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Abstract

In the context of Industry 4.0 and the Industrial Internet of Things (IIoT),
predictive maintenance has become a major challenge due to the increasing com-
plexity of industrial systems and the continuous generation of real-time sensor
data. This thesis presents an intelligent framework that combines Deep Learning
and Deep Reinforcement Learning techniques for Remaining Useful Life (RUL)
prediction and adaptive maintenance decision-making.The proposed framework
consists of two complementary stages. In the first stage, a hybrid CNN-LSTM
model is developed to learn degradation features and temporal dependencies from
multivariate aircraft engine sensor signals. In the second stage, the predicted
RUL is used by a Soft Actor-Critic (SAC) reinforcement learning agent to sup-
port adaptive maintenance optimization and decision-making.The framework is
evaluated using the NASA C-MAPSS datasets under multiple operating condi-
tions. Experimental results demonstrate accurate RUL prediction and reliable
maintenance decision-making, leading to a reduction in unexpected failures and
unnecessary maintenance interventions. The obtained results highlight the poten-
tial of integrating predictive analytics and adaptive control to support intelligent
maintenance management in Industrial IoT environments.

Keywords : Predictive Maintenance, Deep Learning, Deep Reinforcement Learn-
ing, CNN-LSTM, Soft Actor Critic (SAC), Remaining Useful Life (RUL), Indus-
trial Internet of Things (IIoT).



Résumé

Dans le contexte de l'Industrie 4.0 et de I'Internet des Objets Industriels
(IToT), la maintenance prédictive est un défi crucial en raison de la complexité
croissante des systémes industriels et de la génération continue de données de
capteurs en temps réel. Ce mémoire propose un cadre intelligent combinant les
techniques d’Apprentissage Profond et d’Apprentissage par Renforcement Pro-
fond pour la prédiction de la Durée de Vie Utile Restante (RUL) et la prise de
décision adaptative en maintenance.Notre cadre se compose de deux étapes com-
plémentaires. Premierement, un modele hybride CNN-LSTM est développé afin
d’extraire les caractéristiques de dégradation et les dépendances temporelles a par-
tir de signaux multivariés provenant de moteurs aéronautiques. Deuxiémement,
les valeurs prédites de la RUL sont utilisées par un agent d’apprentissage par ren-
forcement Soft Actor-Critic (SAC) pour optimiser les décisions de maintenance
de maniere adaptative. Le cadre proposé est évalué a 'aide des jeux de données
NASA C-MAPSS dans différentes conditions de fonctionnement. Les résultats
expérimentaux montrent une prédiction précise de la RUL ainsi qu’une prise de
décision fiable, permettant de réduire les défaillances imprévues et les interventions
de maintenance inutiles. Les résultats obtenus mettent en évidence le potentiel
de l'intégration de I'analyse prédictive et du controle adaptatif pour une gestion
intelligente de la maintenance dans les environnements I1oT.

Mots clés : Maintenance prédictive, Apprentissage profond, Apprentissage par
renforcement profond, CNN-LSTM, Soft Actor Critic (SAC), Durée de Vie Utile
Restante (RUL), Internet des Objets Industriels (IIoT).
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Introduction

The industrial landscape is rapidly evolving with the integration of the In-
dustrial Internet of Things (IIoT), which continuously generates vast amounts of
multi sensor data. Industrial equipment reliability is key to both manufacturing
performance and operational safety. Traditional maintenance methods rely on
static schedules or reactive strategies that are financially costly.

As a result, Predictive Maintenance (PdM) has emerged as a crucial strategy
centered on estimating the Remaining Useful Life (RUL), defined as the expected
operational cycles before a machine reaches a catastrophic failure threshold. Ac-
curately predicting RUL is challenging since industrial sensor data are complex,
noisy, and non-linear under varying conditions. Furthermore, merely anticipating
failure does not instruct operators on necessary actions. Thus, practical solutions
integrating these predictive alarms with autonomous decision-making remain rare.

To solve this problem we propose a combination of Convolutional Neural Net-
work and Long Short Term Memory (CNN-LSTM) architecture to predict machine
degradation from multivariate sensor data. Evaluated on the globally recognized
NASA C-MAPSS dataset!, the model efficiently extracts spatio-temporal features
to provide highly accurate RUL predictions under complex operational conditions.
Building on this, we propose a two stage artificial intelligence pipeline. In the
first stage, the CNN-LSTM perception module extracts features from noisy data
and predicts the RUL. In stage two, a Soft Actor-Critic (SAC) Deep Reinforce-
ment Learning (DRL) agent’s state space is defined by these outputs. This agent
recommends the optimum maintenance interventions by autonomously optimizing
decisions with a focus on risk reduction and improving overall system reliability.
The system is designed with an advanced predictive maintenance framework.

The rest of this thesis is organized as follows: Chapter 1 "Background” intro-
duces the concepts of Predictive Maintenance and the algorithms used, Chapter
2 "Related Work” looks at work and existing frameworks, Chapter 3 "Proposed
Methodology” details the experimental method, system design, and proposed ar-
chitecture, and Chapter 4 "Experiments and Results” presents the implementa-
tion, testing, and performance results of the proposed solution.

!Dataset available at: https://www.kaggle.com/datasets/behrad3d/nasa-cmaps



Chapter 1

Background

1.1 Introduction

Establishing the theoretical foundations of our proposed system is crucial be-
fore diving into the core methodology of this thesis. This chapter provides a com-
prehensive background by introducing the fundamental concepts and algorithms
that power modern intelligent industrial systems.

We start by examining the evolution of maintenance strategies, which led to
the Predictive Maintenance (PdM) paradigm and the critical role of Remaining
Useful Life (RUL) estimation. The fundamental Artificial Intelligence (AI) meth-
ods used in our perception module are then presented. In particular, we focus
on the use of Deep Learning architectures in multivariate time series forecasting,
such as Convolutional Neural Networks (CNNs) and Long Short-Term Memory
(LSTM) networks.

Finally, the chapter covers the principles of Reinforcement Learning (RL).
We detail the transition from predictive forecasting to active decision-making by
explaining the fundamental concepts of RL, such as Markov Decision Processes,
states, actions, and rewards, which form the theoretical basis for our autonomous
intervention framework. By the end of this chapter, the reader will have a clear
understanding of the theoretical tools utilized to construct our pipeline.

1.2 Evolution of Industrial Systems

The development of industrial production can be categorized into four ma-
jor revolutions, each representing a fundamental transformation in manufacturing
processes and, thus, maintenance practices [1].

1.2.1 Industry 1.0: Mechanization

The first industrial revolution began in the 18th century. It introduced ma-
chines powered by water and steam. During this time, people started to use
machines instead of doing things by hand. This change led to factories replac-
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ing farming work. The spinning jenny and steam engine were innovations, which
helped manufacture products more efficiently and faster [I]. Maintenance then
was mostly fixing things after they broke, and people did not do much to prevent
problems. As industries grew and electricity replaced steam, factories became
more complex. This made it clear that better maintenance was needed, which set
the stage for the industrial era.

1.2.2 Industry 2.0: Electrification

The Second Industrial Revolution, spanning the late 19th and early 20th cen-
turies, was driven by the introduction of electrical energy and mass production
techniques. The assembly line, pioneered by Henry Ford, enabled the standard-
ization and division of labor. Electrical power replaced steam, allowing factories
to operate more efficiently and at greater scale [1]. In parallel with these tech-
nological advancements, maintenance practices evolved modestly. Organizations
began to adopt time based preventive schedules for critical equipment to avoid
halting the newly established assembly lines. As these electrical systems became
more complex, the introduction of electronics and computers provided the tools
necessary to move beyond rigid schedules toward automated control.

1.2.3 Industry 3.0: Automation and IT

The Third Industrial Revolution started in the second half of the 20th century
with the introduction of electronics, programmable logic controllers (PLCs), and
information technology. This led to automation in manufacturing, which reduced
the need for humans to do tasks [1]. In addition, technologies such as Computer
Aided Design (CAD), Computer Aided Manufacturing (CAM), and Enterprise
Resource Planning (ERP) systems greatly improved production planning and in-
dustrial process management. With the growth of digital technologies, condition
based monitoring approaches also started to develop, allowing maintenance activ-
ities to rely on the actual condition of equipment instead of only following fixed
maintenance schedules. While Industry 3.0 digitized the factory floor, it set the
stage for the current era where these isolated automated systems are now fully
interconnected and intelligent.

1.2.4 Industry 4.0: Smart Manufacturing

The Fourth Industrial Revolution, Industry 4.0, represents the current era of
smart manufacturing, characterized by the fusion of cyber physical systems (CPS),
the Internet of Things (IoT), cloud computing, and artificial intelligence [2]. In In-
dustry 4.0 environments, machines are interconnected through IIoT networks and
continuously generate vast volumes of operational data. This data is processed us-
ing advanced analytics and machine learning algorithms to enable real-time mon-
itoring, autonomous decision making, and self optimizing production systems.
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1.2.5 Industry 5.0: Human-Centric and Sustainable Man-
ufacturing

Building on the automation foundations of Industry 4.0, Industry 5.0 is in-
creasingly focusing on the human element, although it largely remains an emerging
vision for the future. It brings together artificial intelligence and human exper-
tise [3]. This ensures that manufacturing processes can resolve problems, adapt
easily to changes, and minimize environmental impact. Industry 5.0 focuses on
the effective collaboration between machines and human oversight. This approach
enables human operators to safely interact with, monitor, and validate the actions
of intelligent agents, ensuring both safety and operational reliability.

To visually summarize this historical progression, Figure 1.1 illustrates the
continuous evolution of industrial systems, from the early days of mechanization
(Industry 1.0) to the emerging human-centric paradigm of Industry 5.0.

Industry 1.0

Mechanization,
water and steam
power

Industry 2.0

Mass production
and electrification

Industry 3.0

Automated
production and
computers

Industry 4.0

Smart factory, IoT
and Machine
Learning

Industry 5.0

Mass customization
and cyber physical
cognitive systems

o TS © ¢ %
Cw P %} LG £
| L ee—)

Figure 1.1: Evolution of industrial revolutions [4].

The technologies that distinguish Industry 4.0 from its predecessors, namely
IToT, big data, cloud computing, and digital twins, are not merely enablers of
production; they constitute the analytical infrastructure upon which modern in-
telligent maintenance systems are built. While industrial environments rely on
this broad spectrum of technologies, the following section focuses specifically on
the elements utilized in our proposed framework. We will examine the role of
Industrial IoT as the primary source of operational data, and the application of
advanced Artificial Intelligence algorithms to process this data for real-time pre-
dictive maintenance.

1.3 Enabling Technologies for Smart Maintenance

As illustrated in Figure 1.2, Industry 4.0 is supported by multiple technological
pillars. Specifically, the successful implementation of intelligent predictive main-
tenance depends on the seamless integration of robust data acquisition frameworks
with advanced analytical models. This section focuses on the four core pillars that
construct this analytical infrastructure: the Industrial Internet of Things (IIoT),
Big Data Analytics, Edge/Cloud Computing, and Digital Twins.
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Figure 1.2: The core technological pillars of Industry 4.0 [5].

1.3.1 Industrial Internet of Things (IIoT)

)

The IIoT acts as the “sensory nervous system” of the smart factory, trans-
forming physical mechanical stress into digital intelligence [6]. By offering high
quality data which is essential for identifying early warning indicators of degrada-
tion it tackles the problem of machine observability [7]. This reliable information
flow is essential for our autonomous decision making models, ultimately supporting
risk mitigation and improving overall system reliability [3, 9].

1.3.2 Big Data Analytics

To handle the unprecedented scale of 1IoT telemetry, Big Data platforms
provide the necessary computational foundation. They improve raw noise into
structured intelligence by enabling deep learning models to automatically discover
latent features without the bottleneck of manual feature engineering [2]. Ad-
ditionally, these frameworks facilitate the critical “History to Real Time” loop,
simultaneously processing historical logs for model training and real-time streams
for live inference.

1.3.3 Cloud, Edge, and Fog Computing

Processing massive industrial datasets requires a distributed hierarchy to bal-
ance computational power with latency [2]. Cloud computing offers the scale
needed to train complex artificial intelligence models, while Edge computing shifts
inference directly to the machine level. This distributed strategy ensures the sub
second local responses critical for real-time industrial safety.
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1.3.4 Digital Twin Systems

A Digital Twin is a dynamic synchronization layer that bridges physical real-
ity and computational simulation. In smart maintenance, it serves two functional
necessities: generating high variance simulated fault data to train robust diag-
nostic models, and providing a risk free, high fidelity environment to optimize
autonomous control policies virtually before physical deployment [10)].

1.4 Maintenance Strategies in Industry 4.0

The evolution of maintenance strategies represents a fundamental shift from
treating industrial assets as "black boxes” to managing them as "intelligent, trans-
parent systems.” As highlighted by recent studies on Industry 4.0 implementation,
this transition introduces both unprecedented opportunities for autonomous con-
trol and new operational challenges [11]. Figure 1.3 illustrates the four primary
maintenance paradigms implemented in modern industrial environments.

8,

Preventive Maintenance Run to Failure (R2F) or Corrective
) ) Maintenance
Maintenanceis performed due to . . ]
a schedule Maintenanceis performed when an
equipment failure occurs
A \ %
LN
M
Predictive Maintenance Prescriptive Maintenance
Monitoring of an equipment Calcnlatetheeffects of tie
nsing sensors or analytical tools variables cansing the failure

Figure 1.3: Different types of maintenance [12].

Each subsequent strategy was developed to resolve the practical limitations of
earlier frameworks, enabling the transition toward autonomous control and proac-
tive risk mitigation.

1.4.1 Reactive Maintenance

Reactive maintenance defers all intervention until equipment failure has al-
ready occurred. Although it eliminates upfront monitoring costs, this approach
is highly unsuitable for high-criticality environments. In such settings, unplanned
breakdowns frequently cause secondary damage and unexpected downtime, cre-
ating an economic burden and safety risks that far exceed the cost of proactive
monitoring [13].
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1.4.2 Preventive Maintenance

Using set schedules based on manufacturer guidelines or historical data, pre-
ventive maintenance aims to control risk. Despite its widespread use, its incapac-
ity to take into consideration the dynamic wear patterns and real-time operating
conditions of specific machines remains a serious shortcoming. This approach
frequently results in the “over-maintenance” conundrum, whereby healthy compo-
nents are eliminated early based on a calendar date or run-time threshold since it
depends on static timelines rather than actual equipment health. In addition to
wasting resources, this may introduce human mistake during needless disassem-

bly [13].

1.4.3 Predictive Maintenance

Predictive Maintenance (PdM) addresses the limitations of fixed schedules
through real-time condition monitoring to estimate a machine’s Remaining Useful
Life (RUL). RUL is defined as the expected number of operational cycles a machine
can perform before its degradation reaches a threshold of failure. Mathematically,
if t represents the current operational cycle and T, represents the exact cycle
at which the system breaks down, the actual RUL at time f is expressed as:

RUL(t) = Tfailure —t (1.1)

Accurate RUL estimation is the primary goal of prognostic algorithms. Tra-
ditional PAM operates as an open-loop system. It generates a prediction (e.g.,
estimating an engine failure in 10 cycles) without executing a response. The main-
tenance decision is decoupled from the prediction. This creates an “Information
to Action” gap, meaning the system relies entirely on human operators to mitigate
risks [7].

1.4.4 Prescriptive Maintenance

Prescriptive maintenance moves past prediction to offer recommendations and
autonomous actions. Predictive maintenance estimates when a component will
fail, whereas prescriptive maintenance identifies the necessary response. It rec-
ommends specific maintenance actions, dynamic scheduling, and adaptive control
adjustments to extend equipment life [14, 15].

To clearly outline the operational and technological distinctions between these
approaches, Table 1.1 provides a comprehensive summary of their key character-
istics, advantages, and limitations.
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Table 1.1: Comparison of Maintenance Strategies

Criteria Reactive Preventive Predictive Prescriptive
Maintenance Maintenance Maintenance Maintenance
Definition Maintenance Scheduled at Based on Actionable rec-
after failure fixed intervals real-time ommendations
monitoring and control
Approach Run to failure Time-based Condition-based  Analytics and
adaptive control
Data None Historical Sensor data Real-time data
Requirement schedule (IToT) and decision
models
Decision Reactive Predefined Human-assisted ~ Autonomous or
Making semi-
autonomous
Downtime High Moderate Low Very low
Cost Low Moderate High Very high
Efficiency
Complexity Low Low-Moderate Moderate-High High
Technology Basic tools Scheduling Sensors+ML/DL  Advanced
Used systems analytics, RL,
and Control
Systems
Key Simple Reduces failures  Early detection  Active risk
Advantage mitigation
Key High breakdown Over- High Complex
Limitation risk maintenance implementation  implementation
costs &

Sensitive to
data quality

1.5 Artificial Intelligence in Industrial Mainte-

nance

As illustrated in Table 1.1, the transition from reactive to prescriptive main-
tenance necessitates a significant increase in technological complexity. To achieve
this, Artificial Intelligence (AI) serves as the core engine, specifically through the
synergy of Deep Learning for perception and Reinforcement Learning for strategic
decision making. Al enables the system to move beyond static limits and adapt to
the dynamic, non linear nature of industrial degradation. The following sections
detail the evolution of these Al paradigms from traditional patterns to autonomous

systems.
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1.5.1 Machine Learning

Machine learning (ML) provides the foundational algorithms for extracting
patterns from sensor data. While supervised methods (e.g., Random Forests,
SVMs) and unsupervised methods (e.g., Isolation Forests) are established for RUL
estimation and anomaly detection, the efficacy of these models depends heavily on
complex, domain specific manual feature engineering [10].

This process traditionally requires domain experts to transform raw signals
into informative inputs. Statistical techniques, such as dimensionality reduction
and automated time series metrics, assist this extraction and reduce manual ef-
fort. These statistical methods typically assume linear relationships or rely on
shallow mathematical representations. Assets like turbofan engines generate high
dimensional IToT data with complex, non linear temporal interactions. Standard
statistical tools struggle to map the deep latent correlations within this data. This
limitation requires a transition to deep learning architectures, which autonomously
extract features directly from raw sensor inputs to evaluate equipment health.

1.5.2 Deep Learning

Deep learning overcomes the limitations of manual feature engineering by us-
ing multi layered neural networks to automatically extract hierarchical representa-
tions directly from raw sensor data [10]. In the domain of predictive maintenance,
several architectures have emerged as industry standards, each suited to specific
signal characteristics:

« Autoencoders (AEs): Primarily used for unsupervised anomaly detection.
AFEs compress normal operational data into a lower dimensional latent space
and reconstruct it [17]. When a machine begins to degrade, the reconstruc-
tion error spikes, serving as an early indicator of failure without requiring
labeled fault data.

« Convolutional Neural Networks (CNNs): CNNs extract local patterns
from input data. In the IloT context, these networks process sequential
sensor readings by scanning across time-series channels. This mechanism
captures localized fault patterns and filters operational noise [18]. Figure 1.4
illustrates this standard architecture.

Input Series
~
L8
LY
~

Convolution Pooling Flattening Fully

Figure 1.4: Standard architecture of CNN for time-series processing [19].
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« Recurrent Neural Networks (RNNs) and LSTMs: Industrial degra-
dation is a temporal process that requires sequence modeling. Standard
RNNs process time-series data but experience the vanishing gradient prob-
lem [20], making them incapable of which limits their ability to track long-
term trends. To overcome this limitation, Long Short-Term Memory (LSTM)
networks utilize a gating structure to selectively retain or discard historical
information. This architecture models the progressive degradation of rotat-

ing machinery [21]. Figure 1.5 details the structure of this network.
Yy
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Figure 1.5: LSTM network structure [22].

o Hybrid Models: Individual architectures do not address all I[ToT data chal-
lenges simultaneously. Research frameworks frequently implement hybrid
models, such as CNN-LSTM or CNN-BiLSTM networks. These structures
merge the local feature extraction of CNNs with the temporal forecasting of
LSTMs to process high-dimensional, time-variant data [23].

1.5.3 Reinforcement Learning for Decision Making

Reinforcement Learning (RL) is a distinct paradigm of machine learning in
which an autonomous agent learns to make sequential decisions by interacting
with an environment. Unlike supervised learning (which maps inputs to static,
human labeled data) or unsupervised learning (which finds hidden structures), RL
is fundamentally driven by a reward signal. It operates on the principle of trial,
error, and delayed gratification, optimizing a cumulative reward over time [24].

In industrial applications, RL provides the mathematical framework required
for autonomous decision making. The interaction between the RL agent and
the physical system is formalized mathematically as a Markov Decision Process
(MDP), which consists of four primary conceptual components [24]:

« State Space (S): Represents the condition of the environment at any given
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time step. In predictive maintenance, a state typically encapsulates the ma-
chine’s current operational parameters and its estimated degradation level.

o Action Space (A): The set of all possible interventions the agent can
execute. These actions can range from discrete choices (e.g., “continue oper-
ation” or “stop for maintenance”) to continuous adjustments (e.g., reducing
operational load or engine RPM).

« Reward Function (R): The critical optimization feedback. The agent re-
ceives positive reinforcement for favorable outcomes (e.g., safely extending
operational life) and incurs massive numerical penalties for negative out-
comes (e.g., allowing a machine to run to catastrophic failure).

« Policy (7r): The underlying strategy the agent develops. The ultimate goal
of any RL algorithm is to learn an optimal policy (7t*) that successfully maps
every possible state to the best possible action, thereby maximizing the long
term value of the system.

Integrating deep learning with reinforcement learning forms Deep Reinforce-
ment Learning (DRL). This architecture maps predictive outputs directly to au-
tonomous maintenance actions, establishing the operational basis for prescriptive
systems. Figure 1.6 illustrates this complete progression, from physical sensor data
collection to the final decision-making stage.

AN

Sensor embedded Data collection Feature Model RUL Decision
Physical System & Processing Extraction development Prediction making

Figure 1.6: Predictive Maintenance pipeline [25].

1.6 Challenges and Limitations of Current Sys-
tems

Transitioning Deep Learning prognostic models from controlled experiments
to Industrial Internet of Things (IIoT) deployments presents specific engineering
challenges:

o Data Quality Issues: Industrial sensor data is noisy and imbalanced. Run-
to-failure trajectories are rare compared to normal operational data. Train-
ing models on skewed datasets reduces accuracy, causing false alarms or
missed detections in safety-critical environments [7].

11
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+ Real-Time Constraints: Deep sequence modeling (e.g., CNN and LSTM
layers) requires high computational power, which conflicts with the low-
latency requirements of industrial controllers. Deploying these architectures
on edge devices is difficult due to hardware limitations, including restricted
memory, limited processing power, and the absence of dedicated inference
accelerators [2].

« Lack of Integration (Prediction vs. Control): Current industrial archi-
tectures lack integrated decision-making layers to translate high-dimensional
predictions into actionable control policies. Traditional Deep Learning mod-
els function only as perception modules to forecast degradation. The reliance
on human intervention or static, rule-based controllers creates an “Informa-
tion to Action” delay. This delay restricts proactive risk mitigation and
limits overall operational reliability [14].

Data quality and hardware deployment constraints fall outside the scope of
this research. This work focuses on the direct integration of predictive perception
with adaptive control. The proposed hybrid methodology links RUL estimation
directly to actionable maintenance decisions to improve operational reliability.

1.7 Conclusion

This chapter established the core concepts of predictive maintenance. It traced
the evolution of maintenance strategies to Al-driven prognostics and detailed the
mechanisms of CNNs, LSTMs, and Reinforcement Learning. The text identified
the operational disconnect between predictive perception and autonomous action
in industrial systems. The following chapter reviews the State of the Art (SOTA) in
recent literature. It analyzes existing methodologies to define the research gap and
introduces the proposed hybrid framework as a direct solution to these limitations.
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Literature Review and State of
the Art

2.1 Introduction

Chapter 1 established the theoretical concepts of predictive maintenance and
deep learning. Building on that foundation, this chapter reviews the academic
literature concerning Remaining Useful Life (RUL) estimation and maintenance
decision-making. We analyze the progression from traditional physics-based mod-
els to advanced deep learning architectures. This review identifies the current
limitations in industrial applications, establishing the context for our proposed
hybrid methodology to improve operational reliability.

2.2 Taxonomy of Intelligent Maintenance Sys-
tems

To categorize the methodologies in the current literature, we propose a taxon-
omy of Intelligent Maintenance Systems. As illustrated in Figure 2.1, intelligent
maintenance operates as a closed-loop framework divided into two main compo-
nents: perception-based prognostic models (which estimate machine health and
RUL) and prescriptive decision-making frameworks (which manage autonomous
control and maintenance scheduling). The following subsections review the state
of the art within each branch.
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Intelligent Maintenance Systems

Prognostic Perception Decision-Making
Autonomous Control

Traditional Data-Driven Classical Expert Autonomous

Model-Based Approaches Control Systems Agents

DRL: PPO, DDQN
SAC

PID Controllers Fuzzy Logic

Classical ML Deep Learning

ARIMA. SVR_ RF.. CNN, GRU, LSTM
Transformers

Figure 2.1: Taxonomy of Intelligent Maintenance Systems.

2.2.1 Traditional Maintenance and Model Based Approaches

Historically, machinery prognostics relied on structured physical laws or pre-
defined schedule based maintenance before the mass adoption of data driven
paradigms.

Model-Based Methods

Early research utilized mechanistic degradation models. (Paris and Erdogan,
1963) developed mathematical equations to quantify fatigue crack growth [20].
These analytical models provide accurate RUL estimations for isolated compo-
nents under controlled conditions. However, applying these methods to complex
systems, such as turbofan engines, introduces significant limitations. As high-
lighted by (Lei et al., 2018) achieving a complete understanding of the failure
mechanisms in complex mechanical systems is highly difficult, which heavily re-
stricts the application and scalability of purely physical models [27].

Preventive and Classical Methods

Parallel to physical modeling, traditional industrial systems utilize Preventive
Maintenance (PvM). This strategy schedules interventions based on average life
statistics rather than real-time component health. As noted by (Khelif et al.,
2016) [28], these schedule-based methods can result in either “over-maintenance”
(replacing healthy parts) or “under-maintenance” (unexpected failures).

To address these limitations, researchers applied statistical mapping and clas-
sical machine learning techniques, such as ARIMA and Support Vector Regression
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(SVR) [29]. Unlike deep neural networks, these conventional models typically re-
quire manual feature engineering to extract temporal patterns from raw sensor
data. This requirement for domain-specific feature extraction presents scalability
challenges when applied to complex industrial systems, motivating the adoption
of automated data-driven methods.

2.2.2 Deep Learning for RUL Prediction

The transition from classical machine learning to Deep Learning (DL) re-
duced the reliance on manual feature engineering through end-to-end learnable
representations. FEarly DL applications for RUL estimation primarily relied on
unsupervised generative models. For instance, (Zhang et al., 2016) [30] employed
Deep Belief Networks (DBNs) to extract underlying health indicators from raw
turbofan data, while other early studies utilized Stacked Autoencoders (SAEs) to
learn compressed representations of normal operating states [31]. These early ar-
chitectures treated multivariate sensor inputs as flat vectors, which limited their
ability to explicitly model spatial or temporal correlations.

To address the spatial complexity of multi-sensor data, researchers applied
Convolutional Neural Networks (CNNs) to the prognostics domain. (Babu et al.,
2016) [18] pioneered the application of deep CNNs for RUL prediction, demon-
strating that convolutional filters could successfully extract robust spatial features
while filtering high frequency noise. While effective for feature extraction, standard
CNNs process each sliding window independently. Lacking internal memory, they
face challenges in tracking the progressive, cumulative degradation of a machine
over its full operational lifetime.

To overcome the stateless nature of CNNs, sequence modeling using Long
Short Term Memory(LSTM) networks. (Zheng et al., 2017) [21] and (Wu et al.,
2020) [32] successfully demonstrated that LSTMs, applying their complex inter-
nal gating mechanisms, could effectively retain very long term degradation trends
across full engine life cycles without losing critical historical context. As a compu-
tationally lighter alternative, Gated Recurrent Units (GRUs) were also explored
by (zhou et al., 2022) [33], and even combined with manual feature extraction by
(Zhao et al., 2017) [31], to achieve similar temporal modeling. Nevertheless, a
practical limitation remains: when pure LSTMs or GRUs are applied directly to
raw, unfiltered industrial signals, their sequential processing makes them highly
susceptible to high-frequency sensor noise. This not only affects model convergence
but also significantly slows down the training process due to the computational
burden of modeling extremely long, noisy sequences.

This inherent noise sensitivity drove the literature toward Hybrid Architec-
tures, combining the spatial filtering of CNNs with the temporal memory of re-
current layers. (Al-Dulaimi et al., 2019) [23] established a robust benchmark by
applying the CNN-LSTM framework to machinery RUL prediction tasks, where
CNNs act as a front-end to clean signals before temporal processing.The neces-
sity of refining the input space prior to sequence modeling is further supported by
researchers such as (Zhu et al., 2023) [35] and (Sun et al., 2022) [36], who demon-
strated that fusing CNNs with recurrent layers not only improves deterministic
prediction accuracy but also significantly enhances the model’s resilience against
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multi scale sensor noise.

Seeking further improvements, recent studies have explored more complex
hybrid configurations. For example, (Zhao et al., 2020) [37] developed a CNN-
BiLSTM network to capture bidirectional temporal context, while other works
investigated CNN-GRU models [3%] to balance execution speed and sequence re-
tention. However, these alternatives present distinct disadvantages in prognos-
tics. BILSTM architectures often introduce unnecessary computational overhead
by processing future data points that do not influence the current health state.
Conversely, simplified CNN-GRU hybrids often struggle to retain the dependen-
cies of exceptionally long operational sequences. as a result , the forward facing
CNN-LSTM architecture remains a suitable and computationally stable choice for
machinery RUL prediction.

Recently, research has advanced toward self attention mechanisms and Trans-
formers. For instance, (Yu et al., 2025) [39] utilized a hybrid CNN-BiLSTM model
with a dual attention mechanism to dynamically weigh spatial and temporal fea-
tures, while fully Transformer based architectures, such as the two-stage hierar-
chical model proposed by (Fan et al., 2024) [10], have been developed to achieve
high prognostic accuracy. While these attention based models represent a state of
the art approach for deterministic RUL forecasting, their quadratic computational
complexity and high dimensional latent outputs present challenges for real-time
execution in low dimensional state spaces, such as those required by Deep Re-
inforcement Learning (DRL) agents. Consequently, the standard CNN-LSTM
architecture provides a favorable balance, delivering robust, noise resilient tem-
poral memory while maintaining the compact state representation necessary for
integrating an intelligent, closed loop decision engine.

2.2.3 Uncertainty Quantification in Deep Learning

While the evolution from standard RNNs to hybrid architectures has signif-
icantly improved the deterministic accuracy of RUL predictions, a critical gap
remains. The vast majority of the aforementioned models operate as determinis-
tic function approximators; they output a single, absolute point estimate for the
remaining useful life. In safety critical applications such as aerospace propulsion,
making irreversible maintenance decisions based on blind point estimates increases
the risk of catastrophic failure if the model is overconfident in a noisy data region.

To address this, the cutting edge of prognostic research has shifted toward Un-
certainty Quantification (UQ). The integration of Monte Carlo simulations with
deep learning architectures is increasingly recognized as a notably strategy for ro-
bust risk mitigation. For instance, recent studies by (Tong et al., 2021) [11] and
(Wang et al., 2023) [12] demonstrated that coupling Monte Carlo methods with re-
current networks effectively mitigates overfitting and provides reliable uncertainty
bounds. Similarly, in the context of aero engines, researchers like (Huang et al.,
2021) [13] explored Bayesian Neural Networks combined with LSTM autoencoders
to achieve high confidence RUL estimations.

As an efficient alternative to heavy Bayesian updating, Monte Carlo (MC)
Dropout transforms standard networks into risk-aware probabilistic estimators [15,
]. To understand how AT agents leverage these predictions for decision making,
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the next section explores the evolution of Deep Reinforcement Learning (DRL) in
adaptive maintenance controll.

2.2.4 From Prediction to Dynamic Action: Evolution of
Adaptive Control Frameworks

Although perception based prognostic models can accurately estimate the Re-
maining Useful Life (RUL) of an asset, forecasting alone does not automatically
resolve the operational dilemma of determining exactly when to perform mainte-
nance. Addressing this specific challenge translating predictive insights into ac-
tionable, dynamic prescriptive policies constitutes the primary objective of this
thesis.

Historically, translating predictions into maintenance actions relied on Expert
Systems and Fuzzy Logic [15]. These systems operate by mapping condition mon-
itoring data to specific maintenance decisions using predefined “IF-THEN” rule
bases. While highly transparent, these rule-based frameworks are inherently static
and rely heavily on manual tuning, making them difficult to scale. To automate
this process, researchers explored mathematical optimization techniques, treating
maintenance scheduling as a cost minimization problem using metaheuristics like
Particle Swarm Optimization (PSO) [16]. While effective for static optimization
snapshots, PSO requires significant computational resources to operate as a con-
tinuous control loop and faces challenges in adapting dynamically to unforeseen
stochastic failures.

To achieve autonomous, real-time adaptability, the research frontier shifted
toward Deep Reinforcement Learning (DRL). Formulating maintenance scheduling
as a Markov Decision Process (MDP) allows an agent to learn policies through
continuous environmental interaction. Early DRL applications utilized value based
methods. For instance, (Huang et al., 2020) [17] applied Double Deep Q-Networks
(DDQN) to optimize preventive maintenance in a serial production line. However,
value based algorithms like DDQN are restricted to discrete action spaces. As the
complexity of the industrial system grows, evaluating every possible discrete action
introduces computational challenges associated with the curse of dimensionality,
making these methods difficult to scale for continuous control settings.

To overcome the limitations of discrete value-based methods, the literature
adopted Actor-Critic architectures, such as Proximal Policy Optimization (PPO),
which directly optimize the decision policy. While PPO provides stable learning in
continuous spaces, its on-policy nature typically requires extensive environmental
interaction. In industrial maintenance scenarios, where machine failures are rare
and reward signals are sparse, on-policy methods often face challenges with sample
efficiency and may prematurely converge to sub optimal policies due to insufficient
exploration [18].

To address these sample efficiency and exploration challenges, research has
explored the Soft Actor-Critic (SAC) algorithm [18, 19]. SAC operates off-policy
to improve data efficiency and incorporates entropy maximization into its objective
function. Rather than strictly preventing local optima, this entropy regularization
encourages broader exploration of the state space, which helps mitigate the risk of
premature convergence and assists the agent in finding a more robust maintenance
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policy.

More critically, SAC is well suited to handle probabilistic state spaces. In a
study on aerospace prescriptive maintenance, (Lee and Mitici.,2023) [15] demon-
strated that feeding probabilistic RUL estimates generated via MC Dropout into
an Actor-Critic agent provides advantages over relying solely on deterministic pre-
dictions. By exposing the agent to the model’s epistemic uncertainty, the DRL
agent can learn a highly adaptive policy focused explicitly on reducing risks and
improving reliability. When the prediction is highly uncertain, the agent can
schedule early maintenance to mitigate risk; when the prediction is confident, it
extends the operational exploitation of the asset.

2.3 Summary of the literature review

Table 2.1 summarizes the reviewed literature, outlining the various prediction
techniques and decision making strategies employed in recent studies.

Table 2.1: Summary of the literature review.

Reference Dataset Prediction  Tech- Decision Mak- Limitations
nique ing
Zio and Di Maio [50] LBE-XADS (Nuclear) [51] Traditional Data Fuzzy Logic Static rule base; heavily relies
Driven on manual tuning by domain
experts; lacks dynamic adapt-
ability.
Zhang et al. [30] C-MAPSS [52] Deep Belief Networks None (Passive)  Deterministic outputs only; no
(DBN) actionable control or uncer-
tainty estimation.
Al-Dulaimi et al. [23] C-MAPSS [52] Hybrid CNN-LSTM ~ None (Passive) ~ Blind to prediction confidence;

unable to dynamically adapt
maintenance schedules.

Huang et al. [17] Simulated Serial Line [17] Raw System States DDQN  (Value Restricted to discrete action
Based) spaces; suffers from the curse

of dimensionality.
Aglogallos et al. [18] 2010 PHM CNC [53] RL Observation State PPO / A2C Prone to sub-optimal local

minima due to on-policy sam-
ple inefficiency and sparse re-

wards.
Lee and Mitici [15] C-MAPSS [52] CNN Soft Actor-Critic  CNN only; lacks explicit long-
(SAC) term temporal modeling.
Proposed Framework C-MAPSS [52] CNN-LSTM Soft Actor- Overcomes prior limita-

Critic (SAC) tions by separating multi-
condition states via K-
Means clustering prior to
probabilistic control.

2.4 Research Gaps and Thesis Contributions

2.4.1 Discussion of Research Gaps

The critical analysis of the literature reveals a research gap in intelligent
maintenance. Despite the use of Deep Learning in estimating the Remaining Useful
Life (RUL) of industrial assets, a “perception action gap” remains. Current hybrid
models, such as CNN-LSTM architectures, provide accurate RUL predictions but
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generally function as “open-loop” systems focused solely on condition estimation.
They forecast when a failure will occur but do not prescribe what to do about it,
lacking autonomous adaptive control capabilities.

Conversely, while Reinforcement Learning (RL) has shown potential for closed-
loop control within Industrial [oT environments, applying RL directly to raw, noisy
IToT sensor data often leads to large state spaces and poor training convergence.
Therefore, there is a need for a framework that bridges this functional disconnect
by combining feature extraction with autonomous maintenance scheduling.

2.4.2 Research Objectives

To address these identified gaps, this thesis aims to shift the industrial mainte-
nance approach from passive prediction to risk-aware adaptive control. The main
objectives are defined as follows:

1. To design and evaluate a model capable of filtering noise and extracting
spatiotemporal features from multivariate sensor data for RUL prediction.

2. To develop an agent utilizing the Soft Actor-Critic (SAC) algorithm that
leverages the perception outputs to autonomously prescribe maintenance
actions, balancing equipment exploitation with safety constraints.

2.4.3 Main Contributions

The primary contribution of this work is the integration of perception (Deep
Learning) and control (Deep Reinforcement Learning) into a Prescriptive Mainte-
nance framework. By substituting raw sensor data with uncertainty-aware degra-
dation states generated by the CNN-LSTM and Monte Carlo Dropout, this re-
search reduces the state-space complexity for the RL agent. This two-stage archi-
tecture aims to improve training convergence and produce effective, cost-sensitive
maintenance policies compared to isolated RL or standard prognostic approaches.

2.5 Conclusion

In this chapter, we have conducted a detailed review of the related work
and existing literature concerning RUL estimation and autonomous maintenance
decision making. We have critically analyzed the progression of prognostic models,
evaluating the transition from traditional model based and fuzzy logic approaches
to state of theart Deep Learning architectures. In addition, we have explored the
strengths and limitations of advanced networks, including CNNs and LSTMs, in
handling complex industrial sensor data.

The review also highlighted the recent shift towards adaptive control using
Deep Reinforcement Learning. We examined the evolution from value based meth-
ods like DDQN to policy gradient approaches like PPO and SAC, identifying the
critical need for uncertainty quantification and temporal memory in the decision
making process.
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Having established this critical evaluation of the current state of the art, we
are now poised to move forward into the proposed methodology in the following
chapter. By addressing the identified gap between accurate RUL perception and
automated decision making, we will introduce an integrated framework designed
to push the boundaries of intelligent, risk-aware, and adaptive industrial mainte-
nance.
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Proposed Methodology

3.1 Introduction

This chapter presents the core contribution of this thesis: an integrated Pre-
scriptive Maintenance framework designed to bridge the gap between failure pre-
diction and autonomous decision making. We propose a two phase methodology
to achieve this. First, a hybrid CNN-LSTM architecture is developed to extract
complex spatio-temporal features from raw industrial telemetry, providing robust
RUL estimations. Second, a DRL agent is introduced within a simulated envi-
ronment. By using the perception outputs of the CNN-LSTM, the DRL agent
learns to autonomously prescribe optimal control actions, effectively extending
the machine’s safe operational life while balancing production demands.

3.2 Problem Statement

Before detailing our proposed methodology, it is essential to formally de-
fine the dataset utilized in this study and the exact computational challenges our
framework is designed to resolve.

3.2.1 Data Description

The dataset utilized in our research is the Commercial Modular Aero-Propulsion
System Simulation (C-MAPSS) [52], provided by NASA. Tt is a widely recognized
benchmark dataset for predictive maintenance and RUL estimation. The dataset
contains simulated run-to-failure degradation trajectories of turbofan engines un-
der various operating conditions and fault modes. It is divided into four distinct
sub-datasets (FDO001 to FD004), the characteristics of which are detailed in Table
3.1.
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Table 3.1: Parameters of the C-MAPSS dataset.

C-MAPSS

Dataset FD001 FDO002 FDO003 FDO004
Train trajectories 100 260 100 249
Test trajectories 100 259 100 248
Operating conditions 1 6 1 6
Fault modes 1 1 2 2
Training samples 20,631 53,759 24,720 61,249
Testing samples 100 259 100 248

The multiple operating conditions in FD002 and FD004 introduce significant
signal variance, which obscures the subtle degradation signatures of the engine.
Consequently, this necessitates the implementation of a condition-aware prepro-
cessing layer within our framework to isolate the degradation trends from the
operational variations. Structurally, each of the four sub-datasets is provided in
three distinct files, as detailed in Table 3.2.

Table 3.2: Structure and purpose of the provided files in each C-MAPSS sub-
dataset.

File Type Description and Purpose

Training Set Contains complete run-to-failure trajectories for a set of
engines.

Testing Set Contains trajectories that are truncated at an arbitrary

point prior to failure.

Ground Truth RUL Provides the true RUL values corresponding to the last
recorded cycle of each engine in the testing set, serving
as the absolute evaluation baseline.

3.2.2 Target RUL Formulation (Piecewise Linear)

In physical turbofan engines, degradation is negligible during the early stages
of operation. Assuming a strictly linear decreasing RUL from the first cycle is
physically inaccurate and forces the model to learn non-existent degradation pat-
terns.

To address this, our framework employs a Piecewise Linear RUL target
function, capping the maximum RUL at a constant threshold of 125 cycles. This
threshold is a well-established standard in prognostics literature to prevent the
overestimation of early-stage predictions [21]:

125 if RULpetua (1) > 125

| (3.1)
RULactual(t) if RULactual(t) <125

RULtarget(t) - {
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This formulation ensures that the deep learning model focuses its capacity strictly
on the actual degradation phase rather than the healthy operational cycles.

3.2.3 Problem Formulation and Objectives

Based on the operational context and the provided C-MAPSS dataset, the core
problem is formulated around continuous monitoring and prescriptive decision-
making for degrading turbofan engines. Specifically, our framework is designed to
achieve the following two primary objectives:

1. RUL Prediction: To accurately predict the RUL of the engines by effec-
tively extracting spatiotemporal degradation features from complex, multi-
regime sensor data.

2. Adaptive Maintenance Scheduling: To leverage these predictions within
a RL environment to autonomously prescribe optimal maintenance actions,
mitigating the risk of sudden equipment failures while minimizing unneces-
sary early component replacements.

The subsequent sections detail our proposed methodology and describe how our
integrated architecture is designed to solve these specific challenges.

3.3 Overall Framework Architecture

The proposed prescriptive maintenance framework integrates Deep Learning
and Deep Reinforcement Learning to achieve accurate RUL prediction and intelli-
gent decision making. As illustrated in Figure 3.1, the complete system is designed
as a two-phase architecture:

Phase 1: Perception Module
This initial phase is responsible for processing raw data and estimating the health
state of the equipment. It consists of the first three steps:

e Step 1: Preprocessing: Raw multivariate sensor data collected from in-
dustrial equipment is cleaned, clustered, and smoothed to filter out severe
operational noise and extract true degradation trends.

« Step 2: Deep Perception (CNN-LSTM): A hybrid neural network au-
tomatically extracts local spatial features and long-term temporal dependen-
cies from the preprocessed sequences to estimate the deterministic Remaining

Useful Life.

o Step 3: Uncertainty Quantification (MC Dropout): To improve reli-
ability, stochastic forward passes generate a probabilistic distribution of en-
gine failure, providing a richer characterization of the system’s health state
and risk level.
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Phase 2: Deep Reinforcement Learning (DRL)
The second phase focuses entirely on autonomous decision-making based on the
perceptions gathered.

« Step 4: Adaptive Control (SAC Agent): The generated probabilistic
degradation state is fed into a Deep Reinforcement Learning environment. A
Soft Actor-Critic agent learns to dynamically prescribe effective maintenance
actions, balancing operational safety with maintenance costs.

STAGE 2 - DRL

STAGE 1 - PERCEPTION MODULE

Ra"vDse”s‘” W oo CNN- MC P(RUL)
ata ' cessing LSTM Dropout nto
C-MAPSS !

Maintenance
Decision

Wait / Schedule

Figure 3.1: Overall Framework Architecture.

3.4 Data Preprocessing Pipeline

Once the target RUL is formulated, the raw sensor data undergoes a rigorous,
multi step preprocessing pipeline. Because the subsets vary in complexity, a dual
strategy approach is applied to improve the raw sequences into a robust format
suitable for the perception layer. The pipeline is executed through the following
sequential steps:

1. Data Cleaning and Sensor Selection

The initial step focuses on dataset purification to reduce computational overhead
and prevent overfitting. The C-MAPSS dataset provides 21 sensor measurements.
However, a rigorous variability and correlation analysis revealed that 7 sensors
exhibit near constant values or are dominated by irregular noise. These uninfor-
mative features were systematically discarded. Thus, exactly 14 sensors demon-
strating moderate to high variability and strong monotonic correlation with degra-
dation were selected, as detailed in Table 3.3.

Table 3.3: Sensor physical classification and selection rationale based on the official
NASA C-MAPSS documentation [51].

Sensor Group Sensors Variability Over Time Correlation with RUL Selection Rationale

Temperature s2, s3, s4,s11 High Strong (monotonic) Clear thermodynamic degradation trends.

Pressure §7,88,513 Moderate Moderate Regime-sensitive behavior.

Speed related 512,515,516 High Strong Directly reflect mechanical wear and tear.

Flow & Fuel related 510,514,520, High Strong Highly correlated with engine health deterioration.
Near constant sl, s, s6, s18, s19 Very Low Weak / None Excluded due to constant variance over time.

Noise dominated s17, s21 Irregular Weak Excluded due to redundancy and lack of fluctuation.

2. Operating Condition Clustering (K-Means)
To address the severe operational noise inherent in the complex datasets (FD002
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and FD004), the K-Means clustering algorithm is applied to the three opera-
tional settings (Altitude, Mach Number, and Throttle). The number of clusters is
explicitly set to K = 6. The algorithm groups similar operational states, assigning
a discrete condition label (¢ € {1,...,6}) to every time step. Note: This step is
bypassed for FDOO1 and FD003, as they operate under a single condition (K =1).

3. Adaptive Data Normalization

With the operating regimes identified, the 14 cleaned sensor signals are standard-
ized. To handle the differing noise profiles, an adaptive scaling approach was
adopted:

« Min Max Scaling (FD001/FDO003): Applied globally to improve the
single condition sensor readings into a [0, 1] range.

« Robust Scaling (FD002/FD004): A Robust Scaler is employed to handle
extreme signal outliers during regime transitions. It centers data using the
median and scales according to the Interquartile Range (IQR). Notably, this
is applied independently within each of the six K-Means clusters.

4. Temporal Smoothing via Exponential Moving Average (EMA)
To extract the pure monotonic degradation trend from high frequency noise, an
EMA filter is applied:

st=a-x;+ (1—a) s (3.2)

An EMA smoothing factor of & = 0.3 is utilized for the stable FD001/FD003
datasets, whereas a heavier smoothing factor of & = 0.1 is applied to the highly
volatile FD002/FD004 subsets to aggressively filter out transition noise.

5. Sequential Data Windowing (Sliding Window)

Because the subsequent perception layer utilizes recurrent architectures designed
for sequential data, the preprocessed continuous readings are restructured into
discrete sequences using a Sliding Window technique. A time window of length
Ty slides over the data with a step size of 1. The input sequence X; is defined as:

X = [StherlrstherZ/ R ,St] € RTwx14 (3.3)

The sequence length was specifically configured based on dataset complexity: Ty, =
30 for FD001/FD003, and expanded to Ty, = 50 for FD002/FD004 to provide a

broader temporal context for decoding multi-condition patterns.

Having established the preprocessing pipeline that transforms raw sensor data
into clean, structured sequences, the following section details the CNN-LSTM
architecture that processes these sequences to estimate the RUL.

3.5 CNN-LSTM Predictive Model

The perception module is engineered to process high-dimensional sensor data
and accurately estimate the RUL. The exact architecture developed and deployed
in this study is illustrated in Figure 3.2. The model is sequentially structured,
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beginning with a 1D-CNN for spatial feature extraction, followed by LSTM lay-
ers for temporal sequence modeling, and concluding with a deep fully connected
network.

EH IoputData  Spatial Convolution (CNN) %“"*ﬂ Deep Dense Network  Oupat Layer
: b= K +b) swmw [ ISMLaer | i i
}wﬂmdwu

| SN

:WM“*‘*_.

:w\ﬂw%vv«\

Sensor Parameters

Figure 3.2: Architecture of the Proposed Hybrid CNN-LSTM model for RUL
prediction.

Following the architectural design, the model must be systematically trained
to learn the complex degradation patterns. The complete training procedure for
this hybrid architecture is outlined in Algorithm 1. The process begins by load-
ing the raw C-MAPSS dataset and applying the rigorous, multi step preprocess-
ing pipeline established in the previous section. Once the data is normalized,
smoothed, and segmented into discrete time windows, the sequences are fed into
the CNN-LSTM networks. The model maps these spatiotemporal features to a
deterministic RUL value, optimizing its weights iteratively using backpropagation
and dataset specific loss functions.
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Algorithm 1 CNN-LSTM Model Training for RUL Prediction

Require: Training dataset Dy, Sequence length L, Selected sensor features F
1: Load C-MAPSS dataset and compute target RUL
2: Perform data preprocessing:

» Feature selection

e Operating condition clustering
o Adaptive data normalization

« Signal smoothing (EMA)

Generate time-series sequences using sliding windows of length L

for each engine sequence in training set do
Extract spatial degradation features using 1D-CNN layers
Learn temporal degradation dependencies using Stacked LSTM layers
Output deterministic RUL prediction

end for

Calculate Training Loss

10: Train the CNN-LSTM model using backpropagation

11: Optimize model parameters using Adam optimizer

12: return Trained CNN-LSTM Model

Spatial Feature Extraction (CNN)

The initial layer is a 1D Convolutional layer equipped with 64 filters and a
kernel size of 3, using ’same’ padding to preserve the temporal length of the input
sequence. Given an input sequence X, the feature map h; generated by the i-th
filter is mathematically defined as:

hi = f(w; « X+ b;) (3.4)

To accelerate convergence and ensure training stability, the CNN output is imme-
diately processed by a Batch Normalization layer. Subsequently, rather than using
traditional pooling which might disrupt temporal resolution, a Spatial Dropout 1D
layer (rate = 0.1) is applied. This layer drops entire 1D feature maps, promoting
independence between channels and effectively preventing overfitting in sequential
data.

Temporal Sequence Modeling (Stacked LSTMs)

The spatially extracted sequences are fed into a temporal block of two stacked
LSTM layers to overcome the vanishing gradient problem and capture long term
degradation dependencies:

« First LSTM Layer: Contains 100 hidden units (return_sequences=True)
with an internal dropout rate of 0.2 to regularize the recurrent connections.

« Second LSTM Layer: Contains 50 hidden units (return__sequences=Fulse),
effectively summarizing the entire degradation history into a single high den-
sity vector.
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Fully Connected Network and RUL Prediction

The temporal vector is passed through a dense feed forward network to map

the extracted features to a continuous RUL value. This consists of:

1. A Dense layer with 64 units (ReLU activation), followed by Batch Normal-
ization and Dropout (rate 0.2).

2. A subsequent Dense layer with 32 units (ReLU activation) to further refine
the representations.

3. A final Output Dense layer consisting of a single neuron with a linear acti-
vation function, which outputs the predicted RUL.

Dual Configuration Strategy and Model Optimization

To handle varying operational complexities, the training strategy was dynam-
ically adapted based on the target dataset. The full setup is detailed in Table

3.4.

Table 3.4: Hyperparameters

LSTM framework.

and setup configurations for the proposed CNN-

Category Parameter Description FDO001 / FD003 FDO002 / FD004
Clustering (K) Number of K-Means clus- None (K =1) 6 Clusters
ters for operational settings
Data Input

Normalization
Smoothing («)

Sequence Length

Type of scaling applied to
Sensors

Exponential Moving Aver-
age (EMA) factor

Length of the sliding time
window (seq_length)

Min Max Scaler

0.3

30

Robust Scaler

0.1

50

Model Structure

Conv1D Filters

Number of filters and kernel
size

64 (Kernel=3)

64 (Kernel=3)

LSTM Units Hidden units in LSTM lay- 100, 50 100, 50
ers (Layer 1, Layer 2)

Dense Units Hidden units in Fully Con- 64, 32 64, 32
nected layers

Dropout Rate Regularization dropout rate 0.2 0.2

Batch Size Number of samples per 32 128
training batch

Training Setup Loss Function Optimization objective MSE Huber (6 = 15.0)

function

Optimizer

Max Epochs

Patience

Algorithm and learning rate
Maximum number of train-
ing iterations

Early
(epochs)

stopping patience

Adam (Ir =1073) Adam (Ir = 1079)

100

20

100

20

As shown in the training setup, a primary distinction in this dual strategy is
the adaptation of the optimization objective to account for dataset complexity.
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Loss Function Selection

We utilize Mean Squared Error (MSE) for the stable, single-condition subsets
(FD001 and FD003). However, the multi-condition subsets (FD002 and FD004)
contain extreme noise and outliers that destabilize MSE. To address this, we em-
ploy the Huber Loss function, which applies a quadratic penalty for small errors
and a linear penalty for large ones:

1 12 -
Ls(y, ) = {g(y yA) 1 for |y — 9] < & (3.5)
(ly =9 — 50) otherwise

Here, y is the actual RUL, # is the prediction, and § = 15.0 is the transition
threshold. This specific configuration tolerates early-stage noise while enforcing
strict precision within a 15-cycle error margin.

While the CNN-LSTM provides accurate deterministic RUL estimates, a sin-
gle point prediction is insufficient for safety-critical decision-making. The following
section introduces the probabilistic estimation layer that quantifies prediction un-
certainty.

3.6 Probabilistic RUL Estimation

Traditional deterministic RUL predictions fail to capture the inherent un-
certainty of industrial environments caused by operational variability and sensor
noise. To address this, the proposed framework employs a probabilistic approach.
Rather than relying on a single point estimate, it generates a complete probability
distribution of future degradation behavior, directly capturing both degradation
trends and uncertainty levels.

The resulting distribution serves as the observation state for the SAC rein-
forcement learning agent. By analyzing this complete profile instead of a single
value, the agent makes more adaptive and reliable maintenance decisions under
uncertain conditions, as detailed in Algorithm 2.
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Algorithm 2 Probabilistic State Generation via Monte Carlo Dropout
Require: Trained CNN-LSTM Model
Require: Input sensor sequence Xippys
Require: Number of MC iterations N
1: for each continuous input sequence Xjyp,r do

2: fori=1to N do
3: Maintain Dropout layers active during inference
4: Perform stochastic forward pass
5: Store predicted RUL #;
6: end for
7 Compute probabilistic failure distribution over prediction horizon:
1 N
Pt = 5 )10 < k)
N i=1
8: return Probabilistic degradation state vector py
9: end for

Having established a probabilistic representation of engine health, the frame-
work is now equipped to feed this uncertainty-aware state into the autonomous
decision-making agent, detailed in the following section.

3.7 Adaptive Control Using SAC

After estimating the probabilistic RUL distribution, the next objective is to
identify the optimal maintenance action for each engine condition. Traditional
maintenance strategies generally rely on fixed thresholds or predefined mainte-
nance schedules. However, such approaches are not adaptive and may lead either
to unnecessary early maintenance or unexpected engine failures.

To overcome this limitation, the proposed framework integrates DRL for adap-
tive maintenance decision making. In this work, the Soft Actor-Critic (SAC) [19]
algorithm is adopted because of its ability to learn continuous control policies while
balancing exploration and exploitation. The SAC agent learns maintenance strate-
gies directly from engine degradation behavior and dynamically adjusts mainte-
nance decisions based on the predicted risk of failure.

Reinforcement Learning Environment

The adaptive maintenance problem is modeled as a reinforcement learning
environment where the SAC agent continuously interacts with engine degradation
states.

At each decision step:

e The environment provides the probabilistic degradation state generated by

the CNN-LSTM model.
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o The SAC agent analyzes this state and selects a maintenance action.
e The environment evaluates the action and returns a reward.

« Based on this feedback, the agent updates its policy to improve future deci-
sions and maximize long term rewards.

Through this continuous interaction process, the agent progressively learns
effective maintenance strategies using a trial and error learning mechanism.

State Representation

The observation state provided to the SAC agent corresponds to the proba-
bilistic degradation distribution generated during the probabilistic RUL estimation
phase.

The state is represented by the probability vector:

Pkt = [p1t, P2ts- -, PDA]

where each element represents the probability that the engine fails within
future operating cycles.

Instead of relying on a single predicted RUL value, the SAC agent receives
the complete degradation probability distribution, allowing it to better evaluate
uncertainty and future failure risk.

Action Space Formulation

The Soft Actor-Critic (SAC) agent, inspired by the formulation proposed
by (Lee and Mitici.,2023) [15], is designed to produce continuous maintenance
scheduling actions, which is highly suitable for estimating time to maintenance
under uncertainty. At each decision step, the agent outputs a continuous scalar
action:

ar € [1-0/ Dcycles + 1] (3.6)

where Dycjes = 30 represents the maximum predictive horizon defined by the
probabilistic state space.

Rather than a rigid binary choice (e.g., maintain now vs. do not maintain),
this continuous output provides a flexible and explicit scheduling window. The
continuous action a; is dynamically evaluated against the operational threshold

D cycles-

« Proactive Maintenance (a; < Dcycles): The scalar action is rounded
to the nearest integer k = round(a;), triggering a scheduled maintenance
intervention exactly k cycles in the future.

« Safe Continuation (a; > Dcycles): The engine is deemed healthy within
the current prediction window. No immediate maintenance is scheduled, and
the operational cycle advances.
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Reward Function

The reward function r; is the principal driving force that guides the SAC agent
toward prescriptive behavioral optimality. The objective is to strike a delicate
economic and safety balance: maximizing the engine’s useful life while strictly
penalizing unexpected systemic failures and unnecessary premature interventions.

To precisely align with real world industrial constraints, the environment com-
putes the reward based on a cost sensitive mathematical formulation. The agent’s

prescribed maintenance point k is evaluated against the actual ground truth Re-
maining Useful Life (RULye):

—Cuns — Cslots if ar < Deyeres and RULyrye < k (Late Intervention)
= —(Co—Cy k) = Caot, if at < Dyyeres and RULgrye > k (Scheduled Maintenance)
—Cuns — Cslots if ar > Deyeres and RULgrye < Deyeres (Missed Failure)
0, if ar > Deyetes and RULtrye > Deyeres (Safe Continuation)
(3.7)

Notice that the agent receives an identical severe penalty (—Cjus — Cgop) for
both a Late Intervention and a Missed Failure. This mathematically forces the
policy to learn that whether it schedules maintenance too late or completely ignores
the danger, the catastrophic cost to the system remains the same.

The specific cost parameters governing this environment are explicitly cali-
brated as:

e Cyuns = 2.0: Penalty for an unscheduled, catastrophic in service failure.
o Cgt = 0.5: Fixed logistical cost for allocating a maintenance slot.
o Cy = 1.0: Base penalty for triggering a planned maintenance intervention.

e C; = 0.01: Degradation reward factor, incentivizing the agent to safely
maximize the component’s lifespan.

Through continuous interaction with this cost environment, the SAC agent
progressively learns policies that maximize the cumulative reward, effectively op-
timizing long term operational efficiency.

Soft Actor-Critic Algorithm

Soft Actor-Critic (SAC) is an off-policy Deep Reinforcement Learning algo-
rithm designed for continuous action spaces. SAC combines policy optimization
with entropy maximization in order to improve exploration stability during train-
ing.

The algorithm is composed of:

o An Actor network responsible for generating maintenance actions.
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o Two Critic networks responsible for evaluating action quality.

o A replay buffer used to store past experiences.

Unlike traditional reinforcement learning methods, SAC incorporates an en-
tropy term into its optimization process. This mechanism promotes exploration
and reduces the risk of the agent converging prematurely to non-optimal mainte-
nance strategies.

During training, the SAC agent continuously updates its policy using inter-
actions collected from the maintenance environment until an optimal adaptive
maintenance strategy is learned. The complete procedure, encompassing both the
training phase and the operational evaluation phase, is systematically outlined in
Algorithm 3.

Algorithm 3 Adaptive Maintenance Policy via Soft Actor-Critic (SAC)
Require: Probabilistic RUL state vector py;, Look-ahead horizon Deycjes, Envi-
ronment, £
1: Initialize Actor 7ry, Critics ng, Replay Buffer D, and temperature «

Phase 1: SAC Agent Training
for each training episode do
Reset environment & and observe initial state so = py;
while episode not terminated do
Sample action a; ~ 7¢(+|s¢), execute in £, and observe 7y, 5441
Store transition (s¢, a¢, r¢,5141) in D; update networks using mini-batch
St < St41
end while
end for

,_.
e

11: Phase 2: Operational Policy Evaluation (On Test Engines)
12: for each unseen evaluation engine do

13: Reset testing environment Eeqf; set Done <— False

14: while not Done do

15: Compute state s; = py; via MC Dropout; predict action a; = pg(s¢)
16: if a; < Dcycles then

17: Schedule proactive maintenance after k = Round(ay) cycles

18: Record Wasted Useful Life; Done <— True

19: else

20: Safe to continue; advance environment by Dy cles

21: if Engine fails then Record Unscheduled Failure; Done <— True
22: end if

23: end if

24: end while

25: end for

Adaptive Maintenance Decision Process

Once training is completed, the SAC agent is capable of making adaptive
maintenance decisions for unseen engine conditions.
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For each engine snapshot:

1. Sensor data is processed by the CNN-LSTM model.

2. Monte Carlo Dropout generates probabilistic RUL estimates.

3. The probability distribution is transformed into the state vector py ;.
4. The SAC agent receives the state and outputs a maintenance action.

5. The final maintenance decision is executed.

This integration between probabilistic prediction and reinforcement learning
enables intelligent predictive maintenance capable of operating under uncertain
Industrial IoT environments.

3.8 Conclusion

This chapter presented our integrated prescriptive maintenance framework,
designed to bridge the gap between failure prediction and autonomous decision-
making. Our methodology begins with condition-aware data preprocessing, fol-
lowed by a hybrid CNN-LSTM architecture to predict the deterministic RUL from
sensor data. To account for industrial noise, MC Dropout is integrated to quan-
tify predictive uncertainty, transforming single-point predictions into probabilistic
degradation states. Finally, these probabilistic states are utilized by a SAC agent
to learn adaptive maintenance policies, providing a risk mitigation approach that
overcomes the limitations of static threshold strategies. The next chapter will
experimentally validate our framework using the NASA C-MAPSS dataset.
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Chapter 4

Experiments and Results

4.1 Introduction

This chapter presents the experimental framework and results derived from
the proposed integrated architecture for predictive maintenance and adaptive con-
trol. The primary objective is to evaluate the system’s performance across its two
core operational phases: (1) the accuracy of RUL estimation by the CNN-LSTM
perception module, and (2) the effectiveness of the maintenance policies formulated
by the SAC DRL agent. Subsequent sections detail the hardware and software en-
vironment, evaluation metrics, and algorithmic training configurations. This is
followed by a thorough discussion of the experimental results, including RMSE,
the asymmetric scoring function, and cumulative DRL rewards.

4.2 Experimental Setup

To ensure the reproducibility of the proposed framework and to handle the
computational complexity of training deep neural networks and reinforcement
learning agents, a robust experimental environment was established.

4.2.1 Hardware and Software Environment

All experiments, including data preprocessing, model training, and adaptive
policy learning, were conducted using the Kaggle cloud computing platform. Ap-
plying this cloud based environment provided robust hardware acceleration, specif-
ically dual GPUs, which was critical for accelerating the convergence of the CNN-
LSTM architecture and managing the extensive interactions required by the SAC
agent.

The detailed hardware specifications of the deployed Kaggle instance and the
software frameworks utilized in this research are summarized in Table 4.1. To
ensure full transparency and reproducibility, the complete source code developed
for this study is publicly available online!.

Ihttps://www.kaggle.com/code/ikramkellou/ayabensaha-c-mapss-dl-drl
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Table 4.1: Hardware specifications and software environment.

Component Specification / Framework

Hardware Specifications (Kaggle Cloud)

Processor (CPU) Intel Xeon CPU (4 Cores)

Graphics Card (GPU) NVIDIA Tesla P100 (16 GB HBM2)
Memory (RAM) 16 GB

Storage 73.1 GB Available Cloud Disk Space

Software Environment

Operating System Kaggle Linux Container (Ubuntu 22.04 LTS)
Programming Language Python 3.12

Deep Learning (Perception) TensorFlow 2.x / Keras

Deep RL (Decision Making) Stable Baselines3

RL Environment Gymnasium (Custom maintenance simulation)
Data Processing NumPy, Pandas, Scikit learn

The Python ecosystem was chosen as the primary programming language.
Based on the specific computational needs of each phase, a hybrid framework
approach was adopted: the deep learning perception module (CNN-LSTM and
MC Dropout) was constructed using TensorFlow /Keras, while the SAC rein-
forcement learning agent was implemented using Stable Baselines3. Also, the
custom maintenance environment was built using the Gymnasium API, allowing
seamless integration between the probabilistic state generator and the RL agent.

4.3 Evaluation Metrics

To evaluate the effectiveness of the proposed predictive maintenance frame-
work, several performance metrics were used for both the CNN-LSTM prediction
model and the SAC adaptive maintenance agent.

4.3.1 Predictive Performance Metrics

The accuracy of the proposed CNN-LSTM model for Remaining Useful Life
(RUL) prediction is evaluated using several widely adopted regression metrics,
including Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Coef-
ficient of Determination (R?), and the official NASA asymmetric scoring function
(S-score). These metrics are used to assess the prediction accuracy, robustness,
and reliability of the proposed predictive maintenance framework under different
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degradation conditions.

. 1 &
RMSE = N Y (i —vi)?,, MAE= N Y19 — vil (4.1)
' =1

The coefficient of determination (R? score) is also used to evaluate how well the
predicted values fit the real degradation behavior of the engines.

N 02
N 2

In addition, the official NASA asymmetric scoring function (S-Score) is adopted.
Unlike traditional regression metrics, this score penalizes late predictions more
severely than early predictions because delayed maintenance decisions may lead
to catastrophic engine failures.

(7i—vi)
e -1, it (g;,—y) <0

where s; = @ ) yz>

= e —1, i (§i —yi) 2 0

Mz

(4.3)

Finally, an additional prediction accuracy metric is computed to provide an
interpretable percentage based evaluation of the model performance:

Accuracy = ( Z ’%125 > x 100 (4.4)

4.3.2 Reinforcement Learning Decision Metrics

The operational efficiency of the prescriptive maintenance policy governed by
the SAC agent is evaluated using the following metrics:

o Wasted Life: Represents the number of healthy operating cycles lost due
to premature maintenance actions:

Wasted Life = max (0, RULrye — k) (4.5)

o Unscheduled Maintenance Prevented: Percentage of test engines where
failure was avoided.

« Proximity Precision Interval (Precision.y): Ratio of decisions made
within a safe 20 cycle window before actual failure.

4.4 Evaluation of the CNN-LSTM Predictive Model

The proposed hybrid CNN-LSTM network was systematically trained across
the four benchmark subsets of the NASA C-MAPSS dataset. The performance
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results recorded on the independent test trajectories are compiled in Table 4.2.

Table 4.2: Deterministic RUL prediction results across NASA C-MAPSS subsets.
Dataset RMSE MAE R? S-Score Accuracy (%)

FD001 12.76 9.54 090 309.02 92.37
F'D002 12.30 8.66 092 716.58 93.07
F'D003 12.77 8.52 0.89  322.09 93.18
FD004 13.97 8.99 0.89 1193.81 92.81

4.4.1 Visual Convergence and Profile Tracking

To inspect the internal optimization behavior and spatial tracking capabilities,
Figure 4.1 displays the training vs. validation loss.

Training and Validation Loss Across All C-MAPSS Subsets
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Figure 4.1: Training vs. validation loss convergence trajectories.

The empirical evaluation curves demonstrate excellent convergence across all
regimes, with the Huber loss successfully stabilizing gradients in the multi con-
dition datasets (FD002, FD004) and preventing overfitting despite severe sensor
noise.

To visually match these metrics with the actual physical test runs, the ground
truth test trajectories are contrasted directly against the continuous predictions of
our perception module in Figure 4.2.
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RUL Prediction Performance Overview Across All C-MAPSS Subsets

FDOO1 — Actual vs Predicted RUL FD002 — Actual vs Predicted RUL
—— Actual RUL (Ground Truth) —— Actual RUL (Ground Truth)
120 —— Predicted RUL (CNN-LSTM) 120 4 —— Predicted RUL (CNN-LSTM)
100 1004
- 80 - 804 |
< 2
] o
S s
S) )
= 60 Z 60
=] =]
o« o
20 H 40 |
20 204
0
0 20 40 60 80 100 [ 50 100 150 200 250
Test Unit Samples (Ordered) Test Unit Samples (Ordered)
FD003 — Actual vs Predicted RUL FD004 — Actual vs Predicted RUL
—— Actual RUL (Ground Truth) i ~—— Actual RUL (Ground Truth)
120 H —— Predicted RUL (CNN-LSTM) 1204 ' —— Predicted RUL (CNN-LSTM)
f {
100 100
— 80 ~ 8041 |
@ m
K K
7] 7]
> >
) )
o 60 = 60
3 =]
z z
40 1 401 |
20 v u 20
0 [
0 20 40 60 80 100 0 50 100 150 200 250
Test Unit Samples (Ordered) Test Unit Samples (Ordered)

Figure 4.2: Actual RUL vs Predicted RUL.

As exhibited in the tracking comparison, the model’s output trajectory (solid
red line) matches the actual target slopes (solid blue line) across all test samples.
The model successfully adapts to the piecewise linear degradation phases, accu-
rately identifying the start of wear propagation even in complex multi fault modes.
This high deterministic tracking precision forms a reliable basis for transitioning
to the probabilistic risk phase.

4.4.2 Comparison with Recent State of the Art Approaches

To further validate the robustness and efficiency of the proposed perception
module, the predictive performance of our CNN-LSTM architecture was bench-
marked against recent state of the art data driven methods, including advanced
attention based mechanisms. The comparison, detailed in Table 4.3, focuses on
the widely adopted RMSE and S-Score metrics across all four C-MAPSS subsets.

Table 4.3: Performance comparison with recent State of the Art methods across
all C-MAPSS datasets.

Model (Reference) Year FDO001 FDo002 FDO003 FDoo4
RMSE S RMSE S RMSE S RMSE S
LSTM (Zheng et al. [21]) 2017 16.14 338 24.49 4450 16.18 852 28.17 5550
B-LSTM (Wang et al. [77]) 2022 1245 279 1536 4250  13.37 356 1624 5220
Multi-channel CNN (Lee et al. [15]) 2023 11.81 - 14.49 - 11.69 - 17.73 -
Transformer (Fan et al. [10]) 2024  10.61 169 13.47 784 10.71 202 15.87 1449

CNN-BiLSTM-Attention (Bing et al. [39]) 2025  12.49  267.08 20.32 1575.88 12.34 225,53 26.54  3905.33

Proposed Method (Ours) 2026 12.76  309.02 12.30 716.58 12.77 322.09 13.97 1193.81
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As shown in Table 4.3, the proposed CNN-LSTM architecture achieves highly
competitive results across all subsets. While deeper models may slightly excel on
simpler datasets (FD001, FD003), our hybrid approach demonstrates exceptional
robustness on the complex, multi condition subsets (FD002, FD004). This balance
of high predictive accuracy and computational efficiency confirms that the CNN-
LSTM is an ideal, lightweight perception layer for the subsequent Reinforcement
Learning phase.

4.5 Adaptive Maintenance Policy Evaluation

While the previous section evaluated the CNN-LSTM perception module using
the standard C-MAPSS training and testing subsets, training and evaluating the
RL agent requires a different methodological approach. The standard C-MAPSS
test trajectories are censored (cut off prior to actual failure). This prevents the
SAC agent from experiencing complete run to failure episodes, which are essential
for learning terminal states and failure penalties.

Additionally, training both the perception model and the decision making
agent on the exact same engines would introduce severe data leakage, as the SAC
agent would exploit the neural network’s training bias rather than learning to
generalize under true uncertainty.

To overcome these limitations and completely eliminate data leakage between
the perception and action phases, the adaptive maintenance experiments utilized
the full run to failure trajectories of the FD002 subset. The 260 engines were
strictly partitioned into three isolated sets. The exact distribution of these engines
across the system’s layers is detailed in Table 4.4.

Table 4.4: FD002 Dataset Strict Partitioning Strategy.

Framework Phase Engines Operational Role

Perception Training 130 CNN-LSTM baseline training and MC Dropout
probability calibration.

Decision Training 100 Soft Actor-Critic (SAC) reinforcement learning
policy formulation.

Policy Evaluation 30 Unseen test set for final operational metrics
(1,000 episodes).

Importantly, rather than using deterministic point estimates from the CNN-
LSTM, MC Dropout was deployed to run 30 stochastic forward passes. This easily
transforms the point predictions into a robust, 30 element probabilistic state vector
P(RUL < k). This vector serves as the direct uncertainty aware observation
space for the adaptive control layer, allowing the SAC agent to evaluate complete
progressive degradation paths instead of arbitrary fixed thresholds.
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Chapter 4. Experiments and Results

4.5.1 SAC Agent Training Convergence

The agent’s capacity to optimize its maintenance scheduling policy and max-
imize cumulative rewards within the stochastic environment is visually demon-
strated through its training learning curve in Figure 4.3.

SAC Agent Learning Curve — Cumulative Reward Convergence (FD002)
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Figure 4.3: Learning curve of the SAC agent.

The empirical learning trajectory illustrates stable asymptotic convergence
over the 500,000 continuous timesteps. In the early training episodes, the cumu-
lative reward drops significantly as the agent aggressively explores the environ-
ment and incurs severe penalties due to frequent unscheduled component failures
(cuns = 3.0) and improper alignment with maintenance slots (cg,; = 0.5). How-
ever, by applying the maximum entropy formulation and the experience replay
buffer, the SAC policy successfully filters out environment noise, steadily increas-
ing its rewards to converge toward a highly secure and cost effective operational
strategy.

4.5.2 Operational Testing Results

Following training convergence, the optimized SAC agent was deployed in a
deterministic execution mode on the unseen test engines partition. The operational

performance metrics compiled over the 1,000 evaluation episodes are summarized
in Table 4.5.
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Table 4.5: SAC Adaptive Maintenance Evaluation Results on FD002 Test Set.

Operational Metric

Recorded Value Analytical Significance

Total Replacement Decisions 1000 Validates simulation stability
across high diagnostic scales.
Unscheduled Failure Instances 18 Reflects near zero tolerance for
in-flight breakdowns.
Unscheduled Failure Rate 1.80% Demonstrates reliable perfor-
mance under variable conditions.
Unscheduled Failures Prevented 98.20% Confirms the effectiveness of the

Average Wasted Useful Life

25.75 cycles

risk mitigation layer.

Balances early intervention with
component utilization.

Proactive Decision Precision 42.26% Triggers optimal maintenance
tasks close to the real failure
boundary.

The empirical results demonstrate that our SAC agent achieves an efficient,
risk-aware proactive strategy. Driven by the severe penalties associated with unex-
pected failures, our framework successfully prevents 98.20% of breakdowns under
volatile, multi-operating profiles. Concurrently, the policy maintains an opera-
tional balance, minimizing premature interventions to record 25.75 cycles of av-
erage wasted useful life. This behavior is further verified by the precision metric,
indicating that 42.26% of all replacements were executed within an economically
viable 20 cycle window prior to actual failure.To contextualize these findings, Ta-
ble 4.6 benchmarks our performance against the Deep Reinforcement Learning
framework proposed by (Lee and Mitici.,2023) [15]. While their study combines
a multi-channel Convolutional Neural Network (CNN) based prognostics model
with a Soft Actor-Critic (SAC) agent for maintenance optimization, our frame-
work integrates a hybrid CNN-LSTM architecture for RUL prediction before the
decision-making stage. The key methodological difference lies in the inclusion
of LSTM layers, which are designed to capture long-term temporal dependencies
in engine degradation trajectories, and provide RUL estimates that subsequently
guide the SAC maintenance policy, supporting maintenance decision-making un-
der varying operating conditions.

Table 4.6: Performance comparison between the baseline study and our proposed
framework.

Metric (Lee and Mitici.,2023) [15] Our Framework

95.6%
12.81 cycles

98.20%
25.75 cycles

Unscheduled Failures Prevented

Average Wasted Useful Life

As shown in Table 4.6, our methodology demonstrates a distinct prioriti-
zation of risk mitigation. While the baseline approach minimizes the average
wasted useful life, our policy reduces unexpected breakdowns to a stricter mar-
gin (98.20% prevented). This indicates that our integrated architecture adopts a
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cautious scheduling policy, which is essential for safety-critical industrial environ-
ments where the penalty for in-service failures heavily outweighs the logistical cost
of early component replacement.

4.6 Discussion

The experimental results validate the framework’s robustness, particularly in
multi regime environments. As shown in Table 4.3, while Transformers slightly
excel on simpler datasets, our CNN-LSTM model significantly outperforms them
on the complex FD002 and FD004 subsets. This superior generalization is directly
driven by the K-Means clustering step, which isolates the six operating conditions
to eliminate data distribution shifts before sequence modeling, providing a highly
accurate yet lightweight perception layer.

Additionally, closing the loop with MC Dropout and the SAC agent highlights
the practical value of uncertainty aware control. Guided by an asymmetric, cost
sensitive reward function, the SAC agent successfully reduced unexpected failures.
It is important to note that this strict safety prioritization inherently resulted in
an average Wasted Useful Life of 25.75 cycles per engine. While we acknowledge
that this margin is relatively high, it represents the current limit of our proposed
architecture’s attempts to balance safety and resource utilization. In high stakes
aviation environments, mitigating the risk of catastrophic in flight failures remains
the utmost priority; however, further refining the policy to minimize this wasted
lifespan is a primary objective for future improvements.

4.7 Conclusion

This chapter presented the experimental evaluation of the proposed predic-
tive maintenance framework using the NASA C-MAPSS dataset. The obtained
results demonstrated the effectiveness of the proposed CNN-LSTM model for RUL
prediction under varying operating conditions.

The integration of MC Dropout further enhanced the framework by providing
probabilistic degradation estimations and uncertainty-aware predictions. These
probabilistic outputs were successfully exploited by the SAC reinforcement learning
agent to perform adaptive maintenance decision-making.

The experimental results showed that the proposed adaptive maintenance
policy was highly capable of mitigating the risk of unexpected engine failures. By
establishing a strict safety-first approach, this research provides a robust baseline,
paving the way for future algorithmic refinements to further optimize component
lifespan.

Overall, the combination of Deep Learning prediction and Deep Reinforcement
Learning control proved to be a promising, robust solution for intelligent predictive
maintenance in Industrial IoT environments.
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Conclusion and Perspectives

This thesis presented a comprehensive, intelligent predictive maintenance
framework tailored for Industrial Internet of Things (IIoT) environments, seam-
lessly integrating Deep Learning (DL) with Deep Reinforcement Learning (DRL).
The primary objective of this research was to transcend traditional, static threshold-
based maintenance by developing an adaptive, risk-aware policy capable of opti-
mizing component utility while strictly preventing unexpected catastrophic fail-
ures.

To achieve this, the proposed architecture was divided into two fundamental
phases: perception and action. In the perception phase, a robust hybrid CNN-
LSTM model was designed to capture complex spatial-temporal degradation pat-
terns from raw sensor data. To bridge the gap between deterministic prediction
and risk-sensitive decision-making, Monte Carlo (MC) Dropout was effectively in-
tegrated. This stochastic approach successfully transformed point estimates into
continuous probabilistic state vectors, directly quantifying the epistemic prediction
uncertainty as the engine degraded over time.

In the action phase, a Soft Actor-Critic (SAC) reinforcement learning agent
utilized these uncertainty-aware observation states to optimize maintenance schedul-
ing. The full closed-loop control policy was rigorously evaluated on the highly
complex NASA C-MAPSS FD002 dataset under strict data partitioning rules to
prevent leakage. Driven by an asymmetric cost formulation, the SAC agent learned
a highly proactive policy, successfully preventing 98.20% of unscheduled break-
downs. While this strict safety prioritization inherently led to a relatively high
average of 25.75 cycles of wasted residual life per engine, it successfully fulfilled
the critical operational mandate of eliminating catastrophic in-flight failures.

While the proposed framework achieved its primary goals of risk mitigation
and improved operational reliability, certain limitations provide clear avenues for
future enhancements. Given the computational constraints of real-time IIoT net-
works, future work will focus on deploying this lightweight CNN-LSTM and SAC
architecture onto Edge Computing devices (IoT gateways) to minimize inference
latency. Additionally, expanding the single-agent framework into a Multi-Agent
Reinforcement Learning (MARL) environment would allow for fleet-wide main-
tenance optimization, where multiple agents coordinate shared maintenance slots
and limited resources across an entire fleet of aircraft. Finally, exploring dynamic
reward shaping—where the penalty parameters dynamically adjust based on real-
time economic conditions rather than fixed scalars—could further refine the agent’s
adaptability in volatile industrial sectors.
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