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1. Introduction

Manufacturing firms are under simultaneous 
pressure to improve economic performance, reduce 
environmental burden, and maintain continuity dur-
ing increasingly frequent disruptions. Industry 5.0 

frames this challenge by positioning sustainability, 
resilience, and human-centricity alongside productiv-
ity as core design objectives for production systems 
[1], [2]. Within this agenda, circular economy im-
plementation has moved from a strategic aspiration 
to an operational requirement. Extending material 
use, reducing waste, and improving recovery rates 
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are well-established objectives, but the critical chal-
lenge lies in translating these objectives into routine 
shop-floor decisions without overstating the capabili-
ties of existing digital tools [3]. Industry 5.0 extends 
the connectivity and automation agenda of Industry 
4.0 by explicitly linking digital technologies to so-
cial value, workforce support, and ecological con-
straints [4]. For manufacturing research, this implies 
that control systems should not optimize through-
put alone; they should also preserve recoverability, 
transparency, and operator agency under disturbed 
operating conditions. This human-centered empha-
sis remains insufficiently operationalized. Prior stud-
ies on the transition toward Operator 5.0 report that 
many Industry 4.0 implementations improve data 
visibility but do not adequately support workers in 
high-stakes operational decisions [5]. As a result, the 
principles of resilience and sustainability are often 
stated at the policy level but weakly embedded in 
day-to-day production control.

Digital technologies can support the transition 
from circular-economy strategy to execution, yet 
the integration logic is still underdeveloped. IoT 
and analytics frameworks help organize circular 
supply-chain information [6], but they do not fully 
specify how real-time production data, material re-
covery objectives, and operator decisions should 
be combined at the line level. Empirical evidence 
further shows that adoption remains uneven. IoT is 
the most mature capability in sustainability-oriented 
manufacturing, whereas artificial intelligence, ad-
vanced analytics, and blockchain are more frequent-
ly used in pilots or isolated applications [7], [8]. This 
fragmentation limits the ability of firms to convert 
circular-economy objectives into coordinated op-
erational action. Research on digital transformation 
and net-zero manufacturing reaches a similar con-
clusion: firms are increasingly motivated to combine 
digitalization with circularity, but the procedural 
mechanisms for embedding those goals in produc-
tion control remain contingent, firm-specific, and 
insufficiently formalized [9]. The unresolved issue 
is therefore not whether digital technologies are rel-
evant, but how they should be architected to influ-
ence real-time decisions. Digital Twin (DT) research 
provides a promising foundation because DTs can 
couple physical assets and virtual models across 
multiple manufacturing scales [10]-[12]. However, 
the literature also shows recurring limitations related 
to model credibility, interoperability, and transfer 
from laboratory demonstrations to operational set-
tings. Work on DT-enabled scheduling suggests that 
twins can support dynamic replanning and disrup-

tion response, but the concept is often treated as 
an enhanced monitoring or simulation layer rather 
than as an accountable decision system [13]. Conse-
quently, the architectural boundary between a pas-
sive DT and an active decision-making DT remains 
insufficiently defined. Delphi and review studies re-
inforce this concern by showing that manufacturing 
DT research remains heterogeneous in definitions, 
maturity levels, and implementation pathways [14]. 
This ambiguity is especially problematic for Industry 
5.0, where the legitimacy of automated recommen-
dations depends on credibility, transparency, and ef-
fective collaboration with human operators.

A second gap concerns performance measure-
ment. Circular economy research employs a wide 
variety of indicators across micro, meso, and macro 
levels, which complicates the translation of strategic 
sustainability goals into operational decision vari-
ables [15]. In parallel, DT research has concentrated 
on equipment monitoring, maintenance, and sched-
uling [16], [17], while circular economy studies have 
focused more strongly on governance, strategy, and 
enabling technologies [18], [19]. The intersection of 
these literatures remains underdeveloped. Existing 
studies rarely offer a framework that simultaneously 
assimilates live shop-floor data, evaluates circularity 
and resilience in real time, and recommends opera-
tional actions that remain interpretable to human de-
cision makers. As a result, circularity and resilience 
are often monitored ex post rather than optimized 
during production execution. 

Accordingly, the scientific problem addressed in 
this study is not the absence of digital technologies 
per se, but the absence of a coherent decision archi-
tecture that connects DT synchronization, circular-
economy metrics, resilience objectives, and human 
oversight within the same operational loop. In the 
present study, the term decision-engine DT denotes 
a DT architecture with four properties beyond con-
ventional monitoring-oriented twins: continuous 
ingestion of live production data, credibility-gated 
state synchronization, prescriptive evaluation of fea-
sible actions through a multi-objective scheduler, 
and operator authorization before execution. This 
combination distinguishes the proposed framework 
from DT-enabled scheduling or cyber-physical con-
trol studies that optimize production states without 
simultaneously embedding provenance, circularity, 
resilience, and human accountability in the deci-
sion pathway [13], [14], [28], [31]. This approach 
is motivated by the maturity of enabling technolo-
gies and by their present fragmentation. IoT sensing 
and AI-based prediction provide real-time visibility 
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into machine condition and process performance, 
while blockchain-based traceability can document 
provenance and recovery pathways [20], [21]. How-
ever, these capabilities typically operate as separate 
modules. The electronics factory in Riyadh offers 
an appropriate empirical setting because it com-
bines mixed-product routing, measurable recovery 
streams, and recurrent operational disturbances rel-
evant to circularity and resilience. The study makes 
four bounded contributions. First, it conceptualizes 
the DT as a decision engine by specifying the ar-
chitectural components that convert synchronized 
representation into prescriptive support. Second, it 
integrates sensing, predictive analytics, provenance 
tracking, and scheduling within a single operational 
framework. Third, it operationalizes circularity and 
resilience as explicit decision criteria rather than 
downstream reporting variables. Fourth, it evalu-
ates how human review and override mechanisms 
shape the use of DT recommendations in practice. 
The study addresses three research questions: How 
can a DT system handle circularity and resilience 
objectives together in real time? What architecture 
can link IoT, AI, and provenance tracking while 
remaining interpretable to human operators? Does 
this system improve operational performance in a 
real factory setting? The objectives of the study are 
to: (i) design a DT framework that links production 
control with sustainability and resilience objectives; 
(ii) implement the framework in a real factory us-
ing IoT, AI, and provenance tracking; (iii) evaluate 
the framework using energy, throughput, circularity, 
and recovery measures; and (iv) examine how hu-
man interaction affects the quality and usability of 
DT-supported decisions.

2. Methodology

2.1 Study design and setting

The study followed a design science method. It 
started by building a framework and ended with a 
test in a real electronics factory. This factory is in Ri-
yadh, Saudi Arabia. The steps in the study matched 
the specific goals. The DT architecture and circular 
economy logic met Objective 1. Setting up the physi-
cal system and its integration met Objective 2. Test-
ing performance and disruptions met Objective 3. 
Checking the human side of the system met Objec-
tive 4. The study lasted six months. This time frame 
captured changes in demand and maintenance. It 
also allowed for a long-term look at the data [22]-[25].

2.2 System architecture and standards 
alignment

The feedback loop operated in five stages. First, 
instrumentation data were ingested and quality-
checked at the gateway. Second, the DT state was 
updated through synchronization routines that com-
pared observed and simulated states. Third, predic-
tive modules estimated machine condition, quality 
risk, energy demand, and material recovery opportu-
nities. Fourth, the scheduler evaluated candidate ac-
tions against normalized energy, waste, and delivery 
objectives subject to feasibility constraints. Fifth, the 
system issued ranked recommendations to operators 
together with explanatory metrics and provenance in-
formation, and only approved actions were pushed 
back to the shop floor. This sequence is the basis for 
treating the DT as a decision engine rather than as a 
passive visualization model.

The system architecture followed the ISO 23247 
DT framework and associated NIST implementa-
tion guidance [26], [27]. The resulting architecture 
comprised four interacting layers: a physical layer 
containing machines, sensors, and material handling 
assets; a data layer responsible for ingestion, clean-
ing, and storage; a digital model layer combining 
discrete-event and continuous-state representations; 
and a decision layer in which predictive models, cir-
cularity analytics, and schedule optimization gener-
ated ranked recommendations. This layered struc-
ture supported modular validation, traceability, and 
controlled scaling [28], [29]. Model credibility was 
treated as an operational prerequisite rather than a 
post hoc quality attribute [30], [31].

2.3 Physical system and instrumentation

The factory processed 3,048 production lots dur-
ing the study. This amount of data helped train and 
test the models. It gave steady estimates for energy, 
waste, and resilience across many shifts. The data 
density also allowed for reliable estimates of machine 
health and quality without using fake data. This fits 
the standards for maintenance reviews [25].

The test line included assembly, testing, and in-
spection machines. It handled different products at 
the same time. Tools on the machines measured 
power, vibration, and temperature. Scanners and 
cameras tracked parts and checked quality. The 
system recorded power data every second. Sensors 
collected vibration data quickly but grouped it into 
one-second chunks. The system logged production 
events as they happened. Monthly checks kept the 



4 Rajendran

International Journal of Industrial Engineering and Management

power meters accurate. A shaker verified the vibra-
tion sensors. A standard board validated the camera 
settings. These checks kept measurement drift below 
2 percent. This level of accuracy is acceptable for fac-
tory work.

2.4 Data acquisition, preprocessing, and 
data governance

An IoT gateway collected sensor streams and 
production events and transferred them to the data-
base and DT services after preprocessing. The pre-
processing workflow removed implausible outliers, 
flagged missing intervals longer than five minutes, 
and retained audit logs for subsequent verification. A 
permissioned provenance ledger recorded produc-
tion, rework, recycling, and material-return events 
at the unit and component levels, thereby providing 
a traceable record of circular-economy transactions 
rather than a generic blockchain registry. Access to 
commercially sensitive records was role-based so that 
engineers, supervisors, and auditors viewed only the 
information required for their decisions [32], [33].

The DT combined two model classes to represent 
material and energy dynamics. A discrete-event mod-
el captured routing, buffers, and cycle times, while 
continuous-state components represented energy de-
mand and machine-condition evolution. The model 
was initialized from factory routing data and calibra-
tion experiments, and its synchronized use in deci-
sion support was conditioned on a credibility gate. 
Specifically, prescriptive functions were enabled only 
when daily synchronization error remained within 
predefined acceptance bounds, thereby preventing 
optimization from acting on a drifting or weakly cali-
brated twin.

2.5 Digital twin modeling and 
synchronization

The DT combined a discrete-event representa-
tion for material flow with continuous state models 
for energy and machine condition. The synchroniza-
tion routine updated queue lengths, machine states, 
and energy variables from live data, then compared 
the updated twin against observed states through the 
RMSE criterion in Equation (1). When the synchro-
nization error exceeded the prescribed threshold, the 
system triggered recalibration and restricted the DT 
to monitoring mode until acceptable fidelity was re-
stored. In this sense, the credibility gate converted 
model verification into an active control on prescrip-
tive use.

(1)

where RMSEx is the root mean square error for state 
variable x,  is the observed value from sensors 
at time t,  is the corresponding DT estimate, 
and T is the number of synchronized samples. This 
metric was computed daily for energy, throughput, 
and queue length states, and it triggered recalibra-
tion when thresholds were exceeded. It served as 
the gatekeeper for model credibility and protected 
downstream analysis from drift.

2.6 Circular economy and material flow 
analytics

Material flows were tracked at the component 
and assembly levels to quantify reuse, recycling, and 
scrap. The selected indicators were aligned with es-
tablished circular economy measurement typologies 
that emphasize material-flow accounting and re-
covery rates at the operational level [15], [34]. This 
alignment provided a benchmarking rationale for the 
circularity measure while retaining compatibility with 
line-level data. Equation (2) specifies the mass bal-
ance used to reconcile inputs, outputs, recycling, and 
inventory changes in each production period.

(2)

where  is the incoming mass of material m in pe-
riod t,  is recycled input mass,  is mass 
embedded in finished units,  is scrap mass, 
and  is the inventory change. The balance was 
computed per shift and reconciled against warehouse 
records to ensure mass conservation. It provided a 
transparent basis for circularity metrics and support-
ed audit readiness.

For interpretive consistency, the circularity rate 
was bounded between 0 and 1, with higher values 
indicating a larger share of recovered material rela-
tive to virgin input. Weekly circularity values were 
checked against warehouse reconciliation records 
and compared with component-level recovery pat-
terns to confirm that improvements reflected mate-
rial recirculation rather than inventory timing effects. 
This procedure anchored the indicator in both ac-
counting consistency and operational plausibility.

Equation (3) defines the circularity rate used in 
the optimization and evaluation modules.  

 
(3)
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where Ct is the circularity rate in period t, is 
recycled input mass,  is mass reused without 
reprocessing, and  is virgin input mass. The 
rate was computed weekly and fed into the multi-ob-
jective optimizer to shift resource allocation toward 
reuse and recycling. It operationalized the circular 
economy objective in a quantitative form.

2.7 Energy and emissions modeling

Energy management followed the ISO 50001 
framework for systematic energy performance track-
ing and continuous improvement [35]. Equation (4) 
defines the machine-level energy calculation based 
on operational states.  

 

(4)

where Ei,t is energy consumed by machine i in period 
t, Pi,s is the power draw for state s, and τi,s,t is the du-
ration of that state. State durations were computed 
from machine logs, and power levels were measured 
during calibration runs. This equation supported the 
energy objective and enabled state-specific interven-
tions such as reducing idle energy.

Equation (5) defines energy intensity per finished 
unit, which allowed normalized comparisons across 
product mixes.  

 

(5)

where EIt is energy intensity in period t, Ei,t is en-
ergy for machine i, I is the number of machines, and 

 is the number of good units produced. The 
metric was tracked daily and used to evaluate trade-
offs between throughput and energy performance. It 
linked energy use to product output and supported 
decision transparency.

Equation (6) defines the operational emissions es-
timate used for scenario analysis.  

 
(6)

where CO2et is the carbon dioxide equivalent emis-
sions for period t, Ei,t is energy consumption, and 
EFt is the grid emission factor for the relevant time 
window. The emission factor was taken from region-
al energy reporting for Saudi Arabia and updated 
monthly. This estimate was used for internal com-
parison of schedules rather than external reporting, 

and it anchored the sustainability narrative to measur-
able energy impacts.

Equation (7) specifies overall equipment effective-
ness, which provided a productivity control to ensure 
that sustainability gains did not degrade operational 
performance. The OEE construct is widely used in 
manufacturing systems and is grounded in availabil-
ity, performance, and quality components [36].

 

(7)

where At is availability, Pt is performance, Qt is qual-
ity,  is operating time,  is scheduled time,  

 is total units produced,  is good units, 
and  is the ideal cycle time. The measure was 
tracked daily and used to validate that scheduling de-
cisions maintained productivity. It served as a safe-
guard against unintended losses while shifting toward 
circular objectives.

2.8 Predictive maintenance and quality risk 
modeling

Predictive maintenance and quality risk estima-
tion used data-driven models consistent with current 
reviews that emphasize sensor-rich data pipelines, 
model retraining, and decision integration for main-
tenance actions [37]. The modeling pipeline com-
bined feature extraction from vibration spectra, tem-
perature deviations, and cycle-time anomalies with 
supervised learning to estimate machine health and 
defect risk.

Equation (8) defines the reliability function and 
remaining useful life, which enabled maintenance 
scheduling.  

 

(8)

where Ri(t) is the reliability of machine i at time t,  
λi(τ) is the hazard rate over time, and RULi(t) is the 
remaining useful life. The hazard rate was estimated 
from historical failure intervals and updated with re-
cent condition indicators. This formulation translated 
sensor trends into actionable maintenance windows, 
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which reduced unplanned downtime and supported 
the resilience objective.

Equation (9) defines the anomaly score used for 
online monitoring of process drift.  

(9)

where St is the anomaly score at time t, zt is the feature 
vector, μ is the mean vector of normal operation, and 
∑ is the covariance matrix. The score was computed 
in real time and compared to a threshold calibrated 
on baseline data. It acted as a trigger for early inter-
vention in quality risk and machine health, which pro-
tected both circularity outcomes and productivity.

2.9 Optimization and scheduling

The scheduling engine used a multi-objective 
genetic algorithm in which each candidate solution 
encoded machine assignments and operation start 
times subject to routing and capacity constraints [38], 
[39]. For each candidate schedule, the DT simulat-
ed the resulting energy demand, waste generation, 
queue evolution, and delivery performance, thereby 
enabling evaluation without interrupting physical pro-
duction. The scheduler therefore served as the pre-
scriptive core of the decision engine rather than as a 
stand-alone optimization routine.

Equation (10) defines the normalized multi-objec-
tive function used in the optimizer.  

The objective function in Equation (10) resolved 
conflicts among sustainability and service objectives 
through normalized scalarization. Energy, waste, and 
delivery delay were each divided by historical refer-
ence maxima so that the associated weights reflected 
managerial priorities rather than differences in mea-
surement units. Candidate schedules that violated 
feasibility constraints in Equation (11) were discard-
ed before ranking. Among feasible schedules, the 
selected solution minimized the weighted objective 
while remaining interpretable to operators through 
the reported contribution of each objective term. 
The weight sensitivity analysis reported later in Table 
7 was used to test the robustness of recommenda-
tions under alternative priority settings.

 
(10)

where u is the decision vector for machine assign-
ments and start times, E is total energy, W is total 
waste mass, D is total delivery delay, and w1, w2, and  
w3 are weights that sum to one. The normalization 

constants Emax, Wmax, and Dmax were set from histori-
cal maxima. This function enabled explicit trade-offs 
among sustainability, circularity, and responsiveness, 
which directly operationalized the study objectives.

Equation (11) specifies the feasibility constraints 
used to enforce capacity and precedence relations.  

 

(11)

where pi,j is the processing time of job j on machine 
i, yi,j is a binary assignment variable,  is the avail-
able time of machine i in the scheduling horizon, and 
sj,k is the start time for operation k of job j. The first 
constraint enforced capacity limits and the second 
enforced precedence. These constraints preserved 
the feasibility of schedules generated by the optimiz-
er and ensured that the DT simulation reflected real 
production rules.

The resilience metric in Equation (12) was imple-
mented as a normalized recovery integral bounded 
between 0 and 1, where a value closer to 1 denotes 
limited performance loss and rapid restoration to 
the pre-disruption reference level. The indicator 
combined recovery depth and recovery duration, 
allowing two disruptions with similar end states but 
different recovery trajectories to be distinguished. 
To check face validity, resilience scores were inter-
preted together with recovery time and percentage 
performance loss in Table 8; scenarios with shorter 
recoveries and smaller cumulative losses consistently 
produced higher resilience values.

2.10 Resilience assessment and disruption 
scenarios

Resilience assessment used disruption scenarios 
that reflected realistic manufacturing risks, including 
supplier delays, machine breakdowns, and sudden 
quality shifts. Each scenario was first simulated in the 
DT, then validated through controlled changes in the 
production plan when feasible. This approach aligns 
with DT practice in manufacturing, which emphasiz-
es safe experimentation through virtual tests before 
physical execution [23], [28].

Equation (12) defines the resilience metric used 
to quantify recovery performance.  

Because the primary performance evaluation used 
a pre-post design, several steps were taken to reduce 
confounding. Baseline and intervention observations 
were compared across the same production line under 
stable staffing arrangements and without major equip-
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ment replacement or plant-wide process redesign dur-
ing the pilot window. Product-mix and demand fluc-
tuations were monitored at the weekly level, and the 
disruption scenarios provided an additional mecha-
nism for testing the DT under comparable stress con-
ditions. Nevertheless, the design was not randomized, 
so residual effects from seasonal demand variation, 
operator learning, or other incremental operational 
improvements cannot be fully excluded and should 
be considered when interpreting causal claims.

 

(12)

where R is the resilience score, P(t) is the observed 
performance at time t, Pref is the pre-disruption ref-
erence performance, t0 is the disruption start time, 
and tr is the recovery time. The integral captured the 
cumulative performance loss during recovery. This 
measure allowed direct comparison across different 
disruption types and supported the resilience objec-
tive by quantifying recovery speed and depth.

2.11 Human-centric evaluation

The human-centric evaluation examined how 
operators, maintenance technicians, and supervisors 
interacted with the DT interface, interpreted recom-
mendations, and exercised final decision authority. 
Sixteen participants were selected through purposive 
sampling to represent the principal operational roles. 
Each participant completed two guided decision tasks 
in which the interface displayed the current line state, 
the recommended action, the objective contributions 
underlying that recommendation, and the provenance 
or maintenance context relevant to the decision. Par-
ticipants could accept, postpone, or override the 
recommendation and were asked to provide a short 
justification when an override occurred. Structured 
interviews were then coded for alert clarity, perceived 
trust, control, and decision support value. The result-

ing feedback was used to recalibrate alert thresholds 
and refine visualization logic so that the DT support-
ed, rather than displaced, operator judgment.

2.12 Statistical analysis and reproducibility

The statistical analysis applied a pre-post design. 
This design included two months of baseline data 
and four months of intervention data. The analy-
sis assessed normality with the Shapiro-Wilk test. 
It conducted parametric comparisons with paired t 
tests. It handled nonparametric comparisons with 
the Wilcoxon signed-rank test. The analysis report-
ed effect sizes as Cohen’s d for parametric tests and 
rank-biserial correlation for nonparametric tests. It 
applied a two-sided significance level of 0.05 with 
Holm-Bonferroni adjustment for multiple compari-
sons. The analysis reported ninety-five percent confi-
dence intervals for changes in energy intensity, waste 
rate, overall equipment effectiveness, and resilience 
scores. All statistical scripts used a fixed random seed 
to support reproducibility. The analysis archived in-
termediate datasets with time stamps and version la-
bels in the data repository.

The methodological choices stressed coherence 
across objectives, instrumentation, models, and 
evaluation. Standards compliance anchored the DT 
design. Circular economy metrics grounded material 
flow analysis. Predictive maintenance methods sup-
ported resilience. Optimization linked sustainability 
to operational control [40]-[42].

3. Results and Discussions

3.1 Data completeness and governance 
performance

Data completeness and calibration stability were 
quantified across sensor classes, and the analysis is 
reported in Table 1.

Sensor class Expected sampling 
interval

Data completeness 
(%)

Missing streaks >5 
min per week Calibration drift (%) Data excluded (%)

Power meters 1 s 99.1 0.6 1.3 0.8

Vibration 0.5 ms (aggregated 
to 1 s) 98.4 1.1 1.8 1.5

Temperature 1 s 99.3 0.4 1.1 0.6

Barcode tracking Event driven 99.6 0.2 NA 0.3

Vision inspection Event driven 98.9 0.9 1.5 1.2

Table 1. Data completeness and calibration stability by sensor class across the pilot line.
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The completeness rates stayed above 98 percent 
for all sensor classes. This level supported stable 
model inputs for the DT. Vibration signals showed 
the highest missing streaks and the largest exclusion 
rate. This pattern matched the higher sensitivity of 
those sensors to mechanical noise and cable dis-
turbances. Calibration drift stayed below 2 percent 
across instruments. The low exclusion rate cut the 
risk of bias in energy and quality analytics. These data 
quality outcomes fit the need for reliable state esti-
mation. They also backed downstream analyses that 
relied on synchronized data streams.

The study evaluated ledger performance and 
provenance coverage from transaction logs and rec-
onciliation against the manufacturing execution sys-
tem. The analysis appears in Figure 1 across three 
panels. Figure 1(a) shows the distribution of transac-
tion latency for production, rework, and recycling 
events. Figure 1(b) reports the cumulative number of 
provenance events per unit across lifecycle phases. 
Figure 1(c) shows the weekly mismatch rate between 
ledger events and physical records.

Figure 1(a) indicates a median ledger latency of 
2.4 s with a 95th percentile below 6.8 s. This timing 
kept provenance data close to real time for opera-
tional use. Figure 1(b) shows that each finished unit 
carried a consistent sequence of provenance events. 
It had a median of 14 production events, 3 rework 
events, and 5 end-of-life events per unit. Figure 1(c) 
indicates a stable mismatch rate below 0.5 percent 
over the pilot. Most discrepancies linked to manual 
rework steps rather than automated logging. These 
outcomes show that the ledger offered high coverage 
and timely traceability. It didn't disrupt shop-floor 
flow.

3.2 Digital twin synchronization and model 
fidelity

The study evaluated DT synchronization accu-
racy with RMSE between physical and virtual states. 
Figure 2 presents the analysis across three panels. 
Figure 2(a) shows daily RMSE for energy, through-
put, and queue length states. Figure 2(b) plots the 
alignment between physical and twin values for en-
ergy and throughput across all synchronized samples. 
Figure 2(c) presents the distribution of RMSE values 
by state variable.

Figure 2(a) shows that RMSE dropped during the 
first four weeks and then stayed steady. It had me-
dian values of 1.8 percent for energy, 1.4 percent for 
throughput, and 2.0 percent for queue length. Figure 
2(b) shows a close alignment around the identity line 
with no regular bias at high loads. This cut the risk of 
drift in the optimization layer. Figure 2(c) indicates 
a narrow RMSE distribution for throughput. Queue 
length errors showed a broader tail during high-mix 
shifts. The pattern indicates that the twin followed 
the physical system well enough to aid real-time deci-
sion support. It also points out periods where recali-
bration boosted queue modeling.

3.3 Framework integration and deployment 
fidelity

Integration coverage and runtime availability were 
quantified across core system components, and the 
analysis is reported in Table 2. 

Coverage topped 92 percent for all physical as-
sets and 96 percent for real-time data streams. This 
confirms the framework worked for most of the line. 
It didn’t require a total replacement of legacy equip-

Figure 1. Blockchain performance and provenance coverage.

Note. Panel (a) presents transaction latency distributions for production, rework, and recycling events. Panel (b) shows cumulative provenance events 
per unit by lifecycle phase. Panel (c) reports weekly mismatch rates between ledger and physical records.
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ment. Availability stayed above 95 percent for all digi-
tal services. The lowest availability occurred during 
optimization cycles. Ledger coverage hit 99.5 per-
cent. This matches the low mismatch rate reported 
earlier. It also supports end-to-end traceability across 
the product lifecycle. These results show the frame-
work functioned at scale. It remained stable in a real 
production environment.

3.4 End-to-end control loop timing

The study measured end-to-end control loop 
timing. This analysis quantified how fast the system 
sensed, synchronized, optimized, and made deci-
sions. Figure 3 shows this data across four panels. 
Figure 3(a) shows the timing for sensor-to-data-layer 
ingestion latency. Figure 3(b) shows the intervals for 
the DT state refresh. Figure 3(c) shows the optimiza-
tion runtimes for each cycle. Figure 3(d) shows the 
total decision lag from a sensor event to a scheduling 
action.

Figure 3(a) shows a median ingestion latency of 
3.2 s. The 95th percentile reached 9.4 s. This kept 
the data stream near real-time. Figure 3(b) shows a 

median twin refresh interval of 60 s. About 95 per-
cent of updates finished within 78 s. This kept the 
physical line and the twin in sync during regular work. 
Figure 3(c) shows a median optimization runtime of 
2.8 min. The 95th percentile was 6.1 min. This kept 
scheduling quick enough for a work shift. Figure 3(d) 
shows a median decision lag of 5.4 min. The 95th 
percentile reached 11.2 min. This means the system 
made changes within useful time windows. These 
timing results show the design worked as a continu-
ous decision loop. It wasn’t just a static monitoring 
tool. This supports the framework design objective 
and the real-world implementation objective.

3.5 Circular economy performance and 
material flows

The study computed component-level material 
flow metrics to measure circularity outcomes. Table 
3 reports this analysis. It lists mean inputs, reuse, re-
cycling, scrap, and circularity rates for major compo-
nent groups per 1,000 finished units.

The circularity rate differed by component group. 
Packaging achieved the highest rate. This happened 

Figure 2. DT synchronization accuracy.

Note. Panel (a) reports daily RMSE for energy, throughput, and queue length states. Panel (b) plots physical versus twin values for energy and 
throughput. Panel (c) shows RMSE distributions by state variable.

Integration element Coverage (%) Availability (%)

Connected machines 92.3 96.8

Instrumented stations 93.9 97.2

Real-time data streams 96.7 98.1

DT state updates NA 95.6

Predictive model inference cycles NA 96.2

Optimization cycles NA 95.4

Provenance ledger coverage 99.5 99.1

Overall system uptime NA 97.1

Table 2. Integration coverage and runtime availability of the deployed framework.
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because its material streams supported reuse and re-
cycling with fewer quality constraints. Printed circuit 
boards showed the lowest rate. For these, the scrap 
mass was higher than reused mass. This reflected 
tighter quality limits and low remanufacturing yield. 
Casings and connectors fell between these extremes. 
They showed a balance between recycling and reuse. 
These component-level differences indicate that cir-
cularity gains weren't uniform. Instead, they depend-

ed on material characteristics and the feasibility of 
rework.

The study examined temporal dynamics in cir-
cularity and scrap over the six-month pilot. Figure 4 
presents this analysis across three panels. Figure 4(a) 
shows the weekly circularity rate for the full line. Fig-
ure 4(b) presents weekly scrap and reuse mass per 
1,000 units. Figure 4(c) shows monthly recycled in-
put share by component group.

Figure 3. Control loop latency across the deployed framework.

Note. Panel (a) shows ingestion latency distributions from sensors to the data layer. Panel (b) presents DT refresh intervals. Panel (c) reports 
optimization runtimes per cycle. Panel (d) shows end-to-end decision cycle lag.

Component group Input mass (kg) 
mean ± SD

Reused mass (kg) 
mean ± SD

Recycled mass (kg) 
mean ± SD

Scrap mass (kg) 
mean ± SD

Circularity rate 
mean ± SD

Printed circuit boards 120 ± 8 9 ± 3 18 ± 4 14 ± 3 0.20 ± 0.03

Connectors 45 ± 5 7 ± 2 8 ± 2 5 ± 1 0.28 ± 0.04

Casings 80 ± 7 12 ± 4 16 ± 5 9 ± 2 0.29 ± 0.05

Packaging 30 ± 4 6 ± 2 12 ± 3 3 ± 1 0.43 ± 0.06

Table 3. Component-level material flow metrics per 1,000 finished units.
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Figure 4(a) shows a steady increase in circularity 
from 0.22 in the first month to 0.35 by week 18. It 
then plateaued near 0.33 to 0.36. Figure 4(b) indicates 
that scrap mass decreased as reuse mass increased. 
The largest shift occurred after week 8. At that point, 
the optimization engine began to prioritize reuse in 
high-scrap assemblies. Figure 4(c) shows that recycled 
input shares grew fastest for packaging and casings. 
Printed circuit boards showed only modest growth. 
The timing pattern indicates that process tuning and 
material-specific constraints drove improvements. 
They didn't come from a uniform policy effect.

3.6 Energy and productivity outcomes

Table 4 compares baseline and intervention out-
comes for energy and productivity. Energy inten-
sity decreased by 14.4%, and total energy per shift 
decreased by 12.9%, indicating improved resource 
efficiency during the intervention period. Overall 
equipment effectiveness increased by 5.0%, primarily 
through gains in availability and performance, where-
as quality remained statistically unchanged. Weekly 

downtime declined by 23.9%, consistent with the in-
tended contribution of predictive maintenance and 
schedule adjustment. The reported effect sizes indi-
cate that the changes in energy intensity, total energy, 
OEE, and downtime were practically meaningful 
rather than marginal.

This work analyzes energy use patterns and pro-
ductivity trends over time. Figure 5 presents this 
analysis in four panels. Figure 5(a) shows how much 
energy the machines used when they were idle, run-
ning, or being set up before and after the test. Figure 
5(b) shows the energy used each month. Figure 5(c) 
shows the weekly OEE trend during the pilot test. 
Figure 5(d) shows the average power used through-
out the day.

Figure 5(a) shows that the change cut the idle en-
ergy share from 28 percent to 20 percent. The share 
of energy used while running increased. This suggests 
that production work and energy use match better 
now. Figure 5(b) shows that energy use dropped af-
ter the second month. There weren't as many big 
spikes in energy use. This shows better control over 
peak energy. Figure 5(c) shows OEE gains that stayed 

Figure 4. Temporal trends in circularity and material recovery.

Note. Panel (a) reports weekly circularity rates. Panel (b) shows weekly scrap and reuse mass per 1,000 units. Panel (c) presents monthly recycled 
input share by component group.

Metric Baseline 
mean ± SD

Intervention 
mean ± SD Change (%) Test and p value Effect size (95% CI)

Energy intensity (kWh per unit) 5.82 ± 0.56 4.98 ± 0.49 -14.4 Paired t, p < 0.001 d = 1.62 (0.68 to 0.99)

Total energy per shift (kWh) 3420 ± 310 2980 ± 280 -12.9 Paired t, p = 0.001 d = 1.43 (320 to 560)

OEE 0.782 ± 0.038 0.821 ± 0.031 +5.0 Paired t, p = 0.002 d = 1.10 (0.018 to 0.060)

Availability 0.904 ± 0.030 0.925 ± 0.024 +2.3 Paired t, p = 0.011 d = 0.76 (0.005 to 0.037)

Performance 0.862 ± 0.028 0.879 ± 0.024 +2.0 Paired t, p = 0.018 d = 0.68 (0.004 to 0.030)

Quality 0.989 ± 0.004 0.988 ± 0.004 -0.1 Paired t, p = 0.312 d = 0.12 (-0.001 to 0.000)

Downtime per week (h) 14.2 ± 3.6 10.8 ± 2.9 -23.9 Paired t, p = 0.004 d = 0.94 (1.1 to 5.4)

Table 4. Baseline versus intervention outcomes for energy and productivity.
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steady after week 12. This matches the time it took 
to retrain models and fix the schedule. Figure 5(d) 
shows a flatter power use profile. It had fewer peaks 
in the early afternoon. This matches the work to shift 
loads and stagger machine idle times.

3.7 Predictive maintenance and quality risk 
outcomes

This study tested how well models predicted ma-
chine failure and defect risk. The researchers used 
data that the models hadn't seen before. Table 5 lists 
the scores for discrimination, precision, recall, and 
lead time for the two model families.

The failure prediction model performed better 
than the defect risk model. It gave a median lead time 
of 18 hours before a failure happened. The defect risk 
model had lower precision and recall. It didn't catch 

many rare defects when the factory made many differ-
ent products. Machine signals stayed more consistent 
than quality signals. Quality signals often changed be-
cause of short-term differences in materials.

The present investigation looked at patterns and 
timing in Figure 6. Figure 6(a) shows the receiver 
operating characteristic curve for failure prediction. 
Figure 6(b) shows the precision recall curve for de-
fect risk prediction. Figure 6(c) shows the distribution 
of RUL prediction errors. Figure 6(d) shows how 
anomaly score trajectories moved near failure events.

Figure 6(a) shows a steep curve. This matches the 
high discrimination results in Table 5. Figure 6(b) 
shows a flatter curve. This proves the defect model 
didn't do as well because of class imbalance. Figure 
6(c) shows that 72 percent of RUL errors stayed 
within ±12 hours. A few larger errors happened dur-
ing shifts with unusual product mixes. Figure 6(d) 

Figure 5. Energy and productivity patterns across time and operational states.

Note. Panel (a) shows energy share by machine state in baseline and intervention periods. Panel (b) presents monthly distributions of daily energy 
intensity. Panel (c) shows weekly OEE trends across the pilot. Panel (d) reports the average hourly power demand profile.
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shows that anomaly scores rose several hours before 
failures. The rise was sharper for bearing problems 
than for thermal drift. The maintenance model gave 
timely signals that helped with scheduling. The defect 
model didn't catch every quality shift.

3.8 Scheduling and optimization 
performance

This study analyzed multi-objective scheduling 
outcomes using solution sets from the genetic algo-
rithm. This study presents the analysis in Figure 7 

across three panels. Figure 7(a) plots energy versus 
waste for candidate schedules. Figure 7(b) plots ener-
gy versus delivery delay. Figure 7(c) plots waste versus 
delivery delay.

Figure 7(a) shows a clear Pareto frontier. Reduc-
tions in energy linked to modest increases in waste 
beyond a threshold. This pattern points to a trade-off 
zone that guided weight selection. Figure 7(b) shows 
that energy reductions beyond 12 percent tied to a 
sharp rise in delay. This limited strong energy cuts. 
Figure 7(c) shows a wider set of schedules that cut 
waste without big delay jumps. This suggests the cir-

Task Area under ROC curve mean ± SD Precision Recall F1 score Median lead time

Failure prediction 0.90 ± 0.03 0.76 0.71 0.73 18 h

Defect risk prediction 0.84 ± 0.04 0.68 0.63 0.65 9 h

Table 5. Predictive performance for failure and defect risk models.

Figure 6. Predictive model diagnostics and temporal behavior.

Note. Panel (a) shows ROC curves for failure prediction. Panel (b) presents precision recall curves for defect risk prediction. Panel (c) reports the 
distribution of RUL prediction errors. Panel (d) plots anomaly score trajectories around failure events.
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cularity goal connected less closely to delivery than 
energy did. These trends back the pick of balanced 
weights in the final setup.

This study compared scheduling performance 
across methods. This study reports the analysis in 
Table 6. Table 6 lists queue length, tardiness, change-
overs, and utilization for rule-based scheduling, en-
ergy-only optimization, waste-only optimization, and 
the proposed multi-objective strategy.

The multi-objective strategy cut average queue 
length and tardiness compared to the rule-based 
method. It kept changeovers close to the starting 
level. Energy-only optimization raised tardiness and 
queue length. This fit the trade-offs in Figure 7. 
Waste-only optimization improved queue length but 
raised changeovers. This added more setup time. 
The multi-objective strategy gave the most even re-
sults. This matched the aim to blend circularity, en-
ergy, and delivery goals.

This study tested sensitivity to objective weights to 

see how trade-offs changed with different priorities. 
This study reports the analysis in Table 7. 

The weight sensitivity results show that a focus on 
waste gave the lowest scrap mass with just a small rise 
in energy use. A focus on energy cut energy use but 
raised scrap and delay. This echoed the trade-offs in 
Figure 7. A focus on delay gave the shortest tardi-
ness but higher energy use than the waste focus. The 
spread of results shows that the system let users adjust 
to work needs without harming stability.

3.9 Resilience to disruptions

This study analyzed disruption response through 
performance trajectories under three scenarios. 
The analysis appears in Figure 8 across three pan-
els. Figure 8(a) shows performance over time during 
supplier delay events. Figure 8(b) shows recovery 
following machine breakdowns. Figure 8(c) shows 
performance during quality shifts.

Figure 7. Pareto trade-offs among energy, waste, and delivery delay.

Note. Panel (a) shows energy versus waste. Panel (b) shows energy versus delay. Panel (c) shows waste versus delay.

Strategy Average queue length (units) Mean tardiness (h) Changeovers per shift Machine utilization

Rule-based 182 7.4 5.6 0.81

Energy-only 195 8.9 5.2 0.80

Waste-only 168 6.1 6.4 0.82

Multi-objective 160 6.0 5.7 0.83

Table 6. Scheduling performance by strategy.

Weight setting (energy, waste, 
delay)

Energy intensity (kWh per 
unit) mean ± SD

Scrap mass (kg per 1,000 
units) mean ± SD Mean tardiness (h) mean ± SD

0.5, 0.3, 0.2 4.86 ± 0.44 13.7 ± 2.5 6.8 ± 1.1

0.3, 0.5, 0.2 5.02 ± 0.47 12.1 ± 2.3 6.4 ± 1.0

0.3, 0.2, 0.5 5.14 ± 0.52 12.8 ± 2.6 5.6 ± 0.9

Table 7. Weight sensitivity analysis for multi-objective scheduling.
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Figure 8(a) shows that performance recovered to 
95 percent of the reference level within 3.8 hours 
during supplier delays. That recovery happened fast-
er than the more prolonged one in the baseline peri-
od. Figure 8(b) shows a faster recovery after machine 
breakdowns. The steepest recovery slope occurred 
within the first two hours after intervention actions 
started. Figure 8(c) shows a shallower recovery pro-
file during quality shifts. A longer tail persisted across 
multiple shifts. The scenario comparison indicates 
stronger resilience improvements for supply and 
equipment shocks than for quality deviations. Those 
improvements reflected the slower identification of 
material-driven defects (Table 8).

Resilience scores improved notably for supplier 
delays and machine breakdowns. Recovery times 
dropped by 42 percent and 41 percent respectively. 
The quality shift scenario showed a smaller change. 
The overlap in standard deviations indicates a weak-
er effect in that case. The negative result for quality 
shifts aligned with the slower response of the defect 
risk model in Table 5. That slower response limited 
the speed of corrective action. The pattern indicates 
that the framework provided stronger resilience ben-
efits for disruptions driven by equipment and supply 
variability than for process quality drift.

3.10 Human-centric outcomes

Human-centric performance was assessed 
through task completion, perceived trust, perceived 
control, workload, and error rates (Table 9). Clarity 
scores were high across all participant groups, and 
perceived control remained above the scale midpoint 
for operators, maintenance technicians, and supervi-
sors, indicating that the interface supported decision 
comprehension without displacing user authority. Su-
pervisors completed tasks most rapidly, which likely 
reflects greater familiarity with production planning 
and exception handling, whereas operators required 
more time to interpret the recommendation context. 
Task error rates remained below 7% for all roles, sug-
gesting that the interface did not introduce a substan-
tial usability burden.

Supervisors finished tasks the fastest. Operators 
took the longest. This happened because supervisors 
were more familiar with the planning tools. Errors 
stayed below 7 percent for everyone. This shows 
the interface didn't cause new mistakes. This pat-
tern shows the human-centric features helped people 
make decisions. They didn't make the brain work too 
hard.

Figure 8. Performance trajectories during disruptions.

Note. Panel (a) shows supplier delay recovery. Panel (b) shows machine breakdown recovery. Panel (c) shows quality shift recovery.

Scenario
Resilience score 

baseline 
mean ± SD

Resilience score 
intervention 
mean ± SD

Recovery time 
baseline (h) 
mean ± SD

Recovery time 
intervention (h) 

mean ± SD

Performance 
loss baseline 

(%)

Performance loss 
intervention (%)

Supplier delay 0.72 ± 0.06 0.83 ± 0.05 6.5 ± 1.4 3.8 ± 1.0 18.2 10.4

Machine breakdown 0.70 ± 0.07 0.82 ± 0.06 9.2 ± 2.1 5.4 ± 1.6 22.6 13.8

Quality shift 0.75 ± 0.05 0.77 ± 0.05 5.1 ± 1.3 4.7 ± 1.2 15.0 13.9

Table 8. Resilience outcomes by disruption scenario.
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Figure 9 complements the perceptual measures 
by reporting task time distributions and alert handling 
behavior across roles. Panel (a) summarizes comple-
tion-time variability, and panel (b) reports acceptance 
and override rates for DT recommendations.

Supervisors accepted approximately 72% of alerts 
and operators approximately 68%, while override 
rates remained below 15% for both groups. Interview 
coding indicated that overrides were typically associ-
ated with context-specific production contingencies 
or quality judgments that users considered insuffi-
ciently represented in the current model. Rather than 
undermining the framework, these interventions il-
lustrate the intended human-in-the-loop logic: the 
DT structured the decision space, but final authority 
remained with experienced personnel. The observed 
feedback also informed subsequent refinement of 
alert thresholds and explanatory displays.

3.11 Benchmarking, ablation, and overall 
performance synthesis

This research compared overall performance 
against baseline settings and other methods. Table 10 

shows the results. This table lists mean ± SD values 
and percent improvements for core outcomes. It com-
pares these to a baseline that only monitors the system.

The benchmarking results show that this frame-
work created the strongest gains for energy, circulari-
ty, and resilience. A DT without circular optimization 
lowered energy use and helped resilience. However, 
it didn't change circularity much. This means that 
monitoring alone didn't fix material outcomes. Man-
ual circular rules helped circularity. They didn't really 
lower energy use or downtime. The proposed frame-
work showed the largest gains in circularity and en-
ergy. It also improved OEE and lowered downtime. 
These results match the multi-objective integration 
strategy. This work shows that a combined approach 
offers more benefits than a single-focus baseline.

This study analyzed ablation outcomes to see how 
specific parts helped. Figure 10 shows this across 
three panels. Figure 10(a) shows circularity rates for 
the full framework and each test condition. Figure 
10(b) shows energy intensity. Figure 10(c) shows re-
silience scores.

Figure 10(a) shows that removing the circular ob-
jective lowered circularity rates. They fell back to the 

Figure 9. Human-centric task behavior and alert handling.

Note. Panel (a) shows task completion time distributions by role. Panel (b) shows alert acceptance and override rates by role.

Table 9. Human-centric performance and perception metrics by role.

Role Clarity score 
mean ± SD (1-5)

Trust score 
mean ± SD (1-5)

Perceived 
control 

mean ± SD (1-5)

Workload score 
mean ± SD (1-5)

Task time 
(min) mean 

± SD

Task errors 
(%)

Operators 4.1 ± 0.5 3.7 ± 0.6 4.0 ± 0.5 2.6 ± 0.4 7.1 ± 1.4 6.2

Maintenance technicians 3.9 ± 0.6 3.9 ± 0.5 3.8 ± 0.5 2.8 ± 0.5 6.4 ± 1.1 5.4

Supervisors 4.3 ± 0.4 3.8 ± 0.6 4.2 ± 0.4 2.5 ± 0.3 5.8 ± 0.9 4.9
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monitoring baseline level. Removing the blockchain 
ledger didn't change circularity outcomes much. Fig-
ure 10(b) shows that taking out the predictive main-
tenance module raised energy intensity by about 6 
percent. This happened because of unplanned stops 
and start-up cycles. Removing human feedback didn't 
really change energy results. Figure 10(c) shows the 
biggest drop in resilience when the research removed 
predictive maintenance. Resilience dropped a small-
er amount when the scheduler was gone. These re-
sults show that predictive maintenance and the multi-
objective scheduler helped resilience most. The 
circular objective was the main driver for circularity 
performance.

The integrated DT altered production control in 
a substantively different way from a monitoring-only 
implementation. Because synchronization, predic-
tive maintenance, provenance tracking, and schedul-
ing were coupled within the same loop, the frame-
work could evaluate operational alternatives against 
circularity and resilience objectives before execution. 
The simultaneous reduction in energy intensity and 

downtime, together with the increase in OEE and cir-
cularity, indicates that the benefits were not confined 
to a single performance dimension. These findings 
support the central proposition of the study: a DT 
becomes a decision engine when it not only repre-
sents the physical line but also conditions, ranks, and 
explains candidate actions under human review.

This interpretation also sharpens the manuscript's 
Industry 5.0 contribution. The framework did not in-
voke sustainability, resilience, and human-centricity 
as abstract principles; rather, it operationalized them 
through measurable energy and recovery metrics, a 
traceable provenance mechanism, and explicit op-
erator acceptance or override of recommendations. 
The smaller improvement observed in quality-shift 
resilience further indicates that human oversight re-
mains important when model sensitivity is weaker, 
reinforcing the argument that Industry 5.0 produc-
tion systems require collaborative rather than fully 
autonomous decision support.

Several limitations delimit the external valid-
ity of the results. The pilot covered one electronics 

Method Energy intensity 
(kWh per unit)

Circularity 
rate

Resilience 
score OEE Downtime per 

week (h)
Improvement versus 

baseline (%)

Monitoring-only 
baseline 5.91 ± 0.60 0.23 ± 0.04 0.71 ± 0.06 0.775 ± 0.040 14.6 ± 3.8 NA

DT without circular 
optimization 5.28 ± 0.54 0.24 ± 0.04 0.78 ± 0.06 0.806 ± 0.035 12.2 ± 3.1 Energy -10.7, Resilience 

+9.9, OEE +4.0

Manual circular 
rules 5.47 ± 0.57 0.29 ± 0.05 0.73 ± 0.05 0.789 ± 0.038 13.8 ± 3.4 Circularity +26.1

Proposed 
framework 4.98 ± 0.49 0.33 ± 0.06 0.82 ± 0.06 0.821 ± 0.031 10.8 ± 2.9

Energy -15.7, Circularity 
+43.5, Resilience +15.5, 

OEE +5.9

Table 10. Overall benchmarking against baseline configurations.

Figure 10. Ablation outcomes for key framework components.

Note. Panel (a) presents circularity rates. Panel (b) presents energy intensity. Panel (c) presents resilience scores.
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manufacturing line in Riyadh over six months, so the 
magnitudes of the reported gains may depend on the 
product mix, recovery pathways, supplier structure, 
and operational maturity of that site. Heavy manufac-
turing environments may offer larger component-lev-
el reuse opportunities but slower scheduling cycles, 
whereas process industries involve continuous flows 
and different traceability granularity; in both cases, 
the underlying architecture may transfer more read-
ily than the numerical performance gains or weight 
settings. In addition, although efforts were made to 
reduce confounding, the pre-post evaluation cannot 
fully eliminate residual effects from seasonal demand 
variation, operator learning, or concurrent incremen-
tal improvements. Future studies should therefore 
examine multi-site deployments, longer observation 
windows, and comparative evaluations against alter-
native optimization strategies.

4. Conclusions

This study demonstrates that a DT can support 
Industry 5.0 production as an active decision system 
rather than as a passive representation of shop-floor 
states. The contribution lies in the integration of 
live sensing, credibility-gated synchronization, prov-
enance tracking, predictive maintenance, multi-ob-
jective scheduling, and human authorization within 
a single control architecture. The empirical results 
indicate that such an architecture can improve en-
ergy performance, circularity, and disruption recov-
ery simultaneously while preserving product quality. 
The component-level results also show that circular-
ity gains are materially contingent: recovery improve-
ments were strongest where reuse and recycling path-
ways were operationally feasible, and more modest 
where component constraints remained stringent. 
From a research perspective, the study contributes 
a more precise account of how circularity and resil-
ience can be embedded in production control rather 
than evaluated only after execution. From a manage-
rial perspective, it shows that credibility checks, trans-
parent objective trade-offs, and operator override 
mechanisms are necessary conditions for deploying 
prescriptive DT systems in a manner consistent with 
Industry 5.0 principles.

Further work should test the framework across 
additional sectors, extend the observation period, 
and compare alternative optimization and predic-
tion approaches under shared evaluation protocols. 
Improved sensing and modeling of quality deviations 
will be particularly important for strengthening re-

silience under material-driven disturbances and for 
refining the human-in-the-loop balance of future DT 
deployments.
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