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1 Economic and Scientific Relevance

Predictive maintenance in serial production is receiving increasing economic and scientific
attention due to global disruptions such as the energy crisis, climate change, and supply
chain volatility. These developments highlight the need for maintenance strategies that not
only improve operational reliability but also support data-driven decision-making under
uncertainty. These developments intensify the pressure on manufacturing companies to
improve operational efficiency while simultaneously reducing energy consumption and
material waste. Consequently, maintenance strategies have become a critical factor in
achieving stable and sustainable production systems.

Maintenance has long been recognized as a cornerstone of manufacturing reliability,
yet its strategic potential remains underutilized in many industrial settings. Historically,
maintenance activities have been predominantly reactive—performed only after failures
occur—or preventive, based on predefined time intervals rather than actual system condi-
tions. Although preventive maintenance reduces unexpected breakdowns, fixed interval
scheduling often leads either to premature maintenance actions or to insufficient protection
against failures.

Predictive maintenance is frequently proposed as the solution to this challenge. How-
ever, its implementation is far from trivial. Predictive maintenance depends heavily
on extensive sensor infrastructure, sophisticated data acquisition systems, and advanced
analytics methods such as machine learning and signal processing. Beyond hardware
investments, these systems require continuous retraining of personnel and adaptation to
rapidly evolving analytical technologies. These barriers render predictive maintenance
economically and organizationally challenging for many small and medium-sized enter-
prises. Even large manufacturers operating legacy equipment may find such systems
difficult to deploy at scale [1].

In response to these limitations, this dissertation explores an alternative direction:
leveraging simulation and probabilistic modeling—particularly Bayesian methods—to
enable predictive maintenance decision-making without relying on extensive sensor in-
frastructures. The proposed approach integrates production performance indicators, degra-
dation modelling, and probabilistic inference into a unified analytical framework. This

approach facilitates broader applicability, including older or partially observable produc-

10



CHAPTER 1. ECONOMIC AND SCIENTIFIC RELEVANCE 11

tion lines, while still enabling uncertainty-aware maintenance decision support.

Industry 4.0 technologies such as Discrete Event Simulation (DES) and probabilistic
machine learning methods provide the technological foundation for such an approach.
These tools enable the modelling of degradation processes, the reconstruction of pro-
duction performance indicators from operational data, and the estimation of probabilistic
maintenance decisions. These tools enable probabilistic and simulation-driven main-
tenance decision-making that moves beyond rigid time-based policies toward dynamic,
reliability-centered maintenance strategies. Improved maintenance planning can signifi-
cantly reduce unplanned downtime and therefore contribute to improved energy efficiency
and waste reduction in manufacturing systems [2].

For example, a production line consisting of ten machines that reduces unplanned
downtime from 300 to 210 hours per year avoids approximately 7,200 kWh of wasted
energy. At an electricity cost of 0.15 €/kWh, this corresponds to savings of roughly
1,080 € annually. In addition, improved production stability can reduce scrap rates from
5% to 3%, which corresponds to a reduction of approximately 40% in scrap volume in
high-volume production environments.

Recent global disruptions, including the energy crisis triggered by geopolitical conflict
and the increasing urgency of climate change, have intensified the demand for operational
efficiency and sustainability. Within this context, maintenance logistics plays a pivotal role.
Minimizing unplanned downtime not only safeguards productivity but also contributes
directly to energy efficiency and waste reduction.

The core motivation of this dissertation is therefore to bridge the gap between tra-
ditional preventive maintenance and predictive maintenance approaches by integrating
production performance measurement, reliability theory, simulation-based modeling, and
probabilistic machine learning into a unified analytical framework.The detailed analysis
of existing research and the resulting research gap are presented in Chapter 2.

This research is guided by the following fundamental scientific question:

To what extent can maintenance decisions in serial production systems be
supported by probabilistic models that estimate the risk of performance degra-

dation based on production data?

Addressing this question requires the integration of multiple research fields, including
production performance measurement, reliability engineering, and probabilistic machine
learning. The literature review presented in Chapter 2 examines existing research on
Overall Equipment Effectiveness (OEE), Total Productive Maintenance (TPM), reliability
modelling, and Digital Twin technologies in order to identify the research gap motivating
the probabilistic maintenance framework developed in this dissertation. The explicit

formulation of this gap is provided in Section 2.6.
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Research Question and Sub-Questions

The overall aim of this dissertation is to investigate how probabilistic methods, simulation
modeling, and Bayesian inference can be integrated into maintenance logistics in order to
support maintenance decision-making in serial production environments.

Central Research Question

How can Overall Equipment Effectiveness (OEE), degradation modelling
based on reliability theory, and Bayesian probabilistic inference be integrated
into a coherent framework that supports maintenance decision-making in

serial production systems?
Sub-Questions

1. How can OEE be redefined and calculated in a way that is consistent, comparable

across production systems, and relevant for maintenance decision-making?

2. What are the limitations of traditional hazard models (such as the Negative Ex-
ponential distribution) for describing failure behavior in production systems, and
how can alternative approaches such as Weibull-based or sawtooth hazard models

provide a more realistic representation of degradation dynamics?

3. How can Discrete Event Simulation (DES) be used to generate synthetic produc-
tion data and evaluate maintenance strategies under controlled and reproducible

operating conditions?

4. How can Bayesian Neural Networks incorporate uncertainty into maintenance plan-
ning and estimate the probability that maintenance can be safely postponed without

violating production performance thresholds?

The methodological framework used to address these questions—combining timestamp-
based OEE reconstruction, degradation modelling using Weibull-based hazard functions,
discrete-event simulation, and Bayesian probabilistic inference—is introduced in Chap-
ter 3. Subsequent chapters develop the theoretical models, simulation environment, and
probabilistic decision framework that together form the basis of the proposed maintenance

decision-support approach.



2 Literature Review and Research Aims

2.1 Conceptual Foundations

To ensure clarity and consistency, the key concepts used throughout this research are

defined explicitly and positioned within the relevant scientific literature.

2.1.1 Maintenance Logistics

Maintenance logistics refers to the planning and coordination of maintenance activities,
including scheduling, resource allocation, spare parts provisioning, and technician deploy-
ment. The concept has been discussed in the context of maintenance management and
service logistics, where it emphasizes the efficient organization of support activities for
technical systems [3].

In contrast to traditional maintenance approaches, this research interprets maintenance
logistics as an integrated decision-making process that combines operational and logistical

considerations under uncertainty, thereby extending classical planning-focused definitions.

2.1.2 Probabilistic Interpretation of OEE

Overall Equipment Effectiveness (OEE), originally introduced within the Total Productive
Maintenance (TPM) framework, is traditionally defined as a deterministic performance
indicator composed of availability, performance, and quality [4, 5].

In this research, OEE is reinterpreted as a time-based stochastic signal derived from
production timestamps, enabling its use as a probabilistic descriptor of system performance
rather than a purely retrospective KPI.

Two forms are distinguished:
* Prior OEE: Expected performance before the machine, assuming ideal conditions,

* Posterior OEE: Observed performance after the machine, reflecting actual system

behaviour.

13



14 2.1. CONCEPTUAL FOUNDATIONS

The deviation between prior and posterior OEE serves as an indicator of degradation
and forms a key input to the Bayesian decision framework. This distinction introduces
a probabilistic interpretation that departs from classical OEE formulations and enables

integration into predictive decision-making models.

2.1.3 Bayesian Decision Rule

The maintenance decision is formulated as a probabilistic rule based on the likelihood
that system performance will fall below a predefined threshold, following principles of
Bayesian decision theory [6, 7, 8]. The probability represents a predictive posterior

conditioned on observed system evidence and the absence of maintenance action.

P(OEE;;1 < OEEpjanned | evidence, = M;) 2.1

Maintenance is performed if this probability exceeds a predefined confidence threshold;
otherwise, it is postponed. This formulation aligns maintenance planning with risk-based

decision-making under uncertainty, rather than fixed-interval scheduling.

2.1.4 Role of the Digital Twin

The discrete-event simulation model acts as a generative digital twin, producing synthetic
data that reflects system behaviour under controlled conditions. The digital twin concept
has been widely defined as a virtual representation of a physical system used for monitoring,
simulation, and optimization [9, 10].

Unlike fully integrated cyber-physical twins, the focus here is on data generation
and scenario exploration, positioning the digital twin as an experimental and analytical

instrument rather than a real-time synchronization mechanism.

2.1.5 System State vs. Maintenance Synchronization

In contrast to traditional condition monitoring and prognostics approaches, which aim
to estimate the physical degradation state or remaining useful life of a system [11, 12],
the Bayesian Neural Network does not directly estimate the physical state of the sys-
tem. Instead, it evaluates the degree of synchronization between system degradation and
maintenance actions.

This distinction is critical: the model does not predict “how damaged” a system is,
but rather whether the current maintenance strategy remains aligned with the underly-
ing degradation dynamics. This represents a shift from state estimation toward policy

alignment, forming a central conceptual contribution of this research.
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2.2 Rethinking TPM: A New Perspective on Maintenance
Efficiency

In Arno Koch’s book, OFEE for the production team [5], Total Productive Maintenance
(TPM) is described as a form of time loss resulting from maintenance activities during
which machines remain available but are not producing. In contrast, numerous theses
and research works [13, 14, 15], as well as industrial practice, interpret TPM as a mecha-
nism that transforms unpredictable failures into more controllable and partially predictable
events. From a production efficiency perspective, these two interpretations appear con-
tradictory and highlight the fundamental tension between short-term production output
and long-term system reliability. While minimizing maintenance activities can temporar-
ily increase production efficiency, it simultaneously increases exposure to unexpected
production losses.

To reconcile this dilemma, companies often attempt to transition from preventive
maintenance toward predictive maintenance strategies. Although predictive maintenance
can effectively prevent equipment failures, it frequently fails to provide sufficient advance
planning time for maintenance preparation in serial production environments with very
short cycle times.

As illustrated in Figure 2.1, predictive maintenance requires extensive sensor infras-
tructure and complex data analysis procedures. These systems rely on advanced analytics

and domain expertise that may exceed the capabilities or interest of maintenance personnel.

Maintenance
strategies

Proactive React
; M—Yes Planned N ) eac TYE
maintenance maintenance

Routine
maintenance

Knalysis of the
maintenance
process

Statistical
analysis

Yes Yes Yes Yes

Preventive Condition-based Predictive Prescriptive
maintenance maintenance maintenance maintenance

Figure 2.1: Maintenance strategies diagram.

Rather than simply replacing preventive maintenance with predictive maintenance, this
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research investigates an intermediate concept in which preventive maintenance strategies
evolve toward probabilistic decision-making based on operational performance indicators.
In this context, the concept of an executable digital twin becomes particularly relevant.
By using a digital twin not only as a simulation or planning tool but as a real-time mon-
itoring and advisory system, maintenance decisions can be supported using operational
performance indicators [16].

To establish such a framework, three scientific questions must be investigated:

1. Reconstruction of Production Performance Indicators

The first research focus investigates whether Overall Equipment Effectiveness (OEE)
can be reconstructed objectively from production timestamp data in a way that

enables consistent comparison across production systems.

2. Modelling Degradation in Maintained Production Systems

The second research focus examines how degradation processes in periodically
maintained production systems can be represented using reliability models, partic-

ularly hazard rate functions derived from Weibull distributions.

3. Probabilistic Maintenance Decision Framework

The third research focus investigates how probabilistic inference methods can be
used to support maintenance decision-making by estimating the probability that

production performance will fall below a predefined threshold.

Through the integration of these elements, the proposed framework seeks to combine
performance measurement, maintenance strategy, and digital twin technologies into a
unified decision-support approach for maintenance management.

The evolution of maintenance strategies can broadly be described as a progression
from corrective maintenance (fail-and-fix), through preventive maintenance (scheduled
interventions), to predictive maintenance (condition-based strategies). Despite consid-
erable technological progress, predictive maintenance remains difficult to implement in
many serial production environments.

Key barriers include the complexity of data acquisition, uncertainty in failure modeling,
and the difficulty of integrating predictive maintenance outputs with production logistics.

A fundamental concept in reliability engineering is the hazard rate, which describes
the probability of system failure over time. Hazard rates are commonly modeled using
either the Negative Exponential distribution, which assumes a constant failure rate, or the
Weibull distribution, which allows time-dependent degradation behavior.

The Weibull distribution is particularly suitable for modelling wear-out processes

because its hazard rate allows increasing failure intensity when the shape parameter g > 1.
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In this dissertation, a sawtooth-shaped hazard structure is used to represent degradation
processes in periodically maintained systems, where the hazard rate increases between
maintenance events and is partially reset after maintenance interventions. This approach
enables a more realistic representation of maintenance-induced reliability dynamics [17].

In addition, Bayesian inference methods provide a probabilistic framework for esti-
mating the likelihood and uncertainty of future system degradation based on production
data. Bayesian Neural Networks (BNNs) are particularly well suited for maintenance
decision support because they produce probabilistic predictions and explicit uncertainty
estimates. Unlike conventional neural networks, BNNs quantify prediction confidence,
which is essential in industrial decision environments where maintenance actions carry

operational risk [18, 19].

2.3 Methodical Approach

This literature review investigates research on Overall Equipment Effectiveness (OEE), To-
tal Productive Maintenance (TPM), and Digital Twin technologies using the ScienceDirect
database. [20] These domains were selected because of their relevance for maintenance
optimization and production system performance.

The decision to focus on ScienceDirect was based on several factors:

1. Quality of Sources
ScienceDirect provides access to a large collection of peer-reviewed journals and
scientific publications, ensuring reliable and high-quality literature sources.

2. Historical Coverage

Understanding the development of OEE, TPM, and Digital Twin concepts requires
access to literature spanning several decades. ScienceDirect offers extensive archival

coverage for this purpose.

3. Language Consistency

Only English-language publications were included to avoid introducing additional

translation complexity into the research process.

Search queries were restricted to the subject areas of Engineering, Decision Sciences,

Mathematics, and Computer Science. The following keyword groups were applied:

¢ Overall Equipment Effectiveness (OEE) [4, 21, 22]

¢ Total Productive Maintenance (TPM) [4, 23, 24]
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* Digital Twin Technologies (DT) [25, 26, 27]

&

Total Articles: 851

3
| oee |

Total Articles: 86

4

TPM

Total Articles: 91

Research Articles: 79
Engincering (62),
Decision Sciences (30),
Mathematics (4),
Computer science (2).

Research Articles: 62

= Engineering(38),

* Decision Sciences (40),
= Mathematics (0},

+ Computer science (2)

Research articles: 626

* Engincering (439),

+ Decision Sciences (120),
+ Mathematics (24),

* Computer science [170)

Result:
41 articles of which only 39
articles available

Result:
65 articles of which only 47
articles available

507 articles

Y

Total Articles: 5
Research articles: 5

+ Engineering(5),

+ Decision Sciences (1),
+ Mathematics (0),

+ Computerscience (0)
Result:

5 articles, all available

Y

Total Articles: 28

Research articles: 18

* Engineering(12),

* Decision Sciences (8],

* Mathematics (0),

- Computerscicnce (3)

Result:

18 articles of which 14 articles

available

Figure 2.2: Filtering of articles across domains and subdomains.

Search Results and Refinement
The initial search produced:

* OEE: 86 articles

e TPM: 91 articles

* Digital Twin: 851 articles

After applying additional filters and relevance criteria, 101 articles remained for de-

tailed evaluation.

Categorization and Scoring

Articles were classified and scored according to thematic relevance:

* Score 3 — Direct contribution to OEE calculation, TPM task mapping, or executable

digital twin concepts.
* Score 2 — Indirect but significant relevance.

* Score 1 — Peripheral or weak connection to research topics.
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Figure 2.3: Grading mechanism used for scoring selected articles.

2.4 Main Findings

After evaluation, 29 articles were selected for deeper analysis. The grouping and filtering

process is illustrated in Figure 2.4.
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Figure 2.4: Article grouping by thematic topic.

The analysis revealed that OEE research focuses primarily on performance measure-

ment and process optimization. TPM literature emphasizes maintenance organization and
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operational improvement, while digital twin research mainly addresses monitoring and
predictive analytics.

Although these domains share conceptual connections, the literature rarely integrates
production performance indicators, degradation modelling, and probabilistic decision-

making into a unified analytical framework.

2.5 Results and Discussion

The reviewed literature demonstrates that OEE calculations are highly sensitive to the def-
inition and classification of production losses. Different methodologies produce different
OEE values, highlighting the need for standardized calculation methods.

Consistency between real systems and digital twin models is essential to enable com-
parability, model validation, and reliable decision support.

Several studies indirectly support the integration of OEE, TPM, and digital twin
technologies. However, no study explicitly connects OEE degradation with maintenance

decision-making within a digital twin environment.

2.6 Research Gap and Positioning of the Thesis

The literature review reveals that the research areas of OEE, TPM, and Digital Twin
technologies have evolved largely independently.

OEE research primarily focuses on performance measurement and operational evalu-
ation, but rarely interprets OEE as a dynamic indicator of system deterioration.

TPM research concentrates on maintenance organization and implementation strate-
gies but provides limited mechanisms for linking production performance indicators to
maintenance timing.

Digital Twin research focuses mainly on monitoring, simulation, and predictive main-
tenance applications, but rarely incorporates production performance indicators such as
OEE into maintenance decision frameworks.

As a consequence, existing research does not provide an integrated framework that
combines probabilistic performance indicators, degradation modelling, and risk-aware
maintenance decision-making.

This dissertation addresses this gap by developing a probabilistic maintenance decision
framework that integrates OEE-based performance reconstruction, degradation modelling
using hazard functions, discrete-event simulation, and Bayesian probabilistic inference.

The methodological framework used to operationalize this approach is presented in
Chapter 3.
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2.7 Positioning within Existing Literature

To clearly distinguish the contribution of this research from existing approaches, Table 2.1

summarizes the key differences between the state of the art and the proposed framework.

Contribution of this
Research

Aspect State of the Art

Maintenance Deterministic PM,

Modeling CBM, or RUL-based
prediction

Use of OEE Retrospective KPI for
performance monitor-
ing

Machine Point estimates (e.g.,

Learning RUL prediction)

Output

Handling of Often implicit or ig-

Uncertainty nored

Data Re- Sensor-intensive data

quirements  collection

Decision Threshold-based or

Logic heuristic rules

Probabilistic decision-
making based on confi-
dence thresholds

Time-based probabilis-
tic signal with prior/-
posterior interpretation

Full predictive distri-
butions using Bayesian
Neural Networks

Explicit modelling and
propagation of uncer-
tainty

Minimal data approach
supported by DES-
generated synthetic
data

Bayesian decision rule
based on probability
of performance degra-
dation

Table 2.1: Comparison of Existing Approaches and Proposed Contribution

The comparison highlights that the primary novelty of this research lies not in isolated

methodological elements, but in their integration into a unified probabilistic decision-

support framework.

2.7.1 Research Design

This research follows a Design Science Research (DSR) paradigm, aiming to develop

and evaluate an artifact that addresses a relevant industrial problem. The identified

problem is the lack of decision-support mechanisms in maintenance planning that explicitly

incorporate uncertainty.
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The proposed artifact is a Bayesian Neural Network (BNN)-driven decision frame-
work that estimates the probability of performance degradation and supports maintenance
postponement decisions based on quantified confidence.

The research process consists of three stages:

1. Problem formalization: Maintenance is reframed as a probabilistic decision prob-

lem based on OEE degradation and uncertainty.

2. Artifact development: A simulation-based data generation pipeline (DES) and a
BNN model are developed to estimate the probability of failure under postponed

maintenance.

3. Evaluation: The artifact is evaluated using synthetic production scenarios, focusing

on cost-risk trade-offs, maintenance regimes, and system stability.

The contribution of this research lies in integrating probabilistic modelling, simulation-
based data generation, and maintenance decision logic into a unified framework that is

both operationally interpretable and adaptable to industrial environments.

2.7.2 Scientific Contribution

This thesis contributes to the field of maintenance logistics and predictive maintenance in

three key aspects:

* Conceptual contribution: Maintenance is reframed from a deterministic schedul-
ing problem into a probabilistic confidence-based decision process, shifting the

focus from failure prediction to the quantification of safe postponement.

* Methodological contribution: A novel integration of Discrete Event Simulation
(DES) and Bayesian Neural Networks (BNNs) is proposed, enabling the generation
of controlled degradation scenarios and the learning of probabilistic maintenance

policies under uncertainty.

* Operational contribution: The proposed framework links probabilistic predictions
directly to maintenance and logistics decisions, including intervention timing, spare
parts provisioning, and resource allocation, thereby extending predictive mainte-

nance from diagnosis to actionable decision support.



3 Research Overview, Aims, and Methodolog-

ical Framework

Building on the research gap identified in Chapter 2 and formalized in Section 2.6, this
chapter presents the overall research objectives and the methodological framework used

to investigate probabilistic maintenance decision-making in serial production systems.

3.1 Research Paradigm and Design Science Framework

This research adopts a Design Science Research (DSR) paradigm [28], which is partic-
ularly suited for addressing complex engineering problems through the development of
purposeful artifacts. In contrast to purely descriptive or explanatory research, DSR fo-
cuses on the creation and evaluation of innovative solutions that extend the existing body

of knowledge.

The central objective of this work is the development of a probabilistic decision-
support artifact for maintenance planning in serial production systems. This artifact
integrates measurement, modelling, and inference mechanisms into a unified framework

capable of supporting maintenance decisions under uncertainty.

Within the DSR paradigm, these components collectively form the research artifact,

which is designed to support maintenance decisions under uncertainty.

The research follows an iterative build—evaluate cycle typical for Design Science
Research, where the artifact is progressively refined through controlled experimental
evaluation.

The evaluation is primarily simulation-based, enabling controlled experimentation
across varying degradation patterns and maintenance policies while preserving repro-
ducibility.

By framing the research within DSR, the contribution of this work is not limited to
model development, but extends to the design of a generalizable decision-support artifact

for maintenance logistics under uncertainty.

23
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3.2 General Research Objective

The overarching objective of this dissertation is the formulation and investigation of
a probabilistic, timestamp-driven framework for maintenance decision-making in serial
production environments.

More specifically, the dissertation seeks to:

Establish a timestamp-based reconstruction of OEE that is independent of predefined

performance parameters or ideal cycle times.

* Model degradation dynamics using reliability theory and analyze their influence on

the temporal evolution of production performance indicators.

* Integrate degradation modelling and reconstructed OEE signals into a Bayesian
probabilistic framework capable of estimating the probability that maintenance ac-

tions can be safely postponed.

* Validate the proposed framework using discrete-event simulation (DES) datasets

generated under controlled degradation scenarios.

3.3 Research Hypothesis

The central hypothesis of this research is that maintenance decision-making in serial
production systems can be reformulated as a probabilistic confidence decision problem
rather than a deterministic scheduling problem.

More precisely, the hypothesis states that maintenance decisions can be transformed
from interval-based scheduling policies into probabilistic confidence threshold decisions
when Overall Equipment Effectiveness (OEE) is reconstructed from timestamp-based

production data and interpreted within a Bayesian inference framework.

3.4 Specific Research Objectives

These objectives operationalize the research hypothesis and guide the development and
evaluation of the proposed decision-support artifact.
To operationalize this hypothesis, the dissertation pursues the following specific ob-

jectives:

1. Investigate whether OEE can be reconstructed objectively from timestamped pro-

duction logs without relying on predefined ideal cycle times.
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2. Reinterpret OEE as a probabilistic measure representing the likelihood that a pro-

duction system operates under ideal manufacturing conditions.

3. Analyze degradation dynamics in periodically maintained systems using Weibull-
based hazard models and investigate the resulting sawtooth hazard structure pro-

duced by periodic maintenance resets.

4. Investigate the use of Bayesian Neural Networks (BNN5s) to estimate the probability
that reconstructed OEE will fall below a predefined performance threshold within a

future decision interval.

5. Analyze the behaviour of the resulting Bayesian decision rule under different main-
tenance regimes, including aggressive maintenance, insufficient maintenance, and

stable maintenance strategies.

3.5 Methodological Architecture

In contrast to the conceptual Design Science Research framing introduced earlier, this
section describes the concrete technical realization of the proposed research artifact.

The methodological framework follows a layered structure that integrates measure-
ment theory, reliability modelling, simulation experimentation, and probabilistic machine
learning.

The technical implementation of the research artifact consists of four interrelated

analytical components:

1. Timestamp-based reconstruction of production performance (OEE),
2. Mathematical modelling of system degradation,
3. Simulation-based generation of experimental datasets,

4. Bayesian inference for maintenance decision support.

3.5.1 Data Foundation

The research relies exclusively on synthetic datasets generated through discrete-event
simulation.

Synthetic production logs are generated using discrete-event simulation implemented
in Siemens Plant Simulation.

This controlled experimental environment allows systematic variation of:
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* Failure distributions (Negative Exponential versus Weibull),
* Maintenance interval strategies,

* Degradation intensity parameters.

The use of synthetic data enables the isolation of causal relationships between degra-
dation processes, OEE evolution, and maintenance decision outcomes under statistically

controlled conditions.

3.5.2 Timestamp-Based OEE Reconstruction

OEE is reconstructed exclusively from timestamped production data.

Cycle times are defined as:

CT, =t —ti4 3.1

where
CT; = cycle time of part i 3.2)
t; = timestamp of part i (3.3)

Performance losses are detected using robust statistical measures, including median-
based cycle time estimation and interquartile range analysis. !

Extreme cycle time deviations are interpreted as availability losses, while moderate
deviations correspond to performance losses.

This formulation eliminates the need for predefined ideal cycle times and preserves

objectivity across different production environments.

3.5.3 Degradation Modeling

To represent realistic failure behaviour beyond constant hazard assumptions, a Weibull-

based hazard model with increasing hazard rate (8 > 1) is considered.

The conceptual design of the timestamp-based OEE reconstruction was partly inspired by practical
insights gained from the author’s professional experience with the Audi Hungaria production data acquisition
system (BDE). Due to internal data governance and confidentiality restrictions, the original industrial datasets
could not be used within this dissertation.

Consequently, all analytical results and validation presented in this work are based exclusively on syn-
thetically generated datasets produced through discrete-event simulation.
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h(t) = P -1 (3.4)
nB
where
h(t) = hazard rate at time ¢ (3.5)
n = scale parameter 3.6)
B = shape parameter (3.7)

In the simulation experiments presented in this dissertation, the representative case
B = 2 is used, resulting in a linearly increasing hazard rate over time. This behaviour
forms the basis for a sawtooth degradation model in which periodic maintenance resets
the hazard rate.

The model reflects realistic midlife degradation patterns and allows analytical compar-

ison with Negative Exponential failure processes.

3.5.4 Discrete Event Simulation

Discrete-event simulation is used to generate controlled degradation scenarios.

The simulation environment implemented in Siemens Plant Simulation enables:

» comparison of Negative Exponential and Weibull failure structures,
* evaluation of aggressive, insufficient, and balanced maintenance regimes,

* sensitivity analysis of maintenance interval strategies.

The simulation model therefore functions as an experimental laboratory for generating
statistically consistent training and validation datasets for the probabilistic models used in

this research.

3.5.5 Bayesian Decision Modeling

Maintenance decision-making is formulated as a probabilistic confidence problem based
on predicted production performance.

The decision rule can be expressed as:

P(OEEt+1 < OEEthrexhold | Evidence, _‘Mt) (38)
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where

OFEE,,, = predicted OEE in the next decision interval (3.9
OFEE hresnora = critical performance threshold (3.10)
M, = maintenance action at time ¢ 3.11)

A Bayesian Neural Network estimates this probability together with its associated
prediction uncertainty.
Maintenance intervention is triggered when:

P>t (3.12)

where

7 = predefined risk tolerance threshold (3.13)

This formulation transforms preventive maintenance from fixed interval scheduling

into a probabilistic confidence-based decision strategy.

3.6 Scientific Contribution

The methodological contribution of this research lies not in individual components, but in
their integration into a coherent probabilistic decision-support framework.

This framework combines the following elements:

a universally applicable timestamp-based OEE formulation,

a mathematically consistent degradation model,

a probabilistic maintenance decision rule based on Bayesian inference,

* and a simulation-based experimental validation framework.

Together, these elements establish a formal link between classical maintenance con-
cepts and probabilistic modelling approaches, resulting in an analytically grounded frame-
work for maintenance decision support in serial production systems.

The detailed scientific contributions are formalized and evaluated in Chapter 10.
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3.7 Traceability of Research Gap,

Questions, and Contributions

To conclude the methodological framework, the identified research gaps are explicitly

linked to research questions, corresponding chapters, and resulting contributions.

Table 3.1: Traceability Matrix Linking Research Gap, Questions, and Results

Research Gap Research Chapter Result / Contribution
Question

Lack of wuncertainty- RQI Chapters Bayesian decision
aware maintenance de- 3-5 framework for mainte-
cision models nance postponement
Limited integration of RQ2 Chapters Probabilistic interpreta-
OEE into predictive 4-6 tion of OEE as perfor-
models mance signal

Weak linkage between RQ3 Chapters Maintenance  regime
prediction and opera- 6-8 classification and deci-
tional logistics sion support

This mapping establishes a direct traceability between problem definition, method-
ological design, and resulting contributions, ensuring a coherent and verifiable research
structure.

The framework introduced in this chapter represents the operationalization of the thesis
contribution, translating probabilistic modelling into a concrete decision logic applicable

to industrial maintenance planning.
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4.1 Introduction

In modern discrete event simulation and production systems analysis, accurately captur-
ing the dynamic behavior of machines, processes, and lines is essential. [29, 30] This
work explores the mathematical and theoretical foundations underlying the modeling and
evaluation of production systems, focusing on difference calculus, Little’s Law, Over-
all Equipment Effectiveness (OEE), and their integration into probabilistic maintenance

decision-making frameworks.

4.2 Probabilistic Foundation of Manufacturing Perfor-

mance

Manufacturing systems operate under inherent uncertainty, where equipment effectiveness
emerges from the complex interaction of availability, performance, and quality factors.
Traditional OEE approaches treat these as deterministic ratios, but this perspective fails to

capture the probabilistic nature of real manufacturing environments.

4.2.1 Reinterpreting OEE as a Probability Measure

Rather than viewing OEE as a simple multiplicative ratio, I propose reinterpreting it
as a probability measure that quantifies the likelihood of achieving ideal manufacturing

conditions:

OEE = P(ideal manufacturing conditions) 4.1

This probabilistic interpretation recognizes that manufacturing effectiveness is funda-
mentally about the system’s ability to consistently operate under optimal conditions. Each

component of the traditional OEE formula can be understood as a conditional probability:

30
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Availability = P(equipment operational | scheduled time) (4.2)
Performance = P(optimal speed | equipment operational) 4.3)
Quality = P(conforming output | production completed) 4.4)

The overall OEE then represents the joint probability of all ideal conditions occurring

simultaneously:

P(maintenance needed | OEE observations) « Likelihood X Prior @5)
= P(OEE observations | maintenance needed) X P(maintenance needed) .

4.2.2 Implications for Discrete Manufacturing Systems

In discrete manufacturing environments, this probabilistic perspective aligns naturally
with the event-driven nature of production systems. Each production cycle represents a
discrete trial where the system either achieves or fails to achieve ideal conditions. The

statistical OEE approach leverages this discrete structure by:
» Using empirical distributions of cycle times rather than theoretical specifications

* Treating performance variations as probabilistic events rather than deterministic

deviations

* Enabling uncertainty quantification essential for maintenance decision-making

4.2.3 Connection to Bayesian Reasoning

The probabilistic formulation naturally extends to Bayesian frameworks where prior beliefs
about system performance can be updated with observed data. This creates a foundation

for adaptive maintenance strategies where:

P(maintenance needed | OEE observations) oc “46)
P(OEE observations | maintenance needed) X P(maintenance needed) .

This Bayesian perspective enables the integration of OEE signals with maintenance
decision logic, forming the theoretical bridge to the predictive maintenance framework

developed in subsequent chapters.
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The probabilistic interpretation of OEE enables seamless integration with digital
twin technologies. Since both the physical system and its digital counterpart op-
erate under uncertainty, probability distributions provide a common language for
comparison and validation. This standardization allows meaningful performance
comparisons across different systems and supports real-time updating of digital twin

parameters based on observed manufacturing data. [31]

The mathematical foundations developed in the following sections build upon this
probabilistic perspective, showing how Little’s Law and queuing theory provide the ana-

lytical tools to operationalize these concepts in practice.

4.3 Fundamentals of Difference Calculus in Production
Modeling

In the field of discrete simulations, especially within production units operating on discrete
events or time steps, finite difference calculus plays a crucial role. [32] It approximates the
derivative of a function at specific points using discrete measurements, providing valuable

insights into dynamic production behavior.

Key types include the forward difference

Af(x) = f(x+h) - f(x) (4.7)

which measures change over a forward step &, useful for monitoring hourly output shifts
in P(t) via
AP(t) = P(t+1) — P(¢) (4.8)

The backward difference
Vfx) = f(x)— f(x—h) (4.9)

compares current with previous outputs, and the central difference
h h
6f(x) =flx+3)—flx—3) (4.10)

balances forward and backward perspectives.

These finite differences approximate derivatives of production functions, identify

growth trends, and support dynamic equation modeling, such as discrete, first-order non-
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homogeneous difference equations [33]:
P(n+1)=An)P(n)+G(n) (4.11)
Similarly, time dynamics can be modeled by
T(n+1)=Bn)T(n)+ H(n) (4.12)

where B(n) and H (n) incorporate process efficiency factors and external time adjustments.
[34]
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Figure 4.1: Production through the lens of discrete events.

Recursive Definitions

Production can be modeled as a piecewise or event-driven system characterized by two

interrelated recursive functions:

{ThroughputN = F (Throughputy_;, Current Cycle Time) @.13)

Timey = F (Timey-_;, Average Cycle Time)

These functions form a discrete-time representation of production where each index N

corresponds to a production event, possibly defined by the start or end of a processing

cycle.

Although the above recursive functions form the foundational logic of discrete-event

based simulation, their practical utility in day-to-day operations remains limited. For
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general estimation and performance analysis, a more concise and universally applicable
relation is desirable. Such arelation is provided by Little’s Law, which offers a closed-form

estimator linking average system load, throughput, and lead time.

4.4 Application of Little’s Law in Discrete Manufacturing

4.4.1 Characteristics of Queuing Systems

The characteristics of queuing systems can be quantitatively analyzed using six core

elements [35]:

1. Arrival Pattern of Customers: Described by the distribution of inter-arrival times.
Patterns may be stationary or non-stationary. Customer behaviors such as balking,

reneging, and jockeying reflect impatience.

2. Service Pattern of Servers: Service times are generally stochastic and can be indi-
vidual or batch. Service behavior may depend on the number of waiting customers

(state-dependence) or time (non-stationarity).

3. Number of Servers: A key design trade-off between customer delay and operational
cost. Multi-server configurations can include shared queues or individual queues.

Shared-queue systems tend to be more efficient.

4. Queue Discipline: Refers to the rule by which customers are selected for service,
including FCFS, LCFS, RSS, processor sharing, polling, and priority disciplines

(preemptive or non-preemptive).

5. System Capacity: Refers to the maximum number of customers allowed in the

system. In finite systems, arrivals may be blocked upon reaching capacity.

6. Stages of Service: Queuing systems may consist of one or multiple service stages,

possibly including feedback or recycling loops (e.g., rework or repeated routing).
4.4.2 Standard Notation (Kendall’s Notation)
A queuing system is denoted using Kendall’s notation as:
A/B/X]Y]Z

where:

¢ A: Inter-arrival time distribution,
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B: Service time distribution,

X: Number of parallel servers,

Y: System capacity (maximum number of entities allowed),

Z: Queue discipline.

Characteristic Symbol | Explanation
M Exponential
D Deterministic
Interarrival-time E; Erlang type k (k = 1,2,...)
distribution (A) ) ]
Sprvjce—pime Hj Mixture of k exponentials
distribution (B) PH b (o
G General
Parallel servers (X) | 1,2,...,0
System capacity (Y) | 1,2,...,0
FCFS First come, first served
LCFS Last come, first served
RSS Random selection for service
Queue discipline (Z)
PR Priority
GD General discipline

Example: M /D /2/co/FCFS represents a system with exponential inter-arrival times,

deterministic service times, two servers, infinite capacity, and a first-come-first-served

discipline.

4.4.3 Little’s Law

Little’s Law is a foundational principle in queuing theory and is widely applicable in the

analysis of dynamic systems. [36] It defines a fundamental relationship among three key

quantities:

» A: the average arrival rate of customers (or items) into the system,

» W: the average time a customer (or item) spends within the system,

* L: the average number of customers (or items) present in the system.
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The law states:
L=1-W 4.14)

Given any two of these three variables, the third can be directly inferred. This
relationship holds under minimal assumptions: only that entities depart after arriving
(W > 0) and the system is stable (i.e., the arrival rate equals the departure rate over time).
It does not require assumptions like Poisson arrivals, exponential service times, or specific
queue disciplines.

Examples of System Definitions:

1. System = Queue + Server:
L=1-W (4.15)

with W including both waiting and service times.

2. System = Queue Only:
L,=4-W, (4.16)

where L, is average number waiting and W/, is average waiting time.

3. System = Single Server:
Ly=1-E[S]=1-po 4.17)

where E[S] is the expected service time and py is the fraction of idle time.

4. System with Blocking (Finite Capacity):
L=(1-pp)-1-W (4.18)

where p), is the blocking probability and W is measured only for admitted entities.

4.4.4 Geometric Interpretation and Proof of Little’s Law

While formal proofs of Little’s Law rely on rigorous stochastic process theory, acompelling
geometric argument can be given to illustrate its essence. This section develops the
intuition behind the result, progressively relaxing assumptions on the system’s state at the

beginning and end of the observation period.

Geometric Setting

Consider a queuing system observed over a finite time interval [0, T]. Let:
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e A(?): cumulative number of Arrivals by time t,

* D(t): cumulative number of Departures by time ¢,

e N(t) = A(t) — D(¢): number of customers in the system at time t,
e N: total number of arrivals during [0, T],

* Wj: time customer k spends in the system,

I N o
e W= N 2 k=1 Wi: average time in system,

e 1= T: average arrival rate,

I 7 . .
e L= T /0 N(t) dt: average number of customers in the system over time.

Assume that each customer is represented by a horizontal rectangle from arrival time
Ay to departure time Dy = Ay + Wy, forming a stack of shaded regions. The total shaded
area then equals the total time all customers spend in the system:

T N
/ N(t)dt = Z Wy (4.19)
0 k=1
Dividing the left and right term by T gives:
1 /T 1< N 1<
= Nit)ydt== ) Wr=—=(= ) Wy) (4.20)
T Jo T kZ:; T N kZ:;
Which resolves in:
L=a1-W 4.21)

Case 1: System Starts and Ends Empty

Moment T
Number of customers N (7)
i
1
A(1)
[ w )
1
Lw b
A1 A2 A3 A4 A5 A6 A7 .
D D, Dy Dy Ds Dg p, limet

Figure 4.2: Geometric representation of Little’s Law (in-order departures)

If the system is empty at both r = O and ¢t = T, then A(0) = D(0) and A(T) = D(T). In

this case, the total shaded area (sum of waiting times) coincides exactly with the integral
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of the number of customers in the system and Little’s Law gives an accurate result.

Case 2: Out-of-Order Departures

Moment T’
Number of customers N (t)
A(1) |
:
L wi |
Al A Aj Ay As Ag A7 1
D2 D[ D4 D6 D5 D3 D7 Tlmet

Figure 4.3: Geometric representation of Little’s Law (out of order departures)

If customers depart in a different order than their arrivals, the rectangles representing their

time in the system no longer align neatly with the departure curve D(t). However, for

every portion of a rectangle that extends beyond D (¢), there exists a corresponding empty

space between A(t) and D (¢). These regions can be rearranged to preserve total area, and

thus the equality still holds, leading again to:

L=a-w (4.22)
Case 3: System Does Not End Empty
Number of customers N(t) Moment T’
I
E
A(t)
[ ws I}
K ;
A A by Dy Az Ay As gi gz Ds D D, Time

Figure 4.4: Geometric representation of Little’s Law (in-order departures, no empty

ending)
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If the system does not end in an empty state, then some rectangles W; extend beyond 7.

The integral

T
/ N(t) dt (4.23)
0

only accounts for time spent in the system up to time 7. Therefore, the equality

becomes:

N T
Z W ~ / N(t) dt + ey (4.24)
k=1 0

where e7 represents the excess time beyond the horizon. Over a sufficient long time

span, this mismatch becomes negligible:

lim 2L =0 (4.25)
T—oo T
Hence, in the limit:
L=A-W (4.26)

still holds.

Case 4: System Does Not Start Empty

M tT
Number of customers N (¢) omen

Al Ay Az Ay As Ag A7
D, D, D3 Dy Ds Dg Dy

Time ¢
Figure 4.5: Geometric representation of Little’s Law (in-order departures, occupied start)
If the system does not start empty, there are already customers present at time ¢ = 0,

who contribute area under the N(7) curve but are not included in A(z). Let the number

of customers present initially be N(0). These individuals are not part of the N arrivals
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counted in A(?), so their time in system is not included in 3} _; W, but they do contribute
. T o
to the integral fo N(t) dt. Thus, the shaded area understates the actual time integral:

T n
/ N(t) dt ~ Z Wy + o1 (4.27)
0 k=1
with 07 accounting for initial residents. Again, as T — oo, this discrepancy becomes
negligible:
)
lim — =0 (4.28)
T—oo T

so the average number in the system still converges to:

L=a-W (4.29)

Summary

Regardless of whether the system begins or ends in an empty state, or whether customers
depart in or out of arrival order, the geometric intuition behind Little’s Law holds in the

limit as T — oo, provided that:

. . A(r) . e
* the long-run arrival rate 4 = lim;_, ¥ exists and is finite,

o . 1 .
* the long-run average time in system per customer W = limy_, o, N Ziv: | Wi exists
and is finite.

Then, the average number of customers in the system satisfies:

L=a-W (4.30)

This relationship is both robust and universal, making it one of the most powerful tools

in queuing theory and performance analysis.
Examples at different system levels include:
* Machine level: 5 parts/minute, 2 minutes average duration — L = 10 parts.
* Work sequence: 20 parts/hour, 3 hours average — L = 60 parts.
* Line segment: 40 parts/hour, 2 hours average — L = 80 parts.
* Entire line: 200 parts/hour, 5 hours average — L = 1000 parts.
Properly observing A and W over time ensures stable estimates. These insights underpin

the design of buffers, performance targets, and reliability measures, as discussed in [96]
and [97].
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4.5 From Classical OEE to a Data-Driven Estimator

This section builds directly on the theoretical foundations established in the previous
parts of this chapter, particularly Little’s Law, which demonstrates that throughput, work-
in-process, and cycle time are invariant relationships across systems and subsystems.
By analogy, OEE should also be invariant at different levels of analysis: the overall
effectiveness of a line must equal the effectiveness of its parts, even if the categorisation
of losses shifts between availability, performance, or quality. The approach presented
here applies this reasoning to derive a timestamp-based estimator of OEE that is both

data-driven and consistent with queuing-theoretic principles.

4.5.1 Motivation and Theoretical Foundation
* Availability retains its conventional interpretation:

_ Operation Time _ Loading Time — Downtime

= 4.31
Loading Time Loading Time (4.31)

This captures time-based efficiency and is consistent with TPM-aligned definitions

when system states (operating, down) are well-defined.

* Quality also follows standard practice:

_ Processed Quantity — Defects

- (4.32)
Processed Quantity

assuming reliable and complete detection of nonconforming items.

4.5.2 Different levels of perception

In practice, OEE raises a methodological difficulty: the same formula may yield different

results depending on the level of aggregation.

* At machine level, performance reflects whether a unit runs at its design speed.

Blocking and starvation appear as local availability losses.

* At line level, performance reflects whether the flow between machines is synchro-

nised. Time loss in one unit may reappear as a speed effect at another.

* At system level, OEE should remain invariant: the overall number must represent
the ratio of good output to the maximum achievable output under ideal conditions,

regardless of decomposition. Only the categorisation of losses shifts between levels.
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This mirrors the logic of Little’s Law, which holds for a system and all its subsystems:
L=a1-W (4.33)

remains invariant, even if the interpretation of L, A, and W differs across levels.

4.5.3 Reinterpreting Performance as flow synchronisation

While Availability and Quality remain aligned with classical TPM definitions, Perfor-
mance requires reinterpretation in flow-oriented systems. Instead of viewing performance

as a simple cycle-time ratio, I define it as a factor describing flow stability:
P=(1-Py)x(1l-Pp) (4.34)
where
1 — Py = probability of not being starved (adequate upstream supply), (4.35)

1 — P, = probability of not being blocked (adequate downstream buffering).  (4.36)
Thus, performance measures how well the buffers before and after a machine are

designed to keep the flow stable. [37]

* Speed Rate (1 — Py): indicates how often a machine avoids running empty.

* Net Operating Rate (1 — P,): indicates how often a machine avoids being blocked

and how well downstream disruptions are resolved.

4.5.4 Operating Speed and Net Operating Rate

The performance degradation due to downstream congestion (blocking) is captured by the

Operating Speed, defined as:

CT, P
theo . 22 — 1 —p, (4.37)

Operating Speed = =
P &°p CTact /ltheo

where:
* A,: observed throughput rate
* Adiheo: 1deal or design throughput rate

* pp: probability the machine is blocked (output prevented)
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Likewise, upstream starvation is reflected in the Net Operating Rate, given by:

P dA t- CT,
Net Operating Rate = rocessed Amoun adt

Operation Time
= (1 =po) - Aact - CTyet
= (1-po)

(4.38)

Here, p( denotes the probability the machine is starved—i.e., waiting for an incoming
part.

Deriving the Performance Factor

By combining the above, I arrive at a more complete and behaviorally grounded expression

for performance:
P=(1-pp)-(1=po) - dact - CTyet (4.39)

In practice, Aact - CTyet = 1 under stable conditions, so the essential drivers of performance

loss become the probabilities pj; and py.

4.5.5 Toward an Empirical and Distribution-Free Definition

To avoid dependence on theoretical queuing models or ideal cycle assumptions, I rein-
terpret po and pj, empirically using the quantiles of the observed cycle time distribution.
Instead of normalizing by the interquartile range (IQR), I normalize by the full outlier

limit range (OLR), which reflects the data range excluding extreme outliers:
OLR = (Q3 + 1.5 - IQR) —max(0,Q; — 1.5 - IQR) (4.40)

Using this, it can be defined:
N 03 — Median

* Do OLR (starvation tail)
Median —
* Pp = %RQI (blocking front)

This leads to a purely timestamp-driven calculation of performance:

P=(1-po)-(1-pp) (4.41)

4.5.6 Toward a data-driven estimator

Cycle-time distributions derived from event logs offer a practical way to operationalise

these concepts. From timestamps of part completions, cycle times are computed and
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classified using robust statistical thresholds:
* Median (Q2): central tendency of stable operation,
* Q3 (third quartile): upper bound of expected variation.
Classification rules:

1. Cycles > O3 = Failures (Availability losses).
Availability is reduced by the excess time beyond Q3:

~ 2cr>03(CTi — 03)

A=1 (4.42)
TLoad
2. Cycles < Median = Blocking recoveries (1 — Pp).
3. Median < Cycles < Q3 = Starvation (1 — Py).
From the relative frequencies:
#{CT < Medi #{Medi CT <03
1_p,= {CT < elan}’ - py= {Median < < Q3} (4.43)
N N
Performance then follows as:
P=(1-Py)(1-Py). (4.44)
Quality is calculated as:
Good Parts
= — 4.45
All Parts ( )
Finally:
OEE=A-P-Q (4.46)

4.5.7 Advantages of the data-driven approach

1. Consistent across levels — OEE invariance is preserved.
2. Flow-oriented — Performance reflects synchronisation, not just cycle-time ratios.
3. Data-driven thresholds — Median and Q3 adapt to system behaviour.

4. Actionable decomposition — Direct mapping to interventions (maintenance, buffer

design, process stabilisation).
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4.5.8 Solving the CT Controversy

A recurring problem in the practical application of OEE is the definition of the theoretical
cycle time CTiheo. In many industrial environments this value is taken directly from ma-
chine documentation or design specifications. However, such values are often negotiated,
adapted to local conventions, or even strategically chosen to present performance in a
favorable light. In simulation models the problem is amplified: abstraction levels and
simplifications frequently alter the meaning of CTipeo, Which leads to endless debates on
whether the “right” cycle time was applied. [38, 39] As a result, much of the discussion
around OEE drifts away from effectiveness and instead focuses on the politics of parameter
selection.

To resolve this controversy, I propose a purely statistical definition of cycle times that
is grounded in the data itself. The approach distinguishes between the actual cycle time

CT,. and the theoretical cycle time CTieo:

CT,; = median of the empirical cycle time distribution, 4.47)

cT first non-zero mode of the cycle time distribution, if such a mode exists,
theo =

median of the distribution, otherwise.
(4.48)

This definition is motivated by the repetitive nature of industrial machines. If a machine
is engineered to perform a task in a repetitive manner, the resulting data will often show a
recurring cycle time that manifests as a statistical mode. Such a mode is interpreted as the
“design rhythm” of the machine. If several distinct modes occur, this typically indicates
that multiple product types with different cycle times have been processed on the same
resource. In cases where no significant non-zero mode exists, or where the first mode is
at zero, the machine has not revealed a stable design rhythm in the data, and the median
provides the most robust fallback.

In this way, the definitions of CT, and CTi,e, become transparent, reproducible, and
free from political or model-dependent bias. They are entirely derived from empirical
observations and therefore suitable both for real-world measurements and for simulation
studies. By anchoring cycle times in statistical properties of the data, the persistent
controversy around “which cycle time should be used” in OEE calculations is resolved,

and the discussion can return to its true focus: identifying and eliminating losses.

Relation to Little’s Law. The proposed statistical definition of cycle times also estab-
lishes a direct parallel to Little’s Law. Little’s Law guarantees that the relation L = 4 - W
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holds for every system and subsystem, regardless of structure or aggregation. Similarly,
the choice of CTi,eo must not depend on managerial conventions or documentation prac-
tices but should be derived from the same empirical distribution that governs the observed
throughput. By grounding CTi,e, in the mode (or, if absent, the median) of the cycle time
distribution, it is ensured that the measure is system-invariant: the overall OEE value re-
mains stable across levels of analysis, while only the categorisation of losses (availability,
performance, quality) shifts. This parallel to Little’s Law provides a theoretical justifi-
cation for abandoning documented cycle times in favour of statistical ones, as it restores

consistency and invariance to OEE calculations.

Distinguishing Efficiency from Productivity: A Maintenance-Centered Perspective

The median-based approach to OEE calculation represents a fundamental shift from
traditional interpretations that often conflate efficiency with productivity. This distinction
is critical for maintenance decision-making and requires careful positioning relative to

established practice.

The Commercialization Problem in OEE Traditional OEE implementations frequently
promote the misconception that “higher OEE equals more output.” This stems from using
theoretical cycle times that may be outdated, overly optimistic, or strategically chosen to
present favorable performance metrics. The result is a focus on volume maximization
rather than waste elimination—a misalignment with lean manufacturing principles and
maintenance objectives.

In maintenance contexts, this volume-centric interpretation creates perverse incentives:
* Deferring maintenance to maintain high availability numbers
* Running equipment beyond optimal speeds to improve performance metrics

* Accepting quality degradation to maintain throughput targets

Reframing OEE for Maintenance Excellence The median-based calculation funda-

mentally changes what “improvement” means:

* Traditional interpretation: OEE improvement = increased output relative to the-

oretical maximum

* Maintenance-centered interpretation: OEE improvement = reduced waste rela-

tive to demonstrated capability

This reframing aligns with core maintenance objectives:
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* Consistency over speed: Reducing cycle time variability indicates better equipment

condition

* Sustainability over peaks: Median-based baselines reflect sustainable operating

conditions

* Actual vs. aspirational: Performance measured against real capability, not design

specifications

Communicating the Paradigm Shift For practitioners accustomed to traditional OEE,

the median-based approach requires explicit positioning:

* Efficiency vs. Capacity: Emphasize that OEE measures how efficiently available

capacity is used, not how much capacity exists

* Waste identification: Frame improvements as waste reduction rather than output

increases

* Predictive value: Highlight how consistency metrics better predict maintenance

needs than volume metrics

Implementation Considerations When introducing this approach in industrial settings:

* Present median-based OEE alongside traditional calculations during transition pe-

riods
* Focus on trend analysis rather than absolute values

* Use case studies showing how variability reduction correlates with equipment reli-

ability

This conceptual foundation supports the maintenance decision framework by ensuring
that OEE signals reflect equipment condition rather than production pressure, making

them more reliable indicators for maintenance timing decisions.

It is a common but misleading practice to “reverse engineer” cycle times from the
OEE formula. This approach assumes that OEE can be treated as a deterministic
design specification, which is incorrect.

The median cycle time CT, defined here is a statistical description of observed

operation, not a fixed design parameter. Likewise, the theoretical cycle time CTieo,
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whether defined by the mode or median of the distribution, reflects empirical be-
haviour rather than machine specifications.

Machine designers work with fixed design values (e.g., maximum spindle speed or
nominal takt time), while OEE is an effectiveness ratio based on actual performance.
Reversing the OEE equation to produce a “design” cycle time conflates performance

measurement with engineering specification and should therefore be avoided.

4.5.9 Illustrative Interpretation of CT,eo, and OEE Decomposition

Figure 4.6 provides an illustrative, discretised view of how the theoretical cycle time
CTieo acts as a structural lower bound and how the classical OEE factors A, P, and Q
emerge from deviations in realised behaviour. The figure is intentionally schematic: each
numbered block represents one produced unit, and the horizontal extent corresponds to

elapsed production time.

Machine structural capacity reference (CT_theo) 16 parts possible within planning horizon

HER BTN SN (NP N N N I I BTN T w1

OEE: 100%, Process ran at constant CT_Act

BEN BN 5N N N N B N N RO N N

OEE: 92%, Process ran at constant CT_Act, A: 100%, P:100%, Q: 92%

OEE: 78%, Process ran at Average CT_Act, A: 85%, P:100%, Q: 92%
N BN IEN KN K3 I R
| 8 | o | 10| 1|

EN N EN EN 5 N 53 BEErE B £
=

Figure 4.6: Conceptual illustration of CTe, as a structural capacity reference and its
relationship to the OEE decomposition. The top line represents the theoretical maximum
throughput (16 parts within the planning horizon) implied by CTieo; the remaining lines
show realised production with progressively introduced losses in Q, A, and P.

Structural meaning of CTe, (top line). The first line does not represent an OEE
scenario. Instead, it defines the structural capacity reference: if a process could operate
continuously at its minimal stable cycle time, then within a fixed planning horizon a
maximum of 16 units would be feasible. This reference expresses a physical lower bound

on cycle time, hence
CTact = CTineo > 0. (4.49)
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Importantly, demand limitations (e.g., only 13 units are required) affect utilisation of
available capacity but do not reduce OEE when the planning horizon is defined over the
planned production time. Therefore, the top line is used solely to anchor the interpretation

of CTeo and to separate capacity utilisation from efficiency losses.

Ideal realised operation (second line). The second line illustrates ideal operation in
which the process runs at constant CT,,; = CTyeo and produces the required number of
units without scrap or interruptions. Under these conditions A = 1, P = 1,and Q = 1,
yielding OEE = 1.

Quality loss only (third line). The third line introduces a single rejected unit (high-
lighted), while the cycle time remains constant. The availability and performance compo-

nents remain ideal (A = 1, P = 1), and OEE is reduced purely by quality:

OEE=A-P-Q0=1-1-0. (4.50)

Availability loss with stable cycle time (fourth line). The fourth line illustrates un-
planned idle time (extended red segment), which reduces availability. The cycle time
during productive periods remains stable, hence P ~ 1, while Q is unchanged relative to
the quality-loss case. The example demonstrates that a reduction in throughput can occur

without changing the productive cycle time itself, because lost operating time reduces A:

OEE=A-P-O~A-1-0. (4.51)

Combined availability and performance loss (fifth line). Finally, the fifth line com-
bines availability loss with a reduction in performance, shown as a systematic increase
in effective cycle time during productive periods (brown blocks). Here, availability is re-
duced by downtime, quality remains below unity due to scrap, and performance is reduced

because CT, exceeds CTipeo:
_ CTiheo

" CTau

This case is central for the present work, because it corresponds to gradual performance

P <1 (4.52)

deterioration that is not directly observable as a binary failure event, yet accumulates into

measurable throughput loss and increased uncertainty.

Implication for estimating CTe, from data. In high-frequency timestamp data, naive
estimators such as min(Ar) are unstable because measurement noise and stochastic effects

may yield arbitrarily small observed intervals. For this reason, CTye, 1S interpreted as
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the most frequently reached minimal stable cycle time, inferred from the dominant inlier
cluster of the cycle-time distribution after robust filtering (e.g., IQR-based). This ensures

CTineo > 0 and preserves the interpretability of the OEE decomposition.

4.5.10 Routines Used (Python)

The Python routines responsible for cycle-time reconstruction and OEE estimation are part
of the structured data enrichment layer described in Appendix B. The appendix provides
a formal description of the transformation pipeline, derived metrics, and implementation

logic.



S Transforming Maintenance Tasks into

Failure Profiles

5.1 From Maintenance Actions to Hazard Functions

The failure behaviour of technical systems is often described by the bathtub curve, which
can be represented by the Weibull distribution. The shape parameter 8 distinguishes

between three regimes:
* [ < 1: decreasing hazard (infant mortality, dominated by early defects),
* 8 = 1: constant hazard (stable phase, time-independent failures),
* B> 1: increasing hazard (wear-out and ageing effects).

In this thesis I restrict the analysis to the stable operating phase, where § = 1 and the

hazard function reduces to the Negative Exponential form:
h(r) = 4, (3.1

with A constant. Failures are then random, time-independent events — an assumption
consistent with serial production environments where machines are operated within their

designed life span.

TPM as Hazard Control

Total Productive Maintenance (TPM) in this context consists of two complementary types

of prescribed interventions [5]:

* Autonomous maintenance: Routine tasks performed by operators, usually linked
to shift changes or setup activities (e.g. lubrication, cleaning, inspection). These
aim to prevent small disturbances from accumulating and thereby keep the hazard

baseline at its expected level. [40]

51
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* Planned maintenance: Scheduled activities carried out by the maintenance team,
often based on OEM directives or expert knowledge. These include recalibration,
replacement of wear parts, or more elaborate overhauls, typically at weekly, monthly,
or annual intervals. Planned maintenance resets the effective hazard rate by restoring

the equipment closer to its reference condition.

Together, autonomous and planned actions define TPM. Their effect can be interpreted as
controlling the timing and magnitude of resets in the hazard trajectory, while operating

under the assumption of constant baseline hazard between interventions. [41]

Predictive Maintenance as Opposite Approach

In contrast to TPM, predictive maintenance does not follow fixed schedules. Instead it
relies on intensive data collection and analytics to forecast the future trajectory of h(t).
By estimating parameters such as 8 and n dynamically, predictive methods aim to time
interventions exactly when degradation signals indicate an elevated risk. This approach,
while potentially more efficient, is costly, requires high data quality, and is less plannable

in practice.

Research Objective

The objective pursued here is to shift TPM in the direction of predictive maintenance:
* Reducing the over-aggressiveness of fixed-interval preventive activities,
* While avoiding the full data-intensity and unpredictability of predictive approaches.

This results in a hybrid concept: TPM remains structured and plannable, but is guided
by stochastic indicators (e.g. OEE decay, hazard resets) that make it more adaptive to real

operating conditions.

5.2 Sawtooth Hazard Rate Model

While the exponential and Weibull models capture fundamental aspects of failure be-
haviour, they are insufficient to reflect the influence of repeated maintenance. Classical
preventive interventions reset the condition of equipment to a state closer to “as good as
new.” The result is a hazard trajectory that grows during operation but is periodically
reduced. This gives rise to a sawtooth hazard rate model, which alternates between

degradation growth and reset events.
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5.2.1 Mathematical Formulation

The hazard function of a Weibull distribution is given by

B-1
h(t) = b (5) , (5.2)
n\n

with S the shape parameter and n the scale parameter. [42]
To simulate periodic resets, consider a fixed maintenance interval 7. Fort € [k7, (k+1)7),

where k € N denotes the maintenance cycle, the hazard rate is defined as:

_ B-1
o () = £ (t '”) . (53)
n n

At each reset point t = k7, the effective “age” of the component is reduced and the hazard
rate returns to baseline. The resulting profile resembles a sawtooth: increasing with time

until maintenance restores the condition.

5.2.2 Balancing Weibull and Exponential Areas

In the stable operating phase (8 = 1), the hazard rate is constant:
hexp(t) =4, (5.4)

representing time-independent, memoryless failures.
The sawtooth model (8 > 1) produces an alternating sequence of growth and reset. The
key idea is that the area under the hazard curve can be used to benchmark maintenance

aggressiveness. [43]

o If the cumulative area under g,y () over one maintenance cycle is approximately
equal to the area under /exp(f) for the same interval, maintenance is balanced:

neither too frequent nor too sparse.

* If the sawtooth area is significantly larger, interventions are too frequent: the system

is over-maintained, incurring unnecessary downtime and cost.

* If the sawtooth area is significantly smaller, interventions are too sparse: the sys-
tem experiences excess degradation, increasing the probability of failure before

scheduled maintenance.
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Formally, the balance condition can be expressed as:

/Thsaw(r) dt =~ /Thexp(t) dt. (5.5)
0 0

5.2.3 Interpretation

This perspective links preventive maintenance directly to reliability metrics. By comparing
the area under the sawtooth hazard with the constant exponential baseline, one obtains a

measure of whether maintenance actions are too aggressive or too relaxed.

* A ratio near unity implies optimal balance: the planned interventions compensate

degradation without overspending resources.
* A ratio above unity signals excessive maintenance effort.

* A ratio below unity indicates insufficient intervention, risking unexpected failures.

The sawtooth model therefore provides a mathematically tractable framework that captures
both the stochastic nature of failures and the deterministic impact of scheduled mainte-
nance. By introducing the area-balance criterion, it also offers a practical diagnostic tool

to evaluate whether the chosen maintenance regime is appropriately tuned.

5.3 From Maintenance Actions to Maintenance-Failure
Modelling

5.3.1 Theoretical Framework and Standing Assumptions

Attention is restricted to the stable operating phase of the bathtub curve (8 = 1), so failures
are time—independent with constant hazard 4 = 1/MTBF. [44] Let MTBF and MTTR

denote mean time between failures and mean time to repair, respectively. Availability is

~ MTBF
" MTBF + MTTR

Rather than modelling failures explicitly, I replace them by their maintenance equivalents:

A (5.6)

L MTBF d~ MTTR
2 7 2

Rule (5.7) balances the expected "risk accumulation" between resets against planned

(5.7)

T

downtime.
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5.3.2 Implementation Framework in Discrete Event Simulation

The sawtooth hazard rate model requires specific implementation logic to accurately
represent maintenance timing and effects. [45] Based on validation studies using Plant
Simulation 2504, the following framework ensures proper integration of maintenance

activities within production systems.

Maintenance Control Logic

Maintenance implementation is managed through a Generator object that controls both
timing and duration of maintenance activities:
Interval Parameter: Defines the time between maintenance activations, effectively set-

ting the period from the end of one maintenance event to the start of the next:

MTBF
Maintenance Interval = 7% = > (5.8)
Duration Parameter: Defines the maintenance execution time span:
MTTR
Maintenance Duration = d =~ (5.9)

2

Failure Profile Management

The sawtooth model requires dynamic failure profile management synchronized with
maintenance events:

Start of Maintenance Event:
e If a failure is active, deactivate it immediately
* Deactivate the failure profile to prevent new failures during maintenance
* Reset the hazard accumulation to baseline
End of Maintenance Event:
* Set failure profile start time to current simulation time
* Set failure profile stop time to the start of next scheduled maintenance
* Reactivate the failure profile with reset hazard rate

Initialization Protocol: Both failure profile and maintenance generator are initialized at

simulation start to ensure consistent timing throughout the simulation run.
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5.3.3 Parameter Optimization and Calibration

The effectiveness of the sawtooth model depends critically on proper parameter calibration.
The scale parameter 1 in the Weibull distribution must be optimized to align with the

baseline NegExp hazard rate.

Mathematical Optimization

Setting the Weibull hazard rate equal to the NegExp rate at the optimal maintenance point
t=pu

(5.10)

Solving for the optimal scale parameter:

n=2u (5.11)

This calibration ensures that maintenance is triggered precisely when the accumulating
hazard matches the constant baseline risk, optimizing the balance between preventive

action and resource utilization.

5.3.4 Buffering and System-Level Integration

Buffering and system-level stabilisation. Inter-operation buffers dampen the realisation
of upstream/downstream disturbances at the workstation level. I encode buffer quality by

a single mitigation factor B € [0, 1]:
B ~ 0.8 (well designed buffer), B ~ 0.6 (poorly designed buffer).

A convenient way to express the effect is a buffered availability that accounts for the

fraction of unavailability the buffer can absorb:
A, = 1-(1-B)(1-A) = A+B(1-A). (5.12)

When quality is stable (Q = 1), the Performance term of OEE primarily reflects the net
operating rate (stability) and operating speed; (5.12) provides a lower bound on the stability

component that the buffer can sustain against short failures and MTTR asymmetries.

Postponement test from Performance and time since maintenance. Let 7, denote

time elapsed since the last maintenance job and 7* the planning anchor. Fix an operational
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OEE target OE E i, (or equivalently a Performance target). Given the current observations
Pobs and Q ops (often Qops = 1), predict the minimum Performance that still meets the target
under buffered reliability [46]:

OEEmin

Punin = m (clip to [0, 1]). (5.13)

Define the age ratio r := t;/7* and a simple postponement score that trades off current

headroom in Performance against elapsed time [47]:

Pops — Pin
MPS = -8 MmN ax{0, 1 —r}. (5.14)

1_Pmin Sr——
————

performance headroom

time headroom

A practical decision rule is:
If MPS > 60 (e.g. 6 = 0.3), postpone; else, execute maintenance. (5.15)

Interpretation: (i) A, raises the floor in (5.13) when buffering is effective (large B),
meaning the line can tolerate more local disturbances without harming OEE; (ii) as f;
approaches 7* (r — 1), the time headroom vanishes, making postponement increasingly
unlikely; (iii) when Qops < 1, (5.13) tightens and MPS drops, so quality drift automatically

curtails postponement.

Worked algebra and implementation hints.

(a) Compute A from (5.6) using current MTBF and MTTR; set 7* = MTBF/2, d =
MTTR.

(b) Choose B € {0.8, 0.6} from the buffer audit; compute A, via (5.12).

(¢c) Fix OEE i, (plant policy) and read Pgps, Qobs from the OEE calculator.

(d) Form Py, using (5.13), r = ty/7*, and MPS from (5.14).

(e) Decide with threshold 6; optionally tune 6 by backtesting to align with risk appetite.
Why this remains low data intensity. All inputs are already present in standard
shopfloor reporting [48]: MTBF, MTTR (from downtime logs), buffer grade B (once
per line from a design audit), and Pgps, Qobs (from the OEE calculator). The method
therefore shifts TPM toward a predictive posture—using Performance and elapsed time to

time interventions—without the burden of continuous high-frequency condition monitor-
ing. [49, 50]
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Integration with Production Scheduling

The maintenance framework must integrate seamlessly with production planning:

* Maintenance Windows: Align maintenance intervals with natural production

breaks where possible

* Resource Coordination: Ensure maintenance duration accounts for technician

availability and spare parts logistics

* Performance Monitoring: Use OEE degradation signals to trigger early mainte-

nance when Pgps < Pmin

5.3.5 Validation and Performance Metrics

The framework’s effectiveness is measured through key performance indicators that cap-

ture both reliability and efficiency improvements [51]:

Time Between Failures: Extended intervals demonstrate hazard reset effectiveness

* Maintenance Efficiency: Ratio of preventive to corrective maintenance actions

System Availability: Overall uptime considering both failures and planned main-

tenance

Throughput Stability: Reduced variability in production output

Statistical validation through simulation experiments confirms that the sawtooth model
with optimized parameters consistently outperforms fixed-interval maintenance strategies,

particularly in systems with moderate to high availability requirements. [52]
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Figure 5.1: Vertical layout: (1) OEE & context; (2) hazard & buffer; (3) BNN (two-column
span); (4) decision; (5) actions; (6) update/reset; (7) spacer; (8) anchors & tests.




6 Bayesian Neural Networks for Confidence-

Based Maintenance Decision-Making

6.1 Introduction

The previous chapters established the probabilistic foundations for interpreting equipment
performance in high-frequency production environments. Chapters 3 and 4 modelled
degradation behaviour using Weibull-based sawtooth hazard profiles and Negative Expo-
nential decay, while Chapter 5 reframed the Overall Equipment Effectiveness (OEE) as a
probability measure defined over event-spaces for availability, performance, and quality.
These developments motivate a transition away from deterministic maintenance strategies
toward a fully probabilistic decision framework capable of quantifying uncertainty and
supporting risk-aware intervention timing.

In this chapter, the conceptual basis for using Bayesian Neural Networks (BNN5) is intro-
duced as the core mechanism for predicting the probability of unacceptable performance
loss. [53, 54, 55] I do not yet describe the implementation or architecture of the BNN—that
is deferred to Chapter 7. Instead, I establish the reasoning behind selecting Bayesian meth-
ods, explain the probabilistic interpretation of the OEE signal, and formalise the decision

rule that governs maintenance execution or postponement. [56, 57]

6.2 Limitations of Deterministic and Conventional Pre-
dictive Methods

Classical preventive maintenance (PM) relies on fixed intervals that disregard the stochas-
tic nature of degradation. Condition-based maintenance (CBM) improves responsiveness
but typically relies on hard thresholds that do not capture uncertainty in either measure-
ment or process behaviour. Both approaches implicitly assume that degradation evolves
deterministically, which is incompatible with short-cycle serial production where small
variations accumulate rapidly into nonlinear throughput losses. [58]

Conventional neural networks offer improvements over rule-based systems but remain in-

60
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adequate for maintenance decision-making. [59] A standard neural network produces only
a single point estimate and lacks any mechanism to express confidence or quantify predic-
tive uncertainty. Such models are particularly fragile when trained partly on synthetic data
or when exposed to distributional shift—conditions that are inherent in degradation mod-
elling. [60, 61, 62] Furthermore, neural networks cannot incorporate domain knowledge
in the form of priors and cannot express the epistemic uncertainty required for risk-based
decision rules.

Maintenance decisions, however, depend not only on what the future may hold but also
on how confident we are in that forecast. This leads directly to the need for a Bayesian

formulation.

Model Selection Rationale

The selection of Bayesian Neural Networks was not driven by classification accuracy
considerations but by architectural requirements of maintenance governance.

Several alternative modelling strategies were evaluated conceptually:

* Deterministic threshold models provide binary decisions without uncertainty quan-

tification and therefore cannot support risk-aware maintenance deferral.

» Conventional neural networks produce point estimates p; without epistemic uncer-

tainty and require full retraining if degradation distributions shift.

* Generative adversarial approaches (GANs) could model complex time-series degra-
dation patterns but impose substantial computational overhead and contradict the
design objective of lightweight industrial deployability.

Bayesian Neural Networks uniquely satisfy the combined requirements of probabilistic
interpretability, calibrated uncertainty representation, and computational feasibility under

constrained industrial hardware.

6.3 Maintenance as a Bayesian Confidence Decision Prob-

lem

Predictive maintenance is often framed through the question:
“What is the probability of failure if no action is taken?”

However, for operational decision-making in production environments, a more meaningful

question is:
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“How confident are we that we can safely do nothing?”

This reframing aligns maintenance with Bayesian reasoning. Rather than predicting a
time-to-failure point estimate, I estimate the probability that OEE will drop below a
critical threshold OEE,;; in the next time step, given the current state and the decision not

to perform maintenance. Formally,
pl’ = P(Yl-{-l = 1 | Xl’ _'Ml‘) s (61)

where Y41 = 1 indicates that OEE,;; < OEE.;. This probability expresses a quantified
loss of confidence in the system’s resilience.

In this work, the event Y;4; = 1 is not interpreted as a single-step forecast. Instead,
it denotes the occurrence of an unacceptable performance deviation at any point before
the next planned maintenance opportunity. Accordingly, p; represents a horizon-based
confidence measure evaluating whether the system can be safely operated until the next
scheduled intervention, given the current state X, and the decision to postpone maintenance.
A Bayesian Neural Network (BNN) is then used to estimate p;, and maintenance becomes

a confidence test with respect to a chosen risk threshold g [12, 63]:

p: > B = perform maintenance,
(6.2)
p: < B = postpone maintenance.

This rule is interpretable, flexible, and directly tied to the organisation’s risk appetite. [64]

6.4 Bayesian Interpretation of the OEE Signal

To support the Bayesian decision process, I reinterpret OEE measurements in a proba-
bilistic manner. Performance measured before the system, under ideal assumptions of
availability and quality, defines a prior OEE. Performance measured affer the system
yields a posterior OEE. The gap between these two reflects unanticipated degradation and

acts as a likelihood signal in Bayesian reasoning:
OEEposterior — OEEpior = evidence of deviation from ideal behaviour. (6.3)

The terms “prior” and “posterior” OEE are used here in an operational Bayesian sense.
They do not constitute a full generative Bayesian update, but rather represent probabilisti-
cally interpretable performance indicators that enable confidence-based reasoning under
uncertainty.

Cycle-time measurements, processed through interquartile range (IQR)-based filtering as
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introduced in Chapter 5, further differentiate performance losses from availability losses.
This minimal-data approach requires only timestamps and becomes the foundation for
constructing features that describe the instantaneous and historical state of degradation.

The Bayesian formulation thus ties together:

the event-space definition of OEE,

the stochastic degradation models,

the probabilistic decision rule,

and the need for explicit uncertainty quantification.

6.5 Why Bayesian Neural Networks Are Required

A BNN treats its weight parameters w as random variables with distributions rather than
fixed values. [65]

In practical terms, this implies that the BNN does not yield a single deterministic estimate
of p;, but rather a distribution over plausible values. This distribution is obtained through
repeated forward evaluations of the network under different parameter realisations, allow-
ing epistemic uncertainty to be quantified explicitly and propagated to the decision level.
Despite this repeated evaluation, inference remains computationally efficient, since each
forward pass corresponds to a standard neural network evaluation and avoids the need for
explicit stochastic simulation or analytical integration over degradation trajectories. [66]

This provides several conceptual advantages essential for maintenance scheduling [67]:

1. Uncertainty quantification: Predictions carry confidence intervals rather than

single values.

2. Regularisation through priors: Synthetic training data, common in early degra-

dation modelling, does not dominate the model due to Bayesian regularisation.

3. Robustness under distributional shift: As real operational data differ from syn-

thetic data, the posterior adapts gradually. [68, 69]

4. Online update capability: New cycle-time observations update the posterior, mak-

ing the model self-correcting. [70, 71]

5. Probabilistic interpretability: Outputs represent explicit probabilities supporting
the threshold rule defined above.
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In contrast, a conventional neural network would provide only a single point estimate
of p;, forcing maintenance decisions to rely on hard thresholds without any measure of
confidence. The Bayesian formulation therefore enables a fundamentally different class
of decision rules based on uncertainty bounds rather than deterministic predictions.

These properties enable a BNN to function not merely as a predictive model but as a

probabilistic decision-support system aligned with the structure of industrial uncertainty.

6.6 Conceptual Decision Workflow

The conceptual workflow for confidence-based maintenance decision-making is illustrated
in Figure 6.1. [72] The figure shows how time-based signals are preprocessed into OEE-
derived features, interpreted by the BNN, and transformed into a probability p, that drives
the confidence threshold rule.

The probability p; is understood as a confidence measure derived from a distribution of
predictions rather than a single estimate, and may therefore be evaluated conservatively
using quantiles in accordance with the organisation’s risk tolerance.

Before turning to the implementation details, it is instructive to consider the conceptual
behaviour of the BNN under different maintenance regimes.

In high-utilisation serial production systems, even small performance deviations may
be amplified nonlinearly through variability effects, motivating a probabilistic decision

framework rather than deterministic threshold-based control.

Overly Aggressive Maintenance

When interventions occur much more frequently than necessary, degradation rarely accu-
mulates. The BNN therefore exhibits:

* near-zero failure probability p;,
* narrow uncertainty bands,

* consistent recommendations to postpone maintenance.

Insufficient Maintenance

If maintenance is deferred excessively, degradation patterns become irregular, and risk
increases. The BNN responds with:

* elevated failure probability p;,

* widening uncertainty,
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Figure 6.1: Confidence-based maintenance decision workflow using a Bayesian Neural
Network. Degradation signals are mapped to OEE-derived features at discrete decision
times. Monte Carlo inference yields a predictive distribution over the risk of unacceptable
performance degradation occurring before the next planned maintenance opportunity,
enabling uncertainty-aware postponement or intervention decisions.
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* repeated recommendations for immediate intervention.

Optimal Maintenance

In a well-balanced regime, p; oscillates near the confidence threshold g, producing:
 small timing adjustments around optimal intervals,
* risk-aware corrections only when degradation accelerates,
* stable uncertainty reflecting continuous monitoring.

These conceptual patterns lay the foundation for the quantitative performance analysis in
Chapter 7, where the BNN architecture, input parameterisation, training procedure, and

empirical evaluation are described in full detail.

6.7 Summary

Chapter 6 has introduced the conceptual motivations, probabilistic reasoning, and high-
level decision logic that justify the use of Bayesian Neural Networks for maintenance
scheduling. I have shown that deterministic, threshold-based models cannot express the
uncertainty inherent in production environments, and that conventional neural networks
lack the interpretability and confidence measures required for reliable decision-making.
By adopting a Bayesian formulation, maintenance becomes a confidence-based decision
problem grounded in event-space probability, OEE-derived evidence, and a flexible risk
threshold.



7 Model Design and Internal Workings

This chapter translates the conceptual framework into a data-driven implementation.
Building on the probabilistic formulation of maintenance decisions, the focus shifts to
data preparation, feature construction, and the integration of simulation outputs into a

learning-ready format.

7.1 Model ontology and mechanics

7.1.1 Purpose of the Model

The purpose of the simulation model is to provide a controlled and transparent environment
for studying the interaction between production capacity, stochastic disturbances, mainte-
nance interventions, and material flow. The model is intentionally minimal in structure,
not as a simplification of reality, but as a means of isolating causality. Each modelling
decision is taken to ensure that observed behaviour can be attributed unambiguously to a
specific mechanism.

The model does not aim to replicate a particular industrial production system. Instead, it
represents a canonical single-resource production setting that is sufficiently expressive to
generate starvation, blocking, downtime, recovery dynamics, and throughput variability,

while remaining analytically traceable and reproducible.

7.1.2 System Boundary and Structural Layout

The system boundary is defined around a single production resource with an upstream
buffer and a controlled downstream acceptance mechanism. Material flow follows a linear

structure consisting of:
* a source that introduces work into the system,
* an upstream buffer that decouples arrivals from processing,
* a single processing station representing the production resource,

67
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* and adownstream acceptance object representing the environment beyond the system

boundary.

The system boundary explicitly includes the source, buffer, and processing station. The
downstream object lies outside the system boundary and serves only as an acceptance
constraint and completion marker. A unit is considered to have left the system when it
successfully enters the downstream object.

This boundary definition aligns with queueing-theoretic interpretations of system through-
put and work-in-process, ensuring that system completions correspond to boundary-

crossing events rather than internal state transitions.
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Figure 7.1: Structural layout of the simulation model and system boundary definition.

7.1.3 Processing Station and Intrinsic Capacity

The processing station represents the core production resource. Its intrinsic capability is
defined by a deterministic base cycle time, denoted here as the nominal processing time
per unit. This base cycle time is fixed across all experiments and represents the effective
design capability of the machine.

Design availability and design quality are treated as contractual guarantees rather than
operational outcomes. They represent upper bounds on admissible time loss and part
loss agreed upon during system design, for example technical availability and quality
guarantees provided by a machine supplier. These design parameters are used to derive a
design-effective base cycle time and are not interpreted as operational OEE values.
Operational availability and quality are not imposed on the model. They emerge en-
dogenously from simulated failures, maintenance interventions, and, where applicable,

rejection mechanisms.
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7.1.4 Arrival Process and Offered Load

The arrival process represents external demand imposed on the system. [73] It is imple-
mented as a stochastic source that generates units according to a specified interarrival time
distribution. The mean arrival rate is controlled through a utilization parameter, expressed
as the ratio between offered load and intrinsic processing capacity.

This utilization parameter is held constant within a simulation run and varied between
runs to create distinct operating regimes. Typical regimes range from moderately loaded
to near-saturated conditions. Arrival variability represents exogenous demand and is not
used to encode adaptive behaviour or feedback.

Arrival rates are not constrained by system capacity or target performance. Any resulting
congestion, starvation, or blocking is an emergent consequence of system limitations rather

than an artefact of demand throttling.
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Figure 7.2: Arrival process configuration and utilization regimes.

7.1.5 Downstream Acceptance and Completion Semantics

The downstream object represents the environment beyond the system boundary. It does
not model a physical machine but acts as an acceptance gate that may delay the acceptance
of completed units. This abstraction allows downstream constraints or market pull effects
to be represented without introducing additional production logic.

The working time of the downstream object is interpreted as the time until the external
environment is willing to accept the next completed unit. The minimum working time
is zero, allowing instantaneous acceptance. The maximum working time is bounded by
the customer takt, representing the slowest admissible acceptance consistent with planned
production.

The average working time of the downstream object is derived from the customer takt and a

target performance level. This target reflects planning expectations rather than operational
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outcomes. Variability in downstream acceptance is implemented using a memoryless
distribution to avoid introducing hidden degradation or feedback mechanisms.

A unit is considered completed when it successfully enters the downstream object. This
event marks both the release of the processing station and the exit from the system
boundary. Internal station exit attempts that do not result in successful transfer are not

treated as completions.
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Figure 7.3: Downstream acceptance mechanism and completion semantics.

Downstream Control Regimes

To distinguish whether system behaviour is primarily dictated by external demand or
by internal processing capability, two alternative downstream acceptance regimes are
defined. These regimes differ only in the parametrization of the downstream acceptance
mechanism and are otherwise identical in structure, arrival process, buffering, and failure
and maintenance logic.

The purpose of this distinction is not to optimize throughput, but to isolate the structural
origin of performance limitations and to assess whether observed degradation and recovery

behaviour is driven by external constraints or by the processing resource itself.

Demand-Constrained Regime

In the demand-constrained regime, the downstream acceptance mechanism represents
an external system or market that dictates the average pace of production. The average
acceptance rate corresponds to the customer takt, reflecting the required output of good
parts over the planning horizon.

The downstream acceptance time is modelled as a bounded stochastic variable with:
* a minimum acceptance time of zero,

* an average acceptance time equal to the customer takt,
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* amaximum acceptance time defined as the customer takt divided by the target OEE.

This parametrization allows instantaneous acceptance as well as temporary downstream
slowdowns, while bounding acceptance variability within a predefined design envelope.
In this regime, blocking may occur even when the processing station is capable of higher
output, and performance loss may arise from externally imposed constraints rather than

internal degradation alone.

Capability-Constrained Regime

In the capability-constrained regime, the downstream acceptance mechanism is permissive
relative to the processing station. The average acceptance rate is aligned with the intrinsic
design-effective capability of the processing station, represented by the nominal cycle
time.

The downstream acceptance time is modelled with:
* a minimum acceptance time of zero,
* an average acceptance time equal to the nominal processing cycle time,

* a maximum acceptance time bounded by the customer takt.

Under this regime, downstream acceptance rarely limits throughput unless the processing
station exceeds demand. As a result, failures, maintenance interventions, and recovery
dynamics of the processing station dominate system performance. This regime emphasizes

internal degradation effects and availability-related losses.

Purpose of the Regime Distinction

The two regimes are not intended to represent alternative control policies but rather com-
plementary structural scenarios. By comparing system behaviour under identical arrival
rates, failure profiles, maintenance logic, and buffer capacities, the effect of downstream
constraint placement can be isolated.

This distinction allows the analysis to demonstrate qualitatively different system responses
without altering the underlying model structure, supporting interpretability and causal

attribution.

7.1.6 Failure and Maintenance Modelling

Failures and maintenance are modelled exclusively at the processing station. No other
system elements are subject to failure or repair logic, ensuring that all capacity loss

originates from a single, well-defined source.
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Failures are governed by stochastic time-to-failure models based on operating time rather

than simulation time. [74] Two regimes are supported:
* a memoryless regime representing systems without degradation accumulation,

* and a degradation-aware regime in which failure likelihood increases with time since

last intervention.

Corrective repair durations are modelled explicitly and consume real time. [75] Planned
maintenance is triggered by an external broker mechanism at predefined intervals. Main-
tenance interventions pre-empt failures if necessary and reset the degradation state of the
machine.

During maintenance, operating time does not advance, ensuring that time-to-failure coun-
ters are paused. Failure durations are explicitly terminated at maintenance start to prevent

overlap artefacts, ensuring that downtime is uniquely attributable either to failure or to

maintenance.
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Figure 7.4: Failure and maintenance logic applied to the processing station.

7.1.7 Buffering and Decoupling

An upstream buffer is used to decouple arrival variability from processing capability.
Buffer capacity is fixed and chosen based on the characteristic duration of capacity loss
events.

The characteristic downtime is defined as the maximum of the mean corrective repair time
and the planned maintenance duration. Buffer capacity is sized to approximately cover
the production shortfall caused by such an interruption, expressed in number of units.
This sizing rule ensures that buffers are neither unrealistically infinite nor artificially
restrictive. It allows starvation and recovery dynamics to emerge naturally without em-
bedding predictive or adaptive logic into the model.



CHAPTER 7. MODEL DESIGN AND INTERNAL WORKINGS

73

7.1.8 State Variables and Event Logging

The model maintains a minimal set of state variables sufficient to reconstruct system

behaviour:

* processing station state (operating, failed, under maintenance),

buffer content levels,

* timestamps of unit arrivals and completions,

* timestamps of failure and maintenance start and end events.

All performance indicators are computed outside the simulation environment. The simu-

lation produces only raw event data. This separation ensures that the simulation acts as a

data generator rather than an analytical engine.

Completion timestamps are recorded at the moment units enter the downstream object,

guaranteeing a one-to-one correspondence between logged completions and actual service

completions.
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Figure 7.5: Example of event logs from the simulation model.

Maintenance events are recorded as explicit markers within the event timeline and do

not trigger any reset or truncation of the collected data. All event logs preserve full

temporal continuity over the complete simulation horizon. Segmentation into decision

intervals, maintenance-anchored cycles, or rolling observation windows is performed

exclusively during post-processing. This ensures that the simulation output represents

raw observations, while all feature construction and learning-related truncation decisions

remain external to the simulation model.
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7.1.9 Experimental Configuration and Reproducibility

Each simulation run is fully defined by a fixed parameter set, including intrinsic processing
time, arrival utilization level, downstream acceptance parameters, buffer capacity, and
failure and maintenance characteristics. Parameters remain constant within a run and are
varied only between runs.

Randomness is controlled through explicit seeding to ensure reproducibility. No adaptive
logic modifies system parameters during a run. Differences in observed behaviour between

runs can therefore be attributed directly to controlled parameter changes.

7.1.10 Scope and Intentional Limitations

The model deliberately excludes routing complexity, multiple product types, adaptive
scheduling, and optimization logic. These omissions are intentional and serve to preserve
interpretability.

The model is not intended to be optimal, predictive, or prescriptive. Its purpose is
to demonstrate how degradation, maintenance, buffering, and flow control interact in a

transparent and analyzable manner.

7.2 Simulation Experiments and Throughput Analysis

7.2.1 Overview of the Experimental Design

This chapter evaluates the effect of different failure-generation assumptions, control poli-
cies, and maintenance parameterizations on system throughput, measured in Jobs Per
Hour (JPH). All experiments were executed using discrete-event simulation, with each
experiment consisting of multiple stochastic replications using different random seeds in
order to obtain statistically meaningful estimates. [76]

The experiments are grouped into four main families, labelled A, B, C, and D. Each family
isolates a specific modelling dimension while keeping all other parameters constant. This
structured approach allows causal attribution of observed throughput differences to clearly

defined modelling assumptions.

7.2.2 Experiment Group A: Baseline Exponential Failure Model

Experiment Group A represents the baseline configuration. Failures are generated using
a negative exponential distribution, implying a constant hazard rate and memoryless

behaviour. [77] This corresponds to the classical assumption used in many analytical and
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simulation-based capacity models.

Within Group A, two control strategies are evaluated:
* Demand-controlled operation (DC)
 Capacity-controlled operation (CC)

For each control strategy, the system load p is varied between 0.79 and 0.99 while all

failure and repair parameters remain unchanged. The purpose of Group A is twofold:
1. To establish a reference throughput level under standard modelling assumptions.

2. To quantify the sensitivity of JPH to system load under exponential failure behaviour.

7.2.3 Experiment Group B: Weibull Failures with Fixed Shape

Experiment Group B replaces the exponential failure model with a Weibull distribution
using a fixed shape parameter § = 2. [78] This introduces time-dependent failure be-
haviour with an increasing hazard rate, while preserving the same mean time between
failures as in Group A. [79]

The scale parameter 7 is selected such that the expected failure frequency remains com-
parable to the exponential baseline. As a result, any observed differences in throughput
can be attributed to the non-memoryless nature of the failure process rather than a change
in average availability.

As in Group A, both demand-controlled and capacity-controlled variants are evaluated

across multiple system load levels.

7.2.4 Experiment Group C: Modified Failure and Repair Policies

Experiment Group C investigates the interaction between failure behaviour and mainte-
nance policy.

Two subgroups are defined:
* CI: Reduced inspection or intervention intervals
» C2: Extended failure intervals combined with modified repair times

All experiments in Group C use Weibull-distributed failures with 8 = 2. The objective of
this group is to analyse how maintenance timing and repair duration influence throughput

under non-exponential failure dynamics.
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7.2.5 Experiment Group D: Availability-Driven Sensitivity Analysis

Experiment Group D performs a controlled sensitivity analysis on availability by varying
the Weibull scale parameter  while keeping the shape parameter § = 2 constant.

Unlike previous groups, the resulting availability is no longer fixed at approximately
80% but varies across experiments. This group therefore captures the direct impact of
availability changes on throughput.

Both demand-controlled and capacity-controlled configurations are included to assess

whether control policy amplifies or dampens the effect of availability variation.

7.3 Experimental Results on Throughput

This section analyses the simulation output with respect to achieved throughput, expressed
as jobs per hour (JPH). All results are based on repeated simulation runs with independent
random seeds, and statistical significance was assessed using pairwise t-tests and analysis

of variance.

7.3.1 Baseline Experiments: Group A and B

Experiment group A represents systems with exponentially distributed failure intervals,
while group B introduces Weibull-distributed failure intervals with shape parameter 5 = 2,
representing age-dependent degradation.

The results confirm that group A exhibits higher variability in throughput and weaker sen-
sitivity to availability tuning. Across all demand- and capacity-controlled configurations,
the standard deviation of JPH remains comparatively high, indicating limited stabilisation
despite increased nominal availability.

In contrast, group B shows a clear reduction in throughput variance and a systematic
increase in mean JPH. Pairwise statistical tests demonstrate that most comparisons between
group A and group B are statistically significant (p < 0.05), confirming that the observed
improvements cannot be attributed to random variation alone. These results underline the
importance of failure-time distribution shape, beyond average availability, in determining
effective throughput.

7.3.2 Demand-Controlled vs Capacity-Controlled Operation

Across all experiment groups, capacity-controlled (CC) configurations consistently
achieve higher mean throughput than their demand-controlled (DC) counterparts. This

effect is particularly pronounced under non-exponential failure behaviour.
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While DC operation limits throughput through upstream regulation, CC operation allows
the system to exploit available capacity more effectively. However, this comes at the cost
of increased sensitivity to maintenance timing and failure clustering, as reflected in the

variance patterns observed in later experiment groups.

7.3.3 Maintenance Timing Experiments

Experiment groups C and D investigate the effect of maintenance timing relative to the
degradation process. Group C explores coarse shifts in maintenance interval length,
while group D introduces finer-grained adjustments from very early (xs) to very late (xm)
maintenance.

The results show that over-maintenance is highly punitive for throughput, leading to a
significant reduction in mean JPH. Conversely, excessively delayed maintenance increases
throughput variance and reduces output stability. The highest and most stable throughput
levels are achieved for intermediate maintenance timings, where corrective actions are
aligned with the underlying degradation process.

Statistical tests confirm that shifts from early to moderate maintenance intervals lead to
significant improvements in both throughput and stability. These findings demonstrate
that maintenance timing is not merely a reliability concern but a first-order determinant

of production performance.

7.4 Chapter Summary and Conclusion

This chapter presented the simulation model used in this study, with a deliberate focus on
structural clarity, methodological discipline, and minimalism. The model was designed
to be explicitly interpretable: all variability is introduced through controlled stochastic
mechanisms, and all observed performance effects emerge from well-defined interactions
between demand, capacity, disturbances, and buffering. No behavioural optimisation or
embedded control intelligence is assumed within the model itself.

By separating structural modelling, disturbance generation, and performance evaluation,
the simulation provides a neutral and reproducible experimental environment. This sepa-
ration ensures that observed effects can be attributed to parameterised assumptions rather
than hidden modelling artefacts, thereby establishing a sound foundation for systematic
experimentation.

The experimental results demonstrate that throughput is not solely a function of average
availability. Instead, it is strongly influenced by the shape of the failure-time distribution,
the timing and duration of maintenance interventions, and the interaction between con-

trol strategy and stochastic degradation. Experiments based on non-exponential failure
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processes show statistically significant differences in throughput compared to classical
exponential assumptions, even when nominal availability remains comparable.

These findings justify moving beyond exponential failure assumptions in both simulation-
based and analytical capacity models. More importantly, they establish a quantitative
basis for interpreting system behaviour through enriched performance indicators rather
than raw throughput alone. This motivates the transition to data enrichment and learning-

based analysis, which forms the focus of the next chapter.



8 Bayesian Neural Network for Maintenance

Decision Support

Based on the prepared dataset, this chapter develops the Bayesian Neural Network models
that form the core of the decision-support framework. The objective is to learn the
relationship between system state, degradation patterns, and the probability of performance

loss under postponed maintenance.

8.1 Data Preparation

8.1.1 Data Origin and Normalization

The dataset used for Bayesian learning originates from discrete-event simulation experi-
ments, where each experiment consists of five independent simulation runs under identical
parameter settings. For each run, the simulation exports four primary files: TS_In_*
(entrance timestamps), TS_Out_* (exit timestamps), FNotes_* (failure records), and
MNotes_* (maintenance records). The export is performed centrally by the experiment
manager to avoid transmitting parameter configurations at the event level, while both rel-
ative and absolute timestamps are included in each file. Absolute timestamps serve as the
canonical time axis for all subsequent processing.

All raw simulation outputs are consolidated into a relational SQLite database, where the
central structure consists of the tables Run, TS_In, TS_Out, FNotes, and MNotes. Each
record is assigned a unique RunID, ensuring referential integrity across simulation runs
and experiments. While relative timestamps remain available for intra-run interpretation,
all cross-table operations are performed using absolute time, establishing a consistent
global temporal reference.

From the timestamp sequences, cumulative counters are transformed into incremental

event-level representations. For each index i, the inter-arrival time is computed as

AT, =T; — Ti-y, 8.1)

79
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with cumulative time

ATeumur; = ) AT}, (8.2)
j=1
The actual cycle time is defined as
CTact,i = AT;, (8.3)

while the cumulative average cycle time is given by

ATcumul,i

Cloyi = 77—
TOtalcumul,i

(8.4)
To eliminate startup artefacts, the first AT value is replaced by the median of valid cycle
times within the run. The reconstructed event-level metrics are stored in OEE_In and
OEE_Out.

8.1.2 Feature Engineering and Window Aggregation

To capture degradation dynamics, a rolling window aggregation scheme is applied using
a window size of 120 observations and a step size of 10. For a window ending at index k,

the aggregation spans the interval
k—-119 <i<k. (8.5)

Within each window, robust statistical descriptors are computed, including median cycle
time, interquartile range, upper-bound proxies, number of failures, total failure duration,
mean time to repair (MTTR), and net operating time. These aggregated metrics are stored
in the tables OEE_In_WindowMetrics_Flat and OEE_Out_WindowMetrics_Flat.

Based on these window-level statistics, the OEE components are reconstructed. Utility is

defined as the ratio of planned production time to total time,

Planned production time

Utility =
Py Total Time

; (8.6)

while availability is computed as

Net operating time
Availability = . 8.7
vanaviity Planned production time ®.7)

Quality is expressed as
NiO

lt = 1 - s
Quality Output_Total

(8.8)
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and performance is defined as
Per formance = NOR - SpeedRate. (8.9)
The resulting Overall Equipment Effectiveness is given by
OEE = Availability - Per formance - Quality. (8.10)

Since entrance and exit window endpoints are not temporally aligned, synchronization
is performed using nearest-neighbour matching in absolute time. For each entrance

timestamp #;,,, the closest exit timestamp is selected as
lowr = Argmin [foy; — tin] . (8.11)
The resulting alignment offset is defined as
Atro = tour — tin, (8.12)

and all aligned features are stored in the table OEE_InOut_Nearest.

8.1.3 Target Definition and Dataset Structuring

The enriched dataset is further extended with contextual information derived from failure
and maintenance records. For each decision timestamp, indicators are constructed to
identify whether the system is currently within a failure or maintenance interval, along
with temporal features such as time since last failure and time since last maintenance. In
cases where no prior failure has occurred, the time-since-failure value is imputed using

the maintenance horizon, and an indicator variable is introduced:

1 if failure occurred previously
HasFailureHistory = (8.13)

0 otherwise.

This prevents structural bias in the learning process.
The prediction target is defined as the probability of reaching the next scheduled main-
tenance without failure. For each timestamp ¢, the next maintenance event is determined
as

maintnext = min{m.TS_Start > t}, (8.14)



82 8.1. DATA PREPARATION

and a failure event is said to occur if
Jf.TS_Start € (, tmaintnext)- (8.15)
The binary target variable is therefore defined as

1 if no failure occurs before next maintenance
y(1) = | (8.16)
0 otherwise,

with the remaining time until maintenance given by

Atmaint = Imaint,next — [ (8.17)

All features and labels are consolidated into the supervised learning table
OEE_InOut_Nearest_Learning, where instances with undefined targets are excluded.

Each learning instance is represented by a structured feature vector

Az‘malinta Ath, CTmed,ina CTiqr,im CTmed,out’ CTiqr,out’
X(t) = { Tdown.win,» FailCount, MTTR, Buf ferLevel, , (8.18)
TimeSinceFailEnd, TimeSinceMaintEnd, HasFailureHistory

with binary target
y € {0, 1}. (8.19)

Due to strong temporal autocorrelation introduced by the rolling window, dataset splitting
is performed at run level. For each experiment, runs 1-3 are assigned to the training set,

run 4 to validation, and run 5 to testing. Let R denote the set of runs; then
R = Rtrain U Rval U Rtest’ (820)

with
Rtrain N ﬂval N Rtest = Q. (821)

This ensures leakage-free evaluation and preserves the integrity of degradation trajectories
across the learning process.

The defined target variable can be interpreted as an empirical realization of the Bayesian
decision event introduced in Chapter 2, where the probability of reaching the next
maintenance interval without failure approximates the predictive posterior probability

P(OEE;;1 < OEEpjanned | evidence, =M;) through its complement.
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Figure 8.1: Data pipeline for Bayesian maintenance decision support.
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8.2 The Three Bayesian Neural Networks

Although the supervised dataset

Dlearning = {x(1), )’(t)} (8.22)

is constructed in a unified manner, three distinct probabilistic learning problems are de-
fined. This separation reflects different decision horizons within maintenance governance
and ensures that state estimation, risk quantification, and decision formulation remain
conceptually disentangled.

The three Bayesian Neural Networks (BNNs) considered in this work are the Survival-
BNN, the Policy-BNN, and the Phase-BNN (see Appendices C, D, and E). All models
operate on the same physically interpretable feature vector

x(t) € R, (8.23)

but optimize different target variables. This layered modelling approach prevents concep-
tual leakage between degradation recognition, failure risk estimation, and maintenance

decision execution. [80]

8.2.1 Survival Bayesian Neural Network

Learning Objective

The Survival-BNN estimates the conditional probability

P(y=1]x(1) (8.24)

with
1 if no failure occurs before next maintenance,
y(t) = (8.25)

0 otherwise.

Thus, the model approximates

P(reach next maintenance without failure | x(¢)). (8.26)

This probability corresponds directly to the predictive posterior required for the Bayesian
decision rule introduced in Chapter 2. The Survival-BNN therefore serves as the proba-

bilistic core of the maintenance decision framework.
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Model Formulation

Let fy(x) denote a neural network with parameters 6. The predictive probability is defined

as

p(1) = o (fo(x(1))), (8.27)

where o (-) is the logistic function.

The Bayesian formulation assumes prior distributions on the weights:

0 ~ N(0,5>1). (8.28)

The likelihood model is

y(t) ~ Bernoulli(p(?)). (8.29)

Inference is performed using variational approximation, maximizing the Evidence Lower
Bound (ELBO):

Lero = Eqg[logp(y | x,0)] =KL (g(0) || p(0)) . (8.30)
The output consists of

* Mean survival probability
* Predictive variance

¢ Credible intervals

The predictive variance provides an explicit measure of epistemic uncertainty.

8.2.2 Policy Bayesian Neural Network

Learning Objective

While the Survival-BNN estimates risk, maintenance governance requires categorical
decisions. [25] The Policy-BNN therefore learns

P(c | x(1)), (8.31)

with

¢ € {Under-maintained, Balanced, Over-maintained}. (8.32)
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The class labels are derived from survival probability behaviour, time-to-maintenance,
and observed throughput deterioration patterns.
Model Formulation

The predictive class probabilities are given by

= Softmax( fy(x)). (8.33)

The likelihood model is

¢ ~ Categorical(r). (8.34)

As in the Survival-BNN, Bayesian weight priors are assumed, and inference is performed
using variational methods.
The Policy-BNN translates probabilistic survival estimates into interpretable maintenance

regimes.[81]

8.2.3 Phase Bayesian Neural Network

Learning Objective

The Phase-BNN does not estimate the physical degradation state directly, but rather cap-
tures the relative position of the system within the degradation—maintenance cycle, thereby
quantifying the degree of synchronization between system dynamics and maintenance
scheduling.

The Phase-BNN performs classification of the system’s relative position within the degra-

dation—maintenance cycle, independent of the explicit maintenance decision rule:

P(z | x(1)), (8.35)

with

z € {Balanced, Over-maintained, Under-maintained}. (8.36)

The target variable reflects the relative alignment between system degradation and mainte-
nance timing, rather than the absolute physical state of the system or a predefined decision
boundary.

Model Formulation

The predictive distribution is
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z ~ Categorical(p), (8.37)
and
o = Softmax( fy(x)). (8.38)

The Phase-BNN isolates degradation recognition from maintenance policy, thereby im-

proving interpretability of the hierarchical decision structure.

Taken together, the three Bayesian Neural Networks form a structured decision architecture
in which degradation state identification, probabilistic risk estimation, and maintenance
policy selection are explicitly separated but jointly interpretable. The Survival-BNN quan-
tifies the likelihood of failure before the next maintenance event, the Policy-BNN translates
this probabilistic assessment into actionable maintenance regimes, and the Phase-BNN
provides an independent characterization of the system’s degradation state. This layered
formulation ensures that maintenance decisions are grounded in both physical system
understanding and probabilistic reasoning, transforming maintenance governance from a

threshold-based procedure into a coherent, uncertainty-aware control framework.

8.3 Results

8.3.1 Survival-BNN Performance

The Survival-BNN was evaluated on a run-level separated test dataset to prevent temporal
leakage.

The model achieved a classification accuracy of approximately 75% on unseen degradation
trajectories.

The Receiver Operating Characteristic (ROC) curve indicates clear separation between
survival and failure classes.

An important observation is that predictive variance increases as the remaining time to

maintenance

Atmaine — 0. (8.39)

This behaviour is physically consistent with increasing hazard uncertainty near mainte-

nance boundaries.
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8.3.2 Policy-BNN Results

The Policy-BNN successfully separates the three maintenance regimes.

* Over-aggressive maintenance is clearly identified.
* Balanced regime exhibits low predictive variance.

* Under-maintained regime shows increasing uncertainty.

Misclassifications primarily occur between the Balanced and slightly Under-maintained
regimes. This is expected since throughput levels may remain similar while risk distribu-

tions diverge.

8.3.3 Phase-BNN Results

The Phase-BNN reliably distinguishes between degradation states.
A key observation is that predictive variance increases before observable mean throughput
loss occurs.

This indicates that probabilistic degradation signals precede classical OEE deterioration.

8.3.4 Integrated Interpretation

The combined architecture enables a structured maintenance decision [82]:

» System state is classified.
* Failure probability is quantified.

* Maintenance policy is derived.

The decision process is therefore not binary but probabilistic:

Maintenance action = f(state, probability, uncertainty). (8.40)

This transforms maintenance governance from a threshold-based procedure into a proba-
bilistic control problem.[83]

Economic loss considerations and cost-sensitive optimization are discussed in Chapter 9.
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8.3.5 Calibration Analysis of the Bayesian Networks

Discriminative performance alone (accuracy, ROC-AUC) is not sufficient for probabilistic
maintenance decision support. Since all three models produce probability distributions
rather than deterministic outputs, calibration analysis is required to verify that predicted
probabilities correspond to empirical event frequencies.

A probabilistic model is said to be calibrated if

PY=y|P¥=y)=p)=p. (8.41)

In practical terms, among all instances for which the model predicts a probability of p,
approximately a proportion p of them should realize the predicted event.

Calibration was evaluated using reliability diagrams and Expected Calibration Error
(ECE).

Expected Calibration Error

Let predicted probabilities be partitioned into K bins By. For each bin, define:

1
conf(By) = — Di, (8.42)
| B iEZBk l
1
freq(By) = B Z yi. (8.43)
i€By

The Expected Calibration Error is defined as:

K
B
ECE = Z ln—k| |freq(By) — conf(By)|, (8.44)
k=1

where 7 is the total number of test samples.
A low ECE indicates that predicted probabilities can be interpreted as reliable risk esti-

mates.

Survival-BNN

The Survival-BNN produces binary survival probabilities:

P(y =1|x(1)). (8.45)

Figure 8.2 presents the reliability diagram for the Survival-BNN on the test set.
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Figure 8.2: Reliability diagram of the Survival-BNN (test set). Numbers indicate bin
sample counts. The dashed line represents perfect calibration (y = x).

The reliability curve closely follows the identity line across the entire probability range.
The Expected Calibration Error equals ECE = 0.011, indicating near-perfect probabilistic
alignment.

Slight deviations occur in high-risk regions near the maintenance boundary, where sample
density is lower and predictive variance increases.

An important observation is that predictive variance increases as

Atmaine — 0, (8.46)

which is physically consistent with increasing uncertainty near maintenance decision
boundaries.
The low ECE confirms that the Survival-BNN provides probabilistically meaningful failure

risk estimates suitable for operational decision-making.

Policy-BNN

The Policy-BNN outputs a categorical distribution:
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P(c | x(t)), ¢ € {Under-maintained, Balanced, Over-maintained}.

Class-wise reliability diagrams are shown in Figure 8.3.
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Figure 8.3: Class-wise reliability diagrams of the Policy-BNN (test set). Each curve

represents one-vs-rest calibration for a maintenance regime.

Class-wise ECE values are:
¢ Under-maintained: ECE = 0.008
¢ Balanced: ECE = 0.009

¢ Over-maintained: ECE = 0.002

All regimes exhibit strong calibration behaviour, with curves closely tracking the identity

line.

The Balanced regime shows marginally higher dispersion, which is expected due to its

intermediate position between degradation states. Importantly, no systematic overconfi-

dence is observed. Predicted class probabilities remain conservative in high-uncertainty

regions.
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These results demonstrate that the probabilistic maintenance categorisation inherits the

calibration robustness of the underlying survival model.

Phase-BNN

The Phase-BNN estimates degradation state probabilities:

P(z | x(t)), =z e {Balanced, Over-maintained, Under-maintained}. (8.48)

The class-wise calibration results are shown in Figure 8.4.
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Figure 8.4: Class-wise reliability diagrams of the Phase-BNN (test set).

Class-wise ECE values are:

¢ Balanced: ECE = 0.059
¢ Over-maintained: ECE = 0.033

¢ Under-maintained: ECE = 0.057
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Compared to the Survival- and Policy-BNN, calibration deviations are slightly larger.
This behaviour reflects the intrinsic complexity of transitional degradation states, where
physical boundaries are not sharply separable.

Variance growth precedes mean throughput deterioration, indicating that probabilistic
degradation signals appear before classical OEE decline becomes observable.

Thus, the Phase-BNN captures transitional system dynamics while maintaining acceptable

probabilistic coherence.

Integrated Interpretation

Across all three models, calibration analysis confirms that:

* Predicted probabilities correspond closely to empirical frequencies.
» Uncertainty increases in physically unstable regions.

* No systematic overconfidence is present.

The Survival-BNN achieves near-perfect calibration, the Policy-BNN inherits this proba-
bilistic stability across decision regimes, and the Phase-BNN reflects transitional degra-
dation uncertainty without losing statistical coherence.

The Bayesian Neural Networks therefore satisfy the fundamental requirement for prob-
abilistic maintenance governance: probabilities can be interpreted as operational risk
measures.

This property is essential for the transition from deterministic threshold-based maintenance

rules to probabilistic state-aware decision architectures.



9 Conclusions, Quantitative Findings and

Future Research

This chapter evaluates the proposed framework with respect to its ability to support
maintenance decisions under uncertainty. The analysis focuses on model behaviour,

calibration, and the resulting cost-risk trade-offs in simulated production environments.

9.1 Reinterpretation of OEE as a Probabilistic Control
Variable

This thesis has demonstrated that Overall Equipment Effectiveness (OEE) can be refor-
mulated as a probabilistic measure rather than a static efficiency indicator. By redefining

Availability, Performance, and Quality as nested probability spaces, OEE becomes

OEE = P(Fully productive operation). 9.1)

This reinterpretation preserves the original mathematical boundaries of OEE while en-
abling forward-looking inference. OEE is no longer a historical percentage but a proba-

bilistic state estimate describing the operational stability of a production system.

9.2 Maintenance as a Bayesian Confidence Decision

Maintenance decision-making can be reformulated as a probabilistic inference problem

under uncertainty. The central decision variable is

P(Failure before next slot | evidence, =M) , 9.2)

where the evidence consists of:

* the probabilistic OEE signal,
* degradation-related features,

94
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¢ time since last maintenance.

Maintenance is triggered when

P(Failure) > T, 9.3)

where 7 denotes the acceptable operational risk level.
This replaces fixed interval maintenance policies with probabilistic intervention logic

derived from quantified uncertainty.

9.3 Key Quantitative Findings

The experimental and simulation-based investigations lead to the following quantitative

conclusions:

1. Failure Probability Differentiation: The Bayesian Neural Network success-
fully differentiates between stable, overly aggressive, and insufficient maintenance
regimes. In the tested scenarios, the predicted probability of failure before the next
maintenance slot showed clear separation between regimes, enabling statistically

reliable classification of over-maintenance and under-maintenance behaviour.

2. Maintenance Timing Optimization: The cost-risk intersection model

P (Failure before t*) - Crajiure = CpMm (9.4)

demonstrates that optimal intervention timing is not fixed but shifts dynamically
with degradation rate and cost parameters. [45] In simulation experiments, this
resulted in a measurable reduction of unnecessary preventive interventions while

maintaining acceptable failure risk.

3. Throughput Stability under Probabilistic Control: Discrete-event simulation
shows that probabilistic postponement of maintenance does not linearly reduce
throughput. Instead, the interaction with buffer capacity produces nonlinear effects.
Under moderate risk thresholds, throughput remained within the statistically defined

stable operating band, while maintenance frequency decreased.

4. Logistics Impact: The probabilistic formulation

P (Failure before part arrival) < & 9.5)
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enables risk-based spare part provisioning. Simulation-based inventory modelling
shows that safety stock can be reduced while maintaining the predefined service

level, provided supplier lead time remains stable. [18]

These findings confirm that the integration of probabilistic OEE, Bayesian inference, and
cost-based decision rules provides measurable improvements compared to deterministic

maintenance intervals in the simulated environment.

9.4 System-Level Implications

The framework establishes a closed-loop architecture:
1. OEE as probabilistic signal,
2. Bayesian posterior update,
3. Confidence-based maintenance decision,
4. DES validation of production impact,
5. Logistics adaptation,

6. Feedback into the posterior model.

Maintenance is no longer an isolated technical function. It becomes a risk-governed

control variable embedded in production economics and logistics coordination. [84]

9.5 Model Validation and Methodological Limitations

9.5.1 Validation through Simulation Scenarios

The proposed framework is validated using discrete-event simulation experiments rep-
resenting distinct maintenance regimes, including over-maintenance, under-maintenance,
and balanced maintenance strategies.

The Bayesian Neural Network demonstrates consistent behaviour across these regimes. In
over-maintained systems, the model predicts high survival probabilities and recommends
postponement. In under-maintained systems, it identifies elevated risk and suggests imme-
diate intervention. In balanced regimes, it provides nuanced recommendations reflecting
the system’s current state.

These results confirm that the probabilistic decision rule behaves coherently under varying

operating regimes.
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9.5.2 Limitations

Methodological limitations

The results of this thesis must be interpreted within clearly defined methodological bound-

aries:

* Single-Resource Focus: The core modelling approach is validated primarily on
single-resource or simplified line configurations. Multi-resource interaction effects
were analysed through discrete-event simulation but not through analytical multi-

resource Bayesian coupling.

* Synthetic Data Basis: The Bayesian Neural Network was trained on simulation-
generated degradation profiles. Although this ensures controlled experimentation,
real-world noise patterns and unmodelled disturbances may introduce additional

variance.

* Model Assumptions: The degradation processes are represented using Weibull and

exponential models, which may not generalize to all industrial contexts.

» Simplified OEE Representation: The approach focuses on performance-related

aspects of OEE, assuming availability and quality are either known or controlled.

 Stationary Cost Parameters: The cost model assumes constant failure and main-

tenance costs, whereas real-world cost structures may vary dynamically.

* Supplier Reliability Assumption: The spare-parts policy assumes stable lead

times, which may not hold in volatile supply chain environments.

These limitations do not invalidate the approach but define its current validation boundary.

Industrial Data Confidentiality Limitation

An important limitation of the present dissertation concerns access to real industrial
production data. The conceptual design of the timestamp-based OEE reconstruction was
partly inspired by practical insights gained from the author’s professional experience with
the Audi Hungaria production data acquisition system (BDE). However, due to internal
data-governance rules and confidentiality restrictions, the original industrial datasets could
not be used within this dissertation.

Consequently, all analytical results, model development steps, and validation procedures

presented in this work are based exclusively on synthetically generated datasets produced
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through discrete-event simulation. This decision was not made for methodological conve-
nience, but in order to ensure scientific transparency, legal compliance, and reproducibility
within the boundaries of publishable academic research.

The absence of direct industrial data implies that the dissertation does not claim empirical
validation on proprietary shop-floor records from Audi Hungaria. Instead, the contribution
of the work lies in the formulation, internal consistency, and controlled verification of
a probabilistic maintenance decision framework under explicitly modeled degradation
scenarios.

At the same time, the industrial origin of the problem is relevant. The proposed framework
was motivated by practical observations concerning timestamp-based production moni-
toring, OEE interpretation, and maintenance-related performance deterioration in serial
manufacturing environments. The simulation-based datasets were therefore designed to
represent structurally plausible degradation and maintenance patterns in high-volume pro-
duction systems, even though they do not reproduce confidential industrial event logs
one-to-one.

Accordingly, the present dissertation should be understood as a scientifically controlled
proof-of-principle under realistic but synthetic boundary conditions. A next research step
would consist of validating the framework on industrial production and maintenance data

within an approved confidentiality and governance setting.

9.6 Future Research Directions

Based on the identified limitations and findings, the following research directions are

proposed:

1. Multi-Resource Bayesian Coupling: Extend the framework to interconnected
multi-machine systems where posterior probabilities are not independent but struc-

turally coupled through shared buffers and material flow constraints.

2. Real-World Industrial Validation: Deploy the framework in a brownfield produc-
tion environment using real MES and maintenance data to evaluate model robustness

under non-ideal and noisy conditions.

3. Dynamic Cost Surface Modelling: Develop adaptive economic models where
Crailure and Cpyy vary with production mix, order backlog, and supply-chain volatil-

ity, creating a time-dependent intervention threshold.
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Protocol for Industrial Deployment

For transfer of the proposed framework into an industrial environment, the following

deployment protocol is recommended:

* Data-governance clearance: Define legal, confidentiality, and access conditions

for production, failure, and maintenance data before any technical implementation.

* Timestamp source validation: Verify the consistency, completeness, and temporal

granularity of MES/BDE event logs used for OEE reconstruction.

* Semantic alignment of events: Harmonize the operational meaning of production
completions, failures, maintenance intervals, and downtime classes across all source

systems.

* Pilot-scope selection: Start with a single machine or a clearly bounded serial
process where maintenance events and production timestamps can be interpreted

unambiguously.

* Baseline OEE reconstruction: Reconstruct timestamp-based OEE from historical
industrial data and validate its interpretation as a probabilistic system state by

comparing its behaviour with the existing reporting logic used in the plant.

* Degradation-pattern identification: Test whether the observed industrial trajecto-
ries are compatible with the assumed degradation structures, including increasing-
hazard behaviour and maintenance-induced reset dynamics as described by the

sawtooth hazard model.

* Model recalibration: Retrain or recalibrate the probabilistic models using plant-

specific data distributions, maintenance intervals, and disturbance patterns.

* Shadow-mode validation: Run the framework in parallel with the existing main-
tenance planning process without operational intervention in order to compare pre-

dicted and observed outcomes.

* Decision-threshold tuning: Adjust the probabilistic maintenance decision thresh-
old 7 governing the rule P > 7 according to industrial priorities such as throughput

stability, failure cost, spare-parts policy, and service-level requirements.

* Human-in-the-loop integration: Embed the framework as a probabilistic decision-
support system that provides risk-informed recommendations while preserving hu-
man authority over maintenance decisions. The objective is not autonomous control,

but the augmentation of engineering judgement under uncertainty.
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* Performance audit: Evaluate calibration, predictive uncertainty quality, false-
alarm behaviour, missed-failure risk, and economic impact over a sufficiently long

operational horizon.

* Progressive scale-up: Extend the framework only after successful pilot validation
to more complex systems, multi-machine interactions, and broader production-

logistics contexts.

9.7 Final Statement

This thesis demonstrates that:

OEE can be rigorously reformulated as a probabilistic stability metric,
* maintenance can be expressed as a Bayesian decision problem under uncertainty,

* production, maintenance, and logistics can be integrated within a unified probabilis-

tic framework,

* discrete-event simulation serves as a validation and sensitivity analysis instrument

rather than a purely descriptive tool.

The contribution lies not merely in the application of Bayesian Neural Networks, but
in establishing a coherent probabilistic architecture for maintenance decision support in
serial production systems.

The framework is analytically grounded, experimentally validated, and structurally exten-

sible, while its current validation scope is explicitly defined.
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This chapter summarizes the principal scientific contributions of the dissertation in the
form of concise and independently interpretable scientific theses. Each thesis represents
a general scientific statement derived from the methodological developments and experi-

mental investigations presented in the preceding chapters.

T1 - Probabilistic Reconstruction of Overall Equipment

Effectiveness

It can be demonstrated that Overall Equipment Effectiveness (OEE) can be reconstructed
objectively and in a parameter-independent manner using exclusively timestamped pro-
duction cycle data.

This reconstruction eliminates the need for predefined ideal cycle times and subjective
loss parameters traditionally used in OEE calculations.

Furthermore, the reconstructed OEE can be interpreted as a probabilistic state variable
representing the conditional likelihood of ideal production behavior [85]. Through this
reinterpretation, OEE is transformed from a descriptive performance indicator into a
stochastic system state suitable for reliability-based analysis and decision-making in pro-
duction systems.

The proof is based on deductive derivation of the reconstruction method combined with

statistical analysis of production cycle-time distributions.

T2 — Sawtooth Hazard Model of Periodically Maintained

Production Systems

It can be demonstrated that degradation processes in periodically maintained serial produc-
tion systems can be represented by a sawtooth-shaped hazard rate derived from a Weibull
failure distribution with shape parameter 5 > 1.

Between maintenance interventions the hazard rate increases deterministically as a func-
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tion of system age, while maintenance events reset the degradation state, producing a
periodic hazard structure [86].

This formulation provides a more realistic representation of degradation dynamics in
production systems than the constant hazard assumptions frequently used in traditional
reliability models.

The proof is based on analytical derivation of the hazard structure and simulation-based

verification of degradation dynamics.

T3 — Bayesian Probabilistic Framework for Maintenance

Decision-Making

Preventive maintenance planning in serial production systems can be reformulated as a
probabilistic decision problem when system performance is represented by a stochastic
state variable derived from production data [87].

Within this framework, maintenance interventions are triggered by the probability that
system performance will fall below a predefined threshold within the next decision horizon
rather than by fixed maintenance intervals.

It can be demonstrated that Bayesian Neural Networks can estimate both the probability
and uncertainty of such performance degradation events when trained on degradation
sequences derived from production data.

Discrete-event simulation experiments further confirm that maintenance strategies based
on probabilistic confidence thresholds lead to systematically distinguishable operational
regimes under different maintenance policies.

This establishes a probabilistic framework for risk-aware maintenance decision-making in

serial production environments.

Answers to Research Questions

The results of this research allow for a direct evaluation of the research questions defined
in Chapter 2.

RQ1: How can maintenance decisions be formulated as a probabilistic problem?
Maintenance decisions can be expressed as the probability that system performance (mea-
sured via OEE) falls below a defined threshold within a future time horizon. This for-
mulation enables decision-making based on confidence levels rather than fixed intervals,
transforming maintenance into a probabilistic inference problem.

RQ2: How can Bayesian Neural Networks support maintenance decision-making
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under uncertainty?

Bayesian Neural Networks provide probabilistic predictions that incorporate both model
uncertainty and data variability. This allows the estimation of not only expected system
behaviour but also the confidence in that prediction, enabling risk-aware maintenance
decisions.

RQ3: How can simulation-based data support the training of such models?

Discrete Event Simulation enables the generation of controlled and diverse degradation
scenarios, including varying maintenance regimes and failure behaviours. This synthetic
data provides a structured and explainable training basis, especially in environments with
limited real-world failure data.

RQ4: What are the operational implications of a probabilistic maintenance strategy?
The proposed framework enables a dynamic balance between maintenance cost and failure
risk. It reduces unnecessary interventions while preventing critical failures, and directly
supports logistical decisions such as spare parts provisioning and maintenance scheduling.
RQS5: How does the proposed approach compare to traditional maintenance strate-
gies?

Unlike deterministic preventive maintenance, the proposed approach adapts to system state
and uncertainty. Compared to purely predictive methods, it explicitly integrates decision

logic, thereby closing the gap between prediction and action.
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DB Normalizer

Imports + paths

import re
import sqlite3
from pathlib import Path

# --- If DB files are in the same folder as this notebook, this is enough ---
SOURCE_DB = Path("myExperiments2.db") # <-- change to your real filename
TARGET_DB = Path("normalized_Exp_DB.db") # output filename

print("Working directory:", Path().resolve())
print("SOURCE exists:", SOURCE_DB.exists(), "|", SOURCE_DB)
print("TARGET will be:", TARGET_DB)

Working directory: C:\Learning\University\Thesis\Model
SOURCE exists: True | myExperiments2.db
TARGET will be: normalized_Exp_DB.db

Helpers: quoting, table listing, PRAGMA

def quote_ident(name: str) -> str:
"""SQLite identifier quoting for names that may contain spaces/special chars.

return + name.replace('"', """") + '"'

def list_tables(conn) -> list[str]:
return [r[@] for r in conn.execute(
"SELECT name FROM sqlite_master WHERE type='table' AND name NOT LIKE 'sqlite %';"
).fetchall()]

def pragma_table_info(conn, table: str):
return conn.execute(f"PRAGMA table_info({quote_ident(table)})").fetchall()

def table_columns(conn, table: str) -> list[str]:
return [r[1] for r in pragma_table_info(conn, table)]

Parsing of repeating run tables

RUN_TABLE_RE = re.compile(
r'A(?P<prefix>TS_In|TS_Out|MNotes|FNotes) (?P<expnr>.+) R(2P<run>\d+)$’

)

def parse_run_table(name: str):
m = RUN_TABLE_RE.match(name)
if not m:
return None
d = m.groupdict()
d["run"] = int(d["run"])
return d




Connect to DBs

# Open source
src = sqlite3.connect(SOURCE_DB)
src.row_factory = sqlite3.Row

# Recreate target cleanly
if TARGET_DB.exists():
TARGET_DB.unlink()

tgt = sqlite3.connect(TARGET_DB)
tgt.row_factory = sqlite3.Row
tgt.execute("PRAGMA foreign_keys = ON;")

print("Connected. Target recreated.")

" Connected. Target recreated.

Create base normalized schema

tgt.executescript(

CREATE TABLE IF NOT EXISTS Experiment (
ExperimentID INTEGER PRIMARY KEY AUTOINCREMENT,
ExpNr TEXT NOT NULL UNIQUE,

Availability TEXT,
"Distribution - Duration" TEXT,

MTTR REAL,
Sigma REAL,
"Distribution - Interval" TEXT,
Mu REAL,
Beta REAL,
Eta REAL,

"Interval Time" REAL,
"Repair Time" REAL,
"Brooker active" TEXT,
"Nominal CT" REAL,
"Customer CT" REAL,
"Max CT" REAL,

Rho REAL
)s
CREATE TABLE IF NOT EXISTS Run (
RunID INTEGER PRIMARY KEY AUTOINCREMENT,
ExperimentID INTEGER NOT NULL,
RunNo INTEGER NOT NULL,

UNIQUE(ExperimentID, RunNo),
FOREIGN KEY (ExperimentID) REFERENCES Experiment(ExperimentID)
)s
")
tgt.commit()
print("Base schema created.")

|rBase schema created.




Import Exp_Overview into Experiment

tables = list_tables(src)
if "Exp_Overview" not in tables:

raise RuntimeError("Exp_Overview not found in source DB.")
rows = src.execute("SELECT * FROM Exp_Overview").fetchall()
def get_row_value(r, colname):

return r[colname] if colname in r.keys() else None
insert_sql = """
INSERT OR IGNORE INTO Experiment(

ExpNr, Availability, "Distribution - Duration", MTTR, Sigma,

"Distribution - Interval", Mu, Beta, Eta, "Interval Time",

"Repair Time", "Brooker active", "Nominal CT", "Customer CT", "Max CT", Rho

) VALUES (

>
*)

)s

data = []
for r in rows:
data.append((

))

get_row_value(r,
get_row_value(r,
get_row_value(r,

"EXer\" ) ,
"Availability"),
"Distribution - Duration"),

get_row_value(r, "MTTR"),

get_row_value(r, "Sigma"),

get_row_value(r, "Distribution - Interval"),
get_row_value(r, "Mu"),

get_row_value(r, "Beta"),

get_row_value(r, "Eta"),

get_row_value(r,
get _row_value(r,
get_row_value(r,
get_row_value(r,
get_row_value(r,
get_row_value(r,
get_row_value(r,

"Interval Time"),
"Repair Time"),
"Brooker active"),
"Nominal CT"),
"Customer CT"),
"Max CT"),

"Rho"),

tgt.executemany(insert_sql, data)
tgt.commit()

n_exp = tgt.execute("SELECT COUNT(*) AS n FROM Experiment").fetchone()["n"]
print("Experiments inserted:", n_exp)

" Experiments inserted: 52

Key helpers: get/create ExperimentID and RuniID

def get_experiment_id(conn, expnr: str) -> int:
row = conn.execute("SELECT ExperimentID FROM Experiment WHERE ExpNr=?",




(expnr,)).fetchone()
if row:
return row["ExperimentID"]
# If a run exists for an experiment that was not in Exp_Overview, create minimal
entry.
conn.execute("INSERT INTO Experiment(ExpNr) VALUES (?)", (expnr,))
return conn.execute("SELECT last_insert_rowid() AS id").fetchone()["id"]

def get_run_id(conn, experiment_id: int, runno: int) -> int:
row = conn.execute(
"SELECT RunID FROM Run WHERE ExperimentID=? AND RunNo=?",
(experiment_id, runno)
) .fetchone()
if row:
return row["RunID"]
conn.execute("INSERT INTO Run(ExperimentID, RunNo) VALUES (?,?)", (experiment_id,
runno))
return conn.execute("SELECT last_insert_rowid() AS id").fetchone()["id"]

Consolidation utilities

def ensure_consolidated_table(tgt_conn, consolidated_name: str, src_table: str):

Create consolidated table (if needed) with:

RunID + all columns of src_table (same names/types).

cols = pragma_table_info(src, src_table)

col defs = []

for ¢ in cols:
col name = c[1]
col type = c[2] if c[2] else "TEXT"
col_defs.append(f"{quote_ident(col_name)} {col_typel}")

ddl = f"""
CREATE TABLE IF NOT EXISTS {quote_ident(consolidated name)} (
RunID INTEGER NOT NULL,
", ".join(col_defs)},
FOREIGN KEY (RunID) REFERENCES Run(RunID)
)

tgt_conn.executescript(ddl)

def import_run_table(src_conn, tgt_conn, src_table: str, consolidated_name: str, run_id:
int) -> int:
cols = table_columns(src_conn, src_table)

sel cols = ", ".join(quote_ident(c) for ¢ in cols)

ins_cols = ", ".join([quote_ident("RunID")] + [quote_ident(c) for c in cols])
placeholders = ", ".join(["?"] * (1 + len(cols)))

rows = src_conn.execute(f"SELECT {sel cols} FROM
{quote_ident(src_table)}").fetchall()
data = [(run_id, *[r[c] for c in cols]) for r in rows]

tgt_conn.executemany(
f"INSERT INTO {quote_ident(consolidated_name)} ({ins_cols}) VALUES
({placeholders})",
data




)

return len(rows)

Normalize all repeating run tables

tables = list_tables(src)

run_tables = []
for t in tables:
p = parse_run_table(t)
if p:
p["table"] = t
run_tables.append(p)

print("Run tables discovered:", len(run_tables))
print("Example:", run_tables[@] if run_tables else None)

counts = {"TS_In": @, "TS_ Out": @, "MNotes": @, "FNotes": @}

for item in run_tables:
prefix = item["prefix"]
expnr = item["expnr"]
runno = item["run"
src_table = item["table"]

get_experiment_id(tgt, expnr)
get_run_id(tgt, exp_id, runno)

exp_id
run_id

consolidated = prefix # consolidated table names are TS_In, TS_Out, MNotes, FNotes
ensure_consolidated_table(tgt, consolidated, src_table)

n = import_run_table(src, tgt, src_table, consolidated, run_id)

counts[prefix] += n

tgt.commit()

print("Imported row counts:", counts)
print("Runs created:", tgt.execute("SELECT COUNT(*) AS n FROM Run").fetchone()["n"])

Run tables discovered: 1040

Example: {'prefix': 'TS_In', 'expnr': 'Exp_A_79 _DC', 'run': 1, 'table':
'"TS_In_Exp A 79 DC_R1'}

Imported row counts: {'TS_In': 5357046, 'TS_Out': 5306720, 'MNotes': 44285, 'FNotes':
12457}

Runs created: 260

Copy experiment-level tables

def copy_table(src_conn, tgt_conn, table_name: str) -> bool:

row = src_conn.execute(
"SELECT sql FROM sqlite_master WHERE type='table' AND name=?",
(table_name,)

) .fetchone()

if not row or not row[0]:
print(f"Skipping (no CREATE sql): {table_name}")
return False




# Create in target
tgt_conn.execute(row[@])

cols = table_columns(src_conn, table_name)
col list = ", ".join(quote_ident(c) for c in cols)
placeholders = ", ".join(["?"] * len(cols))

rows = src_conn.execute(f"SELECT {col_list} FROM

{quote_ident(table_name)}").fetchall()

tgt_conn.executemany(
f"INSERT INTO {quote_ident(table_name)} ({col_list}) VALUES ({placeholders})",
[[r[c] for c in cols] for r in rows]

)

tgt_conn.commit()

return True

for tname in ["Exp_Results", "Exp_DetailedResults", "Exp_pValues"]:
exists = tname in tables
print("Exists in source:", tname, "->", exists)
if exists:
ok = copy_table(src, tgt, tname)
print("Copied:", tname, "->", ok)

Exists in source: Exp_Results -> True

Copied: Exp_Results -> True

Exists in source: Exp_DetailedResults -> True
Copied: Exp_DetailedResults -> True

Exists in source: Exp_pValues -> True

Copied: Exp_pValues -> True

Add ExperimentID to copied Exp_* tables

def add_and_fill experiment_id(conn, table_name: str, expnr_col: str):
cols = table_columns(conn, table_name)
if "ExperimentID" not in cols:
conn.execute(f"ALTER TABLE {quote_ident(table_name)} ADD COLUMN ExperimentID

INTEGER;")

conn.execute(f"""
UPDATE {quote_ident(table_name)}
SET ExperimentID = (
SELECT e.ExperimentID
FROM Experiment e
WHERE e.ExpNr = {quote_ident(table_name)}.{quote_ident(expnr_col)}

)
WHERE ExperimentID IS NULL;

")

conn.commit()

for tname in ["Exp_Resuts", "Exp_DetailedResuts", "Exp_pValues"]:
if tname not in list_tables(tgt):
continue

cols = table_columns(tgt, tname)
print("\n", tname, "columns:", cols)

# Heuristic: most likely column is ExpNr. If not, you will see it in the printed
list.




if "ExpNr" in cols:
add_and_fill_experiment_id(tgt, tname, expnr_col="ExpNr")
filled = tgt.execute(
f"SELECT COUNT(*) AS n FROM {quote_ident(tname)} WHERE ExperimentID IS NOT
NULL"
).fetchone()["n"]
total = tgt.execute(f"SELECT COUNT(*) AS n FROM {quote_ident(tname)}").fetchone()
["n"]
print(f"{tname}: ExperimentID filled for {filled}/{total} rows (via ExpNr).")
else:
print(f"{tname}: No 'ExpNr' column found. If another column stores experiment
name, tell me its name.")

Exp_pValues columns: ['', 'Exp_A 84 DC', "Exp_A_89 DC', "Exp_A 94 DC', 'Exp_A 99 DC',
"Exp_A_79 CC', 'Exp_A_84 CC', 'Exp_A 89 CC', 'Exp_A 94 CC', "Exp_A_99 CC', 'Exp_B 79 DC',
"Exp_B_84 DC', 'Exp_B_89 DC', 'Exp_B 94 DC', 'Exp B 99 DC', 'Exp_B_79 CC', 'Exp_B 84 CC',
"Exp_B_89 CC', 'Exp_B_94 CC', 'Exp_B_99 CC', 'Exp_C1_79 DC', 'Exp_Cl1_84 DC',

"Exp_C1_89 DC', 'Exp_C1 94 DC', 'Exp_C1 99 DC', 'Exp_C1_79 _CC', 'Exp_C1_84 CC',
"Exp_C1 89 CC', 'Exp_C1_94 CC', 'Exp_C1 99 CC', 'Exp_C2_79 DC', 'Exp_C2 84 DC',
"Exp_C2_89_DC', 'Exp_C2_94_DC', 'Exp_C2_99 DC', '"Exp_C2_79 CC', 'Exp_C2_84_CC',
"Exp_C2_89_CC', 'Exp_C2_ 94 _CC', 'Exp_C2_99 CC', "Exp_D _xs_DC', 'Exp_D_vs_DC',

'"Exp_D_s _DC', 'Exp_D _m DC', "Exp_D_vm_DC', 'Exp_D_xm_DC', 'Exp_D_xs_CC', "'Exp_D_vs_CC',
"Exp_D_s CC', 'Exp_D_m CC', "Exp_D _vm_CC', '"Exp_D_xm_CC']

Exp_pValues: No 'ExpNr' column found. If another column stores experiment name, tell me
its name.

Indexes

tgt.executescript(
CREATE INDEX IF NOT EXISTS idx_experiment_expnr ON Experiment(ExpNr);
CREATE INDEX IF NOT EXISTS idx_run_exp_runno ON Run(ExperimentID, RunNo);

CREATE INDEX IF NOT EXISTS idx_tsin_run  ON TS_In(RunID);
CREATE INDEX IF NOT EXISTS idx_tsout_run ON TS_Out(RunID);
CREATE INDEX IF NOT EXISTS idx_mnotes_run ON MNotes(RunID);
CREATE INDEX IF NOT EXISTS idx_fnotes_run ON FNotes(RunID);
")

tgt.commit()

print("Indexes created.")

" Indexes created.

Validation checks

print("Experiments:", tgt.execute("SELECT COUNT(*) AS n FROM Experiment").fetchone()
[Ilnll])
print("Runs:", tgt.execute("SELECT COUNT(*) AS n FROM Run").fetchone()["n"])

for t in ["TS_In", "TS_Out", "MNotes", "FNotes"]:
if t in list_tables(tgt):
n = tgt.execute(f"SELECT COUNT(*) AS n FROM {quote_ident(t)}").fetchone()["n"]
print(f"{t} rows:", n)
else:
print(f"{t} not present in target.")

for t in ["Exp_Resuts", "Exp_DetailedResuts", "Exp_pValues"]:
if t in list_tables(tgt):




n = tgt.execute(f"SELECT COUNT(*) AS n FROM {quote_ident(t)}").fetchone()["n"]
print(f"{t} rows:", n)

# Show a few runs with experiment name

rows = tgt.execute("""

SELECT r.RunID, e.ExpNr, r.RunNo

FROM Run r

JOIN Experiment e ON e.ExperimentID = r.ExperimentID
ORDER BY e.ExpNr, r.RunNo

LIMIT 10;

"ty .fetchall()

print("\nFirst runs:")
for r in rows:
print(dict(r))

Experiments: 52
Runs: 260

TS_In rows: 5357046
TS_Out rows: 5306720
MNotes rows: 44285
FNotes rows: 12457
Exp_pValues rows: 51

First runs:

{'RunID': 26, 'ExpNr': "Exp_A 79 _CC', 'RunNo': 1}
{'RunID': 27, 'ExpNr': "'Exp_A_79_CC', 'RunNo': 2}
{'RunID': 28, 'ExpNr': "Exp_A_79_CC', 'RunNo': 3}
{'RunID': 29, "ExpNr': "Exp_A_79_CC', 'RunNo': 4}
{'RunID': 30, "ExpNr': "Exp_A_79_CC', 'RunNo': 5}
{'RunID': 1, "ExpNr': "Exp_A_79_DC', 'RunNo': 1}
{'RunID': 2, "ExpNr': "Exp_A_79_DC', 'RunNo': 2}
{'RunID': 3, 'ExpNr': "Exp_A 79 _DC', 'RunNo': 3}
{'RunID': 4, 'ExpNr': 'Exp_A_79_DC', 'RunNo': 4}
{'RunID': 5, 'ExpNr': 'Exp_A _79_DC', 'RunNo': 5}

Proper cleanup

tgt.commit()
src.close()
tgt.close()
print("Connections closed cleanly.")

" Connections closed cleanly.
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Imports and Connections

import re

import sqlite3

from pathlib import Path
import pandas as pd
import numpy as np
import json

# --- If DB files are in the same folder as this notebook, this is enough ---
TARGET_DB = Path("normalized Exp _DB.db") # output filename

print("Working directory:", Path().resolve())
print("TARGET will be:", TARGET_DB)

Working directory: C:\Learning\University\Thesis\Model
TARGET will be: normalized_Exp_DB.db

Utility

def calculate_basic_metrics(df: pd.DataFrame) -> dict:

Compute summary metrics from structured OEE dataframe.

Expected columns:
[ Run, TimeStamp, Total, Total_Cumul,
NiO, NiO_Cumul, DeltaT, DeltaT_Cumul, CT_tot, CT_act]

Returns:
dict with keys:
NettoBetriebsZeit, MTTR, Total Failtime, NrOfFails, CT_act_stats,
CT_tot_stats, NiO, Output_tot, Total_time, PBZ, Parts_per_Cycle

if df.empty:

return {}
B mm e e e e e
# Helper: get_statistics
B e e e e e e e e e e e

def get_statistics(series: pd.Series, parts_per_cycle: float) -> dict:
Return basic statistics, bounds, and deviation for a numeric column,
normalized by parts_per_cycle.
s = pd.to_numeric(series, errors="coerce").dropna()
if s.empty:
return {}

# Normalize per part
if parts_per_cycle and parts_per_cycle != 0:
s = s / parts_per_cycle

ql, g2, g3 = np.percentile(s, [25, 50, 75])
igr = g3 - q1
1b = max(@, q1 - 1.5 * iqr)




ub = g3 + 1.5 * igr

# Determine mode
mode_vals = s.mode(dropna=True)

if mode_vals.empty:
modus = g2
else:
non_zero_modes = mode_vals[mode_vals != 0]
if not non_zero_modes.empty:
modus = non_zero_modes.iloc[0]
else:
modus = g2

# Additional safeguard
if modus < qi:
modus = Q2

stats = {
"min": round(float(s.min()), 1),
"Q1": round(float(ql), 1),
"Q2": round(float(q2), 1),
"Q3": round(float(g3), 1),
"max": round(float(s.max()), 1),
"avg": round(float(s.mean()), 1),
"std": round(float(s.std(ddof=1)), 4), # sample standard deviation
"IQR": round(float(igr), 1),
"LB": round(float(lb), 1),
"UB": round(float(ub), 1),
"Modus": round(float(modus), 1)

}

return stats

results = {}

# 1. Parts per cycle » mean Output_Total rounded to nearest integer
results["Parts_per_Cycle"] = int(round(df["Total"].mean(), 9))

# 4. PBZ »> max(DeltaT_Cumul)
results["PBZ"] = float(df["DeltaT_Cumul"].max())

# 5. Total_time = PBZ + Pauses_tot + Unplanned_tot
results["Total_time"] = results["PBZ"]

# 6. Output_tot = max(Total Cumul)
results["Output_tot"] = int(df["Total_Cumul"].max())

# 7. NiO = max(NiO_Cumul)
results["NiO"] = int(df["NiO_Cumul"].max())

# 8. Get statistics CT_tot and CT_actuel

results["CT_tot_stats"] = get_statistics(df["CT_tot"], results["Parts_per_Cycle"])
stats = get_statistics(df["CT_act"], results["Parts_per_Cycle"])
results["CT_act_stats"] = stats

df = df.copy()




df["Fail_time"] = 0.0

parts_per_cycle = results["Parts_per_Cycle"]

if stats:
myMod = stats["Modus"]
g3 = stats["Q3"]
thr = g3 * parts_per_cycle # threshold for failures

mask_fail = df["CT_act"] > thr

df.loc[mask_fail, "Fail_time"] = df.loc[mask_fail, "CT_act"] - myMod *
parts_per_cycle

df.loc[mask_fail, "CT_act"] = myMod * parts_per_cycle # replace with nominal
cycle

fail_series = df["Fail_time"]
results["NrOfFails"] = int((fail_series > ©).sum())
results["Total Failtime"] = float(fail_series.sum())
results["MTTR"] = (
results["Total Failtime"] / results["NrOfFails"]
if results["NrOfFails"] > @
else 0.0

)
results["NettoBetriebsZeit"] = results["PBZ"] - results["Total Failtime"]

return results

def OEE_Calc(OEE_Data: dict) -> dict:

"""Compute full OEE dictionary from pre-aggregated OEE_Data."""
# --- Base values ---
PBZ = OEE_Data.get("PBZ", 0)
Total time = OEE_Data.get("Total_time", 0)
NettoBetriebsZeit = OEE_Data.get("NettoBetriebszeit", 9)
Output_total = OEE_Data.get("Output_tot", o)
NiO = OEE_Data.get("NiO", ©)
Parts_per_Cycle = OEE_Data.get("Parts_per_Cycle", 1)
CT_stats = OEE_Data.get("CT_act_stats", {})
Q2 = CT_stats.get("Q2", 0)
Modus = CT_stats.get("Modus", @)
Avg = CT_stats.get("avg", 0)

# --- 1. Utility ---
Utility = PBZ / Total_time if Total_time else ©

# --- 2. Availability ---
Availability = NettoBetriebszZeit / PBZ if PBZ else ©

# --- 3. Performance (Modus-based) ---

NOR = (Output_total * Q2 * Parts_per_Cycle) / NettoBetriebsZeit if NettoBetriebsZeit
else ©

SpR = Modus /Q2 if Modus else ©

Performance = NOR * SpR

# --- 5. Quality ---
Quality = 1 - (NiO / Output_total) if Output_total else ©




# --- 6. OEE results ---
OEE = Availability * Performance * Quality

# --- 7. Return dictionary ---

return {
# Base factors
"Utility %": round(Utility * 1e0, 1),
"Availability_%": round(Availability * 100, 1),
"Quality %": round(Quality * 100, 1),

# Performance (Modus-based)
"Net_Operating_Rate_%": round(NOR*100, 4),
"Speed_rate_%": round(SpR*100, 4),
"Performance_%": round(Performance * 100, 1),

# Overall OEE
"OEE_%": round(OEE * 100, 1)

Connect and Create OEE Tables

tgt = sqlite3.connect(TARGET_DB)
tgt.row_factory = sqlite3.Row

print("Connected. Target Connected.")
tgt.executescript ("""
CREATE TABLE IF NOT EXISTS OEE_In (
Run INTEGER,
TimeStamp REAL,
Total INTEGER,
Total Cumul INTEGER,
NiO INTEGER,
NiO_Cumul INTEGER,
DeltaT REAL,
DeltaT_Cumul REAL,
CT_tot REAL,
CT_act REAL

);

CREATE TABLE IF NOT EXISTS OEE_Out (
Run INTEGER,
TimeStamp REAL,
Total INTEGER,
Total_Cumul INTEGER,
NiO INTEGER,
NiO_Cumul INTEGER,
DeltaT REAL,
DeltaT_Cumul REAL,
CT_tot REAL,

CT_act REAL

)s

")

tgt.commit()

print("OEE tables created.")




Connected. Target Connected.
OEE tables created.

OEE In

Create Metrics Table

tgt.execute(
CREATE TABLE IF NOT EXISTS OEE_In_WindowMetrics (
Run INTEGER NOT NULL,
EndTimeStamp REAL NOT NULL,
EndRow INTEGER NOT NULL,
WindowEvents INTEGER NOT NULL,
StepEvents INTEGER NOT NULL,
BaseMetricsJSON TEXT NOT NULL,
OEEMetricsJSON TEXT NOT NULL,
EndBufferLevel INTEGER NOT NULL,
PRIMARY KEY (Run, EndRow)
)
")
tgt.commit()

Load TS_in into Python Dataframe / RuniD

# Optional but recommended: clear table before rebuilding
tgt.execute("DELETE FROM OEE_In;")
tgt.commit()

# Get all distinct runs
run_ids = [r["RunID"] for r in tgt.execute(

"SELECT DISTINCT RunID FROM TS_In ORDER BY RunID"
).fetchall()]

print("Runs detected:", run_ids)
for run_id in run_ids:

# Load only required base columns
df = pd.read_sql_query(f"""
SELECT
RunID AS Run,
TimeStamp,
Total,
NiO
FROM TS_In
WHERE RunID = {run_id}
ORDER BY TimeStamp
", tgt)

# Copy cumulative values
df["Total_Cumul"] = df["Total"]
df["NiO_Cumul"] = df["NiO"]

# Unwind cumulative into increments
df["Total"] = df["Total_Cumul"].diff().fillna(df["Total_Cumul"])




df["Ni0"] = df["NiO_Cumul"].diff().fillna(df["NiO_Cumul®])

# Safety: eliminate possible negative artifacts
df["Total"] = df["Total"].clip(lower=0)
df["Nio"] = df["Ni0"].clip(lower=0)

# --- DeltaT ---
df["DeltaT"] = df["TimeStamp"].diff()

# Median of DeltaT excluding first NaN and excluding non-positive deltas
valid_dt = df["DeltaT"].iloc[1:]
valid_dt = valid_dt[valid_dt > 9]

if len(valid_dt) == @:
# Fallback if run has only 1 row or timestamps are not increasing
dto = 0.0

else:
dte = float(valid_dt.median())

df.loc[@, "DeltaT"] = dteo

# (Optional but consistent) cumulative time
df["DeltaT_Cumul"] = df["DeltaT"].cumsum()

# --- Cycle Times ---
df["CT_act"] = df["DeltaT"]

# Avoid division by zero

df["CT_tot"] = np.where(
df["Total Cumul"] > @,
df["DeltaT_Cumul"] / df["Total Cumul"],
0.0

)

# Append to OEE_In
df.to_sql("OEE_In", tgt, if_exists="append", index=False)

print(f"Run {run_id} appended. Rows: {len(df)}")
tgt.commit()

print("Step 2 completed.")




Runs detected: [1, 2, 3, 4,

21, 22, 23, 24, 25, 26, 27, 28, 29,
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Run 227 appended. Rows: 20659
Run 228 appended. Rows: 21130
Run 229 appended. Rows: 20858
Run 230 appended. Rows: 20831
Run 231 appended. Rows: 21484
Run 232 appended. Rows: 21274
Run 233 appended. Rows: 21820
Run 234 appended. Rows: 21877
Run 235 appended. Rows: 21587
Run 236 appended. Rows: 21872
Run 237 appended. Rows: 21498
Run 238 appended. Rows: 21958
Run 239 appended. Rows: 21788
Run 240 appended. Rows: 21741
Run 241 appended. Rows: 21739
Run 242 appended. Rows: 21687
Run 243 appended. Rows: 21971
Run 244 appended. Rows: 21885
Run 245 appended. Rows: 21761
Run 246 appended. Rows: 21681
Run 247 appended. Rows: 21785
Run 248 appended. Rows: 21971
Run 249 appended. Rows: 21929
Run 250 appended. Rows: 21917
Run 251 appended. Rows: 21786
Run 252 appended. Rows: 21785
Run 253 appended. Rows: 21971
Run 254 appended. Rows: 21929
Run 255 appended. Rows: 21901
Run 256 appended. Rows: 21806
Run 257 appended. Rows: 21785
Run 258 appended. Rows: 21971
Run 259 appended. Rows: 21929
Run 260 appended. Rows: 21917
Step 2 completed.

Fill the metrics table

WINDOW = 120
STEP = 10

tgt.execute("DELETE FROM OEE_In_WindowMetrics;")
tgt.commit()

rows_to_insert = []

run_ids = [r["Run"] for r in tgt.execute(
"SELECT DISTINCT Run FROM OEE_In ORDER BY Run"
).fetchall()]

for run_id in run_ids:

df_run = pd.read_sql_query(

SELECT
o0.Run,

.TimeStamp,
.Total, o.Total_ Cumul,
.NiO, o0.NiO_Cumul,
.DeltaT, o.DeltaT_Cumul,
.CT_tot, 0.CT_act,

O O O O O




t.Buffer_Level
FROM OEE_In o
LEFT JOIN TS_In t
ON t.RunID = o.Run AND t.TimeStamp = o.TimeStamp
WHERE o.Run = ?
ORDER BY o.TimeStamp
"t tgt, params=(run_id,))
n = len(df_run)
if n < WINDOW:
continue

for end_idx in range(WINDOW - 1, n, STEP):
start_idx = end_idx - WINDOW + 1
df_window = df_run.iloc[start_idx:end_idx + 1].copy()

base_metrics = calculate_basic_metrics(df_window.drop(columns=["Buffer_Level"],
errors="ignore"))
if not base_metrics:
continue

oee_metrics = OEE_Calc(base_metrics)
if not oee_metrics:
continue

end_buf
end_buf

df_run.iloc[end_idx]["Buffer_Level"]
None if pd.isna(end_buf) else int(end_buf)

rows_to_insert.append((
int(run_id),
float(df_run.iloc[end_idx]["TimeStamp"]),
int(end_idx),
int (WINDOW),
int(STEP),
end_buf,
json.dumps(base_metrics, ensure_ascii=False),
json.dumps(oee_metrics, ensure_ascii=False),

))

print("Next RunId:", run_id, Total rows queued:", len(rows_to_insert))

tgt.executemany ("""
INSERT OR REPLACE INTO OEE_In_WindowMetrics
(Run, EndTimeStamp, EndRow, WindowEvents, StepEvents, EndBufferLevel,
BaseMetricsJSON, OEEMetricsJSON)
VALUES (?, 2, 2, 2, 2, ?, 2?2, ?)
""" rows_to_insert)
tgt.commit()
print("Inserted rows:", len(rows_to_insert))




Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next

RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:

O 00 NOUVT D WNBR

OV VUV VUV UVUTUVUUTUDDDDEDDDDAEDDWWWWWWWWWWNNNNNNNNNNRRBRRBRRBRRPRR
O UVWONOODUVDWNROOOIODUTDWNROOVUONIITITDWNROOONAUDSWNROOUONODUDWNIRO®

Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total

rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
roOws
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows

queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:

queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:

2012
4030
6026
8019
9953
11971
14042
16040
18033
19972
21990
24069
26068
28061
30001
32019
34100
36099
38093
40034
42052
44133
46132
48126
50067
52133
54172
56226
58275
60285
62391
64514
66600
68679
70703
72813
74981
77069
79148
81174
83284
85455
87543
89623
91650
93760
95932
98020
100100
102127
104170
106159
108213
110218
112243
114292
116288
118348
120353
122387




Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next

RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:

61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120

Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total

rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows

queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:

queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:

124436
126432
128492
130497
132531
134580
136576
138636
140641
142675
144724
146720
148780
150785
152819
154894
156938
158992
161041
163090
165247
167414
169600
171781
173957
176119
178293
180510
182705
184886
187048
189222
191439
193635
195816
197978
200152
202369
204565
206746
208565
210392
212226
214069
215888
217707
219534
221368
223211
225030
226849
228676
230510
232353
234172
235991
237818
239652
241495
243314




Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next

Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:

121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180

Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total

rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows

queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:

245133
246960
248794
250637
252456
254380
256299
258231
260157
262073
263997
265916
267848
269774
271690
273614
275533
277465
279391
281307
283231
285150
287082
289008
290924
292848
294767
296699
298625
300541
302596
304640
306694
308743
310792
312853
314967
317052
319121
321191
323252
325370
327455
329525
331595
333656
335774
337859
339929
341999
344060
346178
348263
350333
352403
354478
356522
358576
360625
362674




Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next

Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
RunId:
Runld:
RunId:
RunId:
RunId:
RunId:

181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240

Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total
Total

rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows
rows

queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:
queued:

364880
367036
369222
371400
373580
375817
377993
380254
382436
384649
386887
389063
391324
393507
395723
397961
400137
402398
404581
406797
408788
410749
412748
414707
416690
418713
420675
422701
424711
426686
428720
430711
432742
434739
436734
438804
440811
442906
444948
446998
449059
451087
453169
455218
457283
459368
461422
463524
465598
467670
469807
471923
474094
476270
478417
480593
482731
484915
487082
489245




Next RunId: 241 Total rows queued: 491407
Next RunId: 242 Total rows queued: 493564
Next RunId: 243 Total rows queued: 495750
Next RunlId: 244 Total rows queued: 497927
Next RunId: 245 Total rows queued: 500092
Next RunId: 246 Total rows queued: 502249
Next RunId: 247 Total rows queued: 504416
Next RunId: 248 Total rows queued: 506602
Next RunId: 249 Total rows queued: 508783
Next RunId: 250 Total rows queued: 510963
Next RunId: 251 Total rows queued: 513130
Next RunId: 252 Total rows queued: 515297
Next RunId: 253 Total rows queued: 517483
Next RunId: 254 Total rows queued: 519664
Next RunId: 255 Total rows queued: 521843
Next RunId: 256 Total rows queued: 524012
Next RunId: 257 Total rows queued: 526179
Next RunId: 258 Total rows queued: 528365
Next RunId: 259 Total rows queued: 530546
Next RunId: 260 Total rows queued: 532726
Inserted rows: 532726

OEE Out

Create Metrics Table

tgt.execute(
CREATE TABLE IF NOT EXISTS OEE_Out_WindowMetrics (
Run INTEGER NOT NULL,
EndTimeStamp REAL NOT NULL,
EndRow INTEGER NOT NULL,
WindowEvents INTEGER NOT NULL,
StepEvents INTEGER NOT NULL,
BaseMetricsJSON TEXT NOT NULL,
OEEMetricsJSON TEXT NOT NULL,
PRIMARY KEY (Run, EndRow)
)s
")
tgt.commit()

Load TS_out into Python Dataframe / RunID

# Optional but recommended: clear table before rebuilding
tgt.execute("DELETE FROM OEE_Out;")
tgt.commit()

# Get all distinct runs
run_ids = [r["RunID"] for r in tgt.execute(

"SELECT DISTINCT RunID FROM TS_Out ORDER BY RunID"
).fetchall()]

print("Runs detected:", run_ids)

for run_id in run_ids:




df = pd.read_sql_query(
SELECT
RunID AS Run,
TimeStamp,
Total,
NiO
FROM TS_Out
WHERE RunID = ?
ORDER BY TimeStamp
"t tgt, params=(run_id,))
if df.empty:
continue

# Copy cumulative values
df["Total_Cumul"] = df["Total"]
df["NiO_Cumul"] = df["NiO"]

# Unwind cumulative into increments
df["Total"] = df["Total_Cumul"].diff().fillna(df["Total_Cumul"]).clip(lower=0)
df["NiO"] = df["NiO_Cumul"].diff().fillna(df["NiO_Cumul"]).clip(lower=0)

# --- DeltaT ---
df["DeltaT"] = df["TimeStamp"].diff()

valid_dt
valid_dt

df["DeltaT"].iloc[1:]
valid_dt[valid_dt > @]

dte = float(valid_dt.median()) if len(valid_dt) > © else 0.0
df.loc[@, "DeltaT"] = dte

# Ensure no NaN remains
df["DeltaT"] = df["DeltaT"].fillna(0.0)

# Cumulative time
df["DeltaT_Cumul"] = df["DeltaT"].cumsum()

# Cycle times

df["CT_act"] = df["DeltaT"]

df["CT_tot"] = np.where(
df["Total_Cumul"] > o,
df["DeltaT_Cumul"] / df["Total_Cumul"],
0.0

)

# Append to OEE_Out
df.to_sql("OEE_Out", tgt, if exists="append", index=False)

print(f"Run {run_id} appended. Rows: {len(df)}")

tgt.commit()
print("OEE_Out rebuild completed.™)
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114,
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240,
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Run 227 appended. Rows: 20449
Run 228 appended. Rows: 20920
Run 229 appended. Rows: 20648
Run 230 appended. Rows: 20621
Run 231 appended. Rows: 21274
Run 232 appended. Rows: 21064
Run 233 appended. Rows: 21610
Run 234 appended. Rows: 21667
Run 235 appended. Rows: 21377
Run 236 appended. Rows: 21662
Run 237 appended. Rows: 21288
Run 238 appended. Rows: 21748
Run 239 appended. Rows: 21578
Run 240 appended. Rows: 21531
Run 241 appended. Rows: 21529
Run 242 appended. Rows: 21477
Run 243 appended. Rows: 21828
Run 244 appended. Rows: 21675
Run 245 appended. Rows: 21551
Run 246 appended. Rows: 21471
Run 247 appended. Rows: 21680
Run 248 appended. Rows: 21947
Run 249 appended. Rows: 21772
Run 250 appended. Rows: 21721
Run 251 appended. Rows: 21576
Run 252 appended. Rows: 21708
Run 253 appended. Rows: 21947
Run 254 appended. Rows: 21804
Run 255 appended. Rows: 21691
Run 256 appended. Rows: 21596
Run 257 appended. Rows: 21674
Run 258 appended. Rows: 21942
Run 259 appended. Rows: 21799
Run 260 appended. Rows: 21753
OEE_Out rebuild completed.

Fill the metrics table

WINDOW = 120
STEP = 10

tgt.execute("DELETE FROM OEE_Out_WindowMetrics;")
tgt.commit()

rows_to_insert = []

run_ids = [r["Run"] for r in tgt.execute(
"SELECT DISTINCT Run FROM OEE_Out ORDER BY Run"
).fetchall()]

for run_id in run_ids:
df_run = pd.read_sql_query(
SELECT Run, TimeStamp, Total, Total_Cumul, NiO, NiO_Cumul, DeltaT, DeltaT_Cumul,
CT_tot, CT_act
FROM OEE_Out
WHERE Run = ?
ORDER BY TimeStamp
, tgt, params=(run_id,))




n = len(df_run)
if n < WINDOW:
continue

for end_idx in range(WINDOW - 1, n, STEP):
start_idx = end_idx - WINDOW + 1
df_window = df_run.iloc[start_idx:end_idx + 1]

base_metrics = calculate_basic_metrics(df_window)
if not base_metrics:
continue

oee_metrics = OEE_Calc(base_metrics)
if not oee_metrics:
continue

rows_to_insert.append((
int(run_id),
float(df_run.iloc[end_idx]["TimeStamp"]),
int(end_idx),
int (WINDOW),
int(STEP),
json.dumps(base_metrics, ensure_ascii=False),
json.dumps(oee_metrics, ensure_ascii=False),

))

print("Next RunId:", run_id, Total rows queued:", len(rows_to_insert))

tgt.executemany ("""
INSERT OR REPLACE INTO OEE_Out_WindowMetrics
(Run, EndTimeStamp, EndRow, WindowEvents, StepEvents, BaseMetricsJSON,
OEEMetricsJSON)
VALUES (?, ?, ?, 2, 2, ?, ?)
""" rows_to_insert)
tgt.commit()
print("Inserted rows:", len(rows_to_insert))
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19762
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29686
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84595
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111113
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121152
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Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
Next
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Next
Next
Next
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Runld:
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Runld:
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queued:
queued:
queued:
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213831
215629
217435
219248
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231905
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235509
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239144
240942
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361363
363498
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367838
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372215
374370
376610
378771
380963
383180
385335
387575
389737
391932
394149
396304
398544
400706
402901
404871
406811
408789
410727
412689
414691
416632
418637
420626
422580
424593
426563
428573
430549
432523
434572
436558
438632
440653
442682
444722
446729
448790
450818
452862
454926
456959
459040
461093
463144
465260
467355
469505
471660
473786
475941
478058
480221
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484509




Next RunId: 241 Total rows queued:
Next RunId: 242 Total rows queued:
Next RunId: 243 Total rows queued:
Next RunId: 244 Total rows queued:
Next RunId: 245 Total rows queued:
Next RunId: 246 Total rows queued:
Next RunId: 247 Total rows queued:
Next RunId: 248 Total rows queued:
Next RunId: 249 Total rows queued:
Next RunId: 250 Total rows queued:
Next RunId: 251 Total rows queued:
Next RunId: 252 Total rows queued:
Next RunId: 253 Total rows queued:
Next RunId: 254 Total rows queued:
Next RunId: 255 Total rows queued:
Next RunId: 256 Total rows queued:
Next RunId: 257 Total rows queued:
Next RunId: 258 Total rows queued:
Next RunId: 259 Total rows queued:
Next RunId: 260 Total rows queued:
Inserted rows: 527694

486650
488786
490957
493113
495257
497393
499550
501733
503899
506060
508206
510365
512548
514717
516875
519023
521179
523362
525530
527694

Closing the DB

tgt.commit()
tgt.close()
print("Connections closed cleanly.")

" Connections closed cleanly.
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Imports

import sqlite3
import numpy as np
import pandas as pd

import torch
import torch.nn as nn

import pyro

import pyro.distributions as dist

from pyro.nn import PyroModule, PyroSample

from pyro.infer import SVI, Trace_ELBO, Predictive
from pyro.infer.autoguide import AutoDiagonalNormal

from sklearn.preprocessing import StandardScaler
from sklearn.metrics import confusion_matrix, classification_report, roc_auc_score,
accuracy_score

Reproducibility

SEED = 42
np.random.seed(SEED)
torch.manual_seed(SEED)
pyro.set_rng_seed(SEED)
pyro.clear_param_store()

DEVICE = torch.device("cpu") # you installed CPU torch

Load data from SQLite

DB_PATH = "normalized_Exp DB_892.db" # adjust if needed

def read_table(db_path, table_name):
with sqlite3.connect(db_path) as con:
return pd.read_sql_query(f"SELECT * FROM {table_name};", con)

df_train = read_table(DB_PATH, "BNN_Train")
df_val = read_table(DB_PATH, "BNN_Val")
df _test = read_table(DB_PATH, "BNN_Test")

print("Shapes:", df_train.shape, df_val.shape, df_test.shape)
df_train.head()

Shapes: (319442, 18) (105912, 18) (105355, 18)




Run In_EndTimeStamp y Dt _ToNextMaint
0 1 1.735715e+09 O 3099.781487
1 1 1.735716e+09 O 2832.492627
2 1 1.735716e+09 O 2516.325295
3 1 1.735716e+09 O 2110.632948
4 1 1.735717e+09 0 1623.988375

DeltaT
155.178588
112.110272

74.747890
148.440237

303.084810

CT _Median_In CT_IQR_In

264

28.1

252

26.0

27.5

389

39.1

384

383

38.8

CT_P95_In
105.9
106.2
105.2
105.8

107.7

Define feature columns

LABEL_COL = "y"
DROP_COLS ["Run", "In_EndTimeStamp"]

def prepare_df(df):
df = df.copy()

# Label -> int 0/1

# not used as features

df[LABEL_COL] = pd.to_numeric(df[LABEL_COL], errors="coerce")

df = df.dropna(subset=[LABEL_COL])

df[LABEL_COL] = df[LABEL_COL].astype(int)

# Ensure TimeSinceMaintEnd numeric if present

if "TimeSinceMaintEnd" in df.columns:

df["TimeSinceMaintEnd"] = pd.to_numeric(df["TimeSinceMaintEnd"], errors="coerce"

# Build numeric feature list
feature_cols = []
for ¢ in df.columns:
if ¢ == LABEL_COL or c in DROP_COLS:
continue

if pd.api.types.is_numeric_dtype(df[c]):

feature_cols.append(c)

# Median impute feature NaNs
for c in feature_cols:
if df[c].isna().any():

df[c] = df[c].fillna(df[c].median())

return df, feature_cols

df_train, FEATURE_COLS
df_val,
df_test,

prepare_df(df_val)

print("Features:", FEATURE_COLS)
print(df_train[FEATURE_COLS].dtypes)

prepare_df(df_test)

prepare_df(df_train)

print("Class balance train:\n", df_train[LABEL_COL].value_counts(normalize=True))




Features: ['Dt_ToNextMaint', 'DeltaT', 'CT_Median_In', 'CT_IQR_In', 'CT_P95_In',
'CT_Median_Out', 'CT_IQR_Out', 'CT_P95 Out', 'DowntimeWin', 'FailCountWin', 'MTTRWin',
'TimeSinceFailEnd', 'HasFailureHistory', 'TimeSinceMaintEnd', 'BufferLevel']
Dt_ToNextMaint float64

DeltaT float64
CT_Median_In float64
CT_IQR_In float64
CT_P95_In float64
CT_Median_Out float64
CT_IQR Out float64
CT_P95_Out float64
DowntimeWin float64
FailCountWin float64
MTTRWin floate4
TimeSinceFailEnd float64
HasFailureHistory int64
TimeSinceMaintEnd float64
BufferLevel int64

dtype: object

Class balance train:

y

1 0.814038

0 0.185962

Name: proportion, dtype: float64

Convert to tensors + standardize

scaler = StandardScaler()

X_train = scaler.fit_transform(df_train[FEATURE_COLS].values.astype(np.float32))

X_val = scaler.transform(df_val[FEATURE_COLS].values.astype(np.float32))
X_test = scaler.transform(df_test[FEATURE_COLS].values.astype(np.float32))
y_train = df_train[LABEL_COL].values.astype(np.float32)

y_val = df_val[LABEL_COL].values.astype(np.float32)

y_test = df_test[LABEL_COL].values.astype(np.float32)

X_train_t = torch.tensor(X_train, dtype=torch.float32, device=DEVICE)

X_val_t = torch.tensor(X_val, dtype=torch.float32, device=DEVICE)
X_test_t = torch.tensor(X_test, dtype=torch.float32, device=DEVICE)
y_train_t = torch.tensor(y_train, dtype=torch.float32, device=DEVICE)
y_val t = torch.tensor(y_val, dtype=torch.float32, device=DEVICE)
y_test_t = torch.tensor(y_test, dtype=torch.float32, device=DEVICE)

X_train_t.shape, y_train_t.shape

(torch.Size([319442, 15]), torch.Size([319442]))

Define a Bayesian model

class BayesianLastLayerBNN(PyroModule):
def __init_ (self, in_dim, hidden_dim=32):
super().__init_ ()




self.encoder = nn.Sequential(
nn.Linear(in_dim, hidden_dim),
nn.RelLU(),
nn.Linear(hidden_dim, hidden_dim),
nn.ReLU(),

)

self.out = PyroModule[nn.Linear](hidden_dim, 1)

self.out.weight = PyroSample(dist.Normal(@., 1.).expand([1,
hidden_dim]).to_event(2))

self.out.bias = PyroSample(dist.Normal(®., 1.).expand([1]).to_event(1l))

def forward(self, x, y=None):
z = self.encoder(x)
logits = self.out(z).squeeze(-1) # [N]
with pyro.plate("data", x.shape[0]):
pyro.sample("obs", dist.Bernoulli(logits=logits), obs=y)
return logits

Train with SVI

pyro.clear_param_store()

in_dim = X_train_t.shape[1]
model = BayesianLastLayerBNN(in_dim=in_dim, hidden_dim=32).to(DEVICE)

guide = AutoDiagonalNormal(model)
optimizer = pyro.optim.Adam({"1lr": 1le-3})
svi = SVI(model, guide, optimizer, loss=Trace_ELBO())

def train_svi(num_steps=3000, print_every=300):
losses = []
for step in range(1, num_steps + 1):
loss = svi.step(X_train_t, y_train_t)
losses.append(loss)
if step % print_every == 0:
avg = float(np.mean(losses[-print_every:]))
print(f"step {step:5d} | loss {avg:.2f}")
return losses

losses = train_svi(num_steps=3000, print_every=300)

step 300 | loss 136396.09
step 600 | loss 130646.51
step 900 | loss 129910.26
step 1200 | loss 129509.51
step 1500 | loss 129076.01
step 1800 | loss 128745.89
step 2100 | loss 128508.81
step 2400 | loss 128279.63
step 2700 | loss 128064.90
step 3000 | loss 127857.89

import matplotlib.pyplot as plt
plt.plot(losses)

plt.title("SVI Loss")
plt.show()
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Posterior predictive sampling

@torch.no_grad()
def posterior_predict_survival(model, guide, x_tensor, num_samples=500):
predictive = Predictive(model, guide=guide, num_samples=num_samples, return_sites=
("obs",))
obs_samples = predictive(x_tensor, y=None)["obs"] # [S, N], samples of y in {0,1}
p_mean = obs_samples.float().mean(dim=0).cpu().numpy()
p_std = obs_samples.float().std(dim=0).cpu().numpy()
return p_mean, p_std

p_val mean, p_val std posterior_predict_survival(model, guide, X_val_t,
num_samples=500)
p_test_mean, p_test_std = posterior_predict_survival(model, guide, X_test_t,

num_samples=500)

print("Posterior predictive computed.")
print("VAL P(survive) first 5:", p_val_mean[:5])
print("Mean predictive std (VAL):", float(np.mean(p_val_std)))

Posterior predictive computed.
VAL P(survive) first 5: [0.734 0.838 0.888 0.938 0.982]
Mean predictive std (VAL): ©.33259788155555725

Classical evaluation at threshold 0.5

def eval_threshold(name, y_true, p_survive, threshold=0.5):
y_pred = (p_survive >= threshold).astype(int)




acc = accuracy_score(y_true, y_pred)
auc = roc_auc_score(y_true, p_survive) if len(np.unique(y_true)) > 1 else np.nan

print(f"\n=== {name} (threshold={threshold}) ===")

print("Accuracy:", acc)

print("ROC AUC :", auc)

print("Confusion matrix:\n", confusion_matrix(y_true, y pred))
print("\nReport:\n", classification_report(y_true, y_pred, digits=4))

eval_threshold("VAL", y val, p_val mean, threshold=0.5)
eval _threshold("TEST", y_test, p_test_mean, threshold=0.5)

=== VAL (threshold=0.5) ===
Accuracy: 0.8035916610015862
ROC AUC : ©.758414951888521
Confusion matrix:

[[ 2604 17905]

[ 2897 82506]]

Report:
precision recall fl-score support
0.0 0.4734 0.1270 0.2002 20509
1.0 0.8217 0.9661 0.8880 85403
accuracy 0.8036 105912
macro avg 0.6475 0.5465 0.5441 105912
weighted avg 0.7542 0.8036 0.7549 105912

=== TEST (threshold=0.5) ===
Accuracy: 0.8139338427222249
ROC AUC : ©.7556135134157711
Confusion matrix:

[[ 2784 17116]

[ 2487 82968]]

Report:
precision recall fl-score  support
0.0 0.5282 0.1399 0.2212 19900
1.0 0.8290 0.9709 0.8943 85455
accuracy 0.8139 105355
macro avg 0.6786 0.5554 0.5578 105355
weighted avg 0.7722 0.8139 0.7672 105355

Decision rule for maintenance

BETA = 0.15 # <-- change this value (e.g., 0.15, 0.20, 0.25)

def maintenance_decision(p_survive, beta=BETA):
p_fail = 1.0 - p_survive
trigger = (p_fail > beta).astype(int) # 1 = trigger maintenance (predict failure)
y pred = 1 - trigger # convert to predicted y (1 survive, @ fail)
return trigger, p_fail, y_pred




def eval_maintenance(name, y_true, p_survive, beta=BETA):

trigger, p_fail, y pred = maintenance_decision(p_survive, beta=beta)

acc = accuracy_score(y_true, y_pred)

auc = roc_auc_score(y_true, p_survive) if len(np.unique(y_true)) > 1 else np.nan

print(f"\n=== {name} (maintenance rule, beta={beta}) ==="

print("Triggered maintenance:", int(trigger.sum()), "of", len(trigger), f"
({trigger.mean():.1%})")

print("Accuracy:", acc)

print("ROC AUC :", auc, "(AUC independent of beta)")

print("Confusion matrix (y=0 fail, y=1 survive):\n", confusion_matrix(y_true,

y_pred))
print("\nReport:\n", classification_report(y_true, y_pred, digits=4))

return trigger, p_fail, y_pred

trigger_val, p_fail val, y_pred_val = eval _maintenance("VAL", y val, p_val_mean,
beta=BETA)

trigger_test, p_fail test, y_pred_test = eval_maintenance("TEST", y_test, p_test_mean,
beta=BETA)

=== VAL (maintenance rule, beta=0.15) ===
Triggered maintenance: 54462 of 105912 (51.4%)
Accuracy: 0.6136320719087545
ROC AUC : ©.758414951888521 (AUC independent of beta)
Confusion matrix (y=0 fail, y=1 survive):

[[17025 3484]

[37437 47966]]

Report:
precision recall fl-score  support
0.0 0.3126 0.8301 0.4542 20509
1.0 0.9323 0.5616 0.7010 85403
accuracy 0.6136 105912
macro avg 0.6224 0.6959 0.5776 105912
weighted avg 0.8123 0.6136 0.6532 105912

=== TEST (maintenance rule, beta=0.15) ==
Triggered maintenance: 55546 of 105355 (52.7%)
Accuracy: 0.5955388923164538
ROC AUC : ©.7556135134157711 (AUC independent of beta)
Confusion matrix (y=@ fail, y=1 survive):

[[16417 3483]

[39129 46326]]

Report:
precision recall fl-score support
0.0 0.2956 0.8250 0.4352 19900
1.0 0.9301 0.5421 0.6850 85455
accuracy 0.5955 105355
macro avg 0.6128 0.6835 0.5601 105355

weighted avg 0.8102 0.5955 0.6378 105355




Inspect which features matter

import numpy as np

print("\nFailure risk distribution (TEST):")
for q in [1, 5, 10, 25, 50, 75, 90, 95, 99]:
print(f"{q:>2d}th percentile:", float(np.percentile(p_fail test, q)))
print("Mean:", float(np.mean(p_fail test)))
print("Median:", float(np.median(p_fail test)))

Failure risk distribution (TEST):
1th percentile: 0.0040000081062316895

5th percentile: 0.012000024318695068
10th percentile: 0.022000014781951904
25th percentile: 0.054000020027160645
50th percentile: 0.16200000047683716
75th percentile: 0.28200000524520874
90th percentile: 0.4100000262260437
95th percentile: 0.5019999742507935

99th percentile: 0.6139999628067017
Mean: 0.1898721158504486
Median: 0.16200000047683716

ROC curve

from sklearn.metrics import roc_curve

fpr, tpr, thresholds = roc_curve(y_test, p_test_mean)

import matplotlib.pyplot as plt

plt.figure(figsize=(6,6))

plt.plot(fpr, tpr, label="BNN ROC")

plt.plot([0,1], [0,1], linestyle="--", label="Random")
plt.xlabel("False Positive Rate")

plt.ylabel("True Positive Rate")

plt.title("ROC Curve (Test Set)")

plt.legend()

plt.grid(True)

plt.show()




ROC Curve (Test Set)

1.0 4 —— BNN ROC
Random
0.8 1
z
T 0.6
@
=
%
=]
[«
L 04-
=
0.2
0.0
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

ROC for failure

p_fail test = 1 - p_test_mean # failure probability

fpr_fail, tpr_fail, thresholds_fail = roc_curve(
(y_test == 0@).astype(int), # positive class = failure
p_fail_test

plt.figure(figsize=(6,6))

plt.plot(fpr_fail, tpr_fail, label="Failure ROC")
plt.plot([@,1], [0,1], linestyle="--"
plt.xlabel("False Positive Rate (false alarms)")
plt.ylabel("True Positive Rate (failure recall)")
plt.title("ROC Curve for Failure Detection")
plt.legend()

plt.grid(True)

plt.show()




ROC Curve for Failure Detection
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B mapping

for i in range(®, len(thresholds fail), len(thresholds fail)//10):
print(
"Threshold (failure prob):", round(thresholds_fail[i], 3),
" | Failure Recall:", round(tpr_fail[i], 3),
" | False Alarm Rate:", round(fpr_fail[i], 3)
)

Threshold (failure prob): inf | Failure Recall: 0.0 | False Alarm Rate: 0.0
.666 | Failure Recall: 0.01 | False Alarm Rate: 0.001
| Failure Recall: ©.049 | False Alarm Rate: 0.008
.518 | Failure Recall: ©.121 | False Alarm Rate:
| Failure Recall: ©.211 | False Alarm Rate:
.37 | Failure Recall: ©.307 | False Alarm Rate:

Threshold (failure prob):
Threshold (failure prob):
Threshold (failure prob):
Threshold (failure prob):
Threshold (failure prob):

.592

.444

Threshold (failure prob): 0.296 Failure Recall: 0.465 | False Alarm Rate:

Threshold (failure prob): 0.222 Failure Recall: 0.675 | False Alarm Rate:

Threshold (failure prob): 0.148 Failure Recall: 0.832 | False Alarm Rate:
|

Threshold (failure prob):
Threshold (failure prob):

O OO 0O

|
|
|
.074 | Failure Recall: 0.938
.0 | F

False Alarm Rate:
ailure Recall: 1.0 | False Alarm Rate: 1.0

0.025
0.05
0.087
0.17
0.304
0.469
0.643

beta = 0.15
idx = np.argmin(np.abs(thresholds_fail - beta))




plt.figure(figsize=(6,6))

plt.plot(fpr_fail, tpr_fail)

plt.scatter(fpr_fail[idx], tpr_fail[idx], color="red", label=f"beta={beta}")
plt.xlabel("False Positive Rate")

plt.ylabel("True Positive Rate")

plt.legend()

plt.grid(True)

plt.show()

1.04 @ beta=0.15
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# Figure 1 — posterior p(survive) for ONE test sample (credible interval)
import numpy as np

import torch

import matplotlib.pyplot as plt

from pyro.infer import Predictive

@torch.no_grad()

def posterior_predict_p_ survive_samples(model, guide, x_tensor, num_samples=1000):
predictive = Predictive(model, guide=guide, num_samples=num_samples, return_sites=

("_RETURN",))

logits_s = predictive(x_tensor, y=None)["_RETURN"] # [S, N]
p_s = torch.sigmoid(logits_s).cpu().numpy() # [S, N]
return p_s

# choose one representative test index
i =0 # change if desired
x_star = X_test_t[i:i+1]

p_s = posterior_predict_p_survive_samples(model, guide, x_star,




num_samples=2000) .reshape(-1)

p_mean = float(np.mean(p_s))
p_lo = float(np.quantile(p_s, 0.05))
p_hi = float(np.quantile(p_s, 0.95))

plt.figure(figsize=(7, 2.2))

plt.hlines(1, p_lo, p_hi, linewidth=6)

plt.plot([p_mean], [1], marker="o")

plt.yticks([1], [f"test idx {i}"])

plt.xlim(@, 1)

plt.xlabel("posterior $p(\\mathrm{survive}\\mid x)$")
plt.title("Single-case posterior probability with 90% credible interval™)
plt.grid(True)

plt.show()

print("Posterior summary:")
print("mean:", p_mean, " 5%:", p_lo, " 95%:", p_hi)

Single-case posterior probability with 90% credible interval

test idx 0 1 I

T T
0.0 0.2 0.4 0.6 0.8
posterior p(survive | x)

Posterior summary:
mean: ©.8711585402488708 5%: ©.8036723732948303  95%: 0.9256730079650879

1.0

# Figure 2 — calibration curve (test set)
import numpy as np
import matplotlib.pyplot as plt

p = np.asarray(p_test_mean).astype(float)
y = np.asarray(y_test).astype(int)
n_bins = 10

bins = np.linspace(0.0, 1.0, n_bins + 1)
bin_id = np.digitize(p, bins[1:-1], right=True)

p_bin = np.array([p[bin_id==k].mean() if np.any(bin_id==k) else np.nan for k in
range(n_bins)])

y_bin = np.array([y[bin_id==k].mean() if np.any(bin_id==k) else np.nan for k in
range(n_bins)])

n_bin = np.array([int(np.sum(bin_id==k)) for k in range(n_bins)])

plt.figure(figsize=(6,6))
plt.plot([0,1],[0,1], linestyle="--", label="ideal")
plt.scatter(p_bin, y_bin)
for k in range(n_bins):
if not np.isnan(p_bin[k]):
plt.text(p_bin[k], y_bin[k], str(n_bin[k]), fontsize=9)




plt.xlabel("predicted $p(\\mathrm{survive})$")
plt.ylabel("observed survival frequency")

plt.title("Calibration (test set) — numbers show samples per bin")
plt.grid(True)

plt.legend()

plt.show()

Calibration (test set) — numbers show samples per bin
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# Figure 3 — confusion matrix under beta decision rule (test set)
import numpy as np

import matplotlib.pyplot as plt

from sklearn.metrics import confusion_matrix, ConfusionMatrixDisplay,
classification_report

beta = BETA # uses your notebook constant
y = np.asarray(y_test).astype(int)
p_survive = np.asarray(p_test_mean).astype(float)

y_pred, trigger, score = maintenance_decision(p_survive, beta=beta)
cm = confusion_matrix(y, y_pred, labels=[0,1])
disp = ConfusionMatrixDisplay(confusion_matrix=cm, display_ labels=["fail (@)", "survive

"D

plt.figure(figsize=(5.5,5.5))
disp.plot(values_format="d")




plt.title(f"Confusion matrix (test) — beta={beta}")
plt.grid(False)
plt.show()

print(classification_report(y, y_pred, target names=["fail (@)", "survive (1)"]))
print("Triggered maintenance count:", int(np.sum(trigger)))

<Figure size 550x550 with @ Axes>

Confusion matrix (test) — beta=0.15

Triggered maintenance count: 20003

fail (0)
I,
0
£z
U
~
P_
survive (1) 1 46326 39129
] T _I
fail (0) survive (1)
Predicted label

precision recall fil-score  support

fail (o) 0.07 9.18 0.10 19900

survive (1) 0.70 0.46 0.56 85455

accuracy 0.40 105355

macro avg 0.39 0.32 0.33 105355

weighted avg 0.58 0.40 0.47 105355
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plt.
plt.
plt.
plt.

ylabel("count")

grid(True)
show()

import matplotlib.pyplot as plt
p_fail =

p_unc =
plt.figure(figsize=(7,4))
plt.hist(p_fail, bins=30)

plt.

title("Failure risk distribution (test)")

1.0 - np.asarray(p_test_mean).astype(float)
np.asarray(p_test_std).astype(float)

xlabel("$p(\\mathrm{fail}) = 1 - p(\\mathrm{survive})$")

# Figure 4 — distributions: failure risk and predictive uncertainty (test set)
import numpy as np




plt.figure(figsize=(7,4))

plt.hist(p_unc, bins=30)

plt.xlabel("predictive std from sampled obs (your current helper)")
plt.ylabel("count")

plt.title("Predictive uncertainty proxy (test)")

plt.grid(True)

plt.show()

Failure risk distribution (test)
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# Table 1 — test metrics summary (single row)
import numpy as np
import pandas as pd




from sklearn.metrics import accuracy_score, roc_auc_score, precision_score, recall_score,
f1l_score

beta = BETA
y = np.asarray(y_test).astype(int)
p_survive = np.asarray(p_test_mean).astype(float)

y_pred, trigger, score = maintenance_decision(p_survive, beta=beta)

row = {
"Split": "Test",
"N": int(len(y)),
"beta": float(beta),
"Accuracy": float(accuracy _score(y, y_pred)),
"AUC_survive": float(roc_auc_score(y, p_survive)) if len(np.unique(y)) > 1 else
np.nan,
"Precision_survive": float(precision_score(y, y_pred, zero_division=0)),
"Recall_survive": float(recall_score(y, y_pred, zero_division=0)),
"F1_survive": float(fl_score(y, y_pred, zero_division=0)),
"Triggered_maint_count”: int(np.sum(trigger)),
"Triggered_rate": float(np.mean(trigger)),
"Mean_p fail": float(np.mean(1.0 - p_survive)),

}
pd.DataFrame([row])
Split N beta Accuracy AUC survive Precision_survive Recall_survive F1_survive TriggJ
0 Test 105355 0.15 0.404461 0.755614 0.704443 045789  0.555017
4 D >

# Table 2 — metrics by Run (test set)

import numpy as np

import pandas as pd

from sklearn.metrics import accuracy_score, roc_auc_score

beta = BETA

tmp = df_test.copy()

tmp["p_survive"] = np.asarray(p_test_mean).astype(float)
tmp["p_fail"] = 1.0 - tmp["p_survive"]

y_pred, trigger, score = maintenance_decision(p_survive, beta=beta)

tmp["y_pred"] = y_pred
tmp["trigger"] = trigger

rows = []
for run, g in tmp.groupby("Run"):
y = g["y"].astype(int).values
p = g["p_survive"].values
yp = g["y_pred"].astype(int).values
rows.append({
"Run": run,
"N": int(len(g)),
"Acc": float(accuracy_score(y, yp)),
"AUC_survive": float(roc_auc_score(y, p)) if len(np.unique(y)) > 1 else np.nan,
"Triggered_rate": float(g["trigger"].mean()),
"Mean_p_fail": float(g["p_fail"].mean()),

}




pd.DataFrame(rows).sort_values("Run").reset_index(drop=True)
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32

Run

10

15

20

25

30

35

40

45

50

55

60

65

70

75

80

85

90

95

100

105

110

115

120

125

130

135

140

145

150

155

160

165

N

1925

1930

1930

1931

1931

2000

2014

2016

2017

2018

2018

2026

2026

2026

2026

2041

2167

2172

2172

2172

1811

1811

1811

1811

1811

1914

1914

1914

1914

1914

2041

2062

2063

Acc AUC_ survive Triggered_rate Mean_p_fail

0421818

0.417617

0.423834

0.424650

0.426722

0.435000

0.457299

0.458333

0.469013

0.463330

0.572349

0.580454

0.591313

0.584896

0.588351

0.394904

0.399631

0.417587

0.434162

0.447974

0.067366

0.061292

0.065157

0.062396

0.059636

0.019854

0.019331

0.018809

0.018809

0.018809

0.492896

0.519884

0.517693

0.706382

0.714826

0.708019

0.697458

0.702645

0.678118

0.661725

0.672108

0.661809

0.676546

0.603579

0.638263

0.636814

0.629105

0.632870

0.659302

0.558204

0.609669

0.601150

0.600033

0.572271

0.571271

0.544245

0.560596

0.574244

0.627248

0.659693

0.624749

0.631878

0.709457

0.718736

0.719249

0.719436

0.304296

0.306221

0311719

0.312485

0.313816

0.207291

0.220692

0.222324

0.229453

0.230839

0.223360

0.217427

0.219941

0.218879

0.217519

0.127253

0.128920

0.136355

0.138461

0.139992

0.048447

0.047228

0.047111

0.046317

0.046702

0.019809

0.018405

0.018297

0.018328

0.018732

0.354843

0.383130

0.382314

0.304296

0.306221

0311719

0.312485

0.313816

0.207291

0.220692

0.222324

0.229453

0.230839

0.223360

0.217427

0.219941

0.218879

0.217519

0.127253

0.128920

0.136355

0.138461

0.139992

0.048447

0.047228

0.047111

0.046317

0.046702

0.019809

0.018405

0.018297

0.018328

0.018732

0.354843

0.383130

0.382314




Run N Acc AUC survive Triggered_rate Mean_p_fail

33 170 2063 0.520116 0.718100 0.383695 0.383695
34 175 2063 0.518662 0.722323 0.383638 0.383638
35 180 2041 0.543851 0.657491 0.211748 0.211748
36 185 2170 0.543779 0.646698 0.212446 0.212446
37 190 2204 0.587114 0.639146 0.231963 0.231963
38 195 2207 0.590847 0.644433 0.230942 0.230942
39 200 2207 0.593113 0.626055 0.233568 0.233568
40 205 1975 0.508354 0.646499 0.218407 0.218407
41 210 1967 0.512456 0.622814 0.217188 0.217188
42 215 1988 0.518612 0.650333 0.221963 0.221963
43 220 2042 0.598923 0.608989 0.216426 0.216426
44 225 2057 0.604278 0.594501 0.214280 0.214280
45 230 2064 0.614826 0.619715 0.215396 0.215396
46 235 2138 0.388681 0.630041 0.132909 0.132909
47 240 2154 0.374652 0.644335 0.128067 0.128067
48 245 2156 0.410946 0.600122 0.133071 0.133071
49 250 2170 0.326267 0.601908 0.113926 0.113926
50 255 2170 0.329032 0.575974 0.115563 0.115563
51 260 2170 0.262673 0.617638 0.103920 0.103920
# --- Survival-BNN calibration (binary): reliability diagram + optional ECE ---

# Requires:
# p_test_mean : (N,) posterior mean p(survive) on TEST
# y test : (N,) true labels in {0,1} where 1l=survive, @=fail

import numpy as np
import matplotlib.pyplot as plt

# --- inputs ---

p = np.asarray(p_test_mean, dtype=float).reshape(-1)

y = np.asarray(y_test, dtype=int).reshape(-1)

assert p.shape[@] == y.shape[@], "p_test_mean and y_test must have the same length"
assert np.all((p >= 0) & (p <= 1)), "Probabilities must be in [0,1]"

assert set(np.unique(y)).issubset({@, 1}), "y_test must be binary {0,1}"

# --- binning ---

n_bins = 10

edges = np.linspace(0.0, 1.9, n_bins + 1)

bin_id = np.digitize(p, edges[1:-1], right=True) # ©..n_bins-1

p_bin = np.full(n_bins, np.nan, dtype=float) # mean predicted prob per bin
y_bin = np.full(n_bins, np.nan, dtype=float) # observed frequency per bin
n_bin = np.zeros(n_bins, dtype=int) # sample count per bin




for k in range(n_bins):
mask = (bin_id == k)
n_bin[k] = int(mask.sum())
if n_bin[k] > @:
p_bin[k] = float(p[mask].mean())
y_bin[k] = float(y[mask].mean())

# --- optional: Expected Calibration Error (ECE) ---
ece = 0.0
N = len(y)

for k in range(n_bins):
if n_bin[k] > @ and np.isfinite(p_bin[k]) and np.isfinite(y_bin[k]):
ece += (n_bin[k] / N) * abs(y_bin[k] - p_bin[k])

# --- plot ---
plt.figure(figsize=(6.2, 6.2))
plt.plot([@, 1], [©, 1], linestyle="--", linewidth=2, label="Ideal (y=x)")

mask = np.isfinite(p_bin) & np.isfinite(y_bin)
plt.scatter(p_bin[mask], y_bin[mask])

# annotate bins with sample count (as in your script)
for k in range(n_bins):
if np.isfinite(p_bin[k]):
plt.text(p_bin[k], y_bin[k], str(n_bin[k]), fontsize=9)

plt.xlabel(r"Predicted $p(\mathrm{survive}\mid x)$")

plt.ylabel("Observed survival frequency")

plt.title(f"Survival-BNN calibration (test set), bins={n_bins}, ECE={ece:.3f}")
plt.xlim(@, 1)

plt.ylim(@, 1)

plt.grid(True, alpha=0.3)

plt.legend()

plt.tight_layout()

plt.show()

print(f"ECE (test, n_bins={n_bins}): {ece:.6f}")

# Optional: save for thesis inclusion (vector preferred)

# plt.savefig("survival_bnn_calibration_test.pdf", bbox_inches="tight") # PDF vector

# plt.savefig("survival bnn_calibration_test.png", bbox_inches="tight", dpi=300) # high-
res raster
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Load tables and join

import sqlite3
import pandas as pd

DB_PATH = "normalized_Exp_DB_892.db"
def read_table(name):

with sqlite3.connect(DB_PATH) as con:
return pd.read_sql _query(f"SELECT * FROM {name};", con)

df_train = read_table("BNN_Train")

df_val = read_table("BNN_Val")

df_test = read_table("BNN_Test")

df_run = read_table("Run") # RunID, ExperimentID, RunNo

df_exp = read_table("Experiment") # ExperimentID, ExpNr,

print(df_train.shape, df_val.shape, df_test.shape)
print(df_run.columns)
print(df_exp.columns)

(319442, 18) (105912, 18) (105355, 18)

Index(['RunID', 'ExperimentID', 'RunNo'], dtype='str')

Index([ 'ExperimentID', 'ExpNr', 'Availability', 'Distribution - Duration',
'MTTR', 'Sigma‘', 'Distribution - Interval', 'Mu‘', 'Beta‘', 'Eta’,
'Interval Time', 'Repair Time', 'Brooker active', 'Nominal CT',
'Customer CT', 'Max CT', 'Rho'],

dtype="str")

Add ExpNr into each BNN table

def attach_experiment_label(df_bnn, df_run, df_exp):

df = df_bnn.merge(df_run[["RunID", "ExperimentID"]], left_on="Run", right_on="RunID",
how="1left")

df = df.merge(df_exp[["ExperimentID", "ExpNr"]], on="ExperimentID", how="left")

miss = df["ExpNr"].isna().mean()
print(f"Missing ExpNr after join: {miss:.3%}")

return df
df_train = attach_experiment_label(df_train, df_run, df_exp)
df_val = attach_experiment_label(df_val, df_run, df_exp)
df_test = attach_experiment_label(df_test, df _run, df_exp)

df_train[["Run","RunID","ExperimentID", "ExpNr"]].head()

Missing ExpNr after join: 0.000%
Missing ExpNr after join: 0.000%
Missing ExpNr after join: 0.000%




Run RunID ExperimentID ExpNr

0 1 1 1 Exp_A_79_DC
1 1 1 1 Exp_A_79_DC
2 1 1 1 Exp_A_79_DC
3 1 1 1 Exp_A_79_DC
4 1 1 1 Exp_A_79_DC

Map ExpNr to policy class (C2 / B / C1)

import numpy as np

def expnr_to_policy class(expnr: str):

s = str(expnr).upper()

if "_C2_" in s or "C2" in s:
return 0

if " B_" in s or "EXP_B_" in s:
return 1

if " C1_" in s or "C1" in s:
return 2

return np.nan

for df in (df_train, df_val, df_test):
df["policy class"] = df["ExpNr"].apply(expnr_to_policy class)

print("Unmapped rows (train/val/test):",
df_train["policy class"].isna().sum(),
df_val["policy_class"].isna().sum(),
df_test["policy_class"].isna().sum())

df_train = df_train.dropna(subset=["policy class"]).copy()
df_val df_val.dropna(subset=["policy class"]).copy()
df_test df_test.dropna(subset=["policy_class"]).copy()

df_train["policy class"]
df_val["policy_class"]
df_test["policy_class"]

df_train["policy class"].astype(int)
df_val["policy_class"].astype(int)
df_test["policy_class"].astype(int)

print(df_train["policy class"].value_counts())

Unmapped rows (train/val/test): 137022 45325 44763
policy_class

0 63697
1 62593
2 56130

Name: count, dtype: int64

Build features

TARGET_COL = "policy class"”

DROP_COLS = {"y", "Run", "RunID", "ExperimentID", "ExpNr", TARGET_COL}



def prepare_features(df):
df = df.copy()

# Ensure numeric columns are numeric
if "TimeSinceMaintEnd" in df.columns:
df["TimeSinceMaintEnd"] = pd.to_numeric(df["TimeSinceMaintEnd"], errors="coerce")

feature_cols = []
for ¢ in df.columns:
if ¢ in DROP_COLS:
continue
if pd.api.types.is_numeric_dtype(df[c]):
feature_cols.append(c)

for ¢ in feature_cols:
if df[c].isna().any():
df[c] = df[c].fillna(df[c].median())

return df, feature_cols
df_train, FEATURE_COLS

df_val, _
df_test, _

prepare_features(df_train)
prepare_features(df_val)
prepare_features(df_test)

print("Features:", FEATURE_COLS)
print("Train class balance:\n", df_train[TARGET_COL].value_counts(normalize=True))

Features: ['In_EndTimeStamp', 'Dt_ToNextMaint', 'DeltaT', 'CT_Median_In', 'CT_IQR_In',
'CT_P95_In', 'CT_Median Out', 'CT_IQR Out', 'CT_P95 Out', 'DowntimeWin', 'FailCountWin',
"MTTRWin', 'TimeSinceFailEnd', 'HasFailureHistory', 'TimeSinceMaintEnd', 'BufferLevel']
Train class balance:

policy class
%] 0.349178
1 0.343126
2 0.307697
Name: proportion, dtype: float64

Scale + tensors

from sklearn.preprocessing import StandardScaler
import torch

scaler = StandardScaler()

X_train = scaler.fit_transform(df_train[FEATURE_COLS].values.astype(np.float32))
X_val = scaler.transform(df_val[FEATURE_COLS].values.astype(np.float32))
X_test = scaler.transform(df_test[FEATURE_COLS].values.astype(np.float32))

y_train = df_train[TARGET_COL].values.astype(np.int64)
y_val = df_val[TARGET_COL].values.astype(np.int64)

y_test = df_test[TARGET_COL].values.astype(np.int64)
X_train_t = torch.tensor(X_train, dtype=torch.float32)

X_val_t = torch.tensor(X_val, dtype=torch.float32)
X_test_t torch.tensor(X_test, dtype=torch.float32)

y_train_t = torch.tensor(y_train, dtype=torch.long)




y_val_t
y_test_t

torch.tensor(y_val, dtype=torch.long)
torch.tensor(y_test, dtype=torch.long)

3-class Bayesian model

import pyro

import pyro.distributions as dist

from pyro.nn import PyroModule, PyroSample
import torch.nn as nn

pyro.clear_param_store()
pyro.set_rng_seed(42)
torch.manual_seed(42)

class BayesianPolicyClassifier(PyroModule):
def __init_ (self, in_dim, hidden_dim=32, num_classes=3):
super().__init_ ()
self.encoder = nn.Sequential(
nn.Linear(in_dim, hidden_dim),
nn.ReLU(),
nn.Linear(hidden_dim, hidden_dim),
nn.ReLU(),
)
self.out = PyroModule[nn.Linear](hidden_dim, num_classes)
self.out.weight = PyroSample(dist.Normal(®., 1.).expand([num_classes,
hidden_dim]).to_event(2))
self.out.bias = PyroSample(dist.Normal(e.,
1.).expand([num_classes]).to_event(1))

def forward(self, x, y=None):
z = self.encoder(x)
logits = self.out(z) # [N,3]
with pyro.plate("data", x.shape[@]):
pyro.sample("obs", dist.Categorical(logits=logits), obs=y)
return logits

Train with SVI

from pyro.infer import SVI, Trace_ELBO

from pyro.infer.autoguide import AutoDiagonalNormal
import pyro

import numpy as np

model
guide

BayesianPolicyClassifier(in_dim=X_train_t.shape[1], hidden_dim=32, num_classes=3)
AutoDiagonalNormal(model)

optimizer = pyro.optim.Adam({"1lr": 1le-3})
svi = SVI(model, guide, optimizer, loss=Trace_ ELBO())

def train_svi(num_steps=3000, print_every=200):
Trains the Pyro SVI model and returns a list of per-step ELBO losses.
Also prints a moving average over the last “print_every  steps.

loss_history = []




for step in range(1, num_steps + 1):

loss = svi.step(X_train_t, y train_t) # uses your existing training tensors

loss_history.append(float(loss))

if (step % print_every) == 0:
window =

loss_history[-print_every:]

# last print_every losses

print(f"step {step:5d} | loss {float(np.mean(window)):.2f}")

return loss_history

loss_history = train_svi(num_steps=3000, print_every=200)

step 200 | loss 112782.59
step 400 | loss 41977.63
step 600 | loss 32256.24
step 800 | loss 26300.84
step 1000 | loss 22435.85
step 1200 | loss 19581.21
step 1400 | loss 17542.74
step 1600 | loss 15565.30
step 1800 | loss 14122.37
step 2000 | loss 12478.33
step 2200 | loss 11249.76
step 2400 | loss 10266.74
step 2600 | loss 9288.33
step 2800 | loss 8529.55
step 3000 | loss 7699.46

Posterior predictive class probabilities +
evaluation

from pyro.infer import Predictive
from sklearn.metrics import confusion_matrix, classification_report, accuracy_score

@torch.no_grad()
def posterior_class_probs(model, guide, x_tensor, num_samples=300):
pred = Predictive(model, guide=guide, num_samples=num_samples, return_sites=("obs",))

def

probs_val

y_s = pred(x_tensor, y=None)["obs"].cpu().numpy()

N = y_s.shape[1]
K=23
probs = np.zeros((N, K), dtype=np.float32)
for k in range(K):

probs[:, k] = (y_s == k).mean(axis=0)
return probs

eval_multiclass(name, y true, probs):
y_pred = probs.argmax(axis=1)
print(f"\n=== {name} ===")

# [S,N]

print("Accuracy:", accuracy_score(y_true, y pred))
print("Confusion matrix:\n", confusion_matrix(y_true, y_pred))
print("\nReport:\n", classification_report(y_true, y_pred, digits=4))

return y_pred

posterior_class_probs(model, guide, X_val_t,

num_samples=300)

probs_test = posterior_class_probs(model, guide, X_test_t, num_samples=300)




_ = eval_multiclass("VAL", y_val, probs_val)
_ = eval_multiclass("TEST", y_test, probs_test)

=== VAL ===
Accuracy: 0.9901959166157757
Confusion matrix:

[[20772 223 27]

[ 221 20501 39]

[ 6 78 18720]]

Report:

precision recall fl-score

0 0.9892 0.9881 0.9886

1 0.9855 0.9875 0.9865

2 0.9965 0.9955 0.9960

accuracy 0.9902
macro avg 0.9904 0.9904 0.9904
weighted avg 0.9902 0.9902 0.9902

Accuracy: 0.9853941114338527
Confusion matrix:

[[20838 267 16]

[ 439 20359 48]

[ 6 109 18510]]

Report:

precision recall fl-score

0 0.9791 0.9866 0.9828

1 0.9819 0.9766 0.9792

2 0.9966 0.9938 0.9952

accuracy 0.9854
macro avg 0.9858 0.9857 0.9858
weighted avg 0.9854 0.9854 0.9854

support

21022
20761
18804

60587
60587
60587

support

21121
20846
18625

60592
60592
60592

score = probs_test[:,2] - probs_test[:,0]

df_out = df_test.copy()
df_out["score"] = score

df_out.groupby("ExpNr")["score"].mean().sort_values()




ExXpNr

Exp_C2_89 DC -0.991634
Exp_C2_94 DC -0.991110
Exp_C2_99 DC -0.990646
Exp_C2_84 DC -0.987958
Exp_C2_99_CC -0.973320
Exp_C2_94_CC -0.965537
Exp_C2_79_DC -0.962099
Exp_C2_89_CC -0.957199
Exp_C2_79_CC -0.917389
Exp_C2_84 CC -0.901935

Exp_B_79 DC  -0.181627
Exp_B_84 DC  -0.043203
Exp_B_79 CC  -0.028439
Exp_B_89 DC  -0.024218
Exp_B_94 DC  -0.019039
Exp_B_99 DC  -0.014335
Exp_B 84 CC  -0.008694
Exp_B_99 CC  -0.000094
Exp_B_89_CC 0.000522
Exp_B_94 CC 0.000525
Exp_C1 79 DC  ©.973527
Exp_C1_79 CC  ©.976088
Exp_C1 84 DC  ©.985820
Exp_C1 84 CC  ©.990230
Exp_C1 89 DC  ©.990503
Exp_C1 94 CC  ©.990927
Exp_C1 94 DC  ©.991419
Exp_C1 89 CC  ©.991977
Exp_C1 99 DC  ©.992700

Exp_C1_99 CC 0.992983
Name: score, dtype: float32

import matplotlib.pyplot as plt

plt.figure(figsize=(8,4))
plt.hist(score, bins=50)
plt.axvline(®, color="red")
plt.title("Score distribution")
plt.show()




Score distribution
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df_plot = df_test.copy()
df_plot["score"] = score
df_plot = df_plot.merge(df_exp[["ExperimentID","Interval Time"]], on="ExperimentID")

df_plot.groupby("Interval Time")["score"].mean().sort_index()

Interval Time

2400.0 0.988441
3600.0 0.986794
4800.0 -0.006976
7200.0 -0.514966

10800.0  -0.984737
Name: score, dtype: float32

utilities

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt

def _to_numpy(x):
"""Robust conversion: torch tensor / list / numpy / pandas -> numpy array.
try:
import torch
if isinstance(x, torch.Tensor):
return x.detach().cpu().numpy()
except Exception:
pass
if isinstance(x, (pd.Series, pd.DataFrame)):
return x.to_numpy()
return np.asarray(x)

def _ensure_1d_int(y):
y = _to_numpy(y).reshape(-1)
return y.astype(int)




def _ensure_2d_float(P):
P = _to_numpy(P)
if P.ndim == 1:
P = P.reshape(-1, 1)
return P.astype(float)

def predictive_entropy(P, eps=1e-12):
"""Row-wise entropy for probability matrix P (N x K)."""
P = np.clip(P, eps, 1.0)
return -np.sum(P * np.log(P), axis=1)

def one_hot(y, K):
y = _ensure_1d_int(y)
oh = np.zeros((y.size, K), dtype=float)
oh[np.arange(y.size), y] = 1.0
return oh

Training convergence

import matplotlib.pyplot as plt

fig, ax = plt.subplots(figsize=(10, 4))
ax.plot(loss_history)

ax.set_xlabel("SVI step")
ax.set_ylabel("Loss (ELBO objective)")
ax.set_title("SVI training convergence")
ax.grid(True, alpha=0.3)

plt.show()
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Posterior predictive probability distributions

# Choose split
P = globals().get("probs_val", None)
y = globals().get("y_val", None)

if P is None or y is None:




print("Missing probs_val/y val. Switch to probs_test/y_test or run Predictive to

create
else:
P

y
K
fi
fo

ax
ax

them.")

_ensure_2d_float(P)
_ensure_1d_int(y)
P.shape[1]

g, ax = plt.subplots(figsize=(10, 4))
r k in range(K):

ax.hist(P[:, k], bins=30, alpha=0.55, label=f"p(class={k})")
.set_xlabel("Posterior mean class probability")
.set_ylabel("Count")

ax.set_title("Posterior predictive probability distributions (VAL)")
ax.legend()
plt.show()
Posterior predictive probability distributions (VAL)
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Posterior mean class probability
P = globals().get("probs_val", None)
y = globals().get("y_val", None)
if P is None or y is None:
print("Missing probs_val/y val.")
else:
P = _ensure_2d_float(P)
= _ensure_1d_int(y)
y_pred = np.argmax(P, axis=1)

p_
co

fi
ax

ax.

ax

ax.

ax

ax.

max = np.max(P, axis=1)
rrect = (y_pred ==y)

g, ax = plt.subplots(figsize=(10, 4))

.hist(p_max[correct], bins=30, alpha=0.6, label="Correct")
hist(p_max[~correct], bins=30, alpha=0.6, label="Incorrect")
.set_xlabel("Max posterior mean probability max_k p(class=k)")
set_ylabel("Count")

.set_title("Confidence separation (VAL): correct vs incorrect")
legend()

plt.show()




Confidence separation (VAL): correct vs incorrect

Correct
50000 Incorrect
40000 -
30000 A
20000 -
10000 A
0 T T T T T T T
0.4 0.5 0.6 0.7 0.8 0.9 1.0

Max posterior mean probability max_k p(class=k)

Confusion matrix heatmaps

from sklearn.metrics import confusion_matrix

def plot_cm(y_true, y_pred, title):

cm = confusion_matrix(y_true, y_pred)
fig, ax = plt.subplots(figsize=(5.6, 4.8))
im = ax.imshow(cm, interpolation="nearest")
ax.set_title(title)
ax.set_xlabel("Predicted")
ax.set_ylabel("True")
ax.set_xticks(range(cm.shape[1]))
ax.set_yticks(range(cm.shape[0]))
for i in range(cm.shape[0]):

for j in range(cm.shape[1]):

ax.text(j, i, str(cm[i, j]), ha="center", va="center")

plt.show()
return cm

# VAL

if "probs_val" in globals() and

y_val" in globals():

P_val = _ensure_2d_float(probs_val)

y_val np = _ensure_1d_int(y_val)

y_pred_val = np.argmax(P_val, axis=1)

cm_val = plot_cm(y_val np, y_pred_val, "Confusion matrix (VAL)")

# TEST
if "probs_test" in globals() and "y_test" in globals():

P_test = _ensure_2d_float(probs_test)

y_test np = _ensure_1d_int(y_test)

y_pred_test = np.argmax(P_test, axis=1)

cm_test = plot_cm(y_test_np, y_pred_test, "Confusion matrix (TEST)")
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“Score distribution”




IMPORTANT: define score exactly as in your notebook cell.

Examples (do NOT use unless it matches your code):

score = probs_test[:, 2] - probs_test[:, 9]

score = np.log(probs_test[:, 2] + le-12) - np.log(probs_test[:, 0] + 1le-12)

H ¥ H H

# --- Replace this line with your notebook's definition ---
score = probs_test[:,2] - probs_test[:,0]

if score is None:

print("Set “score = ... exactly as in your HTML cell (copy the expression).")

else:
score = _to_numpy(score).reshape(-1)
fig, ax = plt.subplots(figsize=(10, 4))
ax.hist(score, bins=40, alpha=0.85)
ax.axvline(0.0, linewidth=2) # matches your red vertical line concept
ax.set_xlabel("Score")
ax.set_ylabel("Count")
ax.set_title("Score distribution™)
plt.show()
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# --- Multiclass calibration (Policy-BNN): class-wise reliability diagrams ---
# Paste this AFTER you have “probs_test™ (N x 3) and "y_test™ (N,)
# Works also for probs_val / y val.

import numpy as np
import matplotlib.pyplot as plt

def reliability_curve_binary(p, y, n_bins=10):

Compute reliability curve for binary event with predicted prob p and true labels y in

{0,1}.
Returns: bin_centers, conf, freq, bin_counts

p = np.asarray(p, dtype=float).reshape(-1)
y = np.asarray(y, dtype=int).reshape(-1)
assert p.shape[@] == y.shape[@], "p and y must have same length"

# Bin edges (uniform in [0,1])
edges = np.linspace(0.0, 1.0, n_bins + 1)
bin_ids = np.digitize(p, edges, right=True) - 1




bin_ids = np.clip(bin_ids, @, n_bins - 1)

conf = np.zeros(n_bins, dtype=float)
freq = np.zeros(n_bins, dtype=float)
counts = np.zeros(n_bins, dtype=int)

for b in range(n_bins):
mask = (bin_ids == b)
counts[b] = int(mask.sum())
if counts[b] > @:
conf[b] = float(p[mask].mean())
freq[b] float(y[mask].mean())
else:
conf[b] np.nan
freq[b] = np.nan

bin_centers = 0.5 * (edges[:-1] + edges[1:])
return bin_centers, conf, freq, counts

def ece_binary(p, y, n_bins=10):
Expected Calibration Error for binary probabilities.
ECE = sum_k (|Bk|/n) * |freq(Bk) - conf(Bk)|
p = np.asarray(p, dtype=float).reshape(-1)
y = np.asarray(y, dtype=int).reshape(-1)
n = y.size

edges = np.linspace(0.0, 1.9, n_bins + 1)

bin_ids = np.digitize(p, edges, right=True) - 1
bin_ids = np.clip(bin_ids, @, n_bins - 1)
ece = 0.0

for b in range(n_bins):

mask = (bin_ids == b)

nb = int(mask.sum())

if nb == 0:

continue

conf = float(p[mask].mean())

freq = float(y[mask].mean())

ece += (nb / n) * abs(freq - conf)
return float(ece)

def plot_multiclass_reliability(P, y, class_names=None, n_bins=10, title="Policy-BNN
calibration (class-wise)"):

P: (N,K) posterior mean class probabilities

y: (N,) true class labels in {@..K-1}

P = np.asarray(P, dtype=float)

y = np.asarray(y, dtype=int).reshape(-1)

assert P.ndim == 2, "P must be (N,K)"

N, K = P.shape

assert y.size == N, "y must have length N"

if class_names is None:
class_names = [f"class {k}" for k in range(K)]
assert len(class_names) ==

fig, ax = plt.subplots(figsize=(6.2, 6.2))




ax.plot([@, 1], [0, 1], linestyle="--", linewidth=2, label="Ideal")

eces = []
for k in range(K):
p_k = P[:, k]
y_k = (y == k).astype(int) # one-vs-rest labels
centers, conf, freq, counts = reliability curve_binary(p_k, y_k, n_bins=n_bins)
ece_k = ece_binary(p_k, y_k, n_bins=n_bins)
eces.append(ece_k)

# Only plot bins that have samples

mask = ~np.isnan(conf) & ~np.isnan(freq)

ax.plot(conf[mask], freq[mask], marker="o0", linewidth=2,
label=f"{class_names[k]} (ECE={ece_k:.3f})")

ax.set_xlabel("Mean predicted probability")
ax.set_ylabel("Observed frequency")
ax.set_title(title)

ax.set_xlim(e, 1)

ax.set_ylim(e, 1)

ax.grid(True, alpha=0.3)

ax.legend()

plt.show()

return eces

# ---- choose split here ----
P = probs_test # or probs_val
y =y test # or y val

class_names = ["C2 (under-maintained)", "B (balanced)", "C1 (over-maintained)"]

eces = plot_multiclass_reliability(

P, V¥,
class_names=class_names,
n_bins=10,

title="Policy-BNN calibration (test set): class-wise reliability diagrams"”

)

print("Class-wise ECE:", dict(zip(class_names, eces)))

# Optional: save for thesis inclusion
# plt.savefig("policy_bnn_calibration_test.pdf", bbox_inches="tight", dpi=300)




Policy-BNN calibration (test set): class-wise reliability diagrams
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Class-wise ECE: {'C2 (under-maintained)': ©0.00830621137557951, 'B (balanced)':

0.008838515015633657,

'Cl (over-maintained)': 0.0018096997318363258}
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Phase-BNN (MC Dropout) — Bayesian Phase
Mapping

This notebook trains a Phase-BNN to classify the maintenance phase B / C1 / C2 and then projects
D tokens (xs, vs, s, m, vm, xm) into that phase space using posterior predictive sampling (MC
Dropout).

Outputs produced:

¢ Confusion matrix table (TEST)

e KPI table (TEST)

® Bayesian uncertainty summary (Ml statistics)

* D-token — phase mapping table (P(B), P(C1), P(C2), MI)
* Plot: phase probabilities by token

* Plot: epistemic uncertainty (M) by token

# Cell 1: Configuration
from pathlib import Path

# --- Set your DB path here ---
DB_PATH = Path(r"normalized_Exp_DB_892.db")

# --- Training hyperparameters ---
RANDOM_SEED = 42

EPOCHS = 12

BATCH_SIZE = 512

LR = 1le-3

WEIGHT_DECAY = le-4

DROPOUT_P = 0.25

HIDDEN = 128

# --- Bayesian MC sampling ---
MC_SAMPLES = 80




# Cell 2: Load data from SQLite and join ExpNr
import sqlite3
import pandas as pd

assert DB_PATH.exists(), f"DB not found: {DB_PATH}"

con = sqlite3.connect(str(DB_PATH))
sql = (

"SELECT bf.*, r.ExperimentID, e.ExpNr "

"FROM BNN_Features bf "

"JOIN Run r ON r.RunID = bf.Run "

"JOIN Experiment e ON e.ExperimentID = r.ExperimentID"
)

df = pd.read_sql_query(sql, con)

print("Loaded rows/cols:", df.shape)
df[["Run","ExperimentID","ExpNr"]].head(10)

Loaded rows/cols: (530709, 20)

Run ExperimentiD ExpNr
0 1 1 Exp_A_79_DC
1 1 1 Exp_A_79_DC
2 1 1 Exp_A_79_DC
3 1 1 Exp_A_79_DC
4 1 1 Exp_A_79_DC
5 1 1 Exp_A_79_DC
6 1 1 Exp_A_79_DC
7 1 1 Exp_A_79_DC
8 1 1 Exp_A_79_DC
9 1 1 Exp_A_79_DC

# Cell 3: Parse ExpNr into family/level/policy/token
import re
import pandas as pd

def parse_exp(expnr: str) -> pd.Series:
expnr = str(expnr)

# Numeric-level experiments: Exp_A 79 DC, Exp_Cl_84_CC, Exp_C2_99 _DC,
m_num = re.match(r"~Exp_([A-Z]\d?)_(\d+)_(CC|DC)$", expnr)
if m_num:
return pd.Series({

"family": m_num.group(1),

"level _num": int(m_num.group(2)),

"level_tok": None,

"policy": m_num.group(3),

}

# Token-level experiments (D): Exp_D_m_DC, Exp_D_xs_CC,




m_tok = re.match(r"~Exp_(D)_(xs|vs|s|m|vm|xm)_(CC|DC)$", expnr)
if m_tok:
return pd.Series({
"family": m_tok.group(1),
"level num": None,
"level_tok": m_tok.group(2),
"policy": m_tok.group(3),
9]

return pd.Series({"family": None, "level num": None, "level tok": None, "policy":
None})

parsed = df["ExpNr"].apply(parse_exp)
df = pd.concat([df, parsed], axis=1)

unparsed = float(df["family"].isna().mean())
print("Unparsed share:", unparsed)
df["family"].value_counts(dropna=False)

Unparsed share: 0.0

family

D 125432
c2 105840
B 104200
A 101678
c1 93559

Name: count, dtype: int64

# Cell 4: Create phase label y phase for B / C1 / C2 (D is excluded from training)
import numpy as np

phase_map = {"B": @, "C1": 1, "C2": 2}
df["y _phase"] = df["family"].map(phase_map)

print("Phase label coverage (non-null share):", float(df["y_phase"].notna().mean()))
df[["ExpNr","family","level num","level tok","policy","y_phase"]].head(10)

Phase label coverage (non-null share): 0.5720630326600831

ExpNr family level_num level_tok policy y phase

0 Exp_A_79.DC A 79.0 NaN DC NaN
1 Exp_A_79.DC A 79.0 NaN DC NaN
2 Exp_A_79.DC A 79.0 NaN DC NaN
3 Exp_A_79_DC A 79.0 NaN DC NaN
4 Exp_A_79_DC A 79.0 NaN DC NaN
5 Exp_A_79_.DC A 79.0 NaN DC NaN
6 Exp_A_79_DC A 79.0 NaN DC NaN
7 Exp_A_79_DC A 79.0 NaN DC NaN
8 Exp_A_79_DC A 79.0 NaN DC NaN
9 Exp_A_79.DC A 79.0 NaN DC NaN




# Cell 5: Select feature columns (exclude leakage and identifiers)
import pandas as pd

LEAK = {"y", "Dt_ToNextMaint"} # likely targets / future-looking
EXCLUDE = {"Run", "ExperimentID", "ExpNr", "family", "level num", "level tok", "policy",
"y phase"} | LEAK

feature_cols = [c for c in df.columns if c¢ not in EXCLUDE and
pd.api.types.is_numeric_dtype(df[c])]

print("n_features:", len(feature_cols))
feature_cols

n_features: 15

['In_EndTimeStamp',
'DeltaT’,
'CT_Median_In',
"CT_IQR_In',
'CT_P95_1In',
'CT_Median_Out"',
"CT_IQR Out',
'CT_P95 Out"',
'DowntimeWin',
'FailCountWin',
"MTTRWin',
'TimeSinceFailEnd’,
'HasFailureHistory',
'TimeSinceMaintEnd"',
'BufferLevel']

# Cell: Clean non-finite rows BEFORE split
import numpy as np

df = df.copy()
df[feature_cols] = df[feature_cols].replace([np.inf, -np.inf], np.nan)

bad = df[feature_cols].isna().any(axis=1)
print("Rows with NaN in features:", int(bad.sum()), "out of", len(df))

df = df.loc[~bad].copy()
print("After cleaning:", df.shape)

Rows with NaN in features: 2078 out of 530709
After cleaning: (528631, 25)

# Cell: Clean D rows (non-finite features)
import numpy as np

# Work on the already cleaned df (after global cleaning)
D = df[df["family"] == "D"].copy()

mask_D = np.isfinite(D[feature_cols].values).all(axis=1)
print("Dropping D rows:", int((~mask_D).sum()), "out of", len(D))

D = D.loc[mask_D].copy()
# rebuild X_D and tokens

X_D = D[feature_cols].astype(float).values
tok_D = D["level tok"].astype(str).values




print("Remaining D rows:", len(D))

Dropping D rows: @ out of 125006
Remaining D rows: 125006

# Cell 6: Build Train/Val/Test split by Run (prevents window leakage across splits)
import numpy as np
from sklearn.model_selection import train_test_split

phase_df = df[df["y_phase"].notna()].copy()
runs = phase_df["Run"].unique()

r_tr, r_tmp = train_test_split(runs, test_size=0.30, random_state=RANDOM_SEED)
r_va, r_te train_test_split(r_tmp, test_size=0.50, random_state=RANDOM_SEED)

train = phase_df[phase_df["Run"].isin(r_tr)].copy()
val = phase_df[phase_df["Run"].isin(r_va)].copy()
test = phase_df[phase_df["Run"].isin(r_te)].copy()

print("rows Train/Val/Test:", train.shape, val.shape, test.shape)
print("Train class counts:", train["family"].value_counts().to_dict())

rows Train/Val/Test: (211540, 25) (44797, 25) (45984, 25)
Train class counts: {'C2': 77582, 'Cl': 69366, 'B': 64592}

# Cell 7: Standardize features using Train only
from sklearn.preprocessing import StandardScaler
import numpy as np

X_tr
y_tr

train[feature_cols].astype(float).values
train["y_phase"].astype(int).values

X_va = val[feature_cols].astype(float).values

y_va = val["y_phase"].astype(int).values
X_te = test[feature_cols].astype(float).values
y_te = test["y_phase"].astype(int).values

scaler = StandardScaler()

X_tr_s = scaler.fit_transform(X_tr)
X_va_s = scaler.transform(X_va)
X_te_s = scaler.transform(X_te)

print("Shapes:", X_tr_s.shape, X_va_s.shape, X _te_s.shape)

| shapes: (211540, 15) (44797, 15) (45984, 15)

# Cell 8: Define MC Dropout Phase-BNN (PyTorch)

import torch

import torch.nn as nn

import torch.nn.functional as F

device = "cuda" if torch.cuda.is_available() else "cpu"
torch.manual_seed (RANDOM_SEED)

class MCDropoutMLP(nn.Module):
def __init__ (self, d_in, d_out=3, p_drop=0.25, h=128):
super().__init_ ()
self.fcl = nn.Linear(d_in, h)




self.fc2 = nn.Linear(h, h)
self.out = nn.Linear(h, d_out)
self.drop = nn.Dropout(p_drop)

def forward(self, x):
x = F.relu(self.fcl(x)); x
x = F.relu(self.fc2(x)); x
return self.out(x)

self.drop(x)
self.drop(x)

model = MCDropoutMLP(d_in=X_tr_s.shape[1], d_out=3, p_drop=DROPOUT_P,
h=HIDDEN) .to(device)
model

MCDropoutMLP(
(fcl): Linear(in_features=15, out_features=128, bias=True)
(fc2): Linear(in_features=128, out_features=128, bias=True)
(out): Linear(in_features=128, out_features=3, bias=True)
(drop): Dropout(p=0.25, inplace=False)

)

# Cell: Guard — ensure no NaN/inf in matrices
import numpy as np

def assert_finite(X, name):
X = np.asarray(X)
n_bad = int((~np.isfinite(X)).sum())
assert n_bad == 0, f"{name} contains {n_bad} non-finite values."

assert_finite(X_tr, "X_tr")
assert_finite(X_va, "X va")
assert_finite(X_te, "X_te")
if "X_D" in globals():
assert_finite(X_D, "X_D")

print("All matrices are finite.")

|rA11 matrices are finite.

# Cell 9: Train Phase-BNN with validation accuracy each epoch
from torch.utils.data import TensorDataset, Dataloader
from sklearn.metrics import accuracy_score

Xtr_t
ytr_t

torch.tensor(X_tr_s, dtype=torch.float32)
torch.tensor(y_tr, dtype=torch.long)

dl = DatalLoader(TensorDataset(Xtr_t, ytr_t), batch_size=BATCH_SIZE, shuffle=True)

opt = torch.optim.Adam(model.parameters(), lr=LR, weight_decay=WEIGHT_DECAY)
loss_fn = nn.CrossEntropyLoss()

Xva_t = torch.tensor(X_va_s, dtype=torch.float32).to(device)

for epoch in range(EPOCHS):

model.train()

total_loss = 0.0

for xb, yb in dl:
xb, yb = xb.to(device), yb.to(device)
opt.zero_grad()
loss = loss_fn(model(xb), yb)
loss.backward()




opt.step()
total_loss += float(loss) * len(xb)

model.eval()
with torch.no_grad():
pva = torch.softmax(model(Xva_t), dim=1).cpu().numpy()
acc_va = accuracy_score(y_va, pva.argmax(axis=1))
print(f"epoch {epoch+1:02d} loss={total_loss/len(Xtr_t):.4f} val_acc={acc_va:.4f}")

C:\Users\marcp\AppData\Local\Temp\ipykernel 4220\795478443.py:24: UserWarning: Converting
a tensor with requires_grad=True to a scalar may lead to unexpected behavior.
Consider using tensor.detach() first. (Triggered internally at C:\actions-
runner\_work\pytorch\pytorch\pytorch\torch\csrc\autograd\generated\python_variable_method
s.cpp:837.)
total_loss += float(loss) * len(xb)
epoch 01 10ss=0.6473 val_acc=0.5528
epoch 02 10ss=0.5662 val_acc=0.5387
epoch ©3 10ss=0.5480 val_acc=0.5769
epoch 94 10ss=0.5381 val_acc=0.5514
epoch ©5 10ss=0.5306 val_acc=0.5601
epoch 06 10ss=0.5254 val _acc=0.5862
epoch 07 loss=0.5202 val_acc=0.6619
epoch 08 1loss=0.5162 val_acc=0.6056
epoch 09 10ss=0.5132 val_acc=0.6087
epoch 10 10ss=0.5101 val_acc=0.5955
epoch 11 10ss=0.5086 val_acc=0.6178
epoch 12 10ss=0.5060 val_acc=0.5973

# Cell 10: TEST evaluation — Confusion matrix table
import numpy as np

import pandas as pd

from sklearn.metrics import confusion_matrix

model.eval()
Xte_t = torch.tensor(X_te_s, dtype=torch.float32).to(device)

with torch.no_grad():
pte = torch.softmax(model(Xte_t), dim=1).cpu().numpy()

yhat = pte.argmax(axis=1)
cm = confusion_matrix(y_te, yhat)

cm_df = pd.DataFrame(cm, index=["true_B","true_C1","true_C2"], columns=
["pred_B","pred_C1","pred_C2"])
cm_df

pred_B pred_C1 pred_C2
true B 6474 1258 4660
true C1 479 17782 432

true_C2 5190 696 9013

# Cell 11: TEST KPI table (accuracy, balanced accuracy, macro F1)
import pandas as pd
from sklearn.metrics import accuracy_score, balanced_accuracy_score, fl_score

acc = accuracy_score(y_te, yhat)




bacc = balanced_accuracy_score(y_te, yhat)
fim = f1_score(y_te, yhat, average="macro"

kpi = pd.DataFrame([{
"n_test": int(len(y_te)),
"accuracy": float(acc),
"balanced_accuracy": float(bacc),
"macro_f1": float(fim),

D

kpi

n_test accuracy balanced_accuracy macro_f1

0 45984 0.723491 0.69288 0.691561

# Cell 12: Bayesian posterior predictive sampling utilities (MC Dropout)
import numpy as np
import torch

@torch.no_grad()
def mc_predict_proba(model, X _tensor, T=80):
# Keep dropout ON
model.train()
probs = []
for _ in range(T):
logits = model(X_tensor)
probs.append(torch.softmax(logits, dim=1).cpu().numpy())
return np.stack(probs, axis=0) # (T,N,K)

def predictive_uncertainty(probs T):

eps = le-12

p_mean = probs_T.mean(axis=0) # (N,K)

H_pred = -np.sum(p_mean * np.log(p_mean + eps), axis=1) # total

H_ exp = (-np.sum(probs_T * np.log(probs_T + eps), axis=2)).mean(axis=0) #
expected

MI = H_pred - H_exp #
epistemic

return p_mean, H_pred, MI

# Cell 13: Bayesian uncertainty summary on TEST (MI)
import pandas as pd
import numpy as np

probs_T_te = mc_predict_proba(model, Xte t, T=MC_SAMPLES)
p_mean_te, H_pred_te, MI_te = predictive_uncertainty(probs_T_te)

summary = pd.DataFrame([{
"MI_mean": float(MI_te.mean()),
"MI_p50": float(np.quantile(MI_te, 0.50)),
"MI_p90": float(np.quantile(MI_te, 0.90)),
"MI_p99": float(np.quantile(MI_te, 0.99)),
"H_pred_mean": float(H_pred_te.mean())

D

summary




Mi_mean MI_p50 MI_p90 MiI_p99 H_pred_mean

0 0.013361 0.007194 0.033837 0.073906 0.516252

# Cell 14: Project D samples into phase space (posterior predictive + MI)
import pandas as pd

import numpy as np

import torch

D = df[df["family"] == "D"].copy()
assert len(D) > @, "No family D rows found. Check parsing or DB content.”

X_D = scaler.transform(D[feature_cols].astype(float).values)
tok_D = D["level tok"].astype(str).values

XD_t = torch.tensor(X_D, dtype=torch.float32).to(device)

probs_T_D = mc_predict_proba(model, XD_t, T=MC_SAMPLES)
p_mean_D, H_pred_D, MI_D = predictive_uncertainty(probs_T D)

print("D rows:", len(D), "tokens:", sorted(pd.unique(tok_D)))

|rD rows: 125006 tokens: ['m', 's', ‘'vm', 'vs', 'xm', 'xs']

# Cell 15: D-token - phase mapping table
import pandas as pd
import numpy as np

id_to_phase = {o:"B", 1:"C1", 2:"C2"}

rows = []
for tok in sorted(pd.unique(tok_D)):
idx = np.where(tok_D == tok)[0]
p_tok = p_mean_D[idx].mean(axis=0)
mi_tok = MI_D[idx].mean()
ent_tok = float(-np.sum(p_tok * np.log(p_tok + 1le-12)))
top = int(np.argmax(p_tok))
rows.append({
"D_token": tok,
"n": int(len(idx)),
"P(B)": float(p_tok[@]),
"P(C1)": float(p_tok[1]),
"P(C2)": float(p_tok[2]),
"mapped_phase": id_to_phase[top],
"entropy_total": ent_tok,
"epistemic_MI": float(mi_tok),
)

map_table = pd.DataFrame(rows).sort_values("D_token")
map_table




D _token n P(B) P(C1) P(C2) mapped_phase entropy total epistemic_MI

0 m 20979 0487866 0.076390 0.435743 B 0.908589 0.016264
1 s 20742 0.484613 0.073185 0.442200 B 0.903249 0.012588
2 vm 21013 0.496535 0.077828 0.425636 B 0.909905 0.016850
3 vs 20671 0.486706 0.076811 0.436480 B 0.909451 0.012449
4 xm 21115 0.494236 0.078565 0.427199 B 0.911500 0.017676
5 xs 20486 0.488964 0.082567 0.428465 B 0.918916 0.011778
# Cell 16: Plot — phase probabilities per D token

import matplotlib.pyplot as plt

toks = map_table["D_token"].tolist()
plt.figure(figsize=(7.5, 3.6))
plt.plot(toks, map_table["P(B)"].values, marker="o0", label="P(B)")
plt.plot(toks, map_table["P(C1l)"].values, marker="o", label="P(C1)")
plt.plot(toks, map_table["P(C2)"].values, marker="o", label="P(C2)")
plt.title("Posterior predictive phase mapping: D token » {B, C1, C2}")
plt.xlabel("D token")
plt.ylabel("Mean predicted probability")
plt.legend()
plt.tight_layout()
plt.show()
Posterior predictive phase mapping: D token - {B, C1, C2}
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# Cell 17: Plot — epistemic uncertainty (MI) per D token
import matplotlib.pyplot as plt

plt.
plt.
plt.

plt

plt.
plt.

plt

figure(figsize=(7.0, 3.2))

plot(map_table["D_token"], map_table["epistemic_MI"], marker="o")
title("Epistemic uncertainty (MI) by D token")

.xlabel("D token")

ylabel("Mean MI")

tight_layout()

.show()
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# Cell 18: Save outputs (optional)
from pathlib import Path

out_dir = Path(".")

map_table.to_csv(out_dir / "PhaseBNN_D_token_mapping.csv", index=False)
kpi.to_csv(out_dir / "PhaseBNN_test_kpi.csv", index=False)
cm_df.to_csv(out_dir / "PhaseBNN_test_confusion_matrix.csv")
summary.to_csv(out_dir / "PhaseBNN_test_uncertainty_summary.csv", index=False)

print("Saved CSVs to:", out_dir.resolve())

" Saved CSVs to: C:\Learning\University\Thesis\BNN\Project

map_table["B_minus_C2"] = map_table["P(B)"] - map_table["P(C2)"]
map_table[["D_token", "B_minus_C2"]]

D token B_minus_C2

0 m 0.052123

1 s 0.042413

2 vm 0.070900

3 Vs 0.050226

4 Xm 0.067036

5 XS 0.060499

# --- Phase-BNN calibration (multiclass): class-wise reliability diagrams + class-wise
ECE ---

# Requires:

# p_mean_te : (N,3) posterior mean probabilities on TEST (from MC Dropout)
# y_te : (N,) true labels in {0,1,2}

import numpy as np
import matplotlib.pyplot as plt

def reliability_curve_binary(p, y, n_bins=10):




Reliability curve for a binary event:
p: predicted prob in [0,1]
y: true labels in {0,1}
Returns: conf, freq, counts (each length n_bins) + bin_centers

p = np.asarray(p, dtype=float).reshape(-1)
y = np.asarray(y, dtype=int).reshape(-1)
assert p.shape[@] == y.shape[@], "p and y must have same length"

edges = np.linspace(0.0, 1.0, n_bins + 1)
bin_ids = np.digitize(p, edges, right=True) - 1
bin_ids = np.clip(bin_ids, @, n_bins - 1)

conf = np.full(n_bins, np.nan, dtype=float)
freq = np.full(n_bins, np.nan, dtype=float)
counts = np.zeros(n_bins, dtype=int)

for b in range(n_bins):
mask = (bin_ids == b)
counts[b] = int(mask.sum())
if counts[b] > @:
conf[b] = float(p[mask].mean())
freq[b] float(y[mask].mean())

bin_centers = 0.5 * (edges[:-1] + edges[1:])
return bin_centers, conf, freq, counts

def ece_binary(p, y, n_bins=10):
Expected Calibration Error for binary event:
ECE = sum_k (|Bk|/n) * |freq(Bk) - conf(Bk)|

p = np.asarray(p, dtype=float).reshape(-1)
y = np.asarray(y, dtype=int).reshape(-1)
n = y.size

edges = np.linspace(0.0, 1.9, n_bins + 1)

bin_ids = np.digitize(p, edges, right=True) - 1
bin_ids = np.clip(bin_ids, @, n_bins - 1)
ece = 0.0

for b in range(n_bins):

mask = (bin_ids == b)

nb = int(mask.sum())

if nb == 0:

continue

conf = float(p[mask].mean())

freq = float(y[mask].mean())

ece += (nb / n) * abs(freq - conf)
return float(ece)

def plot_multiclass_calibration(P, y, class_names=None, n_bins=10,
title="Phase-BNN calibration (test set)"):
Multiclass calibration via one-vs-rest reliability diagrams.
P: (N,K) predicted class probabilities
y: (N,) true class labels in {@..K-1}

p
y

np.asarray(P, dtype=float)
np.asarray(y, dtype=int).reshape(-1)




assert P.ndim == 2, "P must be (N,K)"
N, K = P.shape
assert y.size == N, "y must have length N"

if class_names is None:
class_names = [f"class {k}" for k in range(K)]
assert len(class_names) == K

fig, ax = plt.subplots(figsize=(6.2, 6.2))
ax.plot([@, 1], [0, 1], linestyle="--", linewidth=2, label="Ideal (y=x)")

eces = {}
for k in range(K):
p_k = P[:, k]
y_ k = (y == k).astype(int)

_, conf, freq, counts = reliability_curve_binary(p_k, y_k, n_bins=n_bins)
ece_k = ece_binary(p_k, y_k, n_bins=n_bins)
eces[class_names[k]] = ece_k

mask = np.isfinite(conf) & np.isfinite(freq)

ax.plot(conf[mask], freq[mask], marker="o", linewidth=2,
label=f"{class_names[k]} (ECE={ece_k:.3f})")

ax.set_xlabel("Mean predicted probability")
ax.set_ylabel("Observed frequency")
ax.set_title(title)

ax.set_xlim(e, 1)

ax.set_ylim(e, 1)

ax.grid(True, alpha=0.3)

ax.legend()

plt.tight_layout()

plt.show()

return eces

# ---- Use TEST split ----
P = p_mean_te # (N,3) from your MC dropout posterior mean
y = y_te # (N,) true labels

class_names = ["B (balanced)", "C1 (over-maintained)", "C2 (under-maintained)"]

eces = plot_multiclass_calibration(

PJ yJ
class_names=class_names,
n_bins=10,

title="Phase-BNN calibration (test set): class-wise reliability diagrams"

)
print(“"Class-wise ECE:", eces)

# Optional: save as publication/thesis figure
# plt.savefig("phase_bnn_calibration_test.pdf", bbox_inches="tight", dpi=300)
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Class-wise ECE: {'B (balanced)': 0.0594821017684261, 'Cl (over-maintained)':
0.032655757347060124, 'C2 (under-maintained)': ©.05667526554276621}




