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Abstract: With the rapid development of urbanization, the ecological environment is being degraded.
Taking the Barcelona Metropolitan Region as an example, this paper developed an ecological environ-
ment quality-assessment system suitable for different times and regions, based on remote sensing, to
evaluate the quality of the ecological environment from 2006 to 2018. We also built various ordinary
least squares models to analyze multiple variables affecting the ecological environment. Finally,
the characteristic triangular spatial structure was used to explain the interaction between the two
key variables. The results showed that the ecological quality was unevenly distributed. The largest
green space contributed the most benefits but was decreasing and becoming fragmented. NDVI
(normalized difference vegetation index) was the most significant natural variable related to the
distribution of green space. Precipitation was the most closely related climate factor to NDVI. There
was a complex two-way interaction mechanism between the two, and its boundary value was getting
higher and higher. In conclusion, the environmental quality of the BMR needs improvement. The
characteristic triangle can effectively explain the interaction mechanism between precipitation and
NDVI. This study deeply analyzes how various factors affect environmental quality from both the
global and internal perspectives and provides a scientific basis for urban ecological management and
sustainable development.

Keywords: ecological environment quality; remote sensing; climate change; precipitation; NDVI;
urban expansion; characteristic triangle; sustainable development

1. Introduction

Over the past few decades, environmental assessment has emerged as a critical com-
ponent of environmental management, garnering increasing attention [1]. The impact
of human activities on environmental changes and the pivotal role of environmental as-
sessment in understanding these processes are now widely acknowledged [2]. In today’s
rapidly urbanizing and industrializing world, human activities have severely damaged
the ecological environment, exacerbating issues such as soil erosion, land salinization,
desertification, and a sharp decline in biodiversity [3,4]. Concurrently, the degradation
of the ecological environment has led to more frequent natural disasters and extreme
climatic events, including floods, droughts, global warming, and heatwaves [5–7]. A
healthy ecological environment forms the foundation of sustainable social development
and human survival. The continued deterioration of ecological conditions has significantly
impacted societal development and public health. Addressing ecological and environ-
mental issues must go hand-in-hand with urban development, economic growth, and
scientific advancement. Only through this balanced approach can we achieve harmonious
coexistence between humanity and nature, reduce the frequency of natural disasters and
extreme weather events, safeguard public health, and ensure the sustainable use of natural
resources [8].
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The scientific evaluation of the ecological environment and the rational optimiza-
tion of its patterns are not only prominent topics in climate and environmental research
but also pressing demands for ecological economic development and the construction
of ecological civilization [9]. Currently, satellite-based remote sensing earth-observation
systems are widely applied in ecological environment studies due to their macro-scale,
rapid, and real-time advantages. The use of various remote sensing indicators to moni-
tor and assess natural forests, grasslands, urban impervious surfaces, water bodies, and
ecosystems at regional scales has become integral to ecological protection efforts [10]. With
advancements in “3S” technologies (remote sensing, geographic information systems, and
global positioning systems), many researchers have employed RS and GIS technologies
to acquire ground information, combining mathematical models and statistical analysis
to conduct comprehensive evaluations of the ecological environment across diverse re-
gions and scales [11,12]. For example, in 2009, Ivits et al. used SPOT imagery and the
Normalized Difference Vegetation Index (NDVI) as an ecological indicator to evaluate
forest and farmland bird habitats in China [13]. Similarly, Marllu J. et al. developed an
urban ecological environment-evaluation system, incorporating vegetation sensitivity and
ecological isolation indices, providing critical insights for urban land-use planning [14]. In
2013, Xu Hanqiu introduced the Remote Sensing Ecological Index (RSEI), which integrates
four key indicators: vegetation index, humidity component, surface temperature, and soil
index. The index employs principal component analysis to provide a comprehensive repre-
sentation of regional ecological conditions. Xu used the RSEI alongside China’s traditional
EI to study areas with severe soil erosion in Fujian Province, enabling dynamic analysis and
predictive assessments that addressed the limitations of the EI [15]. Recent research has
further expanded the application of remote sensing in ecological studies. Wang Zi (2021)
analyzed the ecological quality of the Chahan Nur Basin from 1992 to 2020 using Landsat
imagery and saline-alkali land-specific indicators [8]. Hou Yifeng et al. (2022) explored
the evolution of land cover changes in the Tarim River Basin and assessed the ecological
contributions of different land-use transformations over three decades [16]. Numerous
studies have underscored the critical role of NDVI in ecological monitoring. Wessels et al.
(2004) demonstrated a positive correlation between NDVI and soil health, using it to eval-
uate ecosystem quality in northern South Africa [17]. NDVI has been widely applied to
detect seasonal and long-term vegetation trends, assess ecosystem health, and monitor
ecosystem restoration efforts [18–20]. For instance, Goward and Prince established its
utility as a proxy for vegetation’s net primary productivity (NPP) [19], while Ren Jie (2020)
revealed that lower NDVI values correspond to higher ecological sensitivity in the western
Yili Basin [21]. Urban agglomerations have also become a focal point of ecological-quality
research. Zhang Yi et al. (2022) analyzed the Changsha–Zhuzhou–Xiangtan metropolitan
area using the RSEI and structural equation modeling to explore the interactions between
natural and anthropogenic factors [22]. In 2023, Zhang Lifang employed multivariate
regression models to investigate the spatial heterogeneity of driving forces affecting urban
ecological quality in China [23]. Huang Min et al. (2024) used a “point-line-surface” ap-
proach to study the spatiotemporal dynamics of land-use and ecological patterns in the
Poyang Lake Ecological Zone [24]. However, despite these advancements, there remains
no unified standard for evaluating ecological quality. Commonly used indices, such as
land weight indices, are often numerical and limited to static regional descriptions, making
them inadequate for analyzing spatial and temporal changes [8,11–21]. Moreover, existing
studies lack process-based, dynamic ecosystem analyses and often rely on highly subjective
indicator constructions, introducing constraints for large-scale evaluations [22–24].

Numerous studies have highlighted that NDVI is a critical indicator for assessing and
reflecting a region’s ecological environment quality. Consequently, it is essential to analyze
the factors that directly influence NDVI and indirectly regulate ecological quality. Key
factors identified in previous research include temperature, soil properties, topography, and
human activities [25–30]. Among these, the relationship between NDVI and precipitation
is particularly intricate and significant. In general, adequate precipitation promotes plant
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growth, increases biomass, and enhances NDVI values, whereas drought or insufficient
precipitation reduces NDVI [31,32]. However, this relationship varies significantly across
regions and temporal scales. For example, Mu Shaojie et al. [33] observed a notable time lag
in the response of NDVI to precipitation in grassland ecosystems. Liu et al. [34] examined
the vegetation dynamics of the Amazon rainforest and found that even in areas with
abundant precipitation, seasonal fluctuations can still induce significant NDVI variations.
Similarly, Xu Yue et al. [35] reported that NDVI responses to precipitation changes differ
across seasons. While the precise relationship between precipitation and NDVI remains
complex and difficult to define, previous studies consistently suggest that precipitation
plays a pivotal role in supporting vegetation growth [25]. Despite this understanding, the
dynamic interplay between precipitation and NDVI continues to be an unresolved research
challenge, requiring further investigation.

Building on the aforementioned points, this article aims to achieve the following objec-
tives through the application of remote sensing technology: Firstly, based on NDVI, a dy-
namic ecological environment quality-assessment system applicable to different metropoli-
tan areas and periods will be constructed and used to assess the ecological environment
quality of the Barcelona Metropolitan Region. Secondly, we will comprehensively analyze
the various natural and human factors and, primarily, investigate the climatic factors that
influence NDVI. Most importantly, the close and complex relationship between precipita-
tion, an important climate factor, and NDVI must be deeply analyzed. We try to discover
some laws and inspirations for this unresolved topic to a certain extent.

2. Materials and Methods
2.1. The Field of Study

The Barcelona Metropolitan Region (BMR, Figure 1) is located in the northeast of
the Iberian Peninsula, at the heart of the Mediterranean corridor that connects Spain to
the rest of continental Europe. It features a typical Mediterranean climate and is the
largest metropolitan area in Catalonia, serving as its political, economic, and cultural center.
Covering approximately 3224.7 km2 and comprising 164 municipalities, the BMR is home
to about 5.4 million inhabitants, making it the most densely populated metropolitan area
in the European Union [36]. The region is traversed by two major rivers, the Llobregat
and Besòs, while the coastal and pre-coastal mountain ranges frame the coastal and pre-
coastal depressions where most population centers are located. The Barcelona Metropolitan
Area (BMA), a subset of the BMR, spans 636 km2 and includes the city of Barcelona and
35 neighboring towns, with a permanent population of roughly 4.7 million. The urban
core of Barcelona, covering about 100 km2, has a population exceeding 1.65 million and a
population density of over 16,500 inhabitants per km2 [37]. At the center of the metropolitan
area lies the Collserola “serralada”, a key segment of the coastal mountain range that serves
as the “green lung” for the region, providing a natural buffer amidst urban development.
Recognizing the ecological significance of such green spaces, the Barcelona Metropolitan
Territorial Plan prioritizes the protection of the BMR’s ecological environment and green
infrastructure [38]. Currently, green spaces, including urban parks, suburban parks, forests,
and protected areas, account for approximately 2514 km2, or 77.4%, of the total area of
the BMR. Given these characteristics, the BMR was selected as the study area to assess
the evolution of its ecological environment quality and to analyze the influence of various
factors, particularly precipitation, on NDVI.
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Figure 1. Barcelona Metropolitan Region (BMR, with municipalities). (a) BMR satellite aerial pho-
tography; (b) BMR mountain elevation map. 

2.2. Materials 
1. Corine Land Cover (CLC) provides us with relatively accurate European land cover 

data [39] with a resolution of 100 m in 2006, 2012, and 2018 (https://land.coperni-
cus.eu/en/products/corine-land-cover, accessed on 18 June 2024), which records 22 
types of green space systems in detail. 

2. The MODIS_MOD13Q1 (https://lpdaac.usgs.gov/products/mod13q1v006/, accessed 
on 20 June 2024) dataset provides relevant remote sensing image data with a resolu-
tion of 250 m. 

3. The daytime and nighttime land surface temperature (LST) can be obtained from 
MODIS_MOD11A1 (https://lpdaac.usgs.gov/products/mod11a1v006/, accessed on 
20 June 2024) with a resolution of 1 km. 

4. The urban heat island effect (UHI) will be expressed as the difference between urban 
and rural LST, that is, the difference in the average surface temperature between the 
urban built-up area and the rural area based on land cover data [40]. By subtracting 
the average surface temperature during the day and night in urban areas from that 
in rural areas each year, we can get the approximate intensity distribution of the ur-
ban heat island effect during the day and the night. The larger the value, the greater 
the intensity of the urban heat island effect. 

5. DEM terrain data come from SRTM (https://www.earthdata.nasa.gov/sensors/srtm, 
accessed on 11 June 2024), with a resolution of 30 m. 

6. Impervious ground data come from GlobeLand 30 (https://www.web-
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Figure 1. Barcelona Metropolitan Region (BMR, with municipalities). (a) BMR satellite aerial
photography; (b) BMR mountain elevation map.

2.2. Materials

1. Corine Land Cover (CLC) provides us with relatively accurate European land cover
data [39] with a resolution of 100 m in 2006, 2012, and 2018 (https://land.copernicus.
eu/en/products/corine-land-cover, accessed on 18 June 2024), which records 22 types
of green space systems in detail.

2. The MODIS_MOD13Q1 (https://lpdaac.usgs.gov/products/mod13q1v006/, accessed
on 20 June 2024) dataset provides relevant remote sensing image data with a resolution
of 250 m.

3. The daytime and nighttime land surface temperature (LST) can be obtained from
MODIS_MOD11A1 (https://lpdaac.usgs.gov/products/mod11a1v006/, accessed on
20 June 2024) with a resolution of 1 km.

4. The urban heat island effect (UHI) will be expressed as the difference between urban
and rural LST, that is, the difference in the average surface temperature between the
urban built-up area and the rural area based on land cover data [40]. By subtracting
the average surface temperature during the day and night in urban areas from that in
rural areas each year, we can get the approximate intensity distribution of the urban
heat island effect during the day and the night. The larger the value, the greater the
intensity of the urban heat island effect.

5. DEM terrain data come from SRTM (https://www.earthdata.nasa.gov/sensors/srtm,
accessed on 11 June 2024), with a resolution of 30 m.

6. Impervious ground data come from GlobeLand 30 (https://www.webmap.cn/commres.
do?method=globeIndex, accessed on 15 June 2024), with a resolution of 30 m.

7. E-obs can provide annual European precipitation grid data, as well as daily maximum
temperature (T_max) and minimum temperature (T_min), but the resolution is 1◦,
which is very large (https://surfobs.climate.copernicus.eu/dataaccess/access_eobs.
php, accessed on 19 June 2024). Therefore, we used the kriging interpolation method
based on the E-obs data to reconstruct the relevant climate map of the BMR with a
resolution of 1 km [41].

8. The night light data are divided into two parts. The data from 1992 to 2013 come from
DMSP data with a resolution of 30 arc seconds and a numerical range of 0–63. The
night light data after 2013 are provided by VIIRS with a resolution of 15 arc seconds,
which is more accurate and very different from DMSP. In the previous work of the
authors, the two datasets were calibrated and unified using the stepwise calibration
method, which will not be repeated here [42].

2.3. Methodology

We carried out this research in the following steps.

https://land.copernicus.eu/en/products/corine-land-cover
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1 First of all, to evaluate the Ecological Environment Quality Index (EQI) of the BMR,
we needed to achieve the following aspects.

• For the convenience of analysis, we classified the land-use coverage of the BMR
according to the land type classification of CLC [16].

• Then, we extracted the difference (NDVIaverage-NDBIaverage) of the annual average
values of NDVI and NDBI for each type of land in 2006, 2012, and 2018 after reclassifica-
tion.

• Secondly, set the EQI evaluation parameters. For each year, we homogenized the
difference results obtained in the previous step using Formula (1), setting the minimum
value of each year to 0 and the maximum value to 1 as the evaluation parameter (Ei)
of ecological environmental quality.

Ei =
X0 − Xmin

Xmax − Xmin
, (1)

where:
Ei is the dimensionless ecological environment quality weight index;
X0 is the NDVIaverage-NDBIaverage of each type of land in that year;
Xmax is the maximum value of NDVIaverage-NDBIaverage of various types of land in

that year;
and Xmin is the minimum value of NDVIaverage-NDBIaverage of various types of

land in that year.

• Finally, I evaluated the BMR’s annual EQI index based on Formula (2).

EQIt =
n

∑
i=1

Ai ×
Ei

TA
, (2)

where:
EQIt is the ecological environment quality index in year t;
i is the land type;
Ai is the area of that type of land use;
Ei is the weight of the ecological quality index of this type of land use;
and TA is the total area of the land.

• It is important to pay attention to the land-use types that have a greater impact on
or contribution to the evaluation results when evaluating the ecological environment
quality of urban areas. Land use is the key to controlling the ecological quality of
the BMR.

• In addition, we also needed to draw the distribution map of the annual evaluation
results of the ecological environment quality index of the BMR and the change map of
the results from 2006 to 2018 to analyze the distribution and evolution direction of the
ecological quality of the BMR from a spatial perspective.

2 Then, we needed to study the relationship between the key land-use distribution
and various possible influencing factors that affect the assessment results. We have
reviewed numerous relevant studies and compiled various data on green space
distribution, which are presented in Table 1 [5,43,44]. After obtaining the above data,
we established a 1km grid within the BMR range, extracted the proportion of key
land-use area in the grid each year as the dependent variable, and established an OLS
model to analyze their importance.
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Table 1. List of factors potentially influencing the key land-use distribution.

Type Factors

Natural factors

Longitude
Latitude

Distance from coastline
Orientation

Altitude
NDVI

Precipitation
LST

LST_day- LST_night
T_max
T_min

T_max-T_min

Human activity

NDBI
Urban heat island effect

Impermeable area
Artificial area

Nighttime light data

3 Having established a clear interaction between NDVI and the distribution of key
land uses that influence EQI assessment results, it is necessary to analyze the climatic
factors affecting NDVI to uncover the indirect impacts of climate change on ecological
quality. For this purpose, a climate database spanning 2000 to 2023 was developed,
with the annual average NDVI as the dependent variable and multiple climate data
as explanatory variables. The strength of the correlations between these variables was
then analyzed.

4 In a previous study, the authors identified precipitation as a highly complex controlling
factor [25], with a strong, yet unresolved, interaction with NDVI. However, this intricate
relationship proves challenging to elucidate using conventional regression models [45].
To address this, we employed the precipitation/NDVI characteristic triangle space as an
analytical framework to explore the underlying mechanism [46–48].

• Firstly, for each year, a precipitation/NDVI scatter plot was established. In order
to facilitate the analysis of the physical meaning of each side of the triangle, we
used NDVI as the X-axis and precipitation as the Y-axis. Since the numerical ranges
of the two values are quite different, the spatial characteristics of the established
scatter plot are not obvious, so we calculated the Ln log function for both NDVI and
precipitation [49].

• Then, Qrigin 2021 was used to perform nonparametric kernel-density estimation (KDE)
to analyze the density characteristics of the scatter plot [50–52].

• If it is found that the scattered points are unevenly distributed and there are scattered
points with low density distribution around the cluster, we need to perform local
outlier factor detection (LOF) [53,54].

• After removing the abnormal outliers, we can determine the sides of the characteristic
triangle. The maximum NDVI value among the retained scattered points will be used
as the straight edge. For the hypotenuse, we use 0.01 as a minimum interval and find
the maximum and minimum precipitation values in each interval. Then, use the least
squares method to perform a linear fit with Equation (3) to obtain the hypotenuse of
the triangle [46].

Precpi = a × NDVIi (3)

where:
Precpi is the LN value of precipitation corresponding to the i-th NDVI;
NDVIi is the LN value of NDVI corresponding to the i-th NDVI;
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a is the slope;
and b is a constant.

• Finally, after completing the most critical triangle fitting, we can use remote sensing
technology to analyze the physical meaning of each side of the precipitation/NDVI
characteristic triangle and the space and further analyze the relationship between
NDVI and precipitation. This allows us to indirectly understand the impact of precipi-
tation on the green space system.

The research method is summarized in the following idea map (Figure 2).
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3. Results
3.1. BMR Ecological Environment Quality Assessment

Extensive research has been conducted on ecological environment quality assessment
using remote sensing technology, producing significant results from various perspectives
and focuses. Initially, studies primarily employed environmental indicators to assign
numerical weights based on land cover types for assessing the environmental quality of
specific regions [8,11–21]. While these assessments have evolved from relying on single
indicators to multiple indicators with increasingly refined land-use classifications and
improved weight assignments, their applicability remains limited to specific areas and
timeframes. Due to the complexity and variability of natural environments, this method
poses challenges for long-term comparisons across diverse regions. In recent years, growing
attention has been directed toward the spatiotemporal evolution of ecological environments,
leading to the development of new comprehensive assessment methods [22–24]. However,
these methods often involve complex parameter settings, require extensive datasets, and
lack sufficient analysis of ecosystem processes, dynamics, and functionality.

The Normalized Difference Vegetation Index (NDVI) is a widely used indicator in
vegetation remote sensing research for detecting plant biomass, vegetation coverage, and
growth status. It is considered the most effective index for assessing regional ecological
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vulnerability [55–57]. Vegetation plays a crucial role in terrestrial ecosystems, serving as
a key medium for the material and energy cycles of the Earth’s ecosystem [58]. NDVI
changes provide valuable insights into regional ecological evolution [59]. High NDVI values
typically indicate dense vegetation, which reflects favorable humidity and temperature
levels, enhancing ecosystem resilience and biodiversity [31]. In a previous study, the
authors observed that tall tree canopies in summer might lead to overestimated NDVI
values, whereas in winter, long-wave radiation from the ground is less affected by the tree
canopy [60]. Therefore, this study seeks to establish ecological quality weights for different
land uses by analyzing NDVI in both summer and winter. The Normalized Difference
Built-up Index (NDBI) is another critical remote sensing indicator for evaluating ecological
environment quality [61,62]. It reflects the extent of urbanization’s interference and damage
to ecosystems [63]. High NDBI values diminish the ecological function of vegetation [64],
exacerbate local microclimatic conditions [65], and highlight the negative impacts of human
activities on ecological environments [66]. Subtracting NDBI from NDVI provides a more
accurate representation of a region’s ecological effects.

To address the limitations mentioned above, and based on an analysis of the two most
important indicators, NDVI and NDBI, this study adopts the dynamic land-use weight
index method proposed by Hou Yifeng et al. [16]. This approach estimates the ecological
environment quality index of the Barcelona Metropolitan Region (BMR) by assigning
weights that dynamically adjust according to changes in land cover within the study
area. The method is highly adaptable to specific contexts under a consistent land-cover
classification standard, allowing for comparisons across different study objects. It not only
addresses the shortcomings of fixed-parameter evaluations but also supports the analysis
of long-term ecosystem dynamics. Additionally, it enables the evaluation of the ecological
contributions of various land types.

3.1.1. Green Area Is the Key Land Use That Provides Ecological Benefits

To establish the proposed ecological quality-assessment system, we first reclassified
the land-use types in the BMR based on the CLC’s land-cover classification framework [67].
Additionally, to more intuitively identify key land types that provide significant ecolog-
ical benefits, the 11 subdivided land categories were consolidated into five main classes
(Table 2).

Table 2. BMR land is reclassified and assigned to major categories *.

Code Reclassification Categories

1 Continuous built-up area
Urban land

2 Discontinuous built-up area

3 Industrial land

Construction land4 Transportation land

5 Construction sites

6 Leisure land

Green area7 Cropland

8 Woodland

9 Grassland

10 Water bodies Water bodies

11 Barren land Barren land
* A detailed description of the land uses included in each reclassification can be found in Appendix A.

The evaluation parameters of ecological environment quality for each land-use type
during different periods directly reflect the contribution of land use to the local ecological
environment. Analyzing these changes provides insights into the evolution of ecological



Remote Sens. 2024, 16, 4735 9 of 31

benefits associated with land use. Figure 3a illustrates the ecological quality parameters of
various land-use types in the BMR from 2006 to 2018.
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Figure 3. Ecological environment quality-assessment parameters of various types of land use in the
BMR during 2006–2018. (a) Ecological environment quality-assessment parameters of various types
of land use in the BMR; (b) main categories and overall ecological environment quality-assessment
parameters of the BMR. Note: The codes of various types of land use in Figure (a) correspond to
Table 2.

The most notable contributor is forest land, which consistently provides the highest
ecological benefits, maintaining a parameter value of 1 across all periods. Grassland ranks
second, with parameters remaining above 8.2 throughout the three years. However, the
land-use type contributing the least to the ecological environment varies by year. In 2006,
continuous urban land had an ecological parameter of 0, but this value sharply increased to
0.22 the following year, while wasteland, which had previously performed better, became
the lowest contributor. By 2018, the ecological benefits of wasteland recovered rapidly,
while industrial land saw a significant decline, with its parameter dropping from 0.3 to 0.

Water bodies showed relative stability in the first two years, with parameters exceeding
0.4, but their values more than halved in 2018. Land-use types with lower ecological benefits
exhibited greater fluctuations over the three periods. Overall, ecological parameters peaked
in 2012 and were generally lower in 2018 compared to the other two years. Notable
exceptions include transportation land and water bodies, which performed worse in 2012
than in other years, and grassland, which achieved higher parameters in 2018 compared
to 2006.

Figure 3b illustrates the changes in the ecological and environmental parameters of
the main land-use categories in the BMR and the overall trends over time. Notably, the
green area provides the highest ecological benefits, far surpassing other categories. In 2012,
the parameter for green areas peaked at approximately 3.33, while in 2018, it recorded the
lowest value at just above 2.9, still maintaining its leading position.

Construction land ranks second, with its parameter reaching a maximum of about
0.95 in 2018. Urban land, on the other hand, exhibited the most unexpected trend; starting
at only 0.1 in the first year, it soared to 0.43 before rapidly declining to 0.19. Overall, the
ecological benefits of all land categories were highest in 2012, totaling 5.15, and lowest in
2018, at just 3.79.

The parameter evolution of most land-use categories aligns with this general trend,
except for wasteland, which deviates from the overall pattern.
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3.1.2. The Green Area Is Shrinking but Becoming More Fragmented

Analyzing the development process of land-use distribution that most benefits ecologi-
cal and environmental protection is crucial for understanding the factors driving changes in
ecological quality and guiding the direction of environmental conservation efforts. Figure 4
conveys a positive message; between 2006 and 2018, green areas dominated land use in
the BMR, with land providing the highest ecological benefits becoming the predominant
land-use type in the metropolitan region. Large green areas are concentrated in the north-
ern, eastern, and southwestern parts of the BMR, while the central urban area has relatively
sparse green coverage.
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Figure 4. Evolution of BMR green area distribution from 2006 to 2018.

Figure 5 illustrates the evolution of the area and number of green area plaques in the
BMR. It is clear that while the total area of green space continues to decrease, the number
of plaques gradually increases. In 2006, the green area of the BMR covered 2528 km2,
accounting for more than 77.8% of the total area. After 12 years of decline, it decreased by
approximately 33.3 km2, though the overall situation remains satisfactory. By the last year,
more than 76.8% of the land in the BMR remained as green space, despite the reduction.
However, the fragmentation of green areas has become more pronounced, increasing from
1337 plaques in 2006 to 1377 plaques in the most recent year. The density of plaques also
rose from 52.9% to 55.2%. While the area has reduced, the fragmentation has increased,
indicating that the spatial distribution of green areas in the BMR has become more complex.
This could be detrimental to ecological environmental protection.
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3.1.3. The Ecological Quality Results of the BMR Are Generally Appreciable, with Green
Area Making the Largest Contribution

After establishing the ecological environment quality-assessment system for the
metropolitan region, we obtained the overall assessment results for each land type and
for the BMR (Table 3). Overall, the ecological quality results for the BMR during the
study period are impressive, with values consistently above 0.67. Notably, in 2012, the
score reached 0.74, the only instance during these three years when it exceeded 0.7. The
assessment results for 2018 were slightly lower than those of 2006, but only by 0.02.

Table 3. BMR Ecological Environment Quality Index (EQI) evaluation results and the proportion of
land-use results of individual categories in the total results.

Categories
2006 2012 2018

EQI % of Total EQI % of Total EQI % of Total

Urban land 0.001 0.08% 0.031 4.18% 0.015 2.24%
Construction

land 0.013 1.88% 0.021 2.88% 0.002 0.32%

Green area 0.676 97.73% 0.687 92.77% 0.648 97.25%
Water bodies 0.002 0.24% 0.001 0.17% 0.001 0.14%
Barren land 0.001 0.07% 0.000 0 0.0003 0.05%

Overall 0.692 100.00% 0.740 100.00% 0.667 100.00%

Among all land categories, as expected, the EQI results for green areas, which pro-
vide the highest ecological benefits, are also the highest, almost determining the overall
ecological quality of the BMR. In 2006 and 2018, the EQI of green areas was 0.68 and 0.65,
respectively, accounting for over 97% of the total results. In 2012, the year with the highest
EQI for green areas, its contribution to the overall BMR results dropped to around 92.8%,
although this value remains much higher than that of other land types. In other years,
urban land, which has always accounted for a small proportion, became the second largest
contributor in 2012, accounting for approximately 4.2% of the total results. The proportion
of construction land in the total results is relatively significant compared to the other two
land types. The ecological contribution of water bodies has been decreasing, and the EQI
of wasteland remains the lowest among all categories. The specific EQI evaluation results
for various land types are detailed in Appendix B.

3.1.4. The EQI of Forests Cannot Be Ignored

Green areas contribute the most to the EQI assessment results and are the decisive
factor in determining the ecological quality of the BMR. Therefore, analyzing the EQI of
various land types within green areas is essential. Figure 6 presents the EQI assessment
results for different types of green land in the BMR from 2006 to 2018. It is evident that
forests have made the most significant contributions. Throughout the three years, the EQI
for forests consistently ranked highest, although it showed a slight decline, decreasing from
0.426 to 0.417.

Farmland ranked second, with its EQI increasing from 0.146 to 0.157 in 2012, reaching a
peak, but then dropping to 0.126 in 2018. Grassland exhibited relatively stable performance,
remaining around 0.1 during the study period with a slight upward trend. The lowest EQI
was observed in recreational land, which refers to green spaces within the city. The EQI for
recreational land was consistently around 0.01 throughout the three years, reaching a low
point in 2018.
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3.1.5. BMR Ecological Environment Quality Distribution Needs to Be Improved

The spatial distribution map of EQI assessment results helps analyze the environmen-
tal quality distribution across the BMR and identify areas with good ecological conditions
as well as those in urgent need of improvement. As shown in Figure 7a–c, despite the large
green areas with high ecological parameters in the BMR, nearly half of the land exhibits low
EQI values across all three years. The core area of Barcelona presents the most concerning
situation, with only a small portion in the north showing good ecological quality, while the
rest of the area has very low EQI values.
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The ecological situation in the Barcelona Metropolitan Area (BMA) is slightly better
than that of Barcelona, but it still consists mostly of areas with poor ecological quality. Small
areas in the west, north, and northeast of BMA show good ecological results. In the BMR as
a whole, the coastal areas, large portions in the east, and continuous stretches in the north
have very poor ecological quality, especially around Barcelona and its surrounding areas.
While the northern and eastern regions of the BMR exhibit very high EQI values, the high
assessment results are scattered across the north, central south, and northwest regions.

To provide a more intuitive analysis of the evolution of the BMR’s EQI from 2006 to
2018, we created a map illustrating changes in ecological environment quality (d). The
map reveals that most of the BMR’s ecological quality has either remained unchanged or
improved. Barcelona remains the most unsatisfactory area, with much of it experiencing
deterioration or no change, and only a few areas showing improvement. In the BMA,
ecological quality deterioration is mostly concentrated in the southwest, while significant
improvements have been observed in the northern and eastern areas. The western end,
south-central, north-central, and northeastern parts of the BMR are areas where ecological
quality deterioration is more concentrated. The northern region stands out, with significant
improvements in EQI. The remaining areas are primarily characterized by improvements
or no change.

3.2. Analysis of Factors Affecting Green Area Distribution

To explore the influence of various factors on the distribution of green areas, which
play a critical role in controlling EQI results, we established a grid with a side length
of 1 km. The area ratio of green spaces in each grid was set as the dependent variable,
with independent variables including longitude, latitude, distance from the sea, aspect,
altitude, slope, average NDVI for winter and summer, annual precipitation, daytime and
nighttime Land Surface Temperature (LST), the difference between daytime and nighttime
LST, maximum temperature (T_max), minimum temperature (T_min), the temperature dif-
ference (T_max-T_min), NDBI, daytime and nighttime urban heat island effect, impervious
surfaces, and artificial land. Three ordinary least squares (OLS) regression models were
developed for the years 2006, 2012, and 2018 (Table 4), with over 10 significant variables,
achieving an R2 value of 0.97.

Table 4. Green area proportion OLS models.

Independent Variable b
Model_2006 a Model_2012 a Model_2018 a

B Beta t Sig. B Beta t Sig. B Beta t Sig.

Constant −1719.33 −6.00 0.00 −1534.85 −4.79 0.00 −2681.47 −5.75 0.00
Longitude 0.00 −0.17 −7.02 0.00 0.00 −0.12 −4.26 0.00 0.00 −0.16 −3.86 0.00
Latitude 0.00 0.19 5.41 0.00 0.00 0.17 4.92 0.00 0.00 0.31 5.49 0.00

Distance from coastline 0.00 −0.13 −5.65 0.00 0.00 −0.08 −4.31 0.00 0.00 −0.06 −2.13 0.03
Orientation 0.00 0.00 −0.13 0.89 0.00 0.00 −0.76 0.45 0.00 0.00 −0.74 0.46

Altitude 0.00 −0.02 −2.13 0.03 0.00 0.00 0.33 0.74 0.00 0.00 0.18 0.86
Slope 2.78 0.04 8.59 0.00 0.29 0.00 0.54 0.59 1.61 0.02 4.22 0.00

NDVI_
MEAN 6.77 0.00 0.25 0.80 5.98 0.03 1.89 0.06 5.45 0.03 1.73 0.08

Precipitation 1.21 0.03 1.42 0.16 0.97 0.02 2.13 0.03 0.93 0.03 3.89 0.00
LST_DAY-

LST_NIGHT 0.22 0.02 2.01 0.04 −0.12 −0.01 −0.82 0.41 0.18 0.01 1.30 0.20

T_max 0.50 0.01 1.38 0.17 0.83 0.02 1.53 0.13 4.03 0.14 8.05 0.00
T_max-T_min −1.03 −0.03 −3.18 0.00 −0.76 −0.03 −1.95 0.05 −3.55 −0.09 −7.83 0.00

NDBI −1.90 −0.01 −0.87 0.38 −1.92 0.02 1.61 0.11 −1.00 0.02 1.16 0.25
UHIE_
NIGHT −0.02 0.00 −0.13 0.90 0.65 0.03 2.28 0.02 −0.27 −0.01 −1.08 0.28

Impermeable area −15.53 −0.15 −12.84 0.00 −25.96 −0.25 −17.79 0.00 −15.74 −0.15 −10.93 0.00
Artificial area −80.61 −0.83 −64.97 0.00 −72.64 −0.75 −49.37 0.00 −81.32 −0.83 −56.55 0.00
Night Light −0.03 −0.02 −2.55 0.01 −0.02 −0.01 −1.33 0.19 0.01 0.00 0.50 0.62

a The dependent variable of the three models is the proportion of green area in that year. b LST_DAY, LST_NIGHT,
T_min, and UHIE_DAY became excluded independent variables during the regression analysis.

Among the natural factors, the most significant influence on the distribution of green
areas is NDVI (+), although its explanatory power has gradually weakened. Following this
is annual precipitation (+), the difference between maximum and minimum temperatures
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(−), and maximum temperature (+), with the latter two showing a sudden increase in
influence, especially in the last year. The difference between daytime and nighttime surface
temperature (+) also plays a significant role.

From the perspective of human activities, artificial ground (−) and impervious surfaces
(−) are the primary barriers controlling the distribution of green areas, followed by NDBI
(−) and the urban heat island effect at night (−).

It is undisputed that artificial surfaces and impervious areas are the most fundamental
factors controlling the distribution of green areas. The model results indicate that these two
factors alone can explain approximately 90% of the variation in the distribution of green
areas within the BMR. However, in comparison to human-induced activities, analyzing un-
controllable natural factors is more meaningful in this study. In 2012 and 2016, the average
NDVI explained more than 54% and 67% of the variation in green areas, respectively, when
considering only natural factors. However, by 2018, its explanatory power had decreased to
35% due to the increasing significance of the difference between maximum and minimum
temperatures and the maximum temperature.

When NDVI, artificial surfaces, and impervious areas are considered together, their
combined influence on green areas exceeds 90%. The reason why diurnal LST, minimum
temperature, and the daytime urban heat island effect were not included in the optimal
model is due to their high collinearity with the difference between diurnal LST, maximum
temperature, and the difference between maximum and minimum temperatures. The
relevant Pearson correlation coefficients in the model are presented in Appendix C.

3.3. Analysis of Climate Factors Affecting NDVI Evolution

There is a significant interaction between the average NDVI and the distribution of
green areas, which plays a key role in controlling ecological environment quality. More
importantly, it is essential to examine the climate factors most closely related to the de-
velopment of NDVI and explore the indirect impact of climate change on the ecological
environment quality of the metropolitan region. To achieve this, we used the annual aver-
age NDVI from 2000 to 2023 as the dependent variable and established five OLS models
with annual precipitation, maximum and minimum temperatures, and daytime and night-
time surface temperatures as independent variables. These models were used to analyze
the linear relationship between climate factors and NDVI change trends. Table 5 presents
the detailed results of all model analyses.

Table 5. Multiple OLS models between mean NDVI and various climate factors a.

Independent Variable R2 B Beta t Sig.

Precipitation 0.47 0.00 0.68 4.40 0.00
T_max 0.00 0.00 0.05 0.25 0.81
T_min 0.08 −0.01 −0.28 −1.39 0.18

LST_day 0.06 0.00 −0.24 −1.14 0.27
LST_night 0.02 0.00 0.13 0.62 0.54

a The dependent variable for all models is the annual mean NDVI.

The most significant positive correlation with the mean NDVI is precipitation (sig. < 0.001),
with the R2 of the regression model between them reaching 0.47, the highest fit among
the five models. Precipitation alone explains approximately 50% of the annual evolution
of NDVI. Following this, minimum temperature (−) and daytime LST (−) also influence
NDVI changes, although their explanatory power is much weaker than that of precipitation.
Variables with almost no effect include nighttime LST (t = 0.62) and maximum temperature
(t = 0.25). The Pearson correlation coefficients for the relevant variables in all models are
shown in Appendix D.

Figure 8 illustrates the evolution of the annual average NDVI and the statistical
averages of five related climate factors in the metropolitan region from 2000 to 2023. To
facilitate direct observation and comparison of their change patterns, we normalized the
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values of all variables, ensuring that their annual statistical values fall within the range of
0−1. It is evident that the change pattern of annual precipitation most closely mirrors that
of the average NDVI, with both showing similar periods of increase and decrease. Although
there were some deviations in 2001, 2009, and 2016, the overall trends closely align.
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Before 2020, both the annual NDVI and precipitation in the BMR exhibited a slow,
fluctuating growth trend, after which they dropped rapidly, reaching their lowest values
in recent years in 2023. While the change patterns of several other temperature-related
variables are not as closely aligned with NDVI as precipitation, their growth trends have
clearly accelerated in recent years, reaching a peak in 2022 due to the warming climate.
In the specific research years selected, 2006, 2012, and 2018, the change patterns of NDVI
and precipitation were relatively similar, with no unexpected anomalies. Therefore, this
provides a solid database for analyzing the specific relationship between the two in the
next step.

3.4. Spatial Analysis of Precipitation/NDVI Characteristic Triangle
3.4.1. Spatial Definition of Precipitation/NDVI Characteristic Triangle

Using scatter plots to analyze the correlation between variables, identify outliers,
and perform trend fitting is a relatively basic reference and research tool [46]. Prior to
this, scholars have established scatter plots using NDVI and other various climate factors,
confirming that there is a relatively obvious and stable characteristic triangular spatial
feature between NDVI and them. In the early days, scholars performed linear fitting on
the double edges of the scatter distribution based on the scatter distribution characteristics
between LST and NDVI and obtained the triangular spatial structure of LST/NDVI [47,48].
Later, it was proposed that there is a more stable single-hypotenuse triangle spatial feature
between NDVI and night light intensity, which was verified in five cities around the world,
and the physical characteristics of the three-sided structure of the triangle were used to
successfully extract urban areas and classify cities in multiple cities [46]. By analyzing
the scatter plot established by using the log function of Ln to process the precipitation
and average NDVI in 2006, 2012, and 2018, we can see that there is also a similar double-
hypotenuse triangle spatial structure feature between the two (Figure 9).
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Figure 9. The expected triangular spatial structure of the scatter plots of Ln (Mean_NDVI) and Ln
(Mean_Precipitation) of the BMR in 2006, 2012, and 2018. Note: The red dashed line delimits the
possible triangular distribution structure of the scattered points.

Inside the triangular space, each scatter point is represented by precipitation and NDVI,
reflecting the degree of humid or dry climate conditions given varying levels of green
vegetation coverage. The upper hypotenuse represents the positive correlation between
precipitation and NDVI, while the lower hypotenuse reflects the negative relationship
between the two variables. The vertical edge on the right represents areas with high
vegetation coverage and high precipitation, while the intersection on the left represents the
lowest effective NDVI threshold.

More importantly, the vertical line extending from the triangle’s vertex to the right
side helps us understand the mechanism between precipitation and NDVI. Above the
vertical line lies a humid area with abundant precipitation, which promotes vegetation
growth. In contrast, below the vertical line, under relatively dry conditions, the slope of the
equation line between vegetation cover and precipitation becomes negative, indicating an
inverse relationship between the two. Figure 10 provides a more intuitive explanation of the
composition and meaning of each part of the precipitation/NDVI triangular spatial feature.

Remote Sens. 2025, 16, x FOR PEER REVIEW 17 of 33 
 

 

 
Figure 9. The expected triangular spatial structure of the scatter plots of Ln (Mean_NDVI) and Ln 
(Mean_Precipitation) of the BMR in 2006, 2012, and 2018. Note: The red dashed line delimits the 
possible triangular distribution structure of the scattered points. 

Inside the triangular space, each scatter point is represented by precipitation and 
NDVI, reflecting the degree of humid or dry climate conditions given varying levels of 
green vegetation coverage. The upper hypotenuse represents the positive correlation be-
tween precipitation and NDVI, while the lower hypotenuse reflects the negative relation-
ship between the two variables. The vertical edge on the right represents areas with high 
vegetation coverage and high precipitation, while the intersection on the left represents 
the lowest effective NDVI threshold. 

More importantly, the vertical line extending from the triangle’s vertex to the right 
side helps us understand the mechanism between precipitation and NDVI. Above the ver-
tical line lies a humid area with abundant precipitation, which promotes vegetation 
growth. In contrast, below the vertical line, under relatively dry conditions, the slope of 
the equation line between vegetation cover and precipitation becomes negative, indicating 
an inverse relationship between the two. Figure 10 provides a more intuitive explanation 
of the composition and meaning of each part of the precipitation/NDVI triangular spatial 
feature. 

 
Figure 10. Illustration of the characteristic triangular spatial structure of the precipitation/NDVI 
scatter plot. 

  

Figure 10. Illustration of the characteristic triangular spatial structure of the precipitation/NDVI
scatter plot.

3.4.2. Construction of the Triangular Spatial Structure of the Precipitation/NDVI
Scatter Plot

Kernel-density estimation (KDE) is a nonparametric method used in probability theory
to estimate the probability density function of an unknown random variable. Proposed
by Rosenblatt [50] and Emanuel [51], KDE infers the overall data distribution based on a
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limited sample and analyzes the concentration of data points. Unlike parametric methods,
it does not rely on the assumptions about the overall distribution and its parameters but
derives the structural relationships directly from sample data [52].

We applied kernel-density estimation to analyze the distribution density of scatter
points in three scatter plots of NDVI and precipitation in the metropolitan region for the
years 2006, 2012, and 2018. The results are presented in Figure 11. It is evident that the
scatter point distribution is highly uneven, with density decreasing from areas of high
concentration to the surrounding regions. The red dotted box highlights several relatively
clear low-density clusters. A large number of low-density scatter points at the edges
of the triangle create gaps in the triangular spatial structure, failing to accurately reflect
the precipitation and vegetation coverage of the metropolitan region. Therefore, these
peripheral scatter points must be removed for a more accurate representation.
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Figure 11. Density distribution of precipitation/NDVI scatter points in the BMR in 2006, 2012, and
2018. Note: The red dashed box encloses the scattered points of low-density distribution.

We performed local outlier factor (LOF) detection on all scatter points. This detection
method is a density-based outlier detection algorithm that identifies outliers by calculating
the outlier factor of a sample and comparing it to the density of surrounding data points [53].
Outliers typically appear isolated, and samples with larger LOF values exhibit lower density,
classifying them as outliers. During the identification process, points are considered
outliers when the ratio between their distribution density and the overall average density
is significantly greater than 1 [54]. Figure 12 presents the results of abnormal outlier
identification for scatter point density. The blue bubbles represent the LOF detection results
for the scatter points. The larger the radius, the greater the possibility of being an outlier,
and the red scattered point is the detected outlier that needs to be removed. This result is
similar to the analysis in the previous step. A large number of free scattered points with low
distribution density are selected, among which the highly concentrated scattered points in
the core of the triangular structure are effectively retained. On this basis, we can construct
the final precipitation/NDVI triangle structure.
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The straight side of each characteristic triangle is derived by effectively retaining
the maximum NDVI value, while the hypotenuse is fitted using the segment’s extreme
values. We divide Ln (Mean_NDVI) into several small intervals, each with a width of
0.01. The upper and lower hypotenuses of the characteristic triangle are then determined
by the maximum and minimum precipitation intensities that can be supported under the
NDVI conditions for each interval. After identifying the precipitation extreme values and
their corresponding NDVI for each interval, we apply the least squares method for linear
fitting. As an example, we use the maximum annual precipitation in 2006 and the upper
hypotenuse of the triangle to illustrate the fitting method for the hypotenuse (Figure 13).
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The characteristic triangular spatial structure of the scattered point distribution of the
three years and the fitting results of each side are finally presented in Figure 14 and Table 6.
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Table 6. The spatial three-side fitting results of the precipitation/NDVI characteristic triangle of the
BMR in 2006, 2012, and 2018.

Year Top Edge R2 Bottom Edge R2 Straight Edge

2006 y = 0.0991x + 2.5046 0.7510288 y = −0.0258x + 2.2563 0.1790952 x = −0.1705
2012 y = 0.0261x + 2.4428 0.2359837 y = −0.0841x + 2.2153 0.5709729 x = −0.2341
2018 y = 0.113x + 2.6567 0.375945 y = −0.1641x + 2.1339 0.6198449 x = −0.3823

3.4.3. Analysis of the Physical Meaning of the Triangular Space of the Precipitation/NDVI
Scatter Plot

• Analysis of parameters of spatial structure of precipitation/NDVI characteristic triangle

Table 7 summarizes the parameters of all characteristic triangle structures, providing
an intuitive representation of the dynamic changes in the multiple interactions between
precipitation and NDVI over the years. Between 2006 and 2018, the maximum precipitation
in the metropolitan region initially decreased slightly before increasing, with the final value
of 14 mm surpassing the initial 12 mm. Meanwhile, the minimum precipitation continued
to decrease. The length of the straight edge indicates the threshold of the average annual
precipitation. It is evident that the thresholds in 2006 and 2012 were not significantly
different, with a decrease of about 0.02, followed by an increase to 0.48, which is more than
twice the value of 2012.

Table 7. Summary of parameters of the spatial structure of precipitation/NDVI characteristic triangles
in the BMR in 2006, 2012, and 2018 a.

Year 2006 2012 2018

Max Precipitation 2.49 (12.01) 2.44 (11.43) 2.64 (14.00)
Min Precipitation 2.26 (9.59) 2.24 (9.35) 2.16 (8.67)

Intersection
point_Precipitation 2.31 (10.05) 2.39 (10.90) 2.44 (11.51)

Intersection
point_Min NDVI −1.99 (0.14) −2.06 (0.13) −1.89 (0.15)

Max NDVI −0.19 (0.83) −0.24 (0.79) −0.16 (0.85)
Straight edge length 0.22 0.20 0.48

Wet edge slope 0.10 0.03 0.11
Dry edge slope −0.03 −0.08 −0.16

Top triangle area 0.16 0.04 0.17
Bottom triangle area 0.04 0.14 0.24

Total area 0.20 0.18 0.41

a The original value of the parameter is shown in italics and in parentheses.

The precipitation at the intersection represents the boundary of the relationship be-
tween precipitation and NDVI. Above this point, there is a positive cooperative relationship
between the two variables, while below it, they exhibit mutual inhibition in an opposite
direction. This critical value clearly increased over time, from 10.05 in 2006 to 11.51 in 2018.
This suggests that, over time, precipitation must increase to significantly and effectively
promote the growth of green vegetation on the surface.

The NDVI at the intersection represents the minimum effective NDVI in the charac-
teristic triangle space. The values across the three years were not significantly different,
remaining around 0.14. The straight side of the triangle represents the maximum NDVI,
marking the endpoint of the effective interaction between precipitation and NDVI. The
maximum NDVI in 2006 and 2018 were similar, around 0.83 and 0.85, respectively, while the
minimum value in 2012 was about 0.79. The closer the points are to the straight edge, the
more scattered they become, indicating a more complex relationship between precipitation
and NDVI.

The strength of the relationship between precipitation and NDVI can be assessed by
the slope of the hypotenuse. In 2006, the slope of the wet edge (0.1) was much steeper than
that of the dry edge (0.03), indicating that in that year, precipitation primarily promoted
NDVI growth. In contrast, the dominant mechanism in 2012 was mutual inhibition, where
higher precipitation did not effectively promote vegetation growth. The distribution of high
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precipitation areas covered by higher vegetation was smaller than that of low precipitation
areas, and even the average precipitation in these areas was less favorable compared to
more exposed surfaces. In 2018, the slope of the top hypotenuse was 0.11, while the
slope of the bottom hypotenuse increased slightly to 0.16. However, from the scatter
distribution, there was a small blank in the bottom corner of the triangle in 2018, so from
the overall consideration, the average precipitation in the area of high NDVI was greater
than the model-estimated results. In the last year, the positive effect between the two may
be more significant than the negative effect, or the two relationships are in a dynamic
equilibrium mode.

The area of the triangle further reinforces the strength and complexity of the two
interaction relationships. We divided the precipitation/NDVI characteristic triangle into
two parts, the upper and lower triangles, with the vertical line acting as the dividing line.
The upper triangle represents the promoting effect of precipitation on NDVI, while the
lower triangle represents the reverse effect. As mentioned earlier, the coexistence pattern of
precipitation and NDVI in 2006 was significantly stronger than the mutual interference,
whereas the opposite was true in 2012. The area of the triangle in the dominant state during
these two years was much larger than the other.

In 2018, the areas of the two triangles were similar. However, considering the blank
space in the lower triangle in 2018, the areas of the two triangles would be closer, or even
the wet hypotenuse could be wider. Additionally, the larger the area of the triangle, the
more scattered points it contains, which implies a more complex interaction mechanism
between precipitation and NDVI. Overall, the areas of the characteristic triangles in 2006
and 2012 were similar, with almost negligible reduction. In contrast, in 2018, the area of
the triangle surged to 0.41, more than twice the size of the previous years. The interaction
relationship in 2018 was the most complex.

• Practical analysis of spatial structure of precipitation/NDVI characteristic triangle

To understand the actual meaning of each edge of the precipitation/NDVI characteris-
tic triangle structure in the metropolitan region and the spatial distribution pattern of the
scattered points near them, we selected the three edges of the characteristic triangle and
the scattered points near the vertical line from the vertex to the straight edge as samples
with a width of 0.01 units. We then restored the actual pixel positions of these scattered
points on the BMR map and created Figure 15. Additionally, we integrated the physical
significance of each edge with the EQI results for each land-cover type in the metropolitan
region, as previously evaluated. This approach provides the opportunity to summarize the
relationship between the precipitation/NDVI characteristic triangle and ecological quality.

In 2006, the top edge of the characteristic triangle, where scatter points with high
precipitation are predominantly found, was located in forests, cultivated land, and grass-
lands in the northern part of the BMR, areas that also exhibit very high environmental
quality. Additionally, a small number of urban and built-up lands with poor ecological
quality were scattered in some places in the northern part of the central BMR. The NDVI
in these locations increases with precipitation. On the bottom edge, the NDVI is inversely
proportional to precipitation, and the scatter points were concentrated in cultivated land
and forests in the southern BMR. A few were also found in the central BMR, particularly in
the BMA and Barcelona, which have a high level of human development. Compared to the
top edge, nearly half of the scatter points on the bottom edge were located in urban and
built-up land areas, where the NDVI is inversely related to precipitation. Overall, the EQI
of pixels near the bottom edge of the triangle is lower than those near the top edge.

In contrast, in 2012, the locations of the pixels near the two hypotenuses of the triangle
shifted. The southern part of the metropolitan region became the main distribution area for
scatter points near the wet edge, with a few pixels also appearing in the northern and central
parts of the BMR. These pixels still tended to be located in green areas with higher EQI,
though exceptions appeared in the BMA, where urban land with a lower environmental
quality index had a considerable number of top pixels. Many dry edge pixels were found
in forested areas in the northern part of the metropolitan region, along the coastline, and in



Remote Sens. 2024, 16, 4735 21 of 31

the central and surrounding areas. These pixels were distributed not only in green areas
with high EQI but also in urban and built-up lands with lower EQI. However, overall,
there was no significant difference in ecological quality between the pixels near the top and
bottom edges in 2012. During this period, precipitation was more abundant in the southern
BMR, and the lush vegetation cover resulted in higher NDVI values.
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In 2018, the top edge pixels were located in the northern and southern parts of the
BMR, with forests and cultivated lands being much more prevalent than urban or built-up
areas. These scatter points were also retained in the eastern and northern parts of the BMA.
Dry edge pixels appeared in the north-central, central, and southern coastal areas of the
BMR, predominantly on artificial surfaces with low ecological quality, although a few were
concentrated in forested areas in the northernmost part.

The scatter points near the straight edge in all three years had very high NDVI, with
little to no interaction between NDVI and precipitation. These points were primarily located
in the northern part of the BMR, mostly in forests, with some grassland and other green
spaces, and remained largely unchanged throughout the years. From the map, it is clear
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that these points fall on the boundary between undeveloped forests and human-affected
land at the northern end of the metropolitan region.

The pixels along the vertical line of the triangle represent different NDVIs under
the same precipitation and serve as the critical boundary between the two functional
relationships of precipitation and NDVI. In the map, these pixels were initially scattered
in the central and southern parts of the BMR, as well as in various land types in the far
north. By 2012, their distribution became broader and more scattered, mostly in the central
area. By 2018, they extended to the northern boundary of the metropolitan region and
the coastline, forming a scattered pattern in the central and southern parts and along the
northern jurisdiction boundary, with concentrations along the northern coastline.

4. Conclusions

In this study, we established a more robust dynamic ecological environment quality-
assessment system that differentiates itself from previous scholarly efforts. Utilizing remote
sensing technology, we evaluated and analyzed the ecological environment quality and
its evolution in the Barcelona Metropolitan Region from 2006 to 2018, examining various
external factors that may influence changes in land use with the highest ecological benefits.
Additionally, we investigated and summarized the role of key climate factors that indirectly
control ecological quality. Our findings reveal that the scale of green areas, which contribute
the most to the ecological quality index in the metropolitan region, is shrinking. At the
same time, these areas are becoming increasingly fragmented, and the spatial distribution
structure is growing more complex. The overall ecological environment quality of the BMR
remains unsatisfactory, with little significant improvement in recent years. Furthermore,
we discovered that NDVI is the most significant natural variable related to green space
distribution, while precipitation is the climate factor most strongly influencing the ecolog-
ical environment. A highly complex, bidirectional influence mechanism exists between
these two factors. Overall, the ecological quality index (EQI) of the BMR remains low, the
most beneficial green space area is decreasing, and fragmentation is deepening. NDVI and
precipitation are the two critical factors controlling environmental quality, influencing each
other in a complex manner.

Principally, the overall results of the ecological environment quality index of the
BMR are impressive, but the distribution is very uneven.

• The low-quality areas are larger than the high-quality areas, particularly in the core
city of Barcelona. Most of the territory remained unchanged or deteriorated during
the study period, with only a few areas showing improvement.

• Fortunately, green areas, which provide the highest ecological benefits, remain the
dominant land use in the BMR, although they have slightly decreased in area and
have become more fragmented and complex in structure over the past 12 years.

• When combined with the EQI results for green areas, it appears that fragmentation
negatively affects the protection of the ecological environment.

• Within the green areas, forests are the dominant land type, and they also have the
highest EQI of all green areas, three times greater than that of agricultural land
or grassland.

• Urban green areas, likely due to their scattered distribution within the urban layout,
exhibit the lowest ecological quality.

We modeled and analyzed 21 man-made and natural factors that may affect the dis-
tribution of green space, which plays the most critical role in controlling the EQI results.

• In addition to artificially built surfaces, which are undoubtedly the most fundamental
human-induced factors affecting the distribution of green spaces, NDVI, an uncon-
trollable natural factor, is the most significant positive explanatory variable associated
with green space distribution.

• At the same time, climate change will significantly influence NDVI values, thereby
impacting ecological quality.
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• The climate factor that most strongly affects NDVI is precipitation. Figure 8 illustrates
that the trends of annual NDVI and precipitation over the past 23 years are broadly
similar, with both increasing and decreasing almost simultaneously, compared to the
other four climate variables.

• In fact, we believe that the relationship between changes in precipitation and NDVI is
not as simple as the one-sided positive correlation suggested by the model. This aligns
with the findings of most scholars, indicating a highly complex and strong relationship
between the two, which cannot be easily explained by conventional models [25,31–35].

Based on this unresolved complex and important relationship between precipita-
tion and NDVI, we attempted to successfully explain this mechanism by utilizing the
precipitation/NDVI characteristic triangle space.

• The precipitation at the intersection of the two hypotenuses of the characteristic
triangle represents a critical value that governs two interactions with NDVI. Above
this precipitation, the two variables cooperate and mutually promote each other,
while below it, they exhibit a counteractive relationship. This critical value has been
increasing each year.

• The slopes of the two hypotenuses and the area sizes of the two triangles divided
by the vertical line both indicate the strength of these interactions. The steeper the
slope and the larger the area, the greater the intensity of the interaction, and the more
significant its impact on NDVI for that year.

• As predicted in this study, the dominant relationship in 2012 was the inverse in-
teraction. NDVI was suppressed by precipitation, and the related EQI decreased
accordingly. When cross-referencing this with Table 3, we find that the EQI ratio of
green land in this year was the lowest among the three years.

• Additionally, the threshold and total area of the straight side of the characteristic
triangle show that the interaction between BMR precipitation and NDVI is becoming
increasingly complex.

• Finally, we analyzed the geographical distribution of pixels corresponding to scatter
points near the three sides and vertical lines of each characteristic triangle, summariz-
ing their typical land covers and associated EQIs.

5. Discussion

Based on the results of this study, we can confidently conclude that precipitation, which
serves as the dividing value between the two effects of precipitation and NDVI, is increasing.
This suggests that the lower hypotenuse of the characteristic triangle, representing the
possibility of the reverse effect between the two, has become more dominant over time.
Against the backdrop of global warming, according to a recent study by Arellano, climate
change is leading to a decrease in precipitation [68]. Like most other scholars, they firmly
believe that Spain’s climate will be significantly drier and warmer in the coming decades,
with more extreme events in this regard [68–71]. Based on this, we can propose the main
objectives for further work: in the future, the relationship between precipitation and NDVI
in the BMR may be greatly affected by climate warming, the dividing value between the
two effects will continue to increase, the inverse relationship will become more and more
dominant, and EQI will also be negatively affected to a certain extent.

In this article, a dynamic ecological environment quality-assessment system is estab-
lished, which can be applied to changes across different times and regions using NDVI and
NDBI. The impact of climate change, human activities, and other natural factors on the evo-
lution of environmental quality is comprehensively considered, and the most critical direct
and indirect variables influencing the EQI results are identified. Finally, the characteristic
triangular spatial model is developed to analyze precipitation, an important and highly
complex climate factor closely related to environmental changes, revealing the underlying
mechanism between the two. This study approaches the analysis of two key variables
for EQI from a global environmental quality-assessment perspective and provides a deep
analysis of how various factors influence environmental quality. However, this study still
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has certain shortcomings; due to limited technology and data access and the particularity
of precipitation and extreme temperature data, their resolution is too large. We adopted a
re-interpolation method to obtain data with a more accurate range, which will affect the
accuracy of the experimental results. In future research, we will try to use or establish a
more accurate database ourselves.

On the other hand, due to the high complexity of the climate system and the intricate
feedback loops between its components, remote sensing for climate monitoring presents
significant challenges. Generally, climate change research requires data spanning multiple
years (for instance, this study covers a period of twelve years) to distinguish the evolution
of a specific indicator from its underlying effects or drivers [72]. The challenge lies in the
fact that each satellite payload is designed with a finite lifespan. Even when identical
sensors are deployed on multiple satellites, the gradual degradation of sensor performance
over time can lead to inconsistencies in satellite signals, thus compromising the reliability
of remote sensing-based studies on environmental changes [73]. Furthermore, excessively
coarse resolution can significantly increase the difficulty of analyzing smaller regions and
may affect the accuracy of the results. Therefore, addressing the limitations of current
remote sensing technologies by developing more specialized sensors and improving the
precision of climate data is essential.
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Appendix A

Table A1. BMR land reclassification and land description.

Code Classification Results CLC Land-Use Description Categories

1 Continuous built-up area Continuous urban fabric
Urban land

2 Discontinuous built-up area Discontinuous urban fabric

3 Industrial land Industrial or commercial units

Construction land

4 Transportation land
Road and rail networks and associated land

Port areas
Airports

5 Mine, dump, and
construction sites

Mineral extraction sites
Dump sites

Construction sites
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Table A1. Cont.

Code Classification Results CLC Land-Use Description Categories

6 Leisure land
Green urban areas

Green area

Sport and leisure facilities

7 Cropland

Non-irrigated arable land
Permanently irrigated land

Rice fields
Vineyards

Fruit trees and berry plantations
Olive groves

Pastures
Annual crops associated with permanent

crops
Complex cultivation patterns

Land principally occupied by agriculture,
with significant areas of natural vegetation

Agro-forestry areas

8 Woodland
Broad-leaved forest

Coniferous forest
Mixed forest

9 Grassland

Natural grasslands
Moors and heathland

Sclerophyllous vegetation
Transitional woodland-shrub

Inland marshes
Peat bogs

Salt marshes

10 Barren land

Beaches, dunes, sands

Barren land

Bare rocks
Sparsely vegetated areas

Burnt areas
Glaciers and perpetual snow

Salines
Intertidal flats

11 Water bodies

Water courses

Water bodies

Water bodies
Coastal lagoons

Estuaries
Sea and ocean

NODATA

Appendix B

Table A2. The EQI assessment results of various types of BMR land use and the land types corre-
sponding to the codes are shown in Table 2.

Code EQI_2006 EQI_2012 EQI_2018

1 0 0.009219 0.003457
2 0.000535 0.021722 0.011454
3 0.007083 0.015654 0
4 0.003032 0.002596 0.001035
5 0.002876 0.003089 0.001127
6 0.008674 0.011114 0.0076
7 0.146374 0.157215 0.125857
8 0.426103 0.42076 0.417397
9 0.094843 0.097719 0.097545
10 0.00164 0.001237 0.000914
11 0.000504 0 0.000353

Total 0.691664 0.740324 0.666741

Appendix C
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Table A3. Pearson of variables involved in Table 4 _Model 2006 1.

Var 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

1 1 −0.058
** 0.176 ** 0.268 ** 0.090 ** 0.448 ** 0.212 ** 0.679 ** 0.114 ** −0.463

**
−0.549

**
−0.124

**
−0.300

**
−0.421

** 0.307 ** −0.536
**

−0.463
**

−0.549
**

−0.947
**

−0.982
**

−0.514
**

2 −0.058
** 1 0.705 ** −0.283

** 0.049 ** 0.003 0.036 * 0.312 ** 0.884 ** −0.261
** .331 ** −0.501

** 0.212 ** −0.379
** 0.693 ** −0.384

**
−0.261

** 0.331 ** 0.067 ** 0.063 ** 0.068 **

3 0.176 ** 0.705 ** 1 0.459 ** 0.053 ** 0.480 ** 0.136 ** 0.405 ** 0.863 ** −0.428
**

−0.245
**

−0.291
**

−0.379
**

−0.788
** 0.733 ** −0.427

**
−0.428

**
−0.245

**
−0.142

**
−0.179

**
−0.279

**

4 0.268 ** −0.283
** 0.459 ** 1 0.012 0.609 ** 0.129 ** 0.144 ** 0.033 −0.267

**
−0.692

** 0.181 ** −0.775
**

−0.531
** 0.046 * −0.103

**
−0.267

**
−0.692

**
−0.246

**
−0.281

**
−0.412

**

5 0.090 ** 0.049 ** 0.053 ** 0.012 1 0.124 ** 0.068 ** 0.140 ** 0.085 ** −0.098
**

−0.089
**

−0.045
*

−0.111
**

−0.086
** 0.021 −0.124

**
−0.098

**
−0.089

**
−0.084

**
−0.087

**
−0.122

**

6 0.448 ** 0.003 0.480 ** 0.609 ** 0.124 ** 1 0.206 ** 0.554 ** 0.355 ** −0.659
**

−0.722
**

−0.217
**

−0.755
**

−0.712
** 0.307 ** −0.523

**
−0.659

**
−0.722

**
−0.420

**
−0.452

**
−0.734

**

7 0.212 ** 0.036 * 0.136 ** 0.129 ** 0.068 ** 0.206 ** 1 0.409 ** 0.102 ** −0.229
**

−0.113
**

−0.168
**

−0.100
**

−0.131
** 0.091 ** −0.187

**
−0.229

**
−0.113

**
−0.141

**
−0.192

**
−0.141

**

8 0.679 ** 0.312 ** 0.405 ** 0.144 ** 0.140 ** 0.554 ** 0.409 ** 1 0.447 ** −0.804
**

−0.328
**

−0.638
**

−0.263
**

−0.513
** 0.467 ** −0.930

**
−0.804

**
−0.328

**
−0.644

**
−0.683

**
−0.526

**

9 0.114 ** 0.884 ** 0.863 ** 0.033 0.085 ** 0.355 ** 0.102 ** 0.447 ** 1 −0.422
** −0.022 −0.435

**
−0.178

**
−0.686

** 0.770 ** −0.496
**

−0.422
** −0.022 −0.087

**
−0.108

**
−0.238

**

10 −0.463
**

−0.261
**

−0.428
**

−0.267
**

−0.098
**

−0.659
**

−0.229
**

−0.804
**

−0.422
** 1 0.409 ** 0.790 ** 0.364 ** 0.524 ** −0.389

** 0.807 ** 1.000 ** 0.409 ** 0.434 ** 0.471 ** 0.565 **

11 −0.549
** 0.331 ** −0.245

**
−0.692

**
−0.089

**
−0.722

**
−0.113

**
−0.328

** −0.022 0.409 ** 1 −0.235
** 0.689 ** 0.580 ** −0.183

** 0.243 ** 0.409 ** 1.000 ** 0.511 ** 0.558 ** 0.673 **

12 −0.124
**

−0.501
**

−0.291
** 0.181 ** −0.045

*
−0.217

**
−0.168

**
−0.638

**
−0.435

** 0.790 ** −0.235
** 1 −0.075

** 0.168 ** −0.291
** 0.696 ** 0.790 ** −0.235

** 0.119 ** 0.126 ** 0.150 **

13 −0.300
** 0.212 ** −0.379

**
−0.775

**
−0.111

**
−0.755

**
−0.100

**
−0.263

**
−0.178

** 0.364 ** 0.689 ** −0.075
** 1 0.670 ** −0.038

* 0.218 ** 0.364 ** 0.689 ** 0.289 ** 0.307 ** 0.576 **

14 −0.421
**

−0.379
**

−0.788
**

−0.531
**

−0.086
**

−0.712
**

−0.131
**

−0.513
**

−0.686
** 0.524 ** 0.580 ** 0.168 ** 0.670 ** 1 −0.767

** 0.475 ** 0.524 ** 0.580 ** 0.382 ** 0.427 ** 0.666 **

15 0.307 ** 0.693 ** .733 ** 0.046 * 0.021 .307 ** 0.091 ** 0.467 ** 0.770 ** −0.389
**

−0.183
**

−0.291
**

−0.038
*

−0.767
** 1 −0.453

**
−0.389

**
−0.183

**
−0.265

**
−0.310

**
−0.401

**

16 −0.536
**

−0.384
**

−0.427
**

−0.103
**

−0.124
**

−0.523
**

−0.187
**

−0.930
**

−0.496
** 0.807 ** 0.243 ** 0.696 ** 0.218 ** 0.475 ** −0.453

** 1 0.807 ** 0.243 ** 0.508 ** 0.539 ** 0.468 **

17 −0.463
**

−0.261
**

−0.428
**

−0.267
**

−0.098
**

−0.659
**

−0.229
**

−0.804
**

−0.422
** 1.000 ** 0.409 ** 0.790 ** 0.364 ** 0.524 ** −0.389

** 0.807 ** 1 0.409 ** 0.434 ** 0.471 ** 0.565 **

18 −0.549
** 0.331 ** −0.245

**
−0.692

**
−0.089

**
−0.722

**
−0.113

**
−0.328

** −0.022 0.409 ** 1.000 ** −0.235
** 0.689 ** 0.580 ** −0.183

** 0.243 ** 0.409 ** 1 0.511 ** 0.558 ** 0.673 **

19 −0.947
** 0.067 ** −0.142

**
−0.246

**
−0.084

**
−0.420

**
−0.141

**
−0.644

**
−0.087

** 0.434 ** 0.511 ** 0.119 ** 0.289 ** 0.382 ** −0.265
** 0.508 ** 0.434 ** 0.511 ** 1 0.945 ** 0.492 **

20 −0.982
** 0.063 ** −0.179

**
−0.281

**
−0.087

**
−0.452

**
−0.192

**
−0.683

**
−0.108

** 0.471 ** 0.558 ** 0.126 ** 0.307 ** 0.427 ** −0.310
** 0.539 ** 0.471 ** 0.558 ** 0.945 ** 1 0.515 **

21 −0.514
** 0.068 ** −0.279

**
−0.412

**
−0.122

**
−0.734

**
−0.141

**
−0.526

**
−0.238

** 0.565 ** 0.673 ** 0.150 ** 0.576 ** 0.666 ** −0.401
** 0.468 ** 0.565 ** 0.673 ** 0.492 ** 0.515 ** 1

* The correlation is significant at the 0.05 level (two-tailed). ** The correlation is significant at the 0.01 level (two-tailed). 1 The variables corresponding to the code are: 1 Green%, 2
Longitude, 3 Latitude, 4 Distance from coastline, 5 Orientation, 6 Altitude, 7 Slope, 8 NDVI_MEAN, 9 Precipitation, 10 LST_DAY, 11 LST_NIGHT, 12 LST_DAY-LST_NIGHT, 13 T_max,
14 T_min, 15 Tmax-Tmin, 16 NDBI, 17 UHIE_DAY, 18 UHIE_NIGHT, 19 Impermeable area, 20 Artificial area, 21 Night light.
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Table A4. Pearson of variables involved in Table 4 _Model 2012 1.

Var 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

1 1 −0.060
** 0.178 ** 0.272 ** 0.090 ** 0.456 ** 0.214 ** 0.677 ** −0.184

**
−0.454

**
−0.529

**
−0.176

**
−0.316

**
−0.335

** 0.197 ** −0.553
**

−0.454
**

−0.529
**

−0.953
**

−0.981
**

−0.510
**

2 −0.060
** 1 0.705 ** −0.283

** 0.049 ** 0.003 0.036 * 0.284 ** −0.681
**

−0.223
** 0.047 * −0.303

**
−0.430

**
−0.353

** 0.112 ** −0.366
**

−0.223
** 0.047 * 0.02 0.032 0.049 **

3 0.178 ** 0.705 ** 1 0.459 ** 0.053 ** 0.480 ** 0.136 ** 0.405 ** −0.596
**

−0.439
**

−0.527
**

−0.160
**

−0.745
**

−0.873
** 0.588 ** −0.485

**
−0.439

**
−0.527

**
−0.149

**
−0.163

**
−0.282

**

4 0.272 ** −0.283
** 0.459 ** 1 0.012 0.609 ** 0.129 ** 0.185 ** 0.096 ** −0.323

**
−0.741

** 0.132 ** −0.413
**

−0.706
** 0.660 ** −0.211

**
−0.323

**
−0.741

**
−0.194

**
−0.218

**
−0.393

**

5 0.090 ** 0.049 ** 0.053 ** 0.012 1 0.124 ** 0.068 ** 0.142 ** −0.015 −0.097
**

−0.132
** −0.025 −0.112

**
−0.051

** −0.033 −0.135
**

−0.097
**

−0.132
**

−0.058
*

−0.072
**

−0.128
**

6 0.456 ** 0.003 0.480 ** 0.609 ** 0.124 ** 1 0.206 ** 0.593 ** −0.186
**

−0.745
**

−0.815
**

−0.327
**

−0.672
**

−0.632
** 0.296 ** −0.613

**
−0.745

**
−0.815

**
−0.364

**
−0.418

**
−0.735

**

7 0.214 ** 0.036 * 0.136 ** 0.129 ** 0.068 ** 0.206 ** 1 0.433 ** −0.036
*

−0.228
**

−0.125
**

−0.188
**

−0.084
**

−0.157
** 0.154 ** −0.249

**
−0.228

**
−0.125

**
−0.142

**
−0.181

**
−0.146

**

8 0.677 ** 0.284 ** 0.405 ** 0.185 ** 0.142 ** 0.593 ** 0.433 ** 1 −0.360
**

−0.802
**

−0.441
**

−0.662
**

−0.467
**

−0.441
** 0.207 ** −0.922

**
−0.802

**
−0.441

**
−0.665

**
−0.709

**
−0.566

**

9 −0.184
**

−0.681
**

−0.596
** 0.096 ** −0.015 −0.186

**
−0.036

*
−0.360

** 1 0.360 ** 0.181 ** 0.308 ** 0.647 ** 0.443 ** −0.035 0.368 ** 0.360 ** 0.181 ** 0.156 ** 0.165 ** 0.318 **

10 −0.454
**

−0.223
**

−0.439
**

−0.323
**

−0.097
**

−0.745
**

−0.228
**

−0.802
** 0.360 ** 1 0.565 ** 0.812 ** 0.560 ** 0.460 ** −0.146

** 0.811 ** 10.000
** 0.565 ** 0.364 ** 0.406 ** 0.635 **

11 −0.529
** 0.047 * −0.527

**
−0.741

**
−0.132

**
−0.815

**
−0.125

**
−0.441

** 0.181 ** 0.565 ** 1 −0.022 0.629 ** 0.729 ** −0.484
** 0.448 ** 0.565 ** 10.000

** 0.475 ** 0.518 ** 0.664 **

12 −0.176
**

−0.303
**

−0.160
** 0.132 ** −0.025 −0.327

**
−0.188

**
−0.662

** 0.308 ** 0.812 ** −0.022 1 0.234 ** 0.042 * 0.165 ** 0.668 ** 0.812 ** −0.022 0.087 ** 0.108 ** 0.301 **

13 −0.316
**

−0.430
**

−0.745
**

−0.413
**

−0.112
**

−0.672
**

−0.084
**

−0.467
** 0.647 ** 0.560 ** 0.629 ** 0.234 ** 1 0.756 ** −0.163

** 0.503 ** 0.560 ** 0.629 ** 0.232 ** 0.261 ** 0.592 **

14 −0.335
**

−0.353
**

−0.873
**

−0.706
**

−0.051
**

−0.632
**

−0.157
**

−0.441
** 0.443 ** 0.460 ** 0.729 ** 0.042 * 0.756 ** 1 −0.769

** 0.475 ** 0.460 ** 0.729 ** 0.285 ** 0.321 ** 0.432 **

15 0.197 ** 0.112 ** 0.588 ** 0.660 ** −0.033 0.296 ** 0.154 ** 0.207 ** −0.035 −0.146
**

−0.484
** 0.165 ** −0.163

**
−0.769

** 1 −0.223
**

−0.146
**

−0.484
**

−0.199
**

−0.226
**

−0.075
**

16 −0.553
**

−0.366
**

−0.485
**

−0.211
**

−0.135
**

−0.613
**

−0.249
**

−0.922
** 0.368 ** 0.811 ** 0.448 ** 0.668 ** 0.503 ** 0.475 ** −0.223

** 1 0.811 ** 0.448 ** 0.532 ** 0.565 ** 0.540 **

17 −0.454
**

−0.223
**

−0.439
**

−0.323
**

−0.097
**

−0.745
**

−0.228
**

−0.802
** 0.360 ** 10.000

** 0.565 ** 0.812 ** 0.560 ** 0.460 ** −0.146
** 0.811 ** 1 0.565 ** 0.364 ** 0.406 ** 0.635 **

18 −0.529
** 0.047 * −0.527

**
−0.741

**
−0.132

**
−0.815

**
−0.125

**
−0.441

** 0.181 ** 0.565 ** 10.000
** −0.022 0.629 ** 0.729 ** −0.484

** 0.448 ** 0.565 ** 1 0.475 ** 0.518 ** 0.664 **

19 −0.953
** 0.02 −0.149

**
−0.194

**
−0.058

*
−0.364

**
−0.142

**
−0.665

** 0.156 ** 0.364 ** 0.475 ** 0.087 ** 0.232 ** 0.285 ** −0.199
** 0.532 ** 0.364 ** 0.475 ** 1 0.942 ** 0.355 **

20 −0.981
** 0.032 −0.163

**
−0.218

**
−0.072

**
−0.418

**
−0.181

**
−0.709

** 0.165 ** 0.406 ** 0.518 ** 0.108 ** 0.261 ** 0.321 ** −0.226
** 0.565 ** 0.406 ** 0.518 ** 0.942 ** 1 0.389 **

21 −0.510
** 0.049 ** −0.282

**
−0.393

**
−0.128

**
−0.735

**
−0.146

**
−0.566

** 0.318 ** 0.635 ** 0.664 ** 0.301 ** 0.592 ** 0.432 ** −0.075
** 0.540 ** 0.635 ** 0.664 ** 0.355 ** 0.389 ** 1

* The correlation is significant at the 0.05 level (two-tailed). ** The correlation is significant at the 0.01 level (two-tailed). 1 The variables corresponding to the code are: 1 Green%, 2
Longitude, 3 Latitude, 4 Distance from coastline, 5 Orientation, 6 Altitude, 7 Slope, 8 NDVI_MEAN, 9 Precipitation, 10 LST_DAY, 11 LST_NIGHT, 12 LST_DAY-LST_NIGHT, 13 T_max,
14 T_min, 15 Tmax-Tmin, 16 NDBI, 17 UHIE_DAY, 18 UHIE_NIGHT, 19 Impermeable area, 20 Artificial area, 21 Night light.
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Table A5. Pearson of variables involved in Table 4 _Model 2018 1.

Var 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

1 1 −0.049
** 0.192 ** 0.280 ** 0.088 ** 0.461 ** 0.213 ** 0.688 ** 0.125 ** −0.547

**
−0.576

**
−0.303

**
−0.305

**
−0.376

** 0.242 ** −0.589
**

−0.547
**

−0.576
**

−0.944
**

−0.978
**

−0.560
**

2 −0.049
** 1 0.705 ** −0.283

** 0.049 ** 0.003 0.036 * 0.334 ** −0.039
*

−0.136
** −0.008 −0.172

**
−0.409

**
−0.312

** −0.018 −0.370
**

−0.136
** −0.008 0.070 ** 0.060 ** 0.002

3 0.192 ** 0.705 ** 1 0.459 ** 0.053 ** 0.480 ** 0.136 ** 0.442 ** −0.207
**

−0.464
**

−0.509
**

−0.241
**

−0.784
**

−0.858
** 0.431 ** −0.473

**
−0.464

**
−0.509

**
−0.145

**
−0.186

**
−0.349

**

4 0.280 ** −0.283
** 0.459 ** 1 0.012 0.609 ** 0.129 ** 0.174 ** −0.127

**
−0.449

**
−0.616

**
−0.146

**
−0.515

**
−0.732

** 0.585 ** −0.184
**

−0.449
**

−0.616
**

−0.251
**

−0.283
**

−0.420
**

5 0.088 ** 0.049 ** 0.053 ** 0.012 1 0.124 ** 0.068 ** 0.145 ** 0.074 ** −0.065
**

−0.138
** 0.014 −0.123

**
−0.060

**
−0.065

**
−0.145

**
−0.065

**
−0.138

**
−0.088

**
−0.088

**
−0.081

**

6 0.461 ** 0.003 0.480 ** 0.609 ** 0.124 ** 1 0.206 ** 0.554 ** 0.152 ** −0.806
**

−0.741
**

−0.522
**

−0.715
**

−0.670
** 0.193 ** −0.587

**
−0.806

**
−0.741

**
−0.430

**
−0.465

**
−0.759

**

7 0.213 ** 0.036 * 0.136 ** 0.129 ** 0.068 ** 0.206 ** 1 0.425 ** 0.042 * −0.226
**

−0.112
**

−0.215
**

−0.104
**

−0.165
** 0.150 ** −0.391

**
−0.226

**
−0.112

**
−0.194

**
−0.202

**
−0.179

**

8 0.688 ** 0.334 ** 0.442 ** 0.174 ** 0.145 ** 0.554 ** 0.425 ** 1 0.229 ** −0.768
**

−0.456
**

−0.675
**

−0.479
**

−0.466
** 0.155 ** −0.948

**
−0.768

**
−0.456

**
−0.659

**
−0.692

**
−0.595

**

9 0.125 ** −0.039
*

−0.207
**

−0.127
** 0.074 ** 0.152 ** 0.042 * 0.229 ** 1 −0.264

**
−0.062

**
−0.300

**
−0.054

** 0.111 ** −0.273
**

−0.275
**

−0.264
**

−0.062
**

−0.145
**

−0.125
**

−0.204
**

10 −0.547
**

−0.136
**

−0.464
**

−0.449
**

−0.065
**

−0.806
**

−0.226
**

−0.768
**

−0.264
** 1 0.649 ** 0.840 ** 0.631 ** 0.590 ** −0.168

** 0.776 ** 10.000
** 0.649 ** 0.509 ** 0.553 ** 0.770 **

11 −0.576
** −0.008 −0.509

**
−0.616

**
−0.138

**
−0.741

**
−0.112

**
−0.456

**
−0.062

** 0.649 ** 1 0.132 ** 0.650 ** 0.750 ** −0.427
** 0.427 ** 0.649 ** 10.000

** 0.536 ** 0.585 ** 0.722 **

12 −0.303
**

−0.172
**

−0.241
**

−0.146
** 0.014 −0.522

**
−0.215

**
−0.675

**
−0.300

** 0.840 ** 0.132 ** 1 0.359 ** 0.234 ** 0.086 ** 0.705 ** 0.840 ** 0.132 ** 0.281 ** 0.304 ** 0.488 **

13 −0.305
**

−0.409
**

−0.784
**

−0.515
**

−0.123
**

−0.715
**

−0.104
**

−0.479
**

−0.054
** 0.631 ** 0.650 ** 0.359 ** 1 0.829 ** −0.077

** 0.504 ** 0.631 ** 0.650 ** 0.279 ** 0.308 ** 0.609 **

14 −0.376
**

−0.312
**

−0.858
**

−0.732
**

−0.060
**

−0.670
**

−0.165
**

−0.466
** 0.111 ** 0.590 ** 0.750 ** 0.234 ** 0.829 ** 1 −0.621

** 0.464 ** 0.590 ** 0.750 ** 0.330 ** 0.385 ** 0.556 **

15 0.242 ** −0.018 0.431 ** 0.585 ** −0.065
** 0.193 ** 0.150 ** 0.155 ** −0.273

**
−0.168

**
−0.427

** 0.086 ** −0.077
**

−0.621
** 1 −0.118

**
−0.168

**
−0.427

**
−0.197

**
−0.255

**
−0.138

**

16 −0.589
**

−0.370
**

−0.473
**

−0.184
**

−0.145
**

−0.587
**

−0.391
**

−0.948
**

−0.275
** 0.776 ** 0.427 ** 0.705 ** 0.504 ** 0.464 ** −0.118

** 1 0.776 ** 0.427 ** 0.564 ** 0.592 ** 0.575 **

17 −0.547
**

−0.136
**

−0.464
**

−0.449
**

−0.065
**

−0.806
**

−0.226
**

−0.768
**

−0.264
**

10.000
** 0.649 ** 0.840 ** 0.631 ** 0.590 ** −0.168

** 0.776 ** 1 0.649 ** 0.509 ** 0.553 ** 0.770 **

18 −0.576
** −0.008 −0.509

**
−0.616

**
−0.138

**
−0.741

**
−0.112

**
−0.456

**
−0.062

** 0.649 ** 10.000
** 0.132 ** 0.650 ** 0.750 ** −0.427

** 0.427 ** 0.649 ** 1 0.536 ** 0.585 ** 0.722 **

19 −0.944
** 0.070 ** −0.145

**
−0.251

**
−0.088

**
−0.430

**
−0.194

**
−0.659

**
−0.145

** 0.509 ** 0.536 ** 0.281 ** 0.279 ** 0.330 ** −0.197
** 0.564 ** 0.509 ** 0.536 ** 1 0.946 ** 0.536 **

20 −0.978
** 0.060 ** −0.186

**
−0.283

**
−0.088

**
−0.465

**
−0.202

**
−0.692

**
−0.125

** 0.553 ** 0.585 ** 0.304 ** 0.308 ** 0.385 ** −0.255
** 0.592 ** 0.553 ** 0.585 ** 0.946 ** 1 0.571 **

21 −0.560
** 0.002 −0.349

**
−0.420

**
−0.081

**
−0.759

**
−0.179

**
−0.595

**
−0.204

** 0.770 ** 0.722 ** 0.488 ** 0.609 ** 0.556 ** −0.138
** 0.575 ** 0.770 ** 0.722 ** 0.536 ** 0.571 ** 1

* The correlation is significant at the 0.05 level (two-tailed). ** The correlation is significant at the 0.01 level (two-tailed). 1 The variables corresponding to the code are: 1 Green%, 2
Longitude, 3 Latitude, 4 Distance from coastline, 5 Orientation, 6 Altitude, 7 Slope, 8 NDVI_MEAN, 9 Precipitation, 10 LST_DAY, 11 LST_NIGHT, 12 LST_DAY-LST_NIGHT, 13 T_max,
14 T_min, 15 Tmax-Tmin, 16 NDBI, 17 UHIE_DAY, 18 UHIE_NIGHT, 19 Impermeable area, 20 Artificial area, 21 Night light.
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Appendix D

Table A6. Pearson of variables involved in Table 5 _Model.

NDVI Precipitation T_max T_min LST_day LST_night

NDVI 1 0.684 ** 0.053 −0.283 −0.236 0.131
Precipitation 0.684 ** 1 −0.388 −0.256 −0.484 * −0.168

T_max 0.053 −0.388 1 0.433 * 0.593 ** 0.670 **
T_min −0.283 −0.256 0.433 * 1 0.563 ** 0.555 **

LST_day −0.236 −0.484 * 0.593 ** 0.563 ** 1 0.817 **
LST_night 0.131 −0.168 0.670 ** 0.555 ** 0.817 ** 1

** The correlation is significant at the 0.01 level (two-tailed). * Correlation is significant at the 0.05 level (two-tailed).
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