairly extensive fine-tuning is necessary to extract the maximum performance for
the respective datasets and subsets. Note that all benchmarks utilize identical

training and test datasets.

AMBEFNet features multiple branches of sequence modeling block. Each sequence
modeling block (i.e., branch) comprises of single-layer LSTM model with 100 hidden

units for sequence modeling, and data is piped to the attention block, comprising
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64 hidden units, and prioritizes essential time-series features. Individual branch
data are merged and processed by two fully-connected layers of node sizes 50 and
1, respectively. For more efficient learning, we included batch normalization and
utilized FarlyStopping and ModelCheckpoint methods to prevent model over-fitting.
The Adam optimizer learning rate is 0.00003 and is trained for up to 200 epochs.
A batch size of 512 is set to help stabilize model performance while speeding up

the model training process.

According to Table 6.2, the FD001 and FDO003 subsets’ operating conditions are
simpler than FD002 and FD004. Surprisingly, our independent exploratory data
analysis reveals that operating conditions may vary across time-steps rather than
between different engines within the C-MAPSS dataset, as previously hypothe-
sized. Therefore, we perform an additional benchmark for AMBFNet to compare
the potential performance difference between normalizing data across all sensors
versus individual operating conditions. Finally, we compare AMBFNet’s perfor-
mance on the IWM and C-MAPSS dataset against popular machine learning ap-
proaches such as convolutional neural networks (CNN), LSTM, and multi-layer
perceptron (MLP). Note that the reported experiment results are averaged over

five independent runs to account for the stochastic nature of neural networks.

6.5 Discussion and Results

6.5.1 C-MAPSS Dataset
6.5.1.1 Window Size Analysis

The prediction model’s performance is often dataset-dependent and highly influ-
enced by the choice of window size. We investigate AMBFNet over a wide range of
window sizes (i.e., L), with intriguing results in Figure 6.10. Take FDO0O01 for ex-
ample, both RMSE and score performance improves significantly for 70 <L <100,
hitting a performance plateau for L > 100. Unlike [55], the batch normalization
layers minimize model over-fitting and enable AMBFNet to surpass SOTA mod-
els. Contrary to the suggestions of [50] and [56], which assert that performance
degrades for L > 30, Figure 6.10 clearly illustrates the benefits of larger window
sizes. Considering the prediction model’s objective is to achieve low RMSE and

score values, we effect L = 90 across C-MAPSS subsets.
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FIGURE 6.10: Window size performance evaluation (lower is better) on C-
MAPSS subsets FD001 (a, b) and FD002 (c, d).

6.5.1.2 Model Ablation Study

We illustrate the efficacy of our proposed approach sequentially, from LSTM to
AMBFNet, and summarize the findings in Table 6.4 for the reader’s convenience.
In addition, the hidden units of the LSTM network remain constant throughout
the ablation study. During the model training process, the attention mechanism
uses dynamic feature weighting to help the prediction model focus on vital degra-
dation features (i.e., sensor data). Notably, the multi-branch and feature crafting
mechanism is shown to improve prediction performance significantly. For exam-
ple, combining attention with multi-branch mechanisms results in a 35% and 80%
improvement in RMSE and score, respectively. Similar increases are observable
for FD002, with up to a 95% increase in score results (i.e., higher prediction accu-

racy towards the end of the machine cycle). However, adding handcrafted features
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FDO001 FD002
. RMSE | Score | RMSE | Score
LSTM 14.15 | 212.12 | 35.60 | 8947.50

LSTM + Single Attention
Feature Net (AFNet)
Multi-branch AFNet
(AMBFNet) 9.21 79.76 13.54 467.06

AMBFNet + Handcraft. 9.29 77.05 14.22 530.44

13.98 | 244.78 | 14.29 644.16

TABLE 6.4: Model Ablation Study.
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FIGURE 6.11: Comparison of operating condition-based data normalization for
FD002 and FD004 with AMBFNet.

makes the prediction model less accurate, which we ascribe to the various operat-
ing conditions. Hence, the omission of handcrafted features for FD002 and FD004
subsets. Lastly, the attention mechanism significantly improves RUL prediction,

especially when processing the relatively complex FD002 subset.

6.5.1.3 Sensor normalization for FD002 and FD004

We note that [113] and [159] achieve SOTA results with brief mentions of such
normalization methods without further explanation. In addition, the performance
benefits arising from such normalization is not discussed. To the best of our knowl-
edge, we are the first to highlight the potential performance benefits and summa-
rize our empirical results in Figure 6.11. For instance, we observe RMSE result
improvements of between 21% and 31% in Figure 6.11a. Similarly, Figure 6.11b
illustrates impressive score improvements of between 42% and 61% for the FD002
and FD004 datasets. Hence, we use the condition-based normalization results for

comparison in Section 6.5.1.4.
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6.5.1.4 Comparison with State-of-the-Art Methods

We compare our AMBFNet model against recent SOTA results and conventional
deep-learning and machine learning approaches. According to Tables 6.5 and 6.6,
the efficacy of our approach is very promising in all subsets except FD004. When
evaluating the easier FD001 and FDO003 subsets, the RMSE improvements over
SOTA results are around 20%. Similarly, the score improvements are 65% and 50%,
respectively. On the complex FD002 and FD004 subsets, the benefits of operating
condition-based data normalization are evident, with reported improvements of
24% and 70% for RMSE and score, respectively. Comparing our AMBFNet model
to recent LSTM-based works [103] and [55], our model readily outperforms their im-
plementation without requiring hand-crafted features or rigorous hyper-parameter
tuning. Additional comparisons to the transformer encoder-based approach in [160]
show that our AMBFNet’s RMSE scores are 32% more accurate.



TABLE 6.5: RMSE comparison with existing works on C-MAPSS

Machine Learning Deep Learning Hybrid

MLP RF CNN | LSTM | DONN | AutoEncoder | LSTM-MLSA | KDnet-RUL | AGCNN ib}rf;\ﬁ(‘ifégg P q

[49] [45] [49] (53] [50] [51] [103] [113] [56] 5] ropose
FD001 | 37.56 17.91 1845 | 16.14 | 12.61 13.58 11.57% 13.63 12.42 14.53 9.29
FD002 | 80.03 2059 | 30.29 | 24.49 | 22.36 19.59 14.02% 14.47 19.43 - 10.66
FD003 | 42.00 20.27 19.82 | 16.18 | 12.64 19.16 12.13% 12.95 13.39 - 9.68
FD004 | 77.37 | 31.12 20.16 | 28.17 | 23.31 2215 17.21 15.96% 21.50 27.08 14.26
Average | 59.24 | 2472 [ 2443 | 2124 | 17.73 | 18.62 [ 1373 | 1373 | 16.68 | 20.81 | 11.96

The bold results represent the best performance (lower is better); * denotes prior best performance; - denotes did not report.

TABLE 6.6: Score comparison with existing works on C-MAPSS (rounded to nearest number)

Machine Learning Deep Learning Hybrid
MLP RF | CNN | LSTM | DCNN | AutoEncoder | LSTM-MLSA | KDnet-RUL | AGCNN ibgi\ﬁgﬁgﬁ P B
[49] [45] [49] 53] [50] [51] [103] [113] [56] 53] ropose
FDO01I | 17,970 480 1287 | 338 274 228 253 362 226% 322 77
FD002 | 780x10% | 7046 | 13,600 | 4450 | 10,400 2650 899* 929 1492 . 271
FD003 | 17,410 711 1596 852 284 1727 370 327 227% . 113
FD004 | 562x10% | 4656 | 7886 | 5550 | 12,500 2901 1558 1303* 3392 5649 847
Average | 336x107 | 3223 | 3032 | 1798 | 5864 | 1877 [ 770 [ 730 | 1334 | 2986 [ 280

The bold results represent the best performance (lower is better); * denotes prior best performance; - denotes did not report.
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As stated in Section 6.4.3, we expect more prediction errors early in the machine
degradation cycle, with increasing prediction accuracy as the degradation cycle pro-
gresses. For the reader’s reference, we illustrate the described prognostics behavior,
across all C-MAPSS subsets, in Figure 6.12, with degradation signals becoming
more pronounced as time progresses. Finally, we anticipate that untapped per-
formance gains are unlockable via comprehensive hyper-parameter tweaking using

grid search or bayesian optimization strategies.

6.5.1.5 Incremental Learning

Model drift in prediction performance necessitates continuous monitoring before
choosing whether to execute incremental learning or request an updated model
from the cloud for resource-constrained edge computing devices. Our experiments
empirically investigate the ideal data batch size configuration for incremental learn-
ing. According to Table 6.7, batch = 40 is the best configuration for FD001 and
FDO003. Likewise, we observe favorable RMSE and score outcomes in FD002 and
FDO004. In the case of FD004, where batches of new machine data significantly
overlap the existing model’s knowledge distribution, the model’s performance (i.e.,
RMSE and score) improves over the tabula rasa method and incurs significant
training time savings. Regarding incremental learning frequency, we recommend
comparing incremental learning and tabula rasa models weekly before determining
if the incremental learning model requires updating on the edge-computing device.
In summary, incremental training yields an average training time savings of 60%

across all NASA C-MAPSS subsets. In contrast to the baseline of tabula rasa

New machine RMSE Diff | Score Diff | Trng Time
Dataset data batch .
size (%) (%) Savings (%)
40 -8.22 -10.13 61.0
FDoo1 50 -2.54 -3.73 59.5
40 -4.43 -8.84 54.6
FDO03 50 -4.76 -4.80 49.5
40 -2.49 6.3 61.1
FD002 50 -0.76 -6.36 56.6
40 5.36 7.11 68.0
FDO04 50 0.36 -28.91 62.6

TABLE 6.7: Incremental learning - prediction accuracy vs training time savings
compared to baseline. Data batch size refers to the quantity of newly added
machines.
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FIGURE 6.12: Actual and predicted RUL values for random engines on the
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FIGURE 6.13: Model loss results for the IWM dataset.

training, we observe a mean difference of —1.1% and —4.9% for RMSE and score,
respectively (i.e., batch = 40). Finally, owing to the limited data in FD00O1 and
FDO003, the maximum batch=>50 for all NASA C-MAPSS subsets.

6.5.2 IWM Dataset

We empirically determined the sequence length as I = 40 and RUL clipping values
at 18,000 cycles. AMBFNet’s prediction performance is 6.7% better than vanilla
LSTM networks despite its large RMSE result. Further investigation indicates
that despite achieving an R? model fitting score of 0.92,%> the model loss results in

Figure 6.13 clearly exhibit classic model under-fitting characteristics.

In retrospect, the IWM dataset has 10 failure instances, whereas C-MAPSS subsets
have between 100 and 260 failure instances. Due to the limited failure instances,
we resort to manual data augmentation to artificially increase the failure instances,
with mediocre RMSE improvement. By interpreting these results with further anal-
ysis of the model training loss in Figure 6.13, it becomes more apparent that the
training dataset may have too few examples relative to the validation dataset, since
there is a significant loss gap after epoch 50. Hence, there are future plans to inves-
tigate methods to address this issue algorithmically and improve the dataset data
quality. To summarize this sub-section chapter, we attribute the low AMBFNet
prediction performance to a lack of failure events and the need for improved data

quality.

2Note that a high R? value implies robust model fit on the selected dataset.
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6.6 Summary

Data-driven PAM continues to be a critical area of research, aiming to minimize
unscheduled machine disruptions to production schedules. This chapter outlines
an end-to-end deep learning model, AMBFNet, for autonomous feature extraction
and RUL estimation on two industrial datasets. Specifically, we consider PdM a
multi-variate regression-based problem to predict RUL for heterogeneous industrial
machines. We then perform feature engineering to improve the feature signal-to-
noise ratio for AMBFNet, with prediction results exceeding state-of-the-art PdM
models. Furthermore, we empirically demonstrate that incremental learning yields
significant time savings than model training from scratch. Likewise, we conducted
extensive experiments to establish the best possible batch-sized data configuration
to achieve comparable prediction performance to model training from scratch. Be-
sides, our solution is automated and scalable for regression-based PdM problems
and has been unexplored in current literature until now. Finally, AMBFNet outper-
forms vanilla LSTM networks despite limited failure data from the IWM dataset,
and further investigations support the notion of model under-fitting. Chapter 7

provides several suggestions to overcome these problems in future works.






Chapter 7

Conclusion and Future Work

In this chapter, we first review the thesis’s contributions. We then identify prospec-

tive research directions that can be pursued using the PAM framework described.

7.1 Conclusion

The IToT is essential for manufacturers to remain competitive and offers real-time
insights into their business operations for resource optimization via increased sen-
sorization of equipment. In particular, this thesis exploits the differences between
PdM and RxM as the overall research motivation, presenting a PdM framework
for automated data analysis and the joint optimization of heterogeneous resources,
such as man and machine. We provide a summary of the significant contributions

of this thesis in the following paragraphs:

o Chapter /: We presented a DRL framework for an edge computing-based
predictive maintenance model to effectively manage the dynamic decision-
making process involving equipment maintenance, maintenance cost model,
and manpower resource. We formulated the complex resource management
as a DRL problem for learning an optimal decision policy given a stochastic
environment and time-series data. We evaluated the performance of the pro-
posed DRL algorithm using a maintenance repair simulator and compared the
findings against those of human participants. The simulation results verify
the efficacy of our framework and our DRL-based approach in addressing the

challenging maintenance resource management problem, outperforming both
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7.1. Conclusion

human participants and the comparable baselines in terms of convergence

rate and performance.

Chapter 5: Data-driven resource management is critical in the Industry 4.0
context for decision support to maintenance teams to minimize interruptions
to production schedules. We propose a two-stage TL-based DRL approach
for an edge-based machine group of predictive maintenance models. We begin
by framing the machine maintenance request events as a task optimization
problem based on the predictive model data. Following that, we formulate
the sequence of maintenance request tasks as a sequential decision-making
problem using the Markov Decision Process to learn an optimal decision pol-
icy and enable effective manpower resource management. We can inherently
accelerate the DRL model’s learning performance by enabling the proposed
DRL model to harness relevant experiences from similar machine configu-
rations. Empirically, our experiments demonstrate that coupling TL with
the two-stage PAM framework significantly improves learning efficiency and

performance over baseline methods.

Chapter 6: The ability to accurately anticipate a machine’s RUL is crucial for
reducing unexpected maintenance expenses. We present an attention-based
LSTM approach (i.e., AMBFNet) for RUL prediction to cope with the com-
plexities of multi-variate time-series data automatically. Specifically, the at-
tention mechanism automatically learns salient data characteristics while the
LSTM network focuses on sequential time-series features. Furthermore, we
propose simple handcrafted features to increase RUL model prediction per-
formance. Based on empirical findings on real-world datasets, the AMBFNet
model outperforms baseline methods by a minimum margin of 24% and ex-
isting state-of-the-art approaches by up to 70% on challenging open-sourced
real-world datasets. Besides proposing AMBFNet, we propose an incremental
learning-based approach to mitigate poor RUL model prediction performance
drift on resource-constraint edge computing devices. We identified the op-
timal batch-sized data configuration to achieve comparable RUL prediction
performance to tabula rasa model training via extensive experiments with
significant time and cost savings. Besides, our solution is automated and

scalable for regression-based predictive maintenance problems.
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7.2 Future Work

7.2.1 Enabling Prescriptive Maintenance through advanced

recommendation systems

Existing PAM approaches focus solely on improving machine reliability and as-
sume disentanglement from real-world production planning and scheduling, delay-
ing PAM adoption. Moreover, current PAM solutions offer limited to no recommen-
dations for maintenance actions, which is an essential step for attaining RxM [10].
We hypothesize similar benefits for PAM applications via advanced recommenda-
tion systems, considering the successful implications of DL-based recommendation
in real-world applications. Specifically, advanced recommendation systems will
holistically consider factory-wide resources and production planning parameters.
Examples of resource parameters include machine, human, and maintenance part
inventory. Likewise, what-if analysis, production scheduling, and warehouse inven-
tory management are examples of production planning parameters. Therefore, we
anticipate that PdAM-based advanced recommendation systems can offer online deci-
sion support to key manufacturing decision-makers and, when required, dig deeper
into the specifics. Consequently, decision-makers can swiftly and confidently make

better-informed decisions.

7.2.2 Effective Knowledge Transfer Methods for Reinforce-

ment Learning

Despite the plethora of advances in TL and DRL research, the adoption of a hybrid
framework of TL and DRL methodologies for PAM applications [39] was absent
prior to our study [18]. Nonetheless, knowledge advancements in hybrid frame-
works (e.g., TLD) can further accelerate PAM adoption in practice. Future works
on the interpretability of hybrid models, especially explainable representations of
DRL, are necessary to provide macro-level details to give decision-makers confi-
dence. Besides, approaches for quantifying task similarity to optimize knowledge
transfer methods in IIoT-enabled PAM problems are scarce. Likewise, the effects
of knowledge distillation on improving DRL’s learning efficiency is a potential re-
search problem. Lastly, the impact of offline-to-online reinforcement learning on
diverging task scenarios and learning convergence performance remains an open

research challenge and is an avenue for future work.
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7.2.3 Time-series Data Augmentation methods

Data-driven PdM approaches require significant learning samples to achieve great
prediction results. Inadvertently, failure and machine deterioration events are infre-
quent, and assembling a representative dataset is time-consuming. Interestingly,
our first-hand experience with the BOSCH industrial dataset concurs with the
aforementioned phenomena. A data augmentation strategy for time-series data has
recently been suggested to enhance prognostic outcomes but is not actively inves-
tigated in the prognostics literature [161]. Therefore, signaling the open research
challenge in time-series data augmentation techniques for general PdM applica-

tions.
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