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Abstract

Industrial legacy sites present persistent environmental and public health challenges due to
heterogeneous contamination, fragmented historical records, and competing remediation
priorities. Decision-makers often face difficulties in allocating limited resources effectively
across complex spatial contexts characterized by uncertainty, multiple stakeholders, and
interacting risk pathways. This study proposes a Geospatial Decision-Support System (GDSS)
designed to prioritize environmental interventions in complex industrial legacy sites by
integrating spatial analytics, multi-criteria decision analysis, and risk-based assessment within
a unified computational framework. The proposed system synthesizes geospatial datasets
including land use history, contaminant distribution, hydrogeological conditions, population
vulnerability, ecological receptors, and infrastructure constraints to generate transparent,
evidence-based prioritization outputs. A modular architecture is adopted, enabling flexible data
ingestion, scenario testing, and iterative updating as new information becomes available. Spatial
weighting and normalization techniques are combined with expert-informed criteria scoring to
capture both quantitative indicators and contextual knowledge that are often excluded from
conventional remediation planning tools. The GDSS incorporates uncertainty handling through
sensitivity analysis and probabilistic overlays, allowing users to examine how data gaps and
assumption variability influence intervention rankings. Visualization dashboards translate
complex analytical results into intuitive maps and decision matrices that support stakeholder
communication and regulatory engagement. The framework is particularly suited to data-limited
environments where monitoring coverage is uneven and historical contamination patterns are
poorly constrained. By explicitly linking spatial risk profiles to intervention feasibility and
potential impact, the system supports strategic sequencing of remediation actions, optimization
of monitoring investments, and alignment with sustainability and land-reuse objectives. A
conceptual application demonstrates how the GDSS can differentiate high-priority zones
requiring immediate intervention from areas suitable for long-term management or
redevelopment planning. The study contributes a scalable and adaptable decision-support
approach that enhances transparency, consistency, and accountability in environmental
management of industrial legacy sites. Overall, the proposed GDSS advances geospatially
informed environmental governance by enabling more rational, defensible, and impact-oriented
prioritization of interventions under conditions of complexity and uncertainty. Its design
supports integration with policy frameworks, community engagement processes, and adaptive
management strategies, ensuring that remediation decisions remain responsive to evolving
environmental conditions, regulatory expectations, and socio-economic development goals over
extended project lifecycles. Globally applicable.
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1. Introduction

Industrial legacy sites represent one of the most persistent and complex environmental management challenges worldwide. These
sites, shaped by decades of industrial activity such as mining, manufacturing, chemical processing, and waste disposal, are often
characterized by diffuse contamination, overlapping pollution sources, and long-term ecological and human health risks. The
environmental burden associated with such sites is compounded by fragmented historical records, evolving land-use patterns,
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and regulatory pressures to balance remediation with socio-
economic redevelopment. Decision-makers are frequently
confronted with competing intervention needs across
spatially heterogeneous landscapes, where limited financial
and technical resources must be allocated in a manner that
maximizes risk reduction and long-term sustainability
(Afolabi, et al., 2020, Bankole, Nwokediegwu & Okiye,
2020).

Traditional approaches to environmental intervention
planning at industrial legacy sites have often relied on site-
by-site assessments or isolated risk metrics, which
inadequately capture spatial interactions and cumulative
impacts. These methods can struggle to address
interconnected contamination pathways, variable exposure
scenarios, and differing levels of community vulnerability
within and across sites. As a result, intervention prioritization
may become reactive, opaque, or misaligned with broader
environmental and development objectives. The increasing
complexity of legacy site management therefore demands
more integrative, transparent, and defensible decision-
support approaches that can synthesize diverse data sources
and support strategic planning under uncertainty (Fasasi, et
al., 2020, Giwah, et al., 2020).

Geospatially driven decision-support systems offer a
compelling response to these challenges by embedding
spatial intelligence at the core of environmental
prioritization. Advances in geographic information systems,
spatial analytics, and decision science now enable the
integration of environmental, hydrogeological, socio-
economic, and infrastructural data within a single analytical
environment. By explicitly representing spatial relationships
and variability, geospatial decision-support systems facilitate
more nuanced understanding of risk distribution, intervention
feasibility, and potential downstream effects. These systems
also enhance communication among regulators, technical
experts, and stakeholders through visual outputs that translate
complex analyses into accessible decision-relevant insights
(Fasasi & Ekechi, 2020, Lawoyin, Nwokediegwu & Gbabo,
2020).

The objective of this study is to develop and articulate a
Geospatial Decision-Support System for prioritizing
environmental interventions in complex industrial legacy
sites. The proposed framework is designed to support
evidence-based ranking of intervention zones by integrating
spatial risk indicators, multi-criteria decision analysis, and
uncertainty considerations within a coherent structure. The
scope of the study encompasses conceptual system design,
data integration logic, and decision-support functionality
applicable to data-rich and data-limited contexts alike. By
advancing a geospatially informed approach to intervention
prioritization, this work seeks to contribute to more effective,
transparent, and adaptive environmental governance in
industrial legacy landscapes (Fasasi, et al., 2020, Lawoyin,
Nwokediegwu & Gbabo, 2020).

2. Methodology

The methodology adopted a design-science and evidence-
synthesis approach to develop and demonstrate a Geospatial
Decision-Support ~ System  (GDSS) for  prioritizing
environmental interventions in complex industrial legacy
sites. The process began with problem scoping and boundary
definition, where the legacy site extent, decision objectives,
regulatory constraints, and priority receptors (human and
ecological) were specified to frame the decision context. To
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ensure that system criteria were defensible and aligned with
established scientific practice, an evidence synthesis
procedure was applied, drawing on systematic review logic
used in process-technology selection studies to build a
criteria and indicators library that is auditable and reusable
(Afolabi et al., 2020a; Afolabi et al., 2020b). This library was
complemented with stakeholder and expert elicitation to
reflect local context, consistent with participatory planning
support principles for complex environments (Van
Cauwenbergh et al., 2018).

A multi-source data acquisition strategy was then
implemented to populate the GDSS. Geospatial inputs
included base maps, land-use/land-cover, digital elevation
models, drainage networks, infrastructure, and parcel
boundaries.  Environmental inputs included soil,
groundwater, surface-water and sediment quality results,
monitoring time series where available, and pathway-
relevant parameters; remote sensing and in-situ monitoring
concepts were incorporated to support scalable observation in
data-limited contexts (Andres et al., 2018). Socio-economic
inputs included population density, sensitive receptors
(schools and healthcare), vulnerability proxies, and
redevelopment constraints, reflecting the need to integrate
human exposure and equity considerations with technical
risk. Data governance and access control requirements were
documented to maintain integrity and reduce misuse of
sensitive location information, consistent with metadata-
driven control principles in high-risk analytics contexts
(Olatunde-Thorpe et al., 2020).

All datasets underwent preprocessing and harmonization.
Quality assurance checks were applied to detect missing
values, inconsistent units, duplicates, and outliers. Spatial
layers were transformed into a common coordinate reference
system, resampled to an agreed analysis resolution, and
aligned to a shared spatial unit (grid cells, parcels, or hybrid
management zones). Variables were standardized and
normalized to enable comparability across different units and
magnitudes, preparing inputs for multi-criteria evaluation.
Where monitoring data were sparse, spatial estimation was
performed using interpolation and/or machine-learning risk
mapping concepts that have proven effective for groundwater
contamination risk and nitrate prediction, including ensemble
approaches where appropriate (Barzegar et al., 2018; Ransom
etal., 2017). The modeling workflow supported both intrinsic
vulnerability representation and site-specific stressors, with
geospatial overlays used to integrate contamination sources,
transport corridors, exposure opportunities, and receptor
distributions.

Indicator construction followed a risk-chain structure.
Contamination  indicators summarized concentration
exceedance, mixture burden, and persistence/mobility
potential. Exposure indicators represented pathway
connectivity and receptor proximity, including land-use-
informed exposure likelihood and vapor/indoor-air
sensitivity proxies where applicable to legacy urban settings
(Turczynowicz et al., 2012; Levy, 2013). Vulnerability
indicators captured population susceptibility and sensitivity
of critical facilities, informed by environmental assessment
considerations around schools near former industrial
facilities (Derycke et al., 2018). Feasibility indicators
represented access constraints, infrastructure conflicts, land-
use restrictions, and implementation practicality.
Prioritization used GIS-based Multi-Criteria Decision
Analysis (MCDA) as the core decision algorithm, consistent
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with established GIS-MCDA approaches for spatial site
decision problems (Rikalovic et al., 2014) and remediation
technology/strategy evaluation using fuzzy MCDA when
ambiguity and linguistic judgments were unavoidable (Wang
et al., 2017). A hybrid decision engine was implemented: (i)
weighted linear combination for transparent baseline ranking,
(ii) Analytic Hierarchy Process (AHP) for structured weight
elicitation where stakeholders could provide pairwise
preferences, and (iii) fuzzy membership functions to convert
qualitative judgments (e.g., “high feasibility,” “moderate
vulnerability”) into numeric comparators where crisp
thresholds would be misleading. The system produced a
composite priority index per spatial unit and generated
decision matrices showing criterion contributions to each
rank, supporting explainability and auditability.

Uncertainty handling was embedded throughout. Data gaps
were represented using confidence scores and missingness
flags, while uncertain inputs were propagated using scenario
analysis and Monte Carlo sampling of key parameters and
weights. Sensitivity testing included one-at-a-time and global
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perturbation of criterion weights, alternative normalization
schemes, and alternative spatial estimation models to
evaluate ranking stability and identify “high-confidence”
priority zones versus “data-sensitive” zones requiring more
sampling. This is consistent with multi-model thinking in
environmental prediction and the need to test robustness
under competing assumptions (Perra et al., 2018; Karpatne et
al., 2018).

Finally, the GDSS outputs were operationalized through map
products, dashboards, and decision matrices that support
regulatory review and participatory communication.
Validation proceeded through triangulation: comparison with
known hotspots, targeted field verification, and
expert/regulator review, followed by iterative refinement of
criteria weights and data inputs. The workflow was designed
for integration into remediation planning, sequencing, and
adaptive monitoring cycles, enabling periodic updates as new
in-situ or remote sensing observations become available
(Andres et al., 2018) and ensuring the GDSS remains a living
tool rather than a one-off assessment.
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Fig 1: Flowchart of the study methodology

3. Context and Complexity of Industrial Legacy Sites

Industrial legacy sites are the cumulative outcome of
prolonged industrial activities whose environmental
footprints persist long after operations have ceased or
transformed. These sites are typically associated with sectors
such as mining, petrochemicals, metallurgy, manufacturing,
power generation, waste disposal, and heavy engineering, all
of which historically operated under regulatory regimes that
placed limited emphasis on environmental protection. As a
result, legacy contamination is often deeply embedded within
soil, groundwater, surface water, sediments, and built
infrastructure, creating complex risk profiles that challenge

conventional environmental management approaches.
Understanding the context and complexity of these sites is
fundamental to the design and application of a geospatial
decision-support ~ system  capable  of  prioritizing
environmental interventions in a defensible and effective
manner (Ike, et al., 2018).

The types and sources of legacy industrial contamination are
highly diverse and site-specific, reflecting the nature of past
industrial processes, materials handled, and waste
management practices. Common contaminants include heavy
metals such as lead, mercury, cadmium, and arsenic
originating from  smelting, mining, and battery
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manufacturing; hydrocarbons and polycyclic aromatic
hydrocarbons associated with petroleum refining, fuel
storage, and gasworks; chlorinated solvents from degreasing
and chemical processing; persistent organic pollutants such
as polychlorinated biphenyls and dioxins; and a wide range
of emerging contaminants linked to historical industrial
formulations. These substances may exist in multiple
environmental media simultaneously, interacting through
complex transport pathways such as leaching, volatilization,
erosion, and bioaccumulation (Nwokediegwu, Bankole &
Okiye, 2019, Oshoba, Hammed & Odejobi, 2019). In many
cases, contamination sources overlap spatially and
temporally, making it difficult to isolate individual
contributors or attribute observed impacts to specific
historical activities. This multiplicity of contaminant types
and sources complicates risk assessment and demands an
integrative analytical perspective that can account for
cumulative and synergistic effects.

Spatial heterogeneity is a defining characteristic of industrial
legacy sites and represents one of the greatest challenges for
environmental  intervention  planning.  Contaminant
concentrations often vary significantly over short distances
due to localized disposal practices, preferential flow paths,
variable soil properties, and structural remnants such as
buried foundations, pipelines, and waste pits. Vertical
heterogeneity is equally important, with contamination
distributed unevenly across soil horizons and aquifer layers.
This spatial complexity is frequently exacerbated by
incomplete or inconsistent historical data, as records of
industrial operations, waste disposal locations, and chemical
usage may be missing, inaccurate, or inaccessible. Many
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legacy sites predate modern environmental monitoring
requirements, resulting in significant uncertainty regarding
the extent, magnitude, and evolution of contamination (Fasasi
& Ekechi, 2020, Giwah, et al., 2020). Even where monitoring
data exist, they are often sparse, unevenly distributed, or
collected wusing outdated methodologies that limit
comparability. Such uncertainty undermines confidence in
traditional point-based assessments and highlights the need
for spatially explicit tools capable of synthesizing fragmented
information while explicitly representing data gaps and
variability.

The uncertainty associated with historical data is not solely
technical but also epistemic, arising from incomplete
knowledge about past industrial behaviors and environmental
processes. Changes in site ownership, corporate
restructuring, and the passage of time further complicate
efforts to reconstruct contamination histories. Natural
attenuation processes, remedial actions undertaken without
comprehensive documentation, and land-use changes can
obscure original contamination patterns, making it difficult to
distinguish legacy impacts from more recent disturbances. In
this context, decision-makers are often required to act under
conditions of imperfect information, balancing precautionary
principles against economic and practical considerations
(Olatunde-Thorpe, et al., 2020, Oshoba, et al., 2020). A
geospatial decision-support system must therefore be capable
of incorporating uncertainty as an explicit dimension of
analysis rather than treating it as an external limitation.
Figure 2 shows the interaction between the GIS, Planning
Process and Decision Support System presented by Sultani,
Soliman & Al-Hagla, 2009.
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Fig 2: The interaction between the GIS, Planning Process and Decision Support System (Sultani, Soliman & Al-Hagla, 2009).
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Regulatory frameworks add another layer of complexity to
industrial legacy site management. Environmental
regulations governing contaminated land, water quality,
waste management, and human health protection vary across
jurisdictions and have evolved significantly over time.
Legacy sites may be subject to overlapping regulatory
regimes, including national environmental protection laws,
regional planning policies, and sector-specific guidelines.
Compliance requirements can differ depending on current
and intended land use, such as residential redevelopment,
industrial reuse, or ecological restoration. Regulatory
thresholds for contaminants may be revised as scientific
understanding advances, altering risk classifications and
intervention priorities (Aifuwa, et al., 2020, Bankole,
Nwokediegwu & Okiye, 2020). Furthermore, liability
considerations often influence decision-making, particularly
where responsibility for historical contamination is disputed
or shared among multiple parties. These regulatory dynamics
necessitate decision-support tools that can accommodate
changing standards and support transparent justification of
prioritization decisions in regulatory and legal contexts.

Social dimensions are equally critical in shaping the
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complexity of industrial legacy sites. Many such sites are
located in or near communities that have experienced long-
term exposure to environmental hazards, often coinciding
with broader patterns of social and economic disadvantage.
Community perceptions of risk, trust in institutions, and
expectations  regarding remediation outcomes can
significantly influence intervention priorities and acceptance
of proposed actions. Stakeholder interests may diverge, with
residents prioritizing health protection, local authorities
focusing on redevelopment and economic revitalization, and
regulators emphasizing compliance and risk reduction
(Faseemo, et al., 2009). Historical injustices associated with
industrial pollution can heighten sensitivities and demand
more inclusive, participatory approaches to decision-making.
A geospatial decision-support system must therefore support
not only technical analysis but also communication and
engagement, enabling stakeholders to understand spatial risk
patterns and the rationale behind intervention choices. Figure
3 shows architecture of the spatial decision support system
(SDSS) presented by Van Cauwenbergh, Ciuré & Ahlers,
2018.

DESIGH OF 5D55 AMD ALTERMATIVES

Participation in decision-making process

EVALUATION WORKSHOP

GI5 Database

Water management alternatives

Mathematical models

Socioeconomic and environmental indicators

Multlicriteria analysis

Choice of adequate alternatives/measures

Fig 3: Architecture of the spatial decision support system (SDSS) (Van Cauwenbergh, Ciurd & Ahlers, 2018).

Land-use constraints further complicate environmental
intervention planning at industrial legacy sites. Many sites
occupy strategically valuable locations in urban or peri-urban
areas, creating pressure to balance remediation with
redevelopment objectives. Existing infrastructure, property
boundaries, and ongoing activities may limit access for
investigation or remediation, constraining the range of
feasible interventions. In some cases, partial redevelopment
has already occurred, resulting in mixed land uses that
impose different protection goals and exposure scenarios
within the same site. Ecologically sensitive areas, cultural
heritage assets, and critical infrastructure may coexist with
contaminated zones, requiring careful spatial prioritization to
avoid unintended consequences (Hammed, Oshoba &
Ahmed, 2019, Sanusi, et al., 2019). These land-use

complexities reinforce the importance of spatially informed
decision-making that can evaluate trade-offs and identify
intervention strategies aligned with broader planning
objectives.

Taken together, the context and complexity of industrial
legacy sites reflect the interplay of diverse contamination
sources, spatial heterogeneity, data uncertainty, regulatory
obligations, social considerations, and land-use dynamics.
These factors interact in ways that challenge linear or purely
technical approaches to environmental intervention planning.
A geospatial decision-support system offers a structured
means of addressing this complexity by integrating spatial
data, risk indicators, and contextual constraints into a
coherent analytical framework. By grounding prioritization
decisions in an explicit understanding of site context and
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complexity, such systems can support more equitable,
transparent, and effective environmental management of
industrial legacy landscapes.

4. Geospatial Decision-Support System Conceptual Design

The conceptual design of a Geospatial Decision-Support
System (GDSS) for prioritizing environmental interventions
in complex industrial legacy sites is founded on the need to
manage spatially distributed risks, fragmented datasets, and
competing decision objectives within a coherent and
transparent analytical environment. Such a system must
move beyond conventional mapping tools to function as an
integrated decision platform that supports evidence-based
prioritization under conditions of uncertainty. At its core, the
GDSS is conceived as a modular, layered architecture in
which data acquisition, analytical processing, decision logic,
and user interaction are functionally distinct yet tightly
interconnected. This design philosophy enables systematic
handling of complexity while preserving flexibility for site-
specific adaptation and future enhancement (Fasasi,
Adebowale & Nwokediegwu, 2019, Owulade, et al., 2019).

The overall system architecture typically comprises four
interrelated layers: a data layer, an analytical layer, a
decision-support layer, and a visualization and interaction
layer. The data layer serves as the foundation of the system,
responsible for ingesting and managing diverse spatial and
non-spatial datasets relevant to industrial legacy sites. These
may include geospatial information on soil and groundwater
contamination, hydrogeological conditions, land use and
zoning, infrastructure networks, ecological receptors,
demographic vulnerability, and regulatory boundaries. Data
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from multiple sources are standardized, georeferenced, and
stored within a spatial database designed to accommodate
varying levels of resolution and quality. Metadata
management is an essential component of this layer, ensuring
transparency regarding data provenance, uncertainty, and
temporal relevance (Ahmed, Odejobi & Oshoba, 2020,
Giwah, et al., 2020). By structuring data in a flexible yet
rigorous manner, the GDSS establishes a reliable basis for
subsequent analysis and decision-making.

Building upon this foundation, the analytical layer performs
spatial processing and modeling functions that transform raw
data into meaningful indicators of environmental risk and
intervention relevance. Spatial analysis techniques such as
overlay analysis, interpolation, buffering, and network
analysis are employed to represent contaminant distributions,
exposure pathways, and spatial relationships among
environmental and socio-economic variables (Gober &
Kirkwood, 2010, Mark, et al., 2010). This layer may also
incorporate process-based or statistical models to simulate
contaminant transport, assess exposure scenarios, or estimate
ecological and human health impacts. Importantly, the
analytical layer is designed to accommodate data uncertainty
and heterogeneity, allowing for the incorporation of
probabilistic representations, sensitivity analyses, and
scenario testing (Bayeroju, et al., 2019, Fasasi, et al., 2019).
Rather than producing a single deterministic outcome, the
system supports exploration of alternative assumptions and
data configurations, reflecting the realities of decision-
making in complex industrial legacy contexts. Figure 4 shows
GIS approach in spatial decision making for industrial site
selection presented by Rikalovic, Cosic & Lazarevic, 2014.

GIS APPROACH IN
SPATIAL DECISION MAKING
FOR INDUSTRIAL SITE SELECTION
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Fig 4: GIS approach in spatial decision making for industrial site selection (Rikalovic, Cosic & Lazarevic, 2014).

The decision-support layer represents the core innovation of
the GDSS by linking spatial analysis outputs to structured
decision logic. This layer integrates multi-criteria decision
analysis techniques to evaluate and rank intervention options

or spatial units based on a set of defined criteria. Criteria may
include contamination severity, exposure potential,
population vulnerability, ecological sensitivity, technical
feasibility, cost considerations, and alignment with
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regulatory or land-use objectives. Each criterion is
operationalized through spatial indicators derived from the
analytical layer and normalized to enable comparison across
heterogeneous dimensions. Weighting schemes, informed by
expert judgment, stakeholder input, or policy priorities, are
applied to reflect the relative importance of different criteria
(Afolabi, et al., 2020, Fasasi, et al., 2020). The aggregation
of weighted criteria yields composite prioritization scores
that provide a transparent basis for comparing intervention
needs across complex spatial landscapes. By embedding
decision logic within the geospatial framework, the GDSS
ensures that prioritization outcomes are directly traceable to
underlying data and assumptions.

The integration of spatial analysis and decision-support logic
is a defining feature of the conceptual design, distinguishing
the GDSS from conventional geographic information
systems or standalone decision models. Rather than treating
spatial analysis and decision-making as sequential or separate
processes, the system is designed to support iterative
interaction between these components. Decision-makers can
adjust criteria weights, modify thresholds, or explore
alternative scenarios and immediately observe the spatial
implications of these changes (Langat, Kumar & Koech,
2017, Nashwan, et al., 2018). This dynamic feedback loop
enhances learning and supports more informed deliberation,
particularly in settings where trade-offs among competing
objectives are unavoidable. The close coupling of spatial and
decision-support functions also facilitates communication
among interdisciplinary teams, enabling technical experts,
planners, and regulators to engage with the same analytical
outputs while interpreting them through their respective
perspectives (Ahmed, Odejobi & Oshoba, 2019,
Nwokediegwu, Bankole & Okiye, 2019).

Scalability is a critical consideration in the conceptual design
of a GDSS intended for application across diverse industrial
legacy sites. The system must be capable of functioning at
multiple spatial scales, from localized site assessments to
regional or national prioritization exercises. This is achieved
through a modular design that allows components to be
activated or simplified depending on data availability and
decision context. For small or data-limited sites, the system
may rely on a reduced set of indicators and coarser spatial
resolution, while larger or better-characterized sites can
support more detailed analyses and complex modeling. The
use of standardized data structures and interoperable formats
facilitates integration with external datasets and platforms,
enabling the GDSS to evolve alongside advances in
monitoring technologies and data collection practices
(Hanson, et al., 2012, Wagesho, 2014).

Adaptability to different site conditions is equally central to
the system’s conceptual design. Industrial legacy sites vary
widely in their contamination profiles, regulatory contexts,
stakeholder landscapes, and redevelopment trajectories. The
GDSS is therefore designed as a configurable framework
rather than a rigid template, allowing users to customize
criteria sets, weighting schemes, and analytical methods to
reflect site-specific priorities and constraints. This
adaptability is further supported by the system’s capacity to
incorporate new data, update models, and revise decision
logic as conditions change or additional information becomes
available. Such adaptability aligns with principles of adaptive
management, recognizing that environmental intervention
planning is an ongoing process rather than a one-time
exercise (Awe, Akpan & Adekoya, 2017, Osabuohien, 2017).
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In sum, the conceptual design of a Geospatial Decision-
Support System for prioritizing environmental interventions
in complex industrial legacy sites emphasizes integration,
transparency, and flexibility. By combining a robust system
architecture with tightly coupled spatial analysis and
decision-support logic, the GDSS provides a structured yet
adaptable platform for navigating the multifaceted challenges
of legacy site management. Its scalable and configurable
design ensures relevance across a wide range of contexts,
supporting more rational, defensible, and responsive
environmental decision-making in the face of complexity and
uncertainty (Leibowitz, et al., 2014, Ribeiro Neto, et al.,
2014).

5. Data Sources, Integration, and Spatial Modeling
Framework

The effectiveness of a Geospatial Decision-Support System
for prioritizing environmental interventions in complex
industrial legacy sites is fundamentally dependent on the
quality, diversity, and integration of the data that underpin its
analytical processes. Industrial legacy sites are shaped by
long and often fragmented histories of land use,
contamination, and socio-economic transformation, requiring
a data framework capable of capturing both environmental
processes and human dimensions in a spatially explicit
manner. The data sources and integration strategy therefore
form the backbone of the decision-support system, enabling
the translation of heterogeneous information into coherent
spatial insights that inform prioritization decisions (Akpan,
Awe & ldowu, 2019, Ogundipe, et al., 2019).

Geospatial data inputs provide the spatial reference
framework within which all other information is organized
and analyzed. These typically include high-resolution base
maps, topography and digital elevation models, cadastral
boundaries, infrastructure networks, hydrological features,
and land-use and land-cover datasets. Such geospatial layers
define the physical context of industrial legacy sites and
support the delineation of analysis units such as grids,
parcels, or management zones. Environmental data inputs
capture the nature and extent of contamination and associated
risks, encompassing soil and groundwater contaminant
concentrations, surface water quality indicators, sediment
contamination, air quality measurements, and ecological
receptor distributions (Awe & Akpan, 2017). These data may
be derived from field sampling campaigns, historical
monitoring records, remote sensing products, or regulatory
databases. Socio-economic data inputs add a critical human
dimension to the analysis, incorporating information on
population density, demographic vulnerability, sensitive land
uses such as schools or healthcare facilities, economic
activity, and redevelopment potential. Together, these
geospatial, environmental, and socio-economic datasets
enable a multidimensional representation of risk and
opportunity across industrial legacy landscapes (Nelitz,
Boardley & Smith, 2013, Perra, et al., 2018).

The integration of such diverse data sources presents
significant challenges, as datasets often differ in format,
scale, resolution, temporal coverage, and quality. Data
preprocessing is therefore a crucial step in the spatial
modeling framework, aimed at transforming raw inputs into
analytically compatible forms. This process typically begins
with data cleaning to address missing values, inconsistencies,
and errors that may arise from measurement limitations or
historical record gaps. Environmental datasets may require

202|Page


http://www.multidisciplinaryfrontiers.com/

Journal of Frontiers in Multidisciplinary Research

outlier analysis to distinguish true contamination hotspots
from anomalous measurements, while socio-economic data
may need adjustment to reflect current conditions or align
with spatial units of analysis (Akpan, et al., 2017, Oni, et al.,
2018). The explicit documentation of data uncertainty during
preprocessing is essential, as it informs subsequent modeling
and decision-support stages.

Standardization is another key component of data integration,
ensuring that disparate datasets can be meaningfully
compared and combined. Spatial standardization involves
transforming all datasets into a common coordinate reference
system and spatial resolution, enabling accurate overlay and
spatial analysis. Attribute standardization addresses
differences in measurement units, value ranges, and data
scales across variables. For example, contaminant
concentrations, population density, and land-use suitability
scores may be normalized using statistical or rule-based
methods to produce dimensionless indicators suitable for
multi-criteria analysis. Temporal standardization may also be
required, particularly where datasets span different periods or
reflect changing site conditions (Akomea-Agyin & Asante,
2019, Awe, 2017, Osabuohien, 2019). By systematically
standardizing data inputs, the decision-support system
establishes a consistent analytical foundation that supports
transparent and reproducible prioritization outcomes.

Spatial alignment is closely related to standardization and
involves the harmonization of data layers to a common spatial
framework. This may entail resampling raster datasets,
aggregating or disaggregating vector data, and reconciling
mismatches between administrative boundaries and
environmental features. The choice of spatial unit is a critical
design decision, influencing both analytical resolution and
computational efficiency. Grid-based approaches offer
uniform coverage and are well-suited to continuous
environmental variables, while parcel-based or zone-based
units may better reflect regulatory or land-use considerations
(Viviroli, et al., 2011, Watts, et al., 2015). In many cases, a
hybrid approach is adopted, allowing the system to operate
across multiple spatial representations depending on the
decision context. Accurate spatial alignment ensures that
interactions among data layers are correctly represented,
minimizing analytical artifacts and enhancing the reliability
of model outputs.

Once data inputs are preprocessed, standardized, and aligned,
the spatial modeling framework governs how these layers
interact to generate decision-relevant indicators. Spatial
modeling in the GDSS is designed to capture the relationships
among contamination sources, environmental pathways, and
receptors within a spatially explicit context. Overlay analysis
is a foundational mechanism, enabling the combination of
multiple layers to identify areas of co-occurring risk factors,
such as high contaminant concentrations overlapping with
vulnerable populations or sensitive ecosystems (Edwards, et
al., 2012, Green, 2016). Proximity and buffering analyses are
used to represent exposure pathways and influence zones,
while interpolation methods support the estimation of
contaminant distributions in areas with sparse monitoring
data. Where appropriate, network-based models may be
applied to represent contaminant transport through surface
water systems or infrastructure corridors.

Layer interaction mechanisms extend beyond simple
overlays to incorporate weighted combinations and
conditional logic that reflect decision criteria. For example,
contaminant severity layers may be weighted more heavily in
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areas designated for residential redevelopment, while
ecological sensitivity may dominate prioritization in
conservation zones. Conditional rules can be applied to
exclude or flag areas where interventions are technically
infeasible or restricted by regulatory constraints. The
modeling framework may also support scenario analysis,
allowing users to explore how changes in land use, regulatory
thresholds, or remediation assumptions affect spatial
prioritization outcomes. Such mechanisms enable the GDSS
to function as an exploratory as well as evaluative tool,
supporting adaptive decision-making under uncertainty
(Field, 2012, McMillan, et al., 2016).

Uncertainty is an inherent feature of spatial modeling at
industrial legacy sites and is explicitly addressed within the
framework through sensitivity analysis and probabilistic
representations. Alternative data assumptions, weighting
schemes, or model parameters can be tested to assess their
influence on prioritization results, providing insight into the
robustness of decision-support outputs. This capacity to
examine uncertainty strengthens the credibility of the system
and supports more informed risk communication with
stakeholders and regulators (Hubbard, et al., 2018, Singh, van
Werkhoven & Wagener, 2014).

In summary, the data sources, integration processes, and
spatial modeling framework of a Geospatial Decision-
Support System form an interconnected foundation that
enables  effective  prioritization  of  environmental
interventions in complex industrial legacy sites. By
systematically integrating geospatial, environmental, and
socio-economic data through rigorous preprocessing,
standardization, and spatial alignment, the system transforms
fragmented information into coherent spatial representations
of risk and opportunity. The spatial modeling and layer
interaction mechanisms then translate these representations
into decision-relevant insights, supporting transparent,
adaptable, and defensible environmental management
strategies in challenging legacy contexts.

6. Environmental Risk Indicators and Prioritization
Criteria

Environmental risk indicators and prioritization criteria
constitute the analytical core of a Geospatial Decision-
Support  System designed to guide environmental
interventions in complex industrial legacy sites. These
indicators translate heterogeneous environmental, social, and
technical information into structured metrics that can be
compared, combined, and interpreted within a spatial
decision-making context. Given the multifaceted nature of
industrial legacy contamination, the careful selection and
operationalization of indicators are essential to ensure that
prioritization outcomes reflect real-world risks, management
objectives, and contextual constraints rather than arbitrary or
overly simplified measures (Furniss, 2011, Handmer, et al.,
2012).

The selection of contamination indicators is typically
grounded in an understanding of the types, concentrations,
and spatial distributions of pollutants associated with
historical industrial activities. Indicators may represent
individual contaminants of concern, such as heavy metals,
hydrocarbons, or chlorinated solvents, or composite
measures that summarize multiple substances based on
toxicity, persistence, or regulatory thresholds. Spatial
indicators of contamination severity often incorporate
exceedance ratios relative to environmental standards,
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cumulative contamination indices, or probabilistic estimates
of contaminant presence in data-sparse areas. These
indicators are designed to capture not only the magnitude of
contamination but also its spatial extent and potential
mobility across environmental media (Kato, 2010, Meerow
& Newell, 2017). In industrial legacy contexts where
multiple contaminants coexist, composite contamination
indicators provide a practical means of representing
cumulative burden while maintaining analytical tractability.
Exposure indicators extend the analysis beyond
contamination presence to consider the likelihood and
pathways through which humans and ecological receptors
may come into contact with pollutants. Such indicators are
inherently spatial, reflecting proximity to contamination
sources, land-use patterns, and environmental transport
mechanisms. For human exposure, indicators may include
distance-weighted measures of population density, presence
of sensitive receptors such as schools or healthcare facilities,
and modeled exposure pathways through groundwater
abstraction or food chains. Ecological exposure indicators
may incorporate habitat overlap, species sensitivity, or
connectivity to downstream ecosystems (Jayasooriya, 2016,
Sayles, 2017). By explicitly representing exposure pathways,
these indicators help differentiate between areas of high
contamination that pose limited immediate risk and areas
where even moderate contamination may result in significant
adverse impacts due to exposure potential.

Vulnerability indicators introduce a socio-environmental
dimension to prioritization by accounting for differential
capacity to cope with or recover from environmental harm.
In the context of industrial legacy sites, vulnerability may
reflect socio-economic disadvantage, health status, access to
resources, or dependence on affected environmental services.
Spatial vulnerability indicators may be derived from
demographic data, indices of deprivation, or land-use
characteristics that influence susceptibility to contamination
impacts (Ferdinand & Yu, 2016, Koop & van Leeuwen,
2017). Incorporating vulnerability into prioritization criteria
aligns the decision-support system with principles of
environmental justice and equitable risk management,
ensuring that interventions are not solely driven by
contamination levels but also by the potential for
disproportionate harm.

Once contamination, exposure, and vulnerability indicators
are selected, the challenge lies in combining them in a manner
that is analytically sound and transparent. Weighting schemes
are employed to reflect the relative importance of different
indicators or indicator groups in the prioritization process.
Weight selection may be informed by regulatory
requirements, expert judgment, stakeholder consultation, or
policy objectives, and it is often one of the most sensitive
aspects of decision-support system design. Simple equal-
weighting approaches offer transparency and ease of
interpretation but may inadequately reflect real-world
priorities. Conversely, differentiated weighting schemes can
better capture nuanced decision contexts but introduce
subjectivity and potential bias. To address this tension, many
systems adopt participatory or multi-method weighting
approaches, combining expert elicitation, analytic hierarchy
processes, or sensitivity analysis to justify and test weighting
choices (Boriana, 2017, Hou & Al-Tabbaa, 2014).
Normalization approaches are essential to enable meaningful
aggregation of indicators measured on different scales and
units. Without normalization, indicators such as contaminant

www.multidisciplinaryfrontiers.com

concentration, population density, and socio-economic
indices cannot be directly compared or combined. Common
normalization techniques include min—max scaling, z-score
standardization, and threshold-based scoring relative to
regulatory or risk benchmarks (Cheng, et al., 2011, Herat &
Agamuthu, 2012). The choice of normalization method
influences the relative influence of extreme values and should
be carefully matched to the decision context. For example,
threshold-based normalization may be appropriate where
regulatory exceedances trigger mandatory intervention, while
continuous scaling may better represent gradations of risk in
prioritization  exercises. Explicit documentation  of
normalization choices enhances transparency and supports
reproducibility of prioritization outcomes.

Criteria aggregation represents the final step in translating
individual indicators into a coherent ranking of intervention
priorities. Aggregation methods range from simple additive
models to more complex multi-criteria decision analysis
techniques that account for interactions and trade-offs among
criteria. Additive weighted sum models are commonly used
due to their interpretability and computational simplicity,
producing composite scores that can be mapped and
compared across spatial units. More advanced approaches
may incorporate non-compensatory rules, ensuring that high
performance on one criterion does not fully offset poor
performance on another, particularly where minimum
standards must be met (Mitchell, 2012, Sweeney & Kabouris,
2017). The aggregation process is designed to preserve
traceability, allowing decision-makers to decompose
composite scores and understand the contribution of
individual indicators to overall rankings.

The resulting intervention ranking provides a spatially
explicit representation of relative priority across industrial
legacy sites or within a single site. High-priority areas are
those where contamination severity, exposure potential, and
vulnerability converge, indicating a strong case for
immediate or intensive intervention. Lower-priority areas
may still require monitoring or long-term management but
are differentiated based on comparative risk and impact
considerations. Importantly, prioritization outputs are not
intended to replace professional judgment or regulatory
decision-making but to support them by providing a
structured, evidence-based foundation for deliberation
(Cappuyns & Kessen, 2014, Williamson, et al., 2011).

In  conclusion, environmental risk indicators and
prioritization criteria are central to the functioning of a
Geospatial Decision-Support System for complex industrial
legacy sites. Through careful selection of contamination,
exposure, and vulnerability indicators, transparent weighting
and normalization approaches, and robust criteria
aggregation methods, the system translates complex spatial
data into actionable insights. This structured approach
enhances the consistency, defensibility, and equity of
environmental intervention prioritization, supporting more
effective management of industrial legacy risks under
conditions of complexity and uncertainty.

7. Decision Algorithms, Uncertainty Handling, and
Sensitivity Analysis

Decision algorithms form the analytical engine of a
Geospatial Decision-Support System designed to prioritize
environmental interventions in complex industrial legacy
sites. These algorithms provide a structured means of
synthesizing diverse spatial indicators, reconciling
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competing objectives, and producing defensible prioritization
outcomes under conditions of uncertainty. Given the
heterogeneous nature of legacy contamination, decision
algorithms must balance analytical rigor with transparency
and usability, enabling decision-makers to understand not
only the results but also the logic and assumptions that
underpin them (Hardie & McKinley, 2014, Williamson,
2011).

Multi-criteria decision analysis techniques are widely
employed within geospatial decision-support systems to
address the inherently multi-dimensional nature of
environmental intervention planning. Industrial legacy sites
present simultaneous concerns related to contamination
severity, exposure pathways, population vulnerability,
ecological sensitivity, technical feasibility, and cost
considerations, none of which can be reduced to a single
metric without loss of critical information. Multi-criteria
decision analysis provides a formal framework for integrating
these diverse criteria into a coherent prioritization structure.
Common techniques include weighted linear combination,
analytic hierarchy process, outranking methods, and
compromise programming. Weighted linear combination is
particularly well-suited to spatial applications due to its
computational efficiency and interpretability, allowing
normalized and weighted indicators to be aggregated into
composite priority scores (An, et al., 2016, Mgbeahuruike,
2018). Analytic hierarchy process supports structured weight
elicitation through pairwise comparisons, facilitating
stakeholder involvement and enhancing transparency in how
priorities are defined. Outranking methods, such as
ELECTRE or PROMETHEE, may be applied where decision
contexts require explicit handling of trade-offs and non-
compensatory relationships among criteria, ensuring that
critical thresholds are respected.

The selection and implementation of decision algorithms are
closely linked to the treatment of data gaps and uncertainty,
which are unavoidable in industrial legacy site contexts.
Historical monitoring data are often incomplete, unevenly
distributed, or collected using inconsistent methodologies,
resulting in spatial and temporal uncertainty that can
significantly influence prioritization outcomes. A robust
geospatial ~ decision-support  system must therefore
incorporate mechanisms for representing and propagating
uncertainty throughout the analytical process rather than
treating it as an external limitation (Lemming, 2010, Wang,
et al, 2017). One approach involves the explicit
characterization of data quality through confidence scores or
uncertainty ranges associated with individual indicators.
These measures can be integrated into decision algorithms by
adjusting indicator weights, modifying aggregation rules, or
producing  probabilistic  rather than  deterministic
prioritization outputs.

Spatial interpolation and modeling techniques are commonly
used to address data gaps, particularly for environmental
variables such as contaminant concentrations or groundwater
conditions. However, such techniques introduce their own
uncertainties, which must be acknowledged and quantified.
Geospatial decision-support systems often incorporate
multiple interpolation methods or model scenarios to explore
the implications of alternative assumptions. Probabilistic
overlays and stochastic simulations may be employed to
generate distributions of possible prioritization outcomes
rather than single-point estimates, providing a richer
representation of uncertainty (Ahmed, 2017, Karpatne, et al.,
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2018). In data-limited settings, scenario-based approaches
allow decision-makers to compare conservative, moderate,
and optimistic assumptions regarding contamination extent
or exposure potential, supporting precautionary yet flexible
intervention planning.

Uncertainty propagation is a critical consideration in the
design of decision algorithms, as uncertainties in input data
and model parameters can interact in complex ways.
Geospatial decision-support systems address this challenge
by systematically tracking how uncertainty in individual
indicators influences aggregated prioritization scores. Monte
Carlo simulation techniques are particularly useful in this
regard, enabling repeated sampling of uncertain parameters
to produce probability distributions of outcomes. Such
analyses help identify areas where prioritization rankings are
robust across a wide range of assumptions and areas where
rankings are highly sensitive to specific inputs (Liakos, et al.,
2018, Singh, Gupta & Mohan, 2014). This information is
invaluable for directing additional data collection efforts and
for communicating confidence levels to stakeholders and
regulators.

Sensitivity analysis serves as a complementary tool to
uncertainty handling by explicitly examining how changes in
decision assumptions affect prioritization results. Sensitivity
testing may involve systematic variation of indicator weights,
normalization methods, or decision thresholds to assess their
influence on spatial rankings. In the context of industrial
legacy sites, sensitivity analysis is especially important given
the potential subjectivity associated with weighting schemes
and the high stakes of intervention decisions. By revealing
which criteria exert the greatest influence on prioritization
outcomes, sensitivity analysis enhances transparency and
supports more informed deliberation among decision-makers
(Naghibi, Pourghasemi & Dixon, 2016, Rodriguez-Galiano,
et al., 2014).

Different forms of sensitivity analysis can be employed
depending on the decision context and system complexity.
Local sensitivity analysis focuses on small perturbations
around baseline assumptions, identifying criteria or
parameters to which results are most responsive. Global
sensitivity analysis explores a broader range of parameter
combinations, providing insight into interactions among
criteria and potential nonlinear effects. Visual tools such as
sensitivity maps or ranking stability plots are often integrated
into the geospatial decision-support system to communicate
these findings in an intuitive manner (Park, et al., 2016,
Ransom, et al., 2017). These visualizations enable users to
identify spatial units where prioritization is stable versus
those where rankings shift significantly under alternative
assumptions.

The integration of decision algorithms, uncertainty handling,
and sensitivity analysis supports adaptive decision-making in
complex industrial legacy environments. Rather than
producing a single definitive ranking, the geospatial decision-
support system provides a spectrum of insights that reflect the
inherent uncertainty and complexity of the problem. This
approach aligns with best practices in environmental risk
management, which emphasize iterative learning, precaution,
and stakeholder engagement. Decision-makers can use
prioritization  outputs to identify  high-confidence
intervention zones, flag areas requiring further investigation,
and explore trade-offs among competing objectives
(Barzegar, et al., 2018, Karandish, Darzi-Naftchali & Asgari,
2017).
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In conclusion, decision algorithms, uncertainty handling, and
sensitivity analysis are central to the credibility and
effectiveness of a Geospatial Decision-Support System for
prioritizing environmental interventions in complex
industrial legacy sites. Through the application of multi-
criteria decision analysis techniques, explicit treatment of
data gaps and uncertainty propagation, and rigorous
sensitivity testing, the system transforms complex and
uncertain information into actionable decision support. This
integrated approach enhances transparency, robustness, and
accountability, enabling more rational and resilient
environmental intervention strategies in challenging legacy
contexts.

8. Visualization Outputs, Decision Workflows, and
Stakeholder Use

Visualization outputs, decision workflows, and stakeholder
use represent the interface through which a Geospatial
Decision-Support System (GDSS) translates complex
analytical processes into actionable knowledge for
environmental intervention planning at industrial legacy
sites. While data integration, modeling, and decision
algorithms operate largely in the background, visualization
and workflow design determine whether the system
effectively supports real-world decision-making. In complex
legacy contexts characterized by technical uncertainty,
regulatory scrutiny, and diverse stakeholder interests, the
clarity, accessibility, and credibility of system outputs are as
critical as analytical rigor (Burritt, Schaltegger & Zvezdov,
2011, Gibassier & Schaltegger, 2015).

Mapping is the primary visualization mechanism through
which spatial risk patterns and prioritization outcomes are
communicated. Spatial maps enable users to immediately
perceive the geographic distribution of contamination
severity, exposure potential, vulnerability, and composite
intervention priorities. These maps are typically layered,
allowing users to toggle between individual indicators and
aggregated results, thereby supporting both high-level
overview and detailed inspection (Ascui & Lovell, 2012,
Steininger, et al., 2016). Graduated color schemes,
classification thresholds, and symbology are carefully
designed to convey relative risk without oversimplifying
underlying variability. Interactive mapping capabilities allow
users to query specific locations, examine indicator values,
and explore how prioritization outcomes change under
different assumptions. In industrial legacy sites where
contamination patterns are heterogeneous and boundaries are
often contested, such spatial transparency enhances trust in
the decision-support process and facilitates shared
understanding among technical and non-technical audiences.
Dashboards complement spatial maps by synthesizing
complex analytical outputs into structured, at-a-glance
summaries that support decision comparison and monitoring.
A well-designed GDSS dashboard typically integrates key
performance indicators, charts, and tables that reflect
prioritization criteria, uncertainty metrics, and scenario
outcomes. Dashboards enable decision-makers to compare
intervention zones, track changes over time as new data are
incorporated, and assess the implications of alternative
weighting schemes or regulatory thresholds (Ascui, 2014,
Hartmann, Perego & Young, 2013). By presenting analytical
results alongside metadata on data quality and uncertainty,
dashboards promote informed interpretation rather than
uncritical acceptance of outputs. In the context of industrial
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legacy sites, dashboards also support ongoing management
by linking prioritization results to remediation progress,
monitoring outcomes, and resource allocation decisions.
Decision matrices provide a structured representation of how
prioritization outcomes relate to specific criteria and decision
rules. These matrices display the contribution of
contamination, exposure, vulnerability, feasibility, and other
criteria to overall rankings, enabling users to trace how
composite scores are derived. Decision matrices are
particularly valuable in deliberative settings where trade-offs
must be explicitly negotiated, such as balancing rapid risk
reduction against long-term redevelopment goals. By making
decision logic explicit, matrices reduce the perception of
arbitrariness and support defensible justification of
intervention choices. They also serve as a bridge between
quantitative analysis and qualitative judgment, allowing
expert insight and policy considerations to be incorporated
transparently (Maas, Schaltegger & Crutzen, 2016, Tang &
Luo, 2014).

The visualization outputs of a GDSS play a crucial role in
supporting regulatory review processes. Environmental
regulators are often required to evaluate remediation
priorities, approve intervention plans, and ensure compliance
with evolving standards. Spatial maps and dashboards
provide regulators with a clear, evidence-based overview of
how prioritization decisions align with regulatory thresholds,
land-use objectives, and risk management principles. The
ability to demonstrate how different criteria and assumptions
influence outcomes strengthens the credibility of submissions
and facilitates constructive dialogue between proponents and
oversight bodies. Moreover, visualization tools support
auditability by enabling regulators to examine underlying
data sources, modeling assumptions, and decision rules,
thereby enhancing accountability in complex legacy site
management (Bowen & Wittneben, 2011, Schaltegger &
Csutora, 2012).

Stakeholder communication is another critical function
supported by visualization and decision workflows.
Industrial legacy sites frequently affect multiple stakeholder
groups, including local communities, landowners,
developers, environmental organizations, and public
authorities, each with distinct concerns and levels of technical
expertise. Visualization outputs provide a common reference
point for engagement, enabling stakeholders to understand
spatial risk patterns and the rationale behind prioritization
decisions (Hoek, Beelen & Brunekreef, 2011, Levy, 2013).
Interactive maps and dashboards can be used in workshops or
public consultations to explore scenarios collaboratively,
fostering transparency and trust. By visually linking
environmental risks to social and land-use contexts, the
GDSS supports more inclusive decision-making and helps
address concerns related to environmental justice and equity.
Integration of visualization outputs into decision workflows
ensures that the GDSS is not merely an analytical tool but an
operational component of planning and remediation
processes. Decision workflows define how data inputs,
analytical steps, review stages, and stakeholder interactions
are sequenced within the system. In practice, this involves
embedding the GDSS within existing environmental
management frameworks, such as site investigation
protocols, remediation planning cycles, and adaptive
management strategies. Prioritization outputs generated by
the system inform decisions on where to allocate resources
for further investigation, which areas require immediate
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intervention, and which can be managed through monitoring
or institutional controls (Derycke, et al., 2018, Kulawiak &
Lubniewski, 2014). By aligning system outputs with
established decision points, the GDSS enhances efficiency
and consistency in legacy site management.

The integration of the GDSS into remediation workflows also
supports iterative learning and adaptation. As interventions
are implemented and new monitoring data become available,
visualization tools enable users to assess changes in spatial
risk patterns and update prioritization accordingly.
Dashboards can track progress against intervention
objectives, highlighting areas where remediation has reduced
risk and areas where residual contamination persists
(Roghani, 2018, Wang, Unger & Parker, 2014). This
feedback loop reinforces adaptive management principles,
allowing decision-makers to refine strategies in response to
evolving conditions rather than relying on static plans. In
complex industrial legacy sites where uncertainty is
unavoidable, such adaptability is essential for long-term
effectiveness.

Beyond site-specific applications, visualization outputs and
decision workflows support strategic planning at broader
spatial scales. Regional or national authorities can use
aggregated maps and dashboards to identify clusters of high-
priority legacy sites, assess cumulative impacts, and allocate
funding across jurisdictions. Decision matrices facilitate
comparison among sites with different contamination profiles
and socio-economic contexts, supporting more equitable and
transparent resource distribution. In this way, the GDSS
functions not only as a technical tool but also as a governance
instrument that aligns local intervention decisions with
broader policy objectives (McAlary, Provoost & Dawson,
2010, Provoost, et al., 2013).

In summary, visualization outputs, decision workflows, and
stakeholder use are central to the practical value of a
Geospatial Decision-Support  System  for  prioritizing
environmental interventions in complex industrial legacy
sites. Through interactive maps, dashboards, and decision
matrices, the system translates complex analytical results into
accessible, defensible, and decision-relevant formats
(Andres, et al., 2018, Turczynowicz, Pisaniello &
Williamson, 2012). By supporting regulatory review,
stakeholder communication, and integration into planning
and remediation workflows, these outputs ensure that the
GDSS meaningfully informs real-world action. The
effectiveness of environmental intervention prioritization
ultimately depends not only on analytical sophistication but
on the system’s ability to communicate insights, support
collaboration, and adapt to changing conditions, all of which
are enabled through thoughtful visualization and workflow
design.

9. Conclusion

This study has advanced a comprehensive Geospatial
Decision-Support System designed to address the persistent
and multifaceted challenges associated with prioritizing
environmental interventions in complex industrial legacy
sites. By integrating geospatial data, environmental risk
indicators, socio-economic vulnerability metrics, and
structured decision algorithms within a unified framework,
the system provides a transparent and analytically robust
basis for comparing intervention needs across heterogeneous
landscapes. Its key contribution lies in demonstrating how
spatial analysis and multi-criteria decision-support logic can
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be tightly coupled to translate fragmented and uncertain data
into defensible prioritization outcomes. The system’s
modular architecture, explicit treatment of uncertainty, and
emphasis on visualization and stakeholder engagement
collectively enhance its capacity to support informed,
adaptive, and context-sensitive decision-making in legacy
site management.

The capabilities of the proposed system extend beyond
technical risk assessment to encompass strategic planning
and governance functions. By explicitly linking
contamination severity, exposure pathways, and vulnerability
considerations to spatially resolved intervention rankings, the
system supports more rational allocation of limited
remediation resources. Its ability to accommodate data-
limited conditions, incorporate evolving regulatory
thresholds, and explore alternative scenarios strengthens
decision resilience in the face of uncertainty. The use of
interactive maps, dashboards, and decision matrices ensures
that complex analytical outputs are accessible to regulators,
planners, and affected communities, fostering transparency
and shared understanding. These features position the system
as a practical tool for bridging the gap between scientific
analysis and policy-relevant decision-making.

From an environmental management and policy perspective,
the adoption of a geospatial decision-support system has
significant implications. It enables a shift from reactive, site-
by-site remediation approaches toward more strategic, risk-
based prioritization aligned with broader sustainability and
land-use objectives. By making decision logic explicit and
auditable, the system supports regulatory accountability and
facilitates compliance with environmental standards while
accommodating ~ competing  socio-economic  goals.
Importantly, the inclusion of wvulnerability indicators
enhances the potential for more equitable environmental
governance, ensuring that intervention priorities reflect not
only contamination levels but also the distribution of risks
and benefits across communities. At a policy level, such
systems can inform funding allocation, regional planning,
and the development of harmonized remediation strategies
across jurisdictions.

Looking forward, several directions for future development
and application emerge. Further refinement of uncertainty
modeling, including the integration of real-time monitoring
data and advanced probabilistic techniques, could enhance
the system’s predictive and adaptive capabilities. Expanding
interoperability with emerging digital platforms, such as
digital twins and open environmental data infrastructures,
would support broader scalability and integration into
national and international policy frameworks. Additionally,
deeper incorporation of participatory tools could strengthen
stakeholder engagement and legitimacy, particularly in
contexts characterized by historical environmental injustice.
As industrial legacy challenges continue to evolve under
pressures of urbanization, climate change, and regulatory
transformation, the continued development and application
of geospatial decision-support systems offer a promising
pathway toward more effective, transparent, and sustainable
environmental intervention planning.
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