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Highlights

What are the main findings?

• Integrating behavioral simulation with spatial analysis supports context-sensitive
assessments of walkability equity.

• Results show inequity emerges from relational configurations, not single deficits.

What is the implication of the main finding?

• The proposed workflow provides a transferable, process-based approach for diagnos-
ing urban accessibility.

• The findings inform smart-city strategies by highlighting how environmental stress
reshapes everyday accessibility.

Abstract

Urban green spaces play a critical role in mitigating heat stress and enhancing urban
livability, in line with the objectives and expectations of the United Nations Sustainable
Development Goals 10 (Reduced Inequalities) and 11 (Sustainable Cities and Communi-
ties). This study employs Physarealm (Grasshopper), a lightweight agent-based simu-
lation (ABS) model, to dynamically simulate pedestrian behaviors for different mobility
groups. Together with Space Syntax, the results—time-extended movement and interaction
patterns—are conceptualized as a relational configuration of green space provision (supply),
pedestrian activity intensity (demand), and thermal exposure (environmental resistance).
Three contrasting urban areas in northern Italy (Lambrate, Bolognina, and Ispra) are se-
lected as case studies. The results demonstrate that urban inequality cannot be sufficiently
explained by the inadequacy of single components, but emerges from imbalanced rela-
tional configurations of supply, demand, and environmental resistance. In May, 100% and
95% of traversed cells in Lambrate and Bolognina fall within the high-heat-stress range
(>32 ◦C), compared with 59% in Ispra. Correspondingly, average green provision within
the 5 min walking range is 5.4% in Lambrate, 7.2% in Bolognina, and 37% in Ispra. By
uncovering relational mismatch patterns that are often overlooked in conventional urban
analyses, this study enables a multi-dimensional diagnosis of imbalances. By positioning
ABS as a front-end process generator and Space Syntax as a structural interpretation step, it
demonstrates how dynamic behavioral processes can be reorganized into network-scale
diagnostic representations. The study supports a climate-sensitive and human-centered
diagnosis of walkability and green space accessibility, while contributing a transferable
analytical approach for identifying relational inequality patterns within open urban data
science contexts.
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1. Introduction
1.1. Urban Livability and Sustainable Walkability

Beyond a transportation issue, urban walkability has increasingly been recognized
as a critical attribute of livability in sustainable cities, serving as a measure of physical
health, environmental performance, and social inclusion [1,2]. A well-designed walking
environment helps to enhance social interactions among urban residents in and around the
neighborhoods, as well as encourages daily physical activities by fostering a more coherent
urban fabric through reducing the dependence on private vehicles, which constitutes an
essential component of Sustainable Development Goal (SDG) 11: “inclusive, safe, resilient,
and sustainable cities and human settlements” [3]. Despite this growing recognition, urban
walkability is still predominantly assessed through static, infrastructure-oriented indicators,
such as sidewalk provision or proximity to destinations, reflecting a tendency long noted
in landscape planning studies that lived experience is often neglected in favor of spatial
provision [4].

In this context, urban green spaces (UGSs) serve as crucial structural elements of the
walkability system. Parks, pocket gardens, and linear green corridors offer opportunities
for leisure and recreation [5,6] and, at the same time, improve air quality and mitigate the
urban heat island (UHI) effect [7]. Urban green spaces shape the environmental comfort
and experiential quality of everyday walking environments.

Yet, while these benefits for urban resilience and livability are well-acknowledged,
their distribution reflects persistent socio-spatial differentiation across the urban fabric [8].
The accessibility and quality of green infrastructure are often influenced by income, density,
and urban morphology [9,10], according to research on environmental justice. This uneven
greenery geography creates a “green equity paradox” [11], while cities increase the total
green cover, but reinforce inequality in stakeholders’ actual benefits. Taking Barcelona as an
example, the growth of green infrastructure and ecological projects has indeed improved
the overall greenery level, but these interventions have also marginalized vulnerable groups
or excluded them from the actual benefits [12].

When walkability is considered not only as a mobility mode but also as a matter of
spatial justice, it becomes a critical entry point for addressing inequities embedded in
everyday urban experiences [13]. As cities strive for climate adaptation and low-carbon
transition, it becomes essential to create inclusive environments that enhance health and
sustainability simultaneously by understanding how the conditions of walking mediate
access to green spaces, and how urban morphology shapes walkability and green space
proximity [14,15].

1.2. Ecosystem Services and Spatial Accessibility Under Urban Heat Stress

Another critical concern lies in the spatial and temporal discrepancy between the
assessment of ecosystem services and their actual entry into urban processes. Green infras-
tructure can offer supporting and regulating services in the long run [16,17]; however, urban
planning focuses on the short-term (e.g., decades) land value and temporary functional
zoning at the expense of the slowly released ecological services [4,18]. Cultural services
(i.e., the value of the experience, identification, or inspiration associated with an ecosystem)
are hard to quantify and therefore have a relatively weak impact on decision-making [19],
although they have a great influence on urban life. This gap points to a hidden mismatch
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between how ecosystem services are evaluated and how they are actually obtained, which
can be understood through a relational structure of the form “demand—travel—service”,
which are often examined in isolation [20] within existing research.

Urban scholars worldwide have extensively evaluated accessibility (“demand” and
“service”) using various refined methodologies, including distance-based approaches,
cumulative opportunity models, potential models, and the 2SFCA method, to ensure ana-
lytical outcomes align with reality [21,22]. These approaches describe important dimensions
of ecological benefit distribution, which largely focus on “what” is available and “where”
to access. Green space density, proximity, or diversity are often introduced to infer the
quality of green infrastructure, which implicitly assumes that all residents can approach
these benefits under comparable conditions [23,24]. But the third component—travel—has
received far less analytical attention, leaving “how services are obtained” less explicitly
examined. Yet, to access ecosystem services is contingent on not merely their presence but
the feasibility of reaching them through the existing urban environment.

Under thermal pressures, the continuity, comfort, and microclimatic characteristics
of walking routes become decisive factors, especially for children and elderly adults. Ur-
ban heat stress, as an environmental resistance, systematically constrains walking-based
access to ecosystem services, amplifies age-related vulnerabilities, and transforms cli-
matic exposure into a key determinant of spatial inclusion [21,25]. Routes that are ex-
cessively exposed, and zones that are fragmented, or thermally stressed, can diminish
or even negate the effective benefits of green spaces [26]. Consequently, ecological ser-
vices may appear adequate spatially, but in reality, remain practically inaccessible, in
particular to mobility-limited groups. This highlights “travel”, specifically walking, as
a central relational mechanism through which the differentiated accessibility outcomes
emerge from the interaction of ecosystem service provision, population demand, and
environmental stress.

1.3. Age-Differentiated Urban Mobility and Inclusion

Walkability bridges people to the ecological and social infrastructure [27,28]. But
the ability to reach, experience, and benefit from urban green spaces varies significantly
across different age groups [29,30]. Research on environmental gerontology shows that
older adults and children experience spatial contraction in their daily activity ranges,
becoming more reliant on neighborhood spaces for recreation, nature engagement, and
social interaction [31]. In other words, the neighborhood is more than a spatial unit, it is a
lifeworld [32], whose proximity and familiarity decide the access to public space [33] and,
ultimately, the sense of inclusion [34].

Nonetheless, conventional urban planning and policy practices tend to treat citizens
as a homogeneous group or rely on sociological average values, taking their mobility
patterns as a unified benchmark [35]. However, urban morphology (including street
connectivity, intersection density, block size, and the allocation of green and open areas)
plays a decisive role in determining who can walk comfortably and who cannot [36,37]. As
a result, the barriers of heat-exposed routes and distant services extend beyond physical
effort, becoming a form of spatial exclusion for mobility-limited populations [38].

These barriers are further intensified as thermal discomfort and exposure extremely
constrain the walking capacity of older adults and children [39], transforming climatic
conditions into a non-neutral determinant of spatial inclusion. Despite this recognition,
behavior-sensitive mobility remains rarely operationalized in walkability or green space
accessibility assessments, which continue to rely on averaged mobility indicators that
obscure differentiated constraints and vulnerabilities [40,41].
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These mobility constraints are further amplified by uneven investment patterns of
green gentrification, through which improvements in green spaces benefit already advan-
taged neighborhoods [42]. While general urban green space coverage appears adequate,
high-quality green spaces are often concentrated in affluent areas, leading to an uneven
distribution of ecological benefits [43,44]. In this sense, spatial inequities lie not in “where”
green spaces are located, but “how” (different) groups are able to reach and benefit un-
der varying conditions. On this topic, ensuring comfortable and feasible access to urban
services and infrastructures for diverse pedestrian groups extends beyond a technical
challenge, becoming a fundamental question of urban justice, closely aligned with global
commitments to reducing inequalities and promoting inclusive urban development [45],
and calling for systemic perspectives capable of capturing the relational and dynamic
accessibility patterns of everyday urban life.

1.4. Agent-Based Simulation (ABS) as a Potential Tool for Urban Ecosystem Service Studies

But from a dynamic perspective, existing studies remain grounded in static or quasi-
dynamic (time-sliced) analytical frameworks on green space accessibility and environ-
mental justice [46,47], as spatial–temporal sensitivity analyses based on differentiated
population behaviors are playing an increasingly important role in equity-oriented stud-
ies [48]. To address the “dynamic” nature when modelling ecosystem–service interactions,
individual-level movement, as well as emergent spatial patterns of heterogeneous mobility
behaviors, Agent-Based Simulation (ABS) or Agent-Based Modeling (ABM) have increas-
ingly been used as a potential tool. As “artificial laboratories” [49], ABS and ABM operate
on the principle that “a system is modeled as a collection of autonomous decision-making
entities called agents. Each agent individually assesses its situation and makes decisions
based on a set of rules” [50]. This could therefore be applicable in explaining the “dynamic
and complex” interaction for addressing the limitations of static or allocation-based assess-
ments, as it enables the explicit modelling of heterogeneous pedestrian behaviour, spatial
configuration, and their interaction with environmental conditions [51,52].

ABS-based approaches have been adopted to represent complex urban systems. Typi-
cally, segment-based platforms such as NetLogo provide the simulation settings by defining
customized distance/route choice logics (e.g., metric, topological, and angular shortest
paths) [53], which create simulated footfall distributions at the street segment level, thus pro-
viding comparable patterns with observed results [54,55]. Emerging applications through
multi-disciplinary and cross-disciplinary methods signal their potential. The UrbanSim
system is used to simulate the dynamic process of urban development [56] and supports
integrated analysis of land use, transportation, and environmental planning. Through
detailed (household/employment individual records) and explicit real estate market de-
mand modeling, it more accurately reflects complex urban systems to contribute to urban
development planning. In terms of visitation dynamics in open public spaces, researchers
like Cheliotis. K [49] constructed ABMs for public space usage, encoding activity rules
based on observational studies. Through parameter scans and Lorenz curves, the models
evaluated the plausibility of simulated activity distributions at the aggregate level while
acknowledging its limitations in reproducing individual dwell times, based on spatial
configuration, distance thresholds, and site attractiveness, producing spatial intensity maps
of visitation pressure and accessibility [57].

DepthMap, as a classic spatial syntax analysis tool, offers the opportunity to integrate
urban ABS to visualize cross-network flow analysis, providing simulation data for medical
care, emergency evacuation, and public transportation congestion [58]. Syntax-derived
metrics can be further integrated into agent-based approaches, enabling the movement
decision of pedestrian agents to be influenced by both distance criteria and the overarching
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spatial structure of the network. By combining these two parameters, the resultant cross-
network flow patterns exhibit both topological accessibility and behavioral dynamics [53].
This combination could be used to measure how well emergency evacuations work, how
crowded public transportation functions, as well as the accessibility of core public services.

With recent advances in artificial intelligence, ABS/ABM frameworks have increas-
ingly incorporated AI-driven components to enhance the representation of complex urban
dynamics [24]. OpenCity, an open smart city architecture testing platform hosted by Vir-
ginia Commonwealth University (VCU), uses Large Language Model (LLM) agents to
simulate and predict urban activities on a large scale [59,60]. This ability is crucial for com-
prehending the ecological and social aspects of green infrastructure performance. However,
the application of ABS to the modeling of ecosystem service accessibility under heat stress
and to the analysis of age-differentiated equity outcomes in fragmented urban green space
systems has not yet been widely implemented.

These studies have pointed toward the value of dynamic approaches, suggesting the
need to further advance human-centered, behavior-based analyses that capture the tempo-
rally sensitive nature of pedestrian accessibility beyond static or time-sliced representations,
especially under urban heat stress.

1.5. Research Gaps and Contributions of This Study

Although substantial theoretical progress has been made in studies of walkability,
green space distribution, and urban thermal environment, research that integrates these
dimensions, as well as examines their equity implications under climate stress, remains
limited. Firstly, conventional analyses based on homogeneous spatial attributes fail to
capture the behavioral and perceptual differences among age-differentiated population
groups. Secondly, heat exposure is typically treated as a macro-level environmental variable,
with limited attention to how it alters the actual route choices of different groups, which
often results in uniform, “one-size-fits-all” urban interventions that lead to inefficient
resource allocation. When non-customized design strategies fail to adequately meet the
diverse needs of urban infrastructure users, planning effectiveness is reduced. Finally,
urban morphology, pedestrian behaviors, and climatic conditions are often addressed
as separate analytical dimensions, lacking an integrated framework capable of revealing
the hidden causality and cumulative effects. Together, these gaps unveil the absence of
an analytical approach capable of simultaneously capturing heterogeneous pedestrian
behaviour, climate-induced environmental resistance, and their interaction with urban
spatial configuration, specifically at fine-grained spatial scales.

Building on the identified research gaps, this study is directed by the following
research question:

How do the interactions between green space, pedestrian mobility, and thermal condi-
tions shape age-differentiated walkability and environmental exposure in urban contexts?

The study adopts a diagnostic approach aimed at revealing relational mismatches
between supply, demand, and environmental resistance. In this sense, the objective is not
to evaluate whether a city is equitable or not, but to understand how specific spatial and
behavioural configurations produce differentiated accessibility and exposure outcomes
across population groups. Within this unified diagnostic workflow, the methodological
framework clearly links these dimensions by integrating Agent-Based Simulation (ABS),
Space Syntax analysis, and Land Surface Temperature (LST) mapping to examine the inter-
action patterns between people and nature under thermal environmental conditions. This
multi-layered diagnostic approach seeks to explore how urban form generates inclusive
or exclusionary impacts on everyday walkability, thus providing scientific support for
achieving more equitable and sustainable urban development. It integrates pedestrian
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behaviour, spatial configuration, and thermal conditions within a unified diagnostic struc-
ture, allowing walkability equity to be examined through their dynamic interaction under
climate stress.

2. Study Areas and Data
2.1. Study Areas

This study conducts an in-depth analysis of three urban areas in Italy—Lambrate
(Milan), Bolognina (Bologna), and Ispra, each representing a distinct spatial configuration
and administrative context, to reflect their contrasting ecological, spatial, and demographic
characteristics, which together provide complementary insights into the performance of
urban green infrastructure in local and medium-scale European urban contexts.

Lambrate is located in northeastern Milan, characterized by an urban fabric that
combines industrial heritage with ongoing regenerative development. It is a densely
populated neighborhood in the expansive area within the metropolis of Milan. A major
railway runs through the center of the site, creating a strong physical and ecological barrier.
Bolognina, situated north of Bologna’s Central Station, has recently emerged as a pilot
area for urban regeneration through building refurbishment, public space enhancement,
and community-driven governance. Its densely interwoven secondary streets form closed
or semi-closed neighborhoods. Ispra, located on the eastern shore of Lake Maggiore in
northern Italy, represents a low-density urban settlement embedded within a rich ecological
landscape. It hosts the Joint Research Centre (JRC) of the European Commission, making it
a strategically significant site for environmental innovation and data-informed governance.

From a comparative perspective, Lambrate, Bolognina, and Ispra represent distinct ty-
pologies of green infrastructure governance and urban forms. Lambrate allows to examine
the influence of grey infrastructure barriers (railway) on green infrastructure performance.
Ispra exemplifies ecological adjacency and peri-urban continuity, while Bolognina illus-
trates the inner-city fragmentation and redevelopment dynamics. The inclusion of these
cases supports a multiscalar and typologically diverse analysis of urban green infras-
tructure efficiency—in line with calls for ecological urbanism to be grounded in regional
heterogeneity and context-specific urban ecologies [61,62].

2.2. Data Sources and Description

This research works on a collection of spatial datasets describing the built environment,
demographic distribution, and satellite imagery. The data resources were obtained from
regional geoportals, global demographic repositories, and remote-sensing archives, which
provide the multi-layered spatial foundation for age-differentiated accessibility modelling.
Table 1 summarizes all GIS data used in the analysis, along with their sources and acquisi-
tion dates. Precisely, demographic data are derived from WorldPop (2025 release), spatial
datasets such as administrative boundaries, buildings, and green spaces are obtained from
regional geoportals (2024), while NDVI and Land Surface Temperature (LST) are extracted
from Landsat 8–9 imagery acquired in May and November 2024, with the specific acquisi-
tion dates falling between the 1st and 15th day of each month depending on cloud cover
conditions (<30%).

The public green spaces exhibit distinct distribution characteristics across the three can-
didate sites. In Lambrate, green spaces are scattered, including linear parks, small pocket
green spaces, and roadside green belts, often fragmented by transportation infrastructure
and high-density buildups, mixed with the diverse social demographic structure (includ-
ing elderly residents and students). In Bolognina, informal green spaces and potential
ecological corridors exist along the railway lines. However, strong physical barriers limit
connectivity, resulting in a “high-potential, low-connectivity” fragmented urban area. In
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contrast, Ispra is characterized by dispersed built forms, extensive peri-urban green areas,
and close proximity to Natura 2000 protected zones. This spatial configuration provides
a valuable testing ground for evaluating green infrastructure performance in semi-rural
contexts with high ecological value but fragmented planning regimes.

Table 1. Data Collection and Resource Links.

Data Layer Data Resource Repository Link

Administrative Boundary
(in vectors) Geoportale—Lombardia

https://www.geoportale.regione.
lombardia.it/en-GB/home (accessed
on 1 May 2024)

Population (in raster) WorldPop
(The Humanitarian Data Exchange)

https://data.humdata.org/dataset/
worldpop-population-counts-2015-2
030-ita (accessed on 22 Jan 2025)

Volume (in vectors)
Geoportale—Regione
Emilia-Romagna
Geoportale—Lombardia

https://geoportale.regione.emilia-
romagna.it/ (accessed on 1 May 2024)
https://www.geoportale.regione.
lombardia.it/en-GB/home (accessed
on 1 May 2024)

Green Space (in vectors)
Geoportale—Regione
Emilia-Romagna
Geoportale—Lombardia

https://geoportale.regione.emilia-
romagna.it/ (accessed on 1 May 2024)
https://www.geoportale.regione.
lombardia.it/en-GB/home (accessed
on 1 May 2024)

Normalized Difference Vegetation
Index (NDVI) Landsat 8–9 https://earthexplorer.usgs.gov/

(accessed on 22 Jan 2025)

Land Surface Temperature (LST) Landsat 8–9 https://earthexplorer.usgs.gov/
(accessed on 22 Jan 2025)

Figure 1a–c shows the distribution of population across the three study areas, indicat-
ing the distinct concentration patterns in each zone. In Lambrate, pronounced aggregation
appears on the western side of the railway, while the eastern industrial zone shows a clear
absence of residential population. Bologna exhibits a more even distribution, reflecting
the uniform spatial arrangement of residential buildings across the district. Ispra demon-
strates a more village-like pattern, with compact clusters concentrated along the waterfront
and aligned with the main road network; its total population is approximately 5300. The
population data are derived from WorldPop (Table 1), which produces gridded estimates
by redistributing census counts through a dasymetric modelling approach [63]. Due to
the heatmap-based population representation, population density values may be allocated
to non-residential areas, such as public spaces or transportation corridors. These model-
driven artefacts will be further processed in Section 3.2.1 (Population data preparation) to
refine the dataset for subsequent simulation.

Considering that the functional influence of urban green spaces is not confined to
administrative boundaries [64], the green space statistics (Table 2) were calculated within
each boundary and an additional 390 m external buffer, which will be explained in detail in
Section 3.2.1. As shown in Table 2, the three study areas exhibit marked differences in green
space provision. Lambrate and Bolognina, both compact and densely built urban districts,
offer limited green space per capita, with 50.59 m2 and 33.42 m2, respectively. In con-
trast, Ispra provides a substantially higher level of green space availability, approximately
920 m2 per capita. This contrast highlights the structural differences between compact
urban neighborhoods and low-density village environments, and provides a diverse set of
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morphological contexts for subsequent modelling. Based on these spatial characteristics,
Section 3 introduces the methodological framework used to process and integrate data, as
well as the simulation procedures employed in this study.

Figure 1. Population Density and Green Space Distribution in the Three Study Areas (Lambrate,
Bolognina, and Ispra). (Top row): Heatmaps of population derived from WorldPop (3 arc-second
resolution) gridded data, illustrating local population concentration patterns across the three selected
districts. Darker tones indicate a higher population. (Bottom row): Spatial distribution of green
spaces used in the analysis, including publicly accessible and semi-public vegetated areas. These
polygons represent the green space layer employed in the simulation and assessment. Administrative
boundaries of the study areas are outlined in red.

Table 2. Population Structure and Green Space Provision in the Three Study Areas.

Population Green Space

5–14
Years Old

15–59
Years Old

60+
Years Old Total Total Green

Space (m2)
Average (m2/per

Capita)

Lambrate 1292.93 7249.74 2948.44 11,491.11 581,314.31 50.59
Bolognina 2342.10 11,585.71 5235.23 19,163.04 640,338.01 33.42

Ispra 818.79 3023.14 1417.58 5259.52 4,841,168.18 920.46
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3. Methodology
3.1. Methodological Framework

The general methodology processes both spatial and behavioral data, and includes the
workflow of the ABS model and quantitative relational diagnosis. Based on the simulation
results, the study develops an integrated diagnostic framework that captures both green
space provision and urban climate adaptability. Combining human mobility with climate
risk exposure, the methodology offers a chance to identify behavioral discontinuities and
provides a grounded basis for guiding targeted green space interventions in urban planning.
This paper employs Agent-Based Simulation (ABS) as a diagnostic tool to reveal relational
mismatches among green space provision, pedestrian demand, and thermal exposure,
rather than merely estimating accessibility levels.

Building on this framework (Figure 2), the workflow proceeds from data preparation
into the construction of obstacle, emitter, and food layers, which are represented as solid and
point-based geometries for ABS. Within this workflow, ABS is used to generate dynamic
pedestrian movement and exposure patterns, Space Syntax analysis is used to interpret
the structural configuration of interconnection networks, and Land Surface Temperature
(LST) is combined as an environmental resistance factor shaping walking conditions. The
model generates two complementary types of simulation outputs: (a) interconnection
maps, which represent stabilized networks of agent interactions reflecting the structural
continuity of green spaces, and (b) trail maps, which represent individual pedestrian
movement trajectories originating from building-based emitters and constrained by age-
specific activity radii, thereby capturing heterogeneous walking behavior.

Having simulated interconnection and movement patterns, the ABS outputs are
subsequently examined to diagnose and explain age-differentiated inequities in access
to urban green spaces under heat stress, with particular attention to relational mis-
matches among supply (Green Provision), demand (People), and environmental resistance
(Thermal Stress).

At the one-dimensional level, Space Syntax Analysis is applied to the Interconnection
Maps to explore the heterogeneity of green space supply, focusing on continuity of green
space and the potential to attract pedestrians. In parallel, pedestrian demand is quantified
using Trail-Weighted Population (TWP) measures, which aggregate simulated pedestrian
presence along walking trajectories to capture the spatial intensity of pedestrian activity.

Building on the above, two-dimensional relational analyses are conducted subse-
quently. The joint examination of interconnection intensity (demand) and green proximity
(supply) explores mismatches between pedestrian activity patterns and the spatial distribu-
tion of resources. And the combination of pedestrian exposure (demand as well) and Land
Surface Temperature (resistance) reveals disparities in thermal conditions experienced
during pedestrian movement. Finally, the results are synthesized into a three-dimensional
relational space that integrates supply, demand, and resistance, serving as a methodological
summary through the cross-mapping of multiple analytical dimensions and providing a
unified basis for subsequent diagnostic interpretation. This three-dimensional relational
representation enables the classification of accessibility conditions and the identification
of recurrent inequity patterns, which are examined comparatively across the case studies
in Section 4.
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Figure 2. General Methodological Framework.
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3.2. Data Preparation
3.2.1. Standard and Mobility-Constrained Agent Groups

As mentioned in Section 2.2, the mapping algorithm of WorldPop leads to a dis-
tribution of population data that does not follow the pattern of built volumes. At this
step, the WorldPop data are further processed: population distributions are relocated to
the nearest building volumes and stored as a point layer as agent emitters. In the ABS
stage, these emitters are prepared to analyse the accessibility of urban green spaces with
higher precision.

To refine the discussion of inequality, this study further divides urban residents into
two agent groups: the Standard-mobility Group and the Mobility-constrained Group.
This classification is based on differences in accessibility and perception capabilities. The
Mobility-constrained Group is defined as a behavioral proxy representing pedestrians
with reduced walking capacity under physiological and environmental constraints, rather
than as a fixed demographic or medical category, with particular emphasis on the usage
constraints faced by elderly individuals and those with limited mobility due to factors
such as high-temperature exposure and walking difficulties. By setting different walk-
ing speed and distance thresholds, the model can more realistically simulate the actual
experience of various groups regarding the continuity of urban green spaces, thereby
revealing the potential disconnect between “structural green space accessibility” and
“perceived fairness”.

According to the research of M. Southworth [27] and K. Turoń [65], the average speed
of adult pedestrians in cities is 1.2–1.5 m/s, depending on the urban form and quality of
the walking environment. This is also in coherence with the United Nations Economic
Commission for Europe (UNECE) [3], which takes 5.0 km/h as the average walking speed
for general pedestrians. Based on values reported in the literature and relevant research,
this study took 1.2 m/s as the walking speed for the Standard-mobility Group and used its
5 min catchment as the radius for agent simulation (RGroup = 390 m). In contrast, elderly
people walk more slowly than general adults (about 20–30% slower), as researched by
M. Reisi [66] and H. Mohsen [67]. The average walking speed of people aged 65 and
above is 0.8–1.0 m/s, so that 0.9 m/s and 270 m were taken as the RGroup for the Mobility-
constrained group. Walking speed and activity radius are defined on these values to ensure
consistency with empirically observed pedestrian behavior.

This differentiation allows the diagnosis of mismatches between the structural ac-
cessibility of green space and the experienced accessibility by pedestrians with different
mobility capacities. In the simulation, parks and gardens (public and semi-public spaces)
are taken as destinations instead of all types of green spaces. This is due to the role parks
and gardens play in citizens’ daily lives, and ensures consistency in accessibility assessment
by focusing on green spaces that are generally open to public use.

3.2.2. Green Space Sampling Based on Normalized Difference Vegetation Index (NDVI)

In this ABS model, the green space data was operated as a point cloud layer, which
requires converting green space polygons into regular sampling points, as the “food”
layer. It represents green spaces that attract pedestrian agents within the resistance-based
movement model. First, all urban green spaces were sampled at a density of one point
per 200 m2, while patches smaller than 200 m2 were represented by a single point to
ensure their presence in the model. On this basis, Normalized Difference Vegetation Index
(NDVI) values were extracted for all sampling points, and points with NDVI values greater
than 0.5 were duplicated to increase the weight of medium- to high-quality vegetated
areas. According to previous research [24,43,68], higher NDVI values generally indicate
higher vegetation health, density, and environmental quality [69], which makes such
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green spaces more attractive to residents [70]. This threshold follows commonly adopted
classifications of medium-to-high vegetation density in urban remote sensing studies, while
point duplication is used as a discrete weighting strategy compatible with the point-based
structure of the ABS model. Therefore, in this simulation, assigning additional weight
to green spaces with NDVI > 0.5 enables the ABS to better approximate actual human
spatial preference patterns. The NDVI-based sampling and weighting procedure is applied
uniformly across all study areas to ensure methodological consistency and comparability
of green space attractiveness within the simulation.

NDVI =
NIR − RED
NIR + RED

(1)

Formula (1) represents the calculation of Normalized Difference Vegetation Index
(NDVI) used in this study, where RED and NIR stand for the spectral reflectance measure-
ments acquired in the red (visible) and near-infrared regions from Landsat 8–9, respectively.

3.3. Modeling Human Walkability
3.3.1. Agent-Based Simulation for Pedestrian Movement Patterns

In this study, the ABS model is derived from the Physarealm plugin for Rhino
Grasshopper. Physarealm works as a multi-agent system where agents adhere to local
gradients inside a diffusive-decaying trail field, reinforcing trails through deposition; the
resultant global network pattern emerges as a self-organized consequence of these iterative
local rules [71,72]. Physarealm consists of modules including emitter (releases agent points),
food (attracts agent points), and environment (e.g., obstacles and land slopes), and the
central processing core. The principle is that by locating the emitters’ positions through
sampling points (population points in buildings, in this case), the emitters send agent
points to move around to find food points within the environment (Figure 3a).

Figure 3. Multi-Agent Model for Pedestrian Pattern Simulation.

The ABS model consists of two complementary simulations based on the pre-processed
geometry of urban components as the input layers in QGIS (Section 3.2). As shown in
Figure 3b, the first simulation is the Agent Trail Simulation. It focuses on capturing and
aggregating the movement trajectories of individual agents. During the simulation, agents
are emitted from buildings and navigate around obstacles toward nearby public green
spaces (food nodes). Once the simulation reaches a stable state (after around 50 iterations),
the system begins recording all trails generated by the agents. The trajectories produced
between iterations 50 and 150 (T50

n to T150
n) are recorded into cumulative trail layers,
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whose spatial distribution and density are used for statistical analysis. The resulting map
represents the stabilized output, illustrating the cumulative movement trajectories of indi-
vidual pedestrian agents departing from residential buildings and exploring surrounding
green spaces over a simulated duration of 10–15 min (iterations 50 to 150). To ensure
comparability across the three study areas, all simulations are run using an identical set of
input parameters (Table 3). Statistical analysis (detailed in Section 3.3.3—Trail-Weighted
Analysis) of these aggregated trajectories reveals the emergent mobility tendencies of differ-
ent age groups, providing the behavioural basis for subsequent assessments of urban heat
exposure and infrastructural equity. Based on this result, trail density and spatial concen-
tration are interpreted as proxies for pedestrian demand and cumulative exposure along
walking routes.

Table 3. Input parameters of ABS in Physarealm.

Input Parameter Lambrate Bolognina Ispra

General Setting

Food–Agent Ratio (TrRat) 50 50 50
Total Green Space Area 581,314.31 m2 640,338.01 m2 4,841,168.18 m2

Starting Agent Numbers
(PopS: Standard-Mobility Group) 725 1159 302

Starting Agent Numbers
(PopS: Mobility-constrained Group) 425 758 224

Number of Population Sampling
Points (Emitter) 662 1378 1775

Number of Parks and Gardens Sample
Points in Spring (Food) 2954 2183 10408

Number of Parks and Gardens Sample
Points in Autumn (Food) 2954 2180 10027

Number of Buildings and Railway
Geometries (Obstacles) 1513 1372 3109

Agent Setting
Radius of Standard Mobility Group
(Ddis = RStandard) 390 m 390 m 390 m

Radius of Mobility-constrained Group
(Ddis = RConstrained) 270 m 270 m 270 m

The second one, Agent Interconnection Simulation (Figure 3c), examines the spatial
interaction relationships among emitters and food nodes. When agents come within the
predefined proximity threshold (RGroup), an interconnection event is registered. The result-
ing distribution and density of these interconnections indicate the potential pedestrian-
mediated linkages between green space patches, offering insights into how site morphology
influences ecological and social connectivity. The distance between agents must not exceed
the RGroup (Formula (2)), which is different for each mobility group; otherwise, the agent’s
interaction fails and disappears. Since Physarealm is a dynamic simulation, once the agents’
movement stabilizes (50–150 iterations), time slices can be taken for further analysis of the
movement network and location [24]. Given the exploratory and diagnostic nature of ABS,
convergence is assessed at the level of macroscopic spatial patterns rather than through
formal statistical equilibrium tests (see Appendix A.1).

R(A)
ij ≤ RGroup (2)

According to the categorization of the agent groups and the required input geometries
(point and polygon layers), Table 3 summarizes the parameter settings of the Physarealm
simulation. The Starting Agent Numbers (PopS) were defined based on the corresponding
population, with one agent representing ten people. And the distribution of emitters was
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derived from buildings. As a result, the Interconnection network is used diagnostically
to evaluate the structural continuity and potential accessibility of green spaces within the
urban fabric.

3.3.2. Space Syntax Analysis of Green Space Interconnection Patterns

The results of the Agent Interconnection Simulation are represented as networks
defined by corresponding thresholds (Figure 3c). Moving from behavior-driven patterns to
structural hierarchy and weighting, these interconnection networks are further examined
using Space Syntax (DepthMapX version 0.8.0). These networks are processed by segment
analysis [73] to examine their topological characteristics. Specifically, connectivity and
integration measures are employed to visualize the potential for interactions (i.e., access
and encounter) among agents. Through this analysis, a system-wide description of green
space utilization patterns and activity intensity across different agent groups is derived.

The core idea treats segments as nodes and their intersections as edges, com-
puting accessibility by topological steps rather than Euclidean distance. Connectivity
(Formula (3)) utilizes the degrees of segments (number of intersecting segments) to reflect
interaction density and potential activity clustering. It is used to characterize the activity
ranges of residents within the neighborhood and to identify active zones and homogeneity,
thereby observing the agent distribution patterns across the study area.

Ci =
k

∑
j=1

aij (3)

where aij refers to the adjacency value between node i and node j, equal to 1 if i and
j intersect (or directly connect), and 0 otherwise; k is the total number of segments in
the system.

Integration analysis (Formulas (4) and (5)) is based on the topological depth relations
between a given segment and all other segments in the network; lower RAi values indicate
higher global integration, implying that the location is more easily reachable within the
overall configuration and plays a stronger role in structuring spatial accessibility. This mea-
sure facilitates the identification of highly integrated zones characterized by concentrated
movement and activity, contrasting with weakly integrated zones that typically operate as
outlying, fragmented, or less accessible parts.

MDi =
1

(k − 1)∑k
dik (4)

RAi =
2(MDi − 1)

(k − 2)
(5)

In Formula (4) Mean Depth (MDi) and Formula (5) Relative Asymmetry (RAi), k
stands for the number of segments in the system, and d stands for the depth, ∑k dik stands
for the total depth sum from the root node i to all other spaces in the researched zone [74,75].

Connectivity and Integration collectively reveal disparities in interaction density and
accessibility across distinct spatial units, providing a systematic spatial foundation for
understanding green space utilisation intensity, activity distribution patterns, and potential
imbalances within the study area. These outcomes provide crucial inputs for subsequent
thermal environment overlay analysis and comprehensive diagnostics.

3.3.3. Trail-Based Aggregation of Pedestrian Exposure Intensity

In the previous section, the Agent Trail Simulation processed and recorded the pedes-
trian access to nearby green spaces, in which pedestrians are modelled as individual agents
(as shown in Figure 3b). The individual movement trajectories correspond to approximately
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10–15 min of continuous walking activity. This temporal equivalence is derived from the
input walking speed parameters assigned to each mobility group (see Appendix A.2). And
when aggregated spatially, these individual trajectories form macroscopic patterns that
reflect experienced pedestrian mobility. From an experience-oriented perspective, the trail-
based results capture the differentiated conditions encountered by distinct mobility groups
and can be meaningfully aligned with route-based environmental exposure variables, thus
Land Surface Temperature (LST). As a result, the outcomes of the Agent Trail Simulation
are projected onto a 50 m × 50 m hexagonal grid (Figure 4a) and analysed in relation to
the sampled LST data. This grid resolution was selected by considering both the spatial
extent of the study areas and the computational load of the ABS, allowing the total number
of cells to remain within an analytically manageable range (approximately 4000–5000)
while preserving local pattern detection and cross-case comparability. Landsat 8–9 imagery
acquired in May (early summer) and November 2024 (early winter) was used in this study,
with LST derived from the thermal infrared band (Band 10). The chosen seasonal data
represent contrasting seasonal thermal conditions and exhibit spatial gradients across urban
surfaces—such as residential areas, green spaces, and roads—without being dominated by
extreme seasonal conditions, but allowing pedestrian exposure to be examined under both
warmer and cooler walking environments.

Figure 4. Schematic illustration of the trail-based exposure analysis.

Based on the number of simulated pedestrian trails intersecting the cell (ni), a nor-
malized index termed the Trail Pass-through Index (TPIi) was calculated by dividing the
trail count of each cell by the total number of trails across the study area (Formula (6)), as
shown in Figure 4b. The TPIi represents the relative intensity of pedestrian pass-through
activity along walking routes to urban green spaces. To express this movement pattern in
population terms, the index was further multiplied by the total population of the study
area, resulting in the Trail-Weighted Population (TWPi), which reflects the population
exposure during pedestrian trips to green amenities (Formula (7)).

TPIi =
ni
N

(6)

TWPi = TPIi × Poptotal (7)

where ni is the number of (unique) trails intersecting cell i, and N is the total number of
trails recorded in the study area. Here Poptotal is the total population within the study area
according to different mobility groups. TPIi captures the morphology-driven likelihood of
green space choice by pedestrians, indicating where access is structurally more likely to
occur, while TWPi, by explicitly incorporating the total population, better reflects the lived
experience and cumulative exposure of pedestrians across the study areas, which facilitates
comparative analysis across different case studies.
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3.4. From Spatial Mapping to Diagnostic Analysis: Interpreting Structural–Exposure Relationships

Through the mapping of the green spaces’ interconnection and pedestrian concentra-
tion in Section 3.3, the base for assessing the equity in the interaction between pedestrians,
environmental resources, and heat stress has been obtained. However, spatial patterns
alone do not explain how structural differences in green provision are translated into un-
even environmental exposure through mobility. To address this gap, this section introduces
a cross-mapping approach that integrates structural characteristics of green infrastructure
(supply), pedestrian walkability patterns (demand), and thermal environmental condi-
tions (resistance). This cross-mapping approach allows the joint interpretation of these
three layers to identify areas where their spatial alignment or misalignment shapes expo-
sure patterns, and reveals how distinct combinations give rise to differentiated walking
experience outcomes across urban contexts.

3.4.1. Spatial Imbalance Between Green Structure and Pedestrian Intensity

To describe the overall evenness of resource distribution, the Gini coefficient has been
widely applied in studies of economic, public service, and spatial equity. However, as a
static metric, it primarily reflects whether a distribution is equal, without distinguishing
between “equally adequate” and “unequally inadequate” conditions. To complement this
limitation, pedestrian activity intensity (from the interconnection map in Section 3.3.2) is
aggregated within the hexagonal cells and cross-referenced with green proximity, measured
as the distance to the nearest green space.

Through density plot visualization, this approach identifies the locally dominant
configuration (Peak point) of activity intensity and green proximity in each case, which
serves as contextual benchmarks for diagnosing potential spatial overload. This peak point
represents the most frequent co-occurrence of pedestrian intensity and green proximity.
Deviations from this point, reflecting either potential spatial overload (high pedestrian
demand with low green accessibility) or redundancy (low pedestrian demand with high
green accessibility), are marked as “mismatch zones” between pedestrian demand and
green infrastructure supply.

3.4.2. Uneven Thermal Exposure Under Existing Walkability Patterns

Instead of treating temperature as a static spatial attribute, this analysis examines ther-
mal conditions from the perspective of pedestrian experience, building on the trail-based
aggregation of pedestrian intensity introduced in Section 3.3.3. Trail-Weighted Population
(TWP) is used to represent the intensity of pedestrian activity along walking trajectories
and is plotted against land surface temperature (LST) values sampled within the hexagon,
forming a pedestrian-weighted distribution of thermal exposure. Cumulative distribution
curves are further employed to summarize how pedestrian exposure is distributed across
temperature ranges, thereby enabling comparative analysis across the study cases. The
width of the curve captures the degree of concentration of pedestrian thermal exposure,
with narrower and steeper curves indicating more evenly distributed exposure, whereas
wider curves signal greater inequality. The position of the peak indicates the prevailing
thermal exposure range. Together, these two features distinguish between evenly shared
heat stress or uneven exposure under thermally comfortable conditions.

The sampled Land Surface Temperature values are further classified according to the
Universal Thermal Climate Index (UTCI) [76], which provides a human-centered bench-
mark to interpret outdoor thermal stress. The UTCI thermal zones are used to interpret
LST values in relation to pedestrian thermal stress. Based on the UTCI categorization and
existing urban climate studies [77], LST values are grouped into four temperature ranges in
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this research: cold stress values (<9 ◦C), no thermal stress (9–26 ◦C), moderate heat stress
(26–32 ◦C), and high heat stress (≥32 ◦C).

3.4.3. Relational Configuration of Supply, Demand, and Environmental Resistance

The three-dimensional relational framework integrates the results of the preceding
layered analyses within a unified relational space, characterising combined patterns of
pedestrian thermal exposure across the study areas from a systemic perspective. As illus-
trated in Figure 5, the analytical process progresses from one dimension that separately
describes heterogeneity in supply or demand, to two-dimensional overlays that reveal
green infrastructure structure, pedestrian activity patterns, and the relationships between
pedestrian exposure and thermal conditions across different relational slices. As a sum-
mary, the three elements are synchronously positioned and examined within a complete
three-dimensional relational space, enabling a consolidated representation of walkability-
related equity among different mobility groups across the study areas. This three-
dimensional relational framework supports the interpretation of walkability equity by
examining how supply, demand, and resistance interact within individual spatial units.

 

Figure 5. Analytical Progression from One-Dimensional Analysis to Three-Dimensional Relati-
onal Configuration.

Within this three-dimensional relational framework, the analytical unit (hexagon)
is consistent with the two-dimensional maps and jointly characterized by green space
provision, pedestrian intensity, and thermal exposure. Specifically, the X-axis represents
thermal resistance, measured using land surface temperature (LST) for May and November;
the Y-axis represents green provision (supply), reflecting the spatial availability of green
resources within pedestrian activity ranges and derived from buffered green space area
(consistent with the green proximity measure in Section 3.4.1, expressed as area); and
the Z-axis represents pedestrian demand, captured through the spatial intensity of Trail-
Weighted Population (TWP) or interconnection degree. At the aggregate level, mapping
supply, demand, and environmental resistance into a shared relational space captures the
structural configurations underlying walkability equity across the study areas.
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4. Results
4.1. Network Patterns of Green Space Accessibility

The distribution of public green spaces constitutes a foundational sign of accessibility
for different mobility groups. The Gini coefficient is used primarily to characterise the
relationship between population (by sample points) and green space (the area of green
space within buffers defined by the corresponding RGroup) across the study areas. As
shown in Figure 6, Lambrate (the Standard-mobility group and the Mobility-constrained
group) exhibits extremely high Gini coefficient values (0.89153 and 0.88958, respectively),
indicating a more uneven distribution of natural resources. This pattern is consistent with
the presence of major railway infrastructure occupying the central portion of the area, which
divides the site into eastern and western zones. In contrast, the other study areas display
comparatively lower levels of inequality. Ispra, in particular, shows the most balanced
accessibility pattern for both groups (0.27985 and 0.25560), as extensive green spaces are
visibly interwoven with residential areas in the input map, which is further reflected in its
flatter Lorenz curve. While these aggregate measures provide an overview of distributional
equity, they do not yet reflect accessibility as experienced through pedestrian movement.

Figure 6. Gini Coefficient and Lorenz Curve of Green Space Accessibility of Citizens.

Moving beyond aggregate equity signs, network-based analyses reveal how green
spaces are structurally embedded within everyday pedestrian movement. The intercon-
nection networks from ABS were further examined through integration and connectiv-
ity analysis using DepthMapX. In Lambrate, higher integration and connectivity values
are largely co-located with green spaces, indicating that pedestrian movement is struc-
turally organised around green infrastructure, showing that existing green spaces are
effectively utilised within everyday mobility networks. In Ispra, overall connectivity
is not low; instead, the interconnection network is predominantly concentrated within
residential areas, while distant green spaces are not linked into the main network and
tend to form separate clusters, which is more evident for the Constrained-mobility group
(Figure 7f). Nevertheless, pedestrian activity remains embedded within a landscape with
dense green provision, and pedestrian movement and green space distribution still show a
close spatial alignment.

Contrary to the Gini coefficient, Bolognina exhibits a dense interconnection network;
however, the result reveals that areas with the highest integration and connectivity are
rarely located within major green spaces, but in built-up areas or around fragmented
pocket gardens. In other words, pedestrian activity tends to concentrate not inside green
spaces, but “on the way to green spaces.” To explain this unexpected pattern, Figure 8
introduces a density-based analysis of interconnection intensity against green proximity
(measured as distance to neighbouring green spaces), allowing supply–demand mismatches
to be identified. At the relational level, demand–supply mismatches become visible when
pedestrian activity intensity is examined in relation to green space proximity.
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Figure 7. Integration and Connectivity Analysis of ABS-Interconnection Network.
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Figure 8. Density patterns of interconnection intensity and green proximity.

By sampling the number of the network segments into hexagonal cells and measuring
the distance from each cell to the nearest green space, the analysis jointly captures potential
pedestrian activity intensity (demand) and green space proximity (supply), enabling an
assessment of supply–demand balance across the three cases. When scaled into a unified
coordinate system, differences in these relationships become more apparent.

In Bolognina, despite a lower Gini coefficient compared to Lambrate, the density
distributions reveal a pronounced mismatch between pedestrian demand and green space
provision. High interconnection intensity is predominantly concentrated in areas distant
from major green spaces, while green resources are largely located along the perimeter
of the study area. As a result, pedestrians form high-intensity activity patterns along
routes “on the way to green spaces.” This condition is reflected in the extensive Mismatch
Zones observed in Figure 8b,e, where density distributions extend markedly toward higher
values along the green proximity axis, indicating that intense pedestrian activity occurs
at locations increasingly distant from green spaces relative to pedestrian mobility ranges.
These Mismatch Zones, therefore, represent areas where pedestrian activity intensity and
green space accessibility are poorly aligned.

In contrast, Ispra exhibits a high level of green space provision combined with the
lowest population density among the three cases. Input data (Table 2) indicates a relatively
even distribution of green spaces within residential areas, a pattern further supported by
Figure 8c,f. Pedestrian activity in Ispra is spatially clustered along internal residential axes,
while peripheral green spaces show low or negligible levels of pedestrian interaction. This
suggests that under conditions of abundant and evenly distributed green spaces, pedestrian
activity tends to remain locally embedded, with limited incentive to access more distant
green areas.

Lambrate presents an intermediate and mobility-sensitive pattern. Under mobility-
constrained conditions, corresponding to children and elderly groups, peak pedestrian
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activity occurs close to green spaces (green proximity ≈ 7.86 m), and high-connectivity
regions form continuous network structures aligned with green space locations. Under
the Standard-mobility condition, however, high-frequency activity areas are less extensive
and become spatially divided by railway infrastructure into two distinct clusters. In this
case, the peak green proximity shifts outward to approximately 22.24 m, approaching the
scale observed in Bolognina for the Constrained-mobility group. These results indicate
that while Lambrate maintains a relatively balanced supply–demand relationship overall,
its internal spatial configuration responds to variations in pedestrian mobility sensitively,
shaping accessibility outcomes differently across mobility groups.

4.2. Spatial Patterns of Pedestrian Thermal Exposure

This section presents a stepwise analysis of pedestrian thermal exposure, combining
spatial patterns with seasonal thermal conditions, and focuses on pedestrians’ repeated
movements over time. Agent trails are aggregated at the hexagon-cell level and quantified
using the Trail Pass-through Index (TPI) and Trail-Weighted Population (TWP). This spatial
framing establishes the demand side of pedestrian exposure, with Land Surface Tempera-
ture (LST) subsequently considered as the resistance factor shaping the walking conditions.
On this basis, heat stress is no longer considered in isolation, but in relation to green space
accessibility within everyday walkability.

As illustrated by the trail-based spatial patterns in Figure 9, the three study areas
exhibit different spatial patterns of pedestrian exposure. The result of Lambrate shows a
pronounced clustered structure (Figure 9a,d), with high-intensity areas forming several
continuous activity clusters within residential zones, even including the industrial blocks,
whose sampled population is almost zero. This reflects a concentrated but connected spatial
pattern of pedestrian movement. In Bolognina, due to its larger population base, overall
exposure levels are consistently high, the majority of cells exhibiting TWP values exceeding
400, indicating widespread and sustained high-intensity pedestrian activity (it should be
noted that these values represent cumulative potential pedestrian exposure across multiple
simulation iterations, rather than the simultaneous presence of all pedestrians in real-world
conditions). By contrast, Ispra displays the lowest overall level of pedestrian exposure,
with high-exposure cells (TWP > 400) occurring only locally within the core residential
areas near the lakeshore, while the remainder of the area is characterised by dispersed
pedestrian activity. Together, these differences provide a spatial context for interpreting
pedestrian exposure patterns under subsequent thermal conditions.

Pedestrian exposure intensity is further examined under thermal environmental con-
ditions by statistically overlaying population (demand) with Land Surface Temperature
(resistance) in Figure 10a. The scatter plot relates Trail-Weighted Population (TWP) to
seasonal LST, revealing two distinct temperature bands corresponding to the warm (May)
and cool (November) conditions. In May (early summer), both Bolognina and Lambrate
exhibit broadly distributed pedestrian exposure, with upper-tail extensions to the high heat
stress range (≥32 ◦C) and peaks around 35 ◦C. By contrast, Ispra shows a lower level of
exposure, having more than half of its cells in the moderate heat stress range (26–32 ◦C).
This contrast is further reflected in the proportion of traversed cells falling within the
high-heat-stress range (>32 ◦C), accounting for 100% in Lambrate and 95% in Bolognina,
compared with 59% in Ispra.

Importantly, from a distributional perspective, Ispra does not concentrate within a
single temperature zone but remains more dispersed, whereas Bolognina and Lambrate
display more peaky distributions within higher temperature bands, as indicated by the
LST accumulation curves in the right-hand marginal distribution of Figure 10a. The LST
accumulation curves for Lambrate and Bolognina are steep and narrow, reflecting a strong
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concentration of pedestrian exposure within higher temperature ranges. In contrast, Ispra
shows a flatter accumulation curve, indicating a more dispersed exposure pattern in which a
non-negligible proportion of pedestrians remain under lower thermal stress. However, from
an equity perspective, Ispra can be regarded as the least “equal,” since pedestrian exposure
is not concentrated within a specific temperature range. This distribution represents an
“inequality favorably,” as opposed to the other two cases, that “equal yet stressed” pattern
of thermal exposure in Lambrate and Bolognina.

For the November (early winter) conditions, exposure distributions across all three
study areas converge markedly. The LST values are largely confined to the 9–26 ◦C “UTCI
no thermal stress” range. Additionally, the Land Surface Temperature is employed here
as a comparative and diagnostic indicator of thermal conditions along pedestrian routes,
rather than as a direct measure of perceived thermal comfort, which may be influenced by
wind, humidity, shading, and individual physiological factors.

Figure 9. Spatial patterns of trail-based intensity derived from ABS. The upper row illustrates the
Trail Pass-through Index (TPI), representing the frequency of trails passing through each cell; the
lower row shows the Trail-Weighted Population (TWP), integrating population attributes into trail
intensity to capture potential pedestrian presence in space.
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Figure 10. Linking pedestrian exposure intensity with seasonal Land Surface Temperature patterns.

4.3. Three-Dimensional Synthesis of Green Accessibility and Thermal Exposure

To summarize the structural relationship between green space provision, pedestrian
exposure intensity, and thermal condition, a three-dimensional synthesis is introduced.
It integrates the key results from the previous analysis into a unified relational coor-
dinate, allowing compound exposure patterns to be clearly observed beyond one- or
two-dimensional analysis. Following the definition, the Land Surface Temperature (x-axis)
reflects the thermal resistance; green space provision (y-axis) is described as the effective
supply accessible within daily walking ranges (RGroup); and Trail-Weighted Population
(z-axis) represents the scale of pedestrian exposure as demand. Across the three study areas,
the supply dimension shows a clear contrast: average green provision within the 5 min
walking range is 5.4% in Lambrate, 7.2% in Bolognina, and 37% in Ispra.

In Figure 11, the three-dimensional diagram reveals distinct exposure configurations
remarkably across the three study cases. In Lambrate, the point cloud is separated into
two distinct clusters corresponding to the Standard-mobility group (RGroup = 390 m) and
the Mobility-constrained group (RGroup = 270 m). Higher exposure of children and elderly
people is concentrated where moderated green space provision coincides with relatively
elevated thermal resistance, while Standard-mobility pedestrians exhibit closer to higher
green space provision conditions. This indicates that the inequities in Lambrate are shaped
primarily by group-specific mobility (behavior-sensitive) constraints rather than overall
green space distribution. By contrast, Bolognina shows a tall and strongly skewed con-
figuration, where high pedestrian demand overlaps persistently with limited green space
provision and higher heat stress, especially in May. This result reflects a demand-intensive
but supply-constrained pattern, consistent with the previously identified “equal but insuffi-
cient” pattern. Ispra, in comparison, displays the flattest and most dispersed distribution.
Most of its cells are characterized by low pedestrian exposure and mild thermal resis-
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tance. The urban green spaces contribute abundantly, although localized high-exposure
points still emerge within residential cores, which is consistent with the result of Figure 9f
in Section 4.2.

Figure 11. Three-Dimensional Relational Configuration of Green Space Provision, Pedestrian Expo-
sure, and Thermal Conditions.

Overall, Figure 11 demonstrates that pedestrian heat exposure in urban green space
contexts emerges as a structural outcome shaped by the combined configuration of green
space provision, pedestrian activity intensity, and thermal conditions. Within this rela-
tional space, different configurations can be interpreted diagnostically across the study
areas. Areas characterized by high pedestrian demand, limited green space provision, and
elevated thermal resistance indicate conditions of spatial stress and potential inequity. In
planning terms, such configurations point to areas where everyday accessibility is under
pressure and where vulnerable groups may be disproportionately exposed to thermal
burden. By contrast, configurations with low demand and high provision suggest relative
redundancy or underutilization, indicating that existing green resources may be weakly
integrated into everyday movement patterns or insufficiently connected to surrounding
residential areas. Intermediate conditions reflect varying degrees of balance between ac-
cessibility and exposure, but may still reveal context-specific tensions between pedestrian
intensity, environmental support, and thermal comfort. As a diagnostic reading, these
relational configurations help identify possible planning attentions, including the need to
reduce accessibility pressure, improve the spatial integration of existing green resources, or
strengthen the climatic support of walking environments. Taken together, these relational
patterns provide an analytical basis for comparative diagnosis across the study areas.

5. Discussion
The UN Sustainable Development Goals, especially SDG 10, put the “Reduced In-

equalities” at the focal point of global and urban development, emphasizing the guiding
principles for development based on age, sex, physical ability, and so on. Within this
framework, equity is no longer a normative ideal but a directional objective for taking
actions. In the context of urban design, this shift implies that equity should not be under-
stood as a simplistic notion of “equal distribution,” but as an attention to how different
people, starting from different conditions, are able to access, use, and experience urban
space. This is also closely aligned with SDG 11, which frames sustainable cities as places
with inclusivity, accessibility, and everyday livability. In relation to the research question
and goals of conducting this study, the following discussion examines how the interaction
between green space provision, pedestrian mobility, and thermal conditions produces
differentiated accessibility and exposure patterns, thus explaining the relational nature of
urban inequality observed in the results.
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5.1. Methodological Implications: ABS as a Computational Diagnostic Tool

This study reflects on the methodological positioning of agent-based simulation (ABS)
within the overall research framework. ABS is not only employed as a general analytical or
interpretative framework, but is explicitly used to generate dynamic pedestrian movement
and exposure, and further serves as front-end inputs for subsequent structural analysis
and diagnosis. As a diagnostic-oriented methodological module, this framework aims to
reveal potential patterns of inequality through the simulation of behavioural processes,
rather than to directly produce normative policy evaluations or planning solutions. Its core
contribution lies in obtaining a process-based understanding of how behaviour unfolds
within a specific context before structural interpretation and intervention are undertaken.
Nevertheless, the diagnostic outputs may help planners identify areas where age-sensitive
accessibility, green space provision, and thermal vulnerability are structurally misaligned,
thereby supporting more targeted and context-aware planning attention.

At the level of methodological implementation, Physarealm, as a lightweight ABS tool,
is used to simulate pedestrian movement driven by urban morphological characteristics
under conditions of relatively limited input data, generating dynamic trajectories and ex-
posure outcomes that extend beyond single time-sliced representations. These simulation
outputs function as input data for subsequent space syntax analysis. By projecting and
processing simulated paths within the network, dynamic behavioural outcomes are reor-
ganised and interpreted at the network scale. This methodological positioning highlights
the value of ABS as a complementary analytical component within open urban data science
workflows, while establishing a methodological dialogue with existing studies [53] that
commonly adopt space syntax as a structural input prior to agent-based modelling. Rather
than replicating this sequence, the present study reverses the order by first generating
behavioural processes and then applying structural processing, thereby further demon-
strating the flexibility of ABS/ABM as an analytical tool in methodological composition
and sequencing.

Within this methodological chain, ABS primarily fulfils a process-generating function,
while space syntax analysis is employed to structurally process the simulated outcomes,
together forming the basis for the final diagnostic stage. Compared with static accessibility
indicators, this Simulation—Interpretation—Diagnosis workflow allows environmental
resistance to be more clearly identified in terms of how it reshapes effective accessibility and
exposure patterns, particularly for population groups with constrained mobility ranges.

It is important to note that the present study does not aim to validate the ABS model
in a predictive sense. Model reliability is supported through the consistency and stability of
the emergent spatial patterns, as examined by convergence analysis and comparison with
conventional accessibility measures (Appendices A.1 and A.3). It reflects the diagnostic
logic of the approach, where the emphasis lies on revealing relational structural configu-
rations rather than reproducing exact empirical behaviours. Nevertheless, the absence of
direct calibration with observed pedestrian data remains a limitation, and future research
may incorporate pedestrian movement datasets.

5.2. Beyond Structural Equity: Relational Accessibility and Lived Experience

The results of this research reveal a phenomenon frequently neglected in planning
and spatial studies, that structural equity does not always guarantee equitable living
experiences. Taking the case of Bolognina as an example, even though urban green spaces
seem fairly balanced by statistical values (Gini coefficient) and structure distribution,
inequality emerges in a more contextualized and localized form once pedestrian mobility
patterns and thermal exposure join. These findings push the discussion of “equality”
beyond resource or infrastructure allocation toward a more human-centered standpoint,
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echoing the growing research attention to dynamic accessibility metrics and movement-
based experiences [20,21].

Moving beyond the dualistic understanding, urban inequality does not come from
the inadequacy of any singular component, but specific configurations of supply, demand,
and resistance. The three-dimensional analysis further demonstrates: inequality across
different areas cannot be explained by the amount of green space or population level
only, but is shaped comprehensively by green space accessibility, pedestrian intensity, and
thermal exposure together [41]. When accepting this perspective, inequality is no longer a
(one-dimensional) homogeneity-heterogeneity problem, but a (multi-dimensional) rela-
tional condition that calls for systemic interpretations.

From a systemic perspective, when cities are understood as complex systems, analyses
based on single measures or statistics exhibit their limitations. This research integrates
pedestrian behavior with environmental variables, introducing the relational diagnosis
as its main approach, addressing the concerns of single-population or average-based
metrics [21,39]. Instead of defining a judgment of whether a city is “equitable” or not, this
approach focuses on uncovering misalignments, allowing patterns of mismatch, which
usually remain invisible in indicator-based analyses, to emerge. And further contributes
to the literature by proposing a relational framework that integrates pedestrian behavior,
green space accessibility, and thermal conditions to assess walkability equity [42,43].

5.3. Relational Diagnosis as a Planning-Relevant Analytical Perspective

As a diagnostic tool, this methodological framework is intended to identify and
interpret the patterns of inequality rather than producing normative policy evaluations or
planning solutions directly. It highlights the importance of understanding the structural
configuration of multiple components within a specific context before moving toward
strategic design or intervention. Due to the diagnostic nature, the applicability is subject to
certain conditions. The analytical outcomes depend on the spatial scale and resolution of
the input data. And during the ABS, building blocks and major roads are taken as spatial
obstacles, whereas the thermal environment is incorporated through observed LST overlaid
onto the simulation results. The combination of different data sources and modeling
assumptions, therefore, defines the current interpretative boundaries. In addition, the
three cases in this study are all located in northern Italy, where climatic seasonality is more
pronounced, so that caution is required when extending to other climatic or urban contexts.
This study provides an open analytical interface for future research. Further studies may
extend and test by introducing additional types of pedestrian behavior variables and more
complex environmental conditions, such as road slope or extreme climate events, thereby
assessing its adaptability and explanatory capacity across diverse urban contexts. Factors
such as perceived safety, comfort, spatial preference, and health-related motivations for
using green spaces may also influence everyday accessibility and should be considered
in future developments of the framework, especially in connection with broader human
health and One Health approaches to urban green space use.

A further point concerns the sensitivity of the diagnostic outputs to the key parameters
embedded in the model. The results are influenced by key model parameters, including
walking radii, speed differentiation, NDVI thresholds, and green space weighting. While
these parameters are grounded in the literature and specified to reflect realistic urban
conditions, variations may affect the spatial intensity and distribution of simulated patterns.
However, the overall relational structure of supply–demand–resistance configurations
remains robust, as the framework is designed to identify diagnostic patterns rather than
produce precise predictive results. Given the dynamic nature of the ABS model, the analyt-
ical value of the simulation lies in the emergent differences in pattern strength, clustering,
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and intensity across the study areas. In this sense, the robustness of the approach is based
on its capacity to unveil systemic relationships, rather than on the precise calibration of
individual parameters.

6. Conclusions
This paper proposes a relational diagnostic approach, implemented through Agent-

Based Simulation (ABS), to examine urban green space equity through the lens of pedestrian
behavior and thermal conditions, demonstrating that urban inequality is shaped by not
only single factors or static spatial distribution, but by specific relational configurations
between supply, demand, and environmental resistance. Empirically, the study shows
that apparent equity in green space quantity does not guarantee equitable pedestrian
experiences under everyday thermal conditions; methodologically, it advances a relational
diagnostic framework that integrates pedestrian behavior and climate exposure; and
conceptually, it reframes urban equity as a systemic and relational condition rather than a
distributive outcome.

By explicitly modeling pedestrian behavior and its interaction with thermal condi-
tions, the research shifts the discussion of equity from an evaluative issue to a systemic
comprehension. The findings show that areas appearing equitable in terms of green space
quantity may still produce uneven lived experiences for different pedestrians under ev-
eryday thermal conditions, underscoring the importance of a human-centered perspective.
Rather than functioning as a normative evaluative tool, the proposed framework offers a
novel analytical diagnostic pathway for identifying inequality patterns in complex urban
contexts and lays the foundation for future research that may further engage with design
or policy objectives across diverse urban settings.
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Appendix A
Appendix A.1. Model Stability and Convergence Behavior

To illustrate the stabilization behavior of the Agent-Based Simulation model used in
this research, Figure A1 presents the evolution of interconnection patterns for the Mobility-
constrained group (RGroup = 270 m) in the Lambrate case. This example illustrates the
progressive formation and consolidation of green space interconnection patterns by poten-
tial pedestrian movement during the simulation process. Stability in this study is defined
as the convergence of the macroscopic spatial pattern of the interconnection pattern, where
additional iterations no longer produce obvious changes in the dominant interconnection
structure or density distribution. From approximately iteration 50 onward, the dominant
pattern becomes stable, with subsequent iterations primarily intensifying existing paths
rather than altering their overall spatial configuration. Based on this convergence behavior,
the simulation results between iterations 50 and 150 are used for subsequent analyses.

 

Figure A1. Evolution of Interconnection patterns across successive iteration windows.

Appendix A.2. Temporal Slicing and Reproducibility

As Supplementary Materials, Figure A2 presents the agent trails of the Mobility-
constrained group (RGroup = 270 m) extracted from the stabilized phase of the simulation
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(iterations 50–150), using time slices corresponding to 5, 10, and 15 min walking durations.
This figure supports the methodological assumption that simulation outputs obtained after
the stabilization phase are consistent under fixed parameter settings and can be reliably
used for subsequent analysis.

Figure A2. Agent trails extracted from the stabilized simulation phase (iterations 50–150).

Appendix A.3. External Comparison with Traditional Distance-Based Simulation

To contextualize the behavior of the proposed ABS model, an external comparison
was conducted with the traditional distance-based accessibility measure as a reference.
This external comparison is introduced as an interpretive reference rather than a validation
exercise, with the aim of situating the ABS outputs relative to a widely used distance-based
accessibility measure. Figure A3a is the result of ABS trail simulation, and Figure A3b
shows the shortest distance from each hexagon center to the nearest public green space. The
spatial correspondence between high trail density and high green proximity zones suggests
a consistency between the two simulation results (Figure A3c). Additionally, a statistically
significant Spearman correlation (ρ = −0.718, p < 0.0001) indicates a strong monotonic
association between these two simulation methods (Figure A3d). This comparison does
not aim to validate predictive accuracy, but to demonstrate that the ABS model produces
interpretable and structurally coherent patterns relative to a widely used baseline.

https://doi.org/10.3390/smartcities9060097

https://doi.org/10.3390/smartcities9060097


Smart Cities 2026, 9, 97 30 of 33

Figure A3. External comparison of ABS model output with the shortest-path proximity.

Table A1. Descriptive Statistics.

Variable N Mean SD Sum Minimum Maximum

ABS (Trail Pass-through Index) 2667 0.00851 0.01081 22.706 0 0.058
Green Space Proximity
(Shortest Distance) 2667 35.27748 34.89451 94,085.04015 0.00339 268.56078

Table A2. Spearman Correlation.

Variable ABS (Trail Pass-Through Index) Green Space Proximity (Shortest Distance)

ABS (Trail Pass-through Index) 1 −0.71843
p-value — <0.0001

Green Space Proximity (Shortest
Distance) −0.71843 1

p-value <0.0001 —
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