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Abstract

Cultural heritage sites are affected by environmental and anthropogenic pressures that
require decision-analysis methods capable of combining heterogeneous datasets while
accounting for uncertainty. Multi-Criteria Decision Analysis (MCDA), particularly when
integrated with Geographic Information Systems (GIS) and Earth Observation (EO) data, is
widely used in geospatial analysis involving multiple, often conflicting criteria. This review
examines the evolution, application domains, and methodological challenges of MCDA
in cultural heritage risk assessment. The literature indicates a predominant reliance on
weighting-based methods, especially the Analytic Hierarchy Process (AHP) combined with
GIS-based weighted overlay techniques, while uncertainty treatment, temporal monitoring,
validation, and multi-threat applications remain limited. Three illustrative applications
show that asset-level, regional susceptibility, and historic-urban frameworks address com-
plementary decision needs but differ in their data, expertise, and institutional requirements.
Recent developments show a trend to combine MCDA with fuzzy logic, machine learning,
and uncertainty modeling, although methodological consistency across these approaches
remains uneven. The findings suggest that multi-criteria risk assessment for cultural her-
itage may depend less on introducing new analytical techniques and more on improving
the integration of existing methods. Incorporating repeatable environmental observations,
sensitivity analyses, multi-threat assessment, and stakeholder participation may support a
more coherent and reproducible approach to heritage-risk assessment.

Keywords: Multi-Criteria Decision Analysis; cultural heritage; risk assessment; Earth
Observation; GIS; spatial decision support; spatial MCDA; uncertainty analysis; multi-
threat assessment

1. Introduction

Cultural heritage sites face various environmental and human pressures that can
threaten their physical state and historical value. Factors such as climate change, environ-
mental degradation, urban growth, tourism, and socio-economic changes rarely occur in
isolation; instead, their combined effects often produce cumulative impacts that heighten
vulnerability across heritage landscapes [1-3]. Therefore, heritage vulnerability cannot
be fully understood through single-hazard assessments or static analysis methods alone.
More comprehensive evaluation techniques are necessary to capture the complex, spatially
variable, and multidimensional nature of risk conditions.
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UNESCO [4] underscores the importance of proactive disaster risk management in
cultural heritage contexts, encouraging a transition from reactive responses to prevention,
preparedness, and long-term resilience. Within this perspective, risk assessment is a
key process for identifying hazards, analyzing vulnerabilities, and prioritizing mitigation
actions before damage becomes irreversible. Risk assessment, therefore, functions not
only as a technical procedure but also as a planning mechanism supporting conservation
priorities, resource allocation, and policy development under changing environmental
conditions [1,5].

Assessing heritage risk remains inherently challenging because physical characteristics,
environmental processes, management capacity, and cultural values must be considered si-
multaneously. Available evidence is often heterogeneous: Earth Observation (EO) datasets
and ready products, Geographic Information Systems (GIS) layers, field observations,
historical records, and qualitative information may all contribute to assessments, although
these sources differ considerably in scale, completeness, and resolution [6,7]. Such condi-
tions require analytical approaches that are able to integrate diverse forms of information
while explicitly addressing assumptions and uncertainty.

Multi-Criteria Decision Analysis (MCDA) provides a structured means of evaluating
several factors that influence heritage risk, including exposure to hazards, physical vul-
nerability, environmental conditions, cultural significance, and management capacity [8].
The use of GIS enables their geographical combination, while EO provides repeatable
observations of environmental conditions and landscape change [9]. Their integration can
therefore produce maps or rankings that help heritage professionals compare sites, identify
priority areas, and evaluate potential interventions [10]. These outputs are intended to
support, not replace, professional and community judgment [11].

Indeed, MCDA has gained considerable attention as a decision-support approach for
problems involving multiple and potentially conflicting criteria. While Cinelli et al. [12]
emphasize the value of MCDA for structuring complex decision problems, Malczewski
and Rinner [13] place stronger emphasis on its spatial implementation within GIS-based
environments. This distinction is relevant to cultural heritage assessment, where both
methodological transparency and spatial representation are required.

The integration of MCDA with GIS and EO has extended its application across
several related domains [14,15]. Environmental management and sustainability appli-
cations use MCDA for resource allocation, conservation planning, and environmental
evaluation [16-18], while ecosystem-management studies apply it to prioritize interven-
tions under limited resources and competing stakeholder interests [19,20]. Natural hazards
and spatial risk assessment form another major application area, where MCDA is combined
with GIS and EO-derived indicators to produce susceptibility and risk maps [14,21,22].
Disaster-risk research increasingly uses repeated EO observations across prevention, pre-
paredness, response, and recovery activities [23]. Spatial-planning and land-use appli-
cations use MCDA to compare planning scenarios and development alternatives [24,25],
while engineering and structural-health monitoring integrate repeated sensor and geospa-
tial observations to support condition assessment and maintenance decisions [26]. Across
these domains, recurring requirements include the transparent integration of heterogeneous
criteria, incorporation of stakeholder preferences, explicit consideration of uncertainty, and
compatibility with geospatial data infrastructures [14,15].

Despite these developments related to the implementation of MCDA, existing studies
continue to rely heavily on relatively simple workflows, such as the Analytic Hierarchy
Process (AHP) combined with GIS-based weighted overlay techniques. Similar trends were
reported by Mardani et al. [27], while Appiotti et al. [28] demonstrated their applicability in
cultural heritage risk-assessment contexts. Although these methods remain widely adopted
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due to their simplicity and compatibility with raster-based datasets, they may oversimplify
interactions among criteria, allow compensatory effects between risk factors, and provide
only a limited representation of uncertainty. Likewise, the incorporation of EO-derived
indicators and temporal datasets varies substantially across the literature [29,30].

This review critically examines the evolution of a range of MCDA approaches, their
principal application domains, and methodological limitations for cultural heritage risk
assessment based on geodata. Specifically, the objectives are to: (i) analyze the development
of MCDA methods and their integration with GIS and EO technologies; (ii) evaluate their
application across environmental management, hazard assessment, and cultural heritage;
and (iii) identify research gaps and future directions for improving spatial decision-support
systems for heritage risk assessment.

To guide this analysis, the study is structured around the following research questions:

(1) How have MCDA approaches evolved in response to increasing data complexity and
spatial decision-making requirements?

(2) What are the dominant MCDA methods and application domains relevant to cultural
heritage risk assessment?

(3) What methodological limitations and research gaps exist in current MCDA applications?

(4) How can integrated approaches combining spatial data, uncertainty modeling, and
decision-analysis techniques improve cultural heritage risk assessment under multi-
threat conditions?

Although previous reviews have examined MCDA applications in environmental
management and decision-support systems, few have focused specifically on cultural
heritage, and even fewer have addressed uncertainty representation, multi-threat as-
sessment, and the operational integration of EO-derived indicators into heritage-risk
workflows. This review compares developments across MCDA, GIS, EO, environmen-
tal assessment, and cultural heritage to identify transferable practices and persistent
gaps. It is intended for researchers and practitioners working across disciplines, includ-
ing geomatics, Earth Observation, hazard and risk assessment, heritage conservation,
and spatial planning.

2. MCDA for Cultural Heritage Threat Assessment

Cultural heritage sites are subject to a wide range of environmental and anthropogenic
pressures that can affect their physical condition, historical significance, and long-term
preservation. These pressures often interact across spatial and temporal scales, creating
multi-threat conditions that are difficult to evaluate using isolated analytical procedures.
For clarity, a hazard or threat is a potentially damaging natural or human-induced pro-
cess. Exposure describes the presence of heritage assets in areas that may be affected,
whereas vulnerability is their susceptibility to damage. Risk arises from the interaction
of these components and, in heritage contexts, is also shaped by the asset’s significance
and the capacity of institutions and communities to prepare for, respond to, and recover
from damaging events [1,4,28]. Therefore, heritage risk assessment often requires inte-
grating heterogeneous datasets, expert knowledge, and geospatial indicators into a single
evaluation process.

Figure 1 presents a generalized workflow integrating EO data, GIS analyses, MCDA
methods, and uncertainty evaluation within cultural heritage risk assessment.

In this context, MCDA offers a structured approach to heritage-related decision prob-
lems involving multiple, potentially conflicting criteria. Rather than evaluating each risk
factor separately, MCDA enables the organization of factors, the assignment or derivation of
their relative importance, the combination of their values, and the comparison of alternative
sites, areas, or management interventions.
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Nevertheless, methodological inconsistencies remain evident across published studies,
particularly in method selection, criterion weighting, uncertainty treatment, and spatial
implementation [12,14,15]. The uneven incorporation of EO-derived indicators [29,30],
together with differences in spatial resolution, classification thresholds, and validation
procedures, can substantially influence results and hinder comparisons between studies.
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Figure 1. Integrated workflow for cultural heritage risk assessment combining EO data, GIS, MCDA
methods, uncertainty analysis, and decision-support processes.

2.1. Threat Categories Addressed in Heritage Studies

Cultural heritage risk assessment generally considers two broad categories of pres-
sures: natural hazards and anthropogenic influences. Natural hazards include earthquakes,
flooding, landslides, coastal erosion, wildfires, and climate-related processes that can
affect structural integrity [31]. Anthropogenic pressures include urban expansion, infras-
tructure development, tourism, pollution, and land-use change, all of which may alter
environmental conditions surrounding heritage assets [32]. The distinction between these
categories is not always absolute. For example, inappropriate land-use planning, vege-
tation removal, or inadequate drainage may increase the impacts of flooding, erosion, or
landslides, while climate change can alter the frequency or intensity of several existing
hazards [1,4].

In practice, these pressures rarely occur independently. Interactions among haz-
ards may produce cumulative or compounding effects; urban growth, for example, may
increase exposure to flooding, while climate variability may intensify existing environ-
mental stressors. A heritage property may therefore face multiple simultaneous or sequen-
tial pressures, such as intense rainfall causing erosion and slope instability, followed by
structural deterioration and reduced site accessibility. Nevertheless, a substantial propor-
tion of published studies continues to evaluate hazards individually rather than under
multi-threat conditions.

MCDA methods permit multiple categories of threats to be examined within com-
mon assessment procedures by combining environmental indicators, socio-economic
variables, and cultural characteristics [33,34]. However, different threats cannot always
be combined directly because their spatial extent, measurement units, temporal behav-
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ior, and consequences may differ substantially. Accordingly, criteria typically require
standardization, weighting, and transparent aggregation before they can be compared
or combined.

Heritage risk assessment must also account for the characteristics and context under
study. Archaeological sites, historic buildings, monuments, cultural landscapes, and
historic urban areas may differ in materials, spatial extent, condition, use, cultural values,
and management requirements. Consequently, a method appropriate for prioritizing
spatially distributed archaeological sites may not be directly applicable to the structural
assessment of an individual historic building. This contextual variability is important when
interpreting and comparing the applications reviewed in the following sections.

2.2. MCDA Methods Applied in Heritage Contexts

Existing heritage-risk methodologies have progressed from indicator-based models that
combine structural, environmental, and institutional variables for site prioritization [1,35]
to broader frameworks that incorporate hazard, exposure, vulnerability, and adaptive ca-
pacity [36,37]. Nevertheless, many applications remain hazard-specific despite increasing
recognition of interacting hazards and threats [38]. Static interpretations of vulnerability also
persist, even as environmental and socio-economic conditions change over time [39,40].

A wide range of MCDA techniques has been applied within cultural heritage as-
sessment, although weighting-based methods continue to dominate published studies.
AHP combined with GIS-based weighted overlay procedures remains among the most
frequently used combinations for integrating spatial indicators with expert judgment.
Mardani et al. [27] identify weighting-based approaches among the most widely adopted
multiple-criteria decision-making techniques, while Agapiou et al. [41], Michaelides and
Agapiou [42], and Nicu [43] illustrate how GIS, EO data, and AHP-based workflows can be
incorporated within cultural heritage risk and susceptibility assessment.

The predominance of AHP should not be interpreted solely as evidence of methodolog-
ical superiority. Rather, it reflects its accessible hierarchical structure, interpretability, and
compatibility with raster-based GIS workflows. However, results may be sensitive to crite-
rion selection, expert judgments, pairwise comparisons, and compensatory aggregation,
particularly when criteria interact or uncertainty is substantial.

Alternative decision-analysis techniques have also been applied in heritage contexts.
Ferretti et al. [44], for example, used Multi-Attribute Value Theory to evaluate the reuse
of historic buildings. Outranking and compromise-based approaches can support the
assessment of trade-offs, compromise solutions, or non-compensatory relationships. Fuzzy
MCDA has been adopted to represent ambiguity within expert judgment, while machine-
learning methods may generate susceptibility indicators that are subsequently incorporated
into MCDA procedures [45,46]. However, these methods require suitable data, technical
expertise, interpretability, and validation.

Spatial variability strongly influences heritage vulnerability, and GIS-based MCDA
enables the incorporation of environmental and socio-economic indicators into geographi-
cally explicit assessments [14,34]. Satellite observations additionally provide repeatable
information on environmental conditions and landscape dynamics, facilitating monitoring
across local and regional scales [47,48]. Dutu et al. [49] further highlighted the potential of
open-access EO datasets for monitoring environmental threats affecting remote archaeolog-
ical sites and supporting proactive heritage management strategies, including applications
at Delos Island. However, EO-derived indicators are frequently represented as static layers
rather than used to assess change over time. Experience from disaster-risk and engineer-
ing applications shows that repeated observations can support change detection and the
updating of assessments as conditions evolve [23,26].
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2.3. Cultural Heritage Applications

The practical implications of these methodological choices become clearer when appli-
cations operating at different spatial and decision scales are compared. At the asset level,
Appiotti et al. [28] developed a multicriteria model that integrates hazard, vulnerability,
and heritage-related indicators for immovable cultural assets exposed to fire, earthquakes,
and floods. The model supports comparisons among assets and potential interventions but
depends on detailed information, expert-completed assessments, and stakeholder-derived
weights. At the regional scale, Nicu [43] compared AHP, frequency ratio, and statistical
index methods for landslide susceptibility mapping in an area with endangered cultural
heritage. AHP achieved the highest reported predictive performance among the three
methods, underscoring the value of model comparison and validation. However, the re-
sulting assessment remained hazard-specific and did not incorporate heritage significance,
structural condition, or interactions with other threats.

At the historic-urban scale, Ravankhah et al. [1] assessed natural hazards and climate-
change influences in the Historic Centre of Rethymno, Greece. Their framework combined
climate information, GIS-based spatial analysis, and a hazard-analysis matrix to examine
sudden- and slow-onset processes and communicate their spatial distribution to stakehold-
ers. This broader perspective supports the assessment of changing hazard conditions but
requires heterogeneous datasets, climate projections, specialist knowledge, and institu-
tional coordination. Collectively, these examples show that asset-level multicriteria models,
regional susceptibility assessments, and historic-urban multi-hazard frameworks address
different but complementary decision needs.

The choice of an MCDA method should therefore depend on the decision problem,
heritage context, spatial scale, available evidence, treatment of uncertainty, required stake-
holder participation, and intended management decision. No single method is appropriate
for every cultural heritage application.

3. Methodology

This review examines the development and application of MCDA within spatial
decision-support systems, with particular emphasis on cultural heritage risk assessment
using GIS and EO data. The study was designed as a narrative review with thematic
synthesis. It aims to compare methodological approaches, their principal advantages and
limitations, their application across different decision contexts, and the research gaps that
affect their use in cultural heritage risk assessment.

Relevant publications were identified through searches in Scopus, Web of Science,
and Google Scholar using combinations of terms including “MCDA”, “GIS-based deci-
sion analysis”, “Earth Observation”, “cultural heritage”, “risk assessment”, and “spatial
decision support”. The searches were conducted during manuscript preparation and last
updated in July 2026. Additional search terms included “multi-criteria decision analysis”,
“remote sensing”, “vulnerability”, and “hazard assessment”. Because terminology varies
across MCDA, geomatics, environmental risk, and cultural heritage research, the database
searches were supplemented with backward and forward citation tracking of relevant
methodological reviews and applied studies.

The review focused on peer-reviewed journal articles and review papers address-
ing methodological developments, spatial applications, and cultural heritage assessment.
Selected institutional publications were also considered if they contributed to the interpre-
tation of cultural heritage risk and management requirements. Publications were deemed
relevant if they addressed MCDA methodology, GIS or EO integration, environmental and
hazard assessment, spatial decision support, or cultural heritage vulnerability and risk
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management. Titles and abstracts were assessed for relevance, and full texts were consulted
as needed. Duplicate publications identified across searches were retained only once.

The identified literature was organized and synthesized thematically, focusing on
methodological classification, application domains, and recurring limitations. Attention
was given to spatial data integration, uncertainty treatment, stakeholder participation,
operational implementation, and the emergence of hybrid or data-driven approaches.
Heritage-related examples, drawn predominantly from European and Mediterranean
contexts, included archaeological sites, historic buildings, urban heritage, and cultural
landscapes. To broaden the methodological comparison, the review also considered inter-
national evidence from environmental management, engineering, spatial planning, and
disaster-risk assessment. Representative studies were compared in terms of their method-
ological strengths, limitations, data requirements, and suitability for different cultural
heritage decision contexts.

4. Classification of MCDA Methods by Spatial Suitability

Multi-Criteria Decision Analysis includes a diverse set of methods for evaluating
problems involving multiple, often conflicting criteria. When combined with GIS and
EO data, these methods can operate within spatial environments to generate suitability,
vulnerability, and risk assessments [13,50].

However, MCDA techniques differ considerably in terms of spatial applicability, uncer-
tainty treatment, computational complexity, and compatibility with EO-derived indicators.
Distinguishing these methodological characteristics is therefore necessary when selecting
approaches for geospatial analyses and cultural heritage assessment. Spatial applicability
can be evaluated by whether a method can be implemented with continuous raster data, is
better suited for ranking discrete spatial alternatives, or supports a particular stage of the
analytical workflow. Table 1 summarises the principal MCDA families according to their
spatial suitability and their typical role within EO/GIS workflows.

Table 1. Classification of MCDA methods for spatial decision support.

. Representative . . Potential Role in CH
MCDA Family Methods Typical Role in EO/GIS Assessment
. AHP, ANP, Raster-based suitability Risk, vulnerability, and priority
Weight-based SAW/WLC, OWA and risk mapping mapping
Dlstar}ce & TOPSIS, VIKOR, SCP Spatial re.mkmg apd Compa.rlson apd prioritization
Compromise-based compromise solutions of sites or interventions
Outrankin ELECTRE, Ranking discrete E;I:iiatéﬁlezi 151;2:: gieezlt;f ,
& PROMETHEE spatial alternatives gement. B1es,
conservation interventions
Utility-based MAUT, SMART Preference mgdehng Evaluation of conservation and
(non-spatial) management alternatives
Handling vaeueness and Assessment involving uncertain
Uncertainty-aware Fuzzy MCDA, DST . & vague © indicators, thresholds, or
evidence conflict .
expert judgments
Data-driven and Spatla-l susceptibility Production of susceptibility or
ML methods RE SVM, CNN modeling and pattern damage-related layers for
detection integration into MCDA
Criteria weighting support, o .
Complementary Delphi, Entropy, PCA, dimensionality reduction, ro fii)g)lf;;’(:hscel;as?g\r:i,’rCrzlitr?;asis
methods DEMATEL, Monte Carlo  uncertainty, and sensitivity / y SIS,

. and robustness assessment
analysis
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4.1. Weight-Based Spatial MCDA

Weight-based techniques represent the most widely used category of MCDA within
GIS-based spatial analyses. These methods combine multiple criteria by assigning relative
importance values and aggregating them into composite indices. In geospatial applications,
approaches such as the Analytic Hierarchy Process (AHP), Analytic Network Process
(ANP), Simple Additive Weighting (SAW), Weighted Linear Combination (WLC), and
Ordered Weighted Averaging (OWA) are frequently adopted because of their compatibility
with raster environments [13,27,50].

In EO workflows, indicators such as topography, land cover, climatic conditions, and
proximity variables are commonly standardized before aggregation to produce continuous
suitability or risk surfaces. Their widespread use in environmental assessment, hazard
mapping, and cultural heritage studies largely reflects computational efficiency and ease of
implementation within GIS platforms [14,15,41].

Saaty [51] introduced AHP as a hierarchical procedure for decomposing decision
problems and deriving criterion weights through pairwise comparisons. Owing to its
relative simplicity and interpretability, AHP remains one of the most frequently applied
techniques. ANP extends this logic by incorporating interdependencies among criteria,
although greater methodological complexity often limits broader application [52]. SAW and
WLC rely on linear combinations of weighted criteria, whereas OWA introduces varying
levels of compensation by reflecting different decision-maker preferences through ordered
weights [13,53].

Despite their extensive application, several limitations persist. Most weighting-based
methods assume compensatory behavior, meaning that weak performance on one criterion
may be offset by stronger performance on another. In hazard and heritage-risk assessment,
such compensation may conceal critical vulnerabilities. Weight derivation also frequently
relies on expert judgment, while uncertainty in datasets and model structure often receives
limited attention.

These limitations have prompted the integration of weighting methods with fuzzy
logic, sensitivity analysis, and hybrid workflows that incorporate EO indicators and
machine-learning outputs. Although weighting-based techniques remain practical op-
tions for EO-supported heritage assessment, methodological choices regarding weighting
procedures, aggregation methods, and uncertainty treatment continue to influence analyti-
cal outcomes substantially. Table 2 summarises the main characteristics, advantages, and
limitations of commonly used weighting-based methods.

Table 2. Weight-based spatial MCDA methods.

Method Primary Role Main Advantage Main Limitation Typical Use in EO/GIS
Workflow
o . Transparent; Subjective weights; Early stage: define the
Criteria structuring e . . T
AHP and weiehtin intuitive; widely limited uncertainty criteria hierarchy and
shitmng used handling derive weights
Weighting with Captures interactions High complexity; Early stage: modeling
ANP . - L strong expert . o
interdependencies among criteria d interrelated criteria
ependence
. . . e . Middle stage: generate
SAW /WLC Linear spzfmal Simple; eff1c1eqt, Full compensat}on, composite suitability /
aggregation fully GIS-compatible  ignores uncertainty .
risk maps
Controlled Models risk a.ttltude Subjective order Mldd!e stage:
OWA . and partial . scenario-based
aggregation . weights .
compensation aggregation
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4.2. Distance and Compromise-Based MCDA Methods

Distance and compromise-based techniques rank alternatives according to their prox-
imity to ideal conditions within a multidimensional decision space. Rather than relying
exclusively on additive aggregation, these approaches aim to identify solutions that best
balance competing criteria by minimizing the distance from ideal and anti-ideal refer-
ence points. In geospatial applications, methods such as TOPSIS, VIKOR, and Spatial
Compromise Programming (SCP) have been adapted for use with GIS and EO-derived
datasets [13,54,55].

Within EO-supported applications, these methods are typically implemented after
criterion standardization, enabling spatial units, such as pixels or zones, to be ranked
by performance across multiple indicators. One advantage is their ability to account
for trade-offs among conflicting criteria while producing ranking outputs applicable to
environmental assessment and hazard evaluation [21,27].

Hwang and Yoon [56] introduced TOPSIS as a ranking method based on proximity
to ideal and anti-ideal solutions. Opricovic and Tzeng [57] later developed VIKOR as a
compromise-ranking technique that balances collective utility against individual regret,
making it applicable when strong conflicts exist among criteria. SCP extends compromise-
programming principles within raster environments by identifying locations closest to
predefined ideal conditions [13].

Despite these characteristics, several constraints emerge when such methods are
applied to large EO-supported analyses. Outcomes may be sensitive to data standardization
procedures, distance metrics, and parameter selection, all of which can substantially affect
comparability and the stability of results. Furthermore, uncertainty representation and
the interdependencies among criteria are rarely explicitly addressed. Implementation in
continuous raster environments may therefore be less straightforward than with weighting-
based methods [54,55].

Distance and compromise-based methods remain useful for trade-off analysis and
comparative spatial ranking (Table 3). Their application in the cultural heritage literature
examined is less frequently represented than weighting-based approaches, particularly in
contexts requiring continuous susceptibility mapping.

Table 3. Distance and Compromise-based MCDA methods.

Method Primary Role Main Advantage Main Limitation Typical Use in EO/GIS
Workflow
Sensitive to Middle stage:
TOPSIS Ranking based on Intuitive; easy normalization; limited spatial
the ideal solution to interpret; widely used uncertainty ranking and
handling benchmarking
. Balances group e Middle stage:
VIKOR Compr9m1se utility and Parameter sensitivity; trade-off and
ranking o less GIS-native . .
individual regret compromise analysis
Spatial compromise Designed for Requires careful scaling Middle stage: spatial
SCP . raster-based . . .
aggregation environments and parameter selection ~ compromise mapping

4.3. Outranking Methods

Outranking techniques evaluate alternatives through pairwise comparisons to estab-
lish dominance or preference relationships rather than to generate a single aggregated
score. Unlike fully compensatory methods, outranking approaches allow partial or non-
compensatory decision processes, making them suitable where weak performance in one
criterion should not be offset by stronger performance in another [58,59].
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The ELimination Et Choix Traduisant la REalité (ELECTRE) and Preference Ranking
Organization Method for Enrichment Evaluation (PROMETHEE) families are among the
most established methods in this category. ELECTRE uses concordance and discordance in-
dices to determine whether one alternative outranks another while incorporating threshold
parameters defining acceptable differences among criteria [58,60]. PROMETHEE applies
preference functions and net-flow calculations to produce rankings with relatively intuitive
interpretation [61,62].

Despite their methodological strengths, these techniques are less common in EO-
supported heritage applications due to their implementation complexity and limited com-
patibility with continuous raster analysis. Applications generally require specifying several
parameters, including thresholds and preference functions, which may introduce additional
subjectivity. Furthermore, these methods are often more suitable for discrete alternatives
than extensive raster datasets [13,54].

Therefore, outranking methods are more frequently applied to scenario compari-
son, policy evaluation, or alternative planning exercises than to continuous susceptibility
mapping (Table 4). Although they reduce compensation effects across criteria, broader
implementation of EO-supported cultural heritage assessment remains limited.

Table 4. Outranking MCDA methods.

Method Primary Role Main Advantage Main Limitation Typlca‘INUse in EO/GIS
orkflow
Pairwise Handles conflicting Complex; threshold- Discrete spatial
ELECTRE dominance criteria; dependent, difficult alternatives or planning
analysis non-compensatory raster implementation scenarios
Preference-based Flexible preference Subjective preference Scenario comparison
PROMETHEE rankin modeling; clear functions; limited and alternative
& ranking structure GIS compatibility evaluation

4.4. Utility-Based Methods

Utility-based techniques originate in classical decision theory and represent decision-
maker preferences through explicit utility functions that describe trade-offs among criteria.
These methods assign utility values to alternatives and aggregate them into measures of
overall preference [63].

Multi-Attribute Utility Theory (MAUT) and the Simple Multi-Attribute Rating Tech-
nique (SMART) are among the most representative methods within this category. MAUT
provides a basis for modeling preferences under uncertainty while incorporating proba-
bilistic information and complex trade-off relationships. SMART represents a simplified
variation relying on direct scoring and weighting procedures [64].

Despite their conceptual basis, utility-based techniques are less frequently used in GIS
and EO-supported analyses. Their implementation often requires detailed specification
of utility functions and preference structures, which can be difficult to define in complex
spatial environments. These methods are also less compatible with raster workflows
involving large numbers of spatial units.

As a result, utility-based methods (Table 5) are often used in conceptual analyses or
relatively small decision problems rather than operational geospatial workflows. In cul-
tural heritage assessment, direct implementation remains limited, although its underlying
principles continue to influence hybrid analytical methods.
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Table 5. Utility-based MCDA methods.

Method

Typical Use in EO/GIS

Primary Role Main Advantage Main Limitation Workflow

MAUT

SMART

Preference Strong theoretical Difficult utility Conceptual framework;
modeling through ~ foundation; handles elicitation; low spatial small-scale decision
utility functions trade-offs explicitly applicability problems
Oversimplified; limited
uncertainty handling;
non-spatial

Preliminary evaluation of
alternatives

Simplified Simple, transparent,
preference scoring easy to apply

4.5. Uncertainty-Aware MCDA Methods

Uncertainty-aware techniques address the vagueness, incompleteness, and incon-
sistency commonly encountered in environmental and geospatial analyses. Within EO-
supported applications, uncertainty may arise from sensor limitations, differences in spatial
resolution, environmental fluctuations, and subjective judgment. Explicit treatment of
these sources of variability has therefore received growing attention in spatial decision
analysis [55,65].

Among commonly used methods, fuzzy MCDA incorporates fuzzy-set theory to rep-
resent imprecise or linguistic information through membership functions, allowing gradual
transitions between classes rather than fixed thresholds [66—68]. Such characteristics make
fuzzy approaches suitable where environmental indicators or expert-derived information
remain ambiguous.

Dempster-Shafer Theory (DST) provides an alternative evidential reasoning approach
capable of combining information sources while representing conflict and incompleteness
through belief and plausibility measures [69,70]. In geospatial analyses, DST has been
used in hazard susceptibility studies where EO-derived indicators differ in reliability or
completeness [71].

These methods also introduce additional methodological demands. Fuzzy approaches
require careful specification of membership functions, whereas evidential techniques, such
as DST, can be computationally demanding and sensitive to assumptions. Integration
within conventional GIS workflows may therefore be less straightforward.

Despite these constraints, uncertainty-aware techniques (Table 6) contribute to more
defensible spatial analyses by explicitly representing ambiguity and variability. In cultural
heritage contexts, where incomplete documentation and heterogeneous information are
common, these methods may improve the interpretation of risk assessments.

Table 6. Uncertainty-aware MCDA methods.

Method

Typical Use in EO/GIS

Primary Role Main Advantage Main Limitation Workflow

Fuzzy MCDA

DST

Modeling Handles linguistic Subjective
vagueness and  and uncertain inputs; membership
imprecision flexible functions
Evidence fusion  Explicit modeling of Computational
under conflict and complexity; sensitive
uncertainty incompleteness to belief assignment

Middle stage: fuzzification and
integration of EO indicators

Middle/late stage:
multi-source data integration

4.6. Data-Driven and Machine Learning Methods for Spatial Susceptibility

Data-driven and machine-learning (ML) methods are widely used in geospatial anal-
yses to model nonlinear relationships between environmental predictors and observed
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phenomena. In GIS and EO applications, these methods are commonly used for suscep-
tibility and hazard mapping because they can process large, heterogeneous datasets and
achieve high classification accuracy [71,72].

Common techniques include Random Forest (RF), Support Vector Machines (SVM),
and Convolutional Neural Networks (CNN). Random Forest combines multiple decision
trees to reduce sensitivity to noise and improve classification consistency [73]. SVM iden-
tifies separating boundaries within high-dimensional feature spaces and often performs
well with limited training datasets [74]. CNNs extract hierarchical spatial patterns from
high-resolution imagery, making them effective for feature recognition and EO image
analysis [75].

Unlike MCDA methods, machine-learning techniques primarily focus on predic-
tion rather than structured decision-making. Consequently, they are generally better
suited to generating susceptibility indicators than to explicitly representing stakeholder
preferences, trade-offs, or management priorities. In addition, many machine-learning
techniques remain difficult to interpret because the models’ decision processes are not
always transparent.

For this reason, machine-learning methods are increasingly combined with MCDA
within hybrid workflows. In these cases, machine-learning outputs generate predictive
indicators or susceptibility layers that are later incorporated into decision-analysis proce-
dures [72,76]. Such combinations attempt to merge predictive capacity with more inter-
pretable evaluation processes.

In cultural heritage applications, hybrid machine-learning MCDA workflows may
facilitate the integration of EO-derived indicators alongside expert knowledge and manage-
ment priorities. Nevertheless, challenges associated with interpretability, data requirements,
and integration into reproducible workflows continue to limit broader implementation.
The characteristics, advantages, limitations, and typical EO/GIS roles of these data-driven
and machine-learning methods are summarized in Table 7.

Table 7. Data-driven and machine-learning methods.

Method Primary Role Main Advantage Main Limitation Typical Use in EO/GIS
Workflow
Susceptibilit High accuracy; Limited Early-middle stage: generate
Random Forest PHBTILY & ok interpretability y © slage: &
prediction robust to noise (black-box) susceptibility layers
Spatial Effective with Parametgr tuning; Early-middle stage:
SVM e o gy limited i O .
classification limited training data . . classification and modeling
interpretability
Captures spatial . o Early stage: EO image
CNN Image-based patterns; high Data-intensive; low analysis and feature

prediction transparency

performance extraction

4.7. Supporting Frameworks

Several complementary techniques are incorporated into MCDA workflows to examine
uncertainty, reduce subjectivity, and refine the selection of criteria. Although these methods
do not represent standalone MCDA approaches, they contribute to weighting procedures,
dimensionality reduction, and sensitivity evaluation within geospatial analyses [12,13,50].

The Delphi method is frequently used for structured expert elicitation, contributing
to consensus-building during criterion definition and weighting [77]. Entropy weighting
can derive criterion importance from dataset characteristics and may reduce dependence
on subjective judgment [78]. Principal Component Analysis (PCA) can support criteria
refinement by identifying correlated variables and reducing redundancy, although it is not
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itself an MCDA weighting method [79]. Decision-Making Trial and Evaluation Laboratory
(DEMATEL) additionally examines causal relationships among criteria, helping identify
interdependencies within complex systems [80].

Sensitivity analysis and simulation-based procedures are commonly used to evaluate
variability in MCDA outputs. Within spatial applications, Spatial Monte Carlo Analysis
(SMCA) propagates variability through datasets to examine output stability under changing
assumptions [13]. Such methods are particularly relevant in EO-supported analyses, where
differences in data quality and model assumptions may strongly influence results.

These complementary techniques (Table 8) support criteria refinement and the system-
atic examination of variability, contributing to more reproducible MCDA workflows. In
cultural heritage studies, where incomplete information and heterogeneous datasets are
common, their integration may strengthen the interpretation of analytical outcomes.

Table 8. Complementary methods for criteria refinement and uncertainty evaluation.

Method Primary Role Main Advantage Main Limitation Typical Use in EO/GIS
Workflow
. Expert Reduces individual Time- Early stage: criteria
Delphi bias; structured . L 1o
consensus e consuming definition and validation
elicitation
Entropy Objective weight Data-driven; Sensitive to data Early stage: weight
weighting derivation reproducible quality calibration
PCA Dimensionality Handles correlated Reduced Pre-processing of
reduction variables interpretability EO indicators
Causal i . . .
DEMATEL relationship Ider}tlfles key drlve}rs Not a ranking Model structurlng and
. and interdependencies method system analysis
analysis
Uncertainty and Quantifies Computational Late stage:
SMCA robustness variability and pcos ; sensitivity and
analysis stability robustness analysis

Not all reviewed methods are equally suitable for EO-supported cultural heritage
applications. Weighting-based approaches, particularly AHP and WLC, combined with
uncertainty-aware extensions, currently offer broad applicability because of their compat-
ibility with raster analyses and relatively straightforward implementation. By contrast,
outranking and utility-based methods are generally less suited to large raster datasets.

5. Strengths and Limitations of MCDA Approaches

Multi-Criteria Decision Analysis is widely applied to problems involving multiple,
potentially conflicting criteria. Its capacity to combine quantitative indicators, qualitative
information, and stakeholder perspectives has supported its use across environmental
management, land-use planning, and hazard assessment [12,27,81]. When integrated
with GIS and EO datasets, MCDA enables spatially explicit assessments of suitability,
vulnerability, and risk. However, its results remain sensitive to the weighting of criteria,
aggregation behavior, uncertainty treatment, and spatial implementation.

5.1. Criteria Weighting and Subjectivity

Criteria weighting is one of the most influential components of MCDA because it
determines the relative importance of each criterion in the final evaluation. In many studies,
weights are derived from expert judgment or stakeholder input using methods such as
AHP [51,54]. This procedure allows for the incorporation of contextual knowledge, domain
expertise, and stakeholder priorities into analytical models.
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Expert-driven weighting offers advantages because it captures considerations that
may not be derived solely from empirical data. Participatory approaches can broaden
the representation of stakeholder perspectives in evaluation processes [20,25]. This as-
pect becomes particularly relevant in cultural heritage assessment, where environmental
indicators often interact with social, cultural, and historical dimensions.

At the same time, reliance on expert judgment introduces subjectivity, potentially
affecting consistency and reproducibility. Different experts or stakeholder groups may
assign substantially different levels of importance to identical criteria, leading to variation
in analytical outputs. Even relatively small modifications in weighting schemes can alter
rankings or spatial results, illustrating the sensitivity of MCDA outcomes to subjective
inputs [15,21,82].

Data-driven weighting can complement expert judgment. Entropy-based methods
derive importance from dataset characteristics [78], while PCA can identify correlated vari-
ables and reduce redundancy [79]. Hybrid approaches may balance contextual knowledge
and empirical evidence [27,65].

5.2. Aggregation Strategies and Compensation Effects

Aggregation is a critical stage in MCDA because it determines how individual criteria
are combined into a single evaluation measure. Widely used techniques, including SAW and
WLC, rely on additive aggregation procedures in which weighted criteria are summed to
generate composite outputs [50,83]. These methods are computationally efficient, relatively
straightforward to interpret, and compatible with GIS-based analyses. However, their
compensatory structure may be unsuitable for risk assessment, where critical thresholds or
vulnerabilities should not be offset.

To reduce these effects, non-compensatory or partially compensatory approaches
may be used. Outranking methods such as ELECTRE and PROMETHEE can prevent
strong performance on one criterion from fully offsetting unacceptable performance on
another [58-62]. OWA provides a different aggregation mechanism by allowing the levels
of compensation and decision risk to be adjusted through its order weights [13,53]. Their
implementation, however, often requires additional parameter specification and remains
less common in large raster environments.

In cultural heritage assessment, aggregation choices influence how interactions among
risks are represented and may determine whether critical vulnerabilities remain visible or are
masked. Consequently, selecting aggregation procedures requires careful consideration, and
comparing multiple methods may be necessary when multi-threat conditions are present.

5.3. Uncertainty Representation and Propagation

Uncertainty is inherent in geospatial analyses, particularly in EO-supported applica-
tions, where data quality, temporal coverage, and spatial resolution may vary considerably.
In MCDA, variability may originate from measurement errors, incomplete datasets, subjec-
tive judgment, or assumptions embedded within analytical procedures [15,65,82].

Many conventional MCDA methods treat input data and weighting values as deter-
ministic, potentially producing overconfident interpretations. This issue becomes especially
relevant in cultural heritage studies, where incomplete documentation, inconsistent defini-
tions of vulnerability, and intangible values introduce additional ambiguity [6,7].

Several techniques have been developed to address these issues. Fuzzy MCDA repre-
sents imprecise information through membership functions [66-68], while Dempster—Shafer
Theory combines information sources with differing reliability levels [69,70]. Sensitivity
analysis and simulation-based procedures, including Monte Carlo methods, are also fre-
quently used to assess the stability of results under varying assumptions [21].
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Although these developments improve the representation of ambiguity within analyt-
ical workflows, implementation remains challenging. Computational demands increase,
and communicating variability to decision-makers is often difficult. Nevertheless, ex-
plicit treatment of uncertainty remains necessary for interpreting EO-supported analyses
conducted under incomplete or variable conditions.

5.4. Spatial Implementation Challenges

GIS-based procedures enable environmental, topographic, and socio-economic
datasets to be combined into geographically explicit outputs [14,50]. This capability is
particularly relevant for EO-supported studies, where large volumes of environmental
information can be analyzed efficiently.

Several methodological and technical issues remain. One concern is data hetero-
geneity, as EO datasets often differ in spatial resolution, temporal coverage, and overall
quality. Combining such datasets often requires preprocessing operations, including re-
sampling and normalization, which may introduce additional variability or modify spatial
relationships [84].

Spatial autocorrelation and scale dependency further complicate matters. Many
MCDA techniques assume independence among criteria and spatial units, whereas envi-
ronmental variables commonly exhibit strong geographic relationships. Differences in scale
between satellite imagery, digital elevation models, and administrative boundaries may
also influence the interpretation of analytical outcomes [85].

Computational demands increase when advanced MCDA techniques, uncertainty
analysis, or hybrid procedures are applied to high-resolution raster datasets. Simpler
aggregation methods remain comparatively efficient, whereas more complex workflows
may require substantial processing resources.

The principal methodological issues associated with MCDA applications, together

with commonly used mitigation strategies, are summarised in Table 9.

Table 9. Key methodological challenges in MCDA and mitigation strategies.

Methodological Issue

Strength

Limitation

Mitigation Strategy

EO/GIS Relevance

Criteria weighting and
subjectivity

Aggregation strategies
and compensation
effects

Uncertainty
representation and
propagation

Spatial
implementation
challenges

Allows incorporation of
expert knowledge,
stakeholder
preferences, and
contextual priorities into
decision models
Additive aggregation
methods are
transparent,
computationally efficient,
and easy to
implement in GIS
environments

MCDA provides
structured frameworks for
combining
heterogeneous data and
expert judgment

GIS integration
enables spatially
explicit evaluation of
environmental and
socio-economic
criteria

Weight assignment may
be subjective
and inconsistent
across experts,
potentially affecting the
reproducibility of results.

Full compensation
behavior may allow poor
performance in critical
criteria to be offset by high
scores in other criteria

Many traditional MCDA
methods
assume deterministic
inputs and do not
explicitly represent
uncertainty
Data heterogeneity, scale
mismatch, spatial
autocorrelation, and
computational
complexity may affect
results

Delphi method, entropy
weighting, PCA-based
criteria reduction, hybrid
subjective—objective
weighting approaches

Outranking methods
(ELECTRE,
PROMETHEE), Ordered
Weighted
Averaging (OWA), and
compromise
programming

Fuzzy MCDA,
Dempster-Shafer Theory,
Monte Carlo simulation,

sensitivity analysis

GIS-based MCDA
workflows, spatial
sensitivity analysis, hybrid
ML-MCDA models

Important for integrating
expert knowledge with
EO-derived indicators in
spatial decision-support
models

Useful when modeling
risk-sensitive spatial
decisions where certain
criteria should not
be compensated

Enhances robustness of
EO-based hazard and
vulnerability
assessments

Critical for integrating EO
datasets, spatial
indicators, and

environmental models
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6. Synthesis
6.1. Overall Findings

Multi-Criteria Decision Analysis has traditionally been used for decision problems
involving multiple, often conflicting criteria. As noted by Velasquez and Hester [54]
and Cinelli et al. [12], many foundational MCDA methods were originally developed in
operations research and decision theory to support structured decision-making under
well-defined conditions. These methods relied primarily on expert judgment, rule-based
aggregation procedures, and limited representation of uncertainty.

As MCDA expanded into environmental and spatial applications, its methodolog-
ical requirements also changed. Pelissari et al. [65] emphasize the need to account for
uncertainty arising from incomplete information, variable data, and subjective judgment.
Malczewski and Rinner [13] demonstrate how integrating GIS extends MCDA to spatial
decision support, while Le Cozannet et al. [23] show how repeated EO observations can
support environmental monitoring and disaster-risk management. In cultural heritage,
GIS and remote sensing have been applied to site management and monitoring [41,47],
while recent studies illustrate the growing use of open-access EO data for heritage threat
assessment [48,49]. Figure 2 summarises the transition from deterministic methods to
integrated, uncertainty-aware EO/GIS analytical procedures.

Deterministic Multi-Stakeholder Uncertainty-Aware Spatial MCDA Al-Enhanced
MCDA MCDA MCDA Integration MCDA

— 2

* Developedin
operations research
and decision theory

* Welldefined problems

* Expert-based
preferences

* Linear aggregation

* Limited treatment of
uncertainty

Typical Methods
AHP, TOPSIS,ELECTRE

9 |:=
0-0 i

1970s — 1990s

Increasing complexity
of real- world problems
and stakeholder
involvement

* Problems with multiple * Recognition of * Integration with GIS * Data-rich
objectives uncertainty from data, and Earth Observation environments and big

* Environmental, variability and data EO data
economic and social judgement * Spatially explicit + Integration with
dimensions * Methods to represent decision-making machine learning and

* Multiple stakeholders and propagate * Raster-based analysis data driven modelling
and conflict uncertainty * Large-scale « Adaptive and predictive
preferences * Fuzzy sets, environmental and decision-support

* Greater probabilistic and land-use applications * Uncertainty and spatial
methodological evidential approaches * Applications in cultural heterogeneity explicitly
diversity * More robustdecision heritage vulnerability addressed

processes assessment

Typical Methods Typical Methods Typical Methods

Typical Methods

] 1 I | ! 1 4 \I
| 1 ! Evid 1 ! 1 ! [
Fuzzy , Evidentia AHP-GIS, TOPSIS-GIS, MCDA+ML
| ! 1 ! 1 1
! Aﬁg'oTSEPTSEE'EL;iLiE‘ | b tochastic 1 FuzzyMCDA-GIS, | (RF,SVM,ANN),Deep |
\ ' 1 l 1 { OWA-GIS | \ Learning, Hybrid Fuzzy 1
____________ 7’ [V —— 4 [P ——— 4 - -

1990s — 2000s 2000s —2010s 2010s — Present Future Direction
KEY DRIVERS EVOLUTION

«@l» Growth of data @ Recognition of Advances in GIS Need for more robust,
W aitability and quality () uncertainty, variability @ computing power and adaptive and
= (especially EO and 0O andincomplete modelling transparent decision-

spatial data) (") information technologies support systems

Figure 2. Evolution of MCDA from deterministic methods to integrated EO/GIS-based, uncertainty-
aware, and hybrid decision-support frameworks.
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This development should not be interpreted as a complete replacement of conventional
methods. Rather, it represents a gradual expansion from static, expert-based assessments
toward workflows that can incorporate temporal observations, alternative weighting sce-
narios, uncertainty evaluation, stakeholder preferences, and data-driven evidence.

The reviewed studies show that weighting-based methods remain prominent. Mar-
dani et al. [27] confirm their broad adoption across different application domains, while
Malczewski [50] explains their suitability for GIS-based analysis. Their compatibility
with raster data, transparent structure, and relatively straightforward implementation
partly explain the continued prominence of AHP combined with weighted overlay.
A trade-off emerges across the reviewed literature between methodological simplicity
and analytical robustness. Simpler approaches are easier to implement and communicate,
whereas uncertainty-aware and hybrid methods require additional data, expertise, and
computational resources.

Regarding the research questions, four principal findings emerge. First, MCDA has
evolved from primarily deterministic and expert-based procedures to spatially explicit,
uncertainty-aware, and hybrid approaches. This development is reflected in the spatial
review by Malczewski [50], the uncertainty synthesis by Pelissari et al. [65], and the
data-driven review by Liao et al. [72]. Second, weighting-based approaches, particularly
AHP combined with GIS-based weighted overlay, remain prominent. Mardani et al. [27]
identify their broad adoption, while Dammag et al. [32], Michaelides and Agapiou [42], and
Nicu [43] illustrate their use in heritage-related assessment. Third, recurring methodological
limitations include subjective weighting, compensatory aggregation, limited treatment of
uncertainty, static use of EO indicators, insufficient validation, single-threat analysis, and
incomplete stakeholder participation. Similar concerns are reported by Crowley et al. [6],
Feizizadeh and Blaschke [15], and Bosher et al. [38]. Fourth, integrated workflows can
strengthen cultural heritage risk assessment under multi-threat conditions by combining
GIS-based spatial analysis, repeatable environmental observations from EO, transparent
decision structuring through MCDA, and sensitivity or uncertainty analysis, as illustrated
by Ravankhah et al. [1], Appiotti et al. [28], Borges et al. [29], and Hochrainer-Stigler
et al. [86]. Nevertheless, the appropriate combination depends on the heritage context,
available evidence, intended users, and management decisions.

Potential users include heritage authorities, site managers, municipalities, civil-
protection agencies, conservation professionals, spatial planners, and research institutions.
These users may apply MCDA outputs to identify exposed assets, prioritize inspections
and interventions, compare management alternatives, support preparedness, and allocate
resources. Although open-access EO data and GIS software can reduce financial barriers,
implementation still requires expertise, field validation, stakeholder consultation, data
management, training, and periodic updates. UNESCO guidance [87] also emphasize the
importance of identifying affected heritage values, considering alternatives, and involving
relevant institutions and stakeholders.

Institutional responsibilities and funding determine whether analytical outputs lead to
practical action. A risk map has limited operational value if no organization is responsible
for interpreting it, updating it, or funding the recommended interventions. Implementation
planning should therefore identify the intended users, available resources, data responsi-
bilities, update requirements, and the process for translating priorities into conservation
measures. MCDA outputs should support professional and community judgment rather
than replace it.
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6.2. Future Directions

A persistent issue across heritage studies is the continued reliance on weighting-
based methods, particularly AHP, while alternative decision-analysis techniques receive
comparatively less attention. Although AHP provides a practical and accessible proce-
dure, its repeated use without comparison with alternative methods may oversimplify
interactions among criteria, especially when interdependencies and uncertainty are not
explicitly examined.

The treatment of uncertainty also remains inconsistent across published applications.
Methods including fuzzy MCDA, sensitivity analysis, and evidential reasoning are avail-
able but are not consistently incorporated into heritage-risk workflows. Transferable
techniques from related fields include sampling-based uncertainty propagation, examined
by Hajihassanpour et al. [88], and Bayesian inference, used by Tomar et al. [89] to update
damage and restoration forecasts as new evidence becomes available.

EO-derived indicators are similarly underused for temporal analysis. Although remote
sensing data are increasingly incorporated into risk assessment, they are often represented
as static environmental layers. Van Westen [90] demonstrates the broader contribution of
remote sensing and GIS to natural-hazard assessment, while Stewart et al. [91] show how
MCDA can be combined with scenario planning. These approaches enable the integration
of EO time series, scenario analysis, and historical event inventories, allowing heritage-risk
assessments to be updated as conditions change.

The representation of stakeholder perspectives and intangible cultural values remains
another challenge. Participation is often limited to criteria selection or weighting rather
than being incorporated throughout the assessment. Arrighi et al. [92], for example,
demonstrate how social value and participatory processes can help prioritize cultural
heritage risks. Future workflows should therefore involve stakeholders in defining the
problem, interpreting the results, and evaluating possible interventions.

Multi-threat assessment also requires further development. Cultural heritage may be
affected simultaneously by floods, landslides, coastal erosion, wildfire, climate variability,
and human pressures, but these threats are often assessed separately. Bhunia and Shit [93]
demonstrate the contribution of geospatial technologies to multi-hazard assessment, while
Ward et al. [94] emphasize the need for broader pathways linking multi-hazard analysis to
disaster risk management.

More standardized and transparent workflows are also needed. These should docu-
ment data sources, preprocessing, criterion selection, weighting, aggregation, uncertainty
analysis, validation, and updating procedures. Update schedules should align with the
rate of change of the monitored process and the intended management purpose. Near-
real-time processing is most relevant for rapidly changing conditions and post-event
assessment, whereas relatively stable variables, such as terrain and geology, may require
less frequent revision. More dynamic indicators, including vegetation, moisture, shore-
line position, ground deformation, and damage, may require seasonal or event-driven
updates [23,29,30].

Hybrid approaches combining MCDA, EO, uncertainty analysis, and machine learn-
ing offer opportunities for more adaptive assessment. However, greater methodological
complexity does not automatically produce better decisions. Liao et al. [72] emphasize the
predictive potential of data-driven methods, while Bakhtiari et al. [95] demonstrate the
potential of dynamic Bayesian networks for temporal multi-hazard assessment. The value
of such approaches should be demonstrated through transparent validation and sensitivity
analysis rather than assumed from their complexity. Table 10 summarises the principal
methodological gaps and corresponding research priorities.
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Table 10. Methodological gaps in MCDA applications for cultural heritage assessment and future
research directions.

Identified Gap Potential Effect Current Situation Possible Direction

Limited representation of Predominant reliance on

. . o . S Hybrid weighting approach
interactions among criteria expert-derived weighting y 18 & approaches

Heavy reliance on AHP

Fuzzy MCDA, sensitivity
analysis, and Monte Carlo
simulation

Reduced confidence in output ~ Uncertainty is not consistently

Limi .
imited uncertainty treatment robustness evaluated

EO-derived indicators are

Predominantly static use of Limited representation of often represented as fixed EO time series and change
EO indicators change over time p layers detection
Single threat Missed hazard interactions Hazards are generally .
. 1ti-th f
assessments and cascading effects evaluated separately Multi-threat frameworks
Limited participatory Incomplete representation of iiil;fi};?eljif)lgijti trllz f:lr;iifoliy Stakeholder involvement
methods social and intangible values N throughout the assessment
or weighting
Limited use of irical Hlstor}cal exlfents ar(; not Historical-event inventories
hi ical Reduced empirical support consistently used for P li . lidati
istorical event data ) . . or calibration and validation
calibration or validation
Fragmented hybrid Low Hybrid methods generally Standardized reporting and
methods reproducibility follow case-specific workflows validation workflows

7. Conclusions

This review examined the evolution, application domains, and methodological chal-
lenges of MCDA in geospatial decision analysis, with particular attention to cultural
heritage risk assessment using GIS and EO data. MCDA provides a structured approach to
integrating heterogeneous datasets, environmental indicators, expert knowledge, stake-
holder priorities, and qualitative information. When combined with GIS, it enables spatially
explicit assessment, while EO data provide repeatable observations of environmental con-
ditions and landscape change.

The analysis also indicates clear methodological patterns. Weighting-based methods,
particularly AHP combined with GIS overlay procedures, remain prominent because of
their accessibility, interpretability, and compatibility with raster data. However, extensive
reliance on these approaches may oversimplify interactions among criteria and provide
limited treatment of uncertainty. Temporal EO information, multi-threat interactions, vali-
dation, stakeholder perspectives, and intangible cultural values also remain insufficiently
represented in many heritage applications. Hybrid and data-driven approaches can expand
analytical capabilities, but greater complexity does not automatically produce more reliable
or operationally useful results. Consequently, no single MCDA method is appropriate for
every heritage context.

The reviewed applications are principally documented in academic studies, research
projects, and decision-support frameworks. Their intended or potential users include
heritage authorities, site managers, municipalities, civil protection agencies, conservation
professionals, spatial planners, and research institutions. Potential uses include identifying
exposed heritage assets, prioritizing inspections and interventions, comparing management
alternatives, and supporting preparedness and resource allocation. Regional GIS-based
models can identify broader spatial priorities, whereas detailed asset-level models can in-
corporate structural condition, cultural significance, and management requirements. These
applications should therefore be considered complementary rather than interchangeable.

The findings suggest that progress in cultural heritage risk assessment may depend less
on adding new analytical methods than on appropriately selecting and combining existing
approaches. More useful workflows will integrate temporal EO information, uncertainty
and sensitivity analyses, multi-threat relationships, validation, and stakeholder knowledge
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according to the decision context. Operational implementation also requires clearly defined
institutional responsibilities, appropriate expertise and resources, and update schedules
commensurate with the monitored threats. MCDA, GIS, and EO should therefore be treated
as decision-support tools that complement professional expertise, institutional knowledge,
and community judgment.
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MAUT Multi-Attribute Utility Theory
MCDA Multi-Criteria Decision Analysis

ML Machine Learning

OWA Ordered Weighted Averaging
PCA Principal Component Analysis

RF Random Forest

SAW Simple Additive Weighting

SCP Spatial Compromise Programming

SMART Simple Multi-Attribute Rating Technique

SMCA Spatial Monte Carlo Analysis

SVM Support Vector Machines

TOPSIS Technique for Order Preference by Similarity to Ideal Solution
UNESCO  United Nations Educational, Scientific and Cultural Organization
WLC Weighted Linear Combination
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