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Abstract: Urban green infrastructure (UGI) plays a key role in fostering sustainability,
resilience, and ecological balance in cities. However, the task of identifying priority areas
for UGI implementation remains complex due to the multifactorial nature of urban systems
and prevailing uncertainties. This study proposes a fuzzy inference system (FIS)-based
framework composed of seven interconnected modules designed to assess diverse criteria,
including flood vulnerability, water quality, habitat connectivity, vegetation condition,
and social vulnerability. The model was applied in the urban watersheds of Sao José dos
Campos, Brazil, a municipality recognized for its smart city initiatives and urban environ-
mental complexity. Through the integration of multi-criteria spatial data, the framework
effectively prioritized urban areas, highlighting critical zones for extreme event mitigation,
water quality preservation, habitat conservation, and recreational space provision. The
case study demonstrated that Sao José dos Campos, with an 11.73% urbanized area and
737,310 inhabitants, benefits from targeted UGI typologies, including sustainable drainage
systems and green public spaces, aligning infrastructure interventions with specific spatial
demands. Notably, the expert validation process involving 18 multidisciplinary specialists
confirmed the model’s relevance and coherence, with the majority classifying the outcomes
as “highly coherent”. The system’s modular structure, use of triangular membership func-
tions, and incorporation of the gamma operator allow for adaptable prioritization across
different planning horizons. By offering a transparent, expert-validated, and data-driven
approach, the proposed method advances evidence-based decision-making and equips
planners with a practical tool for UGI implementation in dynamic urban contexts.

Keywords: greener and healthier cities; human well-being; urban resilience; sustainability

1. Introduction

As the global population increasingly migrates to urban centers, cities are undergoing
transformative changes. These transformations are further intensified by the escalating
impacts of climate change, which demand adaptive urban strategies integrated into spatial
planning frameworks. This urban shift demands a multifaceted infrastructure to support
essential aspects of city life, such as housing, sanitation, transportation, and healthcare
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services. Recent studies highlight the pivotal role of such infrastructure in creating en-
vironments conducive to human habitation [1,2]. However, the expansion of so-called
gray infrastructure often encroaches upon urban green spaces, posing significant risks to
environmental quality and public health [3,4]. This reduction in green spaces underscores
the importance of identifying priority areas for urban green infrastructure (UGI) planning,
a critical endeavor for city planners and policymakers.

UGI represents man-managed natural systems designed to be seamlessly integrated
into the urban fabric, including, but not limited to, parks, afforestation areas, stormwater
management systems, and green roofs. These elements play a dual role: they are essential
for ecological sustainability and serve as spaces for recreation, thus playing a significant
social role [5,6]. UGI typologies can be broadly categorized into four groups: vegetated sur-
faces (e.g., parks, green roofs, green facades), water management systems (e.g., bioswales,
vegetated pavements, stormwater wetlands, water circulation systems integrated into
urban public spaces), biodiversity corridors (e.g., urban forests, ecological strips), and
social-nature interfaces (e.g., community gardens, green plazas). These elements often
overlap with Nature-Based Solutions (NBSs) and are most effective when interwoven with
gray infrastructure, such as roads, drainage, and energy systems. Recognizing the hybrid
nature of these infrastructures is crucial for spatial planning, as urban resilience depends
on the co-functioning of green and gray systems. By enhancing environmental quality and
expanding the provision of ecosystem services, UGI is fundamental in preserving biodi-
versity, conserving natural resources, and improving residents” well-being, all of which
contribute to the development of healthier and more sustainable urban environments [7].

Despite the recognized importance of UGI, urban planning faces inherent complexities
that demand sophisticated decision-making processes capable of balancing diverse objec-
tives and constraints. A notable gap exists in the development of systematic frameworks for
identifying priority areas for UGI, crucial for its strategic planning. Current methodologies
often fail to address the multifaceted interplay of factors and uncertainties that characterize
urban planning [8]. The lack of a comprehensive, data-driven approach capable of dealing
with these uncertainties may lead to suboptimal resource allocation, thereby diminishing
the potential positive impacts of urban planning interventions. Addressing this challenge,
our research introduces an innovative framework centered on the fuzzy inference system
(FIS), a distinguished branch of artificial intelligence noted for its exceptional handling of
uncertainties. This framework distinguishes itself from conventional Al technologies and
decision-support systems through its unique capacity to process imprecise, ambiguous, or
subjective information, which is a common challenge in the realm of urban planning.

The FIS leverages fuzzy logic to closely mirror human reasoning [9], presenting a sig-
nificant advantage in urban green infrastructure (UGI) planning compared with traditional
Al that depends on binary logic. This approach excels in managing the qualitative, nu-
anced data characteristic of UGI planning, enabling a structured decision-making process
that accommodates diverse variables and stakeholder perspectives [10]. This adaptabil-
ity is essential in UGI planning, aiming to balance ecological sustainability with urban
development amidst uncertainties. Unlike other Al technologies requiring large, quan-
tifiable datasets, the FIS integrates expert knowledge directly into the decision-making
process [9]. This integration is crucial in UGI planning, necessitating expertise across
ecology, urban design, and public policy fields. As such, the FIS-based framework is
uniquely suited for addressing the complexities of UGI planning, providing a nuanced,
inclusive decision-making approach that aligns with the varied values and priorities of
urban communities. This method signifies a notable advancement in developing resilient,
sustainable urban environments.
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This study contributes novel advancements to the field in several key aspects. First, it
proposes an integrated, multi-criteria FIS-based framework capable of accommodating both
biosphere and geosphere demands—an approach not yet operationalized in prior UGI stud-
ies. Second, unlike conventional data-driven models that require extensive, high-resolution
datasets or operate as opaque “black-box” systems, our model combines fuzzy logic with
expert-derived rules to enable transparency, interpretability, and adaptability across varying
data conditions. Third, the modular architecture of the seven interconnected FISs enables
planners to generate flexible prioritization scenarios through the tuning of the gamma
operator, supporting short-, medium-, and long-term strategies. These contributions ad-
dress persistent gaps in scalability, uncertainty management, and typology specificity, thus
offering a robust alternative to existing DSS approaches in UGI planning [10].

Our objectives include: (i) highlighting the necessity for a data-driven framework in
identifying priority UGI planning areas amidst uncertainties; (ii) introducing an FIS-based
model to identify such areas and suggest appropriate UGI typologies based on specific
urban demands; (iii) implementing and validating this framework in a real-world urban
context to provide practical insights; and (iv) offering a decision-support tool to enhance
urban sustainability and resilience through informed UGI planning.

This paper was structured into five main sections: “Related Works”, presents a liter-
ature review contextualizing the study; “Theoretical Background”, introduces key fuzzy
logic concepts underlying the model [9]; “Fuzzy Inference System Modeling”, details the de-
sign of the FIS-based framework; “Application of the Proposed Framework”, demonstrates
real-world validation; and “Final Remarks”, discusses the implications and potential of the
proposed framework in advancing UGI planning and sustainability. Figure 1 presents a
flowchart detailing each step of the proposed framework.
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Figure 1. Flowchart of the proposed research framework.

2. Related Works

To search for the most reliable, relevant, and up-to-date related works, the Science
Direct, Scopus, and Web of Science databases were used, in which the following query was
applied: title-abs-key (“green infrastructure” or “green space” or “green building”) and
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(“sustainable city” or “healthy city”) and (“artificial intelligence” or “fuzzy system”) and
(limit-to (pubstage, “final”)) and (limit-to (doctype, “ar”)) and limit-to (subjarea, “eng.” or
“env.”)) and (limit-to (pub year, “from 2014 to 2023”)) and (limit-to (language, “English”)).
Thus, 181 articles were found and preliminarily screened. After excluding those outside
the scope, eight works related to DSS to face challenges associated with the management of
UGI were selected and are discussed below.

Several research studies have emerged in the domain of UGI planning. Table 1 high-
lights the diversity of methodologies applied in UGI planning and their respective limi-
tations. While each approach offers unique advantages, they also present challenges that
need to be considered when implementing UGI projects, such as bias from expert input,
potential oversimplification, data requirements, interpretability issues, and the complexity
of integrating diverse data sources and expert knowledge.

Table 1. Methodologies applied in UGI planning and respective limitations.

Study

Methodology Limitations in UGI Planning

Bressane et al. [11]

Reliance on expert input for criteria

Neuro-Fuzzy Adaptive Inference System weighting may introduce bias.

Carvalho Maria et al. [12]

May overlook subtle patterns due to

Decision t lgorith T . T
ecision free afgortthim simplicity; potential oversimplification.

Lin et al. [13]

Requires extensive data for training; can be

Machine learning techniques difficult to interpret (“black box”).

Bressane et al. [14]

Subjective set and rule base construction

Fuzzy-based decision support systems could lead to variability in outcomes.

Zarei and Nik-Bakht [15]

Fuzzy-based DSS and Conceptual Similar to [14], with added complexity in
Framework integrating inputs.

Barbosa et al. [16]

May not fully account for dynamic changes

Computer-aided tool or urban development over time.

Massaro et al. [17]

Decision Support System Optimizing High dependency on accurate, real-time data.

Langemeyer et al. [18]

Need for deep domain expertise and

Bayesian Belief Networks )
computational resources.

Bressane et al. [11] and Carvalho Maria et al. [12] concentrated on optimizing urban
afforestation management. Bressane et al. [11] employed a combination of an Analytical
Hierarchy Process and a Neuro-Fuzzy Adaptive Inference System to assess tree falling
risks, while Carvalho Maria et al. [12] utilized the decision tree algorithm to achieve
the same objective, utilizing artificial intelligence tools to detect tree issues and enhance
management practices.

Lin et al. [13] applied machine learning techniques to analyze the relationship between
UGI spatial patterns and heat island intensity, revealing that green space characteristics
significantly impact heat island intensity and providing valuable insights for land use and
land cover (LULC) planning.

Numerous other research studies with diverse focuses and methodologies have also
emerged. Bressane et al. [14] introduced a fuzzy-based DSS for participatory UGI manage-
ment, merging technical expertise with community insights, promising enhanced participa-
tory linear park management.

Similarly, Zarei and Nik-Bakht [15] proposed the same approach to integrate citizen
engagement into urban projects, facilitating knowledge extraction from the literature for
new initiatives by researchers and practitioners. Barbosa et al. [16] proposed an innovative
approach for selecting cost-effective areas for UGI restoration, employing a computer-aided
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tool to identify management zones within green and blue infrastructure that align with
various conservation objectives, aiming for an optimal spatial UGI design that balances
biodiversity protection and the delivery of ecosystem services.

Massaro et al. [17] presented a DSS optimizing UGI design using climatic data, en-
vironmental sensing, and occupancy patterns, incorporating computer vision techniques.
Langemeyer et al. [18] harnessed Bayesian Belief Networks to assess demand for ecosystem
services (ESs) from green roofs, offering insights for local policy, particularly regarding the
effectiveness of UGI in delivering ESs.

In addition to the approaches discussed above, recent advances in multi-criteria
decision-making (MCDM) further support prioritization efforts in complex systems. For
instance, methods based on the Analytic Hierarchy Process (AHP) have been employed to
evaluate suitability for sustainable construction and land use planning [19,20]. Furthermore,
hybrid fuzzy models—such as the hesitant fuzzy VIKOR—have demonstrated improved
ranking capabilities in medical and spatial domains [21]. These studies underscore the
flexibility of MCDM tools and inform the positioning of our FIS-based approach as a robust
alternative that balances interpretability, adaptability, and data-driven rigor.

While the literature review reveals extensive research on UGI management and data-
driven decision-making, existing approaches often struggle to handle the intricate interac-
tions of various factors and uncertainties inherent in UGI planning, particularly when using
a Geographic Information System (GIS). GIS analyses frequently involve indirect spatial
data acquisition and rely on multisource data [22], which can vary in scale, reference system,
and equipment precision [23]. Data can be either analog or digital, and the representation
can be raster- or vector-based [24]. Hence, the search for suitable alternatives to address the
integrated treatment of data subject to such variations holds the potential for significant
advancements in multi-criteria analysis applied to the identification of priority areas for
UGI planning.

In this context, we propose the development and evaluation of a framework based
on the FIS, a methodology that has been widely and promisingly applied across various
fields, including participatory planning [25], impact assessment [26], and environmental
management [10]. This alternative approach, grounded in the FIS, has the potential to
overcome the challenges posed by diverse data sources, making it a promising tool for
dealing with uncertainties and addressing the multifaceted nature of UGI planning.

To guarantee technical alignment with our proposed framework, we emphasize that
insights from UGI-related decision support systems directly informed the construction of
our FIS-based approach. Specifically, limitations such as reliance on expert bias [11], over-
simplification [12], data-intensive requirements [13], and interpretability issues [17] shaped
the definition of input criteria and fuzzy rule structures used in our system. For example,
the integration of expert knowledge in our fuzzy rule base responds to challenges faced by
machine learning models that operate as “black boxes”, while our modular FIS architecture
overcomes integration issues highlighted in prior GIS-dependent studies [22,24]. Thus, the
empirical findings and constraints of prior UGI methodologies served as a foundation for
the FIS framework proposed herein, underscoring a direct methodological progression
rather than a thematic digression.

3. Theoretical Background

An FIS can be structured through the specification of input and output variables,
membership functions, fuzzy rules, and an inference mechanism, as delineated in prior
studies [10,27]. In the current research, the input variables are conceptualized as indicators
for the demand in mitigating extreme events, maintaining water quality, habitat preser-
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vation, and facilitating leisure and recreation activities. Conversely, the output variables
delineate the prioritization categories for UGI implementation.

Unlike classical logic models, where membership functions are binary, indicating
a state of either true (1) or false (0), fuzzy logic employs a continuous scale from 0 to 1
to express membership (@) within a fuzzy set. This gradation allows for the depiction
of membership degrees through various function shapes, such as linear (triangular or
trapezoidal), sigmoid, or quadratic, thereby facilitating the representation of linguistic
terms within a fuzzy set context [10]. In this investigation, these linguistic values (ai),
corresponding to the demand levels (lower, medium, higher) and implementation priority
(very small, small, moderate, large, very large), are articulated.

Compared with traditional Al approaches—such as neural networks or decision trees—
the FIS presents distinct advantages for urban planning applications. While conventional
models typically require large, structured datasets and often function as ‘black boxes” with
limited transparency, the FIS accommodates small, imprecise, or subjective datasets through
rule-based modeling. This makes it particularly suitable for planning contexts marked
by uncertainty, heterogeneous data, and multidimensional decision criteria. Moreover,
the FIS enables expert-driven customization and interpretability, which are essential for
policy-sensitive domains such as green infrastructure planning.

The continuum of membership values enhances the depiction of truth, introducing a
flexible and authentic approach to managing uncertainties inherent in real-world phenom-
ena [10]. As an element’s value nears the soft boundaries between overlapping concepts, the
uncertainty level escalates. This study employs triangular-shaped membership functions
to represent such uncertainties effectively (Figure 2).

soft boundary higher certainty
a a, a,
NP
¢ X ¢
0 e : 0
overlap higher uncertainty

Figure 2. Uncertainty modeled by a triangular-shaped membership function.

Fuzzy rules articulate the correlation between input and output variables, outlining the
transformation of inputs into outputs [10]. The inference engine operationalizes these rules
through fuzzy logic operations like OR (Max), AND (Min), and GAMMA (y), producing
the output variables. In our model, the GAMMA operator is utilized, defined by:

¢ = (Z)" x ()Y

where ¢ is the membership, ¥ and 1y represent the fuzzy algebraic sum and product,
respectively, and v is the GAMMA operator, defined between zero and 1.

The GAMMA operator was selected for fuzzy inference due to its ability to interpolate
between the restrictive behavior of the fuzzy product (y = 0) and the permissive behavior of
the fuzzy sum (y = 1), offering enhanced control over the system’s decision sensitivity [28,29].

This flexibility is particularly valuable in UGI planning, where different planning
horizons demand distinct levels of prioritization stringency. In this framework, the value
of v was adjusted to reflect temporal planning perspectives:

e v =1 (short-term horizon): prioritizes only areas with the most critical and convergent
demands, promoting immediate and targeted action.
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e v =0.5 (medium-term horizon): balances selectivity with inclusiveness, supporting
mid-range planning that addresses both urgent and emerging needs.

e v =0 (long-term horizon): adopts a more inclusive strategy, identifying a broader set
of areas with moderate or latent demands that require proactive planning.

This structured use of y enables the framework to support adaptive planning strategies
by controlling the level of restrictiveness in the inference process. These values were defined
in alignment with the planning logic and sensitivity levels desired for each horizon, and
follow the fuzzy logic literature that recognizes the operator’s role in modulating inference
behavior based on context [30,31].

This foundational overview underscores the modeling process’s steps: defining lin-
guistic terms, establishing membership function shapes, and crafting fuzzy rules, all
underpinned by expert knowledge (Figure 3).

Experts knowledge
Demand Membership Rule base
indicators Functions building
Input —> Fuzzification Defuzzification —¢

\—> Inference J Output
! ¢

GAMMA Priority
Operator areas

Figure 3. Fuzzy logic-based modeling process. The blue background highlights the main modules of
the FIS, while the red text identifies the system’s input and output variables.

4. Fuzzy Inference System Modeling

The proposed framework encompasses seven distinct FISs, designed to advance
UGI planning through a comprehensive, data-driven approach. Each FIS is tailored to
assess specific criteria, thereby facilitating enhanced decision-making processes for UGI
prioritization (Figure 4).

The input data for the FIS framework were obtained from multiple public and in-
stitutional sources. Land use and land cover (LULC) data were derived from remote
sensing classification of Sentinel-2 imagery (10 m resolution) using supervised classification
techniques validated against field points. Flood and landslide susceptibility maps were ob-
tained from the Brazilian Geological Survey (CPRM) based on topographic and lithological
models [32]. Social vulnerability indicators were derived from census tract data provided
by the Brazilian Institute of Geography and Statistics [33], including variables related to
housing quality, income, and infrastructure. Riparian buffer conditions and vegetation
states were assessed using high-resolution aerial imagery and vegetation indices (e.g.,
NDVI), processed via QGIS. All spatial layers were resampled to a common grid resolution
(30 m), normalized to a 0-1 scale, and clipped to the study area using a standardized urban
watershed boundary. Reclassification routines were applied based on thresholds from the
literature to assign fuzzy linguistic values (low, medium, high). These preprocessing steps
ensured data consistency and spatial comparability across all FIS modules.
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Figure 4. FIS-based framework proposed to identify priority areas for UGI planning.

The variables used in the FIS were selected based on their relevance to the multidi-
mensional demands of UGI planning. These criteria—such as flood vulnerability, water
quality, vegetation condition, and social vulnerability—were chosen through a review of the
scientific literature and urban planning guidelines, prioritizing indicators commonly used
to assess geosphere and biosphere pressures [34,35]. Each input variable was normalized
to a continuous scale from 0 to 1, following a standard fuzzy logic preprocessing approach
that ensures compatibility with membership functions and rule-based reasoning [29]. The
normalization procedure assigned 0 to the least critical condition (lowest demand) and
1 to the most critical (highest demand), with intermediate values of 0.25, 0.5, and 0.75 used
to represent graduated levels of intensity. The specific criteria for mapping raw data to
this standardized scale were adapted from existing methods in environmental modeling.
For example:

e Flood and landslide vulnerability: derived from multi-criteria risk indices incorporat-
ing slope, soil, and hydrological data [32];

e  Water quality demand: inferred from land use categories and vegetation cover in
riparian areas [34,36];

e  Habitat connectivity and vegetation condition: classified based on ecological fragmen-
tation and forest succession stage [10,37];

e  Social vulnerability: scored using spatial census indicators for infrastructure, income,
and human capital [35].

The initial system (FIS1) is dedicated to identifying areas that require urgent inter-
ventions to mitigate extreme events, taking into account factors such as vulnerability to
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flooding and landslide susceptibility. FIS2 focuses on evaluating regions demanding water
quality maintenance, utilizing LULC data and the proximity to unprotected conservation
areas as primary criteria. Subsequently, FIS3 synthesizes the outputs from FIS1 and FIS2
to prioritize areas based on geosphere-related needs, while FIS4 integrates criteria asso-
ciated with forest connectivity and vegetation condition to address habitat maintenance
requirements. FIS5 assesses potential locations for leisure and recreation, considering the
green area per capita and social vulnerability indicators. The outputs of these systems are
further analyzed by FIS6 to derive priorities based on biosphere demands. Ultimately, FIS7
integrates the findings to identify priority areas for UGI implementation, considering both
biosphere and geosphere demands.

It is important to note that the resulting priority areas are not assumed to be spatially
homogeneous across all UGI typologies. Instead, the framework identifies dominant de-
mands (e.g., flood mitigation, water quality, recreation) and recommends typologies based
on these primary needs. As such, each area may be associated with different UGI cate-
gories depending on the prevailing environmental and social indicators. In some locations,
overlapping demands may lead to multifunctional infrastructure recommendations. This
approach reflects the heterogeneity of urban environments and the necessity of place-based
planning strategies.

In the quantification of demands related to flood vulnerability and landslide sus-
ceptibility, this study incorporates indices developed by [32], which consider a range of
environmental factors including slope, soil type, riverbed characteristics, terrain morphol-
ogy, amplitude, and the density of structural lineaments. This comprehensive approach
facilitates a nuanced assessment, where the severity of conditions is stratified on a scale
from 0 (least critical) to 1 (most critical), with intermediary conditions assigned values of
0.25, 0.5, and 0.75, respectively.

For evaluating the necessity of water quality maintenance, LULC data were scrutinized
to determine the prevalence of impervious surfaces, following the methodology proposed
by [34]. The categorization of demand was based on the degree of urbanization, with
built-up areas denoted as high demand (scored as 1), and a descending order of priority
given to exposed soil (0.8), herbaceous or shrub cover (0.6), tree cover (0.4), and wetland
areas (0.2), culminating with water bodies (0) as the lowest demand.

The study also explores the impact of vegetation cover absence on sediment transport
into water channels, which may result in siltation affecting water flow and quality, as de-
scribed by [36]. The retention capabilities of riparian forests for pollutants are compromised
in the absence of adequate vegetation cover, necessitating the assessment of unprotected
conservation areas. Different ground cover states within riparian buffer zones are evaluated,
ranging from no vegetation (1), indicating the highest demand for intervention, to advanced
secondary growth or forested savanna (0), signifying the lowest. Intermediate states such
as pioneer vegetation (0.75), early secondary growth (0.5), and mid-secondary growth (0.25)
are scored accordingly, reflecting varying levels of water quality maintenance demand.

Forest connectivity is determined by prioritizing strategic areas for the maintenance
of biodiversity and the promotion of ecosystem services [38]. According to [37] there
are eight categories representing degrees of forest connectivity urgency, ranging from
minimum to maximum. In the present study, these categories are scored as lower (0) and
higher (1) demand, with intermediate categories scored as 0.15, 0.3, 0.45, 0.60, 0.75, and 0.9,
respectively. Likewise, the vegetation condition considers the stage of forest regeneration,
where absent vegetation is considered the most critical situation, or, in other words, there
is a higher demand for UGI (scored as 1), followed by pioneer vegetation (0.75), early
secondary growth (0.5), wooded savanna or mid-secondary growth (0.25), and forested
savanna or advanced secondary growth (0), as proposed by [39].
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The per capita green area is calculated as the percentage obtained by dividing the
vegetated area by the total population. A ratio of 15 m? per inhabitant is considered
as a reference according to the literature [40]; therefore, areas with this ratio equal to or
greater than this are scored as lower demand (0). In turn, social vulnerability encompasses
infrastructure and the urban environment, human capital, income and employment, and
housing dimensions [35]. The most critical condition corresponds to 100% of people living
in vulnerable conditions, i.e., higher demand (scored as 1), followed by 60 to 90% (0.9), 30
to 60% (0.75), 10 to 30% (0.5), 0 to 10% (0.25), and 0% scored as 0.

As described above, for each demand indicator variable, the reference values from
the literature were standardized, using a scale ranging from 0 to 1. Then, in the variable
fuzzification stage, each FIS assigns three linguistic values to input variables, classifying
areas as having lower, medium, or greater demand. These demand categories are modeled
using triangle-shaped membership functions (Table 2).

Table 2. Fuzzy triangle-shaped membership function.

Demand Parameters (a, b, ¢) *
lower (0,0,0.5)
Demand indicator variable medium 0,0.5,1)
greater (0.5,1,1)

* Parameters ‘a’ and ‘c’ locate the base, and ‘b’ locates the peak of the triangle-shaped membership function.

Triangular membership functions was selected for this study due to their computa-
tional efficiency, simplicity, and proven effectiveness in applications where data are limited
or where interpretability is essential [29,31]. These functions are particularly suitable when
expert knowledge is the primary source for defining fuzzy sets, as they require only three
parameters and allow for straightforward rule construction and tuning [30]. Moreover, in
environmental and spatial decision-making contexts such as UGI planning—where data
uncertainty is common—triangular functions offer a practical balance between expressive-
ness and transparency [10,41]. Regarding parameter determination, the values for (a, b,
c) were defined based on the standardized scales of input indicators and refined through
iterative expert consultation, consistent with participatory FIS design methodologies [14].
Specifically, endpoints ‘a’ and ‘c’ delineate the lower and upper bounds of each linguistic
category (e.g., “low”, “medium”, “high”), while ‘b’ represents the peak (maximum mem-
bership value). The adopted configuration—(0, 0, 0.5) for “low”, (0, 0.5, 1) for “medium”,
and (0.5, 1, 1) for “high”—reflects an even distribution across the normalized range [0-1],
allowing symmetric overlap between categories and ensuring continuity in the fuzzification
process. This structure also aligns with prior FIS applications in environmental modeling,
enhancing comparability and replicability [10].

In turn, the fuzzy rule base was developed using a knowledge-driven approach, rely-
ing on expert elicitation and established domain literature to define the logical relationships
between input and output variables. Specifically, for each FIS module, fuzzy rules were
formulated based on how combinations of demand indicators—such as flood vulnerability
and vegetation cover—correlate with the need for UGI interventions. This approach is
consistent with methodologies adopted in participatory environmental modeling, where
rules are defined to reflect qualitative expert knowledge in the absence of large training
datasets [31]. Each rule in the base follows the standard IF-THEN format, such as: IF
flood vulnerability is high AND vegetation condition is poor, THEN the priority is very
high. The linguistic values used (e.g., low, medium, high) correspond to the triangular
membership functions defined in Table 2. Rule combinations were selected to reflect
realistic environmental interactions and spatial patterns, ensuring that they are both in-
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terpretable and applicable to real-world urban conditions. For example, in FIS1 (extreme
event mitigation), areas with both high slope and poor drainage were prioritized more
heavily than those meeting only one of these criteria. The rule base structure was reviewed
in iterative sessions with domain specialists in urban planning, hydrology, and ecology,
ensuring consistency, plausibility, and alignment with planning practices. Additionally, a
parsimonious design principle was followed to avoid unnecessary rule proliferation, using
three linguistic categories for inputs to limit the total number of rules while preserving
decision quality [29].

The construction of fuzzy rule sets, while grounded in domain knowledge and litera-
ture, is inherently subject to expert judgment and may introduce cognitive or institutional
biases. These biases can affect the weighting of certain criteria, the interpretation of linguis-
tic thresholds, or the prioritization logic embedded in the rules. To mitigate these effects,
this study employed a multi-pronged strategy: (i) triangulation of rules with scientific
literature and regulatory standards; (ii) validation of preliminary rules through a workshop
involving municipal planners, ecologists, and engineers; and (iii) consistency checks against
empirical data distributions for each input variable. This approach enhances the objectivity
and contextual relevance of the fuzzy inference process.

The output variables can take on five linguistic values, categorizing areas as having
very small, small, moderate, large, or very large priority (Figure 5). When this output enters
a subsequent FIS, a new fuzzification occurs using three linguistic values. This is done
to prevent a significant increase in the number of rules resulting from the combination of
these values, thereby avoiding unnecessary computational processing costs. The rule base
that guides the inference engine is shown in Table 3.

1( ******************************* 1 — very small large
i \ small — very large
! — moderate
| output variable

input variable #1

b

(@]

— lower

input variable #2

b

(@]

medium — greater

et e

Figure 5. Fuzzification of input and output variables into linguistic values.
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Table 3. Rule basis of a fuzzy inference system.

Input #1 Input #2 Output
lower very small
lower medium small
greater moderate
lower small
medium medium moderate
greater large
lower moderate
greater medium large
greater very large

After classifying urban areas based on their priority using the FIS7 output, specific
green infrastructure typologies are recommended by the proposed framework according
to the preceding FIS outputs (Table 4). For instance, if the high-priority level is due to the
need for mitigating extreme events, a suggested green infrastructure typology could be the
implementation of sustainable drainage systems (SDSs). SDSs are designed to effectively
manage stormwater runoff, reducing the risk of flooding and erosion in urban areas.

Table 4. Recommendations for mainstreaming green infrastructure.

Demand/FIS Typology 1 Typology 2 Typology 3 Typology 4 Typology 5
Sustainable drainage Sgﬂ; %‘ﬂsr;tammg Wildlife refuges: Coastal vegetation Urban infiltration
systems: including t. " ngn d native vegetation belts: planting parks: green spaces
retention basins and vegetation a areas that provide coastal vegetation designed to absorb

FIS1: Mitigation
of extreme events

permeable pavements to
manage stormwater
runoff and

reduce flooding

engineering
techniques to create
natural barriers
against landslides
and erosion

safe habitats for
wildlife, aiding in
biodiversity
preservation

like mangroves and
dunes to protect
against coastal
erosion and storms

rainwater and
recharge groundwater,
mitigating urban
flooding

FIS2: Water
quality
maintenance

Constructed wetlands:
artificial wetland systems
that naturally filter and
purify water, improving
its quality

Bioretention swales:
channels planted
with vegetation to
capture and treat
stormwater runoff
before it enters
water bodies

Floating treatment
wetlands: floating
islands with aquatic
plants that help
remove pollutants
from water bodies

Riparian buffer
zones: planting
native vegetation
along water bodies to
reduce runoff and
filter contaminants

Stormwater ponds:
engineered ponds
designed to detain
and treat stormwater,
enhancing water
quality before release

FIS4: Habitat
conservation

Green roofs: rooftop
gardens with native
plants to provide habitat
for birds and insects

Pollinator gardens:
planted with native
flowers to support
pollinators like bees
and butterflies

Wildlife corridors:
linear green spaces
that connect natural
habitats, facilitating
wildlife movement

Artificial nesting
structures: installing
birdhouses and bat
boxes to support
urban wildlife

Aquatic habitats:
creating ponds or
small water bodies
for amphibians and
aquatic species in
urban areas

FIS5: Leisure and
recreation

Community parks:
multi-use parks with
playgrounds, sports
facilities, and picnic areas
for diverse recreational
activities

Botanical gardens:
showcasing a variety
of plant species and
providing a serene
environment

for relaxation

Green trails:
pedestrian and
cycling paths with
lush greenery for a
pleasant outdoor
experience

Outdoor fitness
zones: equipped with
exercise stations and
open spaces for
fitness enthusiasts

Plaza gardens: small
urban plazas
transformed into
green spaces for
leisure and social
gatherings

This includes structures like stormwater ponds, permeable pavements, green roofs,
and rain gardens, which help control rainfall and minimize damage from extreme weather
events. Such green infrastructure significantly contributes to urban resilience in the face of
adverse climate events [42].

To provide greater clarity and usability for urban planning, the green infrastructure
typologies recommended by the framework are grouped into four functional categories:
(i) hydrological systems (e.g., sustainable drainage systems, wetlands, stormwater ponds);
(ii) ecological connectivity and habitat support (e.g., wildlife corridors, green roofs, aquatic
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habitats); (iii) recreational and social green spaces (e.g., parks, green trails, botanical
gardens); and (iv) environmental quality interventions (e.g., riparian buffers, bioretention
swales, permeable pavements). This classification reflects their intended roles in urban
systems and facilitates integration with spatial planning instruments, enabling decision-
makers to align infrastructure investments with specific urban needs.

Conversely, if the demand is for leisure and recreational spaces, a recommended green
infrastructure typology could be the establishment of urban parks and recreational zones.
These areas are designed to offer spaces for relaxation, physical activity, and community
gatherings, featuring amenities such as playgrounds, sports facilities, walking trails and
picnic areas. Mainstreaming such UGI can enhance the quality of life for urbanites, promote
physical and mental well-being, and foster a sense of community engagement. As cities
continue to grow and face various challenges, prioritizing and expanding UGI contribute
significantly to the overall health and happiness of urban residents, while also serving
essential ecological functions, such as maintaining the hydrological cycle and providing
ecological corridors for the gene flow of fauna and flora.

To ensure the robustness and applicability of the proposed FIS framework for UGI
planning, an expert validation process was conducted. This process aimed to assess the
relevance of the selected indicators, the coherence of the model’s inference process, and the
applicability of the results to real-world urban planning scenarios. The validation was per-
formed through a structured consultation with a panel of 18 experts selected based on their
experience and expertise in environmental sciences, urban sustainability, and infrastructure
planning. The expert panel included: (i) academics and researchers from universities
and research institutes specializing in environmental studies and sustainability; (ii) public
and private sector professionals, including environmental engineers, urban planners, and
government officials from state environmental agencies; and (iii) multidisciplinary experts,
such as project supervisors and environmental managers from private companies and
public administration bodies.

The consultation was conducted via an online survey using the Google Forms platform.
The survey covered three key dimensions:

e  Relevance of the indicators—experts were asked to evaluate the coherence and suitability
of the indicators used in the model to identify priority areas for UGI implementation;

e  Suggestions for inclusion or modification of indicators—experts were given the oppor-
tunity to propose additional indicators or suggest modifications to existing ones;

e  Evaluation of model coherence and applicability—experts assessed the overall struc-
ture, inference process, and the validity of the results obtained from the case
study application.

5. Application of the Proposed Framework

To validate the proposed FIS-based framework, we conducted a case study in the city
of Sao José dos Campos, located in the eastern region of the state of Sao Paulo, Brazil. The
urban watersheds of this municipality were selected due to their representativeness of
rapid urbanization, environmental variability, and high relevance in regional sustainabil-
ity planning. Additionally, the city holds ISO 37120, 37122, and 37123 certifications as a
smart city, ensuring the availability of high-quality spatial and socio-environmental data,
which is essential for implementing and evaluating data-driven planning models. Its urban
fabric encompasses ecologically sensitive zones, dense urban cores, and socially vulner-
able areas—conditions that are suitable for testing the framework’s capacity to reconcile
conflicting geosphere and biosphere demands. Although the indicators used are context-
specific, the modularity and adaptability of the framework support its transferability to
other urban contexts, provided that locally relevant data are available. This area offers a
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diverse set of conditions that are ideal for testing the framework’s ability to integrate and
prioritize conflicting geosphere and biosphere demands. Figure 6 illustrates the geographic
boundaries and spatial configuration of the selected urban watersheds that served as the
spatial domain for FIS application.
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Figure 6. The study area—urban watersheds of Sao José dos Campos, Brazil.

The municipality comprises 737,310 inhabitants (in 2023) and covers a total area
of 1099.409 km?, with 11.73% designated as urbanized zones. It boasts 94.7% of urban
households along public roads adorned with trees, while 66.4% enjoy adequate sanitary in-
frastructure. When compared with other cities in Brazil, it ranks 961st for road afforestation
and 125th out of 5570 for proper sanitary infrastructure [33].

Taking into account factors such as technological advancements, urban economy,
quality of life, sustainability, and response capability to face natural disasters, Sao José
dos Campos has been certified as the first smart city in Brazil [43], complying with the
conformity indicators established by the International Organization for Standardization—
ISO. It fully adheres to ISO 37120, focusing on quality of life and sustainability, ISO 37122,
which pertains to technology, and ISO 37123, which deals with the city’s economy and its
capacity for prevention and action in the face of natural disasters [44—46].

The proposed fuzzy model can be considered a strategic tool for UGI planning, partic-
ularly due to its ability to handle uncertainty and generate diverse scenarios by varying the
values of the gamma operator. This flexibility allows adjusting the prioritization approach
according to different time horizons, optimizing the allocation of resources and efforts.
Figure 7 presents the identification of priority areas through the integrated assessment of
all indicator parameters derived from preceding analyses considering a short-term horizon
(y = 1), in which the focus can be on prioritizing a smaller quantity of areas with more
urgent demands, addressing immediate needs. In the medium term (y = 0.5), the model
would provide the capacity to establish an intermediate scenario. This allows for a more
balanced approach, addressing areas with significant demands but with a more extended
implementation perspective. In the long term (y = 0), the model could be adjusted to
prioritize a larger quantity of areas, encompassing existing but less urgent demands.
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Figure 7. Urban areas prioritized for implementing UGI in a short-term horizon.

The selection of y values is grounded in the operational mechanics of the GAMMA
operator in fuzzy inference. When v = 1, the output is driven by the fuzzy algebraic sum,
producing a more permissive aggregation—suitable for identifying critical areas in short-
term planning. When y = 0, the output is based on the algebraic product, leading to more
stringent prioritization and wider coverage, ideal for long-term, inclusive interventions.
The intermediate value vy = 0.5 balances these extremes. This parameterization enables
planners to tailor spatial priorities to different implementation timeframes by adjusting
the sensitivity of the decision rules. The temporal flexibility enables efficient resource
management, considering the gradual evolution of urban conditions. In addition, it also
allows for a comprehensive and sustainable vision, considering the gradual transformation
of the urban environment over time. Thus, the model not only provides a dynamic approach
to current demands but also becomes an adaptable tool for strategic urban planning across
different time horizons.

From the results, it is evident that the proposed tool effectively classified the study
areas concerning demands related to extreme event mitigation, water quality maintenance,
habitat conservation, and spaces for leisure and recreation. This comprehensive classi-
fication provides an evidence-based understanding of urban green infrastructure (UGI)
demands, enabling targeted and effective planning.

For example, in areas where habitat conservation emerged as the primary demand
for prioritization, the recommended green infrastructure typologies, such as green roofs,
pollinator gardens, wildlife corridors, artificial nesting structures, and aquatic habitats, as
listed in Table 4, align with the ecological needs of the area. This promotes biodiversity
and enhances the overall health of the urban ecosystem. Conversely, in areas where leisure
and recreation were identified as the main demand, the FIS recommends typologies like
community parks, botanical gardens, green trails, outdoor fitness zones, and plaza gardens.
These interventions not only contribute to the physical and mental well-being of urban
residents but also foster a sense of community engagement. The suggested UGI typologies
align with the recreational needs of the area, promoting a healthier and more socially
vibrant urban environment.
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6. Expert Validation

The majority of experts rated the proposed indicators as “relevant” or “highly relevant”
for identifying priority areas for UGI implementation (Figure 8). While some experts ex-
pressed minor concerns about specific indicators—such as the indirect role of vulnerability
levels in decision-making—there was a strong consensus on maintaining all proposed
indicators without exclusions.
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Figure 8. Experts’ perceptions of the relevance of the proposed indicators.

Interestingly, when asked whether additional indicators should be included, most
experts indicated that the current set of indicators was comprehensive and sufficient.
However, a specific suggestion was made to consider an indicator related to resource
prioritization under budget constraints, highlighting the importance of financial feasibility
in urban sustainability planning.

The coherence of the model’s results was also positively evaluated (Figure 9). Most ex-
perts classified the model’s outcomes as “highly coherent”, with some responses indicating
that results were simply “coherent” but never inconsistent or unreliable. The structured
inference process and the ability of the model to classify urban areas into four priority
categories—extreme event mitigation, water quality maintenance, habitat conservation,
and leisure and recreation enhancement—were particularly well-received.
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Figure 9. Experts” perceptions of the coherence of the results from the application of the proposed
model in the study area.

When asked about potential improvements, most experts did not identify any critical
weaknesses in the model. However, one recommendation was to incorporate an open-
ended question in future validation forms, allowing respondents to provide qualitative
insights beyond the structured survey format.
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The expert validation process confirmed the scientific rigor and practical applicability
of the proposed framework. The overwhelmingly positive feedback on indicator selection,
model coherence, and inference accuracy suggests that the FIS-based approach is a viable
tool for guiding urban green infrastructure planning. Moreover, the interaction with
specialists provided valuable insights for future refinements, particularly regarding the
integration of economic constraints into the decision-making process.

This validation reinforces the study’s contributions to urban sustainability, demonstrat-
ing that data-driven methodologies can effectively support policy and planning decisions.
Future research can build upon this foundation by expanding the expert panel, integrating
financial optimization models, and applying the framework across diverse urban contexts
to enhance its adaptability and scalability.

7. Limitations and Future Research Directions

While the proposed FIS-based framework has demonstrated both technical feasibility
and conceptual robustness, several limitations should be considered and acknowledged to
inform future research and support broader applicability.

First, the study did not include a comparative evaluation with alternative decision-
support methodologies, such as Multi-Criteria Decision Analysis, machine learning ap-
proaches, or GIS-only models. This omission reflects the study’s primary aim of devel-
oping and validating a novel, expert-driven FIS architecture tailored to specific urban
planning challenges. Nevertheless, benchmarking the framework against established
methodologies is essential to strengthen its empirical foundation and should be prioritized
in future research.

Second, the framework currently operates using static, secondary spatial data and
expert-defined rule bases. While these choices ensure transparency and interpretability,
they may not adequately reflect dynamic urban conditions. Incorporating real-time environ-
mental monitoring and crowdsourced data sources would enhance the model’s adaptability
and responsiveness to temporal changes.

Third, although we employed expert validation to assess the coherence of the model
and the relevance of its indicators, the framework does not yet integrate broader stake-
holder engagement processes. The absence of participatory mechanisms, such as pub-
lic input or multi-level institutional review, may limit its applicability within inclusive
planning contexts.

Fourth, the framework was applied to a single case study—Sao José dos Campos,
Brazil. While this city presents a relevant context of urban environmental complexity, the
generalizability of the model to other urban systems with different socio-ecological and
governance characteristics remains untested.

To advance the framework’s utility and scope, future research should focus on bench-
marking its performance against other UGI planning methods; applying it to diverse
geographic and institutional settings; incorporating participatory and real-time data inputs;
developing hybrid models that integrate fuzzy logic with optimization or predictive tools;
and exploring its integration into municipal GIS platforms or digital twin systems to enable
real-time planning support.

8. Conclusions

This study presents a fuzzy inference system (FIS)-based framework to identify pri-
ority areas for urban green infrastructure (UGI), addressing the complex demands of
urban resilience and sustainability. Through seven interconnected modules, the model
systematically integrates environmental and social indicators to classify urban areas and
recommend tailored UGI typologies, such as sustainable drainage systems, riparian buffers,
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and community parks. Its application in Sao José dos Campos, Brazil, a smart city with
diverse urban environmental conditions, demonstrates the framework’s effectiveness in
supporting targeted planning across multiple time horizons.

By enabling the adjustment of prioritization sensitivity via the gamma operator and
adopting transparent, expert-informed rule bases, the framework accommodates uncer-
tainties and promotes informed decision-making. Importantly, it offers a clear pathway
for policymakers by aligning with municipal planning instruments—such as master plans
and ecological zoning—while ensuring integration with commonly used GIS platforms.
Furthermore, the framework provides a practical decision-support pathway for policymak-
ers by aligning its modular structure with existing urban planning instruments such as
municipal master plans, ecological zoning, and resilience strategies. By utilizing accessible
GIS platforms and transparent rule-based logic, the framework facilitates institutional
adoption, allowing planners to integrate UGI prioritization seamlessly into regulatory
processes and policy development.

Although the model relies on secondary data and expert judgment, its modular
structure and validation by multidisciplinary experts confirm its practical applicability.
Future research should extend the framework to diverse urban contexts, integrate real-time
data inputs, and explore participatory planning mechanisms to further its scalability and
responsiveness. In doing so, this approach will strengthen the role of artificial intelligence
in sustainable urban governance, contributing to climate adaptation and the long-term
resilience of cities.
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