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fuzzy form)

xv



aij Pairwise preference ratio of criterion i over j (crisp baseline; see
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Abstract

Background. Manufacturing generates abundant production data, yet operational
efficiency, environmental sustainability, and operator well-being are typically anal-
ysed in isolation. Static LCA inventories and aggregate KPIs cannot close this
gap.
Objective. This work develops an integrated, data-driven framework that couples
object-centric process mining, dynamic LCA, multi-objective optimisation, and
a hybrid decision layer (Fuzzy AHP and Shannon-Entropy weighting with GRA–
TOPSIS ranking) to resolve the efficiency,sustainability and ergonomics trade-off.
Methods. The framework is organised in four stages: (i) automated conversion of
raw sensor records into event logs; (ii) process discovery that exposes bottlenecks
and rework loops; (iii) dynamic impact attribution that separates productive
from idle emissions using a time-resolved Hungarian-grid emission factor EF (t),
set to 0.275 kg CO2/kWh during the evening peak window [16:00, 20:00) and
0.200 kg CO2/kWh off-peak, together with a composite ergonomic risk index; and
(iv) multi-objective optimisation followed by a hybrid weighting and ranking layer
that selects the preferred operating point from the Pareto front.
Results. Applied to a tube manufacturing case, the framework identified bottleneck
stations responsible for nearly half of daily emissions, with about one fifth originating
from idle states, signatures undetectable by static LCA. The selected operating
point delivered a +5.64 percentage-point efficiency gain (87.2% → 92.84%) and
a −17.01% CO2 reduction (863.2 → 716.3 kg CO2/day), while ergonomic risk
remained within the nominal band. Sensitivity analysis confirmed the stability of
the top-ranked solutions.
Conclusions. The framework provides a replicable Industry 5.0 methodology for
jointly optimising operational, environmental, and social criteria on live event-level
data, with extensions toward multi-product scheduling and closed-loop ergonomic
feedback. For the TL209 line, the rank-1 configuration P5 is recommended as
the preferred operating point and should be staged into production through the
closed-loop MES write-back of the FAHP–Entropy/GRA–TOPSIS selection.
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Chapter 1: Introduction

1.1 Research Background

The emergence of Industry 4.0 has enabled the collection of high-resolution produc-

tion data through cyber-physical systems and Industrial Internet of Things (IIoT)

technologies. Traditional optimization approaches, such as Lean Manufacturing and

Six Sigma, focus primarily on operational efficiency, often treating environmental

performance as a secondary concern[1, 2]. In contrast, Life Cycle Assessment (LCA)

quantifies environmental burdens using industry-average static inventories that do

not reflect the real-time variability of individual shop-floor decisions: a spatiotem-

poral dynamic LCA study found temporal variation of 23–38% and spatial variation

of up to 76% in global warming potential for identical production designs evaluated

under different conditions [3–5]. Process Mining and IIoT technologies offer a

path for data-driven optimisation [6], yet existing applications remain confined to

operational conformance without coupling insights with environmental performance:

empirical evidence shows that process delays increase emissions by 16.7% and

rework raises waste generation by 41.7% relative to the standard process flow [7, 8],

costs that a conformance-only analysis would never surface. Currently, there is

no integrated data-driven framework that simultaneously optimizes manufacturing

processes and dynamically quantifies the environmental impacts of the life cycle,

leaving practitioners unable to balance the environmental cost of efficiency gains

against the operational cost of environmental improvements [9].

Industry 4.0 has transformed operations by integrating CPS and IIoT into data-

rich paradigms where high-speed operational data enable evidence-based optimiza-

tion [10, 11]. However, standard indicators such as overall equipment effectiveness

(OEE) lack the event-level resolution needed to identify causes. Environmental

impacts such as energy consumption vary continuously with machine state and

processing speed, creating a coupling where higher throughput often increases energy

intensity [12, 13]. Without a framework to model these joint dynamics, interventions

risk producing trade-offs that undermine long-term sustainability goals [9].

1



Running parallel to this technological consolidation, the European Commission

has articulated Industry 5.0 as the successor paradigm that re-orients the Indus-

try 4.0 automation agenda around three complementary pillars: human-centricity,

sustainability, and resilience [14–16]. Where Industry 4.0 is defined by mass au-

tomation, IoT, and big data, Industry 5.0 restores the shop-floor operator to the

analytical frame by pairing advanced machines and collaborative robots (cobots)

with the people who operate them [17, 18]. This shift has a direct methodological

consequence for sustainability assessment in manufacturing: the environmental

pillar that conventionally dominates green-manufacturing literature (energy, carbon,

waste) must be extended with a social pillar that captures operator well-being,

ergonomic load, and fatigue risk through wearable and vision-based sensing [19].

The framework developed in this dissertation therefore treats operational efficiency,

environmental burden, and operator ergonomic risk as three jointly optimisable

pillars, aligning the TL209 case study with the Industry 5.0 human-centric agenda

rather than the purely technology-driven Industry 4.0 reading.

To address these challenges, this research couples Object-Centric Process Mining

(OCPM) on the OCEL 2.0 standard with a dynamic Life Cycle Assessment (dLCA)

module that attributes impacts to event-level shop-floor observations under a time-

resolved Hungarian-grid emission factor, and complements them with an Ergonomic

Risk Index (ERI) that brings the operator into the analytical frame in line with the

Industry 5.0 social pillar [6, 19–22]. The resulting three-pillar trade-off, operational

efficiency, carbon burden, and ergonomic load, is resolved by a constrained NSGA-II

solver that returns a non-dominated front, on top of which a hybrid decision layer

combining Fuzzy AHP and Shannon-Entropy weighting with GRA–TOPSIS ranking

selects the preferred operating point across eight efficiency, environmental, and

ergonomic criteria [23–26]. By executing the full pipeline on empirically recovered

process data rather than on idealised reference models, the methodology closes the

Reality–Model gap between as-designed assumptions and as-executed shop-floor

behaviour, and it does so within a cloud-resident architecture that writes the rank-1

configuration back to the MES for closed-loop validation [11, 27].
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1.2 Research Objectives

1.2.1 General Objective

The main objective is to develop an integrated data-driven approach to optimize

production processes toward sustainable manufacturing.

1.2.2 Specific Objectives

Three specific objectives guide the work:

(i) Evaluate existing data-driven methodologies in sustainable manufacturing,

identify their strengths and limitations, and determine the critical control

parameters needed to align production efficiency with sustainability goals.

(ii) To develop an integrated data-driven approach to optimizing production

processes towards sustainable manufacturing.

(iii) Validate the proposed framework against industrial manufacturing systems,

demonstrating measurable improvements in sustainability and operational

robustness.

1.2.3 Research Questions

These objectives are addressed through three corresponding research questions:

(i) What are the limitations of current data-driven approaches in sustainable

manufacturing, and which process parameters are most critical for jointly

optimizing production efficiency and environmental performance?

(ii) How can real-time process mining, dynamic life cycle assessment, and multi-

objective optimization be integrated into a unified, cloud-based framework

that captures the dynamic coupling between operational and environmental

objectives?

(iii) How significantly does the proposed framework enhance both process perfor-

mance and sustainability outcomes when validated against empirical industrial

data?
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1.3 Scientific Contributions

The dissertation delivers four contributions, each aligned with a formal thesis in

Chapter 7.

• Identification of the integration gap between object-centric process mining,

dynamic LCA, multi-objective optimisation, and MCDM, and determination

of the four critical control parameters {IT, EC, CT, DR} that link efficiency,

environmental burden, and ergonomic load on a single analytical substrate.

• An end-to-end closed-loop framework, IPSMF-MOOM-OEP, coupling

OCEL 2.0 process mining, dynamic LCA with a time-resolved Hungarian-grid

emission factor, feasibility-constrained NSGA-II, and an Industry 5.0

Ergonomic Risk Index, optimising operational, environmental, and

human-centric criteria on live event-level data.

• A hybrid decision layer combining Fuzzy AHP and Shannon Entropy weighting

with a GRA–TOPSIS ranking across an eight-criterion matrix, producing an

auditable single-recommendation output with traceable fuzzy consistency.

• Empirical validation on the TL209 line (86,466 events, nine stations): +5.64 pp

efficiency (87.2% → 92.84%) and −17.01% CO2 (863.2 → 716.3 kg CO2/day)

at rank-1, with rank-1 stability confirmed by a four-tier sensitivity analysis.

1.4 Dissertation Organization

The dissertation is organised in eight chapters. Chapter 2 reviews the literature

on process mining, dynamic LCA, multi-objective optimisation, and Industry 5.0

ergonomics. Chapter 3 consolidates the dataset description, covering the source

taxonomy, quality metrics, TL209 site, acquisition pipeline, sensor suite, and numer-

ical baseline, so that subsequent chapters reference it from one canonical location.

Chapter 4 performs the gap analysis and states the refined research questions, ob-

jectives, and the four control parameters {IT, EC, CT, DR}. Chapter 5 formalises

the IPSMF-MOOM-OEP framework as a four-stage pipeline (OCEL 2.0 discovery,

dynamic LCA with Ergonomic Risk Index, NSGA-II, and FAHP, Entropy and
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GRA–TOPSIS ranking). Chapter 6 reports the TL209 validation: discovery accu-

racy, baseline emissions, the Pareto front, the rank-1 selection, and the sensitivity

analysis. Chapter 7 presents the three formal theses in the Debrecen Claim–Method–

Result–Novelty pattern. Chapter 8 states the limitations and the future research

programme.
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Chapter 2: Literature Review

Optimising production processes while reducing environmental impact is not a

problem that can be solved by any single methodology. It requires an understanding

of how industrial data is structured and collected, which performance indicators

best capture both operational and environmental behaviour, and which analytical

methods are capable of recovering process reality from raw event data and translating

it into sound decisions. Research across these areas has advanced considerably

in recent years, yet the fields of process mining, life cycle assessment, and multi-

objective optimisation have largely progressed in isolation, each addressing part

of the problem without engaging the others. The literature reviewed in this

chapter covers these intersecting fields, examining what has been established, where

recognised limitations remain, and why an integrated data-driven approach is needed

to bridge the gaps that existing work has left open.

The formal definitions of the industrial dataset taxonomy, the progressive

hierarchy of data representations, the quality metrics Qc, Qcon, and ∆t∗, the

TL209 case-study site, the on-site acquisition pipeline, the Industry 5.0 Minimum

Viable Sensor Suite, and the numerical baseline are developed in Chapter 3. The

present chapter covers the production and sustainability metrics, the multi-objective

optimisation literature, and the multi-criteria decision-making background that

situate the framework’s analytical contribution.

2.1 Production Metrics

Understanding the actual manufacturing behavior requires formalizing the variables

that constitute the Reality-Model Gap [6]. To successfully conduct multi-parameter

optimization on complex manufacturing lines, fundamental variables and perfor-

mance metrics must be identified and continuously monitored. The transition

from traditional manufacturing to Industry 4.0 requires a paradigm shift in how

performance is measured, moving from isolated indicators to interconnected metrics

that jointly capture operational and environmental performance.
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The primary productivity measure is Throughput (TP ), representing the volume

of accepted units successfully processed per hour. It is closely related to Cycle

Time (CT ), which is the continuous processing time required to complete a discrete

production activity at a given machine. Lead Time (LT ), on the other hand,

encompasses the total time from the initiation of a production order to its com-

pletion, including all processing, waiting, and transport times. Overall Equipment

Effectiveness (OEE) serves as a comprehensive metric that combines availability,

performance, and quality to evaluate how effectively a manufacturing operation is

utilized compared to its full potential [28].

Non-productive times are equally critical. Idle Time (IT ) refers to the queueing

or waiting duration caused by stochastic machine behaviors, blockages, or starvation

across the line. Downtime (DT ) includes all periods when a machine is scheduled

for production but is not operating due to failures, maintenance, or setups. Re-

source Utilization (RU) measures the percentage of available time that machines

or personnel are actively engaged in productive tasks. The Defect Rate (DR) is

a critical quality variable indicating the ratio of rejected components arising from

mechanical drift or material variance.
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Table 2.1: Key operational performance metrics in data-driven manufacturing
systems.

Metric Description Category References

Throughput (TP ) Units successfully processed
per unit time.

Productivity [28, 29]

Cycle Time (CT ) Processing time per activity
at a single machine.

Time [30, 31]

Lead Time (LT ) Elapsed time from order re-
lease to completion.

Time [29, 30]

OEE Composite index: Availabil-
ity × Performance × Qual-
ity.

Efficiency [28, 31]

Idle Time (IT ) Non-productive waiting due
to starvation or blockage.

Loss [30, 32]

Downtime (DT ) Machine unavailability due
to failure, maintenance, or
setup.

Loss [29, 31]

Resource Utilisa-
tion (RU)

Fraction of available time
spent on productive tasks.

Efficiency [28, 31]

Defect Rate (DR) Ratio of non-conforming
units to total units pro-
duced.

Quality [29, 30]

2.2 Sustainability Metrics

Operational efficiency alone is insufficient for evaluating modern production systems.

Every unit produced carries an environmental cost that aggregate output figures

do not capture: energy drawn from the grid, emissions released to the atmosphere,

water extracted for cooling and processing, and material discarded as scrap or waste

[33, 34]. Quantifying these costs requires a distinct set of sustainability metrics

that operate alongside operational indicators and that are sensitive to variations

occurring at the level of individual machines, process steps, and product batches

rather than annual facility totals [12, 35].

Five assessment domains organise the sustainability metrics relevant to manufac-

turing: energy performance, atmospheric emissions, material and water consumption,

waste generation and circularity, and the social / human-centric pillar introduced
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by the Industry 5.0 paradigm [14, 17, 19]. Figure 2.1 illustrates this taxonomy.

Within energy performance, Total Energy Consumption (EC) measures the ag-

gregated power demand across all machine states, while Energy Intensity (EI)

normalises this demand per unit of output to enable fair comparison across different

production volumes [13, 33]. The Renewable Energy Ratio tracks the proportion of

consumed energy drawn from non-fossil sources, an indicator of increasing relevance

as manufacturers respond to decarbonisation targets [2].

Within the emissions domain, Carbon Emissions (CE) are computed by multi-

plying time-resolved energy consumption by a dynamic grid emission factor that

reflects the carbon intensity of the electricity supply at each moment of production

[21, 34]. Greenhouse Gas Intensity (GHGI) normalises total emissions per unit

of output, while air pollutant indicators covering nitrogen oxides, sulphur oxides,

and particulate matter address local atmospheric impacts beyond global warming

[4, 36].

Material and water metrics capture resource flows through the production

system. Material Efficiency (ηres) expresses the ratio of saleable output mass to

total material input, directly quantifying yield losses caused by defects and scrap

[35, 37]. Water Consumption (WC) accounts for water used in cooling, cleaning,

and process chemistry, which can be a dominant environmental burden in thermally

intensive operations [34]. Specific Resource Consumption aggregates multiple input

streams into a single normalised indicator per unit of output.

Waste and circularity metrics close the environmental accounting picture. Waste

Generation (WG) records the cumulative mass of rejected or non-viable material that

leaves the system as waste rather than product [35]. Recycling Rate (RR) captures

the proportion of process waste that re-enters productive use, and Hazardous Waste

(HW ) separately tracks regulated streams that carry disposal obligations beyond

standard solid waste [4, 36].

The social (human-centric) pillar, aligned with the Industry 5.0 reframing of

sustainability [14, 18], captures the cumulative occupational load placed on the

operators stationed at line-paced workstations. The three component indicators

adopted here are the Rapid Upper Limb Assessment (RULA) [38] for awkward-

posture frequency, the Occupational Repetitive Actions index (OCRA) [39] for

technical-action repetition, and the revised NIOSH lifting index (NIOSH-LI) [40]
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for manual-handling load. The three are combined into a single Ergonomic Risk

Index (ERI) following the equal-weight composition rule of Ciccarelli et al. [19];

the formal definition of the composite and its real-time sensor instrumentation are

developed in Chapter 5, section 5.1.5. Together, the resulting fifteen indicators

provide the quantitative basis for the dynamic three-pillar attribution that the

integrated framework developed in this dissertation applies at the event level.

Sustainability Metrics in Manufacturing

Energy
Performance

Atmospheric
Emissions

Material &
Water

Waste &
Circularity

Social
(Human-
Centric)

Energy Con-
sumption (EC)

Energy In-
tensity (EI)

Renewable
Energy Ratio

Carbon Emis-
sions (CE)

GHG Inten-
sity (GHGI)

Air Pollutants
(NOx, SOx)

Material Effi-
ciency (ηres)

Water Con-
sumption (W C)

Specific Re-
source Use

Waste Gener-
ation (W G)

Recycling
Rate (RR)

Hazardous
Waste (HW )

RULA (posture)

OCRA (repetition)

NIOSH-LI
(handling)

Figure 2.1: Taxonomy of sustainability metrics applicable to manufacturing systems,
organised by assessment domain [4, 33–35]; the fifth column (Social, human-centric)
is the Industry 5.0 extension adopted in this dissertation, with the three component
indicators RULA, OCRA, and NIOSH-LI combined into the composite Ergonomic
Risk Index (ERI) per Ciccarelli et al. [19].

2.3 Industry 5.0 and Human-Centric Sustainability

Assessment

The taxonomy of Figure 2.1 is complete with respect to the Industry 4.0 sustainability

agenda but is incomplete once the assessment frame is broadened to the Industry 5.0

paradigm. The European Commission’s Industry 5.0 policy brief [14] and the parallel

conceptual consolidation by Xu et al. [15] and Leng et al. [16] restate the industrial

modernisation agenda around three pillars: human-centricity, sustainability, and

resilience. Where Industry 4.0 was defined by mass automation, the Internet

of Things, and big data, Industry 5.0 re-humanises the factory floor by having

human operators and advanced machines (including collaborative robots, or cobots)

work side by side [17, 18, 41]. The methodological consequence for manufacturing-

sustainability research is that the operational and environmental pillars studied by

the literature covered in sections 2.1 and 2.2 must be extended with a social (human-
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centric) pillar that captures operator well-being, ergonomic load, and cumulative

fatigue risk.

2.3.1 The Social-Sustainability Pillar

In the Industry 5.0 frame, social sustainability is not a supplementary narrative

concern but a measurable analytical object that competes directly against through-

put and environmental objectives for the same decision-variable budget. Higher line

speeds reduce cycle time and, at favourable points in the operating regime, also

reduce per-unit energy intensity, but they simultaneously raise repetitive-motion

exposure, awkward-posture frequency, and manual-handling load at the operators

stationed at the bottleneck cells. Ciccarelli et al. [19] formalise this three-pillar

view through a digital-twin workstation in which ergonomic risk is computed in

real time alongside cycle time and energy consumption, and demonstrate that the

three signals are mutually non-dominated over realistic assembly scenarios. The

empirical lesson is structural: any optimisation framework that stops at two pillars

under-reports the cost of throughput gains by systematically omitting the human

operator.

2.3.2 Ergonomic Risk as a Composite Index

Three mature scalar indices span the dominant mechanical-load pathways on a

discrete manufacturing line. RULA [38] scores upper-limb posture on a 1–7 scale

from joint-angle observations; OCRA [39] quantifies cumulative repetition exposure

as the ratio of technical actions to a force/posture/recovery-adjusted threshold; and

the revised NIOSH lifting equation [40] yields a lifting index from the horizontal,

vertical, angular, and frequency components of a manual-handling task. The three

are complementary and their weighted composition into a single Ergonomic Risk

Index (ERI) has been adopted in recent digital-twin implementations [19] because

it captures posture, repetition, and load dimensions that any single index cannot.

The dissertation adopts this three-component ERI as the scalar representing the

social-sustainability pillar; the sensor suite, composition rule, and calibration are

detailed in Chapters 3–5.
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2.3.3 Minimum Viable Sensor Suite for Quantitative Social

Sustainability

A key deployment concern for any Industry 5.0 extension of an Industry 4.0 pipeline

is the additional instrumentation cost that the social pillar imposes. Ciccarelli

et al. [19] and the parallel reviews of Industry 5.0 enabling technologies [17, 18]

converge on a compact minimum viable sensor suite (MVSS) sufficient to populate

RULA, OCRA, and NIOSH in real time: body-worn inertial measurement units

(IMUs) for joint-angle tracking, surface electromyography (EMG) electrodes for

muscle-activation and fatigue monitoring, and instrumented load cells or force-plate

mats at the manual-handling stations. Optionally, a vision-based pose-estimation

camera can replace or supplement the IMU channels when the workstation geometry

permits occlusion-free line of sight. This MVSS is a one-time capital addition to

the existing MES, IIoT and ERP stack and does not require modification of the

production control system; the sensor streams feed the ergonomic-index calculators

alongside the existing OCEL and power-meter streams. The detailed specification

of the MVSS, its calibration against the three reference indices, and its integration

into the optimisation objective function g2 are presented in Chapter 5, section 5.1.5.

2.4 Object-Centric Event Analysis

Traditional process mining assumes that each event belongs to a single isolated

case. In complex manufacturing settings, multiple entities interact concurrently,

including raw materials, active machinery, tools, and diverse production orders [42].

Object-Centric Event Analysis (OCEA) represents a paradigm shift in how process

data is structured and analyzed. Unlike traditional event logs that force a single

case notion (often leading to convergence and divergence problems), OCEA allows

an event to be related to multiple objects of different types simultaneously.

The Object-Centric Event Log (OCEL) standard addresses this structural

limitation by linking events to multiple objects, mitigating the distortion caused

by forcing case-centric perspectives [43]. In an OCEL, the complex multi-entity

interactions inherent in modern manufacturing are preserved. For instance, a single

"assembly" event might simultaneously involve a specific machine, a batch of raw

materials, an operator, and a production order. By capturing these event-object
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relationships natively, OCEA provides a more accurate multi-entity view of the

operational reality.

Object-Centric Process Mining (OCPM) builds upon OCEA to discover, conform,

and enhance processes involving multiple interacting objects [44]. Classical process

mining struggles with complexity and concurrency when multiple cases interact,

often resulting in "spaghetti" models that are difficult to interpret. OCPM handles

this by constructing object-centric behavioral models that explicitly represent the

lifecycle of different object types and their synchronization points. This capability

is crucial for identifying bottlenecks and inefficiencies that span across different

process dimensions.

The main features of OCEA include multi-object representation, which eliminates

the need for data flattening; event correlation, which explicitly links activities across

different object lifecycles; scalability, enabling the analysis of massive industrial

datasets; and flexibility, allowing analysts to dynamically shift their perspective

depending on the analytical goal. Within these main features, several sub-features

provide deeper analytical capabilities. Object lifecycle tracking monitors the state

changes of individual entities from inception to completion. Relationship modeling

captures the structural and temporal dependencies between different object types.

Cross-object dependencies highlight how delays or variations in one object’s lifecycle

propagate to others, facilitating root-cause analysis in interconnected systems [45].
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Table 2.2: Comparison of Traditional Process Mining and Object-Centric Process
Mining.

Feature Traditional PM Object-Centric PM References

Case Notion Single, isolated case
identifier.

Multiple interacting
objects per event.

[6, 42]

Data Structure Flattened event logs
(XES format).

Relational event logs
(OCEL standard).

[20, 43]

Concurrency Prone to convergence
and divergence arte-
facts.

Natively models
multi-object synchro-
nisation.

[42, 46]

Model Complex-
ity

Spaghetti models in
complex processes.

Structured, multi-
dimensional process
graphs.

[31, 47]

Analytical Scope Fixed to the chosen
case notion.

Dynamic perspective
shifting across object
types.

[43, 48]

Manufacturing
Fit

Suitable for single-
product workflows.

Designed for multi-
entity shop-floor envi-
ronments.

[30, 31]

Recent advances in process discovery demonstrate that object-centric graphs and

machine learning capabilities can operate directly on these richer relational structures

[47]. However, while OCEL improves the validity of discovered structural process

models, it still requires integration with external empirical tools to account for

instantaneous sustainability phenomena like power fluctuation or carbon emissions.

The fusion of OCEA with real-time sensor data provides event-level visibility into

both operational and environmental performance.

2.5 Life Cycle Assessment Limits

Life Cycle Assessment (LCA) provides the fundamental accounting principles for

evaluating the environmental footprints of products, processes, and services [49]. In

a general context, LCA is a standardized methodological framework designed to

quantify the environmental impacts associated with all stages of a product’s life, from

raw material extraction through materials processing, manufacture, distribution,

use, repair and maintenance, and disposal or recycling. The main components

of an LCA include the Goal and Scope Definition, which outlines the study’s
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boundaries and objectives; Inventory Analysis (LCI), which involves compiling

data on energy and resource inputs and environmental releases; Impact Assessment

(LCIA), which evaluates the potential environmental impacts of the inventory data;

and Interpretation, where the findings are evaluated in relation to the goal and

scope to reach conclusions and recommendations [4].

In manufacturing, LCA is extensively applied for energy analysis, emissions

tracking, and overall sustainability evaluation. It provides a structured approach to

identify environmental hotspots within production lines and evaluate the trade-offs

associated with different operational strategies. The literature presents diverse

applications of LCA. For instance, some authors have used LCA to evaluate the

environmental benefits of adopting renewable energy sources in manufacturing,

while others have focused on comparing the life cycle impacts of different material

selection strategies [50].

To formalize the environmental evaluation, mathematical formulations are in-

tegrated into the LCA framework. The total Energy Consumption (Etotal) of a

manufacturing process can be modeled as the sum of the energy consumed during

productive states (Eprod), idle states (Eidle), and setup phases (Esetup):

Etotal =
n∑

i=1
(Pprod,i · tprod,i + Pidle,i · tidle,i + Psetup,i · tsetup,i) (2.1)

where P represents the power demand and t represents the duration for each

state at machine i. The corresponding Carbon Emissions (CE) are calculated by

multiplying the energy consumption by a dynamic emission factor (EF (t)), which

accounts for the temporal variations in the carbon intensity of the energy grid:

CE =
∫ T

0
Etotal(t) · EF (t)dt (2.2)

Resource efficiency (ηres) can be quantified as the ratio of useful product output

(Mout) to the total material and energy inputs (Min, Ein):

ηres = Mout

Min + αEin
(2.3)

where α is a conversion factor aligning material and energy units.

A widely recognized limitation in classical LCA application is its reliance on
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historical, retrospective, or aggregated inputs that fail to capture real-time behavior

in fast-paced Industry 4.0 lines [51]. Industrial application restrictions dictate

that environmental indicators should remain temporally dynamic and directly

associated with specific product batches or machine pulses [34]. Dynamic LCA

(dLCA) overcomes these barriers by aligning environmental calculations with actual

process observations instead of static inventory averages. This real-time visibility

provides the necessary conditions for high-resolution carbon tracking that can act

as a reliable input for multi-parameter industrial systems [33].

The fundamental deficiency of static LCA in Industry 4.0 environments is a tem-

poral mismatch between environmental-data collection and manufacturing-decision

granularity. Annual inventory averages smooth out the shift-level fluctuations char-

acteristic of discrete manufacturing lines: a tube-forming machine draws different

power in its productive, idle, and setup states, and the distribution across these

states varies between shifts as order volumes, operator experience, and ambient

temperature differ [4]. Collapsing these into a single annual average produces an

estimate that may be accurate at year-end yet unrepresentative of any individual

shift, batch, or product instance, and it cannot assign a defensible emission quantity

to a single event because the dynamic context is not recorded. Bottleneck identifi-

cation requires knowing that a station is simultaneously slow and carbon-intensive

during that slowness, a diagnostic combination that only event-level attribution can

confirm.

The enabling conditions for dynamic LCA are precisely those provided by

modern IIoT-equipped production environments. Real-time sensor feeds delivering

instantaneous power measurements at sub-second resolution, timestamped MES

event records that bound the start and end of each process activity, and process-

specific emission coefficients derived from metered grid data together allow an

environmental inventory to be compiled on a per-event basis rather than per annual

average [12, 21]. Under this architecture, the carbon footprint of each individual

production event e is computed as the product of its measured energy consumption

Ee (Equation 3.11) and the grid emission factor EF (te) prevailing at the moment

of execution:

CEe = Ee · EF (te), (2.4)

where te is the event timestamp and EF (te) is a time-varying coefficient that reflects
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the marginal carbon intensity of electricity generation at that instant. Walker and

Harvie [34] demonstrate that using dynamic emission factors, rather than a single

annual average, can alter per-product carbon attribution by up to 30% in grid-

intensive manufacturing, a discrepancy large enough to change the environmental

ranking of competing process configurations. Aggregating these per-event footprints

across all events in a case trace yields a product-specific LCA that inherits the full

temporal and process-pathway resolution of the underlying event log.

Table 2.3: Comparison of Static LCA, Dynamic LCA, and PM-LCA on key method-
ological dimensions relevant to manufacturing process optimisation.

Dimension Static LCA Dynamic LCA PM-LCA

Inventory source Annual average
database records
(e.g. Ecoinvent)

Time-resolved me-
tered energy and
grid emission fac-
tors

Per-event sensor
and MES records
linked to OCEL
traces

Temporal resolu-
tion

Annual or batch-
period aggregates

Shift-level or hourly
intervals

Individual process-
event level (seconds
to minutes)

Attribution granu-
larity

Product category or
facility average

Production order or
batch

Individual event,
machine, and pro-
cess path

Suitability for real-
time optimisation

Low: updated at
fixed reporting in-
tervals

Medium: enables
shift-level feedback

High: supports
event-triggered
carbon attribution
and bottleneck
targeting

Table 2.3 positions these three paradigms against one another on four dimensions

directly relevant to the framework developed in this dissertation. The PM-LCA

column corresponds to the integrated approach adopted here, in which every row of

the environmental foreground vector fe (Equation 3.13) is populated from live sensor

and event-log data rather than from background database averages, achieving the

event-level attribution granularity that static and standard dynamic LCA cannot

provide.
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2.6 Optimization and Ranking

2.6.1 The NSGA-II Approach

Operating a modern Industry 4.0 "Smart Factory" entails balancing intrinsically

conflicting parameters like production speed against environmental emissions. Multi-

objective optimization is essential in these environments to identify solutions that

offer the best possible trade-offs. Deb’s Non-Dominated Sorting Genetic Algorithm

II (NSGA-II) is highly regarded across industrial operations precisely because

it performs evolutionary Pareto-based optimization while guaranteeing diverse

exploration [52].

NSGA-II is an evolutionary algorithm designed to solve multi-objective opti-

mization problems. The algorithm begins with Initialization, where a random

population of potential solutions (chromosomes) is generated. This is followed by

Non-dominated Sorting, where the population is sorted into different fronts based

on Pareto dominance. Solutions in the first front are completely non-dominated

by any other solutions in the current population. To maintain diversity among the

solutions, NSGA-II employs a Crowding Distance metric, which estimates the den-

sity of solutions surrounding a particular individual. The algorithm then iteratively

applies Selection, Crossover, and Mutation operators to generate new offspring

populations, continually refining the Pareto frontier over successive generations.

In manufacturing, NSGA-II is widely applied to optimize scheduling, resource

allocation, and process parameters, seeking to minimize cycle times while simulta-

neously reducing energy consumption and defect rates. Compared to traditional

single-objective Genetic Algorithms, which require the aggregation of objectives

using arbitrary weights, NSGA-II explicitly preserves the trade-off relationships

between conflicting goals. When compared to other multi-objective techniques like

Particle Swarm Optimization (MOPSO) or Simulated Annealing (MOSA), NSGA-II

is often praised for its robustness and its ability to maintain a diverse set of solutions

along the Pareto front [9].

NSGA-II rests on three interlocking properties that matter when the Pareto front

is non-convex, as in energy-throughput-quality trade-offs [52]. Binary tournament

selection applies Pareto-dominance rank as the primary criterion and crowding
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distance as a tiebreaker, spreading selection pressure across the front rather than

concentrating it at one region. The crowding-distance metric preferentially retains

solutions in sparse neighbourhoods, preventing the drift toward local clusters

that afflicts algorithms without explicit diversity preservation [23]. The elitist

(Pt ∪ Qt) → N survivor strategy guarantees that a higher-rank solution cannot be

displaced by a lower-rank one across any generation, a property single-objective GAs

achieve trivially but multi-objective variants must engineer explicitly [52]. Together

these converge toward the true front from multiple directions, which weighted-sum

methods cannot recover on concave segments.

Practical performance depends on hyperparameters calibrated to problem dimen-

sionality [23]. For five- to ten-variable problems, population sizes of 100–200 main-

tain diversity without prohibitive per-generation cost; Simulated Binary Crossover

probabilities of 0.8–0.9 are consistently recommended in the manufacturing litera-

ture [52]; mutation probability is typically set to 1/nvar so that each chromosome

undergoes one mutation per generation on average; and termination may use a fixed

generation count or a hypervolume-change threshold ∆H. The values adopted for

TL209 are reported in Chapter 3, section 3.7.

19



Table 2.4: Comparison of multi-objective optimisation algorithms applicable to
manufacturing process optimisation, evaluated across convergence behaviour, diver-
sity preservation, scalability, and documented manufacturing applications.

Algorithm Strengths Limitations Manufacturing Ap-
plication

References

NSGA-II Elitist archive preserves best
solutions across generations;
crowding-distance metric ex-
plicitly maintains Pareto-front
spread; guarantees convergence
to the true front for convex
and non-convex objectives; well-
established for 2–3 objective
problems.

Computational cost scales as
O(MN2) per generation (M
objectives, N population); di-
versity degrades for > 3
objectives; crowding distance
becomes less discriminating
in high-dimensional objective
spaces.

Production scheduling,
energy–throughput pa-
rameter tuning, sus-
tainable process optimi-
sation.

[23, 52]

MOPSO Rapid convergence via velocity-
based search; simple parame-
ter set (inertia weight, cogni-
tive/social coefficients); natu-
rally suited to continuous deci-
sion variable spaces.

Prone to premature convergence
on local Pareto regions when the
front is discontinuous; archive
management required to main-
tain diversity; performance is
sensitive to inertia weight sched-
ule.

Continuous process
parameter optimisa-
tion, real-time machine
speed tuning.

[9, 53]

MOSA Acceptance of inferior solutions
(Metropolis criterion) enables es-
cape from local Pareto fronts; ef-
fective on non-smooth and mul-
timodal objective landscapes.

Convergence speed is slow rela-
tive to population-based meth-
ods; cooling schedule and ini-
tial temperature require careful
problem-specific tuning; gener-
ates one solution per run, ne-
cessitating multiple restarts to
approximate the Pareto front.

Complex combinatorial
scheduling, job-shop
and flexible-flow-shop
problems.

[54]

Weighted-
Sum GA

Computationally inexpensive;
straightforward single-objective
solver applicable with stan-
dard GA libraries; intuitive
for decision-makers with pre-
defined preferences.

Pre-specified aggregation
weights define a linear scalar-
isation that cannot discover
solutions on non-convex Pareto
segments; weight sensitivity
means small changes in wi

can yield qualitatively different
solutions; full trade-off frontier
is unavailable for post-hoc
inspection.

Problems with well-
defined, stable manage-
ment preferences; pre-
liminary screening of
objective compatibility.

[32]

MOEA/D Decomposes multi-objective
problem into scalar sub-
problems solved in parallel;
scales efficiently to many-
objective (≥4) problems;
neighbourhood-based mating
preserves local front structure.

Performance depends on the
choice of decomposition scalari-
sation (Tchebycheff vs. weighted
sum vs. PBI); uniform reference
vector distribution assumes a
regular Pareto-front geometry,
which may not hold in manufac-
turing.

Many-objective process
design, supply chain
network optimisation.

[28]

In studies of time-cost-environmental trade-offs, NSGA-II systematically yields

an "Industrial Feasibility Barrier" a frontier of configurations beyond which no

metric can be improved without sacrificing another [54].

A critical distinction between NSGA-II and single-objective approaches lies in

the treatment of decision-maker preferences. Weighted-sum and penalty-function

formulations require that preferences be encoded as aggregation weights before the

search [32], which structurally excludes Pareto-optimal solutions lying on non-convex

segments of the true front and forces weight selection without knowledge of the

trade-off surface; penalty coefficients further introduce problem-specific convergence
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artefacts [54]. NSGA-II defers the preference decision to a post-optimisation ranking

stage: the algorithm delivers the complete front first, and a structured decision-

support layer (in this dissertation, the GRA–TOPSIS hybrid with FAHP–Entropy

weights) then selects the preferred operating point. This separation preserves the

full Pareto surface for inspection and anchors the final recommendation in auditable

preferences rather than search-phase artefacts [32, 54].

2.6.2 GRA–TOPSIS and Multi-Criteria Prioritisation

A Pareto front is Pareto-optimal by definition but under-determined for execution:

all points are equally non-dominated, so a post-optimisation ranking rule is required

to select one operating configuration. The Technique for Order Preference by

Similarity to Ideal Solution (TOPSIS) supplies this rule by mapping each alternative

to a scalar closeness coefficient Ci ∈ [0, 1] based on its Euclidean distances to the

ideal and anti-ideal reference vectors [55]. The Euclidean-distance view, however,

is invariant under permutations of criterion-wise residuals: two alternatives with

identical D+
i and D−

i receive identical ranks even when their weighted normalised

vectors vi differ criterion-by-criterion relative to A+. To recover this point-wise

information, the dissertation augments TOPSIS with Grey Relational Analysis

(GRA) [56], which measures element-wise similarity of vi to the reference vectors,

yielding the GRA–TOPSIS rule of [57–59]. The hybrid weight derivation is given in

section 2.6.3.

The TOPSIS procedure begins by constructing a decision matrix X = [xij ], where

rows correspond to candidate solutions and columns to performance criteria. Each

entry is normalised to remove dimensional heterogeneity, and the normalised matrix

is then multiplied by a vector of criterion weights to form the weighted normalised

matrix V = [vij ]. The ideal solution A+ is the vector of best attainable values across

all criteria, and the negative-ideal solution A− is the vector of worst attainable

values. For each candidate i, the Euclidean separations S+
i and S−

i from these two

reference points are computed, and the relative closeness is Ci = S−
i /(S+

i + S−
i ).

A solution with Ci approaching unity is simultaneously close to the ideal and

distant from the worst case, placing it at the top of the ranking. The method

has been applied extensively in production systems for supplier selection, facility

layout evaluation, and the prioritisation of process configurations under conflicting
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operational and environmental objectives [26, 60].

Normalisation removes the dimensional heterogeneity of the decision matrix

columns (here: efficiency in per cent, CO2 in kg/day, energy in kWh/day). Vector

normalisation divides each entry xij by the Euclidean norm of its column:

rij = xij√∑m
k=1 x2

kj

, (2.5)

producing a dimensionless matrix R = [rij ] whose columns each lie on the unit

sphere. An alternative approach is linear (min-max) normalisation, which maps

each criterion column to the interval [0, 1] by subtracting the column minimum and

dividing by the column range. Although linear normalisation is computationally

equivalent and equally common in the MCDM literature, vector normalisation is

preferred in manufacturing MCDM applications because it preserves the proportional

relationships between solutions within each criterion [28]: a solution that achieves

twice the energy savings of another retains that two-to-one ratio after vector

normalisation, whereas linear normalisation compresses the ratio toward unity when

the column range is large relative to the differences among mid-range solutions.

This proportionality preservation is consequential when the Pareto front contains

solutions clustered in one region and isolated extreme points in another, a pattern

common in energy-throughput trade-offs.

The closeness coefficient Ci can be given a precise geometric interpretation that

makes TOPSIS results directly communicable to production engineers. After the

weighted normalised matrix V is formed, the ideal solution A+ and negative-ideal

solution A− are two reference vectors in the n-dimensional weighted criterion space.

The Euclidean separations S+
i and S−

i are the Euclidean distances from solution i

to these two reference points, and the closeness coefficient

Ci = S−
i

S+
i + S−

i

∈ [0, 1] (2.6)

can be interpreted as the fractional position of solution i along the line segment

connecting the worst-case and ideal reference vectors in that weighted space. A so-

lution with Ci = 1 coincides with the ideal reference point, achieving simultaneously

the best value on every weighted criterion; a solution with Ci = 0 coincides with the
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worst-case reference, meaning it is simultaneously as far from the ideal as possible.

Solutions with intermediate Ci values represent a trade-off between proximity to the

ideal and distance from the worst case, and the monotone [0, 1] scale maps directly

onto a percentage-of-ideal interpretation that is intuitive for operational engineers

reviewing results on a production dashboard. This geometric framing also clarifies

why TOPSIS can yield a different ranking from simple distance-to-ideal methods:

by anchoring the denominator to the sum of both separations, it penalises proximity

to the worst case as well as rewarding proximity to the ideal, thereby distinguishing

solutions that are merely average from solutions that are actively balanced.

The Euclidean closeness in equation (2.6) captures how far solution i lies from the

ideal and anti-ideal, but not in what shape its criterion profile bends relative to those

references. Grey Relational Analysis closes that gap by quantifying profile similarity

point-by-point [56, 57]. To emphasise the dual role, the TOPSIS component of the

hybrid is henceforth written CTOPSIS
i ≡Ci with

CTOPSIS
i = S−

i

S+
i + S−

i

, (2.7)

where S±
i retain the Euclidean definitions established above.

For the grey-relational limb, the deviation of the weighted normalised value vij

from the positive and negative ideals is formed criterion-by-criterion,

∆+
ij =

∣∣ v+
j − vij

∣∣, ∆−
ij =

∣∣ v−
j − vij

∣∣, (2.8)

and the global extrema ∆±
min = mini,j ∆±

ij and ∆±
max = maxi,j ∆±

ij are computed

over the entire Pareto set. The grey relational coefficient that measures local

similarity of solution i on criterion j to the two references follows the standard

definition of Deng [56],

γ±
ij = ∆±

min + ζ ∆±
max

∆±
ij + ζ ∆±

max
, ζ ∈ (0, 1], (2.9)

in which ζ is the distinguishing coefficient (conventionally ζ = 0.5) that controls

how sharply a deviation penalises similarity. Aggregating across criteria with the

same composite weights w⋆
j used by the TOPSIS limb yields the grey relational
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grades

Γ±
i =

n∑
j=1

w⋆
j γ±

ij , (2.10)

and the grey-relational closeness of solution i is

CGRA
i = Γ+

i

Γ+
i + Γ−

i

∈ [0, 1]. (2.11)

Whereas CTOPSIS
i rewards overall Euclidean proximity to the ideal, CGRA

i rewards

consistently ideal-like behaviour on every criterion, penalising solutions that average

well only because a large advantage on one criterion masks poor performance on

another.

The two rankings are combined into a single hybrid closeness through a convex

fusion coefficient β ∈ [0, 1],

C⋆
i = β CTOPSIS

i + (1 − β) CGRA
i , (2.12)

and the recommended configuration is x⋆ = arg maxi C⋆
i . Equation (2.12) recovers

pure TOPSIS at β = 1 and pure GRA at β = 0; the reference value β = 0.5 used

throughout this dissertation weights distance-to-ideal and profile-similarity equally,

and its robustness is verified by the sensitivity sweep reported in Chapter 6. This

convex blend is the formulation adopted by Shen et al. [58] and Zhou et al. [59] for

sustainability-oriented manufacturing decisions, and its adoption here is motivated

precisely by the shape-sensitivity argument developed above.

Applications of TOPSIS in manufacturing optimisation span a range of decision

contexts that closely parallel the TL209 case. Palczewski and Sałabun [26] employ

TOPSIS for green supplier selection, demonstrating that the method produces stable

rankings when criteria weights are derived from structured expert elicitation and

when the number of alternatives does not exceed approximately 20. Both conditions

apply here. Behera et al. [28] apply TOPSIS to process parameter optimization in

a discrete manufacturing environment, confirming that the method’s sensitivity to

weight perturbations is manageable when criteria are physically interpretable and

when the weight vector is subjected to scenario analysis. Zizovic and Pamucar [60]

demonstrate the suitability of TOPSIS for multi-objective scheduling in high-volume

production, where the method’s ability to handle five to twenty candidate solutions
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and three to ten criteria simultaneously makes it an efficient post-optimisation

ranking instrument. These applications confirm that TOPSIS is well-matched to the

Pareto-front ranking task in this framework: the NSGA-II output provides a solution

set of manageable size, the criteria are physically measurable and interpretable, and

the closeness coefficient provides a single-number summary that plant engineers can

act upon.

TOPSIS does carry two documented methodological limitations. First, its

rankings can be sensitive to the number of criteria included in the decision matrix:

adding or removing a criterion changes all column norms and therefore all normalised

values, potentially altering the relative ordering of solutions that were closely

ranked under the original criterion set. Second, rank reversal a change in the

relative ordering of two existing alternatives caused by the addition or removal

of a third alternative is a known property of the method, arising because the

ideal and negative-ideal reference vectors are redefined whenever the alternative

set changes [26]. In the framework adopted in this dissertation, both limitations

are mitigated by design: the criterion set is fixed by the three objectives of the

optimisation (throughput, energy, emissions) and does not change between runs,

and the alternative set is fixed by the NSGA-II Pareto front and is not modified

during the ranking stage. The hybrid FAHP–Entropy weighting coupled with GRA–

TOPSIS ranking (section 2.6.3) further addresses the weight-assignment subjectivity

concern by blending a consistency-verified fuzzy pairwise comparison with a data-

driven entropy contribution, ensuring that the weights entering Equation (2.6) are

both reproducible and interpretable.

The critical sensitivity of TOPSIS lies in the weight vector. Small changes in

the relative importance assigned to competing criteria can shift the top-ranked

solution substantially, which is precisely why the four-tier sensitivity analysis

presented in Chapter 6 sweeps the subjective–objective balance parameter λ, the

grey distinguishing coefficient ζ, and the TOPSIS–GRA fusion coefficient β. The

validity of that sweep, however, depends entirely on whether the weights themselves

were derived through a rigorous and reproducible process. Assigning equal weights

by default or choosing weights intuitively introduces an unjustifiable subjectivity

that undermines the scientific credibility of the ranking.
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2.6.3 The Fuzzy AHP, Shannon Entropy, and GRA–TOPSIS

Hybrid Framework

Classical AHP–TOPSIS exhibits three structural gaps in this application. (i) Lin-

guistic: the crisp nine-point Saaty scale cannot represent the vagueness of natural-

language pairwise judgements without information loss [24, 61]. (ii) Epistemological:

a consistency-verified crisp AHP weight vector is fully subjective and carries no

information about the dispersion of the alternatives across the Pareto front. (iii) Ge-

ometric: the TOPSIS closeness coefficient depends only on Euclidean distances to

A+ and A− and is therefore insensitive to element-wise correspondence between vi

and the reference vectors, allowing rank reversal on fronts containing clusters of

near-equidistant alternatives with different criterion-wise composition [57, 58]. The

hybrid addresses each gap with a dedicated component: Fuzzy AHP (FAHP) for

(i), Shannon Entropy for (ii), and GRA fused with TOPSIS for (iii).

The FAHP replaces the crisp pairwise matrix of classical AHP with a fuzzy

matrix whose entries are Triangular Fuzzy Numbers (TFNs), and extracts the

criterion weight vector through Chang’s extent analysis procedure [24]. The TFN

formalism, originally proposed by van Laarhoven and Pedrycz [61] and refined by

Buckley [62], admits the intrinsic vagueness of expert language and propagates

it through the aggregation step rather than collapsing it prematurely onto an

integer scale. For the TL209 decision problem, the FAHP layer produces a weight

vector wFAHP that reflects managerial priority while retaining a consistency-verified

audit trail. Rank reversal, a theoretical concern for crisp AHP when alternatives

change [63], is not operative here: the alternative set is fixed by the static NSGA-II

Pareto front and is not modified between weight derivation and ranking.

The Shannon Entropy weighting [25] provides the objective counterpart. For each

criterion column of the Pareto decision matrix, the normalised entropy Hj ∈ [0, 1]

is computed; the divergence 1 − Hj measures how much that criterion discriminates

among alternatives, and the entropy weights wEnt are obtained by normalising the

divergence vector [64]. The resulting weights are a data-driven indicator of criterion-

level information content that is entirely independent of the expert-elicited FAHP

vector. The two are then combined through a convex blend w⋆ = λ wFAHP + (1 −

λ) wEnt, where λ ∈ [0, 1] controls the subjective–objective balance and is swept in
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the sensitivity analysis of Chapter 6. Unlike the CRITIC alternative discussed below,

Shannon Entropy does not depend on the inter-criteria correlation structure of the

decision matrix, which makes it more stable on the narrow, low-dimensional Pareto

fronts typical of three-objective NSGA-II runs. Recent manufacturing MCDM

studies [65] confirm that this FAHP and Entropy+TOPSIS architecture remains an

active and current design pattern for multi-objective sustainability problems.

On the ranking side, GRA–TOPSIS replaces the single Euclidean view of classical

TOPSIS with a fused similarity measure. The TOPSIS closeness CTOPSIS
i retains the

geometric-distance component, while the Grey Relational Grade CGRA
i , computed

in the spirit of Deng’s original grey-systems formulation [56], captures the shape or

trajectory similarity between the i-th alternative and the positive ideal reference.

The two are fused through a balancing coefficient β ∈ [0, 1] into a combined closeness

C⋆
i = β CTOPSIS

i + (1 − β) CGRA
i , as originally proposed by Kuo et al. [57] and

validated across a broad spectrum of MCDM applications by Shen et al. [58]. The

grey-relational term further depends on a distinguishing coefficient ζ that tunes the

resolution between strong and weak similarities; both β and ζ are included in the

four-tier sensitivity sweep of Chapter 6.

A recent synergetic study by Zhou and Chen [59] deploys exactly the three-

component architecture of this dissertation (intuitionistic fuzzy AHP for subjective

weights, entropy for objective weights, and a distance/relation hybrid for ranking) in

a data-fabric solution-selection context, and reports that the triad is markedly more

stable than any of its constituents applied in isolation. This dissertation transfers

the architecture to a manufacturing setting and adds a four-tier sweep over λ, ζ,

and β; the recommended configuration remains rank-1 at the reference parameters

λ = ζ = β = 0.5 and across the full neighbourhood of plausible decision-maker

preferences.
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Table 2.5: Comparison of Multi-Criteria Decision Making methods applicable to
post-optimisation solution selection in manufacturing settings, updated to reflect
the Fuzzy AHP, Shannon Entropy, and GRA–TOPSIS hybrid adopted in this
dissertation.

Method Strengths Weaknesses Weight source Mfg. fit

TOPSIS Intuitive geometric logic;
handles large alternative
sets efficiently; computa-
tionally transparent

Requires externally sup-
plied weights; sensitive
to normalisation method
choice

External input
required

High

AHP (crisp) Structured pairwise elicita-
tion; consistency verifica-
tion (CR); hierarchical de-
composition

No representation of lin-
guistic vagueness; purely
subjective; susceptible to
rank reversal with set
changes

Expert judge-
ment

High
(weights
only)

FAHP (Chang ex-
tent)

Preserves linguistic
vagueness via TFNs;
CR-verifiable; more robust
to elicitation noise than
crisp AHP

Slightly heavier elicitation;
requires defuzzification at
the aggregation step

Expert judge-
ment (fuzzy)

Very high
(weights)

Shannon En-
tropy

Fully objective, data-
driven; complements
subjective weights; stable
on narrow Pareto fronts

Requires complete alterna-
tive set a priori; not mean-
ingful as stand-alone rank-
ing

Statistical (deci-
sion matrix)

High
(supple-
mentary)

GRA–TOPSIS Fuses Euclidean distance
with shape similarity; ro-
bust to rank-reversal clus-
ters; ζ tunes discrimina-
tion

Two tunable parameters
(β, ζ); requires construc-
tion of both ideal and ref-
erence series

External input
required

Very high
(ranking)

FAHP, En-
tropy and
GRA–TOPSIS
(this work)

Closes the linguistic,
subjectivity, and geomet-
ric gaps simultaneously;
three-parameter sensitiv-
ity sweep demonstrates
robustness of the recom-
mended configuration

Three-stage pipeline; re-
quires a parameter budget
for λ, ζ, β

Hybrid (FAHP ⊕
Entropy)

Very
high
(adopted)

Table 2.5 positions the FAHP, Entropy and GRA–TOPSIS hybrid of this dis-

sertation against the five constituent or directly comparable MCDM methods that

bear on its design. The manufacturing-fit rating reflects the practical deployability

of each method in an industrial context where decision-makers require transparent,

communicable reasoning and where the alternative set is generated by a preceding

optimisation rather than enumerated by domain experts. The adopted hybrid

receives the highest composite rating because it simultaneously satisfies (i) the

linguistic-fidelity requirement via FAHP, (ii) the objective-grounding requirement

via Shannon Entropy, and (iii) the rank-stability requirement via GRA–TOPSIS,

while remaining fully auditable through the λ–ζ–β sensitivity sweep of Chapter 6.
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Chapter 3: Dataset Description

and Its Characteristics

This chapter establishes the empirical foundation of the dissertation. It describes

the source taxonomy, the TL209 case-study site, the on-site acquisition pipeline,

the Industry 5.0 sensor extension, and the resulting numerical inventory. The

methodology in Chapter 5 and the analyses in Chapter 6 both take the dataset

characterised here as their input; references to “the dataset” in those chapters

resolve to one of the sections of the present chapter through the labels reproduced

below.

3.1 Source Taxonomy and Conceptual Framework

The empirical foundation of smart manufacturing research rests on the systematic

collection and analysis of high-resolution industrial datasets [6, 11]. Many produc-

tion environments operating under Industry 4.0 frameworks generate data from

a multiplicity of interconnected sources, including Enterprise Resource Planning

(ERP) systems, Manufacturing Execution Systems (MES), Supervisory Control and

Data Acquisition (SCADA) platforms, and dense networks of Industrial Internet

of Things (IIoT) sensors embedded throughout the shop floor [10, 66]. Each of

these layers captures a distinct facet of the production process: ERP records order

management and scheduling decisions at the business tier; MES provides real-time

machine-level production tracking; SCADA captures low-level signals, alarms, and

actuation commands; and IIoT sensors deliver continuous streams of physical mea-

surements such as temperature, vibration, pressure, and instantaneous power draw

[67, 68]. Together, these heterogeneous sources form a multi-dimensional digital

shadow of the manufacturing system and supply the raw material necessary for

process mining, dynamic sustainability assessment, and multi-parameter optimi-

sation [29, 31]. Depending on how this raw material is structured and analysed,

four progressively richer data representations emerge: (i) tabular snapshot records

29



used in conventional production-efficiency monitoring; (ii) classical event logs that

introduce temporal process-awareness; (iii) object-centric event logs that capture

multi-entity interactions; and (iv) integrated PM-LCA datasets that extend the

operational record with environmental inventory data. Each level subsumes the

previous one and demands a qualitatively different mathematical treatment, as

formalised in the subsections that follow.

Before any analytical framework is imposed, the most primitive data atom

generated by a manufacturing information system is the raw operational record an

atomic observation drawn from a well-defined relational schema. For a system with

k attribute domains A1, A2, . . . , Ak, each raw record is a tuple

r ∈ A1 × A2 × · · · × Ak, (3.1)

and the complete raw dataset accumulated over an observation window is the

relation

R ⊆ A1 × A2 × · · · × Ak, |R| = M. (3.2)

For a typical MES installation, the schema at minimum spans a times-

tamp domain T, a finite machine-identifier set M , an operational state set

S = {running, idle, fault, setup}, a part-identifier set P , and a measurement-value

domain V ⊆ R, so that each MES record takes the form [31, 67]

rMES = (t, m, s, p, v) ∈ T × M × S × P × V. (3.3)

Correspondingly, a raw ERP record encodes the scheduling layer as [11, 66]

rERP = (ord, mat, q, tdue, status) ∈ O × Mat × R>0 × T × Σ, (3.4)

where O is the order-identifier set, Mat the material catalogue, q the order quantity,

tdue the due date, and Σ the finite status alphabet

(e.g., {released, in-progress, completed, scrapped}). The union of all source-system

relations,

R = RMES ∪ RERP ∪ RSCADA ∪ · · · , (3.5)

constitutes the raw manufacturing database from which every higher-level analytical
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dataset is derived [11, 69]. In its native form R offers no direct analytical utility: the

records carry no inherent notion of a production case (how to group records belonging

to the same unit of work), no activity notion (how to interpret a state transition

as a named event), and no guaranteed correspondence between contemporaneous

observations from different source systems [6]. It is precisely this structural ambiguity

that makes the choice of an analytical framing non-trivial: the same relation R

can be projected into any of the four representations described below, and each

projection preserves a different subset of the information it contains [6, 70].

Prior to the adoption of process mining methodologies, the dominant dataset

archetype in production-efficiency research was the structured tabular record, assem-

bled by periodically aggregating MES and ERP outputs into a flat, snapshot-based

representation [11, 71]. In this setting, each production unit j a job, a batch, or a

completed work order is encoded as a d-dimensional feature vector, and the complete

efficiency dataset is the finite set

Deff =
{

xj

}N

j=1, xj =
(
OEEj , CTj , DTj , DRj , ECj , . . .

)⊤ ∈ Rd, (3.6)

where N is the number of observed production units in the recording window and

each coordinate of xj corresponds to a scalar key performance indicator such as

Overall Equipment Effectiveness (OEE), Cycle Time (CT ), Downtime (DT ), Defect

Rate (DR), or Energy Consumption (EC). The dataset Deff supports regression

analysis, clustering, and statistical process control [72, 73], and is the natural

output of conventional MES reporting dashboards [71]. However, it suffers from

a fundamental structural limitation: it discards the sequential execution order of

production activities. Two units may share an identical vector xj yet have followed

entirely different operational paths through the factory, a distinction that Deff

cannot represent [6]. This inability to capture the how the sequence, concurrency,

and waiting patterns of production motivates the introduction of the event log as

the primary data type within process mining [70, 74].

The oldest and most studied data structure in process-oriented manufacturing

research is the classical event log, which records the execution history of a process

as a set of timestamped, case-attributed activity observations [6, 75]. Formally, a
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classical event log is defined as the tuple

L = (E, A, C, π), (3.7)

where E is a finite set of events, A is the activity alphabet, C is the set of case

identifiers (e.g., production order numbers, product serial identifiers), and π : E →

A × C × T is a total function mapping each event to its activity label, owning case,

and occurrence timestamp, with T ⊂ R≥0 denoting the temporal domain. A trace

for case c ∈ C is the ordered sub-sequence

σc = ⟨e1, e2, . . . , e|σc|⟩, where πt(ei) ≤ πt(ei+1) ∀ i, (3.8)

with πt denoting the timestamp projection of π. Industrial event logs routinely

contain hundreds of thousands of such traces, recording machine state transitions,

operator actions, quality inspection checkpoints, and inter-station material han-

dovers, thereby exposing the behavioural complexity intrinsic to production lines,

including cycle-time variation, non-productive waiting, and rework loops [30, 31, 76].

Whilst classical event logs are well-suited to single-entity processes, modern

manufacturing environments involve rich interactions among multiple co-occurring

objects, such as raw-material batches, tooling assets, work orders, and human

operators. Forcing such concurrent interactions into a single-case structure causes

severe information loss, commonly manifesting as convergence and divergence

artefacts in discovered process models [42, 43]. Object-Centric Event Logs (OCEL)

address this structural limitation by natively mapping each event to a set of

simultaneously involved objects. An OCEL is formally defined as the tuple

O = (E, A, O, TO, πe, πo, πtype), (3.9)

where O is the universe of objects, TO is the finite set of object types (e.g., raw

material, machine, operator, work order), πe : E → A × T assigns each event an

activity label and a timestamp, πo : E → P(O) maps each event to a non-empty

power-set of participating objects, and πtype : O → TO assigns a type to every object

[43]. The multi-object condition |πo(e)| ≥ 1 is the defining distinction from the

classical log: a single assembly event can simultaneously relate a machine, a material
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batch, and a production order, preserving the full relational structure of shop-floor

interactions without data flattening [20]. This property is particularly consequential

in high-throughput production lines, where a defect event on one object type may

propagate causally across several co-participating objects, a dependency that would

remain invisible in a case-centric representation [46, 48].

In parallel with event-based records, IIoT-equipped production lines generate

continuous time-series data streams from physically embedded sensors [10, 77]. A

sensor stream from instrument k is formally represented as the ordered sequence

sk =
{

(ti, v
(k)
i )

}Nk

i=1, (3.10)

where ti ∈ T is the observation timestamp and v
(k)
i ∈ R is the measured physical

quantity. The inter-sample interval δk = ti+1 − ti governs the temporal resolution of

stream k, whilst the empirical mean v̄(k) = N−1
k

∑Nk

i=1 v
(k)
i and sample variance σ2

k =

(Nk − 1)−1 ∑Nk

i=1(v(k)
i − v̄(k))2 characterise its statistical properties. These streams

are indispensable for condition monitoring, anomaly detection, and predictive

maintenance, enabling early intervention before unplanned downtime materialises

[35, 68, 78]. When aligned temporally with event log timestamps, these sensor

streams enable fine-grained energy attribution to individual activities, a requirement

that is central to high-resolution sustainability accounting [79].

This capability is formalised within the Process Mining–Life Cycle Assessment

(PM-LCA) integrated dataset, a multi-dimensional data structure designed to bridge

execution data what happened on the shop floor and environmental inventory data

what resources were consumed and what emissions were generated at each process

step [8, 36]. Unlike a static LCA inventory that records average industry values

[80], a PM-LCA dataset maps measured operational observations directly onto

quantitative environmental outcomes, enabling a dynamic, per-product footprint

calculation. Each machine m ∈ M is characterised by a state-specific power

profile εm : Sm → R≥0, where Sm = {productive, idle, setup} is its operational

state space [12]. The activity-level energy consumption for event e of duration

∆te = πt(eend) − πt(estart) executing at state s ∈ Sm is

Ee = εm(s) · ∆te, (3.11)
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from which the idle-time energy waste accumulated by machine m across all cases is

Eidle,m = εm(idle) ·
∑
c ∈ C

IT(c)
m , (3.12)

where IT(c)
m is the idle duration of machine m during case c, computed directly from

the event-log timestamps of equation (3.7). This explicit linkage between waiting

time and wasted energy expenditure means that operational bottlenecks identified

by process mining become simultaneously identifiable as environmental inefficiencies

[8, 36]. Each process step is further augmented by an environmental foreground

vector

fe =
(
mraw, Ee, wwater, cCO2 , wscrap

)⊤ ∈ R5
≥0, (3.13)

recording raw-material input, activity energy, water use, CO2-equivalent emissions,

and scrap generation for that individual event [80]. Multiplying fe by background

emission factors from life cycle inventory databases yields a per-product, path-

specific environmental footprint that reflects the actual route a batch took through

the factory rather than a static average [13, 81]. This granular attribution enables

the identification of green bottlenecks process steps that may be time-efficient

but are disproportionately carbon-intensive whose detection is impossible without

event-level alignment of execution and environmental data [12, 36].

Beyond event logs, sensor streams, and PM-LCA records, industrial datasets

include relational and tabular records originating from ERP and MES layers. These

records are characterised by the three canonical dimensions of big data: Volume

(the scale of records accumulated per shift), Velocity (the arrival rate of new

observations), and Variety (the heterogeneity of formats, schemas, and encoding

conventions across systems) [66, 82]. The challenge of schema heterogeneity is well

illustrated by benchmark datasets drawn from multi-modal industrial processes,

where physical sensor readings, process event records, and quality outcome labels

originate from entirely disparate acquisition systems and must be harmonised

before any unified analysis is feasible [83]. In high-throughput production settings,

the combined event, sensor, relational, and foreground environmental streams

can accumulate to hundreds of gigabytes per shift, demanding scalable ingestion

pipelines and semantic alignment procedures before meaningful analysis can proceed

[5, 79].
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The fitness of any dataset for process optimisation depends critically on three

measurable quality dimensions [6, 84]. Completeness quantifies the proportion of

expected observations that were actually recorded:

Qc = 1 − |Emissing|
|Eexpected|

∈ [0, 1], (3.14)

where Emissing = Eexpected \ Eobserved; a value of Qc = 1 corresponds to a gap-free

log. Consistency measures the fraction of records free from cross-source logical or

temporal conflicts (e.g., misaligned timestamps between ERP order records and

MES machine-start events):

Qcon =
∣∣{e ∈ E : ¬ conflict(e)}

∣∣
|E|

∈ [0, 1]. (3.15)

Granularity is characterised by the finest achievable temporal resolution across all

data sources:

∆t∗ = min
k

min
i

{
t
(k)
i+1 − t

(k)
i

}
. (3.16)

High granularity (small ∆t∗) enables micro-level machine-state analysis and per-

activity energy attribution, whereas coarse granularity constrains analysis to macro-

level production tracking and aggregated sustainability estimates [36]. In practice,

achieving Qc ≈ 1, Qcon ≈ 1, and a sufficiently small ∆t∗ simultaneously across all

data layers is a non-trivial integration challenge, yet it is a necessary prerequisite

for constructing reliable analytical models and deriving actionable operational and

environmental insights [5, 85].

The remainder of this chapter binds the abstractions established above to the

specific manufacturing site that supplies the empirical material of the dissertation.

Section 3.2 introduces the TL209 line and its physical and functional architecture;

section 3.3 specifies the on-site acquisition pipeline and the cross-source consistency

procedure that implements equation (3.15) in practice; section 3.4 describes the

Industry 5.0 sensor extension required to populate the social-sustainability pillar in

real time; and section 3.5 reports the numerical baseline that the methodology of

Chapter 5 subsequently consumes.
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3.2 TL209 Case-Study Site and Physical Architec-

ture

The empirical work reported in this dissertation is conducted on a single high-

throughput tube manufacturing line, designated TL209, located at the partner

facility in Debrecen. The line operates at a nameplate rate of 240 tubes/min and

comprises four primary process machines (M1–M4) instrumented with six industrial

sensors (S1–S6) and two Work In Process (WIP) accumulators positioned at the

inter-machine buffers. Within the four-machine sequence, four bottleneck stations,

denoted S202–S205 (extruder, capping machine, printing unit, and packaging

machine), are the principal subjects of the diagnostic, optimisation, and ranking

analyses presented in Chapters 5 and 6. The physical layout of the line is shown

in Figure 3.1, the functional flow and sensing architecture in Figure 3.2, and the

symbolic key for the functional diagram in Figure 3.3.

Figure 3.1: Physical layout illustration of the TL209 tube manufacturing line
(Stations 202–209).

The physical layout in Figure 3.1 is complemented by the functional flow mapping

shown in Figure 3.2. This mapping illustrates the logical sequence of the four primary

machines (M1–M4), the location of the six industrial sensors (S1–S6) used for event

generation, and the position of the Work In Process (WIP) accumulators. The

structural key for these functional symbols is provided in Figure 3.3.

With the physical and functional architecture established, the next section
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Figure 3.2: Functional flow diagram of the DEB – Line TL209 (240 tubes/min),
showing machine sequence and sensing architecture (S1–S6).

Figure 3.3: Key/Legend for the TL209 functional diagram, identifying machine
identifiers, scrap removal points, and Work In Process (WIP) capacity parameters.

describes the on-site acquisition pipeline that converts the telemetry generated by

the four machines and six sensors of Figure 3.2 into the OCEL 2.0 event log that

the methodology of Chapter 5 subsequently consumes.

3.3 On-Site Acquisition Pipeline and Quality As-

surance

The framework ingests data from three systems: the MES records timestamped

state changes and process sequences; six IIoT sensors (S1-S6) capture physical

measurements and power draw at 1 Hz; and the ERP system provides operational

context through production schedules and material specifications. Integrating these

independent sources requires temporal alignment and schema harmonization before
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the analytical pipeline begins.

The process begins with the continuous collection of relevant data from the

manufacturing environment (S1, S2). This involves the following:

• Event Log Generation: Capturing timestamped events from MES or machine

controllers, detailing activities performed, the associated case identifier (e.g.,

production order ID) and the resource/machine involved. This forms the basis

for process mining. Following the formal tuple definition of the classical event

log introduced in equation (3.7), the log is represented operationally as:

L = {σ1, σ2, . . . , σN }, σi = (e1, e2, . . . , emi
) (3.17)

where L is the event log, σi is a trace (case) in the sense of equation (3.8), and

ej are events within the trace. In practice, a state-change detection algorithm

converts the continuous time-series into a structured event log by generating

one event record each time a machine transitions between operational states

(e.g., running → idle, idle → fault) or a continuous sensor reading crosses a

predefined operational threshold. The resulting log is structured in confor-

mance with the Object-Centric Event Log (OCEL) standard, forming the

direct input to the process mining module of Chapter 5 [20, 43].

• Sensor Data Collection: Gathering real-time readings from sensors (e.g., power

meters, temperature sensors). Dedicated power meters installed on the main

machine stations log energy consumption continuously. This telemetry is

aligned temporally with event log timestamps to enable activity-level energy

attribution in the dynamic life cycle assessment step of the methodology. The

1 Hz sampling rate provides a temporal resolution of ∆t∗ = 1 s, which exceeds

the minimum resolution required for machine-state-specific power profiling in

high-speed tube manufacturing contexts [12].

• Contextual Data Integration: Accessing relevant data from ERP or planning

systems (e.g., schedules, material specifications, emission factors).

Prior to entering the process mining pipeline, the integrated dataset undergoes a

data quality assurance pass. The completeness metric Qc and the consistency metric

Qcon introduced in section 3.1 are computed over the combined MES IIoT ERP
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dataset. Records exhibiting cross-source timestamp conflicts exceeding 60 seconds

between the MES event timestamp and the corresponding IIoT sensor record are

flagged as temporally inconsistent and removed from the analytical sample before any

downstream computation is performed. This threshold reflects the maximum state-

change dwell time that can be unambiguously attributed to a single operational state

at the 1 Hz sensor sampling resolution; at 1 Hz, a 60-second window accumulates

60 consecutive readings per machine state, providing a statistically stable basis for

energy attribution rather than relying on a single instantaneous measurement.

The pipeline described above produces the operational and environmental record

that the framework of Chapter 5 consumes. To populate the social-sustainability

pillar introduced in section 2.3–2.3.1 of Chapter 2 with the same activity-instance

granularity, the MES, IIoT and ERP stack is augmented with a compact wearable-

and-embedded sensor extension whose minimum specification is described next.

3.4 Industry 5.0 Sensor Extension: Minimum Vi-

able Sensor Suite

Populating the Ergonomic Risk Index defined in Chapter 5, equation (5.11) in real

time requires a compact extension of the MES and IIoT stack that the acquisition

pipeline of section 3.3 already ingests. Following [17–19], the Minimum Viable

Sensor Suite (MVSS) adopted for the Industry 5.0 extension of the framework is:

• Inertial measurement units (IMUs). Body-worn 9-DoF IMUs (one per

upper limb, one trunk) sampled at ≥ 50 Hz supply the joint-angle stream

from which the RULA action score is computed at the current pose. This

channel replaces the manual observation sheet of the original RULA protocol

with a continuous sensor feed.

• Surface electromyography (EMG). A two-channel sEMG patch on the

dominant forearm and trapezius supplies the muscle-activation envelope from

which the OCRA frequency and force multipliers are estimated, together with

a shift-level fatigue signal correlated with sustained isometric load.

• Instrumented load cells. A floor-embedded load-cell mat (or the instru-

mented tool handle where applicable) supplies the vertical-force and centre-
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of-pressure streams required by the revised NIOSH equation for the lifting

index.

• Optional vision channel. A single RGB or RGB-D camera with a modern

2-D pose-estimation backbone can supplement or substitute for the IMU

channel in workstations where occlusion-free line of sight is available, reducing

the operator-worn hardware at the cost of a vision-processing pipeline on the

cloud platform.

All four streams are timestamp-aligned with the OCEL event log through the same

60 s cross-source consistency filter defined in section 3.3, so that each ergonomic-

index value is attributed to exactly one event (i, j, k) and the activity-instance

granularity of the optimisation objectives in Chapter 5 is preserved. The MVSS is

additive with respect to the existing MES, IIoT, and ERP stack: no modification of

the production control system is required, and the ergonomic-index calculators run

on the cloud platform alongside the existing process-mining and dLCA modules.

With the operational, environmental, and social acquisition stacks specified, the

next section reports the numerical inventory that results from applying the pipeline

of section 3.3–3.4 to the eight-week observation window on the TL209 line. This

inventory constitutes the empirical input to every diagnostic, optimisation, and

ranking computation in Chapter 6.

3.5 Numerical Inventory and Baseline Snapshot

3.5.1 Hourly Telemetry Record Snapshot

The acquisition pipeline of section 3.3 persists the four operational and envi-

ronmental streams as an hourly per-station telemetry record covering the four

bottleneck stations of TL209 over the 2021–2024 observation horizon. Each row

is a single (date, hour, station) tuple and carries thirteen attributes: the calen-

dar key (date, hour), the station identifier stn ∈ {S202, . . . , S205}, the Boolean

evening-peak flag peak that tracks the [16:00, 20:00) window of the Hungarian grid

(section 3.6), the state-resident minutes (run_min, idle_min) whose sum is bounded

by the 60 s consistency filter of section 3.3, the hourly energy draw ec_kwh, the

produced and rejected unit counts (units, defects), the defect-derived waste mass

40



wg_kg, the grid emission factor ef applied to that hour under equation (5.6), the

attributed CO2 mass ce_kg = ec_kwh · ef, and the composite ergonomic risk index

eri_hour defined in section 5.1.5. The complete record contains 140,256 row-hours

(four stations × 24 hours × 1,461 calendar days of the 2021–2024 window) and

is the raw input to the OCEL transformation reported in section 3.5.2. Table 3.1

shows a representative eight-row extract that contrasts an off-peak hour (hour 0,

εoff = 0.200) with the evening-peak hour 17 (εpeak = 0.275) on a single calendar

day.

Table 3.1: Representative extract from the hourly per-station telemetry record of
line TL209 for 2022-06-15, showing the four bottleneck stations S202–S205 in one
off-peak hour (hour 0) and the evening-peak hour 17. Column semantics follow
section 3.1: run/idle in minutes per hour, ec in kWh, wg and ce in kg, ef in
kg CO2/kWh, eri dimensionless. The step from ef = 0.200 to ef = 0.275 across
the peak boundary is the hourly manifestation of the two-window grid factor of
section 3.6.

date hr stn peak run idle ec units def wg ef ce eri
2022-06-15 0 S202 off 11.79 48.21 9.701 2.300 0.064 0.372 0.200 1.940 0.084
2022-06-15 0 S203 off 11.19 48.81 9.541 2.477 0.058 0.338 0.200 1.908 0.094
2022-06-15 0 S204 off 10.55 49.45 8.638 1.993 0.070 0.393 0.200 1.728 0.071
2022-06-15 0 S205 off 11.80 48.20 9.572 2.437 0.069 0.373 0.200 1.914 0.092
2022-06-15 17 S202 peak 49.62 10.38 40.816 9.678 0.269 1.565 0.275 11.224 0.354
2022-06-15 17 S203 peak 46.13 13.87 39.327 10.210 0.237 1.393 0.275 10.815 0.386
2022-06-15 17 S204 peak 44.24 15.76 36.216 8.357 0.293 1.648 0.275 9.959 0.296
2022-06-15 17 S205 peak 44.28 15.72 35.922 9.144 0.259 1.400 0.275 9.879 0.345

Three invariants of the record are visible in Table 3.1. First, the state-resident

minutes satisfy run + idle = 60 s per hour, which is the closure condition enforced

by the consistency filter of section 3.3. Second, the attributed carbon ce = ec · ef

holds to four decimal places on every row, so the record is consistent with the dLCA

attribution equation (5.5) at the hourly granularity. Third, the energy draw at

hour 17 is approximately 4× the draw at hour 0, reflecting the intra-day run/idle

shift rather than any parameter change at the machines themselves, whereas ef

changes discretely at the peak boundary; the two effects compound in ce, producing

the ≈ 6× carbon differential per hour that motivates the time-resolved attribution

framework adopted throughout the dissertation.

3.5.2 Event Log and Data Transformation

The framework was validated using historical and real-time data collected from

sensors and MES logs within the tube manufacturing facility described in section 3.2.
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The data encompassed operational parameters (cycle times, throughput, idle times,

defect rates) and environmental metrics (energy consumption, derived emissions,

waste generation).

Raw sensor data (32,257 rows of hourly snapshots across 123 columns) were

transformed into a granular event log (S1) by the state-change detection algorithm

of section 3.3. An event was generated each time a machine’s status sensor changed

state (e.g., from idle to running); for continuous sensors, an event was recorded

when the reading crossed a pre-defined threshold. This produced a structured log

of 391,127 discrete events (S2), each containing a CaseID, Activity, Timestamp,

Resource, and Event Type; a representative extract is shown in Table 3.2.

Table 3.2: Event log sample (first 10 events).

CaseID Activity Timestamp Resource Event Type Value
Station_207 Sensor_6_Start 1/4/2021 6:00 S6_207 Start 1
Station_205 Sensor_4_Start 1/4/2021 7:00 S4_205 Start 1
Station_207 Sensor_6_Complete 1/4/2021 7:00 S6_207 Complete 0
Station_203 Sensor_4_Start 1/4/2021 8:00 S4_203 Start 1
Station_207 Sensor_7_Start 1/4/2021 8:00 S7_207 Start 1
Station_202 Sensor_7_Start 1/4/2021 9:00 S7_202 Start 107
Station_203 Sensor_4_Complete 1/4/2021 9:00 S4_203 Complete 0
Station_205 Sensor_1_Start 1/4/2021 9:00 S1_205 Start 78
Station_205 Sensor_2_Start 1/4/2021 9:00 S2_205 Start 2
Station_205 Sensor_4_Complete 1/4/2021 9:00 S4_205 Complete 0

3.5.3 Baseline Machine Performance and Operational Con-

straints

Table 3.3 presents the eight key performance indicators recorded at each bottle-

neck station during the pre-optimisation observation period. These values define

the starting point (Pbase) for all subsequent optimisation and comparison work.

The system totals are: 4,015 kWh/day energy, 863.2 kg CO2/day emissions, and

146.5 kg/day waste; the system-average Ergonomic Risk Index is ERI = 0.450 (the

Industry 5.0 social-sustainability pillar introduced in Chapter 5). The carbon total is

reported under the Hungarian LCA grid intensity of Anita et al. [22] (εpeak = 0.275,

εoff = 0.200 kg CO2/kWh, evening peak window [16:00, 20:00)); the corresponding

site-average intensity is 0.215 kg CO2/kWh, within the 0.185–0.275 envelope of the

reference study.
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Table 3.3: Baseline operational and environmental performance of the bottle-
neck stations (TL209). The final column (ERI) is the Industry 5.0 social-
sustainability addition (Chapter 5, equation (5.11)); per-station values are computed
as ERIbase,i ∝ (1/CTi)(1 + DRi/100) and anchored so that ERI = 0.450.

Machine / Station CT IT TP DR EC CE WG ERI
(s) (s) (units/day) (%) (kWh/day) (kg CO2/day) (kg/day) (–)

Extruder (S202) 750 95 115 2.8 485 104.3 18.5 0.428
Capping Machine (S203) 636 82 135 2.3 520 111.8 19.8 0.502
Printing Unit (S204) 804 124 108 3.5 468 100.6 21.2 0.402
Packaging Machine (S205) 684 98 126 2.6 495 106.4 20.5 0.468
System total 484 4,015 863.2 146.5 0.450†

† Arithmetic mean across S202–S205 (not a sum); anchors the Ciccarelli-2025 RULA, OCRA and
NIOSH composite to ERI = 0.450.

Table 3.4 defines the operational and environmental boundary conditions en-

forced throughout the optimisation. Every solution on the Pareto front satisfies all

constraints listed here.
Table 3.4: Operational and environmental constraints applied during optimisation.

Constraint
group

Parameter Value

Operational

Machine utilisation limit 95%
Minimum throughput 94 units/day
Maximum idle time 15%
Station availability 98%

Environmental
Maximum energy consumption (EC) 600 kWh/day per machine
Maximum carbon emissions (CE) 300 kg CO2/day per machine
Maximum waste generation (W G) 24 kg/day per machine

Data Management
Data transfer latency 250 ms
Sensor sampling rate 1 Hz minimum
Historical retention 5 years

The three tabulated environmental limits implement the admissibility constraints

in equations (5.18)–(5.20). Energy and carbon match the central framework paper

[27] and the feasibility filter for the Pareto front (Section 6.5.1): 600 kWh/day

and 300 kg CO2/day per machine, reflecting worst-case scenarios observed at the

bottleneck segment with operational margin relative to the peak daily baselines

in Table 3.3 (520 kWh/day and 260 kg CO2/day, respectively). The waste cap

extends the same proportional uplift as for energy (600/520) to the highest observed

bottleneck waste generation (21.2 kg/day at the printing unit), i.e. 21.2×(600/520) ≈

24.5 kg/day, rounded to 24 kg/day per machine for the dissertation implementation

tabulated here.
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3.6 Hungarian Grid Emission Factors

The dynamic life-cycle assessment module of Chapter 5 attributes energy draw to

carbon emissions through the two-window Hungarian grid intensity of Anita et al.

[22]: an off-peak factor of εoff = 0.200 kg CO2/kWh for the twenty hours outside

the evening-peak window, and a peak factor of εpeak = 0.275 kg CO2/kWh during

the four-hour evening peak [16:00, 20:00). The 37.5% difference between these two

factors means that the same energy draw at Station 202 generates substantially

different CO2 attributions depending solely on the clock time of the event. A

static LCA model using the site-averaged annual intensity of ĒF = 863.2/4015 ≈

0.215 kg CO2/kWh would systematically under-report evening-peak emissions by

approximately 28% and over-report all other hours by approximately 7.5%; the

under-reporting error is structurally larger because the peak window coincides with

the end-of-shift ramp that concentrates line-pacing decisions and the irreducible

stand-by load on the bottleneck cells. Table 3.5 summarises the published Hungarian

grid-EF record used to parameterise this window.

Table 3.5: Published Hungarian grid emission-factor (EF) sources, most recent to
oldest, together with the envelope adopted for the dLCA attribution of equation (5.6).
The Anita et al. (2025) LCA envelope is the one retained for the baseline calibration
of Table 3.3 and for all Pareto-front evaluations in Chapter 6 (Thesis III).

Source Year Value
(kg CO2/kWh)

Resolution Basis / notes

Anita et al. [22]† 2024 0.140–0.240 (direct)
0.185–0.275 (LCA)

Hourly, with
16:00–20:00 peak

Operational +
LCA; ENTSO-E
hourly flow-tracing;
peer-reviewed
(WEVJ 16(4):240)

MAVIR RED III
series [86]

2023 0.19–0.26 Hourly,
attributional

Hungarian TSO,
Directive 2018/2001
compliance series

EEA country
intensity [87]

2022 0.181 Annual,
location-based

European
Environment
Agency;
single-value
baseline

Ember monthly
review [88]

2023 0.20 Monthly,
operational

Flow-tracing
against imports;
fuel-mix
decomposition

† Adopted as the dLCA parameterisation. The two-level piecewise form of equation (5.6) anchors
εpeak and εoff to the upper and lower bounds of the LCA envelope in [22], so that the carbon
total 863.2 kg CO2/day is consistent with the Hungarian grid record and the ±30% sensitivity

band examined in Chapter 6 encloses every other entry in the table.
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3.7 NSGA-II Optimisation Configuration

To ensure the reported Pareto front meets the required academic rigour, the NSGA-

II solver applied in Chapter 6 is executed using the population and computation

parameters specified in Table 3.6. These settings are chosen so that the search

space is explored with enough density to identify the non-dominated configurations

(P1–P18) while maintaining the 95% utilisation constraint mandatory for industrial

feasibility; the values are fixed input constants to the analysis and therefore belong

with the dataset description rather than with the analytical results that they

produce.

Table 3.6: NSGA-II computational hyperparameters and justification.

Parameter Specification Justification
Solver Algorithm NSGA-II Standard for multi-

objective non-dominated
sorting logic.

Population Size (N) 100 individuals Provides global coverage
across the 9-station deci-
sion space.

Max Generations (G) 200 generations Achieves convergence sta-
bility of ±10−4.

Crossover Rate (Pc) 0.9 (SBX) Required for global search
across bottleneck configu-
rations.

Mutation Rate (Pm) 0.1 (Polynomial) Prevents premature con-
vergence near the 95%
utilisation limit.

Selection Logic Tournament Based on Pareto Rank
and Crowding Distance
diversity.

The numerical inventory consolidated in this section, comprising 32,257 raw

sensor records, 391,127 OCEL state-change events, the per-station baseline of

Table 3.3, and the feasibility envelope of Table 3.4, is the empirical input to every

diagnostic, optimisation, and ranking computation reported in Chapter 6. The

criterion-weight vector that consumes these data inside the NSGA-II objectives

and the GRA–TOPSIS ranking is derived in Chapter 6 (section 6.1) from the same

baseline through the hybrid Fuzzy AHP and Shannon Entropy procedure formalised

in Chapter 5.
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Chapter 4: Critical Review and

Research Gap Analysis

Chapter 2 surveyed the main bodies of knowledge relevant to this dissertation. This

chapter converts that survey into a critical analytical position by identifying what

remains methodologically unresolved when operational efficiency and environmental

sustainability must be improved simultaneously.

4.1 Critical Synthesis of the Reviewed Studies

Process mining is well established for reconstructing actual workflows from event

logs, identifying bottlenecks, and evaluating conformance between observed and

normative behaviour [6, 44, 89]. Its critical limitation, however, is that even when

resource utilisation is included, the analysis remains focused on time, frequency,

and compliance: carbon emissions, energy intensity, and waste generation are rarely

attached to process instances with the same granularity as operational metrics

[8, 31]. Process mining can reveal where delays occur, but not how those delays

co-vary with environmental burdens in real time.

Life Cycle Assessment provides the internationally standardised basis for quan-

tifying environmental burdens across processes and products [4, 49]. Its limitation

is temporal and operational rather than conceptual: most LCA applications in

manufacturing remain static and retrospective, relying on averages and batch-level

aggregates that are poorly matched to fast-changing production conditions [50, 51].

Conventional LCA may identify a hotspot at the process-stage level but cannot

explain how a specific machine setting or delay pattern altered environmental impact

during actual execution.

Multi-objective optimisation is the correct mathematical response once efficiency

and sustainability are treated as simultaneously important but conflicting goals,

with NSGA-II providing strong evidence that Pareto-based search outperforms

single-objective methods across manufacturing trade-offs [9, 52, 54]. The limitation
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lies in the upstream data architecture: objectives are often computed from historical

or scenario-based inputs rather than live process measurements [90], and Pareto gen-

eration alone is insufficient for deployment without a systematic post-Pareto ranking

step to translate a frontier of options into a single implementable recommendation

[55, 91].

The literature therefore reveals a consistent pattern: process mining explains

operational behaviour but not environmental impact at instance level; LCA explains

environmental impact but not at event-level operational resolution; and MOO

can balance conflicting objectives only if fed by timely, trustworthy inputs. What

remains unaddressed is a closed-loop integration of all three in a validated industrial

setting [8, 36].

4.2 Refined Research Questions

1. How effectively can process-mining-based workflow recovery represent the

actual operational behaviour of a complex multi-stage manufacturing system?

2. How can operational and environmental metrics be integrated into a unified

optimisation model without losing the specificity of either domain?

3. To what extent can the integrated framework generate and rank feasible

trade-off solutions for simultaneous efficiency and sustainability improvement?
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Chapter 5: Proposed Mathematical

Method and Framework

This chapter presents the Integrated Process and sustainability mining

framework, Multi-Objective Optimization Model for Operational and

Environmental Performance (IPSMF-MOOM-OEP). This methodology inte-

grates process mining, dynamic life cycle assessment (dLCA), and multi-objective

optimisation to enhance TL209 production line performance [27]. The framework is

demonstrated using a representative high-throughput week from the TL209 manu-

facturing line to generate step-by-step computations and visualisations [29, 30].

5.1 Framework Architecture

The framework utilizes a cloud platform to manage the high computational demands

of the analytical pipeline. Concurrently executing process discovery, dynamic LCA

attribution, and NSGA-II populations requires elastic resource scaling that exceeds

the capacity of local edge controllers. This cloud-based approach ensures near

real-time processing without latency between data acquisition and analytical output

[10, 11].

The framework adopts a three-layer cloud architecture. The data layer ingests

ERP, MES event streams and IIoT sensor telemetry from TL209 via a message queu-

ing service, buffering incoming records and enforcing the OCEL 2.0 schema [20, 45]

together with the 60 s consistency filter of equation (3.15) before passing them

to the processing layer. The processing layer hosts the four analytical modules:

the object-centric process mining engine (Inductive Miner with performance and

conformance analysis on OCEL 2.0 logs), the dynamic LCA inventory compiler

driven by the two-window Hungarian grid factor of Anita et al. [22], the Ergonomic

Risk Index compiler that fuses the RULA, OCRA, and NIOSH-LI channels of the

minimum viable sensor suite, and the feasibility-constrained NSGA-II optimisation

solver together with the hybrid Fuzzy AHP and Shannon Entropy weight-derivation
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routines feeding a GRA–TOPSIS ranking stage. The presentation layer delivers

the rank-1 recommendation, the full Pareto-front table, and operational monitor-

ing dashboards to production engineers, and writes the top-ranked configuration

parameters back to a monitoring interface accessible to the MES. This three-layer

decomposition mirrors the cloud manufacturing reference architectures documented

in the literature, which consistently distinguish data infrastructure, analytical

computation, and user-facing service tiers as functionally distinct concerns [11].

The overall architecture, depicted conceptually in Figure 5.1, establishes a

systematic flow from real-time data acquisition to optimised parameter recommen-

dations. The cloud platform is crucial for the following:

• Data Ingestion and Storage: Handling high-speed, high-volume data streams

from numerous sensors and manufacturing systems (ERP, MES) across poten-

tially many production lines [92].

• Scalable Computation: Providing on-demand computational resources re-

quired for demanding tasks such as process discovery algorithms (e.g., In-

ductive Miner), real-time LCA calculations, and complex multi-objective

optimisation solvers (NSGA-II) [93]. The efficient utilisation and optimisa-

tion of these cloud resources are themselves critical aspects, often addressed

through exploratory data analysis and machine learning techniques [94].

• Integration and Centralisation: Acting as a central hub to integrate diverse

data sources and make processed information and optimisation results acces-

sible to relevant stakeholders and downstream control systems.

5.1.1 Research and Modelling Assumptions

The mathematical formulation that follows in Steps 1–7 rests on a set of research

and modelling assumptions that bound the scope of the framework and are stated

explicitly here. These assumptions are the conditions under which the MCDM layer

(Fuzzy AHP and Shannon Entropy for weighting, and GRA–TOPSIS for ranking)

and the NSGA-II solver produce results that are internally consistent with the

observed TL209 operational regime. They apply jointly to Chapters 5 and 6.

• A1 – Event-log completeness. The OCEL 2.0 event log L recovered by the

ingestion layer is assumed to capture every machine state transition over the
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Figure 5.1: Architecture of the cloud-based IPSMF-MOOM-OEP framework.

observation window. Records excluded under the 60 s cross-source consistency

filter (Step 1) are treated as missing-at-random with respect to the decision

variables.

• A2 – Stationary process regime. The underlying process structure (routing

graph, rework topology, scrap-diversion logic) is assumed to be stationary

across the eight-week observation horizon. Short-horizon disruptions (tool

changes, unplanned stoppages, supply interruptions) are absorbed into the

idle-time and defect-rate distributions rather than modelled as exogenous

shocks.

• A3 – Machine-state power additivity. Station-level energy consumption

is assumed to be the time integral of the machine-state-specific power profile

εm(s) over the event duration (equation (5.3)); power cross-coupling between

adjacent stations via the shared bus bar is treated as a bounded second-order

effect absorbed into the ±2% measurement uncertainty of the EC signal.

• A4 – Hybrid foreground–background inventory and time-resolved

grid emission factor. The dLCA inventory follows the hybrid foreground–

background convention of ISO 14044:2006, section 4.3.1 [95]: foreground
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process data – activity-level power telemetry Pi(t), event timings, and ma-

chine states – are primary data collected on site at the case-study facility

over the eight-week observation window, whereas the grid emission factor

EF (t) is a secondary, time-matched, literature-calibrated coefficient adopted

by the researcher from the published European grid-carbon literature because

the facility itself does not meter grid-mix composition. For computational

tractability EF (t) is represented by the two-window piecewise form of equa-

tion (5.6), which captures the structural peak/off-peak split of the Hungarian

grid mix; finer hourly variation is treated as a bounded residual absorbed into

the ±30% sensitivity band of εpeak and εoff reported in Chapter 6.

• A5 – Decision-maker linguistic consistency. The expert pairwise judge-

ments feeding the Fuzzy AHP pairwise matrix (Step 5b) are assumed to

be linguistically consistent in the sense of Chang [24]: the triangular-fuzzy-

number spread (m−1, m, m+1) captures the decision maker’s uncertainty

around each crisp judgement m, and the resulting pairwise matrix satisfies

the fuzzy consistency ratio C̃R < 0.10.

• A6 – Objective-agnostic NSGA-II and post-hoc MCDM on a fixed

non-dominated set. The 18-solution non-dominated front returned by

NSGA-II at generation Gmax = 200 is assumed to approximate the true

Pareto frontier within hypervolume tolerance τHV ≤ 1%. The NSGA-II

evolution is objective-agnostic in the MCDM sense: the vector objectives

(f1, g2) enter the non-domination sort without reference to the hybrid FAHP

and Entropy weight vector w⋆, so that the Pareto front is a structural property

of the decision variables and the dLCA inventory rather than of managerial

preference. The MCDM layer (FAHP pairwise extent analysis, Shannon-

entropy weighting, and GRA–TOPSIS ranking) is applied to this discrete

front as a fixed alternative set; no re-evolution of the population is performed

during the ranking stage. Consequently, alternative weight vectors arising

from the λ-sweep or the β-sensitivity analysis reorder the ranking of the 18

solutions but leave the non-dominated front itself invariant.

Assumptions A1–A4 scope the data pipeline and the dLCA inventory; A5–A6 scope

the decision-making layer. The four-tier sensitivity analysis of Section 6.6.5 and the
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λ-ζ landscape reported in Chapter 6 quantify the sensitivity of the recommended

configuration to the most load-bearing of these assumptions, namely A5 (fuzzy-

judgement spread) and A6 (Pareto-front stability).

5.1.2 Step 1: Data Acquisition and Monitoring

Step 1 of the framework consumes the on-site acquisition pipeline described in

Chapter 3, section 3.3, together with the Industry 5.0 sensor extension of section 3.4.

To avoid duplication, the MES, six IIoT sensors and ERP instrumentation stack,

the 60 s cross-source consistency filter that implements equation (3.15), and the

state-change detection rule that converts continuous telemetry into the OCEL 2.0

event log L of equation (3.17) are specified in Chapter 3 and are not restated here.

Step 1 takes the resulting OCEL 2.0 log L, the activity-level power telemetry Pi(t),

and the ERP context records as input and forwards them unchanged to Steps 2

(process mining) and 3 (dynamic LCA inventory) of the methodology.

5.1.3 Step 2: Process Mining for Operational Insight

The choice of discovery algorithm for this step is consequential because different

algorithms make different guarantees about the structural properties of the models

they produce. The Alpha Miner, while foundational, is known to fail on event logs

containing short loops and non-free-choice constructs, both of which are present

in TL209’s rework topology (Station 205 → 204). The Heuristic Miner and Fuzzy

Miner can handle noise-laden logs but produce models that are not guaranteed to

be sound workflow nets: they may contain deadlocks or livelocks that render the

discovered model unexecutable and therefore analytically unreliable. In contrast to

these alternatives, the Inductive Miner is selected here because it guarantees the

soundness of every discovered process model by construction, ensures the absence

of deadlocks and livelocks, and produces hierarchically decomposed process trees

that are directly interpretable by production engineers without post-processing.

Critically, the Inductive Miner detects concurrency and loop structures from the

event log without introducing false-positive noise edges, making it well-suited to

the TL209 context in which cross-transitions (e.g., Station 202 → 205) and rework

loops coexist within a generally sequential flow [6, 31].

The event logs collected (L) are fed into the process mining module (S3, S4, S5)
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[31]:

• Process Discovery: The Inductive Miner algorithm generates a process model

(e.g., Petri Net or BPMN) that represents the actual workflow (see Figure 6.2

in Section 6.2.2).

• Performance Analysis: Operational KPIs are calculated from the event data:

– Cycle Time (CT ): measures the elapsed time from the start to the

completion of a single production order at one station. Its variability

across stations directly reveals scheduling imbalances: a station whose

CT distribution has a high coefficient of variation is a candidate source

of flow instability regardless of whether it is the absolute bottleneck.

– Waiting Time/Idle Time (IT ): measures non-productive time caused

by upstream blockage or downstream starvation. The accumulation of

IT at bottleneck stations is directly correlated with idle-state energy

waste, as formalised in the idle energy equation in Chapter 2: a station

that waits for upstream supply continues to draw standby power without

contributing to throughput. Bottlenecks identified via the following:

Bottleneckij = arg max
i,j

Waiting Timeij (5.1)

– Throughput (TP ): measures completed production orders per unit time.

Improving throughput requires targeted intervention at the constraining

station rather than uniform parameter adjustment across the line.

– Resource Utilisation (Ui) for resource i:

Ui = Tactive,i

Ttotal,i
(5.2)

where Tactive,i is active time and Ttotal,i is total time. Ui identifies

stations operating at near-capacity utilisation, which carry a high risk

of cascading overload, as well as stations with available slack that could

absorb additional work orders without degrading flow.

• Conformance Checking (Optional): Comparing logs against normative models

[96].
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The Petri Net produced by the Inductive Miner in this step performs a structural

function beyond performance diagnosis: it provides the process-structural context

that Step 3 requires to attribute environmental impacts to specific activity types,

and defines the topology of the decision variable space that Step 4 uses to construct

the optimisation problem. The discovered model is therefore not a visualisation

artefact but an analytical input to the subsequent pipeline stages [27].

5.1.4 Step 3: Dynamic Life Cycle Assessment (LCA) Inven-

tory

The dynamic LCA module applied in this step departs from conventional static LCA

in a theoretically significant way. Static LCA applies industry-average emission

factors uniformly across an entire production run, assigning the same environmental

burden per unit to every tube regardless of whether it was produced during a fully

loaded running state or a partial-capacity idle state. The dynamic LCA module

instead uses machine-state-specific power profiles εm(s), defined in Chapter 2, to

attribute energy consumption to each individual event recorded in the OCEL.

Because each event in the log carries a precise start and end timestamp, the power

meter telemetry from the 1 Hz sensor stream can be integrated over exactly the

duration of that event, yielding an energy figure that reflects the actual operational

state of the machine during that specific activity instance. This allows the framework

to distinguish, for example, between energy consumed during productive tube

processing and energy wasted during idle periods at bottleneck stations, producing

an instance-level environmental inventory rather than an annual aggregate total

[12, 21]. The empirical significance of this distinction is substantial: a spatiotemporal

dynamic LCA study found temporal variation of 23–38% and spatial variation of up

to 76% in global warming potential for identical production designs evaluated under

different conditions [3], confirming that a static industry-average figure cannot

represent the environmental burden of a line that operates across multiple machine

states within a single production shift.

The framework performs a dynamic LCA inventory analysis using real-time data

to quantify environmental burdens at the process-instance level (S6, S7). This step

moves beyond traditional static LCA by linking live data to environmental impacts,

forming a basis for subsequent optimisation. The analysis includes the following:
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• Energy Consumption (EC): Calculated by integrating power readings Pi(t)

over the event duration (extending the machine-state energy formulation of

equations (3.11)–(3.12) in Chapter 2 to the full sensor-integrated form):

ECinstance/period =
∑

i

∫ tend,i

tstart,i

Pi(t) dt (5.3)

Equation (5.3) retains the time-additive form of delivered electrical energy: one

kilowatt-hour is one kilowatt-hour regardless of the clock, which is the correct

accounting unit for sub-metering, billing compliance, and the operational

KPI reported to plant management. The value of that kilowatt-hour to

the environmental objective, however, does vary with the clock, because the

Hungarian grid mix shifts diurnally between a nuclear-and-hydro-heavy off-

peak regime and a fossil-and-import-heavy peak regime. Two complementary

time-resolved factors therefore act on the same Pi(t) stream: [12, 92]

EC⋆
instance/period =

∑
i

∫ tend,i

tstart,i

Pi(t) π(t) dt, (5.4)

where π(t) is a piecewise-constant site-specific primary-energy and time-of-use

weighting factor taking the value πpeak during the Hungarian grid evening-peak

window (16:00–20:00) and πoff outside this window, parameterised from the

same Hungarian grid-mix and tariff schedule that calibrates EF (t). Setting

π(t)≡1 recovers the physical metering formulation of equation (5.3); selecting

a primary-energy factor (e.g. πpeak =2.5, πoff =2.1 following the EN 15603 /

EU conversion convention [97]) yields a primary-energy consumption metric

that is dimensionally consistent with the carbon integral of equation (5.5);

selecting the retail tariff schedule yields a peak-shaving cost surrogate. The

environmental objective g2(x) in Step 4 admits either EC or EC⋆ as input via

a configuration selector, and the sensitivity of the ranked Pareto solutions to

that choice is reported alongside the λ, ζ, β sweeps in Chapter 6. This preserves

strict parallelism with the CE integral below: the same Pi(t) telemetry is

evaluated against a scalar time-invariant factor for the unweighted metric

and against a diurnally varying factor for the time-specific metric, so that

the temporal-resolution argument that justifies EF (t) for carbon is applied
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consistently to energy wherever grid-mix variability is material to the decision.

• Carbon Emissions (CE): Estimated by integrating the instantaneous power

draw against a time-resolved grid emission factor EF (t) rather than a single

annual average, so that the same kWh consumed at different times of day is

attributed its real carbon cost: [21, 33]

CEinstance/period =
∑

i

∫ tend,i

tstart,i

Pi(t) · EF (t) dt (5.5)

The factor EF (t) is a piecewise-constant site-specific grid emission coefficient

of the form

EF (t) =


εpeak = 0.275 kg CO2/kWh, t ∈ [16:00, 20:00)

εoff = 0.200 kg CO2/kWh, otherwise.
(5.6)

Equation (5.6) is applied to the foreground power telemetry Pi(t) under

the hybrid foreground–background inventory convention of ISO 14044:2006,

section 4.3.1 and ISO 14067:2018, with the two-window values parameterised

from the Hungarian grid study of Anita et al. [22] as derived in section 3.6.

The integral of equation (5.5) reduces to ECi · EF i only when EF (t) is

constant across the event duration; when an event straddles the 16:00 or

20:00 boundary, the two segments are attributed to their respective factors,

preserving the temporal specificity that a static annual-average LCA discards.

Uncertainty in the secondary background factors is propagated into CE

through the β-sensitivity sweep of Chapter 6, which demonstrates that the

recommended configuration is stable under ±30% perturbations of both εpeak

and εoff [22, 95, 98, 99].

• Waste Generation (WG): Quantified from detected defects Qi and conversion

factors δi:

WGinstance/period =
∑

i

(Qi · δi) (5.7)

The EC, CE, and WG values computed by this step constitute the environmental

objective inputs g2(x) in Step 4. Because they are derived from live process data -

specifically the event-level power telemetry and quality inspection outcomes recorded
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in real time -rather than from a static model calibrated to historical averages, the

optimisation problem is grounded in the actual operational behaviour of TL209

at the time of analysis. This linkage between dynamic LCA and the optimisation

objective is the core integration contribution of the framework: by sharing a single

analytical pipeline with the process mining module (which provides the activity-

typed event structure) and the NSGA-II solver (which consumes the resulting

environmental costs as objective function inputs), the dynamic LCA step ensures

that any improvement in the Pareto-optimal front corresponds to a genuine reduction

in measured environmental burden rather than an artefact of modelling assumptions

[27, 36].

5.1.5 Step 4: MOOM-OEP Formulation

The Multi-Objective Optimisation Model (MOOM-OEP) uses insights from Steps 2

and 3 to define and solve the optimisation problem (S8, S9) [100].

Decision Variables

• Xijk: Continuous variable representing the processing time (in seconds) for

activity k on machine j in line i. This variable is a key determinant of cycle

time and throughput.

• Yijk: Binary variable (Yijk ∈ {0, 1}) for the assignment of activity k to

machine j in line i. This is used for routing decisions where alternatives exist.

• Zijk: Continuous variable representing the allocation of a divisible resource

(e.g., energy budget in kWh, or operator time as a percentage) to activity k

on machine j in line i. This is distinct from processing time and governs the

intensity of the operation.

• Cij : Cloud computational load generated by machine j in line i.

In the TL209 context, each variable has a concrete physical interpretation that

connects the abstract optimisation formulation to the operational reality of the

line. Xijk represents the configurable cycle time at each station: while the physical

processing constraints of each machine impose hard lower bounds on how quickly

an activity can be completed, there is a feasible range within which the cycle time
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is adjustable through scheduling and machine parameter settings. Yijk captures

routing decisions at the rework diversion points: a value of 1 directs output to

the primary downstream flow and a value of 0 routes non-conforming tubes to

the scrap channel, encoding the binary quality-gate decisions that govern material

yield at each inspection point. Zijk encodes the energy budget allocation per

activity, specifically the proportion of rated power at which the extruder motor or

capping unit operates, which governs the trade-off between throughput speed and

energy intensity: a higher power fraction reduces cycle time but increases per-unit

energy consumption, while a lower fraction conserves energy at the cost of reduced

throughput. Cij tracks the computational resource consumed by each station’s

data stream in the cloud processing layer, ensuring that the elastic cloud capacity

constraint remains enforceable across all active stations simultaneously.

The full decision space is characterised by the combination of continuous and

binary variables across the line’s active stations. In practice, NSGA-II is applied to a

representative subset focused on the primary bottleneck stations, which collectively

determine system-level throughput and account for the largest share of energy

consumption. Restricting the decision space to this subset reduces the search

dimensionality while preserving the variables most influential to both objective

functions, in accordance with the bottleneck analysis conducted in Step 2.

Objective Functions

The goal is to find solutions x (configurations of decision variables) that [32]:

1. Maximise Operational Efficiency (f1(x)):

max f1(x) =
n∑

i=1

m∑
j=1

p∑
k=1

(w1 ·TPijk −w2 ·CTijk −w3 ·ITijk −w4 ·DRijk) (5.8)

2. Minimise Combined Environmental and Social Sustainability Impact (g2(x; θ)):

min g2(x; θ) =
n∑

i=1

m∑
j=1

p∑
k=1

(
w5·EC•

ijk(θ)+w6·CEijk+w7·WGijk + w8·ERIijk

)
(5.9)

with the effective energy term defined by the configuration selector θ ∈ {0, 1}
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as

EC•
ijk(θ) = (1 − θ) ECijk + θ EC⋆

ijk, (5.10)

so that θ = 0 activates the physical delivered-energy path of equation (5.3)

and θ = 1 activates the time-resolved primary-energy and time-of-use path of

equation (5.4). The ergonomic risk term ERIijk is the composite Industry 5.0

social-sustainability index defined in section 5.1.5 below.

where n is the number of lines, m the number of machines, and p the number of

activities. The performance metrics for the specific activity under configuration x are

CTijk, ITijk, TPijk, DRijk, ECijk, EC⋆
ijk, CEijk, WGijk, and ERIijk, together

with the regime selector θ introduced in equation (5.10). The weighting factors

w1, . . . , w8 reflect the relative importance and were normalised to 1.0 for the main

optimisation run, while the TOPSIS sensitivity analysis explored different priority

scenarios.

In f1(x) the positive term w1 ·TPijk rewards throughput (the revenue-generating

output of TL209), while the negative terms −w2 · CTijk, −w3 · ITijk, and −w4 ·

DRijk penalise long cycle times, idle accumulation (wasted capacity and standby

energy), and defect-driven rework (energy and material consumed without saleable

output), respectively. This unified sign structure contrasts with weighted-sum

scalarisation, in which a single aggregate objective conflates the throughput and

idle-time trade-offs into a parameter-sensitive scalar; here, NSGA-II manages the

efficiency-sustainability trade-off at the inter-objective level while f1 remains an

internally consistent maximisation target [54].

The physical interpretation of g2(x; θ) is equally direct. The term w5 · EC•
ijk(θ)

measures activity-instance energy intensity, resolving under the regime selector θ of

equation (5.10) to the raw meter reading ECijk when θ = 0 (operational reporting)

and to the primary-energy weighted EC⋆
ijk when θ = 1 (sustainability scoring). The

term w6 · CEijk captures the carbon cost under the site-specific grid factor rather

than an annual average, and w7 · WGijk quantifies solid waste from the three scrap

diversion points. The minimisation objective therefore reflects the full cradle-to-gate

LCA scope of the framework [32]. Toggling θ between 0 and 1 with all other inputs

held constant produces paired Pareto fronts whose comparison isolates the effect of

diurnal grid-mix weighting, complementing the λ, ζ, and β sweeps of the MCDM
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layer.

The term w8 · ERIijk is the Industry 5.0 social-sustainability component of

the minimisation objective and captures the cumulative ergonomic load imposed

on the operator stationed at activity (i, j, k) [14, 19]. It is a composite of three

mature occupational-ergonomics indices normalised to a common [0, 1] risk scale and

combined by an equal-weight rule, the construction of which is defined in section 5.1.5.

The sign is that of a cost: higher ERI values denote greater cumulative posture,

repetition, and manual-handling load and are therefore penalised alongside the three

environmental terms. This one-term extension is the minimal structural change

that converts g2 from a two-pillar (environment) to a three-pillar (environment +

society) sustainability objective while preserving the bi-objective structure of the

NSGA-II search.

Both f1(x) and g2(x) are evaluated on the same empirically recovered baseline,

a design property that prevents the Pareto front from being inflated by the data-

source misalignment that affects studies combining static LCA inventories with live

operational metrics [32, 54].

Ergonomic Risk Index and Minimum Viable Sensor Suite

The ergonomic risk index entering equation (5.9) is a scalar social-sustainability

signal constructed by composing three mature occupational-ergonomics indices: the

Rapid Upper Limb Assessment (RULA) [38], the Occupational Repetitive Actions

(OCRA) index [39], and the revised NIOSH lifting index [40]. Each component is

first normalised to a common [0, 1] risk scale using its published threshold bands,

RULA by its 1–7 action score, OCRA by the ≥ 3.5 high-risk boundary, and NIOSH

by the lifting-index unity threshold, and the three normalised components are then

combined by the equal-weight composition rule of Ciccarelli et al. [19]:

ERIijk = 1
3 R̃ULAijk + 1

3 ÕCRAijk + 1
3 ÑIOSHijk, (5.11)

where the tilde denotes the [0, 1] normalised form of each index. The equal-weight

rule reflects the empirical finding of [19] that the three pathways, posture, repeti-

tion, and manual handling, are jointly non-dominated on realistic manufacturing

workstations and that no single pathway is a sufficient statistic for the cumulative
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operator load. Higher ERIijk values denote greater operator risk; the minimisation

of g2 therefore jointly compresses environmental burden and ergonomic exposure.

Speed–ergonomics coupling. On a line-paced workstation such as the TL209

bottleneck cells, the ERIijk value entering equation (5.9) is not an exogenous

constant but a function of the throughput scaling αi that NSGA-II selects at

station i. As the cycle time contracts with increasing αi, the technical-action

frequency entering the OCRA index grows in direct proportion, while the RULA

and NIOSH components grow sub-linearly with the resulting reduction in recovery

time. The manual-materials-handling literature models this compound effect as

a monotone power-law coupling between task speed and cumulative ergonomic

load [101, 102]: the metabolic-energy-expenditure model of Battini et al. [101]

demonstrates that the physiological cost of a repetitive manual task grows super-

proportionally with task rate, and the assembly-line balancing model of Digiesi et

al. [102] calibrates an analogous super-proportional relationship between cycle-time

compression and OCRA exposure. Consistent with both references, the ERI used

by the optimiser is scaled from a station-specific baseline ERIbase,i via

ERIijk(αi) = ERIbase,i

(
αi/αbase

)γ
, γ = 1.5, (5.12)

with αbase = 1 and ERIbase,i normalised such that the population mean at the

empirical baseline operating point equals 0.450, matching the mid-band of the

Ciccarelli et al. [19] reference. The exponent γ = 1.5 is adopted as the midpoint of

the [1.3, 1.7] envelope consistent with the power-law coefficients reported in [101, 102];

its sensitivity is examined alongside the λ, ζ, and β sweeps of Chapter 6, which

demonstrate that the rank-1 configuration is invariant over γ ∈ [1.3, 1.7].

Minimum Viable Sensor Suite (MVSS). The compact IMU, EMG, load-cell

and vision sensor extension required to populate equation (5.11) in real time is

described in Chapter 3, section 3.4. Its four data streams are timestamp-aligned

with the OCEL event log through the same 60 s cross-source consistency filter used

for the MES and IIoT channels of section 3.3, so that each ergonomic-index value

is attributed to exactly one event (i, j, k) and the activity-instance granularity of

equation (5.9) is preserved. The MVSS is additive with respect to the existing MES,
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IIoT, and ERP stack ingested at Step 1: no modification of the production control

system is required, and the ergonomic-index calculators run on the cloud platform

alongside the process-mining and dLCA modules of Steps 2–3.

Validation against published baselines. The numerical values of the three

components on TL209 are calibrated against the published reference baselines. The

primary calibration source is Ciccarelli et al. [19], who report RULA, OCRA, and

NIOSH values for collaborative-assembly workstations with cycle-time and speed

regimes comparable to the TL209 bottleneck cells; for each of the three components,

the raw index is clipped to the [0, 1] normalised form using the threshold bands

established in the original references [38–40]. The inventory procedure for populating

the ERIijk value of each Pareto solution follows the hybrid foreground–background

convention of Assumption A4 of section 5.1.1: the posture and repetition streams are

primary data from the MVSS where installed, and the manual-handling component

is adopted from the Ciccarelli et al. tabulations where on-site MVSS coverage is

incomplete. The measurement-uncertainty budget for the ERI channel and its

propagation through the GRA–TOPSIS ranking are reported in Chapter 6.

Constraints

To ensure that the optimization results remain physically implementable, the multi-

objective model is subject to operational feasibility constraints including capacity,

environmental limits, cycle time boundaries, resource availability, sequencing re-

quirements, and cloud computing limitations.

The optimisation is subject to the following:

• Operational Constraints [28]:

p∑
k=1

Yijk = 1 ∀i, j (5.13)

MUij ≤ Capacityij ∀i, j (5.14)

TPij ≥ Demandij ∀i, j (5.15)
ITij

Ttotal,ij
≤ 0.15 ∀i, j (5.16)

Aij = Tactive,ij

Tactive,ij + Tdown,ij
≥ 0.98 ∀i, j (5.17)
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The idle-ratio ceiling of equation (5.16) and the equipment-availability floor of

equation (5.17) follow the reliability, availability, and maintainability (RAM)

nomenclature and thresholds of SEMI E10 [103], the industry reference stan-

dard for production-equipment RAM reporting, adapted to the discrete high-

speed extrusion regime of TL209.

• Environmental Constraints:

ECij ≤ ThresholdEnergy,ij ∀i, j (5.18)

CEij ≤ ThresholdCarbon,ij ∀i, j (5.19)

WGij ≤ ThresholdWaste,ij ∀i, j (5.20)

• Cycle Time Constraints:

CTijk ≥ tprocess,ijk ∀i, j, k (5.21)

• Resource Allocation Constraints:

p∑
k=1

Zijk ≤ ResourceLimitij ∀i, j (5.22)

• Activity Sequencing Constraints:

tstart,ijk+1 ≥ tend,ijk + ttransition,ij ∀i, j, k (5.23)

• Cloud Capacity Constraints:

n∑
i=1

m∑
j=1

Cij ≤ CloudCapacitytotal (5.24)

where Cij = fcompute(Xijk, Yijk). The effective management and optimisation

of such cloud capacity to ensure efficient resource utilisation is an important

consideration, often tackled with data-driven approaches and machine learning

[94].
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• Data Latency Constraints:

τingest,ij + τcompute,ij ≤ τmax = 60 s ∀i, j (5.25)

The combined ingest-plus-compute delay for any station’s event stream must

not exceed the 60 s cross-source consistency window defined in Step 1; this

guarantees that the optimisation layer never acts on stale sensor telemetry.

• Binary Decision Constraints:

Yijk ∈ {0, 1} ∀i, j, k (5.26)

5.1.6 Step 5: Multi-Objective Optimisation Using NSGA-II

The MOOM-OEP problem (Maximise f1(x), Minimise g2(x) subject to

constraints (5.13) (5.26)) is solved using the Non-Dominated Sorting Genetic

Algorithm II (NSGA-II) (S6) [28]. Key hyperparameters for the NSGA-II implemen-

tation included a population size of 100, a crossover probability of 0.9, a mutation

probability of 0.1, and termination after 200 generations. These values align with the

convergence benchmarks established by Deb et al. [52] for bi-objective problems of

comparable decision-variable dimensionality, and with the empirical finding of Verma

et al. [23] that a 9:1 crossover-to-mutation ratio sustains population diversity while

preserving exploitation of high-fitness configurations.

• Initialisation: Generate initial population P0 of size N .

• Evaluation: Calculate f1(x) and g2(x) for all x ∈ P0.

• Non-Dominated Sorting: Rank solutions into fronts F1, F2, . . . based on Pareto

dominance. x1 dominates x2 if

(∀l ∈ {1, 2}, fl(x1) ≥ fl(x2)) ∧ (∃l′ ∈ {1, 2}, fl′(x1) > fl′(x2)) (5.27)

For consistency with the Pareto dominance check, which typically assumes

maximisation for all objectives, the environmental impact g2(x) (a minimisa-

tion objective) is reformulated as f ′
2(x) = −g2(x).
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• Crowding Distance Calculation: Compute distance di for solution xi within

its front Fk to maintain diversity:

di =
M∑

l=1

fl(xi+1) − fl(xi−1)
fmax

l − fmin
l

(5.28)

where M = 2 objectives, solutions xi+1, xi−1 are neighbours in the sorted list

for objective l, and fmax
l , fmin

l are max/min values for objective l.

• Selection, Crossover, Mutation: Use tournament selection (based on rank and

di), simulated binary crossover (SBX), and polynomial mutation to create an

offspring population Qt.

x
(c)
ijk =

x
(p1)
ijk + x

(p2)
ijk

2 (5.29)

x
(c)
ijk = x

(c)
ijk + ϵ, ϵ ∼ N(0, σ2) (5.30)

• Population Update: Combine Rt = Pt ∪ Qt. Select the best N solutions from

Rt based on non-domination rank and crowding distance to form Pt+1.

• Termination: Stop after a fixed number of generations. The final non-

dominated set is the Pareto-optimal front P ∗:

P ∗ = {x ∈ Pfinal | ∄x′ ∈ Pfinal s.t. x′ dominates x} (5.31)

5.1.7 Step 5b: Criteria Weighting via Fuzzy AHP and Shan-

non Entropy

To select a configuration from the Pareto front, this study employs a hybrid weighting

scheme combining Fuzzy AHP (FAHP) [24, 61, 62] with Shannon Entropy [25,

64]. FAHP extends classical AHP [104] by replacing crisp pairwise judgements

with triangular fuzzy numbers to encode managerial preference under linguistic

uncertainty (Assumption A5); Entropy, computed from the 18-row Pareto decision

matrix, rewards criteria whose empirical variance genuinely discriminates between

candidate solutions. The convex combination produces a composite weight vector

that is auditable through the fuzzy consistency ratio C̃R < 0.10 and statistically

responsive to the information content of the actual Pareto set, a pairing recently
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corroborated by Zhou and Chen [59] as a remedy for single-source bias in multi-

criteria problems with the same structural features as the TL209 decision context.
Goal: Optimal TL209 Production Configuration

(Best attainable balance of operational efficiency, environmental sustainability, and operator ergonomic risk under the Industry 5.0 paradigm)

Operational
Performance (OP)

Environmental
Sustainability (ES)

Social
Sustainability (SS)

Throughput
(TP)

Cycle
Time (CT)

Defect
Rate (DR)

Idle
Time (IT)

CO2
Emissions

Energy
Consumption (EC)

Waste
Generation (WG)

Ergonomic
Risk (ERI)

Alternatives: NSGA-II Pareto-optimal solutions {P1, P2, . . . , P18} ranked by FAHP and Entropy-weighted GRA–TOPSIS

Figure 5.2: Fuzzy AHP and Entropy decision hierarchy for the TL209 optimisation
problem.

Figure 5.2 illustrates the three-level decision hierarchy used in this study. The

goal level targets the optimal TL209 production configuration. The criterion

level comprises three aggregates: Operational Performance (OP), with four sub-

criteria – Throughput (TP), Cycle Time (CT), Defect Rate (DR), Idle Time (IT);

Environmental Sustainability (ES), with three sub-criteria – CO2 Emissions (CE),

Energy Consumption (EC), Waste Generation (WG); and Social Sustainability (SS),

with the single composite sub-criterion Ergonomic Risk Index (ERI) defined by

equation (5.11). The addition of the SS pillar operationalises the Industry 5.0 human-

centric agenda [14, 15, 19] inside the same MCDM layer that already ranks the

operational and environmental criteria. The 18 Pareto-optimal solutions generated

by NSGA-II form the alternative set that the GRA–TOPSIS ranking procedure

(Step 6) subsequently scores using the FAHP and Entropy composite weights derived

below.

The hybrid procedure derives the composite criteria weight vector (w1, . . . , wM ),

M = 8, for the ranking stage. Separating weighting from ranking ensures that

strategic priorities are quantified independently of the geometric proximity and

shape-similarity calculations used for GRA–TOPSIS scoring.

Fuzzy Pairwise Comparison and the Linguistic Scale

Classical AHP requires the decision maker to commit to a crisp integer on Saaty’s

1–9 scale for every pairwise comparison. In the TL209 context this rigidity is
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problematic: managerial preference between Throughput and Cycle Time varies

with the prevailing order book, and the 15-minute emission-factor cadence (Assump-

tion A4) injects temporal variability into the relative importance of CE versus EC.

Fuzzy AHP addresses this by replacing each crisp judgement with a triangular fuzzy

number (TFN) ãij = (lij , mij , uij) whose membership function

µ
ãij

(x) =



x − lij
mij − lij

, lij ≤ x ≤ mij

uij − x

uij − mij
, mij ≤ x ≤ uij

0, otherwise

(5.32)

encodes the decision maker’s confidence around the most-likely value mij , with lower

and upper spreads lij and uij reflecting linguistic vagueness [61, 62]. The linguistic

scale used in this study is a standard five-level mapping {1̃, 3̃, 5̃, 7̃, 9̃} with unit spread:

m̃ = (m−1, m, m+1) for m ∈ {3, 5, 7, 9} and 1̃ = (1, 1, 1) for the equal-importance

case [24]. Reciprocals follow the TFN inversion rule ãji = (1/uij , 1/mij , 1/lij).

The resulting fuzzy pairwise matrix Ã = [ãij ] is an n × n reciprocal matrix on TFN

entries.

Chang’s Extent-Analysis Method for Priority Derivation

Priority weights are extracted from Ã using Chang’s extent-analysis procedure [24].

The fuzzy synthetic extent for criterion i is

S̃i =
n∑

j=1
ãij ⊗

 n∑
i=1

n∑
j=1

ãij

−1

(5.33)

where ⊗ denotes fuzzy multiplication. The degree of possibility that S̃i ≥ S̃k is

V (S̃i ≥ S̃k) =



1, mi ≥ mk

0, lk ≥ ui

lk − ui

(mi − ui) − (mk − lk) , otherwise

(5.34)
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The minimum degree of possibility of criterion i dominating all other criteria is

d′(Ci) = mink ̸=i V (S̃i ≥ S̃k), and the normalised crisp FAHP weight is

wFAHP
i = d′(Ci)∑n

k=1 d′(Ck) . (5.35)

Applied at each level of the hierarchy of Figure 5.2, equations (5.33)–(5.35) yield an

OP-vs-ES-vs-SS top-level split, four sub-criterion weights within OP, three within

ES, and the singleton ERI weight within SS. Composite weights across the eight

performance indicators are obtained by the usual parent×sub-criterion product.

Retention of Elicited TFN Entries and the Extent-Analysis Critique

The extent-analysis procedure of equations (5.33)–(5.35) carries the known limitation

that, under certain fuzzy pairwise configurations, the degree-of-possibility inequality

can assign a zero weight to criteria that a crisp eigenvalue method treats as non-

trivial [105, 106]. The elicited TFN entries ãij are retained as recorded on three

grounds: they are the direct record of the decision maker’s linguistic judgement

under Assumption A5 and should not be re-elicited to improve derived numerical

properties; the hybrid composition of equation (5.39) pairs wFAHP with the data-

driven wEnt at λ = 0.5, partially absorbing any extent-analysis artefact; and the

four-tier sensitivity analysis of Chapter 6 confirms that the top-ranked configuration

is preserved under fuzzy-spread, λ, ζ/β, and criterion-dropout perturbations, so

the extent-analysis limitation does not materially affect the TL209 conclusions.

Fuzzy Consistency Verification

A fuzzy pairwise matrix is consistent if its defuzzified centroid matrix Ā = [(lij +

mij + uij)/3] satisfies Saaty’s Consistency Ratio criterion. The fuzzy consistency

index and ratio are

C̃I = λ̄max − n

n − 1 , C̃R = C̃I

RI(n) , (5.36)

where λ̄max is the principal eigenvalue of Ā and RI(n) is Saaty’s random consistency

index (RI = 0.58, 0.90, 1.12 for n = 3, 4, 5) [104]. The C̃R < 0.10 criterion is

retained as the acceptance threshold for each pairwise sub-matrix [104]; numerical

verification is reported in Chapter 6.
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Shannon Entropy on the Pareto Decision Matrix

The Entropy component of the hybrid weight operates on the empirical N × M

Pareto decision matrix X, with N = 18 non-dominated solutions and M = 8

performance criteria (TP, CT, DR, IT, CE, EC, WG, ERI). Each column is min–

max normalised so that rij ∈ [0, 1]. Let pij = rij/
∑N

i=1 rij be the normalised

probability mass of criterion j in solution i. The Shannon entropy of criterion j

is [25, 64]

Hj = − 1
ln N

N∑
i=1

pij ln pij , Hj ∈ [0, 1]. (5.37)

A criterion whose values are uniformly spread across the Pareto front has Hj ≈ 1 and

therefore contributes little discriminating information; one whose values are strongly

concentrated has low Hj and carries high information content. The entropy-based

weight is

wEnt
j = 1 − Hj∑M

k=1(1 − Hk)
. (5.38)

The Entropy weight is computed once on the fixed 18-row Pareto set (Assump-

tion A6) and is independent of the decision maker’s linguistic inputs.

Hybrid FAHP and Entropy Weight Composition

The subjective FAHP vector wFAHP
j (strategic preference under linguistic uncer-

tainty) and the objective Entropy vector wEnt
j (data-driven information content)

are fused via the convex combination

w⋆
j = λ wFAHP

j + (1 − λ) wEnt
j , λ ∈ [0, 1], (5.39)

with the reference case λ = 0.5. The sensitivity of the recommended configura-

tion to the mixing parameter is examined in Chapter 6 through a λ-sweep over

{0.25, 0.50, 0.75}. The composite vector w⋆ = (w⋆
1 , . . . , w⋆

8) serves a dual role in

the framework: it is both (i) the weight vector (w1, . . . , w8) that instantiates the

objective functions f1(x) and g2(x) in equations (5.8)–(5.9), and (ii) the input

weight vector consumed by the GRA–TOPSIS ranking procedure defined in Step 6.

Using a single unified weight vector in both stages avoids any inconsistency between

the objective that NSGA-II optimises and the objective that the post-hoc ranking

69



procedure uses to order the resulting Pareto front.

Scope of the Sensitivity Analysis

The numerical evaluation of equations (5.32)–(5.39) on the TL209 Pareto front

is deferred to Chapter 6. That chapter reports the linguistic pairwise inputs,

the resulting FAHP weight vector, the Entropy weight vector computed on the

18 × 8 decision matrix, and the hybrid composite w⋆ at λ = 0.5. The λ-sweep

over {0.25, 0.50, 0.75} and the λ-ζ sensitivity landscape (where ζ is the GRA

distinguishing coefficient introduced in Step 6) are also reported there, together

with the rank-preservation analysis across perturbations of the fuzzy spread [24, 58].

5.1.8 Step 6: Solution Ranking Using GRA–TOPSIS

Classical TOPSIS [91] ranks alternatives by their Euclidean proximity to a positive

ideal and distance from a negative ideal. While geometrically intuitive, Euclidean

distance is sensitive only to the magnitude of coordinate differences and is insensitive

to the shape similarity of an alternative’s attribute profile relative to the reference.

When two non-dominated solutions lie at comparable Euclidean distances from the

ideal but one exhibits a profile whose curvature (across M criteria) tracks the ideal

more closely, classical TOPSIS treats them as equivalent. Grey Relational Analysis

(GRA), introduced by Deng [56], measures precisely this shape similarity through

the grey relational grade. GRA–TOPSIS combines both views into a single ranking

signal [57, 58]: a solution must be both close to the ideal in Euclidean distance

and shape-similar to it in grey relational sense to achieve a high composite score.

This robustness is material in the TL209 context, where the NSGA-II Pareto front

exhibits several solution clusters whose Euclidean separations from A+ differ by

< 5%, a range within which shape similarity is the effective tiebreaker.

The GRA–TOPSIS procedure ranks the 18 solutions in P ∗ using the composite

weight vector w⋆ derived in Step 5b.

• Normalise decision matrix. For each criterion j, apply min–max nor-

malisation to the raw decision matrix X = [xij ] so that benefit-type cri-

teria map to rij = (xij − xmin
j )/(xmax

j − xmin
j ) and cost-type criteria to

rij = (xmax
j − xij)/(xmax

j − xmin
j ). Form the weighted normalised matrix

V = [vij ] = [w⋆
j rij ].
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• Determine positive and negative ideal solutions.

A+ = (max f1(x), min g2(x)) ∀x ∈ P ∗ (5.40)

A− = (min f1(x), max g2(x)) ∀x ∈ P ∗ (5.41)

Expressed on the weighted normalised matrix, A+ = {v+
j }M

j=1 with v+
j =

maxi vij , and A− = {v−
j }M

j=1 with v−
j = mini vij .

• Euclidean separation (TOPSIS limb).

S+
i =

√√√√ M∑
j=1

(vij − v+
j )2 (5.42)

S−
i =

√√√√ M∑
j=1

(vij − v−
j )2 (5.43)

and the classical TOPSIS closeness

CTOPSIS
i = S−

i

S+
i + S−

i

, CTOPSIS
i ∈ [0, 1]. (5.44)

• Grey relational coefficient (GRA limb). For each solution i and criterion

j, the deviation from the positive ideal is ∆+
ij = |vij − v+

j | and from the

negative ideal ∆−
ij = |vij − v−

j |. The grey relational coefficient relative to the

positive ideal is

γ+
ij = ∆+

min + ζ ∆+
max

∆+
ij + ζ ∆+

max
, (5.45)

where ∆+
min = mini,j ∆+

ij , ∆+
max = maxi,j ∆+

ij , and ζ ∈ (0, 1] is the distinguish-

ing coefficient (reference value ζ = 0.5, following Deng [56]). The coefficient

relative to the negative ideal γ−
ij is defined analogously on ∆−

ij . The grey

relational grades are

Γ+
i =

M∑
j=1

w⋆
j γ+

ij , Γ−
i =

M∑
j=1

w⋆
j γ−

ij , (5.46)

which capture the weighted shape similarity of solution i to the positive and

negative ideal profiles respectively.
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• Combined closeness (GRA–TOPSIS). The two signals are fused via

CGRA
i = Γ+

i

Γ+
i + Γ−

i

, C⋆
i = β CTOPSIS

i + (1 − β) CGRA
i , (5.47)

with mixing parameter β ∈ [0, 1] (reference value β = 0.5, giving equal weight

to Euclidean distance and shape similarity) [58]. Solutions are ranked in

descending order of C⋆
i .

• Rank solutions. The recommended configuration is x∗ = arg maxi C⋆
i . The

sensitivity of the ranking to the three free parameters (λ, ζ, β) is reported as

a 3-way analysis in Chapter 6.

5.1.9 Step 7: Implementation and Feedback

Implementation Protocol

The optimal configuration (e.g., P9) is translated into machine-level instructions by

adjusting cycle time targets (Xijk) and energy budgets (Zijk). This includes tuning

durations at bottleneck stations (TL202, TL205), adjusting intensity settings like

temperature and UV curing cycles at M1 and M3, and updating routing logic at

scrap diversion points. Constraints are enforced during optimization to ensure these

adjustments remain physically feasible [27, 107].

Feedback and Closed-Loop Operation

Post-implementation, the system resumes data collection (Step 1). The process

mining and dynamic LCA modules (Steps 2 and 3) re-evaluate the line performance

to verify that the operational and environmental objectives match predicted results.

This iterative feedback loop allows the framework to adapt to process drift or raw

material variations. If actual performance diverges from the NSGA-II prediction

beyond a set tolerance, a new optimization cycle is triggered to maintain process

optimality [6, 11].

Convergence and Stopping Criterion

The cycle converges when successive iterations show changes below 0.5% in f1 and

1% in g2, thresholds which align with the measurement uncertainty of the sensors.
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The adaptive frequency of these cycles ensures that re-optimizations are triggered

only when statistically significant improvements are achievable, a process enabled

by the on-demand scale of cloud resources [27].

5.1.10 Process Response Measurement and Uncertainty

Process response metrics were measured as follows:

• Operational KPIs: Cycle Time (CT) and Idle Time (IT) were calculated

directly from the timestamped event log by measuring the duration between

start and end events for each activity and the time between the end of one

activity and the start of the next. Throughput (TP) was calculated as the

number of completed cases per day.

• Environmental KPIs: Energy Consumption (EC) was measured by dedicated

power meters on each machine, with data logged in kWh. Carbon Emissions

(CE) were derived from EC using standard regional emission factors. Waste

Generation (WG) was quantified based on the count of rejected products at

inspection points, multiplied by the average weight per unit.

The operational KPI measurement methodology exploits the temporal resolution

of the MES event log directly. Cycle time for activity k at station j is computed as

CTjk = tend,jk−tstart,jk, where tstart,jk and tend,jk are the MES-recorded timestamps

of the activity start and completion events respectively. Idle time for station j

between consecutive activities k and k+1 is computed as ITjk = tstart,j,k+1 −tend,jk,

capturing the gap between the end of one production event and the commencement

of the next at the same station. These computations are applied systematically

across the full event log, producing per-station distributions of CT and IT values

from which mean, standard deviation, and selected percentile statistics (P5, P50,

P95) are derived. The 391,127-event sample ensures that these distributional

statistics are stable and robust to individual anomalous events. Throughput is then

computed as the count of fully completed production orders (i.e., traces that reach

the packing station M4 without an open-ended terminal state) within each 24-hour

production window, aggregated over the representative high-throughput week on

TL209 [5].

The carbon emissions derivation applies a site-specific grid emission coefficient
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that reflects the actual renewable content of the facility’s energy supply at the time

of measurement. Waste generation is quantified from the real-time tube rejection

counts recorded at each scrap diversion point by the MES event logger, converted

to mass-based waste inventories using the average tube mass specifications.

The measurement uncertainty framework addresses sensor precision and propa-

gated measurement errors. The random dropout observed in sensor telemetry is

considered acceptable for the purposes of the analytical framework, as it does not

introduce directional bias into the KPI distributions [5, 92].
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IPSMF-MOOM-OEP Workflow: A Multi-Objective
Optimisation & Closed-Loop Feedback System

Phase I: DATA FOUNDATION | Industrial Data Ingestion & Transformation

STEP 1: DATA ACQUISI-
TION
& MONITORING

Ingest real-time IIoT & ERP data from
TL209. Generate OCEL-compliant event
logs.

equation (3.17)

STEP 2: PROCESS MINING
FOR OPERATIONAL IN-
SIGHT

Discover actual workflows. Compute
KPIs: CT , IT , T P , Ui. Identify bottle-
necks.

equations (5.1)–(5.2)

STEP 3: DYNAMIC LIFE
CYCLE ASSESSMENT (LCA)

Attribute environmental impacts (EC,
CE, W G) using live sensor telemetry.

equations (5.3)–(5.7)

Phase II: OPTIMISATION ENGINE | Bi-Objective Optimisation & Criteria Weighting

STEP 4: MOOM-OEP
FORMULATION

Define variables (Xijk, Yijk, Zijk). For-
mulate bi-objective functions: Maximise
f1(x), Minimise g2(x).

equations (5.8)–(5.9)

STEP 5a: NSGA-II
MULTI-OBJECTIVE OPTIMI-
SATION

Evolve Pareto front. Initialise popula-
tion (N=100), iterate 200 generations.

equations (5.27)–(5.31)

STEP 5b: HYBRID FAHP
+ SHANNON ENTROPY
WEIGHTING

Fuzzy pairwise extent analysis
(CRfuzzy < 0.10); Shannon entropy
on the Pareto matrix; convex blend
w⋆ = λwFAHP + (1−λ)wEnt.

equations (5.35), (5.38), (5.39)

Phase III: DECISION & DEPLOYMENT | Ranking & Implementation

STEP 6: SOLUTION RANK-
ING
VIA GRA–TOPSIS

Fuse geometric and shape-similarity sig-
nals into C⋆

i = βCTOPSIS
i + (1−β)CGRA

i

to rank the 18 Pareto configurations.

equations (5.42)–(5.47)

STEP 7: IMPLEMENTATION
& CLOSED-LOOP FEED-
BACK

Deploy optimal parameters. Monitor live
vs. predicted performance.

4-tier sensitivity check: λ, ζ, β sweeps + criterion

dropout

COMPARISON OF
KEY BENEFITS
− +5.64 pp throughput efficiency at P5

− −17.01% daily CO2 output
− Rank-1 stability under λ, ζ, β sweeps

− Auditable decision trace via w⋆ and
C⋆

i

Closed-Loop Feedback:
Monitored KPIs & sensor telemetry

from the deployed configuration (Step 7)
flow back to Step 1.

Figure 5.3: Step-by-step workflow of the IPSMF-MOOM-OEP framework across
three phases: Phase I (data foundation) ingests IIoT and ERP telemetry and
generates OCEL 2.0 event logs feeding process mining and dynamic LCA; Phase II
(optimisation engine) formulates the bi-objective MOOM-OEP problem, evolves
the Pareto front via NSGA-II, and computes the hybrid FAHP and Shannon
Entropy criterion weights w⋆; Phase III (decision & deployment) ranks the 18
non-dominated solutions via GRA–TOPSIS combined closeness C⋆

i , deploys the
winning configuration, and closes the loop by streaming monitored KPIs back to
Step 1. Equation tags on each card map the step to its governing formulation in
Chapter 5.
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Algorithm 1. IPSMF-MOOM-OEP framework algorithm.
Require: Raw event log DMES; IIoT sensor stream Dsensor; ERP context DERP; emis-

sion factors {EFi}; defect conversion factors {δi}; environmental thresh-

olds {ThreshEC, ThreshCE, ThreshWG}; NSGA-II parameters (N, pc, pm, Gmax);

AHP pairwise matrices AOP, AES; convergence tolerances (τ1, τ2)
Ensure: Ranked solution set R; deployed optimal configuration x∗

1: // Phase I: Data Foundation

2: [Step 1] Data Acquisition and Monitoring equation (3.17)

3: Align DMES, Dsensor, DERP on a common timestamp axis

4: Construct event log L ← {σ1, σ2, . . . , σN}, σi = (e1, e2, . . . , emi ) (equation (3.17))

5: Remove records with cross-source timestamp conflict > 60 s

6: D ← quality-assured integrated dataset

7: [Step 2] Process Mining for Operational Insight equations (5.1)–(5.2)

8: Apply Inductive Miner to L ⇒ Petri Net N

9: for each line i, machine j do

10: Bottleneckij ← arg maxi,j WaitingTimeij (equation (5.1))

11: Ui ← Tactive,i / Ttotal,i (equation (5.2))

12: end for

13: Extract KPI distributions: {CTijk, ITijk, T Pijk, DRijk}

14: [Step 3] Dynamic LCA Inventory equations (5.3)–(5.7)

15: for each activity instance (i, j, k) do

16: ECijk ←
∑

i

∫ tend,i

tstart,i
Pi(t) dt (equation (5.3))

17: CEijk ←
∑

i

(
ActivityLeveli · EFi

)
(equation (5.5))

18: W Gijk ←
∑

i

(
Qi · δi

)
(equation (5.7))

19: end for

20: // Phase II: Optimisation Engine

21: [Step 4] MOOM-OEP Formulation equations (5.8)–(5.26)

22: Declare decision variables: Xijk (processing time), Yijk ∈ {0, 1} (assignment), Zijk (re-

source), Cij (cloud load)

23: Set bi-objective problem:

max f1(x) =
∑

i,j,k

(
w1 T Pijk − w2 CTijk − w3 ITijk − w4 DRijk

)
(equation (5.8))

min g2(x; θ) =
∑

i,j,k

(
w5 EC•

ijk(θ) + w6 CEijk + w7 W Gijk + w8 ERIijk

)
(equa-

tion (5.9))

24: Encode feasibility constraints (5.13)–(5.26): assignment, capacity, demand, energy ceiling,

carbon ceiling, waste ceiling, cycle-time floor, resource limit, sequencing, cloud capacity,

binary

25: [Step 5a] NSGA-II Multi-Objective Optimisation equations (5.27)–(5.31)

26: Initialise population P0 of size N ; t← 0

27: while t < Gmax do

28: for each x ∈ Pt do

29: Evaluate f1(x) and g2(x)

30: end for
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31: Sort Pt into non-dominated fronts F1, F2, . . . :

x1 ≻ x2 ⇔ (∀l : fl(x1) ≥ fl(x2)) ∧ (∃l′ : fl′ (x1) > fl′ (x2)) (equation (5.27))

32: for each solution xi in its front do

33: di ←
∑M

l=1
fl(xi+1)−fl(xi−1)

fmax
l

−fmin
l

(equation (5.28))

34: end for

35: Tournament-select parents; produce offspring Qt:

x
(c)
ijk
← 1

2 (x(p1)
ijk

+ x
(p2)
ijk

) (equation (5.29))

x
(c)
ijk
← x

(c)
ijk

+ ϵ, ϵ ∼ N (0, σ2) (equation (5.30))

36: Rt ← Pt ∪Qt; select best N into Pt+1 by rank, then di

37: t← t + 1

38: end while

39: P ∗ ← {x ∈ Pfinal | ∄x′ ∈ Pfinal : x′ ≻ x} (equation (5.31))

40: [Step 5b] Hybrid Fuzzy AHP and Shannon Entropy Weighting equations (5.32)–(5.39)

41: for each fuzzy pairwise matrix Ã do

42: Compute row fuzzy synthetic extents S̃i =
∑

j
ãij ⊘

∑
i

∑
j

ãij

43: Obtain crisp FAHP weights wFAHP
j via Chang’s extent analysis and normalisation (equa-

tion (5.35))

44: end for

45: Compute Shannon entropy weights from the 18× 8 Pareto matrix (Industry 5.0 extension:

8th column is ERI):

Hj ← − 1
ln N

∑
i

rij ln rij ; wEnt
j ← (1−Hj)/

∑
l
(1−Hl) (equation (5.38))

46: Hybrid composite: w⋆
j ← λ wFAHP

j + (1− λ) wEnt
j , λ = 0.5 (equation (5.39))

47: // Phase III: Decision and Deployment

48: [Step 6] GRA–TOPSIS Solution Ranking equations (5.40)–(5.47)

49: Normalise objective values over P ∗; form weighted normalised matrix vij = w⋆
j · rij

50: Determine reference points:

A+ = (max f1(x), min g2(x)) ∀x ∈ P ∗ (equation (5.40))

A− = (min f1(x), max g2(x)) ∀x ∈ P ∗ (equation (5.41))

51: for each xi ∈ P ∗ do

52: S+
i ←

√∑M

j=1(vij − v+
j )2; S−

i ←
√∑M

j=1(vij − v−
j )2 (equation (5.42))

53: CTOPSIS
i ← S−

i /(S+
i + S−

i ) (equation (5.44))

54: γ±
ij ← (∆±

min + ζ∆±
max)/(∆±

ij + ζ∆±
max), ζ = 0.5 (equation (5.45))

55: Γ±
i ←

∑
j

w⋆
j γ±

ij ; CGRA
i ← Γ+

i /(Γ+
i + Γ−

i ) (equation (5.46))

56: C⋆
i ← β CTOPSIS

i + (1− β) CGRA
i , β = 0.5 (equation (5.47))

57: end for

58: R← rank P ∗ in descending order of C⋆
i

59: x∗ ← arg maxxi∈P ∗ C⋆
i

60: [Step 7] Implementation and Closed-Loop Feedback (S21–S23)

61: Deploy x∗ to TL209 via MES/PLC interface

62: Resume continuous data acquisition (return to Step 1)

63: repeat

64: Recompute fnew
1 and gnew

2 from updated L and sensor telemetry
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65: if |∆f1| > τ1 or |∆g2| > τ2 then

66: Re-execute Steps 3–6 with updated KPI and LCA inputs

67: Deploy revised x∗

68: end if

69: until |∆f1| ≤ τ1 and |∆g2| ≤ τ2 ▷ τ1 = 0.5%, τ2 = 1.0%

70: return R, x∗

5.2 Experimental Setup and Computational Envi-

ronment

The implementation and experimental validation of the IPSMF-MOOM-OEP

framework were conducted on a standardized computational platform to ensure

consistency across processing cycles. The experimental setup comprised a laptop

equipped with an 11th Gen Intel(R) Core(TM) i7 processor (2.80 GHz), 16 GB

DDR4 RAM (3200 MT/s), and a 477 GB SSD for high-speed data processing

and analysis. The manufacturing environment was the TL209 dental tube pro-

duction line, consisting of eleven integrated machines (TL201–TL211) equipped

with distributed sensor networks, programmable logic controllers (PLCs), and

Manufacturing Execution System (MES) integration.

The analytical pipeline was developed using Python 3.10+, incorporating spe-

cialized libraries for each functional module: PM4Py 2.7.0 for process mining

operations; pandas 1.5.3 for event log manipulation; NumPy 1.24.0 for numerical

computations; scikit-learn 1.2.0 for machine learning algorithms; Matplotlib

3.6.0 for results visualization; and OCEL 2.0+ for managing object-centric event

logs. Integrated data sources encompassed machine-level sensor logs, PLC execution

telemetry capturing real-time control signals, MES data containing production

orders and quality checkpoints, and precise measurements from on-site inspection

stations.
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Chapter 6: Results and Discussion

This chapter presents the results obtained from applying the proposed integrated

framework to the real-world tube manufacturing case study. The findings validate

the framework’s capability to analyse performance, identify trade-offs, and provide

optimised solutions balancing operational efficiency and environmental sustainability.

The optimisation results presented in this chapter are obtained under the feasibility-

constrained formulation defined in Chapter 5, ensuring that all Pareto-optimal

solutions satisfy operational, environmental, and resource limitations.

6.1 Criterion Weights Overview

The TL209 dataset, the event-log transformation pipeline, the per-station baseline

(Table 3.3), the operational and environmental feasibility constraints (Table 3.4),

the two-window Hungarian grid emission factors (section 3.6), and the NSGA-II

solver hyperparameters (section 3.7) are specified in Chapter 3. The present chapter

takes these inputs and reports the diagnostic, optimisation, and ranking results

obtained by applying the methodology of Chapter 5 to them. The criterion-weight

vector w⋆ summarised immediately below is a direct output of the Fuzzy AHP and

Shannon Entropy procedure and is therefore reported here as an analytical result

of the dissertation.

The framework uses eight criterion weights (w1–w8) derived via the hybrid

Fuzzy AHP and Shannon Entropy scheme formalised in Chapter 5 (equations (5.35),

(5.38), (5.39)). The FAHP column encodes the decision maker’s linguistic priorities

on the four-level hierarchy of Figure 5.2 with three pillars (Operational Performance,

Environmental Sustainability, and the Industry 5.0 Social Sustainability pillar

represented by the Ergonomic Risk Index ERI); the Entropy column is computed

directly from the 18 × 8 Pareto decision matrix and reflects the information content

of the actual non-dominated set; the Hybrid column w⋆
j is the convex combination

at the reference mixing parameter λ = 0.5. These eight weights play two roles: they

are embedded as fixed constants inside the NSGA-II objective functions f1(x) and
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g2(x), and they are passed as the input weight vector to the GRA–TOPSIS ranking

procedure. Table 6.1 summarises the three weight vectors for reference; the full

FAHP derivation, consistency verification, and Entropy computation are presented

in Section 6.6.1.
Table 6.1: Criterion weights overview: FAHP, Shannon Entropy, and hybrid com-
posite w⋆

j at λ = 0.5. The hybrid vector is the single input to both f1/g2 and
GRA–TOPSIS.

Criterion Symbol Group wFAHP
j wEnt

j w⋆
j (λ=0.5) Role

Throughput (TP) w1 OP 0.254 0.175 0.215 f1 (benefit)
Cycle Time (CT) w2 OP 0.119 0.135 0.127 f1 (cost)
Idle Time (IT) w3 OP 0.024 0.063 0.044 f1 (cost)
Defect Rate (DR) w4 OP 0.053 0.079 0.066 f1 (cost)

CO2 Emissions (CE) w5 ES 0.223 0.219 0.221 g2 (cost)
Energy Consumption (EC) w6 ES 0.128 0.156 0.142 g2 (cost)
Waste Generation (WG) w7 ES 0.049 0.067 0.058 g2 (cost)

Ergonomic Risk (ERI) w8 SS 0.150 0.106 0.128 g2 (cost)

Column sum 1.000 1.000 1.000

The top-level OP, ES and SS split is (0.45, 0.40, 0.15) under the balanced

linguistic judgement, with OP kept marginally above ES to preserve the productivity

mandate of the line-improvement use case and SS set at 0.15 to reflect the exploratory

role of the ergonomic pillar at this early stage of the Industry 5.0 sensor retrofit.

The sensitivity of the recommendation to this split is reported in Section 6.6.5

through the λ-sweep (Tier 1). Strategic priority questions are addressed by varying

λ along the subjective and objective axis through the single hybrid vector w⋆ rather

than by rewriting the pairwise judgement matrices.

6.2 Baseline Diagnostic Analysis

Before implementing optimisation strategies, a baseline analysis was conducted using

the integrated Process Mining and LCA monitoring capabilities of the framework.

6.2.1 Downtime Analysis

Monthly data reveals a skewed downtime distribution where the Production Line is

the primary bottleneck, followed by the Large Printing Unit which exhibits sporadic,

event-driven peaks [108]. Secondary assets, such as the Packing Unit and Extruder,
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cluster significantly lower, suggesting routine wear rather than systemic failure.

This profile aligns with typical discrete manufacturing patterns where a dominant

line and a specialized machine account for the majority of downtime [30]. Resource

allocation should therefore prioritize stabilizing the Production Line and the Large

Printing Unit.

Downtime on the Production Line has a multiplier effect across the system due

to blocking and starvation cascades. Unplanned stoppages at upstream bottleneck

stations propagate as starvation downstream, amplifying total idle time beyond the

direct downtime duration. This structural amplification, visible in Figure 6.1, is

well documented in similar high-speed manufacturing environments [29, 30].

The optimisation model of Chapter 5 partitions non-productive time into two

disjoint components. Mechanical downtime τDT, comprising unplanned stoppages,

tool changes, and preventive maintenance windows recorded in the event log, is

treated as an exogenous constant and propagated unchanged into every Pareto-

optimal configuration P1–P18. Only the idle component τIT, defined as the time

a machine is available and powered but not processing a unit due to upstream

starvation or downstream blocking, enters the solver as a decision variable. This

decomposition preserves comparability between the pre- and post-optimisation

baselines and confirms that the reported +5.64 percentage-point efficiency gain at

P5 originates from idle-time compression rather than from an implicit reduction of

τDT [12, 30].

Downtime carries a significant environmental cost, as machines in idle or standby

states still consume approximately 28% of rated power (εm(idle) ≈ 0.28 · Prated).

The dynamic LCA module identifies this non-productive energy waste, which

static models overlook by assuming uniform intensity. Quantifying this idle-energy

signature establishes a direct link between downtime mitigation and carbon footprint

reduction, confirming that maintenance improvements serve both operational and

sustainability goals [12, 21].

6.2.2 Process Discovery and Workflow Visualisation

The process discovery analysis using Inductive Miner revealed the actual manufac-

turing workflow across nine active stations (201–209). The automatically generated

process model (Figure 6.2), a direct result of applying process discovery algo-
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Figure 6.1: Monthly downtime by equipment type (seconds). Production Line
dominates; Large Printing Unit shows sporadic peaks.

rithms (S3), identifies four critical bottleneck stations (Stations 202, 203, 204, and

205), marked red in the visualisation. This analysis of the model allows for the

identification of inefficiencies (S4) and constraints (S5). The process flow shows

distinct transition patterns:

• High-frequency transitions (>4000 events): Station 202 → 203 (5,592), Station

203 → 204 (4,474), Station 204 → 205 (4,646)

• Medium-frequency transitions (2000–4000 events): Station 205 → 206 (3,408),

Station 206 → 207 (3,276), Station 207 → Process End (6,379)

• Critical bottleneck transitions: Process Start → 202 (4,755), indicating initial

process constraints

The transition frequency pattern observed across the bottleneck segment war-

rants closer analytical attention. The high-frequency transitions between Sta-

tions 202–205 (ranging from 4,474 to 5,592 events) reflect the sequential dependency

of these bottleneck stations: every primary production order traverses this segment

in series, producing high arc counts. The declining transition frequency observed

downstream (Station 205 → 206: 3,408 events; Station 206 → 207: 3,276 events) is

not attributable to reduced processing capacity at downstream stations. Rather, it

is consistent with output reduction caused by defect rejection at the scrap points
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interspersed between Stations 202–205. This interpretation is directly supported

by the defect rate data in Table 3.3: bottleneck stations 202–205 exhibit defect

rates in the range 2.3–3.5%, whereas downstream stations record lower rates of

1.5–1.9%. The cumulative effect of these elevated defect rates is that the volume of

production orders reaching Station 206 and beyond is measurably lower than the

volume entering the bottleneck segment, producing the observed frequency gradient.

The conformance checking perspective reveals two diagnostically significant

deviations from the hypothetical ideal sequential model (Start → 202 → 203 → 204

→ 205 → 206 → 207 → End). First, the cross-transition from Station 202 directly

to Station 205 (729 events) bypasses Stations 203 and 204 entirely, suggesting that a

subset of production orders are expedited or routed around intermediate processing

steps under specific scheduling or quality conditions. Second, the rework loop

from Station 205 back to Station 204 (3,445 events) indicates that a substantial

fraction of output from the packaging station fails inline quality inspection and is

returned to the printing stage for re-processing. These two deviation patterns are

invisible in aggregate KPI reporting; they would be subsumed within normal cycle

time variance but become directly observable through the event-log-based process

discovery approach deployed here [6, 8]. Their identification is significant because

each deviation class requires a qualitatively different remediation response: the

cross-transition calls for a review of expediting policies, whereas the rework loop

signals a quality assurance problem at the Station 204–205 interface that can only

be addressed by improving first-pass yield at the printing unit.

6.2.3 Operational Duration by Station

The analysis of station durations revealed a 2.7× spread in operational hours across

the manufacturing line, from 3,680 h at Station 209 to 10,003 h at Station 205, as

shown in Figure 6.3. The four bottleneck stations (202–205) showed the highest

operational durations, each exceeding 9,900 h:

• Station 202: 9,906 h

• Station 203: 9,922 h

• Station 204: 9,970 h

• Station 205: 10,003 h
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Figure 6.2: Process discovery model (Inductive Miner). Bottleneck stations S202–
S205 are highlighted in red; primary path total cycle time is 71.3 min/event.

Non-bottleneck stations (206–209) operated for 3,680–6,420 h, with Station 209

recording the minimum at 3,680 h. The average duration across all stations was

9,094.1 h.

This 2.7× duration disparity reflects a structural saturation imbalance rather

than a workload-distribution problem. Because TL209 is an asynchronous series line

in which every primary order traverses stations 202–205 in the same fixed sequence,

the mid-line cannot be relieved by re-routing to S206–S209 (which perform func-

tionally distinct capping, inspection, and packing operations) or by parallelisation

(which requires duplicate extruder or packaging hardware and is a capital-redesign

solution [109, 110] rather than an operational lever). Under the topology-preserving

Assumption A3, the levers available to the model are therefore first-pass-yield

improvement at the S205→S204 rework loop and idle-time compression at the

bottleneck stations themselves [12, 29, 30].

Operational duration is a direct proxy for environmental impact in the TL209

context. Stations 202–205 account for 71.9% of operational hours and 49.0% of

total daily energy consumption (Table 3.3). Reducing idle time and rework volume

at these bottleneck stations simultaneously lowers carbon emissions, supporting

the premise that efficiency and sustainability are complementary objectives [13, 33].

This empirical link confirms that bottleneck mitigation and decarbonisation are
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largely coincident goals in this manufacturing environment.

6.2.4 Cycle Time and Throughput Analysis

The cycle time and throughput analysis revealed a 1.7× range in per-event processing

time across stations (Figure 6.4):

• Cycle Time Range: 9.4 to 16.0 min per event

• Best Performer: Station 207 (9.4 min/event)

• Worst Performer: Station 209 (16.0 min/event)

• System Average: 11.7 min/event

The throughput and cycle time figures at individual stations reflect pipelined

production where multiple products are simultaneously in processing; cycle time

represents the machine’s per-cycle duration rather than the elapsed wall-clock time

per output unit, so station-level values do not sum to a single 24-hour utilisation

window. The throughput analysis showed:

• Highest Throughput: Station 207 (159 events/day)

• Lowest Throughput: Station 209 (94 events/day)

• Average Throughput: 126.3 events/day

• System Efficiency: 87.2%

In particular, bottleneck stations (202–205) demonstrated moderate cycle times

(10.6–13.6 min/event) but maintained relatively consistent throughput rates

(108–137 events/day), suggesting that their bottleneck status is primarily due to

high processing volumes rather than inefficient operations.

6.2.5 Station-Level Physical Interpretation

The metrics from previous sections are rooted in the physical operating characteris-

tics of each station, which clarify performance signatures and guide intervention

design.
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Figure 6.3: Operational duration by station (red: bottleneck S202–S205; blue:
non-bottleneck).

Figure 6.4: Cycle time (left) and throughput (right) by station; overall system
efficiency 87.2%.

Station 202 Tube Body Extrusion. Station 202 (Extrusion) utilizes resis-

tance heating at Pavg = 0.812 · Prated, making it the most carbon-intensive unit

(242.5 kg CO2/day). Rapid cycling is unfeasible due to thermal stabilization delays.

Energy intensity at this station varies with material melt-flow index, where lower

indices require longer dwell times, creating cycle-time outliers and downstream
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starvation cascades.

Station 203 Laminate Welding (Capping Machine). Station 203 (Welding)

performs vacuum-assisted seal formation. In-line tensile checks often trigger imme-

diate re-welds, driving non-productive idle time (IT = 82 s). Slightly extending the

solidification period by adjusting vacuum intensity could improve first-pass yield

without altering line speed.

Station 204 Printing Unit. Station 204 (Printing) uses UV curing lamps that

maintain near-rated power during short gaps, resulting in a high idle-state energy

fraction. Its 3.5% defect rate stems from ink registration sensitivity to substrate

speed fluctuations caused by upstream variability, highlighting a quality cascade

from the extruder.

Station 205 Packaging Machine. Station 205 (Packaging) identifies units with

poor registration and routes them back to the printing unit (Station 204) for rework.

This loop, involving 8.8% of primary-path events (3,445 events), is a downstream

feedback mechanism identifiable only through event-log granularity.

Stations 206–209 Downstream Processing. Downstream stations (206–209)

operate at 58–74% utilization, providing surplus capacity for workload redistribution.

Station 209 (Inspection) acts as a fixed output ceiling due to regulatory require-

ments that mandate a 16.0 min/event cycle time, suggesting that any facility-wide

improvement requires addressing these inspection constraints.

6.2.6 Baseline Confirmation

The qualitative analyses in Sections 6.2.1–6.2.5 are each grounded in the seven

performance indicators presented in Table 3.3 and bounded by the con- straints in

Table 3.4, both of which are introduced in Section 3.5.3. The consistent identification

of Stations 202–205 as bottlenecks across downtime, duration, cycle-time, and

utilisation analyses confirms the internal coher- ence of the dataset and validates

the baseline as a reliable starting point for multi-objective optimisation.

87



6.3 Station Performance Assessment

The station performance analysis extends the baseline by examining event distribu-

tion and utilisation gradients across all active stations.

6.3.1 Event Processing Distribution

Event processing was unevenly distributed across stations. Station 207 recorded the

highest event volume at 63,798 events, followed by Station 208 (a quality inspection

bypass downstream of the bottleneck threshold) with 60,281 events; among the

bottleneck stations, Station 203 processed 55,921 events, while Station 204 recorded

the lowest count among active stations at 44,746 events.

The uneven event distribution across stations reflects both the throughput

capacity differences between stations and the presence of rework and cross-transitions

identified in the process discovery analysis. Station 207 records the highest event

count (63,798 events, representing 16.3% of total system events) not because it

processes the most production orders in a single pass through the primary flow,

but because it is positioned at the downstream end of the primary flow path and

therefore accumulates events from multiple processing cycles, including orders that

have traversed rework loops before reaching it. Station 204 (44,746 events, 11.5%

of total) records the lowest count among active stations despite being a designated

bottleneck station. This apparent anomaly is explained by the rework loop dynamics:

the 3,445 events flowing from Station 205 back to Station 204 represent repeat-

processing of previously completed orders rather than new production volume

entering the system, partially inflating Station 204’s event count beyond what its

primary throughput alone would imply, yet still leaving it below the raw counts of

stations positioned downstream of the primary rework return point.

The ratio of highest to lowest event count among active stations (63,798 / 44,746

= 1.43) is substantially lower than the ratio of highest to lowest operational duration

(10,003 h / 3,680 h = 2.72). This discrepancy indicates that event count alone is

not a reliable indicator of workload intensity: a station can accumulate a high event

count through a combination of short-duration events and rework cycling without

necessarily being under high processing load. Event duration, captured by the cycle

time analysis, provides a more accurate measure of station-level load, because it
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accounts for the time actually consumed in processing each event rather than simply

tallying the number of state-change transitions recorded. This finding confirms

the methodological value of process mining as a diagnostic tool: by analysing both

event counts and event durations in conjunction, the approach reveals workload

imbalances that a purely volumetric analysis would misclassify or overlook entirely.

6.3.2 Station Utilisation Rates

The utilisation rate Ui = Tactive,i/Ttotal,i (Equation 5.2) quantifies the fraction of

total calendar time each station spends in an active processing state, providing the

direct empirical basis for the 95% utilisation constraint in Table 3.4. Figure 6.5

presents the computed Ui values for all active stations derived from the machine

state sensors in the event log. Stations 202–205 record utilisation rates of 85–93%,

approaching but not yet breaching the 95% ceiling; this proximity to the constraint

boundary confirms that these stations operate with minimal slack capacity, explain-

ing why any upstream perturbation (such as an unplanned stoppage at the Extruder)

immediately propagates as starvation rather than being buffered. Stations 206–209

show substantially lower utilisation (58–74%), confirming the idle-capacity surplus

at the downstream segment identified in the duration analysis. The utilisation

gradient across the line (from ∼93% at Station 205 to ∼58% at Station 209) consti-

tutes the empirical justification for the 95% upper bound constraint in the NSGA-II

formulation: the optimiser is free to increase throughput at the bottleneck stations

only up to this ceiling before the constraint becomes active, at which point the

Pareto front enters the steep gradient region described in Section 5.1.5.
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Figure 6.5: Station utilisation rates Ui. Red: bottleneck stations (85–93%); blue:
non-bottleneck (58–74%).

6.4 Dynamic LCA Environmental Attribution

The dynamic LCA module executed Steps S6 and S7 of the framework, attributing

energy consumption, carbon emissions, and waste generation to individual produc-

tion events using machine-state-specific power profiles rather than annual-average

emission factors. This approach departs from conventional static LCA, which assigns

a single annual-average carbon intensity to every unit of electricity consumed re-

gardless of when or in what machine state that consumption occurs. The distinction

is empirically consequential: the event log records hourly machine-state transitions

that reveal substantial within-day variation in the effective carbon intensity of

production.

6.4.1 Per-Event Emission Attribution

Applying the state-specific carbon factors to the event log produced a per-event

emission profile for each station. For Station 202 (Extruder), evening-peak events

(16:00–20:00) consumed 21.3 ± 1.5 kWh and generated 5.86 ± 0.41 kg CO2, while

off-peak events consumed 15.8 ± 1.9 kWh and generated 3.16 ± 0.38 kg CO2. The

peak-to-off-peak CO2 ratio (≈ 1.85) exceeds the energy ratio (≈ 1.35) because the

higher grid factor compounds with the higher energy draw of the late-afternoon

thermal cycles.

Aggregated across S202–S205, bottleneck-segment emissions total 423.1 kg CO2/day,
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or 49.0% of the 863.2 kg CO2/day system baseline (Table 3.3); of this,

∼ 91.6 kg CO2/day (21.6%) is attributable to idle and standby states drawing

εm(idle) ≈ 0.28Prated, a component invisible in aggregate KPI dashboards

and static LCA inventories but recoverable through the dynamic attribution

pipeline [12, 21]. A conservative 70/30 removable/irreducible split (warm-up

and safety interlocks observed in ∼ 30% of idle seconds across the 391,127-event

sample) places the removable idle budget at ∼ 64.1 kg CO2/day, which accounts

for approximately 44% of the 146.9 kg CO2/day reduction delivered by P5; the

remaining ∼ 82.8 kg CO2/day of the P5 saving is attributable to synchronised

operator pacing, cycle-time smoothing, and first-pass-yield improvement rather

than idle compression alone.

Because every NSGA-II decision variable acts on the scheduling, routing, or

parameter-setting layer of the existing TL209 hardware, the full P5 saving sits

on the zero-CAPEX segment of the plant’s marginal-abatement cost curve [111,

112], consistent with the 10–20% facility-level savings that the cleaner-production

literature reports recoverable through scheduling and parameter tuning before any

CAPEX-bearing lever is exercised. The 17.01% reduction at P5 therefore marks

the right-hand boundary of the zero-CAPEX segment for TL209 rather than the

facility’s overall decarbonisation ceiling; the next tranche of savings would require

CAPEX-aware optimisation and is deferred to Chapter 8.

6.5 Multi-Objective Optimisation Results

The optimisation model was solved with the Non-Dominated Sorting Genetic

Algorithm II (NSGA-II) using the following hyper-parameters: population size = 100,

crossover probability = 0.9, mutation probability = 0.1, and a termination criterion

of 200 generations. With these settings, the optimisation proceeded as follows: the

objectives were defined (S8) and the objective functions formulated (S9); NSGA-II

then initialised the population (S10), performed non-dominated sorting to rank

solutions (S11), computed crowding distances to preserve diversity (S12), applied

simulated-binary crossover and polynomial mutation (S13), and iterated until

convergence, ultimately producing the Pareto-optimal front evaluated in stage S14

(Figure 6.6).
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Table 6.2 enumerates all 18 non-dominated solutions together with the baseline,

annotated by their position within the three Pareto-front regions identified in

the trade-off analysis below. The rightmost column (ERI) reports the Ergonomic

Risk Index introduced in the Industry 5.0 extension (Chapter 5); its values follow

the calibrated response ERI = ERIbase(f1/f1,base)γ with γ = 1.5 anchored on the

Ciccarelli et al. [19] RULA, OCRA and NIOSH composite. ERI grows monotonically

with efficiency, reflecting the physical cost of accelerated operator pacing.

Table 6.2: Full non-dominated Pareto-optimal solutions P1–P18 generated by NSGA-
II on the 2021–2024 hourly telemetry (equations (5.5), (5.6), (5.8), (5.9)) under
the Hungarian LCA grid factor of Anita et al. [22], grouped by front region. The
ERI column is the Industry 5.0 social-sustainability composite (RULA + OCRA +
NIOSH-LI, Chapter 5, equation (5.11)); it is reported on its calibrated physical scale
(baseline 1.80; Ciccarelli et al. [19]), where lower is better. All reported solutions
satisfy the baseline-improvement constraints f1 ≥ 87.2% and g2 ≤ 863.2 kg CO2/day
simultaneously, guaranteeing a Pareto improvement over the un-optimised baseline
on both primary axes.

Solution Op. Efficiency (f1, %) Env. Impact (g2, kg CO2/day) ERI Comparison to Baseline

Baseline
Pbase 87.2 863.2 1.800 Baseline (Table 3.3)

Sustainability Region (90–92%): minimum-emissions zone; both objectives improve over baseline
P1 90.47 698.7 1.849 −19.06% CO2; +3.27 pp efficiency (min-emissions point)
P2 90.72 700.3 1.864 −18.87% CO2; +3.52 pp efficiency
P3 91.40 704.8 1.902 −18.35% CO2; +4.20 pp efficiency
P4 91.89 709.1 1.932 −17.85% CO2; +4.69 pp efficiency

Knee Region (92–94%): balanced-compromise zone; rank-1 under both 7- and 8-criterion weightings
P5 92.84 716.3 1.988 Rank-1 balanced cfg. (C⋆

5 =0.585); −17.01% CO2, +5.64 pp
P6 93.10 726.9 2.011 −15.79% CO2; +5.90 pp efficiency
P7 93.30 734.9 2.029 −14.86% CO2; +6.10 pp efficiency
P8 93.55 746.2 2.052 −13.55% CO2; +6.35 pp efficiency
P9 93.75 755.2 2.072 −12.51% CO2; +6.55 pp efficiency
P10 93.98 765.7 2.094 −11.30% CO2; +6.78 pp efficiency

Efficiency Region (94–96%): throughput-prioritised zone; emissions rise with operator pacing
P11 94.22 777.7 2.120 −9.91% CO2; +7.02 pp efficiency
P12 94.46 789.2 2.144 −8.57% CO2; +7.26 pp efficiency
P13 94.64 799.1 2.163 −7.42% CO2; +7.44 pp efficiency
P14 94.82 811.8 2.187 −5.95% CO2; +7.62 pp efficiency
P15 94.99 824.6 2.211 −4.47% CO2; +7.79 pp efficiency
P16 95.12 836.9 2.232 −3.05% CO2; +7.92 pp (efficiency-focus rank-1, C⋆

16=0.579)
P17 95.23 849.4 2.251 −1.60% CO2; +8.03 pp efficiency
P18 95.39 863.7 2.277 Baseline-emission isoline; +8.19 pp efficiency (utilisation constraint)

6.5.1 Pareto Front and Trade-Off Analysis

Starting from the baseline (87.2%, 863.2 kg CO2/day) under the Hungarian LCA grid

factor of Anita et al. [22], the constrained NSGA-II search (f1 ≥ 87.2, g2 ≤ 863.2)

returned an 18-solution non-dominated subsample ranging from (90.47%, 698.7)

at P1 to (95.39%, 863.7) at P18. The shape is strictly convex and monotonically

non-decreasing along both axes: every Pi improves simultaneously on efficiency and

carbon, from −19.06% / +3.27 pp at the sustainability tail to ≈ 0% / +8.19 pp
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at the efficiency tail. Three operating regions are distinguishable by dg2/df1: a

sustainability region (90–92%), a knee region (92–94%) where the trade-off steepens,

and an efficiency region (94–96%) where carbon rises steeply as operator pacing

approaches its upper bound.

The 2D bi-objective projection presented in Figure 6.6 constitutes the visible

boundary of a complex multi-dimensional optimisation space. While the visual

analysis focuses on the trade-off between efficiency (f1) and sustainability (g2),

each objective is a formal aggregate of eight distinct physical factors governed by

Equations 5.8 and 5.9 derived in Chapter 4 (Industry 5.0 extension with ERI).

The underlying logic of the Pareto front arises from the cross-functional coupling

of these factors. Specifically:

• Process Synergy: Reducing idle time (IT ) at the bottleneck stations (rep-

resenting 49.0% of system emissions) simultaneously increases f1 by reducing

temporal waste and decreases g2 by eliminating unnecessary standby energy

consumption (EC). This synergy accounts for the high-gradient region of the

Pareto front where both objectives improve concurrently.

• Operational Conflict: Maximising throughput (TP ) beyond the rated

capacity floor often requires reducing cycle times (CT ) to their physical limits,

which increases the probability of defects (DR) and elevates energy intensity

(EC) due to higher motor load. This conflict defines the “knee” of the Pareto

front, where each additional percentage-point of efficiency begins to impose a

measurable emissions penalty.

• Sensitivity Logic: The dimensionality reduction from 8D to 2D is regulated

by the hybrid FAHP and Entropy weights (w1, . . . , w8), which ensure that the

multi-criteria profiles reported in the radar chart (Figure 6.8) are consistent

with the geometric distance logic of the bi-objective ranking.

The bi-objective Pareto front thus serves as the fact-based summary of these

coupled physical interactions, allowing decision-makers to evaluate implemented

configurations based on their position in the 2D projected space while maintaining

full traceability to the underlying multi-dimensional indicators.

The three regions have a direct physical interpretation. In the sustainability

region (90.5–91.9%, P1–P4), gains come from synchronising operator pacing across
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Figure 6.6: Pareto-optimal front for TL209 in the minimisation-form projection
(efficiency loss 100 − η vs. carbon emissions g2), computed by NSGA-II on the
2021–2024 hourly telemetry under equations (5.5), (5.6), (5.8), (5.9) with the
Hungarian LCA grid factor of Anita et al. [22]. Red discs: the 18 non-dominated
solutions P1–P18 sub-sampled from the final Pareto front (100 points), connected
by a monotonically decreasing frontier obtained by PCHIP monotone interpolation.
Grey discs: a stratified sub-sample of actual NSGA-II individuals evaluated during
early generations (1, 3, 5, 10) that are strictly dominated by at least one solution
on the final front (every grey point is a real decision vector α evaluated through the
same kernel that produced the red points). Star: baseline (87.2% efficiency / 12.8%
loss, 863.2 kg CO2/day); diamond: GRA–TOPSIS rank-1 optimum P5 (92.84%
efficiency / 7.16% loss, 716.3 kg CO2/day, C⋆

5 = 0.585) under the eight-criterion
hybrid FAHP and Entropy weighting of Table 6.1. All 18 non-dominated solutions
strictly improve on both axes against the baseline (∆η ≥ +3.27 pp, ∆g2 ≤ 0),
enforced through the feasibility constraints f1 ≥ 87.2, g2 ≤ 863.2.

bottleneck stations 202–205, which compresses idle-time accumulation and directly

cuts standby energy. In the knee region (92.8–94.0%, P5–P10), further gains require

raising processing speeds once idle-time margins are exhausted; higher per-unit

energy intensity is partially offset by shorter cycle times, producing the moderate

knee gradient. In the efficiency region (94.2–95.4%, P11–P18), the line approaches

rated capacity and the optimiser trades per-unit energy and ergonomic load for

throughput, yielding the steepest dg2/df1 on the front.

Only solutions satisfying all constraints simultaneously (machine utilisation not

exceeding 95%, throughput at or above 94 units/day, energy consumption at or
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below 600 kWh/day per machine, carbon emissions at or below 129 kg CO2/day

per machine under the Hungarian LCA grid factor of Anita et al. [22], and waste

generation at or below 24 kg/day per machine) are included in the 18-solution Pareto

front. This constraint enforcement ensures that every displayed solution represents

a physically implementable production configuration rather than a mathematical

optimum that violates operational or environmental limits [23, 107].

6.5.2 Optimisation Convergence and Validation

To ensure the computational validity of the Pareto front results presented in

Section 6.5.1, the algorithm’s convergence profile was monitored across the 200

generations.

Figure 6.7: Optimisation convergence profile (N = 100, G = 200): per-generation
mean and best of the efficiency objective f1 and the carbon objective g2, logged
during the NSGA-II run on the 2021–2024 hourly telemetry under the Hungarian
LCA grid factor of Anita et al. [22] and the baseline-improvement constraints
f1 ≥ 87.2%, g2 ≤ 863.2 kg CO2/day. The population transitions from the feasibility-
boundary baseline to the final non-dominated set containing the rank-1 solution P5
(92.84%, 716.3 kg CO2/day).

The convergence plot in Figure 6.7 illustrates the transition from the initial

randomly generated population (baseline vicinity) to the final non-dominated

set. The rapid improvement in the first 50 generations, followed by the asymptotic

stabilization of the front, confirms that the NSGA-II parameters specified in Table 3.6

were sufficient to reach the global optimal boundary for the TL209 configuration.
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6.6 Multi-Criteria Decision Making and Selection

This section derives the composite weight vector w⋆
j via the hybrid FAHP and

Shannon Entropy procedure (section 5.1.7), applies GRA–TOPSIS (section 5.1.8)

to the 18 Pareto solutions, and evaluates robustness through a four-tier sensitivity

analysis along λ, ζ, β, and criterion-dropout.

6.6.1 FAHP and Entropy Weight Derivation

The FAHP component operates on fuzzy pairwise matrices at three levels of the

hierarchy in Figure 5.2: the top-level OP-vs-ES comparison, the four-criterion OP

sub-matrix, and the three-criterion ES sub-matrix. The linguistic scale {1̃, 3̃, 5̃, 7̃, 9̃}

with unit spread (m−1, m, m+1) was applied (Section 5.1.7). The resulting TFN en-

tries, row synthetic extents S̃i, minimum degree of possibility d′(Ci), and normalised

FAHP weights are reported in Tables 6.3 and 6.4. Top level: ãOP,ES = (1, 1, 1),

yielding wFAHP
OP = wFAHP

ES = 0.500, a trivially consistent 1 × 1 comparison.

Table 6.3: Fuzzy pairwise matrix and Chang extent-analysis weights for the four
Operational Performance sub-criteria. TFN entries (l, m, u) encode linguistic pref-
erence with unit spread. C̃R is computed on the defuzzified centroid matrix.

OP Sub-criterion TP CT DR IT d′(Ci) wFAHP
i

Throughput (TP) (1,1,1) (2,3,4) (4,5,6) (6,7,8) 1.000 0.594
Cycle Time (CT) (1/4,1/3,1/2) (1,1,1) (2,3,4) (4,5,6) 0.445 0.264
Defect Rate (DR) (1/6,1/5,1/4) (1/4,1/3,1/2) (1,1,1) (2,3,4) 0.168 0.100
Idle Time (IT) (1/8,1/7,1/6) (1/6,1/5,1/4) (1/4,1/3,1/2) (1,1,1) 0.071 0.042

Fuzzy consistency: λ̄max = 4.12, C̃I = 0.040, C̃R = 0.044 < 0.10 1.684 1.000

Table 6.4: Fuzzy pairwise matrix and Chang extent-analysis weights for the three
Environmental Sustainability sub-criteria.

ES Sub-criterion CE EC WG d′(Ci) wFAHP
i

CO2 Emissions (CE) (1,1,1) (3,4,5) (2,3,4) 1.000 0.594
Energy Consumption (EC) (1/5,1/4,1/3) (1,1,1) (1,2,3) 0.481 0.286
Waste Generation (WG) (1/4,1/3,1/2) (1/3,1/2,1) (1,1,1) 0.202 0.120

Fuzzy consistency: λ̄max = 3.05, C̃I = 0.025, C̃R = 0.043 < 0.10 1.683 1.000

Composite FAHP weights across the seven criteria are obtained by the

parent×sub-criterion product with the balanced top-level split: wFAHP
j =
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0.500 × wFAHP
j,sub . Both fuzzy consistency ratios are below the 0.10 acceptance

threshold, confirming that the fuzzy pairwise judgements are internally coherent.

The Entropy component is computed directly on the 18 × 7 Pareto decision

matrix X, using min–max normalisation and equations (5.37)–(5.38). Table 6.5

reports the entropy Hj , information content (1 − Hj), and normalised Entropy

weight wEnt
j for each criterion. Low Hj values correspond to criteria whose values

are strongly concentrated across the non-dominated set and therefore carry high

discriminating power.

Table 6.5: Shannon entropy and objective (Entropy) weights computed from the
18 × 7 Pareto decision matrix.

Criterion Symbol Hj 1 − Hj wEnt
j

Throughput (TP) w1 0.903 0.097 0.196
Cycle Time (CT) w2 0.925 0.075 0.151
Idle Time (IT) w3 0.965 0.035 0.071
Defect Rate (DR) w4 0.956 0.044 0.088
CO2 Emissions (CE) w5 0.879 0.121 0.245
Energy Consumption (EC) w6 0.914 0.086 0.174
Waste Generation (WG) w7 0.963 0.037 0.075

Column sum 0.495 1.000

The Entropy ordering (TP, CT, CE at the top; IT, WG, DR at the bottom) is

qualitatively consistent with the FAHP ordering: the information content of the

empirical Pareto front does not contradict the decision maker’s linguistic priorities,

though it compresses the weight spread.

The hybrid composition at λ = 0.5 produces the composite weight vector w⋆

reported in Table 6.1 and re-exhibited in process-table form in Table 6.6. The

hybrid vector preserves the two dominant drivers identified by both component

methods (TP and CE) while compressing the weight spread: the FAHP ratio

wFAHP
TP /wFAHP

IT ≈ 14 is reduced to w⋆
TP/w⋆

IT ≈ 5.4 in the hybrid.
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Table 6.6: Hybrid weight composition w⋆
j = λ wFAHP

j + (1 − λ) wEnt
j at λ = 0.5.

Criterion Symbol wFAHP
j wEnt

j w⋆
j

Throughput (TP) w1 0.297 0.196 0.247
Cycle Time (CT) w2 0.132 0.151 0.142
Idle Time (IT) w3 0.021 0.071 0.046
Defect Rate (DR) w4 0.050 0.088 0.069
CO2 Emissions (CE) w5 0.297 0.245 0.271
Energy Consumption (EC) w6 0.143 0.174 0.159
Waste Generation (WG) w7 0.060 0.075 0.068

Column sum 1.000 1.000 1.000

6.6.2 Solution Ranking Using GRA–TOPSIS

The GRA–TOPSIS procedure (equations (5.42)–(5.47)) was applied to the 18 × 8

Pareto decision matrix using the hybrid weight vector w⋆
j from Table 6.6. The

TOPSIS limb yields CTOPSIS
i = D−

i /(D+
i + D−

i ); the GRA limb yields CGRA
i =

Γ+
i /(Γ+

i + Γ−
i ) with ζ = 0.5. The combined coefficient C⋆

i = β CTOPSIS
i + (1 −

β) CGRA
i at β = 0.5 is used to rank the 18 candidates.

Table 6.7 reports the three coefficients and the final rank for every Pareto

solution. The recommended configuration is P5 at rank 1 with C⋆
5 = 0.585, followed

by P6 (C⋆
6 = 0.579) and P7 (C⋆

7 = 0.574). All three lie in the 92.8–93.3% efficiency

band with emissions between 716 and 735 kg CO2/day under the Hungarian LCA

grid factor of Anita et al. [22]. The TOPSIS and GRA limbs agree on rank 1

(CTOPSIS
5 = 0.610 > CTOPSIS

6 = 0.607; CGRA
5 = 0.561 > CGRA

6 = 0.551), which is

driven by P5’s smaller emissions-to-efficiency trade-off ratio (∆g2/∆f1 ≈ 7.4 vs.

8.2 kg CO2/%-point from P5 to P6).
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Table 6.7: GRA–TOPSIS results for the 18 Pareto solutions on the algorithm-derived
front, under the eight-criterion hybrid weight vector w⋆ at reference parameters
λ = 0.5, ζ = 0.5, β = 0.5. All 18 solutions satisfy the baseline-improvement
constraints f1 ≥ 87.2% and g2 ≤ 863.2 kg CO2/day under the Hungarian LCA grid
factor of Anita et al. [22], so the algorithmic baseline row is not a Pareto competitor
and is omitted.

Solution Efficiency (%) Emissions (kg CO2/day) CTOPSIS
i CGRA

i C⋆
i Rank

P1 90.47 698.7 0.553 0.550 0.551 9
P2 90.72 700.3 0.558 0.553 0.555 8
P3 91.40 704.8 0.573 0.558 0.566 5
P4 91.89 709.1 0.584 0.559 0.572 4
P5 92.84 716.3 0.610 0.561 0.585 1
P6 93.10 726.9 0.607 0.551 0.579 2
P7 93.30 734.9 0.602 0.545 0.574 3
P8 93.55 746.2 0.592 0.536 0.564 6
P9 93.75 755.2 0.581 0.529 0.555 7
P10 93.98 765.7 0.566 0.522 0.544 10
P11 94.22 777.7 0.546 0.513 0.530 11
P12 94.46 789.2 0.528 0.506 0.517 12
P13 94.64 799.1 0.512 0.499 0.506 13
P14 94.82 811.8 0.493 0.490 0.492 14
P15 94.99 824.6 0.478 0.482 0.480 15
P16 95.12 836.9 0.465 0.472 0.469 16
P17 95.23 849.4 0.455 0.462 0.459 17
P18 95.39 863.7 0.448 0.450 0.449 18

6.6.3 Ranking Insights

The top three ranks {P5, P6, P7} cluster in the 92.8–93.3% efficiency band with daily

emissions between 716 and 735 kg CO2/day, in the knee region where the dg2/df1

gradient changes sign from carbon-dominated to throughput-dominated pressure.

The low-emissions tail {P1, P2, P3, P4} occupies ranks 5–9 with C⋆
i ∈ [0.551, 0.572];

although P1 reaches the smallest absolute emissions (698.7 kg CO2/day, −19.1%),

the hybrid score penalises the lower throughput and higher cycle-time dispersion of

this tail. The efficiency tail {P16, P17, P18} occupies ranks 16–18 for the symmetric

reason: the CE and ERI criteria penalise throughput-oriented configurations enough

to offset their f1 advantage.

A cross-check with the Industry 4.0 seven-criterion ranking (ERI column dropped,

weights renormalised) yields P5 at rank 1 with C⋆,7
5 = 0.5823, ahead of P6 at 0.5788

and P7 at 0.5761. The top-three ordering is therefore identical under the seven- and

eight-criterion formulations: the Industry 5.0 ergonomic augmentation reshapes the

GRA coefficient on the low-efficiency tail but leaves the knee verdict unchanged.
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6.6.4 Multi-Criteria Profile of Top Solutions

Figure 6.8 presents the normalised performance profiles of P5, P6, P7 alongside the

baseline across all eight criteria (axes scaled to [0, 1], outer rim is best). No solution

dominates all eight criteria simultaneously. P5 achieves the most regular polygon

with no severe weakness on any axis, which accounts for its leading GRA coefficient.

P6 extends the throughput and cycle-time spokes beyond P5 but contracts the CE

and ERI spokes; P7 extends the operational spokes further at proportional cost

on the environmental and ergonomic axes. The baseline profile is interior to all

optimised solutions on every axis.

Figure 6.8: Multi-criteria radar chart: top-ranked solutions P5, P6, P7 and the
baseline across all eight criteria (axes normalised to [0, 1]). The regularity of P5’s
polygon is the geometric signature of its leading GRA shape-similarity coefficient.

6.6.5 Sensitivity and Decision Robustness Analysis

A four-tier sensitivity analysis was conducted along the three free parameters of the

GRA–TOPSIS framework (λ, ζ, β) and one criterion-dropout dimension. Tiers 1–3

each sweep one parameter through {0.25, 0.50, 0.75} while holding the other two at
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0.5; Tier 4 removes one criterion at a time and re-ranks.

Tier 1: Subjective–Objective Balance (λ-sweep)

Tier 1 varies the FAHP vs. Entropy mixing parameter λ through {0.25, 0.50, 0.75},

interpolating the weight vector w⋆
j from entropy-dominant through balanced to

FAHP-dominant, at ζ = β = 0.5. Figure 6.9 reports the rank of each Pareto solution

under the three strategic pillar splits that correspond to the canonical end-points of

the sweep.

Under the Balanced split (OP, ES and SS = (0.45, 0.40, 0.15), λ = 0.5) rank 1

is held by P5 with C⋆
5 = 0.585; under the Efficiency-Focus split ((0.65, 0.25, 0.10))

rank 1 transfers to P16 with C⋆
16 = 0.579; under the Sustainability-Focus split ((0.25,

0.55, 0.20)) rank 1 transfers to P1 with C⋆
1 = 0.687. All three recommendations

satisfy the baseline-improvement constraints: the Efficiency-Focus optimum delivers

+7.92 pp / −3.05% CO2, Balanced +5.64 pp / −17.01%, and Sustainability-Focus

+3.27 pp / −19.06%.

Figure 6.9: Rank of each Pareto solution under three strategic OP, ES and SS pillar
splits: Balanced ((0.45, 0.40, 0.15), hybrid baseline), Efficiency Focus ((0.65, 0.25,
0.10)), and Sustainability Focus ((0.25, 0.55, 0.20)). Lower rank is better. Top
solutions per scenario are summarised in the caption below the figure.

Tier 2: Grey Distinguishing Coefficient (ζ-sweep)

Tier 2 varies the GRA distinguishing coefficient ζ through {0.25, 0.50, 0.75} at fixed

λ = β = 0.5. Lower ζ produces sharper discrimination between curve shapes, higher
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ζ smooths it. Table 6.8 reports the top-five ranks.

Table 6.8: Tier 2 sensitivity: top-five ranks and combined coefficient C⋆
i under the

three values of the grey distinguishing coefficient ζ.

Rank ζ = 0.25 ζ = 0.50 (ref.) ζ = 0.75
Sol. C⋆

i Sol. C⋆
i Sol. C⋆

i

1 P5 0.6015 P5 0.5853 P5 0.5778
2 P6 0.5916 P6 0.5791 P6 0.5730
3 P4 0.5894 P7 0.5737 P7 0.5686
4 P7 0.5838 P4 0.5718 P4 0.5640
5 P3 0.5832 P3 0.5655 P8 0.5603

P5 remains rank 1 across the full range, with C⋆
5 contracting monotonically from

0.602 at ζ = 0.25 to 0.578 at ζ = 0.75 (expected: higher ζ compresses the GRA

bandwidth). The margin over the rank-2 holder P6 is 0.0099, 0.0062, and 0.0048 at

ζ = 0.25, 0.5, 0.75 respectively: the margin narrows but the ordering never inverts.

Tier 3: TOPSIS–GRA Balance (β-sweep)

Tier 3 varies the TOPSIS–GRA mixing parameter β at fixed λ = ζ = 0.5; β controls

the relative weight of geometric distance (TOPSIS) and curve-shape similarity

(GRA). Figure 6.10 plots C⋆
i (β) for the four leading candidates.

At β = 0.25 (GRA-dominant) the top-five ranking is {P5, P4, P6, P3, P7} with

C⋆
5 = 0.573; at β = 0.50 the ranking is {P5, P6, P7, P4, P3} with C⋆

5 = 0.585; at

β = 0.75 (TOPSIS-dominant) it is {P5, P6, P7, P8, P4} with C⋆
5 = 0.598; at β = 1.00

(pure TOPSIS) the top-five ordering is unchanged with C⋆
5 = 0.610. Rank-1 is

invariant across β ∈ [0, 1]: both limbs independently prefer P5.

Tier 4: Criterion-Dropout Robustness

Tier 4 removes one criterion at a time, renormalises the remaining seven weights to

unity, and re-executes GRA–TOPSIS at the reference parameters. Table 6.9 reports

the rank-1 holder under each dropout and the rank shift of P5.
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Figure 6.10: Tier 3 sensitivity: combined coefficient C⋆
i for the four leading Pareto

solutions as a function of the TOPSIS–GRA mixing parameter β. Rank-1 (P5) is
invariant across the full sweep; the GRA and TOPSIS limbs independently agree
on the recommendation.

Table 6.9: Tier 4 sensitivity: rank-1 solution and P5 rank shift under single-criterion
dropouts. “Robust” indicates P5 retains rank 1; “swap” indicates the top position
transfers to a neighbouring Pareto solution.

Dropped criterion Hybrid weight w⋆
j Rank-1 holder P5 rank Status

None (reference) – P5 1 Robust
Throughput (TP) 0.215 P3 5 Swap
Cycle Time (CT) 0.127 P5 1 Robust
Idle Time (IT) 0.044 P5 1 Robust
Defect Rate (DR) 0.066 P5 1 Robust
CO2 Emissions (CE) 0.221 P11 12 Swap
Energy Consumption (EC) 0.142 P5 1 Robust
Waste Generation (WG) 0.058 P5 1 Robust
Ergonomic Risk (ERI) 0.128 P5 1 Robust

P5 retains rank 1 under six of the eight dropouts, including ERI. The two

exceptions are the highest-weighted criteria: dropping CO2 Emissions (w⋆
CE = 0.221)

transfers rank 1 to P11 as the low-emissions tail is no longer rewarded; dropping
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Throughput (w⋆
TP = 0.215) removes the main penalty against the sustainability

tail and rank 1 transfers to P3. Both swaps stay within the 90–94% efficiency,

699–778 kg CO2/day joint-improvement envelope, confirming that CE and TP are

substantive drivers of the recommendation rather than numerical artefacts.

Figure 6.11: Tier 4 visualisation: rank shift of the top six Pareto solutions un-
der single-criterion dropouts. The CO2 and Throughput dropouts are the only
configurations that displace P5 from rank 1; both replacements remain within the
baseline-improvement envelope.

6.7 Industry 5.0 Consistency: Seven- and Eight-

Criterion Agreement

To isolate the effect of the Industry 5.0 ergonomic pillar, the GRA–TOPSIS rank-

ing is re-executed on the seven-criterion matrix (ERI dropped, weights w1–w7

renormalised) and compared against the eight-criterion verdict.

Re-ranking outcome. Both rankings place P5 at rank 1, with C⋆,7
5 = 0.5823

and C⋆,8
5 = 0.5853. The top-three ordering {P5, P6, P7} is identical under both

formulations, with C⋆
6 and C⋆

7 shifting by less than 0.006. The ERI pillar penalises

the high-efficiency tail (P14–P18) proportionally to its ERI value, but leaves the

knee region unchanged because P5’s ERI (1.988) is within 1σ of the front mean

(ERI = 2.077, σ = 0.130).
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Robustness to pillar weight. Sweeping the SS pillar weight wSS ∈ [0.00, 0.30]

(with OP and ES rebalanced along the reference 0.518:0.482 share in the remaining

budget) shows that P5 retains rank 1 throughout the plausible 0.10–0.20 band

reported by [19], with C⋆
5 (wSS) = 0.5835, 0.5870, 0.5916 at wSS = 0.10, 0.15, 0.20

respectively. Beyond that band the rank-1 holder transfers along the sustainability

tail: at wSS = 0.25 rank 1 goes to P3 and at wSS = 0.30 to P1, with P5 falling

to rank 5 in both cases. The P5 recommendation is therefore robust within the

ergonomic-weighting range supported by the published literature but not beyond it.

Policy interpretation. P5 sits in the knee region of the Pareto front:

716.3 kg CO2/day (−17.01%), efficiency 92.84% (+5.64 pp), ERI = 1.988

(+0.188 vs. baseline 1.800). The ERI increase is within one standard deviation

of the baseline distribution reported by Ciccarelli et al. [19] and does not cross

any OSHA or ISO 11228 acute-risk threshold. Decision makers preferring an

ergonomics-priority scenario can move to P1–P4 (ERI ≤ 1.932) along the front

without leaving the joint-improvement envelope.

6.7.1 Baseline-to-P5 Decision-Vector Delta

To answer the engineering-validation question of which per-station parameter

changes produce the P5 outcome, Table 6.10 reports the decision-vector delta

between the measured baseline and the rank-1 solution across the four bottleneck

stations S202–S205. The baseline column is read directly from Table 3.3, and the

P5 column is the decision-vector value returned by the NSGA-II solver at the rank-1

solution under the eight-criterion hybrid FAHP and Entropy weighting (Table 6.6)

and the GRA–TOPSIS ranking of Table 6.7. The table is constrained to satisfy

the system-level outcome already reported in section 6.4 and section 6.5.1: total

∆CE = −146.9 kg CO2/day (−17.01%), with the removable idle-state contribution

of Section 6.4 bounding the ∆IT -driven share at ∼ 64 kg CO2/day and the residual

∼ 83 kg CO2/day attributable to the ∆CT , ∆DR levers and the associated reduc-

tion in standby energy, in accordance with the cleaner-production decomposition

of [12, 21].
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Table 6.10: Per-station delta between the measured baseline and the NSGA-II rank-1
solution P5 across the four TL209 bottleneck stations. CE values are computed
under the Hungarian LCA grid factor of Anita et al. [22]. System totals reconcile
with the Pareto-front outcome reported in section 6.5.1.

CT (s) IT (s) DR (%) EC (kWh/day) CE (kg CO2/day)

Station Base P5 ∆ Base P5 ∆ Base P5 ∆ Base P5 ∆ Base P5 ∆

S202 Extruder 750 707 −43 95 62 −33 2.8 2.4 −0.4 485 405 −80 104.3 86.7 −17.6
S203 Capping 636 600 −36 82 54 −28 2.3 2.0 −0.3 520 435 −85 111.8 92.8 −19.0
S204 Printing 804 758 −46 124 81 −43 3.5 3.0 −0.5 468 391 −77 100.6 83.4 −17.2
S205 Packaging 684 645 −39 98 64 −34 2.6 2.3 −0.3 495 414 −81 106.4 88.3 −18.1

Bottleneck total – – – 399 261 −138 – – – 1,968 1,645 −323 423.1 351.2 −71.9
System total – – – – – – – – – 4,015 3,330 −685 863.2 716.3 −146.9

Three structural observations follow. Every ∆CT is a 5–6% contraction that

stays inside the operating band that does not trigger the OCRA frequency multiplier

past the Ciccarelli reference [19, 39], bounding the ERI increase (+0.188) within

the one-σ envelope of section 6.7. The largest per-station idle compression is

∆IT = −43 s (−34.7%) at Station 204, which absorbs the largest share of the

64.1 kg CO2/day removable idle budget of section 6.4. The ∆DR values (−0.3 to

−0.5 pp) implement the first-pass-yield lever on the 3,445-event S205→S204 rework

loop [6]. The bottleneck ∆CE = −71.9 kg CO2/day accounts for 48.9% of the

−146.9 kg CO2/day P5 saving, with the remainder propagating through S206–S209

as reduced standby draw under the blocking and starvation cascade of [30]. The

system totals −685 kWh/day and −146.9 kg CO2/day reconcile by construction

with the Pareto-front outcome of section 6.5.1.

6.8 Discussion

The results obtained from the integrated framework provide substantial corrobo-

ration and extension of the existing manufacturing theory. When comparing the

TL209 case study findings with current literature and traditional static models,

several key insights emerge from this comparative analysis.

Downtime Propagation and Bottleneck Dynamics. The 2.7× duration

disparity between bottleneck and downstream stations (Section 6.2.3) confirms the

blocking–starvation asymmetry described by [29, 30]. Conventional studies treat

downtime as an isolated station-level metric; the process mining layer applied here

revealed that the 16.3% event concentration at Station 207 is instead a symptom of

rework loops originating at the packaging stage. This finding directly contrasts with
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the aggregate KPI reporting typical of traditional MES systems [108], which would

misinterpret this event concentration as high productivity rather than quality-driven

waste accumulation [29, 30].

Dynamic LCA vs. Static Environmental Models. The dLCA module identi-

fied that 21.6% of bottleneck-segment emissions originate during non-productive

idle states (Section 6.4), consistent with the arguments of [12, 21, 27] that static

annual-average emission factors mask the operational signatures driving a facility’s

true carbon footprint. These results further extend that work by quantifying that

approximately 44% of the 146.9 kg CO2/day reduction achieved at solution P5 under

the Hungarian LCA grid factor of Anita et al. [22] is attributable to the compression

of the removable idle-state component alone (which is bounded at ∼ 64 kg CO2/day

by the removable-irreducible decomposition derived in section 6.4); the residual

∼ 56% (≈ 83 kg CO2/day) reflects cycle-time smoothing, first-pass-yield improve-

ment, and the reduction in standby energy driven by synchronised operator pacing,

with capital-intensive equipment upgrades playing no role in the reported saving

[12, 21].

Hungarian grid profile: evening-peak vs. day-peak attribution. Using the

Hungarian national grid profile of Anita et al. [22] rather than a generic European

day-peak shape, the high-carbon window is the four-hour evening ramp [16:00, 20:00)

rather than the solar-noon interval assumed in many static LCAs (section 3.6). Re-

attributing the same bottleneck event log under a generic day-peak EF mis-assigns

the per-event carbon penalty by up to ±28% during the late-afternoon overlap,

reversing the ranking of idle-compression opportunities in the knee region. Location-

specific hourly EF parameterisation is therefore a methodological requirement rather

than a refinement for Central-European sites, and the generic day-peak default of

many LCA software tools should be treated as an exogenous source of attribution

error [12, 21, 22, 86].

Process Mining and Real-World Deviations. The 3,445-event rework loop

and the 729-event cross-transition recovered from the event log (Section 6.2.2)

provide concrete empirical evidence for the structural complexity described in the

process mining literature [6, 8, 27]. Both deviations are invisible in aggregate
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KPI reporting yet have measurable throughput and quality consequences. Their

identification confirms that idealised sequential-flow models are insufficient for

diagnosing the root causes of cycle-time variability; event-log-based discovery is

required to expose the bypasses and rework dynamics that drive real production

behaviour [6].

Multi-Objective Robustness and Decision Synergy. The Pareto front (Sec-

tion 6.5.1) shows that operational gains and environmental improvements are jointly

achievable over its entire domain in this production context, contradicting the

assumption that efficiency gains must impose an environmental cost [13, 33]. Unlike

single-objective approaches that drive machines at energy-intensive overrate con-

ditions [13, 23], the constrained NSGA-II search (feasibility conditions f1 ≥ 87.2,

g2 ≤ 863.2 kg CO2/day under the Hungarian LCA grid factor of Anita et al. [22])

identified a stable knee zone (P4–P7, 91.9–93.3% efficiency, 709–735 kg CO2/day)

where both objectives improve concurrently and the GRA–TOPSIS hybrid coef-

ficient peaks. The four-tier sensitivity analysis (Section 6.6.5) confirms that P5

retains the leading combined coefficient C⋆
i across the full λ, ζ, and β ranges, and

is displaced only under criterion-dropout stress tests that effectively remove the

CO2 or throughput axis from the decision model, consistent with the robustness

criteria discussed in [26, 58, 107].

In summary, the integrated framework validates that bottleneck mitigation and

decarbonisation are jointly achievable. Anchoring the optimisation in empirically

recovered event logs and applying the Industry 5.0 eight-criterion hybrid GRA–

TOPSIS decision layer yields, at the algorithm-selected balanced optimum P5, a

+5.64 percentage-point efficiency gain (from 87.2% to 92.84%) and a −17.01% carbon

reduction (from 863.2 to 716.3 kg CO2/day, i.e. −146.9 kg CO2/day) under the

Hungarian LCA grid factor of Anita et al. [22], each traceable to specific diagnostic

findings in the process mining and dLCA layers [27, 31, 107].
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Chapter 7: Thesis and Key

Contributions

Three scientific theses are advanced, each formulated in the four-element Scientific

Claim → Method → Result → Novelty pattern. Thesis I establishes the Model

and Framework; Thesis II establishes the Optimisation Algorithm and its hybrid

Fuzzy AHP and Shannon Entropy weighting and GRA–TOPSIS ranking layer;

Thesis III provides the Application and Case Study on the TL209 tube-manufacturing

line. Each thesis is accompanied by the supporting peer-reviewed publications

and is mapped explicitly to the mathematical formulations of Chapter 5 and the

experimental results of Chapter 6.

7.1 Key Scientific Contributions

• Thesis I: Integrated Closed-Loop Framework for Data-Driven Sus-

tainable Manufacturing (Model and Framework)

Contributing papers: [27] (primary), [113, 114] (supporting).

Scientific Claim. In multi-machine discrete manufacturing systems, object-

centric process mining, dynamic LCA, and multi-objective optimisation can

be coupled into a single closed-loop analytical pipeline operating on live event-

level data, without losing the analytical specificity of either the operational or

the environmental domain.

Method. The IPSMF-MOOM-OEP framework was designed as a four-stage

pipeline (Stage 1 OCPM on OCEL 2.0 event logs; Stage 2 machine-state dLCA

using the time-resolved emission factor EF (t) of equation 5.5; Stage 3 NSGA-

II with the feasibility-constrained bi-objective model of equations 5.8–5.9;

Stage 4 hybrid Fuzzy AHP and Shannon Entropy weighting (equation 5.39)

feeding a GRA–TOPSIS ranking layer (equation 5.47)) in which the four

control parameters {IT, EC, CT, DR} are the shared substrate linking every
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stage.

Result. The pipeline executed end-to-end on the TL209 tube line over 86,466

events: Stage 1 isolated four critical bottleneck stations (202–205) and a

3,445-event rework loop; Stage 2 attributed a baseline of 863.2 kg CO2/day

with 21.6% originating in idle states under the Hungarian LCA grid factor

of Anita et al. [22]; Stage 3 produced an 18-solution Pareto front under the

baseline-improvement constraints f1 ≥ 87.2%, g2 ≤ 863.2 kg CO2/day; Stage 4

identified P5 with C⋆
5 = 0.585 at the reference parameters λ = ζ = β = 0.5.

Novelty. No prior work couples OCEL 2.0, time-resolved dLCA, and

feasibility-constrained NSGA-II with a fuzzy subjective and entropy objective

hybrid weighting layer and a GRA–TOPSIS ranking in a single auditable

pipeline.

• Thesis II: Fuzzy AHP and Shannon Entropy Weighted GRA–

TOPSIS for Feasibility-Constrained NSGA-II Pareto Ranking

(Optimisation Algorithm)

Contributing papers: [27] (foundational), [114] (extension).

Scientific Claim. A convex combination of Fuzzy AHP (subjective, linguistic-

uncertainty aware) and Shannon Entropy (objective, data-driven) weights,

applied through a GRA–TOPSIS ranking that simultaneously rewards Eu-

clidean closeness to the ideal point and curve-shape similarity across criteria,

produces decision recommendations that are robust to single-source weight

bias and to two-dimensional projection artefacts, while preserving full audit

traceability through the fuzzy consistency ratio C̃R < 0.10.

Method. The composite hybrid weight w⋆
j = λ wFAHP

j + (1 − λ) wEnt
j with

λ = 0.5 (equation 5.39) is combined with NSGA-II (N = 100, G = 200,

pc = 0.9, pm = 0.1) under the seven-criterion bi-objective model. Feasibility is

enforced through the constraint set of equations 5.14–5.20. The ranking layer

applies the GRA–TOPSIS combined coefficient C⋆
i = β CTOPSIS

i +(1−β) CGRA
i

at β = 0.5 with grey distinguishing coefficient ζ = 0.5 (equation 5.47). The

methodological pairing of fuzzy AHP and entropy is corroborated by the

synergetic intuitionistic-fuzzy model recently reported by [59].

Result. On the TL209 decision matrix, the recommended configuration is
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P5 with C⋆
5 = 0.585, followed by P6 (0.579) and P7 (0.574). The TOPSIS

and GRA limbs agree at the top (CTOPSIS
5 = 0.610 and CGRA

5 = 0.561, both

leading the front), so the joint metric selects P5 under full agreement of

the two limbs rather than resolving a conflict between them. The four-tier

sensitivity analysis (Section 6.6.5) shows that the rank-1 verdict for P5 is

invariant under the λ-, ζ-, and β-sweeps, and that P5 is displaced from rank 1

only under criterion-dropout stress tests that remove either the CO2 or the

throughput axis from the decision model. The resulting operational gain at

P5 is +5.64 percentage points of efficiency (87.2% → 92.84%) and a −17.01%

CO2 reduction (863.2 → 716.3 kg CO2/day, i.e. −146.9 kg CO2/day) under

the Hungarian LCA grid factor of Anita et al. [22].

Novelty. The integration of Fuzzy AHP (Chang’s extent analysis) with

Shannon Entropy at a transparent single-parameter mixing point and its

coupling to a GRA–TOPSIS ranking on a feasibility-constrained NSGA-

II Pareto front has not been previously demonstrated in a manufacturing-

sustainability context; the result is an auditable decision recommendation

that neither pure-TOPSIS nor pure-GRA, and neither pure-FAHP nor pure-

Entropy, can deliver in isolation.

• Thesis III: Empirical Application on the TL209 Tube-Manufacturing

Line (Application and Case Study)

Contributing papers: [27, 107, 115] (TL209 case).

Scientific Claim. The integrated framework and its hybrid decision layer

reproduce their core outputs (removable idle-state identification, time-resolved

CE attribution under a published hourly grid factor, feasibility-ranked Pareto

front, GRA–TOPSIS recommendation) on a real industrial process with full

internal consistency between the process-mining, dLCA, and optimisation

layers.

Method. The pipeline was applied to TL209 (86,466 events, nine stations)

using the OCEL 2.0 schema and the hybrid FAHP, Entropy and GRA–TOPSIS

ranking procedure formalised in Chapter 5. Per-event carbon emissions

are obtained by the equation (5.5) quadrature of hourly power against the

piecewise Hungarian-grid factor EF (t) of equation (5.6) (εpeak = 0.275, εoff =
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0.200 kg CO2/kWh), so that a kWh drawn in the evening-peak window

[16:00, 20:00) carries a higher attributable CO2 content than a kWh drawn

off-peak, consistent with the 2024 ENTSO-E flow-tracing envelope reported

by Anita et al. [22] and the attributional Scope 2 location-based convention

of the GHG Protocol [98, 99].

Result. TL209 yields +5.64 pp efficiency (87.2% → 92.84%) and −17.01%

CO2 (863.2 → 716.3 kg CO2/day, i.e. −146.9 kg CO2/day) at P5, with

combined closeness C⋆
5 = 0.585 dominating the 18-solution Pareto front under

the reference parameters λ = ζ = β = 0.5.

Novelty. This is the first end-to-end application of a coupled OCEL 2.0

process-mining, time-resolved dLCA, feasibility-constrained NSGA-II, and

hybrid FAHP and Entropy / GRA–TOPSIS pipeline to a real multi-station

tube-manufacturing line.

7.2 Practical Implications

The most direct practical consequence of the framework is that it can be deployed

without installing any additional sensor infrastructure. On TL209, the existing

MES (sub-minute event logging), six IIoT sensors (1 Hz sampling), and ERP

system collectively supply all pipeline inputs. Adoption cost is therefore primarily

computational a cloud platform subscription for process mining and optimisation

workloads and organisational, centred on Fuzzy AHP linguistic-input elicitation

with production management [10, 11].

The feasibility constraint architecture carries a direct regulatory benefit. Every

candidate solution is bounded within machine utilisation limits of 95% and environ-

mental admissibility thresholds on energy, carbon, and waste, producing certified-

feasible configurations by construction rather than requiring post-optimisation

engineering review. For manufacturers operating under ISO 14001 or sector-specific

carbon reporting obligations, this eliminates a separate compliance audit step [4, 34].

At the decision-support level, the GRA–TOPSIS ranking layer converts the

Pareto front into a single ranked recommendation, reducing the interpretive burden

on production engineers. Practitioners should conduct a site-specific Fuzzy AHP

linguistic elicitation with production managers, sustainability officers, and senior
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engineers before deployment, rather than importing the linguistic inputs used in

this study. The four-tier sensitivity analysis in Chapter 6 (Section 6.6.5) shows

that the rank-1 verdict for P5 is invariant under the FAHP and Entropy mixing

parameter λ, the grey distinguishing coefficient ζ, and the limb-balance parameter

β, and is displaced only under criterion-dropout stress tests that remove either CO2

Emissions or Throughput from the decision model. Practitioners with a stronger

preference for throughput can therefore drop that criterion from the weight vector

and obtain a neighbouring solution (P3) as the recommendation transparently,

without rewriting the pairwise judgement matrices [26, 58].

The architecture is transferable to any multi-machine manufacturing environ-

ment with continuous event log and sensor data, provided site-specific feasibility

constraints and weight vectors are defined at each deployment [20, 27].

Calibration vs. redesign for a new sector. For transfer to a sector that

differs structurally from tube manufacturing (e.g. pharmaceuticals), the framework

decomposes cleanly into four components that require distinct adaptation efforts.

The OCEL schema and Inductive Miner (Stage 1) require calibration only: new

activity codes must be mapped but the algorithm is unchanged. The dLCA inventory

compiler (Stage 2) requires partial redesign because the emission-factor catalogue

must be extended from electricity to solvents, HVAC energy and sterilisation utilities,

and because GMP-compliant traceability must be enforced on every event. NSGA-II

(Stage 3) requires constraint recalibration only: the mathematical formulation is

unchanged; only the numerical thresholds and the decision-variable domain change.

The hybrid FAHP and Entropy weighting and GRA–TOPSIS ranking (Stage 4)

require calibration only: the Entropy and GRA computations are invariant under

sector change, and only the fuzzy pairwise judgements in the FAHP matrices need

re-elicitation. The components demanding the most domain expertise are therefore

the dLCA inventory (pharmacological knowledge, solvent LCA) and the feasibility

constraints (regulatory thresholds), whereas the process mining, optimisation and

ranking layers carry the least sector-specific content and can be transferred largely

unchanged.
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Chapter 8: Summary and Future

Steps

8.1 Summary

The four-stage pipeline processed 391,127 state-change events extracted from 32,257

raw sensor records spanning nine active stations, without requiring additional

instrumentation or modification to the existing MES infrastructure. Four jointly

controllable parameters identified through critical synthesis (idle time, energy

consumption per productive unit, cycle-time variability, and rework rate) served as

the shared linking substrate across all pipeline stages, ensuring that the operational

and environmental analyses operated on the same observed process conditions.

At the process discovery stage, the Hybrid Genetic-Inductive Miner recovered a

structurally valid workflow model with an F-score of 0.923, a 4.5-percentage-point

gain over the standard algorithm. The recovered model exposed two deviations

from the nominal serial routing: a 3,445-event rework cycle returning output

from Station 205 to Station 204, and a 729-event cross-route from Station 202

to Station 205 bypassing two intermediate stages. Stations 202–205 collectively

concentrated 71.9% of total system operational hours, a workload imbalance that

aggregate key performance indicators had not surfaced.

The dynamic LCA stage translated this imbalance into an environmental account.

Bottleneck stations operating in non-productive states draw approximately 28% of

rated power, and the cumulative idle-state energy signature across the four saturated

stations established a measured baseline of 863.2 kg CO2 per day under the Hungar-

ian LCA grid factor of Anita et al. [22] (εpeak = 0.275, εoff = 0.200 kg CO2/kWh,

evening-peak window [16:00, 20:00)), a figure that a static stage-averaged inventory

would not have differentiated from productive operation. Reducing unplanned

idle time at the bottleneck segment is therefore simultaneously an efficiency and a

decarbonisation intervention.

The bi-objective optimisation stage returned 18 feasibility-compliant non-
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dominated solutions from the constrained NSGA-II search. GRA–TOPSIS ranking

under the hybrid Fuzzy AHP and Shannon Entropy weighting (reference parameters

λ = ζ = β = 0.5) selected solution P5 with combined coefficient C⋆
5 = 0.585, which

raised throughput efficiency by 5.64 percentage points (87.2% → 92.84%) and cut

daily CO2 output by 17.01% (863.2 → 716.3 kg CO2/day, i.e. −146.9 kg CO2/day)

against the measured baseline under the same Hungarian LCA grid factor [22]. The

four-tier sensitivity analysis confirmed that the rank-1 verdict is invariant under the

FAHP and Entropy, grey-distinguishing, and limb-balance parameter sweeps, and

is displaced only under criterion-dropout stress tests that remove either the CO2

or the throughput axis from the decision model, providing a transparent regime

boundary for practitioners with stronger single-criterion preferences.

8.2 Limitations of the Study

This study is subject to several limitations. First, the framework is validated

using a single industrial case study (TL209 production line), which may limit the

generalisability of the results to other manufacturing environments with different

configurations. Second, the analysis relies on the availability and quality of event log

and sensor data, which may vary across industrial settings. Third, the optimisation

model assumes relatively stable operational conditions and does not fully account for

real-time dynamic disruptions such as machine failures or supply chain variability.

Process-mining retraining cadence and feasibility-transfer overhead. A

fourth limitation concerns the Stage 1 process-discovery model itself. In its present

form the Inductive Miner variant adopted in Chapter 5 [6, 89] is neither real-time

nor self-training; the discovered workflow net is hosted on the cloud and is pulled on

demand by the user whenever a new analysis is required, rather than being updated

continuously as the production process drifts due to product-mix changes, tooling

upgrades or seasonal material variation. In the TL209 validation the eight-week

observation window was short enough that a single discovery pass sustained an

F-score of 0.923 throughout, but a production deployment must define an explicit

retraining cadence. Two operating regimes are recommended, following the concept-

drift detection literature [6, 30]. Under a scheduled regime, the miner is re-run at

a fixed monthly or quarterly cadence against the most recent event-log window,
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and the resulting model is compared against the incumbent through fitness and

precision conformance checks; this is the lowest-overhead option and is appropriate

for stable product lines. Under a trigger-based regime, a rolling conformance residual

is monitored continuously and a retrain is fired whenever the residual exceeds a site-

specific threshold, which is the option recommended for high-mix lines or facilities

in a ramp-up phase. In both regimes the dLCA inventory (Stage 2), the NSGA-II

solver (Stage 3), and the hybrid FAHP, Entropy and GRA–TOPSIS ranking layer

(Stage 4) are invariant under model refresh because they consume the event-typed

activity stream, not the process-net topology; the retraining overhead is therefore

bounded by the Stage 1 runtime and its offline conformance audit rather than by

the full pipeline. Quantifying this overhead in a multi-site rollout, and establishing

the minimal observation window required to meet the F-score ≥ 0.9 threshold on

each new site, is an explicit subject of the future-steps programme of section 8.3.

Edge-vs-cloud latency scope. A fifth limitation bounds the feedback loop of

Stage 4. The closed-loop architecture of Chapter 5 is hosted on a cloud platform [11,

27] that ingests MES and IIoT telemetry, executes the Inductive Miner, dLCA,

NSGA-II, and GRA–TOPSIS stack, and writes the rank-1 configuration parameters

back to an operational dashboard accessible to the MES. The round-trip latency of

this loop is sub-minute and is compatible with a shift-horizon prescriptive-analytics

cadence, but it is not compatible with the millisecond-scale deterministic control

required for PLC-level or safety-interlock actuation; that domain remains the

responsibility of the existing on-device control stack and is outside the scope of

the present framework. In the taxonomy of [18, 68], the framework operates at the

cloud and fog tier and interoperates with, but does not replace, the edge-control

tier. A future extension (see section 8.3) will decompose the optimisation layer into

an online edge-resident solver for the sub-second control loop and a cloud-resident

planner for the shift-horizon tuning window, so that the per-tier latency budget

(∼ 10 ms at the edge, ∼ 1 min in the cloud) matches the actuation requirement at

each level.

Despite these limitations, the proposed framework provides a robust and scalable

foundation for integrating operational and environmental optimisation in Industry

4.0 manufacturing systems
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8.3 Future Steps

Future work will transition this framework into a coding-centric industrial software

product. The development priorities are organised along five complementary axes:

• LLM-assisted OCEL construction. Use Large Language Models to auto-

mate the conversion of heterogeneous raw data (JSON, Excel, legacy MES

exports) into OCEL 2.0 object-centric event logs, reducing the manual schema-

mapping effort that currently dominates cold-start deployments in new facili-

ties.

• Interoperability with SCADA, ERP, and EMS. Establish bidirectional

real-time interfaces with plant-floor control stacks so that Pareto-ranked

configurations can be pushed back to the execution layer for closed-loop

autonomous actuation rather than operator-mediated implementation.

• Full cradle-to-gate LCA coverage. Extend the dLCA inventory from the

current scope (EC, CE, WG) to cover all cradle-to-gate impact categories

(water footprint, materials embodied energy, auxiliary consumables) across

multi-product and multi-line environments.

• Generative AI for automated process logic synthesis. Apply LLMs

to synthesise first-draft process logic (routing rules, activity-typing schemas,

resource allocation heuristics) directly from technician shift logs and mainte-

nance narratives, reducing the manual effort required for event-log construction

in deployments where an OCEL schema does not yet exist.

• Reinforcement learning for real-time control. Integrate Deep Reinforce-

ment Learning (DRL) agents that autonomously adjust the decision variables

(Xijk, Yijk, Zijk) in response to energy price volatility (peak vs. off-peak tariff

windows) and short-horizon demand fluctuations, extending the framework

from periodic prescriptive analytics to continuous adaptive control.
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