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Digital twins have expanded from industrial maintenance to territorial and heritage management. Cultural and
archaeological heritage sites, such as the Morbihan Megaliths recently inscribed on the UNESCO World Heritage
List, face a structural challenge: dynamically managing visitor flows, logistics, and maintenance while balancing
the conflicting objectives of conservation, tourism enhancement, and cost control. Converting predictive scenarios
into auditable operational decisions under uncertainty remains an open problem. We propose a closed-loop decision
architecture embedding Multi-Criteria Decision Analysis at the core of the simulation loop, conferring a prescriptive,
human-supervised, and traceable status on the digital twin. A comparative framework positions major MCDA
families with respect to four operational axes: execution latency, robustness to disturbances, configuration effort,
and interpretability. A context-driven meta-module then selects and switches the appropriate method according to
decision tempo and data quality, supporting operational, tactical, and strategic management horizons.

Keywords: Digital twin, territorial digital twin, multi-criteria decision analysis (MCDA), UNESCO World Heritage,
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1. Introduction

1.1. From Industrial Digital Twins to
Territorial Heritage Management

The Digital Twin (DT) concept emerged in the

early 2000s within industrial engineering and

product lifecycle management, formalized as a

virtual counterpart of a physical system continu-

ously updated by sensor and operational data to

support closed-loop monitoring, simulation, and

decision-making (Fuller et al., 2020; Gabellone,

2022). Early deployments were driven by Industry

4.0, particularly in manufacturing and aerospace.

Building on these industrial foundations, DTs

have expanded to smart cities and territorial sys-

tems, providing digital representations of city in-

frastructures to support planning and real-time op-

erations (Lehtola et al., 2022; Ketzler et al., 2020).

Well-known implementations include Virtual Sin-

gapore and the Angers Loire Métropole terri-

torial twin, though city-scale deployments still

face challenges including GIS-BIM interoperabil-

ity and governance factors (Government Tech-

nology Agency of Singapore (GovTech), 2017;

Angers Loire Métropole, 2025a,b).

Cultural and archaeological heritage sites repre-

sent a natural yet underexplored extension of this

trajectory. A UNESCO site digital twin integrates

3D surveys, in-situ sensing (temperature, humid-

ity, vibration), and heterogeneous Earth observa-

tion data to track asset condition and detect early

deterioration signs (Gabellone, 2022; Ioannidis
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et al., 2024; Themistocleous et al., 2025). The

Morbihan Megaliths, recently inscribed on the

UNESCO World Heritage List, comprise more

than 550 megalithic monuments across 28 com-

munes and exemplify this challenge concretely.

The Alignements de Carnac alone attract approx-

imately 500,000 visitors per year, a figure pro-

jected to rise by 20–30% following the 2025

inscription (ADT Morbihan, 2024). Peak daily

counts regularly exceed 5,000 persons in July and

August, concentrating mechanical and erosion

stress on the most fragile monuments precisely

when operational resources are most stretched.

Meanwhile, tourism across the Morbihan depart-

ment generates 1.6 billion euros in annual eco-

nomic consumption, making unrestricted access

closure politically and economically untenable.

This creates a structural three-way conflict: struc-

tural conservation, tourism enhancement, and cost

control are permanently competing objectives

that no single-criterion optimisation can resolve.

Moreover, the UNESCO inscription imposes ex-

plicit accountability requirements, as decisions

affecting public access to a World Heritage site

must remain auditable and justifiable to protection

authorities. These two constraints together, con-

flicting objectives under uncertainty and manda-

tory traceability, motivate the integration of Multi-

Criteria Decision Analysis (MCDA) at the core of

the DT decision loop. To address this gap, this pa-

per proposes embedding MCDA within a closed-

loop DT architecture, conferring a prescriptive,

adaptive, and traceable decision-making status on

the twin. Section 2 surveys the relevant MCDA

families, and Section 3 details the resulting inte-

gration architecture.

1.2. MCDA Methods for
Decision-Making under Uncertainty

MCDA methods provide a formal framework to

aggregate quantitative and qualitative criteria to

solve complex trade-offs (Figueira et al., 2005;

Mardani et al., 2015). In digital twin contexts, they

are increasingly used to structure decisions over

heterogeneous and noisy data streams (Tang et al.,

2025). Among the many available approaches

for objective and subjective weighting (Parad-

owski et al., 2021), three families are prevalent

in engineering. AHP structures the decision prob-

lem as a hierarchy and derives criteria weights

from pairwise comparisons (Saaty, 1980); its main

strength is transparency, though it requires many

comparisons and is sensitive to judgement in-

consistencies, limiting its suitability for near-real-

time updates. TOPSIS ranks alternatives by their

distances to ideal and nadir solutions (Hwang

and Yoon, 1981); it is computationally efficient

(O(mn)) but sensitive to extreme values and rank

reversal when the alternative set changes (Tri-

antaphyllou, 2000). PROMETHEE is an out-

ranking method using preference functions and

indifference thresholds (Brans and Vincke, 1985);

these thresholds improve robustness to noise at

the cost of higher modelling effort and O(m2n)

complexity. Fuzzy variants of AHP and TOP-

SIS replace crisp values with fuzzy numbers to

handle vague expert judgements and incomplete

information (Zadeh, 1965; Chang, 1996; Chen,

2000), improving robustness at the cost of ad-

ditional defuzzification overhead (Mardani et al.,

2015; Wieckowski et al., 2025).

These families form a documented MCDA core

with complementary trade-offs, ranging from

transparent preference elicitation (AHP) to fast

operational ranking (TOPSIS) and threshold-

based robustness (PROMETHEE). In the con-

text of the Morbihan Megaliths, where decisions

range from real-time crowd redirection to an-

nual restoration planning, no single method can

address all operational tempos simultaneously.

Method selection must therefore be context-

driven, which motivates the comparative frame-

work presented in Section 2.

2. A Comparative Analysis of MCDA
Methods for Digital Twins

To evaluate the operational integration of MCDA

methods within a DT decision loop, we propose

a framework bridging cyber-physical constraints

and the specific stakeholder requirements of her-

itage site management, where auditability toward

protection authorities is as critical as computa-

tional responsiveness.
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2.1. Evaluation Criteria for
DT-Integrated MCDA

The selection of an MCDA method for a DT ar-

chitecture depends on four dimensions. Execution
latency refers to the online time required to update

rankings after a data refresh; in real-time CPS,

response-time budgets can be as tight as a few

hundred milliseconds to maintain operational syn-

chronicity (Ortiz-Garcés et al., 2025). Robustness
to disturbances captures ranking stability under

sensor noise, missing data, and scenario evolution,

formalised as bounded-disturbance tolerance in

CPS (Pajic et al., 2014) and as ranking sensitivity

under uncertainty in MCDA (Broekhuizen et al.,

2015; Wieckowski et al., 2025). Configuration
effort reflects the modelling workload, including

parameters to tune (weights, thresholds, member-

ship functions); complexity scales with method

power, e.g., O(n2) judgements for AHP (Saaty,

1980). Interpretability denotes the ability to pro-

duce stakeholder-facing justifications, and is par-

ticularly critical for UNESCO heritage sites where

decisions affecting public access must remain de-

fensible to protection authorities.

2.2. Operational Disturbance Model in
DT-driven Ranking

In DT deployments, the decision matrix is re-

peatedly updated under imperfect and evolving

information. Three recurrent disturbance fami-

lies affect the decision loop: (1) measurement
noise, where KPI fluctuations induce frequent

rank swaps in sensitive methods; (2) missingness
and partial refresh, where sensor outages or trans-

mission delays require methods to handle incom-

plete matrices; and (3) alternative-set evolution,

where scenarios are added or removed (e.g., mon-

ument emergency closure or new visitor circuit),

triggering rank reversal in compensatory methods

(Triantaphyllou, 2000).

2.3. Synthesis and Mapping of Method
Performance

The interaction between DT disturbances

(Sec. 2.2) and evaluation criteria (Sec. 2.1) creates

a specific selection space for MCDA families.

As shown in Table 1, measurement noise favors

outranking methods (e.g., PROMETHEE) that uti-

lize thresholds to filter insignificant variations,

albeit at the cost of higher modeling effort. Con-

versely, high-frequency updates favor compen-

satory methods (e.g., TOPSIS) due to their low

computational complexity (O(mn)), even if they

remain more sensitive to outliers. AHP provides

maximum auditability for preference structuring,

while fuzzy extensions are required when uncer-

tainty representation is a core requirement, despite

the increased defuzzification overhead. Table 1

synthesizes these operational trade-offs.

Table 1. Operational trade-offs of MCDA families in a

Digital Twin context.

Latency Robustness Config. effort Interpretability

AHP : low la-
tency*; high elici-
tation

Limited; sensi-
tive to inconsis-
tency

High (hierar-
chy and pairwise
elicitation)

High (traceable
weights and hier-
archy)

TOPSIS: very
low; O(mn)

Moderate;
outlier-sensitive

Low (weights
and
normalization)

Moderate (ab-
stract geometric
index)

PROMETHEE:
low–med;
O(m2n)

High (noise fil-
tering via thresh-
olds)

Med.–high (pref-
erence func-
tions/thresholds)

Moderate (flow-
based; GAIA
maps)

Fuzzy MCDA:
low–moderate

Very high (ex-
plicit uncertainty
modeling)

High (member-
ship func-
tions/elicitation)

Low–moderate
(requires
defuzzification)

Note: m = alternatives, n = criteria. *For AHP, latency refers to
the computational update; elicitation is accounted for in configu-
ration effort.

3. Methodology for Integrating MCDA
into the Digital Twin’s
Decision-Making Architecture

We propose a closed-loop decision architecture

structured around four phases that directly imple-

ment the Observe–Predict–Decide–Act (OPDA)

cycle. Phase 1 (Observe & Predict) continuously

collects site data and generates predictive scenar-

ios; Phase 2 (Decide) embeds MCDA to aggregate

multi-criteria preferences and rank candidate sce-

narios; Phase 3 (Adapt) updates scenarios or pref-

erences when the current recommendation fails

to meet operational requirements; and Phase 4

(Act & Audit) implements the selected action and

logs the full decision state. Critically, Phase 4 is

not a terminal state: it triggers an outer feedback

loop that restarts Phase 1 at the next operational

cycle, making the DT genuinely self-improving
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over time.

Figure 1 presents the closed-loop implementation

of the Observe–Predict–Decide–Act cycle. Phase

colours identify each stage: blue for Phase 1 (Ob-

serve & Predict), purple for Phase 2 (Decide via

MCDA), orange for Phase 3 (Adapt), and green

for Phase 4 (Output & Audit). The red node

governs the Phase 2 → Phase 3 branching logic.

Simulated scenarios are evaluated by MCDA un-

der current preferences and iteratively refined un-

til convergence or performance targets are met,

yielding an auditable decision. The dashed arrow

from the Recommendation output back to Phase 1

represents the outer feedback loop, restarting the

cycle at the next operational horizon.

3.1. Macroscopic Closed-Loop Workflow

At decision time t, the DT evaluates a set of

candidate scenarios S(t) = {S1, . . . , Sm}. Each

scenario Si is described by a vector of criteria

(KPIs) ki = [ki1, . . . , kin], forming the decision

matrix K(t) ∈ R
m×n.

Phase 1 (Observe & Predict). Multi-source ob-

servations (IoT sensors monitoring weather con-

ditions, visitor flows, monument vibration and hu-

midity; ticketing and calendar data) are assimi-

lated into the DT state. Each Si is simulated and

KPI estimates are produced.

Phase 2 (Decide via MCDA). K(t) is normalised

and aggregated using current preferences (weights

w(t), and optionally thresholds or fuzzy param-

eters), yielding Rank(Si). A stopping condition

(scenario convergence, weight stability, or per-

formance threshold met) determines whether to

proceed to Phase 4 or trigger Phase 3. Ranking

stability is assessed by monitoring top-k swap

rates under small KPI perturbations; a maximum

iteration bound Nmax prevents non-convergence,

triggering a conservative fallback (partial access

restriction or human escalation) if stability is not

reached within budget.

Phase 3 (Adapt). Phase 3 is triggered when one

of three conditions holds: (i) no scenario meets

the minimum conservation performance thresh-

old; (ii) the ranking is unstable under minor KPI

perturbations, signalling low decision confidence;

or (iii) a contextual event (monument emergency

Fig. 1. Closed-loop MCDA-enabled decision pipeline
structured around the Observe–Predict–Decide–Act cy-
cle. Blue: Phase 1 (Observe & Predict); Purple: Phase 2
(Decide via MCDA); Orange: Phase 3 (Adapt); Green:
Phase 4 (Output & Audit). The red node governs the
Phase 2 → Phase 3 branching logic. The dashed arrow
represents the outer feedback loop restarting Phase 1 at
the next operational cycle.
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closure or sudden weather alert) alters the feasible

scenario set. The system then injects new scenar-

ios and re-simulates (Phase 3a), or recalibrates

preference weights w(t) through human-validated

workshops (Phase 3b), before re-entering Phase 2.

Phase 4 (Output & Audit). Once stopping con-

ditions are met, the DT exports the final rec-

ommended scenario, the final preference state,

a robustness indicator, and a complete decision

log including M(t), θ(t), and Rank(Si). Deci-

sions are then implemented in the field (access

control adjustments, maintenance alerts, dynamic

signage). Phase 4 is not a terminal state: it triggers

the outer feedback loop, restarting Phase 1 at the

next operational cycle, which may be time-driven

(hourly, daily, or seasonal) or event-driven.

This macroscopic loop provides a traceable and

continuously adaptive decision process, from

multi-source monitoring to prescriptive recom-

mendations. In particular, Phase 2 is critical be-

cause it determines both the decision quality and

the operational feasibility under time constraints.

The next subsection details the supervisory meta-

module used to select (and, when needed, switch)

the MCDA method according to context, uncer-

tainty, and computation budget.

3.2. Meta-module for context-driven
MCDA selection (Phase 2 zoom)

Figure 2 details Phase 2 as a supervisory meta-

module that selects (and switches) the MCDA

strategy under operational constraints, opera-

tionalising the trade-offs of Table 1 across deci-

sion tempos and data-quality conditions. At time

t, the DT provides S(t) and K(t) ∈ R
m×n; the

meta-module then performs (2a) KPI character-

isation, (2b) context-grid method selection, and

(2c) MCDA ranking, while monitoring computa-

tion time and ranking stability.

Fig. 2. Phase 2 zoom: context-driven selection and
switching of the MCDA strategy under uncertainty and
time-budget constraints.

Step 2a: KPI characterisation under uncer-
tainty. Because DT inputs are heterogeneous and

repeatedly refreshed, the meta-module first char-

acterises data quality and uncertainty at the cri-

terion level. In practice, each criterion j can

be flagged as (i) crisp, (ii) interval-valued, or

(iii) fuzzy, depending on measurement noise, ag-

gregation variability, or partial refresh. This char-

acterisation produces a compact uncertainty pro-

file u(t) and a missingness/reliability profile r(t),

which will influence the choice of method and

parameters (e.g., indifference thresholds for out-

ranking methods, or membership function bounds

for fuzzy variants).

Step 2b: Context-grid method selection. The

meta-module maps the current decision context
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to an MCDA family using a lightweight context

grid. The context descriptor can be expressed as

c(t) = {m,n, u(t), τ(t), e(t)}, where m and n

denote the number of alternatives and criteria,

τ(t) the decision tempo (i.e., the allowed response

time), and e(t) an explainability requirement. The

selection rule is operational: AHP is preferred

when auditability dominates and n ≤ 10 (e.g.,

annual maintenance workshops with the Asso-

ciation Paysages de Mégalithes du Morbihan);

TOPSIS when τ(t) < 300ms (e.g., real-time

crowd redirection at the Alignements de Carnac);

PROMETHEE when robustness under noisy sen-

sors is required (e.g., vibration monitoring dur-

ing high-attendance periods); and fuzzy variants

when uncertainty representation is mandatory.

This context-driven selection operationalises the

qualitative trade-offs reported in Table 1.

Step 2c: Evaluation and ranking. Accordingly,

scenario evaluation is performed with the selected

method M(t) and its parameter set θ(t) (weights,

thresholds, membership functions), ensuring that

the ranking is consistent with the operational re-

quirements identified at time t. The module com-

putes a scenario ranking Rank(Si) and returns

(i) a recommendation (best scenario or top-k) and

(ii) the preference state (weights/parameters) to

support traceability and later auditing.

Monitoring and switching logic. A key contri-

bution of the meta-module is that it continuously

monitors computational feasibility and ranking

stability. First, it measures the online computation

time tcal(t) and enforces an operational budget

Tmax(τ(t)). If tcal(t) > Tmax, the module trig-

gers a switch toward a faster MCDA configuration

(e.g., AHP → TOPSIS) to preserve responsive-

ness. Second, it evaluates ranking stability un-

der realistic DT disturbances (measurement noise,

missingness, and alternative-set evolution). If the

ranking becomes unstable (e.g., frequent top-1

swaps under small KPI perturbations), the mod-

ule switches to a more robust configuration (e.g.,

thresholds/outranking or fuzzy modelling), trad-

ing additional configuration effort for improved

stability.

Traceability and integration with the closed
loop. For each decision step, the DT logs M(t),

θ(t), tcal(t), and the resulting ranking to ensure re-

producibility and stakeholder-facing justification.

If the stopping condition is not met, the current

best scenario and associated diagnostics are for-

warded to Phase 3 (Adaptation), where new sce-

narios can be injected and preferences updated

before re-entering Phase 2, preserving the closed-

loop behaviour described in Fig. 1.

3.3. Practical Implications for Heritage
Site Management

The proposed architecture directly supports the

management of the Morbihan Megaliths across

three nested decision horizons.

Real-time operational control (minutes to

hours). During high-attendance periods, when vis-

itor counts at the Alignements de Carnac exceed

an operational threshold (e.g., 3,000 persons in

the restricted zone), the MCDA module applies

TOPSIS within the 300 ms latency budget to rank

crowd management scenarios (access path clo-

sure, dynamic signage activation, guide deploy-

ment) and recommend the best option to the duty

manager with full criteria weights displayed.

Tactical planning (days to weeks). At the start of

each week, the DT integrates weather forecasts,

booked group visits, and maintenance team avail-

ability. PROMETHEE with preference thresholds

ranks tactical scenarios (preventive cleaning of en-

graved surfaces, staff redeployment across sites)

against conservation, visitor safety, and cost crite-

ria, filtering noise from imprecise weather predic-

tions.

Strategic scheduling (seasonal and annual). An-

nual restoration priorities are determined through

a full AHP elicitation workshop with the Associ-

ation Paysages de Mégalithes du Morbihan. The

DT provides the decision matrix (KPIs: structural

degradation index, restoration cost, visitor impact,

ecological sensitivity) and produces a fully au-

ditable ranked list reviewable by heritage protec-

tion authorities.

Across all three horizons, every decision is logged

with its complete preference state, ensuring that

no operational choice affecting a UNESCO World
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Heritage site is made without a traceable, explain-

able justification.

3.4. Sensitivity and Latency
Considerations

The practical deployment of MCDA within a DT

loop raises two evaluation concerns that future

empirical work must address. First, sensitivity to
parameter tuning: criteria weights w(t) and pref-

erence thresholds θ(t) are set through expert elici-

tation or historical calibration, yet small perturba-

tions in these parameters can alter the top-ranked

scenario. The meta-module mitigates this by mon-

itoring top-k swap rates (Sec. 3.1) and trigger-

ing recalibration when instability is detected, but

systematic sensitivity analysis across representa-

tive weight ranges remains necessary to quantify

decision robustness for each MCDA family. Sec-

ond, latency distribution across scenarios: while

theoretical complexity bounds (O(mn) for TOP-

SIS, O(m2n) for PROMETHEE) provide worst-

case guidance, actual computation times depend

on matrix density, missingness patterns, and hard-

ware. The evaluation approach envisaged for the

Morbihan deployment will measure empirical la-

tency distributions under three reference scenarios

(peak-season crowd management with m ≈ 15

alternatives, weekly tactical planning with m ≈ 8,

and annual strategic scheduling with m ≈ 5) to

validate that the 300 ms operational budget is met

in practice.

4. Conclusion and perspectives

In closed-loop Digital Twins (DTs), decision-

making is not a one-shot ranking problem: it re-

sults from an iterative process in which candidate

scenarios S(t) are progressively updated, the de-

cision matrix K(t) ∈ R
m×n is refreshed as new

information becomes available, and multi-criteria

trade-offs are continuously arbitrated under uncer-

tainty and explicit time constraints. In such set-

tings, relying on a single and static MCDA method

is rarely optimal, since operational requirements

evolve with decision tempo, data quality, insti-

tutional accountability, and traceability expecta-

tions.

This paper made three methodological contri-

butions. (C1) We introduced a DT-oriented com-

parison framework structured around four oper-

ational axes, namely execution latency, robust-

ness to disturbances, configuration effort, and in-

terpretability, in order to position major MCDA

families, including AHP, TOPSIS, PROMETHEE,

and fuzzy variants, with respect to Digital Twin

constraints. (C2) Building on this framework, we

proposed a complete closed-loop decision archi-

tecture embedding MCDA at the Decide stage of

the Observe–Predict–Decide–Act cycle. This ar-

chitecture includes an explicit Phase 4 → Phase 1

outer feedback loop, making the DT genuinely

self-improving across operational cycles, and a

formally specified Phase 2 → Phase 3 branching

condition that triggers adaptation when conserva-

tion thresholds, ranking stability, or contextual re-

quirements are not met, thereby ensuring prescrip-

tive, reproducible, and explicitly traceable deci-

sion outputs. (C3) Finally, we detailed a context-

driven meta-module which, at each decision time

t, characterises KPI uncertainty using appropri-

ate representations, selects a context-appropriate

strategy M(t) with parameters θ(t), and monitors

computational feasibility and ranking stability so

as to enable adaptive method switching when op-

erational constraints are violated.

From a practical standpoint, the proposed ar-

chitecture offers heritage site managers a concrete

operational benefit: every decision affecting vis-

itor access, maintenance scheduling, or resource

allocation is grounded in explicit, auditable cri-

teria rather than informal judgment. For a UN-

ESCO World Heritage site such as the Morbihan

Megaliths, where preservation obligations coexist

with significant tourism pressure, this traceability

is not merely a technical feature but a governance

requirement. The framework thus bridges the gap

between real-time sensor data and defensible man-

agement decisions, providing protection author-

ities, local stakeholders, and site operators with

a shared, reproducible decision record across all

operational horizons.

Future work will instantiate this framework on

empirical data from the Morbihan Megaliths site,

with the explicit objective of supporting public

authorities and local stakeholders in regulating
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tourism pressure under preservation, safety, and

quality-of-experience constraints. The proposed

MCDA–DT integration will be evaluated on rep-

resentative territorial scenarios to assess its ability

to structure, justify, and adapt collective decision-

making across operational, tactical, and strategic

horizons, without assuming a fully autonomous

or fully deployed system. In this perspective, the

framework is intended as a transferable decision-

support layer for territorial governance, rather

than as a site-specific optimisation solution.
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