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Abstract

The relationship between ecological vulnerability (EV) and the
Discomfort Index (DI), which manifests the coupled dynamics of
ecological fragility and climatic stress, remains inadequately
quantified in a spatially explicit manner. In this study, multi-temporal
Landsat 5 and 8 imagery and ERA5-Land reanalysis data were
integrated to construct a remote-sensing ecological vulnerability
index (RSEVI) through Principal Component Analysis of wetness,
heat, greenness, dryness, and land degradation indicators. In parallel,
DI was derived from land surface temperature and relative humidity.
Spatial dependencies between the two indices were assessed using
the bivariate L statistic, complemented by bivariate color mapping,
to visualize synchronous clusters. The results reveal pronounced
shifts between 2000 and 2025: the mean DI increased from 23.31 °C
to 26.79 °C, while areas under "medical emergency" conditions
expanded from 0.1% to 8.6%. Simultaneously, the share of strongly
and extremely vulnerable areas will increase from 5.5% in 2000 to
18.9% in 2025. Spatial association analysis reveals a significant
increase in high-high clusters (high vulnerability—high discomfort)
from 48% to 74%, primarily concentrated in the southern and eastern
sectors. Conversely, low-low clusters increased from 23% to 34%,
consolidating resilient cores in the north. Discordant clusters
exhibited divergent trajectories: low-high associations expanded
from 28% to 48%, while high-low clusters remained relatively stable
(~39%). These patterns underscore the dual emergence of critical
hotspots and resilient strongholds while intensifying spatial
heterogeneity. By developing a spatially robust framework, this study
avoids spatial fallacies and provides tools to identify hotspots and
resilient areas, offering a replicable method for environmental risk
assessment and adaptive planning under climate change.
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Introduction

Global climate change and anthropogenic pressures are increasingly undermining the ecological equilibrium
of Earth, pushing ecosystems toward heightened sensitivity, instability, and functional degradation (Pimm et al.,
2014; Dinerstein et al., 2019; Lin et al., 2023). The prominent manifestations of these processes include global
warming, desertification, soil erosion, biodiversity collapse, shifts in precipitation regimes, and freshwater
availability (Santini et al., 2019; Huang et al., 2023; Yuan et al., 2024). The significance of these transformations
is not confined to natural systems; human dimensions are also directly affected by the thermal exposure and
bioclimatic comfort of populations (Gao & Zhang, 2018; Tian et al., 2021; Wang et al., 2021). Hence, establishing
a systematic link between "ecological quality" and "bioclimatic discomfort" is a pivotal prerequisite for risk
management, climate adaptation, and territorial planning (Alonso & Renard, 2020).

Over the past two decades, EV assessments have been extensively developed across multiple scales, with
diverse models and indices being proposed (Ameur et al., 2019). Representative examples include the DPSIRM
and SD frameworks in the Yenma Basin (Zhang et al., 2017), spatial principal component analysis in East Asia
(Kang et al., 2018), dynamic weighting in the karst landscapes of Southwest China (Guo et al., 2020), and complex
network models for evaluating urban ecological responses in Wuhan (Wang et al., 2020). Several studies have
developed automated and data-driven frameworks for EV evaluation (Xia et al., 2021; Tang et al., 2021; Hu et al.,
2021). In particular, the Remote Sensing Ecological Index (RSEI) and its extension into the RSEVI, integrating
greenness, dryness, wetness, and temperature, have emerged as standard tools for ecological quality monitoring
(Yang & Song, 2021; Zhang et al., 2021; GUO et al., 2024).

However, fundamental challenges persist in this regard. In arid regions, plateaus, and data-scarce territories,
the paucity of field and statistical observations necessitates the advancement of large-scale remote-sensing indices
(Maetal., 2020). Integrating remotely sensed imagery with socioeconomic datasets (e.g., VIIRS and DMSP-OLS)
has been demonstrated as an effective strategy to overcome these data limitations (Guo & Wen, 2020; Guo et al.,
2020). Examples include the China—Pakistan Economic Corridor (CPEC), which is experiencing pronounced
climate change, desertification, and anthropogenic stresses (Li et al., 2020); the Yellow River Basin, central to
China's national conservation and high-quality development agenda (Bai et al., 2023; Wang et al., 2023; Huang et
al., 2023); and Mongolia, recognized as a global hotspot of desertification (Han et al., 2025). These investigations
highlight the necessity for long-term monitoring to identify trends and dominant drivers (You et al., 2023; Yuan
et al., 2024).

From the human dimension, DI, formulated based on air temperature and relative humidity (Thom, 1959),
has served as a canonical benchmark in climate-health research and environmental design (ANSI/ASHRAE 55,
1992; EN 15251, 2007). This index has been employed across diverse settings, ranging from the Mediterranean
(Alonso & Renard, 2020) to tropical environments (Da Silva et al., 2010) and megacities characterized by intense
urban heat island effects (Xu et al., 2017). Empirical evidence has demonstrated that urban green cover, through
evapotranspiration, effectively mitigates DI (Da Silva et al., 2010; Aghazadeh et al., 2025). More recently, studies
in Southern Europe have underscored that escalating DI trajectories, in conjunction with demographic aging and
intensifying heat waves, exacerbate public health risks (Monforte & Ragusa, 2022; Ebi et al., 2006; Renard et al.,
2020).

Despite the relative maturity of the EV and DI research domains, their spatial—statistical integration remains
insufficiently addressed in the literature. Most prior studies have relied on non-spatial correlations, thereby risking
spatial fallacies (Anselin 1995). Conversely, the bivariate L statistic (Lee, 2001; Lucas et al., 2025; Illanas et al.,
2025), which synthesizes the Pearson correlation with spatial dependence akin to Moran's I, provides a robust
framework for spatially explicit correlation analysis (Tao & Thill, 2025). Moreover, the "bivariate color
relationship mapping" approach, employing four-quadrant segmentation (high—high, high—low, low-high, low—
low), offers a powerful visualization tool for detecting synchronous clusters such as "high vulnerability - high
discomfort™ and "low vulnerability - low discomfort" (Jankowski et al., 2024; Pak et al., 2024; Alyaqout et al.,
2025; Schlogl et al., 2025).

Accordingly, the present study aims to (i) develop the RSEVI by incorporating wetness, thermal, greenness,
dryness, and land degradation components for the period 2000-2025 using a PCA-based approach (Guo & Wen,
2020); (ii) compute the DI based on temperature and humidity data (Thom, 1959; ASHRAE 55, 1992); and (iii)
analyze their spatially explicit interrelationships via the bivariate Lee index and Spatial P-values. In addition, by
applying a spatial bivariate color-mapping framework, spatial clusters were visualized to illustrate synchronous
vulnerability—discomfort patterns. The novelty of this study lies in three dimensions: (i) establishing a quantitative,
spatially explicit nexus between EV and DlI; (ii) employing spatial—statistical methodologies to circumvent spatial
fallacies; and (iii) providing policy-oriented visualization tools to translate analytical outputs into actionable
recommendations for spatial management and climate adaptation. This research bridges existing gaps and offers a
comprehensive, replicable, and generalizable framework for the integrated assessment of ecological and human
dimensions.
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Material and Methods
Study area

This study focuses on the city of Bratislava, the capital of Slovakia, located in the southwestern part of the
country near the borders of Austria and Hungary (48.14944° N, 17.07333° E) (Fig.1). Bratislava lies within a
temperate continental climate zone with a mean annual temperature of approximately 10 °C and an average annual
precipitation of 738 mm. The municipal territory covers an area of 367.66 km2 and is administratively divided into
five districts (galkovié and PauditSové, 2023). With a population of 475,503 inhabitants as of 2021, Bratislava
represents both the largest and the most populous city in Slovakia (Statistical Office of the Slovak Republic, 2022).
The city's natural setting is strongly shaped by the Danube River, which flows directly through its urban core, and
the Malé Karpaty (Small Carpathians) mountain range, which extends into its northern part. The Morava River
delineates its western boundary. The elevation ranges from 126 m above sea level at the lowest point to 514 m at
Devinska Kobyla, the city's highest peak. To the south, the foothills of the Small Carpathians descend into the
Danubian Lowland, whereas the northern sector opens into the Zahorska Lowland (Bel¢akova et al., 2022).
Bratislava is a representative Central European urban area, characterized by a mosaic of vegetation types, including
forests, parks, gardens, cemeteries, lawns, and ruderal habitats. Although urban greenery accounts for nearly 30%
of a city's territory, its distribution is markedly uneven (Bobaunkova et al. 2024). The study area was selected
based on the spatial and ecological diversity of vegetation within both the urban and peri-urban zones. Of particular
interest are ruderal plant communities, which form the principal subject of this study (Bel¢akova et al., 2022).
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Fig 1. The geographical location of Bratislava, the capital of Slovakia

Data

In this study, an integrative framework comprising satellite observations and reanalysis products was
employed to analyze the ecological vulnerability and discomfort indices. The primary datasets consisted of Landsat
5and Landsat 8 imagery, alongside ERA5-Land reanalysis products provided by the European Center for Medium-
Range Weather Forecasts (ECMWF). Optical and thermal Landsat data were utilized to derive ecological and
thermal indicators with a spatial resolution of 30 m for the optical bands and 120/100 m for the thermal bands. In
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this study, however, resampled thermal data from Level-2 products at 30 m resolution were applied. These data,
with a temporal resolution of 16 days, cover the years 2000, 2015, and 2025, with a particular focus on the summer
months (July—September). Only scenes with less than 10% cloud cover were selected, and all images were
subjected to radiometric calibration to ensure data accuracy. During the processing phase, surface reflectance
products were employed to compute urban indices, including the Normalized Difference Built-up Index (NDBI)
and Bare Soil Index (BSI). In parallel, Land Surface Temperature (LST) maps were generated from the thermal
bands. To assess the vegetation conditions, the Normalized Difference Vegetation Index (NDVI) and Leaf Area
Index (LAI) were derived. The Soil Water Content Index (SWCI) was calculated to examine surface dryness,
whereas land degradation was assessed using surface albedo, Salinity Index (SI), and Topsoil Grain Size Index
(TGSI). Complementarily, ERA5-Land datasets with a spatial resolution of 9 km and hourly temporal resolution
were used to extract and compute relative humidity (RH). The entire process of data handling, computation, and
indicator extraction was conducted using the cloud-based Google Earth Enginel platform. Ultimately, the
integration of satellite observations and reanalysis data enables a comprehensive analysis of thermal fluctuations
and ecological vulnerability. The temporal and spatial details of the datasets used in this study are presented in
Table 1.

Table 1. Specifications of the datasets employed in this research
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The conceptual model developed in this study integrates remote sensing data, ecological indices, and
advanced spatial-statistical analyses to provide a comprehensive framework for environmental vulnerability
assessment. In the first stage, multi-temporal Landsat 5 and 8 satellite imagery was acquired and pre-processed
within the GEE platform. From these datasets, a suite of key ecological indicators was derived, including LST,
SWCI, GI, NDSI, and LDI. These indices collectively serve as essential descriptors of the landscape ecological
conditions. Subsequently, data processing and dimensionality reduction were performed using Python in Google
Colab. Principal Component Analysis (PCA) was applied to mitigate multicollinearity and integrate the selected
indices into a composite metric, thereby deriving the RSEVI. In parallel, the DI, which reflects bioclimatic stress
and its potential implications for human and ecological well-being, was calculated. In the final stage, both RSEVI
and DI were integrated into the ArcGIS Pro platform to conduct advanced spatial association analyses.
Specifically, Bivariate Local Spatial Association (Lee's L-index) and its statistical significance (p-value LEE) were
employed to capture the spatial dependence and clustering patterns of the two indices. To further enhance
interpretability, Spatial Bivariate Relationship Color Mapping was applied, enabling visualization of positive and
negative spatial associations in the form of a bivariate color matrix. This approach provides a robust means of
simultaneously examining spatial variations in both indices, thereby offering nuanced insights into the coupled
dynamics of ecological vulnerability and bioclimatic discomfort. Overall, the proposed conceptual model
established a rigorous integrative framework for assessing the bidirectional relationships between ecological
vulnerability and environmental discomfort. By combining remote sensing observations, advanced statistical
methods, geospatial analysis, and color-matrix visualization, this study contributes to a scientifically robust
methodology for monitoring environmental dynamics and assessing ecological risk across regional scales (Fig 2).

1. Relative Humidity
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Fig 2. Conceptual Model of Remote Sensing—Driven Ecological Vulnerability and Bioclimatic Discomfort: An Integrated Approach Using
Multivariate Indices and Spatial Bivariate Color Mapping

Methodology
Quantification of the remote sensing ecological Vulnerability Index (RSEVI)

In this study, remote sensing observations from Landsat 5 (TM) and Landsat 8 (OLI/TIRS) were used to
derive a suite of ecological indicators. Owing to their extensive temporal coverage, broad spatial extent, and robust
spectral resolution, these datasets provide a reliable foundation for the regional-scale monitoring of ecosystem
dynamics. Five core dimensions were assessed: surface moisture, thermal conditions, vegetation greenness, soil
dryness, land degradation, and anthropogenic pressures.

Moisture index

Soil and surface moisture represent fundamental controls on terrestrial ecosystems, directly influencing the
energy balance, water cycling, and vegetation dynamics (Eq. 1)

Bs—B;
Bs+B;

Bg—B;
Bg+B5

SWClignasats = » SWClignasats = 1)

Greenness index

Vegetation is a fundamental component of terrestrial ecosystems, exerting a decisive influence on ecosystem
structure and functioning and contributing to the stability of regional ecological systems. In this study, the
Normalized Difference Vegetation Index (NDVI) and Leaf Area Index (LAI) were employed to construct a
composite greenness index, which provides a more accurate representation of vegetation vigor and canopy density
(Eq. 2). These indicators are widely recognized for their effectiveness in characterizing vegetation dynamics and
ecological resilience (Wang et al., 2010; Ma et al., 2020).

GI = NDV12+LAI (2)
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Dryness index

In arid and semi-arid regions, soil desiccation constitutes a major ecological constraint. To characterize this
dimension, the Normalized Difference Barren Index (NDBI) and Bare Soil Index (BSI) were integrated to
construct the Normalized Dryness Soil Index (NDSI) (Eq 3-5). This indicator provides a spatially explicit measure
of water scarcity and soil aridity, thereby enhancing the assessment of drought-induced ecological vulnerability
(Lu et al. 2022).

Bs-B Be—B
NDBIlandsat 5= B§+B: ’ NDB[landsat 8 = B:+Bz (3)
_ (Bs+B3)—(B4+B1) __ (Bg+B4)—(Bs+Bz)
BS]landsat 5 = —(BS+B3)+(B4+31) ) Ilandsat 8 — (Bg+Ba4)+(Bs+B>) (4)
NDSI = NDBI+BSI (5)

Land degradation index

Land degradation processes, including desertification, salinization, and soil erosion, are significant threats to
ecological integrity. To quantify these processes, a composite Land Degradation Index (LDI) was developed by
combining the surface albedo, soil salinity, and topsoil grain size parameters (Egs. 6-9). This index provides a
holistic representation of degradation intensity and its ecological consequences (Guo et al., 2024; Bahta et al.,
2019).

Albedo = 0.001 * M (6)
Shanasats = VB3 * By, Shanasats = /Bs * B; (7)
TGShangsats = % » TGShangsat s = ;:B;j; ®)
D] = Albedo+sI+TGsI ©)

3

Heat index or Land Surface Temperature (LST)

The LST is a critical determinant of ecological functioning, shaping vegetation growth, distribution patterns,
and evapotranspiration rates. It also serves as a sensitive indicator of drought severity and thermal stress, thereby
offering valuable insights into the interactions between climate variability and ecosystem responses (Lu et al.
2022). LST, derived from resampled Level-2 Landsat products with a spatial resolution of 30 m, provides a reliable
foundation for analyzing the thermal regulation capacity of urban green spaces, particularly given their often
limited spatial coverage. In this study, LST values for peak summer conditions, defined as the average across July,
August, and September, were calculated using data from the Landsat 5 and Landsat 8 missions (Aghazadeh et al.,
2025). The pre-processing procedure commenced with the conversion of thermal band Digital Number (DN)
values into physically meaningful surface temperature indicators (Rees et al., 2024). All the images were obtained
from the United States Geological Survey (USGS) archive. Following the methodological framework outlined in
the Landsat Product Guide (Worsa-Kozak et al., 2024), the LST derivation was implemented using the Google
Earth Engine cloud platform (Aghazadeh et al., 2025). Initially, radiometric scaling factors were applied to convert
DN values into Kelvin, which were subsequently transformed into Celsius values. The mathematical formulation
applied for this conversion is given by Eq. (10).

LST = (DN * 0.00341802 + 149.0) — 273.15 (10)
In this context, LST refers to the land surface temperature expressed in degrees Celsius, and DN indicates the

digital number assigned to each raster pixel. The expression 0.00341802 + 149.0 functions as the calibration factor,
and the constant 273.15 is applied to convert temperature values from Kelvin to Celsius.
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Principal Component Analysis (PCA)

PCA is a robust statistical technique that is employed for dimensionality reduction and feature extraction in
high-dimensional datasets. This method transforms the original variables into a new set of uncorrelated
components, defined as linear combinations, which capture the maximum variance within the data while
preserving the essential information. These components, which are derived through the computation of eigenvalues
and eigenvectors of the covariance matrix, ensure orthogonally and effectively represent the primary structure of
the dataset with minimal information loss (Chen et al., 2025; Xu et al., 2025).

Derivation of a Remote Sensing-Driven Ecological Vulnerability Index

To integrate these multiple dimensions, PCA was applied to construct a composite RSEVI. This
multidimensional index (Eg. 11) not only enables a comprehensive evaluation of ecosystem fragility but also
captures spatiotemporal patterns of ecological vulnerability driven by climatic stressors and anthropogenic
disturbances. As such, the RSEVI provides a robust framework for quantifying ecosystem resilience under
complex environmental changes (Han et al., 2025; Guo et al., 2024).

RSEVI = a; *P, +a, P, +--+a, =P, (11)
Discomfort Index (DI)

DI has emerged as a widely applied indicator for quantifying human thermal stress across diverse climatic
regimes, particularly during periods of elevated summer heat (Ekra et al., 2024). This index conceptualizes thermal
comfort primarily as a function of two meteorological determinants: ambient air temperature (Ta) and relative
humidity (RH) (Thom, 1959). Subsequent refinements by Epstein and Moran established the DI as a standardized
and universally applicable metric for evaluating thermal perception (Zeng et al., 2024). The mathematical
formulation is expressed in Eq. (12):

DI = Ta — 0.55(1— 0.01RH) (Ta — 14.5) (12)

Where Ta denotes the air temperature and RH represents the relative humidity.

In the present study, LST was employed as a surrogate variable for Ta (Imran et al., 2021). The relative
humidity values were derived from the ERA5-Land reanalysis dataset. Given that ERA5-Land does not provide
RH directly, estimations were generated using the dew point temperature and near-surface air temperature using
the empirical relation in Eq. (13) (Bonshoms et al., 2022):

Furthermore, the DI values were categorized into six discrete thermal comfort classes according to the
classification proposed by Patle and Ghuge (2024), as summarized in Table 2.

Table 2. Discomfort ranges and conditions

Class number DI (°C) Discomfort conditions
1 DI<2] No discomfort
2 21<DI<24 Less than half of the population feels discomfort
3 24<DI <27 More than half of the population feels discomfort
4 27<DI<29 Most of the population suffers discomfort
5 29<DI <32 Everyone feels severe stress
6 >32 State of medical emergency

Local Bivariate Spatial Association (Lee's L)

Lee (2001) maintained that a rigorous index for bivariate spatial autocorrelation should be capable of
simultaneously capturing the co-location patterns of variables by integrating both inter-variable covariance and
the spatial configuration of observations. To operationalize this premise, he proposed a bivariate spatial
autocorrelation (BSA) index that unifies Pearson's correlation coefficient as a measure of direct pairwise
association with Moran's |, the canonical metric of spatial dependence. The localized expression of this statistic,
denoted as Lee's L in Equation (15), adopts the same notation as in Eq. (14), with both variables normalized to
zero mean and unit variance. Parameter n indicates the total number of observations in the dataset. This formulation
alleviates the asymmetry inherent in the BI; statistic; however, its multiplicative structure continues to
overemphasize the contribution of extreme values. Analogous to Bli, Lee's L partitions spatial associations into
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four canonical cluster types: high-high (HH), low—low (LL), low-high (LH), and high-low (HL) (Lee, 2017).
Nonetheless, the present study challenges several of the foundational assumptions in Lee's (2001) framework and
advances two alternative propositions: (1) a valid bivariate spatial index does not necessarily require an explicit
decomposition between covariance and spatial clustering effects, and (2) additional local manifestations of BSA,
beyond those strictly driven by extreme values, can reasonably be anticipated.

Bl; = cx; Xjwijy; (14)

Eg. (15) defines the bivariate local Moran's | (Bl;), which quantifies the localized BSA for a given region, i.
Specifically, xi denotes the value of variable x in region i, and y; represents the value of variable y in region j.
Spatial weight wij reflects the adjacency or spatial interaction between regions i and j, whereas ¢ functions as a
scaling constant.

nXjwijxj)(X;wiy;)

V2ixi? JXiyi®

By definition, Bl; is the product of x; and the spatial lag of y, with both variables standardized to have zero
mean and unit variance (Anselin, 2019).

L; = (15)

Bivariate Spatial Relationship

The proposed analytical framework for bivariate spatial relationships was designed to systematically
characterize and interpret the interdependencies between paired variables across geographic spaces. To achieve
this, the framework applies a calibrated spectrum of color gradients that classifies variables into distinct visual
categories, thereby generating spatial representations that convey the magnitude and direction of relationships with
clarity. In situations where variable overlaps reduce interpretability, normalization procedures are incorporated to
enhance visualization precision. The framework encompasses four principal configurations: transparent overlays,
sequential-sequential schemes, diverging—diverging schemes, and qualitative—sequential schemes. In the present
study, a sequential-sequential configuration was employed (Brewer, 2016).

Sequential-Sequential Configuration

The sequential configuration is tailored to analyze spatial linkages among two or more quantitative attributes
associated with defined geographic units. This design is particularly suited to vector-based datasets containing
attribute fields that enable robust statistical assessment. A distinctive advantage of this configuration is its ability
to represent continuous spatial transitions, allowing researchers to detect the underlying gradients and identify
clustering phenomena. For instance, urban studies can reveal relationships between concentrations of vacant
properties and local crime rates, providing empirical insights for policymakers evaluating whether property neglect
contributes to heightened crime levels. Beyond urban contexts, the configuration has notable applications in
economic geography—for examining spatial correlations between household income and property values—and in
agricultural research, where it can uncover linkages between soil quality and crop yield. More broadly, this
approach facilitates the detailed detection of spatial trends in quantitative datasets, strengthens predictive modeling
grounded in historical trajectories, and supports the identification of high-risk areas requiring targeted policy
interventions (Brewer, 2016).

Results
Dynamics of Environmental Indicators Influencing Ecological VVulnerability (2000-2025)

The temporal dynamics of the RSEVI components from 2000 to 2025 reveal a complex interplay between
reinforcing and counteracting processes. The steady increase in Gl (from 1.08 to 1.23) reflects a gradual
improvement in green infrastructure, which theoretically enhances ecological resilience. However, this positive
trend was not sufficient to counterbalance the pronounced increase in LST, which increased by more than 5°C
over the 25-year period. The increase in surface temperature indicates a strong urban heat island effect, suggesting
that the benefits of expanding green spaces have been partially offset by intensified land-use changes and the
proliferation of impervious surfaces. Meanwhile, LDI remained relatively stable, showing no substantial
fluctuations at the regional scale. Nevertheless, the decline in NDSI (from -0.14 to -0.18) points toward a gradual
deterioration of soil conditions, likely driven by subtle but persistent land degradation processes. This trend
suggests increasing ecological vulnerability in terms of soil quality, which is a critical component of ecosystem
functioning. Interestingly, SWCI displayed a slight upward trend (from 0.267 to 0.281), implying modest
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improvements in soil water availability. Although this change is relatively minor, it may serve as a mitigating
factor, buffering ecosystems against the adverse effects of increasing land surface temperature and soil
degradation. Overall, the trajectory of these indices underscores a paradox: while green infrastructure and soil
water content show positive tendencies, the concurrent intensification of heat stress and soil degradation highlights
persistent and possibly escalating ecological vulnerability. These results emphasize that strengthening the RSEVI
requires integrated management strategies that simultaneously address green infrastructure expansion, urban heat
mitigation, and soil conservation (Tab 3).

Table 3. Temporal Variation in the Average Values of Key Environmental Indicators

Indicators / Year 2000 2015 2025
Gl 1.08 1.16 1.23
LDI 0.084 0.081 0.082
LST 25.50 27.26 30.50
NDSI -0.14 -0.16 -0.18
SWCI 0.267 0.270 0.281
Gl
(2015)

< .,
P
-0.38 0.24 0.86 1.48 2.11
LDI LDI

(2000) (2015)

0.03 0.05 0.08 0.11 0.13

LST
(2015)

U
P, YO >
- -
\ 55
‘ W

e

NDSI NDSI NDSI
(2000) (2015) (2025)

-1.00 -0.50 0.00 0.50 1.00
SwWcCi swci SWcl
(2000) (2015) (2025)

-1.00 -0.50 0.00 0.50 1.00

Fig 3. Spatio-Temporal Dynamics of Environmental Indicators across the Study Area
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The spatial maps of the indices collectively revealed a coherent trajectory of change over the study period. In
the GI maps, green infrastructure gradually expanded, with denser and more continuous patches becoming evident,
particularly across the northern and central zones in the later years. In contrast, the LDI maps displayed relatively
minor and scattered variations, with only subtle intensifications in the central parts over time. The LST sequence
illustrates a pronounced transformation, as cooler areas in the initial map were progressively replaced by warmer
zones, culminating in widespread red patches in the final stage, clearly indicating the dominance of higher surface
temperatures. The NDSI maps appeared more uniform, yet a subtle but consistent shift toward more negative
values was visible, most notably in the southern areas, reflecting an increasing prevalence of lower index values.
Finally, the SWCI maps remained comparatively stable, although slight improvements were noticeable at the
periphery in the later period. Taken together, the maps convey a continuous and integrated picture of
spatiotemporal dynamics, capturing a gradual yet profound transformation of the ecological landscape across the
study horizon.

Spatiotemporal Dynamics of Ecological Vulnerability Based on the RSEVI Index (2000-2025)

The spatiotemporal evolution of the RSEVI index between 2000 and 2025 reveals a marked transition from
relatively stable conditions toward an increasingly fragile ecological system. Statistically, the minimum values
fluctuate substantially, shifting from —5.96 in 2000 to —2.71 in 2015 before declining again to —4.26 in 2025. This
pattern indicates that highly fragile zones have not only persisted but, in some cases, intensified over time. In
contrast, the maximum values exhibited a steady upward trend, rising from 3.93 in 2000 to 5.00 in 2025, which
underscores the emergence and consolidation of extreme vulnerability hotspots. The mean values also show a
systematic drift from —-0.10 in 2000 to 0.15 in 2025, signifying an overall shift toward greater vulnerability.
Meanwhile, the progressive increase in standard deviation, from 1.31 to 1.50, highlights growing spatial
heterogeneity and a widening disparity between low- and high-vulnerability areas. Spatial distribution maps
provide compelling visual evidence of these statistical trends. In 2000, the landscape was predominantly dominated
by zones of negligible vulnerability (dark blue), with scattered patches of light or medium vulnerability. By 2015,

RSEVI index

Negligible Medium Extreme
vulnerability vulnerability vulnerability

Light Strong
vulnerability vulnerability

— -5.-96

B -2n

Min -4.25
— 3.93

I 4.02

Max
et B
AS s -0.10

-0.05

| [

— 1 .30
142
W 1.50

illustrating the progression from negligible to extreme vulnerability.
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however, a noticeable expansion of medium (light green) and strong (yellow) vulnerability was observed,
particularly across the peripheral and southern parts of the region. This trajectory becomes far more pronounced
by 2025, when large portions of the area transition into strong and extreme (red) vulnerability categories. The
eastern and southern subregions emerged as critical hotspots, reflecting both intensified environmental stressors
and insufficient adaptive capacity. The progression from negligible vulnerability in 2000 to widespread extreme
conditions in 2025 illustrates systemic destabilization, whereby the region is increasingly exposed to
environmental risks and socio-ecological fragility. Such spatiotemporal dynamics highlight the structural
deepening of vulnerability and the urgent need for targeted management strategies and resilience-building policies.
Without proactive intervention, the observed trajectory strongly suggests that the study area may face compounded
risks, where ecological pressures and social sensitivities converge to amplify systemic instability.

Spatiotemporal Patterns of the DI and the Evolution of Thermal Stress across Three Time Periods

The spatiotemporal evolution of the DI between 2000 and 2025 reveals a clear and statistically meaningful
intensification of thermal stress across the study area. In 2000, the DI values ranged from 13.01 to 38.71, with a
mean of 23.31. Both the numerical evidence and corresponding spatial representation indicate that most of the area
remained within no discomfort or mild discomfort zones, with only a few localized hotspots approaching critical
thresholds. By 2015, although the maximum DI increased only marginally to 38.99 and the mean rose slightly to
24.29, the maps distinctly illustrate the spatial expansion of zones where general discomfort became dominant.
This shift suggests that the progression of thermal stress is not only numerical, but also strongly geographical,
reflecting an increasing proportion of the population exposed to adverse conditions. The situation escalates
dramatically by 2025, when the DI reaches a maximum of 43.38 and the mean climbs to 26.79, accompanied by a
rise in standard deviation from 3.21 in 2000 to 3.79. This increase in variance indicates growing spatial
heterogeneity and sharp contrasts between relatively safer and severely stressed zones. The corresponding map
underscores this transformation, with large contiguous areas transitioning into states of severe thermal stress and
medical emergencies. Collectively, the convergence of statistical indicators and spatial patterns underscores the
accelerating impact of climate change on thermal comfort, highlighting critical public health risks and the urgent
need for adaptive planning, infrastructural interventions, and evidence-based policy responses.

DI index

More than half
of the population Everyone feels
No discomfort feels discomfort severe stress

Less than half Most of the State of
of the population population medical
feels discomfort suffers discomfort emergency

s 13.01

16.49
1734
—38.71
I 38.99

338

—23.31

I 24.29
B 26.79

w— 3 .21

I 3.22
.79

Fig 5. Statistical profiling and temporal variation of DI-based thermal discomfort classes (2000-2025) highlighted the transition from no
discomfort to medical emergency conditions.
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Spatiotemporal variation in the RSEVI and DI vulnerability classes across 2000, 2015, and 2025.

The temporal dynamics of DI and RSEVI between 2000 and 2025 revealed a clear transition toward higher
levels of vulnerability and discomfort across the study area. According to the RSEVI, the proportion of land under
negligible vulnerability gradually declined from 48.59% in 2000 to 47.20% in 2025. In contrast, the proportion of
areas experiencing strong and extreme vulnerability increased markedly. Specifically, the extent of strong
vulnerability rose from 19.98 km? (5.45%) in 2000 to 59.54 km? (16.23%) in 2025, while extreme vulnerability
expanded from only 0.18 km? (0.05%) to 9.83 km? (2.68%) over the same period. These shifts underscore the
progressive drift of the landscape toward more fragile and risk-prone conditions. Similarly, the DI index
demonstrated a parallel trajectory of intensifying stress. Areas categorized as experiencing no discomfort declined
sharply, from 29.70% in 2000 to 2.91% in 2025. Conversely, everyone felt severe stress, and the state of medical
emergency exhibited substantial increases, rising from 1.86% and 0.10% in 2000 to 25.60% and 8.62% in 2025,
respectively. Such transformations strongly indicate a significant deterioration in thermal comfort and human well-
being, reflecting escalating environmental pressures within the region. Overall, the concurrent trends in DI and
RSEVI highlight a pronounced shift from relatively stable and resilient conditions in 2000 to a highly vulnerable
and discomfort-prone state by 2025. This trajectory not only underscores the urgent need for climate-responsive
adaptation strategies but also emphasizes the importance of integrated environmental management and policy
interventions to mitigate the adverse consequences of these transitions (Table 4).

Table 4. Spatiotemporal variation in the areal extent (km?) of the RSEVI and DI vulnerability classes across 2000, 2015, and 2025.
RSEVI index Area (km?)

Year 2000 2015 2025
Categories Area (km?)
Negligible vulnerability 178.22 176.21 173.12
Light vulnerability 80.69 67.08 52.4
Medium vulnerability 87.68 84.69 71.86
Strong vulnerability 19.98 38.46 59.54
Extreme vulnerability 0.18 0.31 9.83
DI index Area (km?)
No discomfort 108.94 84.29 10.66
Less than half of the population feels discomfort 90.02 84.55 106.01
More than half of the population feels discomfort 119.81 107.26 68.77
Most of the population suffers discomfort 40.78 71.98 55.79
Everyone feels severe stress 6.82 17.61 93.89
State of medical emergency 0.38 1.06 31.63
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Fig 6. Percentage distribution of RSEVI and DI vulnerability classes, highlighting temporal shifts in relative proportions during 2000,
2015, and 2025.

Spatial Clustering Dynamics between the DI and RSEVI: Evidence of Dual Trajectories of Vulnerability
and Resilience

The spatial maps and statistical outputs derived from the bivariate local association (Lee's L) DI and RSEVI
reveal a relationship that, while statistically robust, is profoundly heterogeneous and clustered. In the southern,
southeastern, and southwestern regions, as well as parts of the northern sector, high-high clusters occupy a
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substantial portion of the spatial domain, with their prevalence increasing markedly from 0.48 in 2000 to 0.74 in
2025. This sharp rise indicates the intensification of zones where elevated discomfort levels coincide with poor
ecological performance, transforming these areas into critical hotspots of climatic stress and environmental
degradation. In contrast, the northern, northwestern, and parts of the southern areas are predominantly
characterized by low-low clusters, which increase from 0.23 in 2000 to 0.34 in 2025. These clusters represent
zones of relative resilience, where lower climatic discomfort coexists with favorable ecological conditions, and
thus can be interpreted as socio-ecological strongholds of stability. In the western and central regions, patches of
high-low associations persist with relative temporal stability (approximately 0.39 in both 2015 and 2025). These
clusters reflect areas where severe discomfort is experienced despite ecologically favorable conditions,
highlighting climatic stressors that operate independently of ecological capacity. Conversely, the share of low-
high clusters exhibits a notable increase, rising from 0.28 in 2000 to 0.48 in 2025. These associations delineate
areas where ecological fragility and vegetation degradation occur despite low levels of discomfort, thereby
signaling zones that are highly vulnerable from an environmental standpoint and necessitating targeted ecological
protection policies.

From a statistical perspective, the significance levels further reinforced these interpretations. In 2000,
approximately 94% of the associations were significant at the 99% confidence level, which increased to 96% by
2025. Similarly, significant associations at the 95% level rose from 0.85 in 2000 to 0.90 in 2025, reflecting a
strengthening of the spatial coupling between DI and RSEVI over time. Nevertheless, the share of non-significant
associations also grew, from 0.68 in 2000 to 0.83 in 2025, particularly in the central and boundary regions. These
areas can be seen as transitional or structurally shifting zones, where the relationship between discomfort and
ecological conditions is weakening or undergoing reconfiguration.
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Fig 7. Spatial distribution, temporal variation, and statistical significance of Lee's bivariate local association categories (hig‘h—High,
Low—Low, High-Low, and Low-high) between the DI and RSEV| across study regions for 2000, 2015, and 2025, highlighting the
intensification of high—high hotspots and consolidation of low—low resilient zones over time.
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Overall, the findings delineate clear spatial duality. On the one hand, the intensity and extent of critical high-
high and low-high clusters are expanding, thereby magnifying the convergence of climatic stress and ecological
vulnerability. In contrast, low-low clusters are consolidated as resilient cores, representing domains of ecological
and climatic stability. This duality underscores the coexistence of escalating hotspots of socio-ecological risk
alongside emerging pockets of resilience, highlighting the urgent need for spatially differentiated and context-
sensitive climate—ecological policy interventions.

Spatio-Temporal Dynamics of the Bivariate Relationship between DI and RSEVI (2000-2025)

The figure presents the results of a bivariate spatial relationship analysis between DI and RSEV1 across three
time periods: 2000, 2015, and 2025. The results clearly revealed substantial temporal shifts in the co-occurrence
patterns of the two indices. In 2000, a significant proportion of the areas was classified as low—low, reflecting the
simultaneous presence of low development pressure and low ecological vulnerability. However, from 2015
onwards, the spatial distribution progressively shifted toward the High—High category, indicating a growing
prevalence of areas where elevated development levels co-occurred with intensified ecological stress. This
transition underscores the strengthening of the spatial correlation between development processes and ecological
degradation over time.

The accompanying donut charts provide quantitative depictions of the relative proportions of each spatial
relationship category. A clear trend emerges: while the proportion of low-low areas has gradually declined, the
share of high-high clusters has increased considerably, rising from approximately 27.98% in 2000 to 29.61% in
2025. In contrast, the proportion of discordant categories (high-low and low-high) remained relatively stable, with
only minor fluctuations throughout the study period. Overall, these findings emphasize that the study period not
only witnessed a spatial convergence between development intensity and ecological vulnerability, but also
revealed an amplification of this convergence in critical regions, particularly by 2025. Unbalanced development
trajectories are directly associated with heightened ecological degradation, raising significant managerial and
policy implications for sustainable development and environmental protection.

Bivariate spatial
relationship

Bivariate spatial relationship
BIDI index
IIRSEVI index

Low Low
2000 2015 2025

29.61%

Fig 8. Combined Spatial and Statistical Representation of DI-RSEVI Bivariate Relationships (2000-2025)
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Discussion

The spatiotemporal dynamics of the RSEVI between 2000 and 2025 revealed systemic deterioration in the
study area. The fluctuations in minimum values (-5.96 2000, —2.71 2015, and —4.26 in 2025), along with steadily
increasing maximum values (3.93 to 5.00), an upward drift in mean values (-0.10 to 0.15), and rising standard
deviation (1.31 to 1.50), collectively illustrate the dual phenomenon of intensifying ecological fragility and
widening heterogeneity. These trends mirror the findings in the Yellow River Basin (Guo et al., 2024; Han et al.,
2025), where climate stress combined with human activities exacerbates vulnerability. Similarly, Niu et al. (2024)
documented that land use changes and rapid urban expansion resulted in divergent spatial patterns of ecological
fragility, reinforcing our observation of increasing spatial disparity. The expansion of built-up areas in our study
region has severely degraded vegetation cover, a process highlighted by Wen et al. (2023), further accelerating
ecological vulnerability. In contrast, He et al. (2023) reported that targeted ecological restoration and sustainable
land-use practices stabilized or even reduced vulnerability in certain Chinese landscapes. This divergence
underscores the critical role of proactive ecological governance. The absence of comparable large-scale ecological
restoration programs in our study area suggests that anthropogenic pressures outpace adaptive interventions,
resulting in unchecked vulnerability growth.

DI showed a parallel escalation trajectory. The mean DI increased from 23.31 in 2000 to 26.79 in 2025, the
maximum DI rose from 38.71 to 43.38, and the share of "no discomfort" zones plummeted from 29.70% to just
2.91%, while medical-emergency zones surged from 0.10% to 8.62%. These findings are consistent with
observations from the Arabian Peninsula, where intensified heat stress and extreme events have been documented
(Ullah et al. 2024). Our results are consistent with those of Imran et al. (2021), who found that urban sprawl and
the conversion of vegetated land to built-up and wasteland areas significantly increased human thermal discomfort.

The class transitions in ecological vulnerability provided further evidence for this deterioration. Negligible
vulnerability areas decreased modestly (48.59% to 47.20%), strong vulnerability more than tripled (5.45% to
16.23%), and extreme vulnerability surged fifty-fold (0.05% to 2.68%). Comparable results were reported by Dong
et al. (2025), who observed expanding fragile zones in northern China even in the presence of conservation efforts.
Similarly, Zhang (2021, 2024) noted an increasing prevalence of mild, moderate, and strong vulnerability classes
in different regions of China. Again, the inconsistencies with He et al. (2023) highlight the potential for divergence
in trajectories depending on the extent and efficacy of ecological governance.

Our findings demonstrate a substantial expansion of high-high clusters (areas characterized by elevated
discomfort coupled with high ecological vulnerability), particularly across the southern, southeastern,
southwestern, and selected northern regions. The prevalence of these clusters has increased markedly from
approximately 0.48 in 2000 to approximately 0.74 in 2025, underscoring the intensification of socio-ecological
hotspots. In parallel, Low—Low clusters (low discomfort and low ecological vulnerability) also exhibited a
moderate increase, rising from nearly 0.23 to 0.34, which suggests the consolidation of resilience cores within the
system. In contrast, high-low clusters remained relatively stable over time (~0.39 in both 2015 and 2025),
indicating areas where discomfort intensified despite ecologically favorable conditions. Conversely, low-high
clusters expanded considerably, increasing from ~0.28 in 2000 to ~0.48 in 2025, reflecting regions where
ecological vulnerability has worsened despite relatively low levels of climatic discomfort. These patterns are
partially inconsistent with the results of Zhang et al. (2023), who reported a contraction of both high-high and low-
low clusters within their study domain.

Taken together, these findings emphasize the systemic destabilization of both ecological systems and human
comfort in the study area. They also highlight the duality of risk and resilience: while vulnerability hotspots are
intensifying, small pockets of resilience remain, offering opportunities for targeted interventions.

Policy Implications

The findings of this study have profound implications for environmental policies and adaptive management.
The transition from relatively stable ecological and climatic conditions in 2000 toward heightened fragility and
intensified thermal stress in 2025 is neither linear nor homogeneous but is characterized by abrupt spatial and
temporal shifts. For instance, the drastic reduction in no-discomfort zones from 29.70% in 2000 to only 2.91% in
2025, coupled with the sharp escalation of medical emergency areas from 0.10% to 8.62%, reflects an unfolding
crisis with direct consequences for public health and social resilience. Similarly, the expansion of strongly and
extremely fragile ecological zones from 5.45% and 0.05% in 2000 to 16.23% and 2.68% in 2025, respectively,
signifies an urgent demand for spatially differentiated policies. These results underscore the need to design context-
sensitive strategies that simultaneously target high-risk hotspots (high-high clusters) and safeguard resilient zones
(low-low clusters). Particularly in the southern and eastern subregions, where vulnerability hotspots are
consolidating, proactive interventions in natural resource management, cooling infrastructure, and adaptive
capacity building emerge as indispensable priorities.
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Contributions

This research advances the scientific literature in two ways. First, by integrating the RSEVI and DI indices
through bivariate spatial analysis (Lee's L), heterogeneous clusters of convergence and divergence would have
remained invisible in univariate assessments. Second, the provision of robust statistical evidence, such as the
upward shift in mean RSEVI from —0.10 in 2000 to 0.15 in 2025 and in mean DI from 23.31 to 26.79, demonstrates
a systemic drift toward greater heterogeneity and intensification of risks. Together, these contributions enrich the
empirical understanding of socio-ecological vulnerability while providing a novel analytical framework for
reassessing resilience theory in climate—ecological systems.

Limitations

Despite its contributions, this study had several limitations. The reliance on composite indices, while
methodologically robust, may obscure microscale dynamics and localized drivers of vulnerability. Furthermore,
dependence on reanalysis datasets introduces potential biases arising from scale mismatches or sparse local
observations. Finally, the focus of the analysis was predominantly biophysical and spatiotemporal, with less
attention paid to institutional, economic, and behavioral dimensions that fundamentally shape vulnerability and
adaptive capacity. These limitations highlight the need for caution when generalizing the results beyond a specific
study area.

Future Research Directions

Future investigations could address these limitations in three main ways. First, the integration of remote
sensing indicators with participatory and field-based data collection allows for more holistic and multiscalar
narratives of vulnerability. Second, developing scenario-based predictive models that integrate climate projections
and socioeconomic trajectories could enhance foresight into possible futures. Third, embedding institutional and
governance factors into analytical models, particularly in relation to policy interventions that either mitigate or
exacerbate high—High and Low-high clusters, would strengthen the bridge between science and policy. Such
efforts would contribute to advancing spatially informed, justice-oriented adaptation strategies.

Conclusions

In conclusion, this study demonstrated a clear and statistically significant transition from relative stability in
2000 to heightened socio-ecological fragility and thermal discomfort by 2025. Numerical evidence underscores
the severity of this transformation: no-discomfort zones declined from 29.70% to 2.91%, strongly fragile areas
increased from 5.45% to 16.23%, and medical emergency zones expanded dramatically from 0.10% to 8.62%.
These shifts indicate not only ecological destabilization but also a direct threat to human well-being. The
simultaneous consolidation of high-high clusters and the persistence of low-high associations further reveal the
convergence of climatic stress and ecological degradation in critical subregions. Without targeted and evidence-
based interventions, widening disparities between resilient and fragile zones is likely to deepen systemic
vulnerabilities. By offering both quantitative evidence and spatially nuanced insights, this study highlights the
urgent necessity of climate-responsive policies, spatially differentiated management strategies, and integrated
resilience-building frameworks while laying the groundwork for future interdisciplinary research at the interface
of vulnerability, resilience, and spatial justice.
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