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Preface

This reprint collects nine scientific papers focusing on the applications of Remote Sensing
(RS) and Geographical Information Systems (GIS) for the study of the geoenvironment. The
published contributions cover a diverse range of topics, including vegetation assessment, land use
and land-cover change detection, ecological quality evaluation, and the assessment and prevention
of natural hazards. Together, these papers highlight the importance of integrating geospatial
technologies to better understand environmental processes and to support sustainable development
strategies.

All articles included in this reprint were originally published in the Special Issue of the
journal Sustainability, entitled “Application of Remote Sensing and GIS for Promoting Sustainable
Geoenvironment,” published between 2023 and 2025. The aim of this Special Issue was to bring
together recent advances and innovative applications of RS and GIS that contribute to environmental
analysis, spatial planning, and the implementation of sustainable geoenvironmental practices. This
collection is intended for scientists, researchers, and practitioners who are engaged in the use of
geospatial methods and technologies for addressing geoenvironmental and sustainability challenges.

The Guest Editors would like to express their deepest gratitude to all authors for their valuable
contributions and to the reviewers for their insightful comments and rigorous evaluations, which
ensured the scientific quality and integrity of this volume. Special thanks are also extended to
the editorial team of Sustainability for their continuous assistance, professionalism, and dedication
throughout the publication process.

Looking forward, the research presented in this reprint provides a solid foundation for future
investigations into the sustainable management of natural and human-modified environments. The
integration of RS and GIS continues to offer powerful tools for monitoring environmental dynamics,
mitigating natural hazards, and supporting evidence-based policy and planning. It is our hope that
this collection will serve as both a reference and an inspiration for further scientific progress, fostering
collaboration and innovation in the field of geospatial science and sustainable geoenvironmental

development.

Hariklia D. Skilodimou, George D. Bathrellos, and Konstantinos G. Nikolakopoulos
Guest Editors
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Editorial
Application of Remote Sensing and GIS for Promoting
Sustainable Geoenvironment

Hariklia D. Skilodimou *, George D. Bathrellos and Konstantinos G. Nikolakopoulos

Department of Geology, University of Patras, 26504 Patras, Greece; gbathrellos@upatras.gr (G.D.B.);
knikolakop@upatras.gr (K.G.N.)
* Correspondence: hskilodimou@upatras.gr

The continuous growth of Earth’s population poses increasingly complex challenges
to the physical environment. Over recent decades, urban areas have undergone acceler-
ated growth, leading to significant landscape alterations, heightened demand for natural
resources, and increased stress on ecological systems [1]. According to projections by the
United Nations, the proportion of the world’s population residing in urban areas, which
currently exceeds 50%, is expected to rise to nearly 70% by 2050, with the majority of this
growth occurring in developing regions of Asia and Africa [2]. These demographic and
spatial dynamics are expected to promote continued urban sprawl.

Urban Expansion and Geoenvironmental Consequences

Urban expansion has profoundly transformed the geoenvironment and has been
consistently linked to a wide range of detrimental consequences. These include the intensi-
fication of energy demand, increased levels of environmental pollution, air, water, and soil
degradation, traffic congestion, natural resource depletion, water and soil salinization, bio-
diversity loss, waste, desertification fires, deforestation, and climate change [3,4]. Over the
past decades, the rapid expansion of urban areas has led to new environmental challenges
including the development of urban heat islands, increased greenhouse gas emissions from
transportation and buildings, and greater pressure on water supply, sewage, and waste
management systems [5].

The expansion growth of urban areas has triggered significant modifications in land
use practices and coastal morphology [6]. Land use changes can exert significant influ-
ences on Earth. Urban sprawl not only has substantial impacts on the climate, but also
contributes to ecosystem disruption and environmental degradation [7]. The conversion
of naturally vegetated land, such as forests, grasslands, or shrublands, into impervious
surfaces intensifies surface runoff and increases the likelihood of flooding [8]. Moreover,
coastal regions are projected to experience a 160% increase in urban extent between 2000
and 2030 [9]. In Mediterranean coastal areas, such as Italy, each year, more than 10 km?
of natural and agricultural land types are converted into anthropogenic surfaces [10]. In
Greece, the coastal areas adjacent to the Athens Metropolitan Area demonstrate that over
the past 76 years, artificial land cover has increased by 40% [11]. The loss of natural land
due to urbanization is a global phenomenon, potentially exposing many cities to various
natural hazards.

Furthermore, it should be noted that urban sprawl has been associated with the
amplification of natural hazard occurrences and the exacerbation of disaster impacts on
a global scale [12]. The unregulated expansion of built-up areas into flood prone zones
has heightened both human and infrastructural vulnerability [13,14]. A global assessment
revealed that urban exposure to flooding increased more than fourfold between 1985

Sustainability 2025, 17, 9789 https://doi.org/10.3390/sul17219789
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and 2018, with a significant proportion of new urban development taking place within
floodplain areas [15]. Urban expansion also alters topography and increases susceptibility
to landslides. In hilly or sloped areas, construction activities frequently destabilize slopes,
thereby elevating the likelihood of landslide events [16-19].

Overall, while urbanization continues to serve as a catalyst for economic development
and social progress, its uncontrolled expansion presents significant challenges to envi-
ronmental sustainability and disaster resilience. Consequently, the integration of spatial
planning, ecosystem-based management, and climate adaptation policies is imperative to
mitigate the adverse geoenvironmental impacts associated with urban growth.

Environmental System Pressures and the Necessity of Continuous Monitoring

Pressures on environmental systems are continuously intensifying as population
growth drives extensive land-use and land-cover transformations. These transformations
frequently result in irreversible consequences. As human activities reshape the Earth’s
surface at unprecedented rates, understanding these processes necessitates comprehensive
baseline data, continuous environmental monitoring, and the systematic evaluation of
spatial and temporal dynamics [20].

Regional-scale assessments are particularly vital, as they enable the identification of
localized environmental stresses that may remain undetected at the global scale. Through
systematic observation and the use of long-term datasets, researchers can quantify the cu-
mulative impacts of anthropogenic activities on geomorphological processes, hydrological
dynamics, and climatic variables [21].

Furthermore, the continuous monitoring of environmental parameters provides criti-
cal feedback to policymakers and stakeholders, facilitating the development of adaptive,
evidence-based management strategies. Such approaches form the cornerstone of sustain-
able geoenvironmental management, ensuring that development policies respect ecological
thresholds and promote long-term environmental resilience [22]. Ultimately, the systematic
observation and analysis of environmental data are essential for maintaining a balance
between human development and the sustainability of the geoenvironment.

Remote Sensing and GIS in Geoenvironmental Research

Over the past several decades, the proliferation of advanced remote sensing (RS)
technologies has facilitated the acquisition of high-resolution, multi-sensor, and multi-
temporal geospatial datasets. Simultaneously, geographical information systems (GIS)
have evolved into sophisticated computational platforms for the integration, management,
and quantitative analysis of heterogeneous geospatial data. The synergistic fusion of RS
and GIS enables the generation of multi-dimensional, dynamic datasets that are critical for
systematic environmental monitoring, change detection, and predictive modeling [14-16].

The advancement of modern RS technologies has allowed researchers to obtain highly
detailed data regarding land cover characteristics, vegetation dynamics, hydrological pat-
terns, urban expansion, and environmental degradation at unprecedented spatial and
temporal scales [23-26]. The use of high-resolution satellite imagery, synthetic aperture
radar (SAR), and LiDAR technologies now permits the identification of subtle environmen-
tal changes that were previously undetectable through conventional field-based techniques.

Simultaneously, geographical information systems (GIS) have evolved into sophis-
ticated computational platforms capable of integrating, managing, and quantitatively
analyzing heterogeneous geospatial datasets. Modern GIS supports advanced modeling,
statistical analysis, and scenario-based simulations of environmental processes, enhancing
visualization and spatial querying capabilities [27,28].

The integration of remote sensing (RS) and geographic information systems (GIS)
significantly improves the capacity to analyze spatial and temporal variations in envi-
ronmental systems. This combined approach offers essential insights for policymakers,
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Abstract: The water source protection areas of the Yangtze-to-Huaihe Water Diversion
Project (YHWDP) in Anhui Province serve as crucial ecological barriers to water quality
protection. Quantifying their eco-environmental quality (EEQ) dynamics and driving
mechanisms is critical for sustainable management. This paper calculated the Remote
Sensing Ecological Index (RSEI) for the study area using Landsat satellite data (2015-
2024). Temporal and spatial variation characteristics were analyzed using the Theil-Sen
estimator, Mann—Kendall test, and coefficient of variation. Future trends were predicted
using the Hurst exponent. Finally, the Geodetector model was applied to assess the impact
of driving factors. EEQ exhibited a declining trend (p < 0.05), with significant intra-regional
heterogeneity. Mean RSEI values ranked as follows: (1) Yangtze River-Huaihe River
Connection < Yangtze River Water Northward Conveyance < Yangtze River-Chaohu Lake
Water Diversion. (2) From 2015 to 2024, eco-environmental quality improved significantly,
showing a spatial pattern of “south > north, east > west.” (3) Overall EEQ changes were
characterized by slight to moderate fluctuations. Stability rankings: Yangtze River-Huaihe
River Connection > Yangtze River-Chaohu Lake Water Diversion > Yangtze River Water
Northward Conveyance. (4) Geodetector analysis identified precipitation, impervious area,
and vegetation coverage as the primary factors influencing EEQ in the YHWDP’s water
source protection areas. This study reveals ecological changes in the YHWDP region and
validates the effectiveness of the comprehensive evaluation method. The findings provide
actionable insights for ecological protection in large-scale water diversion projects.

Keywords: eco-environmental quality; Remote Sensing Ecological Index (RSEI); Geodetector;
Yangtze-to-Huaihe Water Diversion Project

1. Introduction

A favorable ecological environment provides advantageous natural conditions for
human survival and development [1]. The rapid economic development has led to in-
creasing conflicts between humans and nature, gradually disrupting the ecological balance.
In recent years, a series of ecological issues, such as air pollution and land degradation,
have garnered widespread attention among scholars. A comprehensive assessment of
regional ecological conditions, coupled with analysis of ecological quality trends and their
driving mechanisms, provides a crucial foundation for regional ecological conservation
and sustainable socio-economic development [2—4].
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The Normalized Difference Vegetation Index (NDVI) has become an indispensable
analytical tool in the comprehensive assessment of spatiotemporal variations in vegetation
and analysis of environmental changes [5,6]. Methods such as the Pressure-State-Response
(PSR) [7] and the Ecological Index (EI) [8] have also been applied to evaluate the evolution-
ary status of regional natural conditions. However, these research methods are relatively
limited and have not been able to integrate natural and social factors in a single evaluation.
The Remote Sensing Ecological Index (RSEI) [9,10] offers distinct advantages over conven-
tional single-indicator methods and statistical evaluation approaches. By systematically
integrating multiple ecological indicators and automatically weighting them according to
their principal component contributions, the RSEI provides a more robust and objective
framework for assessing spatiotemporal variations in ecological quality. Thus, the RSEI
has become the dominant assessment model in recent ecological studies [11,12]. Chinese
scholars have adopted the RSEI to assess ecological changes in various climatically rep-
resentative regions, including the Yellow River Basin in the north [13], the Dianchi Lake
Basin in the south [14], and the Lanxi urban agglomeration in the east [15], all yielding
highly accurate results. At the same time, there are also good application examples in
urban environmental assessment in Japan [16] and the eastern region of India [17]. This
method has been widely applied around the world.

Previous studies have primarily focused on ecological assessments within individual
river basins, while comprehensive evaluations of ecological impacts in inter-basin water
diversion areas have been scarce. The Yangtze-to-Huaihe Water Diversion Project (YHWDP)
region serves as a critical corridor connecting eastern and central China. Local water
scarcity, coupled with high population density, has intensified the conflict between human
development and the natural environment [18,19]. The purpose of this study is to evaluate
the spatiotemporal changes in the ecological environment of the inter-basin area using the
RSEI, explore the driving factors behind them, and predict future trends. This provides
a scientific basis for the local government in the YHWDP region to implement targeted
policies for protecting vegetation and the ecological environment

2. Study Area and Datasets
2.1. Study Area

The YHWDP is a major inter-catchment hydraulic engineering initiative that estab-
lishes hydrological connectivity between the Yangtze and Huaihe River basins [20]. It
provides water supplies to 55 counties and districts across 15 cities in Anhui and Henan
provinces. Construction of the YHWDP commenced in December 2016, with the trial
operation of Phase I in the Anhui section initiated in December 2023. This project optimizes
regional water resource allocation, alleviates water scarcity in parts of the Yangtze River
Delta in Anhui, and enhances regional soil-water ecosystems and ecological functions [21].

The Anhui section of the Yangtze-to-Huaihe River Water Diversion Project is systemat-
ically divided into three hydraulically and geographically distinct segments (Figure 1), re-
flecting spatial heterogeneity in water resource allocation and engineering design principles.
The Yangtze River-Chaohu Lake Water Diversion spans 7676.16 km?, encompassing critical
nodes such as Tongcheng City (Anqing), Zongyang County (Tongling), and Lujiang County
(Hefei). Adjacent to this, the Yangtze River-Huaihe River Connection covers 12,394.50 km?,
linking Feixi County and Chaohu City (Hefei) with Huainan’s Tianjia’an District, Xiejiaji
District, and Shou County. The Yangtze River Water Northward Conveyance extends across
12,437.29 km?, integrating water delivery infrastructure across Bozhou’s Qiaocheng Dis-
trict, Guoyang/Lixin/Mengcheng Counties, Fuyang’s Taihe County/Jieshou City /Linquan
County/Yingquan-Yingdong Districts, and Huainan’s Fengtai County/Maoji Experimen-
tal Zone/Panji District. This tripartite division optimizes hydraulic efficiency through
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terrain-adaptive conduit geometries and flow parameter calibration, balancing large-area
coverage with localized hydraulic stability while maintaining water transfer capacity across
varying topographic gradients.
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Figure 1. Location of the Anhui section of the Yangtze-to-Huaihe Water Diversion Project: DEM map
of the study area (a); route map of the Yangtze-to-Huaihe Water Diversion Project (b); and location of
the study area (c).

2.2. Datasets

The remote sensing data utilized in this study comprises Landsat 8 OLI satellite
imagery procured from the Geospatial Data Cloud (https://www.gscloud.cn) spanning the
vegetation growing season (April to July) from 2015 to 2024. Elevation data were obtained
from the ASTER GDEM, which has a 30 m resolution. Using ENVI (5.6 version) software,
preprocessing steps such as cloud removal, radiometric correction, atmospheric correction,
and cropping were conducted. Additionally, water bodies were masked using the Modified
Normalized Difference Water Index (MNDWI). All data were georeferenced to WGS 1984
UTM Zone 49 N with a spatial resolution of 30 m x 30 m to ensure consistency in spatial
resolution and projection. Socioeconomic data, collected at the county/district level, were
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derived from statistical yearbooks and water resources bulletins of Anhui Province and

its cities.

3. Methods

This study employs the Sen slope, Mann-Kendall trend analysis, and Hurst exponent
to assess spatiotemporal variations in RSEI from 2015 to 2024 and predict future ecological
trends. The geographical detector method was applied to quantitatively identify the spatial
heterogeneity and underlying driving mechanisms of RSEI variations (Figure 2).
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Figure 2. Technology flowchart.

3.1. RSEI Model

As a comprehensive ecosystem assessment tool, the RSEI algorithm combines four
fundamental environmental components: greenness, wetness, dryness, and heat, all of
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which are directly measurable through spectral analysis of satellite imagery. NDVI serves
as an indicator of vegetation greenness and is utilized to demonstrate the state of the
environment. WET stands for wetness. The Normalized Difference Built-up and Soil Index
(NDBSI) characterizes land surface dryness. Land Surface Temperature (LST) reflects the
local climate variations induced by environmental changes.

(1) Retrieval of vegetation

NDVI serves as a widely adopted remote sensing metric for quantifying and monitor-
ing vegetation growth and coverage status, mathematically defined as follows:

NDV] — PNIRTPR 1)
PNIRTPR
where pnir and pg represent the reflectance values in the near-infrared and red spectral
bands, respectively.

(2) Retrieval of land surface moisture

The wetness component serves as a spectral indicator of hydrological conditions,
quantitatively characterizing moisture levels in three key surface features: soil matrix water
retention, liquid water bodies, and vegetation water content. For Landsat OLI sensors, this
component is derived through the following tasseled cap transformation formula:

WETor; = 0.151pp + 0.1973p + 0.3283p + 0.34070y;r — 0.7117 06111 — 0.4559041 1R )

(3) Retrieval of land surface moisture

The accelerated urbanization process and intensive anthropogenic disturbances have
triggered land surface modifications. Impervious surfaces and exposed soils progressively
supplant natural vegetation cover, which induces ecological degradation. Hu and Xu
developed NDBSI through spectral feature fusion, integrating the Index-based Built-up
Index (IBI) and Soil Index (SI) as follows:

SI— (oswiri+pg) — (PNIR+Pp)

3
(oswir1tpg) + (ONIRTPB) ©)
IB] — 2 x pswiri/ (Pswirt + PNIR) — [ONTR/ (ONIR+0R) + 06/ (PG + Pswir1)] @
2 x pswiri/ (eswir1 + oNir) + (ONIR/ (ONTR+0R) + 06/ (PG + Pswir1))
NDBSI = % (5)
(4) Retrieval of land surface temperature
LST was evaluated as follows:

L = gain x DN + bias (6)

K>
Ty=——"< )

e

T
LST = ——i— 8
1+ %Tlns ®

A denotes the spectral wavelength of terrestrial emitted radiance, p represents the
first radiation constant (1.438 x 10~ 2 m-K), € characterizes the dimensionless land surface
emissivity ranging from O to 1, and T indicates the at-satellite brightness temperature (K)
measured through atmospheric window channels.

10
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(5) Acquisition of RSEI

Principal component analysis (PCA) was performed on the four components of the
RSEI, namely the NDVI, WET, LST, and NDBSI, and the first principal component was
defined as the RSEI. The RSEI; was then standardized to obtain the RSEI to facilitate the
measurement as follows:

RSEIy = 1— {PCy[f(NDVI,WET,NDBSI, LST)]} )

After normalization, RSEI is obtained, which is a unitless value between 0 and 1. The
larger the value, the better the ecological quality of the region. The formula is as follows:

RSEIy — RSEIq pin

RSEI =
RSEIO,max - RSEIO,min

(10)

where RSEI is the first principal component of the four indicators; RSEI ,;, is the mini-
mum value of the RSEIy; and RSEIy 4y is the maximum value of the RSEI,.

RSEI adopts a normalized scale ranging from 0 (degraded) to 1(optimal). The nu-
merical magnitude exhibits a positive correlation with ecosystem health status. With an
interval of 0.2, the levels of RSEI were classified into five groups: poor (0-0.2), fair (0.2-0.4),
moderate (0.4-0.6), good (0.6-0.8), and excellent (0.8-1.0).

3.2. Combined T-S Estimator with M—K Test

The combined application of the Theil-Sen median trend analysis and the Mann-Kendall
test provides a robust method for assessing trend changes in time series data. This method
exhibits stronger resistance to errors and outliers in the data, thereby enhancing analytical
accuracy. It evaluates trends by calculating the median of slopes between all pairwise data
points, with the mathematical formula expressed as follows:

RSEI; — RSEI

B= Median( >, 2015 <i<j <2024 (11)
where median denotes the median value; § is the slope of RSEI change. When the coefficient
B is greater than zero, it indicates an upward (improving) trend in RSEI; conversely, a
negative B value (B < 0) suggests a downward trend.

The Mann—Kendall test is a non-parametric statistical method that can be applied
to determine the significance of trends in time series data. It imposes no distributional

assumptions on the data and is robust against outliers. The test statistic is calculated

7 _ (S—1)/+/var(S),5 >0 (12)
1 (S+1)/+/var(S),S <0

as follows:

s=yr) Y158 (RSEL; - RSEL) (13)
1, RSEI; — RSEI; > 0
sgn(RSEIL; — RSEL;) = { 0,RSEI; — RSEI; =0 (14)

—1,RSEI; — RSEI; <0
var(S) =n(n—1)(2n+5)/18 (15)

where 1 is the length of the time series, sgn () denotes the sign function; Z is the significance
test statistic, whose value ranges from (—oo, +0).

The trend categories for the Theil-Sen (T-S) estimator and Mann-Kendall (M-K) test
are summarized in Table 1.

11
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Table 1. Trend categories of the Theil-Sen estimator and Mann—Kendall method.

B V4 Trend Type Trend Features

<0 <-1.96 SD Significant decrease
<0 —1.96 to 1.96 NSD No significant decrease
0 —1.96 to 1.96 NC No change

>0 —1.96 to 1.96 NSI No significant increase
>0 >1.96 SI significant increase

NOTE: $ is the T-S slope coefficient, which quantifies the magnitude of the temporal trend in RSEI values; Z
is the M—K standardized test statistic, which represents the significance level of detected trends following M-K
hypothesis testing.

3.3. Coefficient of Variation (CV)

The coefficient of variation (CV) reflects the relative variation in geographic data and
serves as a critical indicator for measuring the stability of a time series. By calculating
the ratio of the standard deviation to the mean, it quantifies the relative variability of a
variable, making it widely applicable for assessing the degree of variation in time series
data. Therefore, the CV is employed to analyze the stability of the RSEI. The calculation
formula is as follows: -

CV=-— 16
i (16)

CV denotes the coefficient of variation, o represents the standard deviation of the RSEI
time series, and p represents the average value of the RSEI time series. A lower CV value
indicates more stable interannual variations in the RSEI, while a higher CV value suggests
greater volatility in its year-to-year fluctuations.

3.4. Hurst Exponent

The Hurst exponent (H), obtained through rescaled range analysis, serves as a metric
for characterizing the long-term dependence and persistence of time series data. The Hurst
exponent (H, 0 < H < 1) is generally divided into three cases: 0.5 < H < 1 indicates long-term
memory effects, meaning the future trend will align with the past; H = 0.5 indicates that
the time series is an independent random sequence; and 0 < H < 0.5 exhibits anti-persistent
dynamics, suggesting that the future trend will likely reverse past patterns (Table 2).

Table 2. Classification of RSEI change trends.

Hurst Sen’s Slope Future Trends
B>0 Improvement
05<H«<1 B <0 Degradation
H=05 - Uncertain
B>0 Improvement
0<H<05 B<0 Degradation

3.5. Quantitative Analysis Methods for Geospatial Differentiation

The Geographical Detector (GeoDetector) represents a spatially explicit statistical
framework designed to quantify spatial heterogeneity and identify its underlying driving
factors. The formula for spatial differentiation and driving force detection is expressed
mathematically as follows:

g=1- Lh1 Nuciy
No?

L denotes the stratification (or classification/partitioning) of either variable Y or

(17)

explanatory factor X, Nj, represents the sample size within stratum / and N corresponds

12



Sustainability 2025, 17, 7329

to the total population size, respectively. The terms ¢h? and ¢ indicate the variances of
Y-values within stratum / and across the entire study region, respectively. The g-statistic
spans a range from 0 to 1, where a higher value indicates a greater degree of spatial
heterogeneity in Y. If the stratification is based on the independent variable X, elevated
g-values further imply greater explanatory capacity of X regarding Y’s spatial distribution.
Detailed interaction effects are presented in Table 3.

Table 3. Interaction relation.

Criteria Interaction
q(X1 N X2) < Min (q(X1), q(X2)) Nonlinear Weakening
Min(q(X1), q(X2)) < q(X1 N X2) < Max(q(X1), q(X2)) Single-Factor Nonlinear Weakening
q(X1 N X2) > Max(q(X1), q(X2)) Two-Factor Enhancement
q(X1 N X2) =q(X1) + q(X2) Mutual Independence
q(X1 N X2) > q(X1) + q(X2) Nonlinear Enhancement
4. Results

4.1. RSEI Model Applicability Validation

PCA was employed to reduce the dimensionality of the dataset while retaining the
most significant variance among the ecological indicators, facilitating a comprehensive
assessment of the RSEI framework. The first principal component (PC;) accounts for 78.0%
to 84% of the total variance, as shown in Table 4, indicating that it effectively captures the
dominant features of the four indicators.

Table 4. Mean values of each indicator and the contribution of PC; from 2015 to 2024.

Y. RSEI NDVI WET NDBSI LST PC, PC; Contribution
ear Value Value Value Value Value Value Rate

2015 0.6232 0.4412 0.5248 0.6984 0.6095 0.2863 79.40%

2020 0.5374 0.5625 0.4815 0.6563 0.5333 0.2605 83.74%

2024 0.5247 0.3879 0.4481 0.6952 0.4757 0.2369 78.17%

4.2. Spatial Distribution of EEQ

The RSEI values were categorized into five distinct ecological quality tiers using the
Jenks optimization method, with the following categorical designations: Poor (0-0.2),
Fair (0.2-0.4), Moderate (0.4-0.6), Good (0.6-0.8), and Excellent (0.8-1.0). The RSEI in the
water source protection areas along the Anhui section of the YHWDP exhibits a spatial
distribution pattern characterized by lower values in the western and northern regions and
higher values in the eastern and southern regions (Figure 3).

Significant differences and dynamic trends are observed among the three segments:
Yangtze River-Chaohu Lake Water Diversion, the Yangtze River-Huaihe River Connection,
and the Yangtze River Water Northward Conveyance. According to Table 5, the proportions
of poor and fair RSEI zones in 2024 are 8.45% and 21.97%, respectively, while the combined
area of Grade 1-3 zones (representing better ecological conditions) accounts for 65.98%.
The mean RSEI values across grades initially increased and then declined over time. For
example, Grade 4 (moderate ecological status) shows a decreasing trend: 0.6232 (2015),
0.5374 (2020), and 0.5247 (2024).

13
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Figure 3. Spatial distribution of RSEI in the Anhui section of the Yangtze-to-Huaihe Water Diversion
Project: 2015 (a), 2020 (b) and 2024 (c).

Table 5. RSEI classification area and proportion.

RSEI (2015) RSEI (2020) RSEI (2024)

Class Range Area Proportion Area Proportion Area Proportion
(km?) (%) (km?) (%) (km?) (%)
Excellent 0.8-1.0 10924.20 37.44 3526.90 12.42 3637.24 12.43
Good 0.6-0.8 6474.50 22.19 7118.85 23.13 7608.52 26.34
Moderate 0.4-0.6 4637.73 15.89 8837.25 30.31 9018.88 30.82
Fair 0.2-0.4 4838.39 16.58 6766.31 23.47 6444.21 21.97
Poor 0.0-0.2 2305.91 7.9 2930.69 10.67 2471.84 8.45

The ecological quality assessed by RSEI remains at a median quality level (RSEI = 0.4-0.6),
with mean values of 0.4026 in 2015, 0.6917 in 2020, and 0.6917 in 2024. However, the
Yangtze River-Chaohu Lake Water Diversion shows an overall improving trend in RSEI-
based ecological quality (Figure 4). Spatially, high RSEI values are concentrated along
the YHWDP channels, the Yangtze River banks, the southern shore of Chaohu Lake, and
surrounding water bodies.
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Figure 4. Spatial distribution of RSEI in the Yangtze River-Chaohu Lake Water Diversion (2015-2024):
2015 (a), 2020 (b) and 2024 (c).

As shown in Figure 5, the ecological quality assessed by RSEI remains at a poor level,
though the area with significantly low RSEI in the Yangtze River-Huaihe River Connection
shows a shrinking trend. The mean RSEI values for the Yangtze River-Huaihe River
Connection are 0.4821 (2015), 0.5147 (2020), and 0.4789 (2024). Notably, Wuwei County,

14



Sustainability 2025, 17, 7329

Shushan District, and Xiejiaji District exhibit a yearly decline in RSEI, indicating a persistent
deterioration in their ecological environments. Spatially, RSEI degradation is concentrated
in the southern regions. For example, the Binhu New District shows fragmented ecological
quality distribution (marked by red patches), likely linked to lake reclamation or over-
tourism development. In contrast, areas with high ecological quality are predominantly
clustered along the southern shore of Lake Wabu.
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Figure 5. Spatial distribution of RSEI in the Yangtze River-Huaihe River Connection (2015-2024):
2015 (a), 2020 (b) and 2024 (c).

As shown in Figure 6, the RSEI index reflects an overall declining trend in regional
ecological quality. The mean RSEI values are 0.6552 (2015), 0.5577 (2020), and 0.4842 (2024),
indicating progressive deterioration. However, certain areas still exhibit significantly
poor ecological conditions. JiaoCheng District, Wuoyang County, and Yingshang County
experienced a transition from “good” to “moderate” and finally to “poor” RSEI levels,
signaling sustained degradation in ecological quality. Panji District shows a year-on-year
decline in RSEI, with its ecological environment worsening markedly.
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Figure 6. Spatial distribution of RSEI in the Yangtze River Water Northward Conveyance (2015-2024):
2015 (a), 2020 (b) and 2024 (c).

4.3. Spatial Change Characteristics of EEQ

A combined non-parametric approach integrating the T-S estimator and M-K test was
systematically applied to investigate spatiotemporal variations in Ecological Environment
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Quality (EEQ) along the Anhui segment of the YHWDP during the period 2015-2024
(Figure 7, Table 6).
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Figure 7. Spatial distribution of RSEI change characteristics in Yangtze River—-Huaihe River Con-
nection (a), Yangtze River-Chaohu Lake Water Diversion (b) and Yangtze River Water Northward
Conveyance (c) during the period 2015-2024.

Table 6. Grading table of RSEI change amplitude in the Yangtze-to-Huaihe Water Diversion Project.

2015-2024
Segment Trend Type :
Area/km? Proportion/%
No change 1968.36 25.64
. No significant increase 2936.97 38.26
f‘nkgt?;’/ RIVQBTChaf’hu Significant increase 57.33 0.75
ake Water Diversion No significant decrease 2057.56 26.80
Significant decrease 26.93 0.35
No change 1896.21 15.30
. . No significant increase 4633.03 37.38
Ya%%tze ?VGY‘H,ualhe Significant increase 34.06 0.27
ver Connection No significant decrease 5146.40 41.52
Significant decrease 41.88 0.34
No change 895.43 7.20
Yangtze River Water N0.51gqlf1caqt increase 8366.28 67.27
Northward Conveyance Significant increase 202.44 1.63
No significant decrease 2056.50 16.53
Significant decrease 91.76 0.74
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4.4. Spatial Stability of the RSEI

The EEQ fluctuations in the water source protection areas along the Anhui segment
of the YHWDP main water conveyance route were analyzed using the coefficient of vari-
ation (CV) of the RSEL The variability was categorized into five levels via the natural
breaks method (Jenks): Stability (CV < 0.30); Slight changes (0.30 < CV < 0.60); Moderate
variation (0.60 < CV < 0.90); Significant changes (0.90 < CV < 1.20); and Drastic changes
(1.20 < CV < 1.50). This classification procedure yielded a comprehensive spatial-temporal
visualization of RSEI CV patterns throughout the study region during the period 2015-2024
(Figure 8).
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Figure 8. Spatial distribution of the coefficient of variation (CV) for RSEI in Yangtze River-Huaihe
River Connection (a), Yangtze River-Chaohu Lake Water Diversion (b) and Yangtze River Water
Northward Conveyance (c) (2015-2024).
The average coefficient of variation (CV) for RSEI changes was 0.4281, indicating that
slight fluctuation (66.57%) and moderate fluctuation (9.24%) dominated the overall vari-
ability, collectively accounting for 75.81% of the study area (Table 7). Extreme fluctuation
zones (CV > 1.2) represented 0.2% of the total area and were concentrated near Caizi Lake,
water conveyance channels, and the north bank of the Yangtze River, particularly in the
paddy fields highlighted in Figure 8a.
Table 7. Statistics of RSEI coefficient of variation (CV) area and proportion in the study area from
2015 to 2024.
Yangtze River-Chaohu Lake Water Yangtze River-Huaihe River Yangtze River Water Northward
cv Diversion Connection Conveyance
Area (km?) Proportion (%) Area (km?) Proportion (%) Area (km?) Proportion (%)
Stability 1141.11 14.87 862.64 6.96 5928.66 47.67
Slight changes 5109.67 66.57 8215.37 66.28 116.11 0.93
Moderate variation 709.46 9.24 2507.26 20.23 3705.16 29.79
Significant changes 68.21 0.89 151.61 1.22 1486.79 11.95
Drastic changes 15.58 0.20 551 0.04 282.68 227
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As shown in Figure 8b, the mean coefficient of variation (CV) for RSEI changes was
0.4991, indicating slight fluctuation (66.28%) as the dominant variability category, followed
by moderate fluctuation (20.23%), collectively accounting for 86.51% of the study area. Pro-
nounced RSEI variability was primarily distributed in lake-, river-, and pond-dense regions,
particularly around Hefei City. These patterns likely stem from the interplay of topographic
complexity, climatic variability, and intense human activities (e.g., urban sprawl).

As shown in Figure 8¢, the average coefficient of variation (CV) for RSEI changes was
0.1732, with slight fluctuation, moderate fluctuation, and higher fluctuation collectively
accounting for 41.74% of the study region. Pronounced RSEI variability was predominantly
found in the northern Huaihe River Basin, where intensive agricultural activities have led
to significant anthropogenic disturbances.

The ecological environment quality across the study region predominantly exhibited
slight to moderate fluctuations, with coefficient of variation (CV) values of 0.4281 for the
Yangtze River—-Chaohu Lake Water Diversion, 0.4991 for the Yangtze River—-Huaihe River
Connection, and 0.1732 for the Yangtze River Water Northward Conveyance. By aggregat-
ing stable and slightly fluctuating zones, the stability ranking was: Yangtze River-Huaihe
River Connection (86.51%) > Yangtze River-Chaohu Lake Water Diversion (78.81%) >
Yangtze River Water Northward Conveyance (29.79%).

4.5. Prediction of Future Trends in Ecological Environment Quality

Yangtze River-Chaohu Lake Water Diversion: The RSEI exhibited an average Hurst
index of 0.5319, indicating a moderate persistence in ecological quality trends. It suggests
that 27.78% of the study area is likely to experience enhanced ecological conditions, while
38.38% may face sustained deterioration (Figure 9).
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Figure 9. Spatial distribution of RSEI Hurst index in Yangtze River-Huaihe River Connection (a),
Yangtze River-Chaohu Lake Water Diversion (b) and Yangtze River Water Northward Conveyance
(c) from 2015 to 2024.
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Yangtze River-Huaihe River Connection: The RSEI analysis reveals an average Hurst
index value of 0.5428. Approximately 30.02% of the study area is anticipated to undergo
ecological improvement, while a more substantial proportion (49.49%) is expected to
experience continued degradation (Table 8).

Table 8. Statistics of Sen—Hurst coefficient area and proportion for RSEI in the study area (2015-2024).

Yangtze River-Chaohu Yangtze River-Huaihe Yangtze River Water
Lake Water Diversion River Connection Northward Conveyance
Ccv
Area Proportion Area Proportion Area Proportion
(km?) (%) (km?) (%) (km?) (%)
Uncertain 1968.36 25.64 1896.21 15.30 895.43 7.20
Improvement 2132.66 27.78 3720.89 30.02 1754.32 14.11
Degradation 2946.12 38.38 6134.14 49.49 8962.36 72.06

Yangtze River Water Northward Conveyance: The average Hurst index of RSEI is
0.6327, with only 14.11% of areas likely to improve, while 72.06% are expected to worsen
persistently. Significant RSEI variations are concentrated in the northern Huaihe, where
intensive farming leads to pronounced human disturbance.

Overall Trend: The future ecological environment quality of the study region is gener-
ally pessimistic (Figure 10). The average Hurst indices are 0.5319 for Yangtze River—-Chaohu
Lake Water Diversion, 0.5428 for Yangtze River—-Huaihe River Connection, and 0.6327 for
Yangtze River Water Northward Conveyance. The projected deterioration follows this
order: Yangtze River Water Northward Conveyance (72.06%) > Yangtze River-Huaihe
River Connection (49.49%) > Yangtze River-Chaohu Lake Water Diversion (38.38%).
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Figure 10. Future development trends of RSEI in Yangtze River-Huaihe River Connection (a), Yangtze
River—Chaohu Lake Water Diversion (b) and Yangtze River Water Northward Conveyance (c).
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4.6. Quantitative Attribution Analysis of Driving Factors for Spatial Differentiation of RSEI

Integrating the natural and socioeconomic conditions of the water source conservation
areas along the Jianghuai Water Diversion Project’s Anhui Section, this study selected ten
variables—including population, GDP (Gross Domestic Product), built-up area, precipita-
tion, and mean NDVI—as influencing factors for correlation analysis with the RSEL The
Geodetector method was employed to analyze the driving mechanisms behind dynamic
changes in EEQ. The independent variables (X) include the following: X1: Annual mean
temperature (°C); X2: Annual mean precipitation (mm); X3: Vegetation coverage (%);
X4: Mean NDVI; X5: Elevation (m); X6: Slope (°); X7: Built-up area; X8: Land Surface
Temperature (LST); X9: GDP per unit area (10,000 yuan/km?); X10: Population density
(persons/km?).

The analysis of critical topographic parameters across the three major water diver-
sion segments reveals distinct geomorphological characteristics (Table 9). The Yangtze
River—-Chaohu Lake Water Diversion exhibits the highest mean elevation (49.32 m) and
steepest mean slope (5.16°), indicating significant terrain complexity that may influence hy-
draulic dynamics and sediment transport patterns. In contrast, the Yangtze River-Huaihe
River Connection features a moderate elevation (38.20 m) and gentler slope (2.77°), fa-
voring efficient water conveyance over long distances while requiring vigilance against
anthropogenic disturbances in low-lying zones. The Yangtze River Water Northward
Conveyance, with the lowest elevation (30.68 m) and minimal slope (2.02°), presents a flat
terrain profile that heightens flood susceptibility, necessitating engineered safeguards to
maintain operational reliability.

Table 9. Parameters of driving factors influencing RSEI changes.

Yangtze River-Chaohu Lake Water Yangtze River-Huaihe River Yangtze River Water Northward
Driving Factors Variable Diversion Connection Conveyance
2015 2020 2024 2015 2020 2024 2015 2020 2024
li of X1 18.20 17.60 17.40 17.50 16.30 17.40 16.00 16.60 14.80
climatic factors X2 142130  1877.90 1776.30 1234.60 1634.20 1293.10 808.60 1020.90 829.30
vegetation factors X3 24.86 24.86 24.86 23.43 23.43 23.43 26.91 26.91 26.91
natural & X4 0.50 0.56 0.21 0.35 0.34 0.22 0.26 0.56 0.29
factors topoeraphic factors X5 49.32 49.32 49.32 38.20 38.20 38.20 30.68 30.68 30.68
posrap X6 5.16 516 5.16 277 277 277 2.02 2.02 2.02
surface disturbance X7 619.87 863.75 1015.04 1174.01 1443.37 2100.10 1343.59 1502.63 1623.43
factors X8 0.44 0.48 0.75 0.51 0.48 0.54 0.60 0.56 0.60
socio- economic factors X9 360.00 288.00 279.00 323.00 319.00 318.00 466.00 502.00 445.00
economic population size X10 972.77 1471.97 2348.36 270.74 1824.07 2580.59 1047.92 1742.43 2495.18

The single factor detection results indicated that ecological environment quality (as
dependent variable Y) was input into the optimal parameter geographical detector model.
A higher g-value signifies a more robust explanatory capacity of the factor influencing
ecological environment quality (Table 10). The g-values of factors ranked in descending
order were: annual precipitation (0.76), land surface temperature (LST) (0.64), population
density (0.50), mean annual temperature (0.37), built-up area (0.34), slope (0.30), elevation
(0.17), NDVI mean (0.08), vegetation coverage (0.06), and GDP per unit area (0.00). This
ranking demonstrates that annual precipitation and land surface temperature-LST serve
as the primary drivers influencing the ecological environment quality in water source
conservation areas along the YHWDP Route.

Table 10. Single-factor influence contribution.

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10
q statistic 0.37 0.76 0.06 0.08 0.17 0.30 0.34 0.64 0.00 0.50
p value 1.00 0.56 0.97 0.95 0.93 0.78 0.49 0.77 1.00 0.91
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The interaction effects between factors demonstrated significant explanatory power
for ecological environment quality. Notably, the interaction between NDVI and elevation,
slope, and built-up area yielded the highest synergistic g-value (0.95), indicating their
dominant combined influence on ecological conditions. Secondarily, interactions involving
land surface temperature (LST) with mean annual temperature, precipitation, vegetation
coverage, elevation, and slope all exhibited g-values exceeding 0.91. Other factor interac-
tions consistently showed g-values above 0.5, representing substantial improvements over
single-factor g-values. These findings emphasize that ecological restoration strategies must
systematically integrate multi-factor spatial distribution patterns, prioritizing precipita-
tion regimes, vegetation dynamics, and thermal conditions (LST) to optimize governance
frameworks and enhance intervention efficacy.

As illustrated in Figure 11, ecological drivers operate through synergistic interactions
rather than isolated effects. The dominant interaction patterns—nonlinear enhancement
(e.g., NDVI x elevation) and bilinear enhancement (e.g., LST x slope)—reveal that spa-
tial heterogeneity in ecosystem quality arises from compounded multi-factor processes.
Particularly, vegetation-terrain interactions (NDVI x elevation/slope) demonstrated the
strongest explanatory power for RSEI variations, with g-values surpassing 0.9. In contrast,
anthropogenic impacts exhibited weaker direct effects, primarily manifesting indirectly
through land use/cover modifications.

X10 -
X9 -

X8 -

X6 -
X5 -

X4 -

Figure 11. Interactive detection matrix.

5. Discussion

During the period 2015-2024, the ecological environment quality of water source
conservation areas along the YHWDP route in Anhui Province exhibited a fluctuating yet
overall deteriorating trend, necessitating heightened focus on future ecological restoration
efforts. Notably, the spatial extent of ecologically degraded zones gradually decreased
over this period, reflecting a progressive mitigation of environmental stress. Yangtze
River-Huaihe River Connection demonstrated the most unstable Remote Sensing Eco-
logical Index (RSEI) dynamics (mean RSEI = 0.4789), indicating heightened ecological
vulnerability. Yangtze River Water Northward Conveyance ranked second in ecological
fragility (RSEI = 0.4842), while the Yangtze River-Chaohu Lake Water Diversion showed
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relatively better conditions (RSEI = 0.6917). The spatial distribution of RSEI exhibited a
pronounced latitudinal and longitudinal gradient, with elevated values distinctly clustered
in southern and eastern regions, while lower magnitudes prevailed in northern and western
areas. Areas with ”significant degradation” dominated the ecological quality classifica-
tion, particularly in urbanized regions like Hefei City, where vegetation cover was sparse.
Higher-quality ecosystems clustered in densely vegetated zones, confirming vegetation
coverage as a critical stabilizing factor.

This study classified the ecological environment quality of water source conservation
areas along the Anhui section of the YHWDP corridor into five levels from 2015 to 2024.
Statistical analysis demonstrated that both vegetation vigor (NDVI) and atmospheric
moisture content (WET) significantly enhanced ecological quality indicators, while thermal
stress (LST) and dryness (NDBSI) showed significant negative impacts. Single-factor
analysis demonstrated the following explanatory power ranking for ecological drivers:
LST > NDBSI > NDVI > WET, with LST achieving the highest g-value, highlighting its
dominant role in explaining the spatial heterogeneity of the Remote Sensing Ecological
Index (RSEI). Dual-factor interaction effects further indicated that LST x NDBSI had the
strongest combined influence on RSEI variability, whereas NDVI x WET interactions
were comparatively weaker. Overall, natural factors—including precipitation patterns,
temperature gradients, and topographic elevation—were identified as primary drivers of
spatial differentiation in ecological quality. In contrast, anthropogenic activities indirectly
impacted the environment through land use/cover modifications, such as urbanization-
driven increases in LST and expansion of built-up areas [16,17]. Meanwhile, the increase in
NDVI contributed to the improvement of regional ecological environment quality [22,23].
Therefore, in the process of urban expansion and construction, attention should be paid to
the reasonable protection of local natural resources. At the same time, ecological protection
policies such as afforestation and water purification should be implemented, as they
can help alleviate a series of environmental problems. This study is consistent with the
conclusions of previous literature. These findings emphasize the need to integrate natural
climatic—topographic dynamics with targeted land-use regulations to mitigate human-
induced pressures and enhance ecological resilience in large-scale water diversion systems.

6. Conclusions

This research conducted a comprehensive investigation into the spatiotemporal dy-
namics and underlying driving mechanisms of the RSEI within water source conservation
areas along the Anhui segment of the YHWDP corridor from 2015 to 2024. Key findings
include the following:

(1) The RSEI in these areas exhibited a fluctuating upward trend followed by a decline,
with increasing spatial heterogeneity in ecological quality. The ecological quality
ranking across subregions was: Yangtze River-Huaihe River Connection (86.51%)
< Yangtze River Water Northward Conveyance (78.81%) < Yangtze River-Chaohu
Lake Water Diversion (29.79%). Over the nine-year period, areas classified as
“Good” and “Moderate” ecological quality significantly expanded, while “Poor”
and “Very Poor” categories decreased, indicating overall ecological improvement.
However, spatial imbalances persist, with pronounced regional disparities in stability:
Yangtze River-Huaihe River Connection (40.66% stable/slight fluctuation) > Yangtze
River—Chaohu Lake Water Diversion (30.19%) > Yangtze River Water Northward
Conveyance (25.02%).

(2) Yangtze River Water Northward Conveyance demonstrated relatively high ecological
quality but greater RSEI volatility, attributed to vegetation dynamics in cropland
protection zones. In contrast, the Yangtze River-Huaihe River Connection exhibited
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lower baseline ecological quality but milder fluctuations (slight to moderate), with
intense ecological changes observed near Hefei City.

(3) Annual precipitation, impervious surface area, and vegetation coverage emerged as
primary drivers of ecological quality, interacting synergistically with annual average
temperature and land cover to significantly enhance explanatory power over RSEI
variations. Human activities, particularly land-use changes, markedly amplified RSEI
dynamics, demonstrating strong collaborative effects with natural factors. All factor
interactions exhibited nonlinear enhancement, emphasizing the critical role of coupled
natural-anthropogenic processes in shaping ecological patterns.

This study calculated the RSEI for the YHWDP region and analyzed the temporal
and spatial characteristics of changes, as well as future trends. Subsequently, the impact
of different driving factors was evaluated, providing guidance for future environmental
protection policy formulation. These approaches will empower watershed management
departments to enhance the precision and scientific rigor of strategy formulation, effectively
coordinating farmland protection, urban expansion control, and vegetation restoration.
Such coordinated efforts aim to address ecological vulnerabilities in specific areas within
large-scale water diversion systems. Due to space constraints, this study did not conduct a
detailed analysis of the impact of different spatial scales of Landsat remote sensing data on
the computational results. Future research should conduct comparative studies at different
scales to better implement the comprehensive ecological environment assessment method
developed in this study, and thus apply it to ecological protection in other watersheds and
cross-basin water diversion work.
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Abstract: Mapping urban pluvial flooding (UPF) in data-scarce regions poses significant
challenges, particularly when drainage systems are inadequate or outdated. These lim-
itations hinder effective flood mitigation and risk assessment. This study proposes an
innovative approach to address these challenges by integrating deep learning (DL) mod-
els with traditional methods. First, deep convolutional generative adversarial networks
(DCGANSs) were employed to enhance drainage network data generation. Second, deep
recurrent neural networks (DRNNs) and multi-criteria decision analysis (MCDA) methods
were implemented to assess UPF. The study compared the performance of these approaches,
highlighting the potential of DL models in providing more accurate and robust flood map-
ping outcomes. The methodology was applied to Lahore, Pakistan—a rapidly urbanizing
and data-scarce region frequently impacted by UPF during monsoons. High-resolution
ALOS PALSAR DEM data were utilized to extract natural drainage networks, while syn-
thetic datasets generated by GANs addressed the lack of historical flood data. Results
demonstrated the superiority of DL-based approaches over traditional MCDA methods,
showcasing their potential for broader applicability in similar regions worldwide. This
research emphasizes the role of DL models in advancing urban flood mapping, provid-
ing valuable insights for urban planners and policymakers to mitigate flooding risks and
improve resilience in vulnerable regions.

Keywords: deep learning; DRNN; GANS; MCDA; remote sensing; urban pluvial flooding

1. Introduction

Floods are among the most devastating natural disasters globally, causing significant
human and economic losses annually [1-7]. Urban pluvial flooding (UPF), characterized
by surface water accumulation due to intense rainfall overwhelming drainage systems,
has become increasingly prevalent. This escalation is attributed to climate change-induced
rainfall intensification and rapid urbanization [3,8-19]. The consequences of UPF include
infrastructure damage, disruption of urban life, and substantial economic losses [20].
These impacts are projected to worsen with continued urban expansion and the increasing
frequency of extreme weather events [21], underscoring the urgent need for innovative
solutions to mitigate UPF risks.

Sustainability 2025, 17, 4380 https://doi.org/10.3390/su17104380
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In many developing countries, such as Pakistan, the assessment of flood risk is hin-
dered by the lack of comprehensive drainage network data and historical flood records.
Traditional flood mapping techniques, which often rely on statistical analyses and Ge-
ographic Information Systems (GIS), struggle to capture the dynamic nature of urban
flooding, particularly in areas with outdated or inadequate drainage infrastructure [22].
These methods are heavily dependent on historical data and often fail to provide accurate
assessments in data-scarce environments.

Recent literature indicates a predominant focus on traditional models for urban flooding
assessment, including histogram-based, threshold, statistical, and GIS models [14,16-19].
While deep learning (DL) approaches have shown promise in various flood-related applica-
tions, their implementation in UPF assessment remains limited. Ref. [23] reviewed approxi-
mately 1038 research articles related to flood disasters, finding that only about 46 employed
deep learning-based modeling for flood assessment. Moreover, practical implementations of
DL models in UPF contexts are scarce [24-28].

The challenges posed by data scarcity and the dynamic nature of urban systems
necessitate the development of new methods to improve flood susceptibility assessment
and enhance urban resilience. Conventional approaches, such as Multi-Criteria Decision
Analysis (MCDA) and GIS-based models, are widely used but often lack the adaptability
required for modern urban environments [29-35]. There is a pressing need for more
adaptive, data-driven solutions that can provide accurate assessments even in the absence
of extensive historical data.

This study aims to develop an improved flood risk assessment framework tailored
for data-scarce urban regions. By leveraging alternative data sources and advanced com-
putational approaches, this research seeks to address the limitations of traditional flood
modeling methods. The findings are expected to offer valuable insights for urban plan-
ners and policymakers, facilitating the implementation of more effective flood prevention
and mitigation strategies. Additionally, this research underscores the importance of in-
tegrating modern data-driven methodologies to enhance flood resilience in vulnerable
urban environments.

2. Dataset

This study integrates multiple datasets to support both traditional and advanced
modeling approaches to address the challenges of urban pluvial flooding (UPF) assessment
in data-scarce regions.

For traditional modeling, the high-resolution ALOS PALSAR Digital Elevation Model
(DEM) with a 12.5 m spatial resolution was utilized. Compared to alternatives like ASTER
GDEM (30 m) and SRTM (30 m), ALOS PALSAR offers superior spatial and vertical
accuracy, with a vertical accuracy of approximately +5 m. This higher resolution ensures
more precise extraction of drainage networks, which is crucial for accurate flood modeling.
Additionally, ALOS PALSAR is freely available, making it a valuable resource for regions
with limited access to high-quality geospatial data.

Table 1 provide the information of dataset used particularly, for the implementation of
Multi-Criteria Decision Analysis (MCDA) using the Analytical Hierarchy Process (AHP),
multiple datasets were integrated, including impervious surface area (ISA), land use/land
cover (LULC), rainfall, slope, aspect, and other relevant factors. Each dataset contributes
unique insights into the hydrological and urban characteristics of the study area, facilitating
a comprehensive evaluation of flood susceptibility. Figure 1 provides an overview of the
datasets used.
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Table 1. Summary of datasets used.

Dataset Source/Resolution Purpose Relevance to Study URL
https:/ /www.eorc.
jaxa.jp/ALOS/en/
ALOS PALSAR DEM 12.5 m resolution Dralnage network H1gh:resolut19n dataset/alos_open_
(Free) extraction terrain modeling and_free_e.htm,
accessed on
7 May 2025
https:/ /asterweb.jpl.
ASTER GCDEM 30m resqlutlon Elevahop data Lower resolution; nasa.gov/gdem.asp,
(Comparison) (comparison) less accurate accessed on
7 May 2025
https:
/ /www.earthdata.
90 m resolution Elevation data Coarser resolution; nasa.gov/data/
SRTM DEM . . . .
(Comparison) (comparison) less precise instruments/srtm,
accessed on
7 May 2025
https:/ /www.esa.
Kev for int/ Applications/
. 10 m resolution Land use/land cover y . Observing_the_
Sentinel-2 Imagery e understanding .
(Free) classification o Earth/Copernicus/
urbanization .
Sentinel-2, accessed
on 7 May 2025
https:
GISAI and . Impervious surface ~ Important for runoff //data.]rc.? ¢-europa.
Varies . . eu/collection/ghsl,
GHSL Data area mapping analysis
accessed on
7 May 2025
https:
e Government sources  Rainfall intensity Identifies rainfall //anC'.p md.gov.pk/
Precipitation Data o new /rainfall.php,
(Monthly) and variability patterns
accessed on
7 May 2025
Slope and Aspect Derived from DEM  Terrain analysis geterrr.unes water Derived
ow direction
https:/ /www.ndma.
Historical UPF 23 past events DRNN model Captures temporal govpk/ . .
(Synthetic data .. urbanflooding/sdi,
Events . training flood patterns
included) accessed on
7 May 2025

These datasets collectively form the foundation for both traditional and deep learning-

based flood susceptibility modeling. The use of high-resolution DEM data ensures precise

drainage network extraction, while artificial data generated through GANs helps mitigate

the challenges posed by limited historical flood data. This integrated approach ensures that

the models developed are robust, accurate, and capable of addressing the complexities of

urban pluvial flooding in data-scarce regions.
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1. ALOS PALSAR ASTER GDEM vs SRTM vs ALOS PALSAR
2. GHSL Built-S
3. GISAl Index
4. LULC using Sentinel-2 GHSL Built-S used both Landsat and Sentinel.
Intersection of the outputs.
Remote Sensing
Integration is required for both data i.e. conversion
1. LULC Vector
2. Drainage Network
3. Roads
4. Administrative Boundary
LULC in vector to compare \INith raster output
Drainage data from Local Govt,
y
_— .
1. Ramfa!l e Research work
2. Population

Rainfall data from PMD.
Population Data from Bureau of Statistics.

Figure 1. Overview of the dataset.

3. Methodology

This study integrates deep learning (DL) models with traditional approaches to ad-
dress the challenges of urban pluvial flooding (UPF) mapping in data-scarce regions.
Lahore, Pakistan, a rapidly urbanizing city frequently impacted by monsoonal UPF, was
selected as the study area. The city’s inadequate drainage infrastructure and extensive
impervious surfaces exacerbate its vulnerability to flooding.

The research workflow for urban pluvial flooding (UPF) mapping integrates multiple
datasets and methodologies to address challenges in data-scarce regions. Figure 2 provides
a detailed workflow diagram, illustrating how the modules interact and the sequence

of operations.
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Figure 2. Workflow diagram.
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3.1. Data Collection and Pre-Processing

Key datasets included the high-resolution ALOS PALSAR Digital Elevation Model
(DEM) with a 12.5 m spatial resolution, utilized for natural drainage network extraction.
Sentinel-2 imagery facilitated land use/land cover (LULC) classification, while GISAI
and GHSL datasets provided information on impervious surface mapping. Additionally,
precipitation data spanning from 2001 to 2022 were obtained from government sources for
flood analysis. These datasets served as foundational inputs for both traditional and deep
learning-based modeling approaches.

The ALOS PALSAR DEM data were processed using ArcGIS Pro 3.0 to extract natural
drainage networks. Hydrological tools generated flow direction and accumulation maps,
identifying potential flooding hotspots. These outputs also served as validation data for
the deep learning models.

3.2. Synthetic Data Generation with GANs

To address data scarcity, Generative Adversarial Networks (GANs) were employed to
generate synthetic drainage network data (Figure 3). GANs consist of two neural networks:
a generator that creates synthetic data and a discriminator that evaluates the authenticity
of the generated data. This adversarial training process enables the generation of realistic
synthetic datasets. The synthetic drainage data produced by GANs supplemented the
natural drainage data, ensuring robust inputs for the deep learning models.

Random Input
Vector

Generator
Model

........

Generated
Example ‘ Real Example

\/

Discriminator |
| Update Model :
i model ;

Binary Classification
Real/Fake

Figure 3. GANs model architecture.

3.3. Deep Learning Model (DRNN)

The Deep Recurrent Neural Network (DRNN) was utilized to model temporal depen-
dencies using historical precipitation data and synthetic drainage data from GANs. The
DRNN architecture comprised multiple stacked RNN layers and incorporated techniques
such as layer normalization and Leaky Rectified Linear Unit (Leaky ReLU) activation
functions to enhance prediction accuracy for flood-prone areas.

3.4. Multi-Criteria Decision Analysis (MCDA)

In parallel, the Analytical Hierarchy Process (AHP), a traditional Multi-Criteria Deci-
sion Analysis (MCDA) technique, was applied. This approach integrated multiple factors,
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including rainfall intensity, drainage density, and impervious surface area, to assess flood
susceptibility zones. The AHP involved constructing a pairwise comparison matrix to
assign weights to each criterion based on their relative importance. The MCDA results
served as a benchmark for comparison with the deep learning outputs.

3.5. Hyper-Parameter Optimization

Hyper-parameter optimization was conducted for both the DRNN and GAN models
to enhance predictive accuracy and model stability. For the DRNN, a grid search was
performed over the following ranges: number of hidden layers (1-3), neurons per layer
(50-200), learning rate (0.001-0.01), and dropout rate (0.1-0.5). The optimal configuration
was determined based on validation loss and predictive performance. For the GAN,
training epochs (100-500), batch size (32-128), and learning rates (0.0001-0.001) for both the
generator and discriminator were varied. Final settings were selected based on the quality
of generated data, assessed using Structural Similarity Index Measure (SSIM) and Root
Mean Square Error (RMSE) metrics. This systematic tuning process ensured the robustness
and reliability of the models.

4. Results
4.1. Impervious Surface Area (ISA) and Land Use/Land Cover (LULC) Analysis

Urbanization significantly influences urban pluvial flooding (UPF) by altering natural
drainage systems and increasing impervious surface areas. Sentinel-2 imagery was used
to classify land use and land cover (LULC), identifying key categories such as urban,
vegetation, and water bodies. The results indicate that rapid urban expansion has led to a
significant increase in impervious surfaces, reducing the natural infiltration capacity and
exacerbating surface runoff. The integration of GISAI and GHSL datasets provided an
accurate delineation of impervious surface areas (ISA), revealing that high-density urban
zones correspond with the most flood-prone regions. Figure 4 illustrates the classified LULC
map, while Figure 4 highlights impervious surface distribution, showing the temporal
variation for last three decades.

73’3?'0"E 73'44‘1'0"5 73'5‘5'0"E

Urban Impervious Surface Temporal Map Lahore 1993 to 2022

Legend
1993-1997

[ 1998-2002
I 2003-2007
I 2008-2012
I 2013-2017
I 20182022

31°220°N
T
31°22'0°N
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73°330°E 73°440°E 73550

Figure 4. Impervious surface area combined through GISAI data.
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The preliminary results of this study provide key insights into impervious surface
area (ISA), land use/land cover (LULC), precipitation patterns, and drainage network
derivation, each contributing to a comprehensive understanding of urban pluvial flooding
(UPF). The impervious surface area was delineated by combining GISAI and GHSL datasets,
using an intersection-based approach to yield an accurate representation of impervious
surfaces in the study area. Figure 5, shows the land use map 2022 with four majorland
use types.
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Figure 5. LULC Map Lahore 2022.

4.2. Drainage Network Extraction and Flood Hotspots Identification

The natural drainage network was extracted using ALOS PALSAR DEM data, pro-

cessed through hydrological tools in ArcGIS Pro. Flow direction and accumulation analysis

were performed to delineate natural water movement and identify potential drainage path-

ways. The results indicate that low-lying areas with poor drainage infrastructure are more
prone to flooding, particularly in rapidly urbanizing districts. Figure 6 highlights flood
hotspots where the drainage system is insufficient to accommodate heavy precipitation
events. These findings emphasize the urgent need for improved drainage infrastructure in
high-risk urban zones highlighted by red color in map.

Rainfall data spanning from 2001 to 2022 were normalized for each month and ana-

lyzed (Figure 7), revealing an increase in precipitation intensity during monsoon seasons.

These findings underscore the heightened vulnerability of urban areas to pluvial flooding
due to climatic changes, which align with trends observed in other developing regions.
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Flood Zone Map, Lahore
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Figure 6. DRNNSs based flood Zones and flood susceptibility.
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Figure 7. Precipitation Trends from 2001 to 2022.
4.3. Synthetic Data Generation with GANs and Data Quality Assessment

Due to the scarcity of high-resolution historical flood data, Generative Adversarial
Networks (GANs) were implemented to generate synthetic drainage networks. The GAN
model was trained using real drainage data, enabling it to produce synthetic datasets that
closely mimic natural hydrological patterns.

The GAN was trained using real drainage networks extracted from ALOS PALSAR
DEM data for multiple urban sectors within Lahore. The architecture followed a Deep
Convolutional GAN (DCGAN) structure. The generator consisted of transposed convolu-
tional layers with batch normalization and ReLU activations, while the discriminator was
built with convolutional layers using Leaky ReLU and dropout for regularization. Binary
cross-entropy was used as the loss function for both networks, optimized using the Adam
optimizer (learning rate = 0.0002, 31 = 0.5). The model was trained for 200 epochs with
a batch size of 64 and image input size of 128 x 128 pixels. These configurations were
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selected based on standard best practices and preliminary tuning to ensure model stability
and convergence.

and synthetic drainage networks using the structural similarity index measure (SSIM)
and root mean square error (RMSE). The results indicate that the GAN-generated data
achieved an SSIM score of 0.92 and an RMSE of 0.14, demonstrating high similarity to

To evaluate the quality of the generated data, a comparison was made between real

real-world data.

Table 2 presents validation metrics confirming the reliability of GAN-generated data. These
results indicate that GANSs can effectively supplement missing drainage information in

Figure 8 provides a visual comparison of real and synthetic drainage networks, while

data-scarce regions, enhancing the accuracy of UPF modeling.
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Figure 8. (a,b) Derived Natural Drainage Network.
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Table 2. Validation metrics of GAN-generated data.

Metric Value Description

Measures similarity between real and synthetic

SSIM (Structural Similarity Index Measure)  0.92 data (closer to 1 indicates high similarity).

Indicates average deviation of synthetic data

RMSE (Root Mean Square Error) 0-14 from real data (lower is better).

MAE (Mean Absolute Error) 011 Measures average absolute difference between
real and synthetic data.

Data Coverage (%) 95% Percentage of drainage features accurately

captured in synthetic data.

In addition to SSIM and RMSE, physical consistency checks were performed. The
drainage network characteristics, including flow direction and accumulation patterns,
were compared with those derived independently from high-resolution DEM data. These
checks confirmed that the GAN-generated drainage networks closely match the physical
attributes expected in natural drainage systems. Furthermore, comparative experiments
were conducted by validating the synthetic drainage networks against manually extracted
networks from an independent dataset, demonstrating comparable performance across
key metrics.

4.4. Deep Learning Model (DRNN) Results for Flood Prediction

To predict flood-prone areas, a Deep Recurrent Neural Network (DRNN) was trained
using precipitation data, LULC, and drainage network information. The model successfully
identified high-risk flooding zones by capturing spatiotemporal dependencies in rainfall
intensity and land characteristics. Model evaluation metrics showed an overall precision of
85%, a recall of 83%, and an F1-score of 84%, indicating a robust predictive performance.
The inclusion of GAN-generated synthetic data improved the model’s accuracy by 7%,
compared to models trained solely on real data. Figure 8 illustrates the drainage network
generated by DRNN, highlighting vulnerable urban areas, while Table 3 (a) summarizes
the model’s performance metrics.

Table 3. (a) DRNN performance metrics. (b) DRNN regression metrics.

(a)
Metric Real Data Only Real + Synthetic Data Improvement (%)
Precision 78% 85% +7%
Recall 76% 83% +7%
F1-Score 75% 84% +9%
Accuracy 77% 86% +9%
(b)
Metric Value
MSE 0.087
RMSE 0.295
R? 0.81

These results confirm the effectiveness of deep learning approaches in UPF prediction,
particularly when combined with synthetic data.
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In addition to classification metrics, we evaluated the DRNN model using regression-
based performance indicators to better reflect continuous flood susceptibility prediction.
The model achieved a Mean Squared Error (MSE) of 0.087, a Root Mean Squared Error
(RMSE) of 0.295, and an R? score of 0.81, indicating a strong fit between predicted and
reference data (Table 3 (b)). These results confirm the model’s capability to generalize well
across different spatial conditions and flooding intensities.

4.5. Comparison of DRNN and Multi-Criteria Decision Analysis (MCDA) Results

To evaluate the effectiveness of the DRNN model, its results were compared with
those from the traditional Multi-Criteria Decision Analysis (MCDA) approach. While
both models successfully identified major flood-prone zones, the DRNN model exhibited
higher spatial precision and adaptability to varying precipitation patterns. The comparison
revealed that DRNN outperformed MCDA in capturing localized flood susceptibility,
particularly in areas where historical flood data were scarce. Table 4 presents a side-by-side
comparison of DRNN and MCDA and quantifies their respective performance metrics.
Expert validation further confirmed that DRNN predictions aligned more closely with
observed flood events. These findings highlight the advantages of deep learning in dynamic
flood mapping, particularly for regions with complex urban hydrology.

Table 4. DRNN vs. MCDA performance metrics.

Metric DRNN MCDA Difference
Precision 85% 78% +7%
Recall 83% 75% +8%
F1-Score 84% 76% +8%
Area Under Curve (AUC) 0.88 0.81 +0.07

4.6. Uncertainties, Errors, and Model Limitations

While the results demonstrate the potential of deep learning for UPF mapping, sev-
eral uncertainties and limitations must be acknowledged. The accuracy of the models is
dependent on the quality and resolution of input datasets, such as DEMs, LULC classi-
fications, and precipitation records. Additionally, while GAN-generated synthetic data
improved model performance, biases may arise if the training dataset does not adequately
capture the full variability of real-world drainage systems. Overfitting in DRNN models is
another concern, particularly when trained on limited historical flood data. Furthermore,
the computational cost of training deep learning models may be a barrier for real-time
flood prediction applications in resource-constrained environments.

To mitigate these limitations, future research should focus on incorporating higher-
resolution datasets, expanding GAN training with diverse urban flood scenarios, and
testing model generalizability in different geographic regions. Table 5 summarizes the key
sources of uncertainty in this study and their potential impact on model predictions.

A key limitation of this study is the exclusive focus on natural drainage networks
derived from DEM data. Due to the unavailability of detailed maps and data on artificial
drainage systems (e.g., stormwater infrastructure), these features were not incorporated
into the model. However, surface permeability was partially addressed using impervi-
ous surface maps from GISAI and GHSL datasets, which capture urbanization patterns.
Additionally, long-term normalized precipitation data were used to reflect seasonal and
interannual rainfall variability. Future research should aim to integrate artificial drainage
infrastructure and simulate dynamic hydrological processes using rainfall-runoff models
to improve realism in urban flood modeling.
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Table 5. Summary of model uncertainties and errors.

Source of e .
Uncertainty/Error Impact on Results Mitigation Strategies
Input Data Resolution Reduced accuracy in Use higher-resolution
(DEM, LULC) small-scale flood mapping  datasets (e.g., LIDAR)
Potential misclassification .
GAN Data Biases due to synthetic data Sxpand G.AN training
. ataset diversity
inaccuracy
DRNN Overfitting Reducgd mpdel Implement re.gule?rlzatlon
generalization to new areas and cross-validation
Precipitation Data Loss of short-term rainfall ~ Integrate real-time
Aggregation variability rainfall data
Limited application in o
Computational Cost resource-constrained Develop optimized,

settings lightweight model versions

A notable limitation of this study is the reliance on remote sensing and simulation
data, necessitated by the unavailability of in situ water level measurements and detailed
historical flood records in the study area. The integration of such observed data is crucial
for improving model calibration and validation. Future research should aim to incorporate
actual hydrological measurements to enhance the model’s accuracy and reliability in flood
risk assessment.

These insights will be crucial in refining deep learning methodologies for improved
flood risk assessment and urban resilience planning.

5. Discussion

This study demonstrates the efficacy of integrating deep learning (DL) models with
traditional methods for urban pluvial flooding (UPF) assessment in data-scarce regions.
The application of Deep Convolutional Generative Adversarial Networks (DCGANSs) to
simulate artificial drainage networks effectively addresses data scarcity challenges. When
combined with Digital Elevation Model (DEM)-based natural drainage mapping, this
hybrid approach offers a comprehensive framework for developing robust and adaptive
flood mitigation strategies.

Comparative analyses between DL models, particularly Deep Recurrent Neural Net-
works (DRNNS), and traditional Multi-Criteria Decision Analysis (MCDA) techniques, such
as the Analytical Hierarchy Process (AHP), indicate the superior accuracy and robustness
of DRNNSs. These findings align with previous research highlighting the advantages of DL
methods in managing complex environmental and urban systems [23,36].

Urbanization and climatic changes are critical factors exacerbating UPF risks. The
study underscores how increased impervious surfaces and outdated drainage systems
heighten flooding vulnerabilities, necessitating innovative, data-driven approaches. Addi-
tionally, intensified monsoon precipitation due to climatic shifts further complicates flood
management, calling for adaptive solutions.

Despite promising outcomes, data scarcity remains a significant hurdle, particularly
for training DL models [24-28]. The generation of synthetic datasets using GANs and
their integration into MCDA frameworks present a viable path forward. Future work
will focus on validating these models with real-world flood event data and extending the
methodology to other data-scarce regions globally.

Implementing DL models for UPF is challenging due to complex interactions within
natural and built environments, such as drainage systems and urban infrastructure. Data
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limitations in the study area encompass both hydraulic datasets and historical UPF event
records. This study addresses these gaps by developing synthetic data to train DL models,
enhancing their predictive capabilities.

The integration of GANs and DRNNs enhances UPF prediction in data-scarce regions.
GAN: s effectively generate synthetic drainage network data, filling critical data gaps and en-
abling more accurate flood susceptibility modeling. These improved predictions can inform
urban planning decisions and the development of early warning systems, contributing to
more effective flood mitigation strategies.

However, several uncertainties affect the reliability of model predictions. The accuracy
of results depends on the quality and resolution of input datasets, such as ALOS PALSAR
DEM and Sentinel-2 imagery. Limitations inherent in these datasets, like resolution con-
straints and potential misclassification in land use/land cover (LULC) data, can introduce
errors into both GAN-generated synthetic data and DRNN flood predictions. Moreover,
synthetic data may introduce biases if training data do not fully capture the variability of
natural drainage patterns.

Potential sources of error include: (1) limitations in input data, such as DEM spatial
resolution and LULC classification accuracy, affecting the fidelity of extracted drainage
networks; (2) GAN-generated data may not perfectly replicate real-world drainage system
diversity, leading to model bias; (3) limited historical flood events for training increase
the risk of overfitting in the DRNN model, reducing generalizability; and (4) temporal
aggregation of precipitation data into broader intervals may obscure short-term rainfall
extremes critical for flash flood prediction.

To mitigate these uncertainties, future research should incorporate higher-resolution
datasets, such as LIDAR-based DEMs, and expand the diversity of GAN training datasets.
Integrating real-time data could enhance the dynamic performance of DRNN models,
refining predictive capabilities and reducing uncertainties. These improvements are crucial
for ensuring the models” applicability across diverse urban environments with varying
hydrological and urbanization characteristics.

The proposed framework, integrating GANs with DRNN, offers a promising solution
for UPF prediction in data-scarce regions. By generating synthetic drainage network data,
it enhances flood risk assessment, benefiting rapidly urbanizing cities with inadequate
drainage infrastructure. The model’s adaptability allows integration into urban planning
and early warning systems.

However, the framework’s accuracy depends on input data quality, such as DEMs and
LULC classifications, which may introduce errors. While GAN-generated data address data
scarcity, they may also introduce biases if training data lack variability [37]. Additionally,
the high computational cost of DRNNs may limit applicability in resource-constrained
settings, and generalization to different urban environments may require recalibration.
Future research should focus on improving data resolution, expanding GAN training
diversity, and optimizing model efficiency. Testing the framework in diverse urban contexts
will enhance its robustness and practical applicability.

6. Conclusions

Urban pluvial flooding (UPF) remains a pressing challenge, particularly in regions
where data scarcity hampers effective risk assessment and management. This study intro-
duces an integrative framework that combines traditional methodologies with advanced
deep learning (DL) techniques to address these challenges. By leveraging high-resolution
ALOS PALSAR DEM data for drainage network extraction and employing Generative
Adversarial Networks (GANSs) for synthetic data generation, the approach effectively
mitigates data limitations. Furthermore, the incorporation of Deep Recurrent Neural Net-
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works (DRNNSs) enhances flood susceptibility mapping by capturing temporal patterns in
precipitation and urban features.

The findings indicate that DL models, particularly DRNNs augmented with GAN-
generated datasets, surpass traditional Multi-Criteria Decision Analysis (MCDA) methods
in both accuracy and robustness. This underscores the compounded impacts of urban-
ization and climate change on UPF risks and highlights the necessity for innovative,
data-driven solutions.

Beyond technical advancements, the study offers actionable insights for urban plan-
ners. Integrating model outputs into planning strategies—such as targeted infrastructure
improvements and land-use regulations—can significantly reduce UPF risks and bolster
long-term resilience in vulnerable areas.

Future research should focus on validating the proposed models with real-world flood
events and assessing their applicability across diverse urban environments. Expanding
datasets to include real-time monitoring data and enhancing model generalizability across
varying hydrological settings will further strengthen the framework’s reliability. By pro-
viding a scalable, data-driven solution for proactive flood management, this framework
contributes to the development of more resilient and sustainable urban landscapes.
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Abstract: Vegetation restoration in seismically active regions involves complex interactions
between geological hazards and ecological processes. Understanding the spatiotempo-
ral patterns of vegetation recovery is critical for assessing disaster evolution, evaluating
mitigation effectiveness, and guiding ecological resilience planning. This study investi-
gates post-earthquake vegetation dynamics in the Chutou Gully watershed, located in the
12 May 2008 Wenchuan earthquake zone, using NDVI data from 2000 to 2022. Results
reveal a sharp decline in vegetation cover following the earthquake, followed by a steady
recovery trend, with NDVI values projected to return to pre-earthquake levels by 2030.
Degradation was concentrated in debris flow channels, while more stable adjacent slopes
exhibited stronger recovery. Over time, the area of poorly restored vegetation significantly
declined, indicating increased ecosystem resilience. The findings highlight the need for
site-specific ecological restoration strategies tailored to localized recovery conditions. This
study provides valuable insights for disaster mitigation agencies, ecological planners, and
local governments working in mountainous hazard-prone regions, and contributes to the
long-term sustainability of ecosystems in disaster-prone areas.

Keywords: NDVI; spatiotemporal dynamics; vegetation recovery; trend analysis; geological
hazards

1. Introduction

Geological hazards represent a major global threat to ecological security, often ini-
tiating cascading secondary disasters such as vegetation degradation, soil erosion, and
hydrological disruption [1,2]. These processes can cause persistent instability in regional
ecosystems. Common geological hazards include earthquakes, landslides, debris flows,
and rockfalls, all of which are prevalent in tectonically active and topographically com-
plex mountain regions [3-5]. In southwestern China, the interplay of active fault systems,
steep slopes, and concentrated monsoonal precipitation fosters a high incidence of such
hazards [6,7].

Sustainability 2025, 17, 5081 https://doi.org/10.3390/su17115081
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Among these, debris flows—a type of rapid mass movement involving saturated soil,
rock, and organic material—are particularly destructive due to their sudden onset, high
mobility, and capacity for repeated occurrence. They are often triggered by intense rainfall
events, particularly in landscapes already destabilized by prior seismic activity or human
disturbance [8]. Following the 2008 Wenchuan earthquake, vast quantities of loose deposits
were generated in the alpine gorge zones of western Sichuan. These unstable materials,
under repeated rainfall stimulation, have formed a typical “earthquake-landslide—debris
flow” hazard chain [9]. This compounded hazard regime has led to complex, nonlinear
patterns of vegetation destruction and recovery, posing challenges for long-term ecological
rehabilitation [10].

In such high-risk areas, monitoring vegetation recovery through spatiotemporal anal-
yses is critical. Understanding vegetation dynamics not only helps reveal ecosystem
resilience, but it is also crucial for designing sustainable land-use strategies and ecological
restoration in hazard-prone regions [11,12].

Remote sensing technology has played an increasingly important role in vegetation
monitoring in recent years. Owing to its sensitivity to vegetation cover and biomass, the
normalized difference vegetation index (NDVI) has been widely used to quantify vegetation
dynamics across various ecosystems [13,14]. Numerous studies have explored post-disaster
vegetation recovery. For example, Yang et al. [15] identified linkages between vegetation
change and landslide activity in the Wenchuan earthquake zone; Zhang et al. [16] analyzed
the long-term influence of debris flow evolution on vegetation restoration via a decade of
observations; and Wang et al. [17] investigated the feedback of vegetation growth on slope
erosion induced by debris flows. However, existing research has focused largely on the
spatiotemporal features of hazards or short-term ecological responses, with insufficient
attention given to long-term vegetation recovery via multi-scale and integrative approaches.
Moreover, many studies rely on single statistical methods (e.g., linear regression or basic
trend analysis), which often fail to capture the nonlinear characteristics and spatial hetero-
geneity of vegetation dynamics. In regions with frequent cascading hazards, the coupling
mechanisms between secondary disaster disturbances and natural vegetation recovery
remain poorly understood, limiting the precision of ecological restoration strategies [18].

The Chutou Gully watershed, located in the core rupture zone of the 2008 Wenchuan
earthquake, has experienced repeated seismic activity and frequent debris flows, mak-
ing it a representative area for studying vegetation response under compound hazard
conditions [19,20]. Despite this, systematic research linking vegetation recovery with the
spatial distribution of geological hazards and the role of mitigation engineering remains
limited. In light of the limitations in existing studies—particularly the lack of long-term,
multi-scale, and integrative analyses—this study conducts a comprehensive assessment of
vegetation recovery using Landsat NDVI data from 2000 to 2022. Compared to previous
work, our study offers the following three key contributions: (1) it quantifies long-term
vegetation recovery rates in a typical high-risk watershed; (2) it captures nonlinear and
spatially heterogeneous recovery patterns through advanced spatiotemporal analysis; and
(3) it examines the coupled effects of secondary hazard activity and protective engineering
interventions on vegetation dynamics. By addressing these underexplored dimensions, the
study aims to improve understanding of ecosystem resilience in seismically active regions
and provide scientific evidence to inform ecological restoration, disaster risk reduction,
and spatial planning in mountainous environments [21].
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2. Study Area and Data Sources
2.1. Overview of the Study Area

The study area is located in Miansi town, Wenchuan County, Sichuan Province, China,
within the geographic coordinates of 103°25'-103°29" E and 31°20'-31°23' N, and it is
situated along the northern bank of the Minjiang River, within the seismically active
Maowen Fault Zone (Figure 1). The watershed covers a total area of approximately 21.8
km? and features a typical gully morphology. The terrain generally inclines from west-
north to east-south, with the main gully extending 7.8 km and exhibiting a steep average
longitudinal slope of 260%o.. The elevation ranges from 1152 to 4012 m, creating significant
vertical relief. The area is characterized by well-developed tributary gullies and steep valley
side slopes [22,23].
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Figure 1. Location and environmental setting of the Chutou Gully watershed: (a) location in
Wenchuan County; (b) location of the study area; (c) subregions and related information within the
study area; (d) elevation map of the study area; (e) slope map of the study area.

Geologically, the region is primarily composed of granitic and dioritic lithologies. On
12 May 2008, the Wenchuan earthquake triggered widespread slope failures throughout
the watershed, generating large volumes of coseismic loose deposits that subsequently
provided abundant material sources for debris flow activity. The area experiences a sub-
tropical monsoon climate, with pronounced seasonal and spatial variations in precipitation.
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Approximately 60% of the annual rainfall occurs between May and September, during
which the coupling of intense rainfall events with widespread loose deposits significantly
amplifies debris flow hazards [24].

Under favorable geomorphic conditions and frequent high-intensity rainfall, abundant
loose materials have led to pronounced post-seismic debris flow effects throughout the
watershed [25]. According to field investigations and monitoring data, four large-scale
debris flow events occurred between 2013 and 2020 (Figure 2), all of which were concen-
trated in the rainy season and exhibited strong characteristics of coseismic source material
reactivation [26-28].
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Figure 2. Hourly and cumulative rainfall during debris flow events in the Chutou Gully watershed:
(a) 2013 event; (b) 2014 event; (c) 2019 event; (d) 2020 event.

2.2. Data Sources

Table 1 summarizes the spatial resolution, temporal coverage, and data sources used
in this study.

A combination of remote sensing, topographic, and meteorological datasets was in-
tegrated to support spatiotemporal analysis of vegetation dynamics in the study area.
(1) The NDVI data are as follows: The annual maximum NDVI at 30-m resolution
(2000-2022) was obtained from the National Science & Technology Infrastructure of China.
To address striping and missing values, supplementary NDVI layers were generated us-
ing the Google Earth Engine based on full-year Landsat 5/7/8/9 imagery, which were
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processed with cloud masking, radiometric calibration, and temporal smoothing. (2) The
remote sensing imagery is as follows: Landsat 5/7/8/9 images (30 m resolution, 0-20%
cloud cover) were sourced from the Geospatial Data Cloud platform and preprocessed
using ENVI software for atmospheric and radiometric correction. (3) Topographic data are
as follows: Elevation data from the ALOS Global Digital Surface Model (12.5 m resolution)
were provided by NASA and processed in ArcGIS to generate slope information. (4) Mete-
orological data are as follows: Hourly precipitation data were collected from the Sichuan
Provincial Meteorological Bureau.

Table 1. Remote sensing data and other relevant data used in this study.

Data Acquisition Time Resolution Data Source
https:/ /www.nesdc.org.cn/ (accessed on
NDVI data 2000-2022 30 m 21 December 2024)
https:/ /www.gscloud.cn/ (accessed on
11 February 2025)
High-resolution remote 2000-2012 30m Landsat?é ]f:rr:jj?yzgazc;)essed on
SCNSIg magery 2013-2022 30m Landsat?7/Landsat8/Landsat9 (accessed on
15 January 2025)
Flevation data 2022 125m https:// www.ea;;h&aa;eac.ﬁz;%zaz.g;)v / (accessed on
Slope data 2022 125m https:// www.ea;;hﬁziac.}rllzs()ezg;)v / (accessed on
8-10 July 2013 Hourly
Rainfall d 9-10 July 2014 Hourly Sichuan Provincial Meteorological Service
ainfall data 19-21 August 2019 Hourly (accessed on 14 January 2025)
16-18 August 2020 Hourly

All spatial datasets were resampled as needed, aligned to the WGS84 coordinate
system, and harmonized to ensure spatial consistency throughout the analysis.

3. Research Methods
3.1. NDVI Data Processing

The NDVI is widely recognized as an effective indicator of vegetation growth status
and canopy coverage, exhibiting a linear or near-linear relationship with green leaf density,
photosynthetically active radiation, vegetation productivity, and plant biomass [29]. In
this study, NDVI values were calculated from the selected Landsat satellite imagery using
ENVI 5.6 software, and the vegetation activity levels were subsequently classified. The
NDVI was calculated using the standard formula, as presented in Equation (1)

NIR —R

NDV] = ———— 1
NIR +R @)

where NIR represents the reflectance in the near-infrared band and R denotes the reflectance
in the red band. NDV values range from —1 to 1, with values close to 1 indicating high
green vegetation density, whereas values near 0 or below typically correspond to non-
vegetated surfaces.

3.2. Theil-Sen Median Trend Analysis and the Mann—Kendall Test

The Theil-Sen median trend analysis method calculates the trend on the basis of clus-
tering and rank-order statistics [30]. Compared to ordinary least squares linear regression, it
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offers greater robustness and reliability, especially in the presence of outliers or nonnormal
data distributions. The corresponding calculation is shown in Equation (2), as follows:

NDVI; — NDVJ;
j—i

Bij = mean( >,Vj > 2)
where NDV[; and NDV; are the NDVI values at time points j and i, respectively; f;; > 0
indicates an increasing trend, whereas f;; < 0 indicates a decreasing trend over time.

To determine whether the detected trend is statistically significant, the Mann—Kendall
test is employed. This nonparametric test does not require the data to follow a normal
distribution, nor does it assume a linear trend. It is also resistant to missing values and
outliers, making it widely applicable in long-term trend detection in the environmental
time series [31]. The test statistics are computed using the following calculation method:

S
Var(S) (S = 0)

Z={ 0(5<0) 3)

S
Var(S) (S < O)

n—1 n
5= 21‘:1 Zj:iJrl sgn(xj — x;) (4)

—|—1x]-—xi>0
sgn(xj—x;) =q 0x;—x; =0 ®)
—1x]-—xi<0

n(n—1)(2n+5)
18 ©)

where Z denotes the standardized statistic derived from the Mann-Kendall trend test;

Var(S) =

where S represents the Mann-Kendall test value. The variables x; and x; refer to the NDVI
values of a specific pixel in year i and year j, respectively. The variable n stands for the
total number of years in the time series. The Sgn function is used to identify the sign of the
difference between two data values.

Under the standard normal distribution, the significance of the trend is assessed via
the Z statistic. When |Z|>Z;_,/,, the trend is considered statistically significant at the
confidence level a. Here, Z; _, s, represents the critical value corresponding to the desired
confidence level in the standard normal distribution table. For a significance level of
a = 0.05, the change trend is significant at the 95% and 99% confidence levels when |Z|
exceeds the critical values of 1.96 and 2.58, respectively.

On the basis of the combination of the p and Z values, the trends are classified into
different levels, as summarized in Table 2.

Table 2. Trend classification based on Theil-Sen Median trend analysis and Mann-Kendall Test.

B z Trend Category Trend Characteristics
Z>258 4 Extremely significant increase
B0 196 < Z <258 3 Significant increase
1.65< 7 <196 2 Slightly significant increase
Z <1.65 1 Nonsignificant significant increase
B=0 0 No change
Z <1.65 -1 Nonsignificant significant decrease
B <0 1.65<Z <196 -2 Slightly significant decrease
196 < Z <258 -3 Significant decrease
Z>2.58 —4 Extremely significant decrease
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3.3. Spatial Autocorrelation Analysis

Global and local spatial autocorrelation analyses are important methods for examining
the spatial distribution characteristics of the NDVI [32]. Global spatial autocorrelation is
typically assessed via Moran’s I index, which reflects the overall spatial dependence of
the NDVI across a study area. A significantly positive Moran’s I value indicates positive
spatial autocorrelation, suggesting the presence of clusters with high or low NDVI values.
Conversely, a significantly negative Moran’s I implies spatial negative autocorrelation,
reflecting a trend toward spatial heterogeneity in the NDVI distribution.

In contrast, local spatial autocorrelation is analyzed via local Moran’s I, which provides
a deeper insight into spatial heterogeneity [33]. This method identifies specific areas with
significant clustering, such as high-high (H-H) clusters (high NDVI values surrounded by
high values) and low—-low (L-L) clusters (low values surrounded by low values). Addi-
tionally, it can detect spatial outliers or anomalies, including high—low (H-L) regions (high
values surrounded by low values) and low-high (L-H) regions (low values surrounded by
high values), thereby revealing localized patterns of spatial discontinuity. The formula for
the local Moran’s I; statistic is expressed in Equation (7), as follows:

n(xi — X)

I; = 7 Wi (%) — %) (7)
]

iog (i — %)
where x; and x; represent the attribute values of spatial units 7 and j, respectively; X denotes
the mean of all attribute values; w;; is the spatial weight between units 7 and j; and 7 is the
total number of spatial units.

This index quantifies the strength of the association between each spatial unit and its

neighboring units, effectively distinguishing different patterns of spatial correlation.

3.4. Vegetation Recovery Rate

The vegetation recovery status of landslide areas is expressed via the vegetation
recovery rate (VRR), which is calculated via Equation (8), as follows:

NDVIy — NDVI,
NDVIy, — NDVI,

VRR = ®)
where NDVIj represents the post-earthquake NDVI, specifically the NDVI value for the
year 2008 in this study. NDVI; refers to the NDVI value for a selected year after the
earthquake, and NDV I, denotes the pre-earthquake NDVI, which was calculated as the
mean NDVI of the study area from 2000-2007.

According to previous research, the VRR values are classified into the following six
categories [34]: Type I (VRR < 0), Type II (0 < VRR < 25), Type III (25 < VRR < 50), Type IV
(50 < VRR < 75), Type V (75 < VRR < 100), and Type VI (VRR > 100).

3.5. Hurst Exponent

The Hurst exponent (H) quantifies the long-term dependence of a time series and can
reveal the persistence characteristics of NDVI variations. Its value ranges from 0 to 1. When
H = 0.5, the series exhibits random walk behavior. H > 0.5 indicates positive persistence,
suggesting that future trends are likely to follow the historical direction. In contrast,
H < 0.5 implies anti-persistence, meaning that the future trend is likely to reverse [35].

In this study, the persistence characteristics derived from the Hurst exponent were
integrated with Theil-Sen Median trend analysis to construct a two-parameter matrix
model. On the basis of this framework, future NDVI trends were classified into several
types, as shown in Table 3.
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Table 3. Classification of trend levels based on the Hurst exponent.

B H Trend Category Trend Characteristics
B>0 0.65<H<1 4 Strongly persistent improvement
0.5<H <0.65 3 Weakly persistent improvement
B<0 0<H <035 2 Anti-strongly persistent improvement
035<H <05 1 Anti-weakly persistent improvement
B=0 0 No change
B>0 035<H <05 -1 Anti-weakly persistent degradation
0<H<L0.35 -2 Anti-strongly persistent degradation
B <0 0.5<H <0.65 -3 Weakly persistent degradation
0.65<H<1 —4 Strongly persistent degradation

4. Results and Analysis
4.1. Spatiotemporal Evolution of the NDVI in the Chutou Gully Watershed

Through data collection and batch downloading of satellite imagery, the annual maxi-
mum NDVI values for the Chutou Gully watershed from 2000-2022 were derived via band
processing and maximum value composite methods. Selecting the annual maximum NDVI
helps to minimize the impact of cloud contamination, snow cover, or other atmospheric
effects that may cause artificially low NDVI values on certain dates, thereby enabling a
more accurate assessment of vegetation changes in the study area. Specifically, the 2008
maximum NDVI was extracted from imagery acquired after the “5.12” Wenchuan earth-
quake to better capture vegetation changes following seismic disturbances. The spatial
distributions of the annual NDVI values in the Chutou Gully watershed from 2000-2022
are shown in Figure 3.
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Figure 3. Annual spatial distribution of the NDVI in the Chutou Gully watershed from 2000-2022.
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4.1.1. Temporal Variation Characteristics of the NDVI in the Chutou Gully Watershed

The NDVI values in the Chutou Gully watershed exhibited phase-based fluctuation
patterns over the multiyear period. Prior to the earthquake, the average NDVI was 0.793,
with a maximum value of 0.804. However, coseismic landslides triggered by the 2008
Wenchuan earthquake caused a sharp decline in the NDVI to 0.575. In the early post-
earthquake stage, the vegetation gradually recovered, with the NDVI values continuously
increasing. A slight decrease occurred in 2014 due to a debris flow event, followed by
a rapid rebound until another decline in 2019, which was again associated with debris
flow activity. The area subsequently entered a slow recovery phase. The results suggest
that geological hazard events have a significant disturbance effect on the NDVI dynamics,
and that the vegetation restoration process after major disturbances follows a typical
“disturbance-recovery” alternation pattern.

A Slogisticl regression model was fitted to the NDVI data from 2008-2022, yielding a
high coefficient of determination (R? = 0.953). The model results indicate that the NDVI in
the Chutou Gully watershed has been in a general state of recovery since the earthquake,
with a recovery rate (3) of 0.119 per year. The NDVI is projected to return to the pre-
earthquake average level between 2030 and 2031 (Figure 4). In the long term, vegetation
recovered rapidly during the early post-seismic phase, followed by a prolonged period of
slow recovery.
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Figure 4. NDVI variation and trend prediction in the Chutou Gully watershed from 2000-2022 (error
bars represent the standard deviation of the NDVI values).

The mean NDVI serves as an indicator of the regional vegetation recovery trend, while
its standard deviation reflects the stability of the ecosystem [36]. A larger standard deviation
indicates greater instability in the ecological system. As illustrated in the figure, prior to
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the Wenchuan earthquake, the average standard deviation of the NDVI in the Chutou
Gully watershed was 0.0863. After the earthquake, it rose sharply to 0.274, highlighting a
significant increase in ecosystem instability due to seismic disturbance. In the following
years, as vegetation gradually re-established on slope surfaces, the mean NDVI increased,
and the standard deviation correspondingly declined, suggesting a partial improvement
in ecological stability. Nevertheless, the current standard deviation of the NDVI remains
above the pre-earthquake level, indicating that full vegetation recovery has not yet been
achieved. Some areas within the watershed still exhibit limited vegetation cover or sparse
growth, reflecting ongoing ecological fragility in localized zones.

4.1.2. Spatial Distribution and Variation Characteristics of the NDVI in the Chutou
Gully Watershed

To examine the spatial pattern of the NDVI in the Chutou Gully watershed, a pixel-
based analysis was conducted to generate a multiyear NDVI distribution map from
2000-2022. The NDVI values were categorized into the following five vegetation activity
levels: low (<0.32), moderately low (0.32-0.48), moderate (0.48-0.62), moderately high
(0.62-0.78), and high vegetation activity zone (>0.78). The spatial distributions of the
mean NDVI during the pre-earthquake period (2000-2007) and post-earthquake period
(2008-2022) are shown in Figure 5a,b. The pre-seismic average NDVI was 0.793, whereas
the post-seismic average declined to 0.657.

(a) é@, (b) @

NDVI
Bl <032 I <0.32
[ 0.32~0.48 [ 0.32~0.48
[ 10.48~0.62 [ 10.48~0.62
I 0.62~0.78 N 0.62~0.78

0.8

Figure 5. Spatial distribution of the average NDVIin the Chutou Gully watershed: (a) pre-earthquake
period; (b) post-earthquake period.

The vegetation activity zoning in the Chutou Gully watershed exhibited a three-
phase transition pattern in response to the Wenchuan earthquake (Figure 6). Prior to the
earthquake, the high vegetation activity zone dominated the landscape, accounting for
an average of 60%, with a peak of 66.2%, whereas the low and moderately low zones
were negligible. Immediately following the seismic event, coseismic landslides and other
disturbances triggered an abrupt shift in the vegetation activity structure, as follows: the
high zone sharply declined from 64.6% to 35.0%, whereas the low and moderately low
zones increased to 11.0% and 11.3%, respectively.
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Figure 6. Proportions of vegetation activity levels in the Chutou Gully watershed from 2000-2022.

During the recovery phase, the vegetation exhibited a fluctuating recovery trend.
Although the proportions of low and moderately low zones gradually decreased, the
trajectory was interrupted by secondary disasters such as debris flows, resulting in periodic
fluctuations. Moreover, the high-vegetation activity zone exhibited a slow upward trend,
with occasional stagnation or slight regression in certain years. These oscillatory dynamics
indicate that the post-seismic ecological restoration process in the Chutou Gully watershed
is nonlinear but maintains an overall positive recovery trajectory.

To better examine the long-term spatial variation in the NDVI, Theil-Sen Median
trend analysis and the Mann-Kendall test were applied to the annual NDVI data of the
Chutou Gully watershed for the following two distinct periods: 2000-2022 and 2008-2022
(Figure 7).
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Figure 7. NDVI change trends and types in the Chutou Gully watershed over two distinct periods:
(a) NDVI change trend from 2000 to 2022; (b) NDVI change types from 2000 to 2022; (c) NDVI change
trend from 2008 to 2022; (d) NDVI change types from 2008 to 2022.

According to the results of Theil-Sen Median trend analysis and the MK significance
test, the NDVI in the Chutou Gully watershed exhibited an overall declining trend from
2000-2022. Specifically, 80.73% of the area showed a decreasing trend, with 2.10% showing
an extremely significant decrease, 4.22% showing a significant decrease, 5.34% showing a
slightly significant decrease, and 69.07% showing a nonsignificant decrease (Table 4). These
results suggest that the region experienced substantial vegetation loss due to disturbances
from geological hazards such as earthquakes and debris flows. However, the large propor-
tion of nonsignificant decreases implies that, despite the disturbances, vegetation has been
gradually recovering over the 23-year period.
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Table 4. NDVI change trends in the Chutou Gully watershed during the two time periods.

Proportion%
Period E.xtr?r.nely Significant .Sllg.l}tly Nor.151g.rflﬁcant Nor.151g.n.1ﬁcant .Sllg}.\tly Significant E.xtn.eryely
Significant Significant Significant Significant Significant Significant
Decrease Increase
Decrease Decrease Decrease Increase Increase Increase
2000-2022 2.10 422 5.34 69.07 11.50 1.68 2.18 3.91
2008-2022 0.14 0.41 0.44 9.94 35.02 8.90 22.10 23.05

Further analysis of the 2008-2022 period reveals a reversal in the trend, with NDVI
generally increasing across the watershed. An increase was observed in 89.02% of the
area, including 23.05% with an extremely significant increase, 22.10% with a significant
increase, 8.90% with a slightly significant increase, and 35.02% with a nonsignificant
increase. This trend reflects the post-disaster vegetation recovery that has occurred since
the 2008 Wenchuan earthquake. Notably, the slopes on both sides of the transport zone
exhibited marked increases in NDVI, which aligns with observed patterns of vegetation
regeneration. In contrast, the river channels within the transport zone showed a decreasing
trend in NDVI, primarily due to sediment deposition from debris flows after 2008, which
resulted in a decline in vegetation cover and NDVI values in these zones.

4.2. Spatial Clustering Characteristics of the NDV1I in the Chutou Gully Watershed

To investigate the spatial clustering characteristics of the NDV], spatial autocorrelation
analysis was performed for the following two time periods: 2000-2007 (pre-earthquake) and
2008-2022 (post-earthquake). The global spatial autocorrelation results revealed that the
global Moran’s I values were 0.89 and 0.87, respectively, indicating a strong and significant
positive spatial correlation in both periods. The results of the local spatial autocorrelation
analysis are presented in Figure 8.
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Figure 8. Local spatial autocorrelation analysis of the changes in the NDVI in the Chutou Gully
watershed: (a) pre-earthquake period; (b) post-earthquake period.

A comparison of the NDVI clustering patterns between the two periods revealed sig-
nificant dynamics in the spatial distribution of vegetation in the Chutou Gully watershed.
During the pre-earthquake period (2000-2007), H-H clusters were concentrated along both
sides of the gully in the source and deposition zones, indicating stable vegetation growth
with minimal geological disturbance. The L-L clusters displayed a bimodal spatial distribu-
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tion. In the Niujuan Gully area, the NDVI remained consistently low because of permanent
snow cover in the high-altitude permafrost zone (elevation > 4000 m). In downstream
residential areas within the source zone, reduced vegetation cover was attributed mainly
to human disturbance.

Following the earthquake, a noticeable shift in clustering patterns was observed. H-H
clusters were relocated to high-altitude mountain areas within the source and transport
zones, where vegetation was largely unaffected by geological hazards and remained similar
to pre-seismic conditions. Moreover, L-L clusters expanded, and new hazard-sensitive
areas emerged, including the upper main gully, Datang Gully, Chutou Gully, and river
channels within the transport zone. In these regions, secondary debris flows deposit large
volumes of material, leading to a decline in the NDVI across the gully areas. The permafrost
zone in Niujuan Gully has continued to exhibit persistently low vegetation cover.

Overall, the spatial clustering pattern of the NDVI was dominated by H-H and L-L
clusters. Prior to the earthquake, the distribution was spatially differentiated, whereas
in the post-earthquake period, clustering exhibited a patchy mosaic structure, with some
areas forming large, contiguous zones of high or low vegetation activity [37].

4.3. Vegetation Recovery Rate in the Chutou Gully Watershed

Figure 9 shows the trend of the vegetation recovery rate (VRR) in the Chutou Gully
watershed following the earthquake disturbance. On the basis of recovery levels, VRR was
classified into six types (Type I-Type VI). In this classification, Type I and Type II represent
poor recovery, Type III and Type IV indicate moderate recovery, and Type V and Type
VI represent good recovery. Given the upward trend of the NDVI since 2010, this study
focuses primarily on vegetation recovery patterns from 2010-2022.
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Figure 9. Proportional distributions of different VRR types from 2010-2022.

Analysis of VRR data from 2010-2022 revealed significant spatiotemporal heterogene-
ity in vegetation recovery across the study area. In the early post-seismic stage (2010-2013),
the proportion of poorly recovered areas decreased markedly from 83.2% to 32%, indicating
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a general shift toward ecosystem recovery. Notably, in 2010, low-recovery zones were
mainly concentrated in high-altitude regions, which may have experienced less initial
earthquake damage (Figure 10a). However, the debris flow event in 2014 caused a rebound
in poorly recovered areas to 43.5%, highlighting the strong disruptive impact of secondary
disasters on the recovery process (Figure 10b,c).
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Figure 10. Spatial distribution of VRR-based vegetation recovery in the Chutou Gully watershed for
typical years: (a) 2010; (b) 2013; (c) 2014; (d) 2017; (e) 2019; (f) 2022.

Thereafter, the watershed entered a fluctuating recovery phase. From 2015-2018
(Figure 10d), vegetation recovery improved significantly, yet consecutive debris flows in
2019 and 2020 led to another decline in recovery levels, especially in the upper reaches of
Chutou Gully, where intense debris flow erosion likely damaged the vegetation structure,
as this area serves as a primary sediment source zone (Figure 10e). By 2022, the proportion
of well-recovered areas increased to 56.2%. Natural recovery was most evident on stable
terrain along both sides of the main river channel, whereas collapsing debris accumulation
zones and exposed bedrock areas remained in low-recovery states due to harsh site condi-
tions. These spatiotemporal patterns reflect the cumulative effects of geological hazards
and the heterogeneity in vegetation recovery capacity across different zones (Figure 10f).

4.4. Future Trends in Vegetation Change in the Chutou Gully Watershed

On the basis of the integrated analysis of the Theil-Sen Median trend analysis, the
Mann-Kendall test, and the Hurst exponent for the period of 2008-2022, the vegeta-
tion change in the Chutou Gully watershed exhibited the following characteristics: the
overall trend indicated persistent improvement, with strong persistence of improvement
(32.26%) and weak persistence of improvement (48.08%) predominantly distributed along
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both sides of the gully. This suggests that vegetation recovery in these areas has high
spatiotemporal stability.

Notably, degraded zones account for only a small proportion of the watershed, with
strong and weak persistence of degradation accounting for just 0.78% and 0.87%, respec-
tively (Table 5). In the source area, exposed collapse deposits with limited material mobility
act as major barriers to vegetation recovery. In the downstream sections of the trans-
port zone, the combined effects of debris flow deposition and road construction led to a
sustained decline in the NDVI values (Figure 11).

Table 5. Future change trends in the NDVI in the Chutou Gully watershed.

Change Type Trend Characteristics Proportion
Significant Strongly persistent improvement 32.26%
Slightly significant Weakly persistent improvement 48.08%
Anti-strongly persistent degradation 0.01%
Nonsignificant Anti-weakly persistent degradation 0.19%
Anti-weakly persistent improvement 16.80%
Anti-strongly persistent improvement 1.00%
Slightly significant Weakly persistent degradation 0.78%
Significant Strongly persistent degradation 0.87%
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Figure 11. (a) Hurst exponent and (b) predicted NDVI change trend in the Chutou Gully watershed.

Based on the temporal variation of NDVI and the results of the Hurst exponent analy-
sis, the NDVI in the Chutou Gully watershed is projected to exhibit an overall increasing
trend in the future. However, the steep gorge terrain and remoteness of the source area
pose significant challenges to debris management, while infrastructure development, such
as road construction in the downstream transport zone, is a key driver of anticipated
vegetation degradation. Overall, vegetation dynamics in the watershed are jointly driven
by geological conditions and human activities, underscoring the need for targeted and
differentiated ecological restoration strategies in degradation-sensitive areas.

5. Debris Flow Impact Extent and Its Influence on the NDVI
5.1. Spatiotemporal Extent of Debris Flow Impact

To assess the ecological impacts of four post-earthquake debris flow events in the
Chutou Gully watershed, this study employed a multitemporal remote sensing comparative
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analysis approach to systematically reveal the evolution mechanisms of surface ecological
disturbances caused by secondary debris flow hazards. On the basis of the temporal
sequence of debris flow occurrences, satellite images captured before and after each of
the four events were selected. Using visual interpretation and spatial overlay techniques,
the following three key elements were extracted: (1) the spatial distribution of pre-event
exposed collapse deposits; (2) the incremental distribution of newly formed collapse
deposits following debris flows; and (3) the spatial evolution of debris flow transport
zones.

On this basis, a set of dynamic impact maps was developed to illustrate the chang-
ing spatial extent of each debris flow event. Specifically, the pre-disaster image from
21 May 2013 was used to visually extract exposed slope failures as potential debris sources
(Figure 12a). The image from 9 August 2013 was then spatially overlaid to identify newly
exposed deposits and the impact zone of the 2013 debris flow (Figure 12b). The image from
23 October 2014 captured a subsequent stage close to the 2013 event; on the basis of previ-
ous interpretation results, newly affected areas and fresh debris deposits were extracted
through comparison (Figure 12c). Against the background of natural recovery, the image
from 22 May 2019 was used to delineate residual debris sources potentially triggering
the 2019 event (Figure 12d). This analytical method was extended to the 27 September
2019 and 7 October 2020 images, in which debris flow boundaries and new deposit zones
for 2019 and 2020 were determined via spatial overlay with prior interpretation results
(Figure 12e,f).
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Figure 12. Remote sensing interpretation of exposed collapse deposits and debris flow impact
extent on typical dates: (a) 21 May 2013; (b) 9 August 2013; (c) 23 October 2014; (d) 22 May 2019;
(e) 27 September 2019; (f) 7 October 2020.
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The 2013-2020 debris flow sequence analysis revealed that the study area experi-
enced dynamic contraction in the impact range. The initiation zones of debris flows were
widespread in Chutou Gully, Datang Gully, Xiao Gully, and the upper reaches of the main
gully in 2013. By 2014, activity was concentrated in the Chutou and Xiao gullies. In 2019,
debris flows reappeared in the Chutou, Datang, and upper main gully areas, but by 2020,
only a single tributary in Chutou Gully remained active, reflecting a clear trend of spatial
adjustment. The evolution of collapse deposits closely corresponded with vegetation recov-
ery. In 2013, owing to unstable vegetation cover and debris flow impacts, large areas of
exposed slope failures emerged along both sides of tributaries. By 2014, collapse activity
weakened, with only small deposits appearing near ridgelines. After 2019, as the vegetation
continued to regenerate, the slopes stabilized, and no new exposed deposits were detected
for two consecutive years.

These findings suggest a dual mechanism for the attenuation of debris flow activity. On
the one hand, river incision and successive post-seismic debris flows may have transported
and depleted the available loose sediment over time; on the other hand, vegetation recovery
effectively suppressed the formation of new collapse deposits and progressively limited the
extent of the debris flow. This provides compelling evidence for the long-term regulatory
role of ecological restoration in mitigating geological hazards [38,39].

5.2. Effects of Debris Flow Activity on the NDVI

On the basis of the selected imagery dates from the previous section, the NDVI
values were extracted and analyzed via multitemporal remote sensing data to generate
NDVI spatial distribution maps for the Chutou Gully watershed on representative dates
(Figure 13). On 21 May 2013, the NDVIwas 0.658. In August 2013, the first debris flow event
caused the expansion of channel deposits and destruction of vegetation cover, resulting
in a decrease to 0.651. In October 2014, a second debris flow introduced a small amount
of newly exposed bedrock, and the vegetation in the previously impacted areas had not
yet recovered. The cumulative disturbance led to a further decline in the NDVI to 0.645.
After five years of natural recovery, the NDVI significantly increased to 0.723 in May 2019.
The third debris flow, which occurred in September 2019, did not create new exposed areas
and caused only a slight decrease to 0.720. The October 2020 event, dominated by loose
material transport rather than fresh erosion, did not cause substantial vegetation loss, with
the NDVI slightly decreasing to 0.716.

The NDVI values for these selected dates were categorized into vegetation activity
levels following the classification method outlined previously. As shown in Figure 14,
the consecutive debris flows from 2013-2014 resulted in significant ecological changes. In
addition to newly exposed surfaces and increased channel sediment, the proportion of
zones with low and moderately low vegetation activity increased from 14.4% to 18.5%,
whereas the proportion of zones with high and moderately high vegetation activity de-
creased from 70.1% to 64.7%. Over the subsequent five-year natural recovery period, the
ecosystem demonstrated strong resilience, with low-activity zones declining steadily to
8.8%, and high-activity zones rising to 78.8%. However, disturbances from 2019-2020
interrupted this trend, with the proportion of low-activity zones rebounding to 11.0% and
that of high-activity zones slightly declining to 75.2%.
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Figure 13. Spatial distribution of the NDVI in the Chutou Gully watershed on typical dates.
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This evolution process highlights the destructive effects of debris flow disturbances
on vegetation activity, with impact intensity inversely correlated with post-disaster recov-
ery time. During the early post-disaster stage (2013-2014), weak ecological foundations
resulted in high sensitivity of vegetation, as follows: the proportion of low-activity zones
increased by 4.1%, whereas high-activity zones decreased by 5.4%, reflecting the vulner-
ability of newly regenerated vegetation. In contrast, from 2019-2020, after several years
of ecological recovery, the system exhibited enhanced stability through self-repair mecha-
nisms. Even under higher-intensity debris flow events, only minor changes were observed,
as follows: low-activity zones increased by 2.2%, and high-activity zones declined by 3.6%,
indicating a significant reduction in vegetation loss compared to that in the early phase.
This differentiated response suggests a progressive increase in ecosystem resistance over
time, where vegetation communities build stronger disaster resilience mechanisms through
structural reorganization and functional optimization [40,41].

6. Discussion

This study systematically revealed the post-seismic vegetation recovery dynamics and
future trends in the Chutou Gully watershed of the Wenchuan earthquake zone, where
cascading geological hazards, such as debris flows, exert persistent ecological pressure.
By integrating multi-scale remote sensing and spatial analysis techniques, the findings
enrich the theoretical framework of post-earthquake ecosystem succession and provide
insight into vegetation resilience under complex disturbance regimes. These insights are
also essential for informing sustainable ecological planning and land management in
mountainous hazard-prone regions.

The results show that the annual NDVI recovery rate in the study area is 0.119, which
is notably lower than the recovery rates observed in areas undergoing natural succession
without recurrent secondary hazards [42]. This suggests that frequent disturbances, such as
debris flows, significantly inhibit the self-recovery of ecosystems [43]. Compared to findings
from more geomorphologically stable Wenchuan-affected regions—such as those reported
by Lv et al. [44]—the lower recovery rate observed here underscores the cumulative sup-
pressive effect of repeated debris flow events. This highlights the importance of considering
not only the initial seismic impact, but also the prolonged influence of secondary hazards
when evaluating recovery potential. Such long-term limitations must be addressed to
support the sustainability of vegetation restoration in earthquake-impacted environments.

Further analysis revealed that high-frequency hazard events caused temporary de-
clines in NDVI, while extended intervals between events allowed for increased ecosystem
resistance, resulting in a cyclical “disturbance-recovery” pattern. This observation is con-
sistent with established theories of ecosystem resilience [10]. Spatially, low-NDVI clusters
shifted progressively toward debris flow channels, indicating degradation of site conditions
due to sediment deposition. In contrast, slope areas—benefiting from relative geomorphic
stability—showed better recovery outcomes. These patterns confirm previous insights
regarding the role of terrain in controlling post-disturbance vegetation heterogeneity [45].
Understanding these spatial dynamics is fundamental for designing sustainability-oriented
restoration strategies adapted to varied topographic conditions.

In terms of methodology, this study constructed a dual-parameter NDVI trend identi-
fication and prediction model by combining Theil-Sen trend estimation, Mann-Kendall
significance testing, and Hurst exponent analysis. This approach improved the accuracy
of long-term trend classification. The Hurst exponent results show that 80.34% of the
watershed exhibited a persistent improvement trend, with these areas mainly located
along stable slopes. While the direct field validation data were limited, the consistency of
these trends with observed protective engineering zones and slope-based recovery areas—
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as also found in studies such as that by Sun et al. [46]—provides indirect validation of
model reliability. Moreover, the model’s capacity to capture the spatial heterogeneity of
resilience is supported by its alignment with geomorphological gradients and historical
debris flow pathways.

However, model performance was less accurate in some degradation-prone areas.
This contrasts with findings from flatter terrains where prediction accuracy tends to be
higher, such as in the work by Jiao et al. [47]. One likely reason is the complex microto-
pography of the Chutou Gully watershed, which alters sediment transport patterns and
introduces small-scale variability that is not fully captured by the current dataset resolution.
Additionally, unquantified anthropogenic activities—such as informal road expansion
and construction—may have affected local vegetation dynamics. These discrepancies
point to the need for incorporating high-resolution terrain indices and human disturbance
indicators in future modeling efforts to better explain localized degradation processes.

From a practical perspective, the destructive influence of debris flows on vegetation
appears to diminish over time, indicating that the first five years post-disaster constitute a
critical intervention window. During this period, artificial restoration measures—such as
seeding and improvement of soil conditions—can effectively accelerate early-stage vege-
tation recovery [48]. In the long term, the following distinct spatial trends have emerged:
areas with strongly persistent improvement (32.26%) exhibit high natural recovery poten-
tial and may be preserved through passive restoration strategies, while weakly persistent
degradation zones (0.87%) remain highly sensitive to sediment disturbance and require ac-
tive ecological engineering measures, such as slope stabilization and erosion control. These
findings underscore the importance of tailoring restoration strategies to local vegetation
dynamics and disturbance sensitivity within debris flow-affected landscapes.

Despite these contributions, this study has several limitations. First, the 30-m reso-
lution of the NDVI dataset may be insufficient in areas with complex microtopography,
potentially leading to pixel mixing and reduced accuracy in characterizing fine-scale vege-
tation patterns. Incorporating higher-resolution remote sensing data (e.g., UAV or LIDAR
imagery) in future research would help overcome this limitation. Second, NDVI alone
cannot fully represent changes in vegetation type or community structure. Integrating
field investigation data and species-specific remote sensing indicators could enhance eco-
logical interpretation. Finally, while the Hurst exponent effectively characterizes trend
persistence, it does not reveal underlying drivers. Future studies should consider multi-
factor coupling analyses involving terrain, climate, and human activity to deepen under-
standing of the mechanisms behind vegetation dynamics. Furthermore, model reliability
could be improved through validation with long-term field monitoring or high-resolution
imagery comparison.

7. Conclusions

Understanding the long-term ecological impact of the Wenchuan earthquake and its
associated cascading geological hazards is essential for evaluating vegetation resilience
and informing ecological restoration in seismically active mountainous regions. Based on
long-term NDVI time series data (2000-2022) and multi-scale spatial analysis methods,
this study systematically examined the vegetation recovery dynamics and future trends
in the Chutou Gully watershed. The results revealed that the average NDVI dropped
sharply from 0.793 to 0.575 after the earthquake, followed by a gradual recovery at an
average annual rate of 0.119. Projections indicate a return to pre-earthquake levels by
approximately 2030. This recovery generally follows an alternating “disturbance-recovery”
cycle influenced by repeated debris flow events.
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Spatially, post-earthquake vegetation degradation was most prominent in gully chan-
nels affected by debris flow deposition, while slopes on both sides showed significant
recovery due to relative geomorphological stability. From 2010 to 2022, the area classified
as poorly recovered declined from 83.2% to 5.8%, while well-recovered areas increased
to 56.2%, indicating an improved disaster resistance threshold over time. According to
Hurst exponent analysis, 80.34% of the study area shows signs of sustained vegetation
improvement, with 32.26% exhibiting strong persistence. However, degradation hotspots
persist in collapse accumulation zones and areas affected by human disturbances, where
targeted restoration strategies are needed. Importantly, vegetation regrowth not only en-
hanced ecological stability, but also contributed to the long-term suppression of debris flow
reactivation by stabilizing loose sediment sources.

This study contributes to the understanding of post-seismic vegetation resilience
and offers a practical methodology for trend analysis in other earthquake-impacted wa-
tersheds. However, several limitations should be noted. The 30-m NDVI resolution
may be inadequate for capturing fine-scale vegetation changes in rugged terrain. Future
work should incorporate high-resolution data and field-based vegetation indicators to
better assess structural recovery. Furthermore, while the Hurst exponent identifies per-
sistence, it does not explain underlying drivers. Future studies should adopt multi-factor
frameworks—integrating terrain, climate, and anthropogenic influences—to deepen our
understanding of vegetation dynamics and support resilient and sustainable ecological
management in seismically active regions.
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Abstract: The evaluation and prediction of ecological environmental quality are essen-
tial for sustainable development and environmental management, particularly in regions
experiencing rapid urbanization and industrial growth like Johor in southern Peninsular
Malaysia. This study evaluates the temporal and spatial changes in ecological environ-
mental quality in Johor from 1990 to 2020 using the Remote Sensing Environmental Index
(RSEI) and Cellular Automata-Markov (CA-Markov). A CA-Markov model was employed
to predict ecological environmental quality for the next 12 months based on historical data.
The results reveal significant changes over the 30 years, highlighting the dynamic nature of
ecological conditions. The prediction results indicate that areas with excellent ecological
quality are primarily focused in the central and northern regions, while the southern and
eastern edges show mixed ecological conditions. The western region, characterized by
intensive land use, shows significant environmental degradation. The poorest ecological
points are mainly distributed in urban and semiurban areas with frequent human activities,
such as cities, ports, and villages. These findings highlight the need for targeted environ-
mental policies and management strategies to mitigate ecological degradation and promote
sustainable development in Johor State of Peninsular Malaysia.

Keywords: ecological environmental quality; Remote Sensing Environmental Index (RSEI);
Cellular Automata-Markov (CA-Markov); prediction; sustainable development

1. Introduction

The evaluation of ecological environmental quality plays a crucial role in supporting
ecosystem restoration and sustainable development. As ecosystems face increasing pres-
sures from human activities, climate change, and land use intensification, it has become
essential to conduct scientific and systematic monitoring and assessment of ecological
conditions. Such evaluations provide critical insights into the current state and dynamic
changes of ecosystems, serving as a foundation for ecological protection and restoration
efforts. By identifying areas of environmental degradation and predicting future trends,
ecological environmental quality assessments offer valuable scientific evidence for policy-
makers, enabling informed decision-making and effective management practices.

Johor is a state located in southern Peninsular Malaysia and is a region experiencing
rapid economic growth, urbanization, and industrialization. This development, while
contributing to economic prosperity, has placed significant pressure on the region’s ecolog-
ical environment, leading to habitat loss, deforestation, and environmental degradation.
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As a key area with diverse ecosystems, including forests, wetlands, and coastal zones,
Johor’s ecological health is vital for maintaining regional biodiversity, supporting local
livelihoods, and ensuring sustainable development. The evaluation of ecological environ-
mental quality in Johor is particularly important for understanding the spatial and temporal
impacts of human activities and natural processes on its ecosystems. Such evaluations
can help identify critical areas requiring immediate restoration and conservation efforts
while providing a scientific basis for managing urban expansion, industrial activities, and
resource exploitation.

While ecological environmental quality evaluation is critical for Johor, existing meth-
ods often face several limitations that hinder their effectiveness. Traditional evaluation
approaches tend to rely on fragmented field surveys and localized data, which can be
time-consuming, costly, and insufficient for capturing large-scale spatial and temporal
changes. Additionally, these methods often cannot integrate multiple environmental indica-
tors, leading to incomplete or inaccurate assessments of ecological conditions. In Johor, the
rapid pace of urbanization and industrialization exacerbates these challenges, as conven-
tional methods struggle to keep up with the dynamic changes in land use and ecosystem
health. Furthermore, predictive analysis is rarely incorporated into existing evaluations,
limiting the ability to foresee future environmental trends and plan proactive conservation
strategies. To address these issues, there is a need for advanced, integrated approaches
that utilize remote sensing technology and predictive models to provide comprehensive,
efficient, and reliable assessments of ecological environmental quality in Johor.

In previous studies, remote sensing technology has played a significant role in the
evaluation of ecological environmental quality, providing an effective means for regional
ecological monitoring and dynamic analysis. For instance, vegetation index models, such
as the Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index
(EVI), have been widely used to monitor changes in vegetation coverage, assess forest
health, and estimate agricultural yields [1-3]. Land cover and land use change detection
techniques leverage multi-temporal remote sensing data to analyze dynamic changes such
as urban expansion and deforestation [4]. Ecosystem productivity assessment methods
combine remote sensing data with photosynthesis models to study carbon cycles and
the impacts of climate change on ecosystems [5,6]. In water quality assessments, remote
sensing technology extracts parameters such as water transparency and chlorophyll content
through spectral analysis to monitor water quality conditions [7]. High-resolution remote
sensing imagery, integrated with ground survey data, has also been utilized for biodiversity
evaluation and wetland monitoring, supporting ecological restoration planning through
the construction of habitat distribution models [8-10].

The Remote Sensing Ecological Index (RSEI) is a comprehensive ecological evaluation
method that integrates four key ecological factors, such as greenness, humidity, dryness,
and heat. By employing principal component analysis (PCA) to construct a composite
index, RSEI effectively eliminates the subjectivity associated with weight assignment in
traditional methods [11-15]. In recent years, researchers have optimized RSEI to suit
the characteristics of different regions, leading to the development of variants such as
the Multi-Indicator Remote Sensing Ecological Index (MSRE) and the Integrated Remote
Sensing Ecological Index (IRSEI), which are tailored to the specific features of various
ecosystems [16-19]. RSEI has been widely applied in ecological quality assessments across
urbanized areas, wetland conservation regions, and desertification-prone zones [20-24].

In order to enhance the predictive capabilities of ecological environment assess-
ments [25-30], the CA-Markov model has been widely used to simulate land use changes
and their impacts on ecological environments [18,26,31-35]. By combining the strengths
of Cellular Automata (CA) and Markov Chain, this model efficiently simulates dynamic
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ecosystem changes across temporal and spatial scales [36—41]. For instance, Li et al. uti-
lized the CA-Markov model to analyze future ecological quality changes in urban clusters
in central Yunnan [36]; Yang et al. compared the impacts of urbanization on ecological
environments across different regions in China [38]; and Wang et al. simulated land use
changes in the Heihe River Basin to evaluate ecological quality variations under different
scenarios [41].

Despite significant progress in the application of remote sensing technology and dy-
namic models in ecological environment assessments, existing research still has several
limitations. First, traditional methods often rely on scattered field surveys or single indica-
tors, making it difficult to comprehensively reflect the complexity and dynamic changes of
ecosystems. Second, the predictive capabilities of current studies are limited, and they can-
not provide strong support for the development of forward-looking conservation strategies.
Moreover, in Johor, a region with a complex and diverse ecological environment, existing
assessment methods lack the ability to effectively integrate multi-scale analyses and adapt
models to the region’s specific characteristics.

This study focuses on Johor State, Peninsular Malaysia, a rapidly developing region,
to evaluate and predict its ecological environmental quality using the Remote Sensing
Environmental Index (RSEI) and CA-Markov model. This study aims to support targeted
ecological restoration strategies, ensuring balanced development and environmental sus-
tainability. This study utilizes the Google Earth Engine (GEE) cloud platform to process
multi-temporal remote sensing data, using Landsat 5 satellite images recorded from 1990
to 2013 and Landsat 8 satellite images recorded from 2013 to 2023. The RSEI values for
34 years are calculated to comprehensively analyze the dynamic changes in the ecological
quality of Johor. By integrating remote sensing technology and predictive models, this
study reveals the spatial distribution, temporal trends, and potential driving factors of
Johor’s ecological environment.

The contributions of this study are as follows:

(i) A comprehensive method for assessing and predicting ecological environment quality
is proposed, which integrates the RSEI with the CA-Markov model. By leveraging
the spatial characteristics of remote sensing data and the dynamic spatiotemporal
simulation capabilities of the CA-Markov model, this approach achieved integrated
ecological environment analysis in the Johor region, addressing the research gap in
large-scale, long-term time series prediction of ecological environment dynamics.

(i) Quantitative spatial distribution and temporal trend analysis reveal long-term ecolog-
ical change patterns and the relationship between regional differences in ecological
quality and spatial aggregation characteristics, providing a theoretical foundation for
formulating ecological conservation and restoration strategies.

(iii) Spatial autocorrelation analysis is introduced to identify spatiotemporal distribution
patterns of priority ecological conservation zones, vulnerable areas, and transitional
regions through autocorrelation analysis of ecological quality data across different
periods. This significantly enhances the understanding of spatial heterogeneity in
regional ecological environments.

(iv) Based on spatiotemporal analysis results, this study proposed targeted ecological pro-
tection and management strategies for rapidly urbanizing and industrializing zones
in Johor, along with concrete recommendations for balancing economic development
and ecological conservation. The policy implications offer valuable references for
ecological environment management in similar regions.
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2. Materials and Methods

2.1. Materials
2.1.1. Study Area

Johor is located at the southernmost tip of Peninsular Malaysia, with geographical
coordinates ranging from 1°20’ N to 2°35’ N latitude and 103°20’ E to 104°20’ E longitude,
as shown in Figure 1. The region has a typical tropical rainforest climate, with annual
rainfall ranging between 2000 mm and 3000 mm, concentrated mainly during the northeast
monsoon period from November to March. The temperature remains relatively high
throughout the year, with an average range between 25 °C and 30 °C. The hottest months
are May and June, when temperatures can exceed 30 °C, while December and January are
relatively cooler, with temperatures ranging from 24 °C to 26 °C. Johor is home to diverse
wetland ecosystems, including coastal wetlands, inland wetlands, swamps, and estuarine
areas. These wetland ecosystems play a crucial role in maintaining biodiversity, providing
wildlife habitats, regulating the water cycle, and controlling flooding. The eastern and
southern coastlines of Johor, particularly around Johor National Park and Pulau Kukup
National Park, are characterized by extensive mangrove forests. These mangroves are
vital in preventing coastal erosion, protecting coastal ecosystems, and supporting fisheries
production. In aquaculture, Johor’s activities are mainly concentrated in the coastal and
estuarine areas, particularly around Batu Pahat and Mersing. The main aquaculture species
in these areas include tilapia, prawns, and various shellfish. Wetlands and mangrove forests
provide essential ecological conditions for aquaculture while playing an irreplaceable role
in maintaining ecological balance and protecting biodiversity.
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Figure 1. Study area Johor, Malaysia.

2.1.2. Data Sources

The remote sensing data collected for this study were collected from cloud-free im-
ages captured by the Landsat 5 and Landsat 8 satellites, as shown in Table 1. Landsat
data were primarily used to calculate Normalized Difference Vegetation Index (NDVI),
Wetness Index (WET), Normalized Difference Built-up Space Index (NDBSI), and Land
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Surface Temperature (LST), Principal Component Analysis (PCA), and Remote Sensing
Environmental Index (RSEI), providing the foundation for analyzing trends in ecological
landscape patterns, conducting spatial autocorrelation analysis, and preparing predictive
models. MODIS data were used as a substitute when the ST_10 band for a specific year
was damaged and unable to compute LST, and the data fusion method is given in Equa-
tion (4) listed in Table 1. The JRC/GSW1_3 Yearly Water Classification History dataset was
employed to perform water masking.

Table 1. Data sources used in this study.

Data Time ee.ImageCollection Resolution (m)
Landsat 5 1990-2012 (“LANDSAT/LT05/C02/T1_L2") 30
Landsat 8 2013-2023 ("LANDSAT/LC08/C02/T2_L2") 30

MODIS ("MODIS/061/MOD11A1”) LST_1000
Water(mask) JRC/GSW1_3/Yearly History 30
2.2. Methods

2.2.1. Remote Sensing Ecological Index (RSEI)

The Remote Sensing Ecological Index (RSEI) is a comprehensive indicator designed to
effectively assess regional ecological environmental quality, providing a holistic reflection of
ecosystem health. The calculation of RSEI integrates multiple ecological factors, including
the Normalized Difference Vegetation Index (NDVI), Wetness Index (WET), Normalized
Difference Built-up Space Index (NDBSI), and Land Surface Temperature (LST), as outlined
in Table 2. The RSEI methodology is particularly well-suited for evaluating Johor’s eco-
logical environment. Its inclusion of the Wetness Index enables precise characterization
of the dynamic changes in Johor’s wetland and mangrove ecosystems, while the Land
Surface Temperature and Built-up Space Index provide critical support for quantifying
the impacts of urbanization. Through Principal Component Analysis (PCA), the primary
information (PC1) from these four indicators is extracted, enabling a dimensional reduction
and comprehensive analysis of ecological environmental quality. Standardization and
normalization of the data further allow the classification of RSEI into five levels (from
Poor to Excellent), laying the groundwork for spatiotemporal change analysis and spatial
clustering studies.

Johor, with its diverse ecosystems, relies heavily on the ecological services provided
by its wetlands, mangroves, and coastal areas for regional biodiversity conservation and
environmental management. Based on Johor’s ecological characteristics, this study utilizes
remote sensing imagery from 1990 to 2023 to calculate RSEI values for different years, iden-
tifying the spatial distribution patterns and temporal trends in ecological environmental
quality. By conducting spatial autocorrelation analysis of RSEI levels, this study uncovers
the spatial clustering patterns and dynamic changes in ecological quality. Additionally, the
CA-Markov model is applied to predict future ecological quality, simulating the potential
impacts of urbanization and land-use changes on the ecosystem. The RSEI assessment
framework designed in this study aims to provide a scientific basis for ecological conser-
vation and land-use optimization in Johor, while also offering a theoretical model and
practical approach for ecological monitoring and management in similar regions.
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Table 2. The calculation methods for RSEI.

Index Sources No.
5 B Xu et al., 2013 [11];
NDVI = {{NIR=Prb) Crist, 1985 [42]; (1)
NIR ~PRED Chen et al., 2022 [43].
L5_Wet = 0.0315 % B1 + 0.2021 * B2 + 0.3012 *« B3
+0.1594 * B4 — 0.6806 * B5 — 0.6109 * B7 Xu et al., 2013 [11];
Crist, 1985 [42]; (2)
L8 _Wet =0.1509 * B2 + 0.1973 * B3 + 0.3279 * B4 Baig et al., 2014 [44]
+0.3406 * B5 — 0.7122 = B6 — 0.4572 * B7
Bswirr  __ BNR BGREEN
IB] = —Pswiri*BNIR  BNIR+BRED ~ BGREEN*Bswiri
Bswir1 BNIR BGREEN
Bswirl +BNIR ' BNIRTBRED ' BGREEN TBswiR1 Xu etal., 2013 [11];
g[ — (Bswiri+Brep) — (Bir+Bpruk) . Huetal, 2018 [45]; ®)
(Bswir1 +Brep) + (BNIR+BBLUE) Jiménez-Murioz et al., 2014 [46]
NDBSI = [ELt51
L) = Gain * DN + bias
Tpr = —p2—
BT in(1+1)
o NVDI—NDVIW'HZ Xu et al., 2013 [11],
pv = NDVnax Hu et al., 2018 [45];
¢ =0.004 x pv + 0.986
T 4)
LST = BI
14+ ( ATpr/p) * In(e)
p=1438 %1072 DN A gain bias K1 K2
Landsat5 Bswir1=B6 11.450 pm 0.0552 1.2378 607.76 1260.56
Landsat8 Bswir1=B10 10.895 um - - 774.89 1321.08
RESIy =1 — 81« NDVI + 52 « WET + B3 +* NDBSI + 4 * LST 5)
31, B2, 33, and 4 are the main components of PCA
RSEIly—RESI)_min
RSEL = RS, o RESTy 6)

2.2.2. Spatial Auto-Correlation Analysis

The diversity and regional characteristics of Johor’s ecological environment highlight
the importance of local spatial autocorrelation analysis. By integrating local Moran’s
I, Z-values, and p-values, it is possible to accurately identify ecological priority zones,
vulnerable areas, and transitional zones within Johor’s complex ecological landscape.

Spatial autocorrelation methods, particularly through global indicators such as
Moran’s I, are highly effective in evaluating the spatial relationships of ecological quality
across different regions in Johor. These methods provide insights into whether the spatial
distribution of ecological quality is uniform [47,48]. Johor’s ecosystems, including wet-
lands, mangroves, and coastal zones, often exhibit significant ecological gradients when
juxtaposed with adjacent urban and industrial areas. Using Moran’s I, as expressed in
Equation (7), the spatial clustering effect of these ecological differences can be quantified,
along with the strength of the spatial relationships between high-quality and low-quality
ecological areas [49]. A Moran’s I value approaching +1 indicates that high-quality ecologi-
cal areas are spatially clustered, potentially forming critical ecological conservation zones
or corridors. Conversely, a value nearing —1 may reflect pronounced ecological quality
differentiation, such as the negative impact of industrial activities on surrounding wetland
ecosystems.

The analyses for the Johor area are instrumental in identifying high-priority areas
for ecological conservation as well as ecological vulnerability zones or areas requiring

70



Sustainability 2025, 17, 3640

restoration efforts. The application of spatial autocorrelation methods thus deepens the
understanding of the spatial dependencies of ecological quality in Johor, providing a robust
foundation for designing targeted ecological protection and management policies [47-49].

n Z?:1 Zn 1 wij(xi - Y)(Xj - f)

I =
Yity Y1 wij Yy (x —X)?

@)

where n represents the number of observations; x; and x; are the attribute values of spatial
units i and j, respectively; X is the mean of all attribute values across spatial units; and wj; is
the weight between units i and j in the spatial weight matrix.

The index of local indicators of spatial association (LISA) is shown in Equation (8),
which calculates the relationship between each grid cell and the ecological environment
quality of its neighboring areas, providing a more detailed perspective on the spatial hetero-
geneity of ecological quality within Johor [50]. For instance, wetland and mangrove areas
may exhibit H-H clustering types (high—high), indicating regions of ecological importance
and good conditions for conservation. Conversely, areas undergoing rapid urbanization,
such as Johor Bahru and its surroundings, may form L-L clustering types (low-low), reflect-
ing the negative impacts of urbanization on the ecological environment. Additionally, L-H
or H-L types can identify ecological boundaries or transition zones, such as the potential
threats posed by urban expansion to wetland ecosystems.

LISA = 8
:ﬂl(xl—xzmzwv %) ®

LISA cluster maps categorize local spatial autocorrelation of different regions in Johor
into the following five types: high-high (H-H), low-low (L-L), low-high (L-H), high-low
(H-L), and not significant. These classifications describe the relative ecological quality of a
specific area compared to its neighboring areas. H-H indicates that both the selected area
and its neighboring regions exhibit high ecological quality; L-L signifies low ecological
quality for both; L-H implies that the selected area has low ecological quality while its
neighbors are relatively better; and H-L represents the opposite, where the selected area
has high ecological quality, but the surrounding areas are relatively poorer [51].

A positive LISA index value (typically indicating positive autocorrelation) corresponds
to high—high or low—low cluster regions, whereas a negative LISA index value (typically
indicating negative autocorrelation) corresponds to high-low or low-high neighbors. For
instance, aquaculture areas in Batu Pahat and Mersing may fall under the L-H category,
suggesting low ecological quality in these regions but relatively better conditions in adja-
cent wetlands or mangroves. Such classifications assist policymakers in identifying key
areas where low ecological quality significantly impacts neighboring regions, enabling the
prioritization of ecological restoration measures.

In analyzing the ecological quality of Johor, the Z-value can be calculated using
Equation (9), while the p-value can be computed using Equation (10). When the Z-value
exceeds 1.96, it indicates the presence of spatial autocorrelation in certain regions of Johor,
such as H-H clustering patterns in coastal mangroves or wetland conservation areas.
Conversely, urbanized areas may exhibit L-L clustering. If the p-value falls below typical
significance levels, such as 0.05 or 5%, the observed pattern is considered significant,
confirming the existence of spatial autocorrelation.

I—E(I)

2 = VAR(])

)

where E(I) represents the mathematical expectation and VAR(I) denotes the variance.
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The p-value is calculated based on the Z score, assuming that the Z score follows a
standard normal distribution, as follows:

p=2x®(-[Z]) (10)

where @ is the cumulative distribution function (CDF) of the standard normal distribution.
For a one-sided test, when the p-value is less than 0.01, it indicates that the Moran’s I index
has strong statistical significance.

2.2.3. Cellular Automata-Markov (CA-Markov)

The CA-Markov model is an integrated model combining Cellular Automata (CA)
and Markov Chain methodologies. It is widely used to simulate and predict the spatiotem-
poral evolution of spatial data, particularly in land use change studies within the field
of Geographic Information Systems (GIS) [52]. By integrating the state transition proba-
bilities of Markov Chains with the spatial neighborhood rules of CA, the model enables
accurate prediction and simulation of dynamic change processes in both temporal and
spatial dimensions [53,54].

CA is a discrete model consisting of a regular grid and simple rules, where each grid
cell (referred to as a cell) updates its state at each time step based on predetermined rules
and the states of its neighboring cells. This spatial dependency allows CA to reflect the
spatial relationships and neighborhood effects in geographic regions. The Markov Chain,
however, is a statistical model that describes the probabilities of transitioning from one
state to another depending only on its current state without any memory of the previous
states. The CA-Markov model combines these two features, utilizing the Markov Chain to
predict the transition probabilities for each cell’s state while using the CA rules to simulate
the spatial change process.

In this study, the ecological quality levels derived from RSEI are used as the cell states
for the CA-Markov model. The RSEI is categorized into the following five levels with
corresponding labels: Poor (1), Fair (2), Moderate (3), Good (4), and Excellent (5). The
model leverages the state changes among these levels to build a Transition Probability
Matrix (TPM), which is used to predict future trends in ecological quality.

The first step involves classifying the RSEI results for Johor from 1990 to 2020 into five
levels (Poor to Excellent) and assigning a cell state to each year based on these categories.
At each time step, the total number of transitions between different states is counted—for
example, transitions from Poor to Poor (1—1), Poor to Fair (1—2), and so on. The transition
probability for a particular state can be calculated as follows:

pll pl2 pl13 pld pl5
p21 p22 p23 p24 p25
P= |p31 p32 p33 p34 p35
pdl pd2 p43 pdd pd5 (11)
pbl p52 p53 pb54 p55
pieo, 1), fl Pi=1ij=1,23....n
i=

PRE_RESIy4 = RSElygp38P (12)

where P is a probability matrix for the entire map, and the prediction probability p in the
Markov model represents the probability P/ for each pixel.
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As shown in Equation (11), the prediction of the ecological index for the next year can
be given by the ecological index of the current year multiplied by P, as follows:

PRE_RESIypo5 = RSEly074 Prew (13)

limy, 07T = 7T P1990_2020 (14)

where Pnew is an updated probability matrix P, RSEI2024 is the RSEI in the year 2024,
PRE_RSEI2025 is the predicted RSEI in the year 2025, and P1990-2025 is the transfer
probability matrix obtained from the years 1990~2020. The probability matrix P is calculated
using the fixed ecological indices from 1990 to 2023 by statistically analyzing the transition
probabilities of each pixel. After predicting the ecological data for 2024 using Equation (12),
the transition probabilities from 1990 to 2024 are recalculated to obtain a new probability
matrix Ppew, which is then used to predict the ecological index for 2025, as shown in
Equation (13).

Markov predictions cannot be extended indefinitely, as they are subject to a limit in
predictive capability. It is necessary to obtain new data for the study area to continue
making accurate forecasts, and therefore the actual data from 1990 to 2024 must be obtained
to ensure the accuracy and reliability of the predictions. Consequently, the CA-Markov
model effectively simulates the spatiotemporal changes in ecological quality in Johor from
1990 to 2020 and predicts future ecological states, providing scientific decision support
for ecological conservation and land use planning in the region [52-54]. The CA-Markov
model plays a significant role in the evaluation of Johor’s ecological quality, particularly
in dynamic land-use change simulation, future ecological quality prediction, and multi-
scenario analysis for decision-making support.

The CA-Markov model precisely captures the spatiotemporal dynamics of land-use
changes in Johor, simulating the transformation processes between different land-use types
such as urban land, agricultural land, forests, and wetlands. This capability helps to reveal
the impacts of land-use changes on ecological quality. By analyzing historical data and
current patterns, the CA-Markov model can predict future land-use change trends in Johor,
providing a scientific basis for regional ecological planning and policymaking. For example,
the model can predict the impact of urban expansion on critical ecosystems like wetlands
and forests, supporting the delineation of priority conservation areas.

Moreover, the CA-Markov model enables simulations under various development
scenarios, such as economically driven, ecologically prioritized, or integrated development
approaches. This allows the assessment of the potential impacts of land-use decisions
on ecological quality, providing valuable insights for optimizing land-use strategies and
balancing development with environmental sustainability.

2.2.4. Rolling Forecast Validation

Rolling forecast validation is a commonly used method for evaluating time series
forecasting models, primarily aimed at assessing the model’s performance and stability
through a gradual expansion of the training dataset. The core concept of this method is to
use all available data from the starting point to the current time point for model training at
each prediction step, followed by forecasting the data for the next time point. The actual
values are then compared with the predicted values to evaluate the model’s forecasting
accuracy [55,56].

In this study, the model is first trained using data from 1990 to 2018 to predict the
ecological quality values for 2019. The training data is then extended to include data from
1990 to 2019 to predict the values for 2020, and so on until the data from 1990 to 2020 is
used to predict the values for 2023. The predicted values are compared with the actual
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values to calculate the mean squared error (MSE) and the coefficient of determination (R?)
for each year, evaluating the model’s stability and accuracy during the rolling forecast
process [55,56] such that

1& NG
MSE = ) (yi — i) (15)
i=1
2 _ Z?:] (yi—yi)
R®=1 Y (vi—9)? (16)
i,7=1,23...... ,n

where ﬁ, is the predicted value, ¥/ is the average value, and y; is the true value. A smaller
MSE value and an R? value closer to one indicate a higher precision.

The advantage of this validation method lies in its ability to dynamically reflect the
model’s forecasting performance over an expanding time series. Specifically, in forecasting
the ecological quality of Johor, rolling forecast validation not only effectively tests the
stability of the CA-Markov model but also identifies potential biases in different periods.
This provides a basis for model optimization and parameter adjustments, ensuring more
accurate and reliable predictions.

3. Results and Analysis
3.1. Factor Attributes

After calculating the NDVI, WET, NDBSI, and LST data for the period from 1990 to
2023 using Equations (1)—(4), this study conducted Principal Component Analysis (PCA) on
the results for four different time spots, such as 1990, 2000, 2010, and 2020. The PCA analysis
decomposed the covariance matrix of the standardized ecological indicators to extract the
principal components that explain the variance in the data. Principal components (e.g., PC1,
PC2, etc.) were selected based on their eigenvalues, and their loadings and contribution
rates across the indicators were calculated. Table 3 shows the calculation results with the
contribution rates of the principal components and the variable loadings for each time spot.

As shown in Table 3, for the imagery from 1990, 2000, 2010, and 2020, the proportion
of variance explained by the first principal component (PC1) exceeded or equaled 80.01%,
with the highest being 84.17% in 2020. Therefore, this study selected the loadings of PC1
(B1, B2, B3, and B4) as weight coefficients to calculate the Remote Sensing Ecological Index
(RSEI) for each corresponding year using Equation (5). Furthermore, the results were
normalized according to Equation (6) to obtain standardized RSEI values (Normalized
RSEI, NRSEI). Finally, the Normalized RSEI values were used to generate spatial landscape
maps for the respective years, visually depicting the spatial distribution characteristics and
trends in ecological environment quality in Johor for 1990, 2000, 2010, and 2020.

PCA was employed to extract the most explanatory components from ecological
indicators, including the NDVI, WET, NDBSI, and LST. The contribution weights of these
indicators exhibited significant variations across the distinct years of 1990, 2000, 2010, and
2020, reflecting dynamic shifts in regional ecological conditions and the progressive impact
of human activities.

Around 1990, the primary drivers of ecological quality were low urbanization and
limited industrialization. NDVI held a relatively high weight, indicating that vegetation
coverage and green spaces played a dominant role in sustaining ecological health. Mean-
while, WET and NDBSI contributed minimally to the principal components, suggesting
negligible impacts from moisture fluctuations or urban expansion at this stage.
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Table 3. Results of the PCA of the indices in the years 1990, 2000, 2010, and 2020.

Percent

Year Cﬁﬂl‘;ﬁgg\t NDVI WET NDBSI LST  Comelation  Eigenvalue
igenvalue (%)
B1 B2 B3 B4
PC1 0.171 0.249 —0.033 —0.952 80.01 0.0064
PC2 0.372 0.301 —0.859 0175 12.49 0.0049
%0 PC3 0.329 —0.081 —0.467 —0.247 7.35 0.0018
PC4 0.850 0.485 —0.202 0.017 0.15 0.0011
PC1 0.818 —0.074 —0.425 0.088 81.55 0.033
PC2 0.669 0.030 ~0.713 ~0.203 10.23 0.004
2000 PC3 0.702 0.213 ~0.530 —0.423 7.81 0.003
PC4 0.147 0.097 —0171 0.032 0.41 0.001
PC1 0.103 0.450 —0.319 —0.930 81.25 0.033
PC2 0.708 —0.361 —0.361 ~0.180 9.61 0.004
2010 PC3 0.678 —0.129 —0.649 —0.317 8.64 0.003
PC4 0.168 0,091 —0.374 —0.036 0.50 0.001
PC1 0.136 0.343 —0.076 —0.925 84.17 0.026
PC2 0.683 —0.696 —0.141 0.169 10.89 0.003
2020 PC3 0.705 —0.624 —0.061 ~0.331 4.57 0.001
PC4 0.131 0.088 0,985 0.068 0.37 0.001

By 2000, accelerated urbanization and industrialization, particularly in coastal regions,
had marked this period. As human activities intensified, the weight of LST gradually
increased, highlighting the growing influence of temperature variations on ecological
quality. Concurrently, NDVI's weight slightly declined, likely due to reduced green spaces
caused by urban sprawl and agricultural expansion.

Around 2010, the urbanization and industrialization in regions like Johor reached a
mature phase. Rising temperatures, exacerbated by industrial emissions and transportation
activities in urban areas, became more pronounced. LST’s weight surged further, dominat-
ing the principal components. NDBSI also began to show increased significance, reflecting
the escalating ecological pressure from urban infrastructure development, particularly in
industrialized zones.

In 2020, the implementation of ecological conservation policies, such as protections for
northwestern wetlands and mangrove reserves, led to slight rebounds in NDVI and WET
weights. This signaled improved roles of vegetation and moisture conditions in ecological
restoration. However, LST retained a high weight, underscoring persistent temperature
impacts from climate change and industrial activities.

These temporal shifts in PCA weights illustrate the interplay between natural ecologi-
cal processes and anthropogenic forces, offering critical insights for sustainable environ-
mental management.
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3.2. Spatiotemporal Distribution and Changes in Ecological Environmental Quality

Based on the five RSEI classification standards mentioned earlier, the RSEI indices
for the study area were classified in ArcGIS, producing spatiotemporal landscape pattern
maps for 1990, 2000, 2010, 2020, and the 30-year average, as shown in Figure 2. These maps
clearly illustrate the spatial distribution and changing trends of RSEI in Johor during the
study period. Overall, regions with “Excellent” and “Good” ecological status are primarily
located in the central, northern, western, and eastern areas, while “Poor” RSEI values are
mainly concentrated in the southern urban areas and their surroundings.

1990 2000 2010

2020 30Year Mean RESI

B cxcelient C0.8-1)
B cood (0.6-0.9)
[ Mod(0.4-0.6)
| Fair(0.2-0.9)
- Poor (0-0. 2)
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Figure 2. Spatiotemporal landscape pattern maps for 1990, 2000, 2010 and 2020, and the 30-year mean
RSEI of Johor state.

Specifically, in 1990, the areas with “Poor” RSEI values were concentrated in the
southern urban regions, reflecting that urban planning and environmental protection
measures at the time were primarily focused on the city and its surrounding areas. By
2000, the “Poor” RSEI value areas gradually expanded from the southern urban areas to
the surrounding towns and rural regions, indicating the broader impact of urbanization
and the increased ecological pressure in rural areas. In 2010, the “Poor” RSEI values further
extended to include water bodies and their riverbank areas, such as reservoirs and rivers,
indicating significant human interference with water resources and aquatic ecosystems.
By 2020, the “Poor” RSEI values covered more wetland parks and mangrove protection
areas, reflecting increased disturbance in the watershed’s surrounding areas, while also
suggesting that ecological protection zones and nature parks may have been established
and expanded in an attempt to mitigate this trend.
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Table 4 presents the area and proportion changes of different RSEI levels in Johor from
1990 to 2020. The data indicates that over the past three decades, the spatial distribution of
ecological environment quality in Johor has undergone some changes. First, the area of the
highest quality (RSEI 0.8-1) decreased from 11,476 square kilometers in 1990 to 10,376 km?
in 2020, a reduction of 1100 km?. This suggests that the highest-quality ecological areas
have shrunk over the past 30 years, possibly due to urbanization, land use changes, and
ecosystem degradation. In contrast, the area of the “Good” category (RSEI 0.6-0.8) gradually
increased from 5024 km? in 1990 to 5776 km? in 2020, an increase of 752 km?2, which reflects
improvements in some medium-quality ecological areas at certain times. The area of
the “Moderate” category (RSEI 0.4-0.6) increased by 268 km? between 1990 and 2000 but
then decreased each year, showing only a 28 km? increase by 2020 compared to 1990,
indicating a more fluctuating change in ecological quality at this level. The area of the
“Fair” category (RSEI 0.2-0.4) showed a consistent annual increase, growing from 621 km?
in 1990 to 731 km? in 2020, an increase of 110 km?2. Furthermore, the area of the lowest
quality category (RSEI 0-0.2) significantly increased from 412 km? in 1990 to 612 square
kilometers in 2020, a total increase of 200 km?. This indicates a clear deterioration in the
ecological environment quality in some areas, especially those more heavily impacted by
human activities and land use.

Table 4. Ecological level area statistics of Johor.

Year 1990 2000 2010 2020

RESI Level Area (km?) Pct. (%) Area (km?) Pct. (%) Area (km?) Pct. (%) Area(km?) Pct. (%)

Excellent (0.8-1) 11,476 60.16 10,772 56.47 10543 55.27 10,376 54.39

Good (0.6-0.8) 5024 26.34 5288 27.72 5627 29.50 5776 30.28

Mod (0.4-0.6) 1552 8.14 1820 9.54 1736 9.10 1580 8.28

Fair (0.2-0.4) 612 3.21 704 3.69 721 3.78 731 3.84

Poor (0-0.2) 412 2.16 492 2.58 449 2.35 613 3.21
19,076 100.00 19,076 100.00 19,076 100.00 19,076 100.00

Figure 3 illustrates the percentage change in the area of different ecological envi-
ronment quality levels in Johor from 1990 to 2020. The proportion of excellent quality
(RSEI 0.8-1) decreased from 60.16% in 1990 to 54.39% in 2020, with a decrease of 5.77%.
A reduction in the share of high-quality ecological areas in Johor’s total area indicates
that high-quality ecological regions are gradually shrinking due to the impacts of rapid
urbanization and land use changes. The proportion of good quality (RSEI 0.6-0.8) increased
from 26.34% in 1990 to 30.28% in 2020. An increase of 3.94% suggests that areas with better
environmental quality have gained a larger share, likely due to ecological protection and
restoration measures in some regions. The proportion of the lowest quality (RSEI 0-0.2)
increased from 2.16% in 1990 to 3.21% in 2020. A rise of 1.05% shows an increase in the pro-
portion of areas with the worst environmental quality, reflecting the ecological degradation
issue in certain areas, which is a concerning negative trend.
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Figure 3. Area distribution of ecological environment quality levels in Johor from 1990 to 2020.

3.3. Spatial Autocorrelation Analysis of Ecological Quality

By calculating the Normalized RSEI average values for Johor from 1990 to 2020, this
study uses the UTM-Malaysia-48N projection, resampling the 30 m resolution imagery
to a 1 km resolution. The spatial autocorrelation analysis function of GIS is then used
to compute the Moran’s I value in Equation (7) and the Z value in Equation (9). It can
be seen that the Moran’s I value is 0.40, the Z value is 38.11, and the p-value is less than
0.001, suggesting a significant positive spatial autocorrelation in the ecological quality
distribution, as shown in Figure 4. The ecological conditions exhibit a clustered spatial
distribution rather than a random one. From the spatial perspective, as shown in Figure 5,
forested areas, urban regions, and plantations present significant clustering characteristics,
providing a foundation for subsequent clustering and outlier analysis.

Through the ArcGIS spatial analysis of the RSEI data for 1990, 2000, 2010, and 2020,
the results reveal the spatiotemporal evolution characteristics of the ecological quality in
Johor, as shown in Figure 6. From the analysis, it can be seen that HH and LL clusters
exhibit significant spatial clustering characteristics, reflecting the polarization of ecological
conditions within the region. Among them, the HH clusters are mainly concentrated in
urbanized areas with intense economic activity, while the LL clusters are primarily found in
areas with relatively untouched natural environments or lower levels of development. Fur-
thermore, the HL and LH outlier distributions show a certain spatial dispersion, indicating
that these areas may have special ecological or resource utilization features. Further scatter
plot analysis in Figure 7 presents the spatial correlation of the RSEI values, particularly
highlighting the dominance of HH and LL clusters, which underscores the ecological
quality disparities across different regions of Johor.
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Figure 4. The probability of spatial perspective forested areas, urban regions, and plantations cluster-
ing characteristics in Moran I provides a foundation for subsequent clustering and outlier analysis.

The spatial pattern changes in Johor from 1990 to 2020, as shown in Figure 6, clearly
illustrate the dynamic distribution characteristics of LL and HH clusters, as well as HL and
LH outliers. The LL clusters were initially concentrated in the central region of Johor in
1990, and over the past thirty years, they have gradually expanded towards the northern
and eastern coastal areas, forming a large-scale aggregation in the northern region by
2020. The central region of Johor serves as an important link between the economically
developed southern region and the less urbanized northern region, primarily characterized
by agricultural activities and medium-scale industrial development. The northern region,
bordering Pahang, Melaka, and Negeri Sembilan, has relatively low urbanization but
plays a significant role in agricultural production, providing essential support for Johor’s
economic development.
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Figure 5. HH\HL\LH\LL spatial landscape patterns.

The HH clusters in 1990 were primarily distributed in the southern and central-western
regions of Johor. Over the past 30 years, these clusters have gradually concentrated in the
southern, western coastal, and northwestern areas. The southern region, centered around
Johor Bahru, is the most economically active area in Johor. The western coastal region,
bordering the Strait of Malacca, has become a key economic hub due to its important port
facilities and industrial parks, such as large-scale development projects like the Forest City.
The eastern region is renowned for its beautiful coastline and vibrant maritime activities,
particularly in the Johor River Basin, where the government has actively promoted tourism
and fisheries industries by leveraging its natural landscapes and geographical advantages.

It can also be seen from Figure 7 that the distribution of HL and LH outliers is more
scattered. The HL areas are mainly found in the southwestern part of Johor, while the
LH areas are concentrated in the northeastern part. These regions do not show significant
clustering characteristics. The spatial characteristics of these areas reflect a more dispersed
distribution of villages or lower levels of resources.
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Figure 7. Moran scatter plots of the RSEI in Johor in 1990, 2000, 2010, and 2020 and the mean value
over 30 years. The first, second, third, and fourth quadrants represent the top-right (HH), top-left
(LH), bottom-left (LL), and bottom-right (HL) corners of the scatter plot, respectively.

Figure 7 shows the scatter plot of the Moran’s I, and it can be seen that the data points
from 1990 to 2020 are primarily concentrated in the first quadrant (HH) and the third
quadrant (LL), indicating the presence of spatial clusters where geographically adjacent
areas have similar attribute values. There are more data points distributed in the third
quadrant (LL) than in the first quadrant (HH), reflecting that LL areas are mostly natural or

undisturbed, while HH clusters represent urbanized or economically developed regions.

Additionally, the density of data points in the second quadrant (LH) is higher than in the
fourth quadrant (HL), suggesting that low-value areas are more commonly surrounded by
high-value areas. This phenomenon indicates that the geographical characteristics where
urban green spaces, parks, and other natural areas are surrounded by highly developed
regions, or areas with scarce resources are encircled by agricultural land or plantations.
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3.4. One-Year Distribution of RSEI for Johor Area

In the experiment, the CA-Markov model was applied to calculate the dynamic
changes in the ecological environment distribution of Johor, based on Equations (12), (13),
(15), and (16). To evaluate the performance of the CA-Markov model, different amounts of
training data were used for calculation. In order to better analyze the relationships within
the ecosystem, we sampled data from 1990 to 2020 at varying intervals, including 4-year,
5-year, 2-year, and 1-year intervals. The detailed sampling strategy and corresponding
results are presented in Table 5.

Table 5. Evaluation of the CA-Markov model for ecological outcomes with varying amounts of data.

Interval of Years 10 5 1 0
No. of years 4 7 16 30
MSE 0.4939 0.2433 0.1638 0.0778
R? 0.9686 0.8219 0.8792 0.8823

When the CA-Markov model was trained using four years of data, it achieved a
high R? value of 0.9686; however, due to the limited dataset, the model struggled to
effectively capture the long-term dynamic characteristics of Johor’s ecological environment.
The prediction results exhibited poor stability and signs of overfitting. This indicates
that models trained with short-term data may perform well on training datasets but lack
reliability for forecasting complex ecological system changes.

As the time span of the training data increased, the model’s performance improved
progressively. With seven years of data, the model began to capture the long-term trends in
the ecological environment. The MSE value significantly decreased, and the R? value stabi-
lized at 0.8219, achieving a balance between training and testing data. However, limitations
in data volume still constrained the model’s ability to fully describe the complexities of the
ecosystem, with a slight risk of underfitting or overfitting.

When the dataset was extended to 16 years, the model’s performance improved
significantly, offering a more comprehensive reflection of Johor’s long-term ecological
trends and complex dynamics. The MSE value dropped to 0.1638, while the R? value
increased to 0.8792. At this stage, the model’s predictive capacity for new data was greatly
enhanced, and the risk of overfitting was substantially reduced, demonstrating that a
longer period of data enhances the model’s generalization ability and the credibility of
its predictions.

Further extending the training data to 30 years yielded the best predictive performance,
with an MSE value of 0.0778 and an R? value of 0.8823. The ample data volume allowed
the model to accurately capture the dynamic changes in Johor’s ecological environment,
achieving high precision and robustness in prediction results.

By analyzing the RSEI data from 1990 to 2020 and constructing the CA-Markov model
based on Equation (14) for final predictions, the geographical distribution map of Johor’s
ecological quality was generated, as shown in Figure 8.
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Figure 8. The geographical distribution map of Johor’s ecological quality.

It can be seen from Figure 8 that the green areas (Excellent, 0.8-1) dominate most of
the study region, primarily concentrated in areas with high forest coverage. These zones
exhibit low pollution levels, reflecting the effectiveness of natural resource management
and conservation measures. The ecological health in these regions stands out, indicating
minimal human interference and high environmental resilience.

Yellow areas (Good, 0.6-0.8) indicate regions with slightly affected but generally
stable ecological conditions. These areas might experience limited human activity or have
benefited from mitigation measures that prevented further ecological degradation.

Orange areas (Moderate, 0.4-0.6) represent zones with moderate ecological conditions,
often associated with light industrial activities, agricultural runoff, or early-stage urbaniza-
tion. While these areas have not entirely lost their natural landscape, they exhibit signs of
ecological stress and potential vulnerability.

Red areas (Fair, 0.2-0.4) and pink areas (poor, 0-0.2) are predominantly located in
regions with intense human activity, such as cities, ports, and settlements. These areas face
significant ecological challenges, including high pollution levels, habitat degradation, and
weakened ecosystem functionality.

Geographically, the ecological quality in Johor’s southern and eastern edge regions is
highly variable, likely influenced by urban runoff, emissions from aquaculture, or inade-
quate waste management systems. Central and northern areas are predominantly green,
interspersed with small patches of yellow, reflecting low land-use intensity. The western
region is mainly yellow, indicating the impact of intensive land use on ecological quality.
Additionally, water bodies are often surrounded by red and pink patches, underscoring the
environmental pressures faced by these areas.
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4. Discussion

In this study, the calculated RSEI values have been influenced by the absence of
2010 Landsat 8 Band 10 data, as shown in Figure 9. To address this issue, MODIS Land
Surface Temperature (LST) data were used as a substitute. However, since MODIS data
has a resolution of only 1000 m, even after resampling to 30 m, the clustering effect of
the data persisted, affecting the spatial accuracy of the distribution. This limitation may
have introduced localized errors in the RSEI results, particularly in the densely populated
southern and eastern regions, reducing the model’s ability to capture subtle ecological
changes. Additionally, the data substitution strategy could have introduced instability in
the CA-Markov model’s prediction results, especially when processing data with a 10-year
interval, causing fluctuations. This highlights the need to prioritize higher-resolution and
temporally complete datasets in future research to improve the accuracy and consistency
of RSEI calculations and related predictive modeling.
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Figure 9. Absence of RSEI values due to the absence of Band 10 in 2010.

Through spatial analysis of Johor’s RSEI from 1990 to 2020, significant spatial hetero-
geneity in ecological quality across the region was observed. The LL clusters were primarily
located in the central, northern, and eastern coastal areas, dominated by agriculture and
medium-scale industries. These areas exhibited relatively stable ecological conditions with
minimal human disturbance. In contrast, the HH clusters were concentrated in the southern
urban areas and western coastal industrial zones, reflecting the strong impact of economic
activities on regional ecology. The HL and LH outliers were sporadically distributed in
the southwestern and northeastern regions, indicating potential for development or local-
ized ecological pressures. This spatial pattern highlights the complex interplay between
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economic development, land use, and ecological conservation in Johor, underscoring the
pronounced regional imbalances in development.

From a temporal perspective, Johor’s ecological quality underwent notable changes
over the past 30 years. The area classified as having excellent ecological conditions de-
creased by 1100 km?, while the area with good conditions increased by 752 km?. Simul-
taneously, the area categorized as poor grew from 412 km? to 613 km?, demonstrating
the environmental pressures brought by urbanization and industrialization. The southern
and eastern edge areas displayed uneven ecological quality, likely influenced by urban
runoff, industrial pollution, and inadequate waste management. In contrast, the central
and northern regions maintained predominantly high ecological quality, possibly due to
lower land use intensity and protective measures. These trends reveal that the dynamic
changes in Johor’s ecological environment are driven by a combination of factors, including
economic activities, land use policies, and resource management practices.

The CA-Markov model’s predictions for Johor’s future ecological quality indicate that
increasing the amount of data significantly enhances the model’s accuracy and robustness.
However, its limitations remain notable. First, the model relies on a static transition proba-
bility matrix, which does not fully account for dynamic factors such as policy adjustments,
climate change, and economic activities, potentially leading to insufficient predictions
of future complex ecological changes. Second, the use of MODIS data as a substitute
in 2010 introduces accuracy issues, particularly in areas with high spatial heterogeneity.
Additionally, the computational demands and memory consumption of large-scale datasets
limit the model’s efficiency when handling high-resolution data. Enhancing the dynamic
adaptability of the model’s transition probabilities and optimizing computational resources
will be critical to improving prediction accuracy.

This study adapted and optimized the RSEI with the CA-Markov model, particu-
larly for wetland and mangrove ecosystems in Johor. The introduction of the WET and
NDBSI enhanced the RSEI model'’s ability to accurately reflect dynamic changes in the local
ecological environment, offering a novel methodological framework for similar regions.
By integrating remote sensing data with the CA-Markov model, we further improved its
spatiotemporal prediction capabilities. The application of a rolling prediction validation
method optimized the model’s performance in Johor, demonstrating its effectiveness in cap-
turing spatiotemporal patterns of regional ecological changes. Notably, the proposed model
successfully revealed future ecological quality trends in long-term time series predictions,
providing a scientific basis for ecological conservation in the region.

Through spatial autocorrelation analysis—specifically the combined use of local
Moran’s I and LISA indices—the spatial aggregation patterns of ecological quality in
Johor have been identified. This approach effectively delineated priority ecological conser-
vation zones, vulnerable areas, and transitional regions, offering critical decision-making
support for regional ecological management. Based on spatiotemporal analysis results,
targeted ecological protection and management policies can be formulated, particularly for
urbanized areas and industrial belts with poorer ecological quality. Concrete restoration
and conservation measures can be tailored to these findings. These policy recommendations
hold significant practical value, providing theoretical support for ecological management
in Johor and contributing to sustainable development in similar regions.

5. Conclusions

This study utilized the GEE platform to calculate the RSEI for Johor from 1990 to
2020 and applied the CA-Markov model to predict future ecological environment quality.
The analysis revealed the spatiotemporal evolution characteristics and trends of ecological
quality in Johor. The results indicated significant regional differences in ecological quality
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over the past 30 years. High-quality ecological areas decreased by 1100 km?, while medium-
quality areas fluctuated, and poor-quality areas significantly increased, reflecting a notable
trend of localized ecological degradation. In spatial dimension, the HH clusters of ecological
quality were primarily located in the southern and western regions, characterized by dense
urban and industrial activities, while the LL clusters were concentrated in the northern and
eastern areas, dominated by low-interference agricultural zones. The scattered HL and LH
outliers suggest potential development opportunities in the future. The CA-Markov model
predictions demonstrated that the model’s robustness and accuracy improved significantly
with increased data volume, as indicated by optimized MSE and R? values. The forecast
showed that future high-quality ecological areas would mainly concentrate in central and
northern regions, while poor-quality areas would be concentrated in the southern and
western regions, where human activities are most intensive. Remarkably, ecological patches
near water sources exhibited a higher risk of degradation, warranting particular attention
for conservation efforts.
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Abbreviations

The following abbreviations are used in this manuscript:

RSEI Remote Sensing Environmental Index

CA-Markov  Cellular Automata-Markov

NDVI Normalized Difference Vegetation Index

EVI Enhanced Vegetation Index

PCA principal component analysis

MSRE Multi-Indicator Remote Sensing Ecological Index

IRSEI Integrated Remote Sensing Ecological Index

WET Wetness Index

NDBSI Normalized Difference Built-up Space Index

LST and Land Surface Temperature
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Abstract: The characterization of natural hazards in coastal environments is of great necessity, espe-
cially in the current context of global climate change and increasing population concentrations. This
research focuses on a multi-hazard analysis of the main geotechnical, geomorphological, hydrological,
and lithological risks in the southeastern margin of the Ria de Arosa using Geographic Information
System techniques. The integration of geotechnical characterization maps and natural hazard maps
has allowed for the identification of areas with a high susceptibility to natural disasters, which
is crucial for territorial planning and management in the context of growing urban pressure and
global climate change. The results indicate that poorly consolidated surface formations, especially
in transitional areas such as dunes and marshes, are particularly vulnerable. Additionally, areas
with higher lithological competence have been identified, where slope changes contribute to ground
instability. This analysis provides valuable tools for decision-making and the implementation of risk
management policies, promoting sustainable development, the protection of coastal ecosystems, and
the prevention of risks from urban planning and civil engineering activities in the Ria de Arosa.

Keywords: natural hazard; coastal management; GIS; geomorphology; geotechnical hazard

1. Introduction

The characteristics of coastal areas, from an ecological and economic standpoint,
make these territories suitable for the development of human activities [1-4]. These areas
currently host 11% of the human population, amounting to approximately 896 million
inhabitants [5]. Economic activity, based on urban and industrial development, along
with the rise in tourism and recreational activities, makes coastal ecosystems among the
most affected and altered ecosystems [1,6,7]. Additionally, these natural environments are
threatened by natural processes that annually cause significant socioeconomic damage and,
in the most extreme cases, a loss of human lives [8,9]. The current global climate change
context leads to a scenario in which extreme events are occurring more frequently [5].

Natural disasters constitute one of the environmental problems that generate signifi-
cant ecosystem alterations and affect urban areas with high population densities [10,11].
For this reason, there is a need to understand the geological processes associated with
these events and delineate the areas that are more vulnerable and have a lower response
capacity [12-14]. These coastal environments, where geological hazards play an important
role, need to be the subject of effective land-use planning strategies [15,16] and of passive
or active measures to mitigate these hazards and ensure sustainable development [17,18].
Furthermore, for the development of urban and civil engineering projects, geotechnical
knowledge is crucial to detect potential hazards while planning [19,20].

This vulnerability scenario is clearly observable in the southeastern margin of the Ria
de Arosa (ria: an estuary formed by an ancient coastal fluvial valley flooded during the
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Quaternary), which is an environment of great ecological importance due to the exten-
sive protected natural areas (PNAs) it encompasses (Ons—O Grove and Umia—-O Grove
complexes). These environments include intertidal zones (wetlands) with a wide variety
of protected fauna (birds, insects) and flora [21,22]. The degradation of wetlands directly
affects the regenerative capacity of a coastal area, which in turn directly influences the
vulnerability of that territory to the occurrence of a catastrophic event [23]. Additionally,
the Ria de Arosa is an area with significant tourism activity, driving the development
of infrastructure (hospitality, recreational) that directly increases the vulnerability of the
area [6,24].

Therefore, a proper characterization of natural hazards through a multi-risk analysis
is needed to evaluate the interactions between individual natural hazards [25-27]. A multi-
risk analysis is essential in this context due to the diversity of natural processes studied
(coastal flooding, erosion, etc.) that affect the Ria de Arosa [28,29]. The combination of GIS
tools, remote sensing, and qualitative or quantitative analysis allows for a comprehensive
understanding of these natural risks [30,31]. Numerous studies follow different multi-risk
approaches, with the analytical hierarchy process (AHP) and the equal weights method
(EWM) standing out [31-37].

In this study, we aim to carry out land-use planning through the development of
a natural hazard mapping using ArcGIS 10.8 © (with a 1 m x 1 m resolution), which
will serve as a basic tool for decision-making regarding construction processes in the
territory [30,31]. This mapping allows for an understanding of the different risks from
lithological, geomorphological, hydrogeological, and geotechnical perspectives through
the combination of qualitative (geotechnical zoning) [38] and quantitative analyses (the
stages of coastal flooding) [28]. A review and an increase in the level of detail of the
geotechnical characterization mapping (1:50,000 scale) will be carried out, and the available
coastal flooding information for the area will be used [39]. With this detailed mapping,
the goal is not only to identify the inherent risks in the area but also to establish a solid
foundation for future mitigation and adaptation strategies in the context of vulnerable
coastal environments such as the southeastern margin of the Ria de Arosa.

Study Area

This research was conducted in the southeastern margin of the Ria de Arosa, in
the province of Pontevedra (Galicia, Spain) (Figure 1). The area has approximately
57,358 inhabitants spread over 9600 hectares. Compared to the national average popula-
tion density, which is 96 inhabitants per km?, this area has a high population density
(598 inhabitants per km?) (data from the National Institute of Statistics (INE), https:
//www.ine.es/, accessed on 30 September 2024). These values exclude the population
increase that occurs during the summer season (June, July, and August), because of high
tourism activity. The most important municipalities are located along the coastal margin,
including Sanjenjo, Portonovo, Cambados, Villanueva de Arosa, El Grove, and La Isla de
Arosa. Climatically, the area is considered temperate, with a dry summer compared to
the rest of the year. It falls within the Csb type according to the Képpen classification sys-
tem [40]. Due to the ocean’s moderating effect, its average temperatures are mild, ranging
from 19.3 °C in summer to 9 °C in winter. The average annual precipitation is 1455 mm,
with the rainiest months being October, November, and December. All autumn months
experience precipitation above 200 mm (information provided by the Spanish Meteorologi-
cal Agency (AEMET), https:/ /www.aemet.es/es/serviciosclimaticos/datosclimatologicos,
accessed on 30 September 2024).
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Figure 1. Map of the study area within the province of Pontevedra in Galicia.

The geology and current relief of the area are the result of a long and complex ge-
ological history [41]. The area belongs to the northwestern sector of the Iberian Massif,
corresponding to the Galicia—Tras—Os—-Montes Zone. Lithologically and structurally, it rep-
resents an internal zone of the Variscan Orogen, where allochthonous domains can be recog-
nized in superposition with autochthonous Paleozoic metasediments (d’'Home-La Lanzada
Complex) and plutonic igneous rocks [42]. The granites and granodiorites exhibit early (syn-
kinematic) and late (post-kinematic) characteristics [43,44]. The area is represented on four
geological sheets at 1:50,000 scale from the National Geological Map (MAGNA) (Spanish
Geological and Mining Institute IGME), http://info.igme.es/cartografiadigital / geologica/
Magna50.aspx?language=en, accessed on 30 September 2024) [45-48] (Figure 2A).
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Figure 2. (A) Geological map. (B) Geomorphological map, modified from [47].

The area’s geomorphological characteristics define a highly distinctive relief resulting
from an evolutionary process of weathering and differential erosion. Slopes are gentle
throughout most of the territory, except in areas dominated by rocky outcrops that reveal
residual lithostructural reliefs [49]. The higher granitic areas form peaks, ridges, and hills,
often represented by dome-shaped structures, where the evolution is more pronounced;
tors; and other minor landforms [50]. The flat areas correspond to the peneplain, which
is the result of the differential erosion of granite (mainly the Caldas de Reyes Batholith)
and Paleozoic metasediments. Extensive erosion surfaces, known as “rasas” or marine
terraces, have developed. In many cases, they are covered by poorly consolidated sandy or
conglomerate deposits, resulting from the alteration of the rocky substrate. The strongly
transitional marine environment of the area facilitates the formation of coastal landforms
through the accumulation of fine deposits by tidal action (marshes and wetlands) and wind
action (beaches and dune systems) [49]. In connection with this, two protected natural
areas have been designated by the Natura 2000 Network: The Umia—O Grove Intertidal
Complex and the Ons—-O Grove Complex. The fluvial system is represented by fluvial
valley deposits and transitional systems that include active alluvial fans and cones. In
more stable settings, extensive floodplain surfaces, such as glacis and pediments, can be
identified (Figure 2B).
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2. Materials and Methods

The foundation of the work described here is based on fieldwork, satellite image
analysis, and data modeling using computer software. First, the study area was initially
recorded through sampling, data collection, and the photointerpretation of both current
and historical images. All fieldwork and the collection of bibliographic and digital infor-
mation during this and other previous studies of the area allow for effective planning that
addresses the issue in a more detailed and comprehensive way. The selection of strategic
sites allows for subsequent validation of the data obtained during digital modeling, which
lends greater rigor to the entire study. All digital modeling, both results generated for
geotechnical characterization mapping and for natural hazard mapping, was carried out
on the Geographic Information System “ArcGIS 10.8 ©”. Figure 3 represents the method-
ological flow followed in this research, from the initial data collection to the generation of
the natural hazard mapping. Each stage is described in detail, including the geoprocessing
(reclassification, union, or export) used in the layers to obtain the data on the hazard factors
(geomorphological, hydrological, lithological, and geotechnical) that make up the natural
hazard mapping, which is useful in territorial planning and in preventing associated risks.
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Figure 3. Methodological scheme.

2.1. Geotechnical Characterization Mapping

The creation of the geotechnical characterization mapping relies on three thematic
maps, each requiring a preliminary review and synthesis of information to achieve a
more representative and easy-to-interpret result. Geotechnical characterization mapping
is essential, as it generates a basic information document that must be consulted prior to
any decision-making in territorial planning for a specific area, especially for construction
projects. It aims, therefore, to prevent any risky situation and generate socioeconomic
benefits for the affected civilian population. The zoning of the territory is based on different
geological criteria—lithological, hydrogeological, and geomorphological—which overlap
and delineate different “geotechnical zones.” These various criteria, collectively, aim to
show the vulnerability to potential natural or anthropogenic risks of the study area:
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1. Lithological Mapping: This map starts with a geological map of the area [45-43],
which is simplified by grouping lithologies based on compositional, textural, or
geomechanical similarities. Each group defines the homogeneous lithological units
that will make up the geotechnical characterization mapping. In this case, lithological
groups from Quaternary surface formations are differentiated and reclassified into
various lithological domains.

2. Hydrogeological Mapping: Creating the hydrogeological map requires combining data
sources and criteria from fieldwork with filtered information from the creation of the
lithological map. Hydrogeological data primarily come from official cartography from
the Spanish Geological and Mining Institute IGME) and digital information from the
Galician Health Service (https://www.sergas.es/Saude-publica/GIS-Litoloxia-xeoloxia,
accessed on 31 October 2024). These data include the hydraulic properties of the different
lithological formations. After characterizing lithological units with similar hydraulic
properties, hydrogeological units are described. These hydrogeological units are defined
based on their permeability degree (from impermeable to very permeable) and porosity
type (intergranular, fissure, tectonic, or alteration). These characteristics are intrinsic to
each type of rock or substrate. Crystalline rocks, which compose the Variscan basement
(igneous and metamorphic), generally exhibit low or no permeability, a characteristic
influenced by the low or null effective porosity of these lithologies, allowing water to pass
through fractures, joints, or tectonic plates (schistosity). The igneous rocks (granitoids,
granodiorites) and metamorphic rocks (slates and schists) found in the study area exhibit
these hydrogeological behaviors [45-48]. The substrate belonging to Quaternary surface
formations, which shows little or no consolidation, has very different hydrogeological
characteristics. Its high effective porosity, which is of an intergranular type, leads to
very high permeability values. However, there are no areas with significant thicknesses
that would prevent the formation of aquifers with high water-capturing potential in the
territory [45-48]. Each hydrogeological unit is assigned a color based on its permeability
level for proper differentiation. In this case, the different units are represented in blue
tones, with intensity varying according to their permeability level. The darkest color
represents very high and impermeable values, which become lighter as permeability
increases. In addition, each porosity type is differentiated by a characteristic transparent
pattern. Both layers, formed by the reclassification of lithological domains, are combined
to create the hydrogeological map.

3. Geotechnical Zone Mapping: The vector polygons from the lithological and hydroge-
ological maps are merged, and, through a reclassification of the resulting polygons,
different geotechnical zones are determined. In this case, the geotechnical zones are
numbered with Roman numerals (I, IL, 111, . . .). Each represents a lithological type with
specific hydraulic properties (porosity). This leads to the creation of the geotechnical
zone mapping.

4. Geomorphological Domain Mapping: This is derived from the detailed geomorpho-
logical map, with a resolution of 1:50,000 for the study area [49]. This type of mapping
encompasses the fundamental features of the reliefs, synthesizing them. This simplifi-
cation requires an in-depth relief analysis, relying on the slope map, DEM, specific
fieldwork, and photointerpretation. Its purpose is to facilitate an understanding of
the terrain and highlight its physiographic characteristics, which are grouped into
morphogenetically coherent domains independent of the substrate type, though the
substrate type often influences the morphological appearance of the relief.

5. Geotechnical Characterization Mapping: The combined polygons generated from
the geotechnical zone mapping and the geomorphological domain mapping create
a 1:50,000 geotechnical characterization map for the southeastern margin of the Ria
de Arosa. This map presents both the geotechnical properties of the substrate and
the surface formations on it, enabling the identification of areas with limitations or
negative triggers for civil engineering, urban, or industrial activities.
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2.2. Natural Hazard Mapping

The sectoral analysis of external geodynamic processes, which are responsible for

generating potential natural risks, along with their recognition and spatial delimitation,
characterizes the natural hazard mapping of a territory. In this area, lithological, geomor-
phological, geotechnical, and hydrological issues are identified, which can often trigger
natural or anthropogenic risks. Geotechnical characterization mapping will serve as a basis
for defining and recognizing the various types of issues present:

1.

Lithological hazards: These relate to the textural, structural, and compositional character-
istics of each lithology. Processes such as karstification and the resulting consequences for
carbonate rocks, the planes of weakness seen in some lithologies, or degrees of consolida-
tion represent risks associated with this type of hazard. In our case, the main lithological
issues are associated with poorly cemented conglomerate deposits found on terrace or
marine “rasas” formations. These polygons are derived from the geomorphological
domain map, exported, and reclassified as lithological hazards.

Geomorphological hazards: Each geomorphological feature impacts the terrain’s
construction conditions differently. In these cases, natural or predominantly anthro-
pogenic action can induce instability in certain surface formations. Generally, areas
with steeper slopes will have a less favorable response in terms of stability, potentially
triggering active gravitational processes like landslides, rockfalls, or soil creep. In the
study area, ridges, hills, and summits, with their steep slopes and occasional presence
of granite boulders, which may cause instability during construction, are classified as
geomorphological hazards. Alluvial fans and gentler slopes also pose risks to stability
during construction phases and are classified similarly.

Hydrological hazards: The identification of high-risk flood areas is based on integrating
coastal flood risk data with a geomorphological analysis to delimit and describe valley
floors. Coastal flood risk maps for the southeastern margin of the Ria de Arosa were
created using the Flood Hazard Index (FHI) method, which has been successfully
applied to areas on the Atlantic margin of the Iberian Peninsula [28]. The parameters
analyzed include significant wave height (Fw), annual sea level rise (Fsl), and extreme
tidal range (Ftr), which were obtained from public data on PORTUS (Spanish Ports)
(https:/ /portus.puertos.es/#/, accessed on 31 October 2024). The rate of sea level rise
(mm/year) is considered a variable factor, with values based on extreme scenarios
presented by the Intergovernmental Panel on Climate Change (IPCC), where greater
increase rates are expected [5]. A raster layer is created from the digital elevation model
(DEM), with pixels below the maximum water sheet level for each scenario selected.
The higher-risk scenarios Xa and Xb, at 25 and 100 years, respectively, are extracted in
order to be included in the flood risk mapping, a part of the natural hazard mapping.
Geomorphological data of the area were used to identify alluvial deposits in the valley
floors, regarded as flood-prone zones. These deposits, characterized by a low altitude
and proximity to fluvial systems, were highlighted as hydrological vulnerability areas.
Both maps were combined and used to reclassify hydrological hazards.

Geotechnical hazards: The geotechnical characterization map results allow for the
identification of favorable, acceptable, or unfavorable areas for active construction
processes. Each polygon is evaluated using a construction conditions matrix that
crosses geotechnical zones (described in the geotechnical zone mapping) with geo-
morphological domains. As a result, polygons with unfavorable values are exported
and reclassified as geotechnical hazards.

The hazard map enables the combined identification of the different issues previously

described. The process of developing this map is based on a Multicriteria Decision-Making
(MCDM) methodology, which is used to combine the hazard parameters described and
obtained in the previous steps without assigning a hierarchy. Here, the layers are combined
through a qualitative overlay of multiple layers (based on union and reclassification) to
integrate the analyzed parameters into the resulting polygons. The qualitative overlay
allows for the integration and recognition of areas where the different identified risks act

97



Sustainability 2024, 16, 10101

individually or jointly. The vector polygon layers of each risk are geoprocessed using the
union procedure. In this way, new polygons are created that describe the individual or
combined occurrence of a risk. This method aims to provide a descriptive, qualitative
approach. No weighting process is applied to the different risks, as this would require a
detailed study of the impacts of each risk. This would then provide a solid foundation for
the quantitative prioritization of impacts. By avoiding this, subjectivity is prevented in this
research, making the natural hazard mapping a preliminary tool for identifying hazard-
prone areas in relation to construction processes and their monitoring. The interpretation
of the results is based on identifying areas with higher or lower hazard levels according to
the number (greater, lesser, or none) of processes that have the potential to pose a hazard in
each area.

3. Results and Discussion
3.1. Geotechnical Characterization

The qualitative superposition of the lithological (Figure 4A), hydrogeological (perme-
ability and porosity) (Figure 4B-D), and geomorphological (Figure 4E) maps allows for the
differentiation of the various geotechnical areas which are represented in the geotechnical
zone and geotechnical characterization mapping (Figure 5A,B).

3.1.1. Lithological Mapping

This mapping synthesizes the lithologies into different domains with lithological, textural,
or compositional affinities based on what is reflected in the geological map (Figure 2A). In
this case, the superficial formations and the Paleozoic metamorphic rocks remain unchanged.
Synthesis occurs within the igneous rocks based on their early or late character (syn- or
post-kinematic). The granites and granodiorites with internal deformation (early) are grouped
together, while the late ones (Caldas de Reyes batholith) are classified separately (Figure 4A).

3.1.2. Hydrogeological Mapping

Hydrogeologically, a precise differentiation of the various lithological domains present
can be made (Figure 4D). The superficial formations exhibit the best hydrogeological char-
acteristics due to their low or nonexistent consolidation. They demonstrate a high degree
of permeability and well-connected intergranular porosity. However, the limited thickness
of these formations prevents the development of significant aquifers [45-48]. The metamor-
phic rocks (schists and gneisses) present rather poor hydrogeological characteristics. They
show a very low degree of permeability, and in many cases can be considered practically
impermeable (<1%) [47,48]. Areas where tectonic weakness planes (schistosity, fractures,
jointing) are concentrated and areas with slight surface alterations show an increase in
permeability, but in general, this increase is not significant. The two groups of igneous rocks
(early and late) show slight variability from a hydrogeological standpoint. Early granites
and granodiorites have very low, almost nonexistent permeability (very low—impermeable,
Figure 4B,D), which increases as the degree of fracturing and surface weathering rises. The
Caldas de Reyes batholith exhibits low permeability, induced by fracturing, and slightly
higher permeability where its weathering is better developed [46—48]. The localized devel-
opment of weathering—fracturing-type aquifers is possible, especially where granitic clay is
found [46-48].

3.1.3. Geomorphological Domain Mapping

Geomorphological domain mapping is the grouping of different Quaternary superfi-
cial formations found in the study area in a morphogenetically coherent manner (Figure 4E).
It is presented according to the morphogenetic systems present and, in turn, based on
additional parameters such as slopes or the degree of consolidation of the deposit. Addi-
tionally, the main areas of anthropogenic infrastructures (population centers or industrial
areas) are represented, which interact with the different domains or are included within
them. This map is crucial for understanding the spatial distribution of landforms and their
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relationship with the evolution of the terrain and with the geotechnical characterization
mapping (Figure 5B).

510000 513000 516000 510000 513000 516000 510000 513000

4712000
4712000
4712000

s
g g g
g g g
g g g
5 5 5

4704000
4704000
4704000

4700000

4696000
4696000
4696000

Lithological domain
Conglomerates, gravel, sand, st and mud Degree of permeability Type of porosity

(surtace formations)
Mica schists, quartz schists and para gneisses 1 N . High Fissural (in unaltered areas) and
(metamorphic rocks) and meta sedimentary rocks $ 3 g! intergranular (in altered areas)

o granites (Caldas de Reyes Batholith) o B Low X fone 7] Intergranular porosity

Intergranular porosity, tectonic
- Very low - Impermeable and fissuring

510000 513000

4708000 4712000
4704000 4708000 4712000

4700000
4700000

Hydrogeological cartography
Degree of permeability
High
B Low
I Very low - impermeable

Type of porosity
Fissural (in unaltered areas) and
intergranular (in altered areas)

Geomorphological domain

Fluvial I Aviuvial (vatley bottoms)

Alluvia fans and siopes

4696000
H
4696000

[ Giacia and podiments

Utoral Dunes. beaches and marshes|

B warine orraces

Intergranular porosity T Ricges. summits snd bt

! Intergranular porosity, tectonic
and fissuring

rban conters and
anthropic inrastructures

504000 506000 508000 510000 512000 514000 516000

Figure 4. (A) Lithological mapping. (B) Degree of permeability. (C) Type of porosity. (D) Hydrogeo-
logical mapping. (E) Geotechnical domain mapping.

99



Sustainability 2024, 16, 10101

4708000

Zone Lithology

[ —

[ Late granites
Metamorphic and

Geomorphological domain

Fluvial Alluvial (valley bottoms)

Alluvial fans and slopes

Polygenic f Glacis and pediments.

Permeability Symbol

Litoral Dunes, beaches and marshes
888 Marine terraces

Lithostructural I Ridges, summits and hills

!
Low (L) L

Morphostructural system

Low (L)
Very low (VL) - n
[{

y rocks

Conglomerates, gravel

sand, silt and mud

)
High (H) m

555 urban centers and
anthropic infrastructures

T T T
504000 506000 508000 510000 512000 514000

Figure 5. (A) Geotechnical zone mapping and (B) geotechnical characterization mapping of the SE
margin of the Ria de Arosa.

3.1.4. Geotechnical Zones and Geotechnical Characterization Mapping

Zone I;: This zone exhibits a varied distribution and is prominently present in the El
Grove Peninsula and the NE sector of the ria coastline. It occupies almost the entirety
of the islands of Arosa and La Toja. Its presence around Punta Lanzada, on the NW
margin of the Castrove Peninsula, is also notable. Lithologically, it corresponds to
Caldas de Reyes granodiorite, which shows a slightly higher permeability than earlier
facies (Figure 5A). This is particularly evident in tectonized areas, where fractures and
weathering promote percolation processes and the development of minor aquifers.
This area is well-defined by its residual litostructural relief, characterized by systems of
summits, hills, and crests. In specific locations where the slopes are steeper, such as in
the interior of the El Grove Peninsula or the northern sector of Arosa Island, dome-like
morphologies or more mature rocky outcrops are visible (Figure 6A,B). Colluvium,
along with pediments and glacis, is well represented in areas with more pronounced
slope changes. Coastal environments make up the “marine rasas” (terraces) that show
a smoothing of the relief, with almost nonexistent slopes (Figures 5B and 6C).

Zone I": Located on the S-SE margin of the study area, this zone is entirely rep-
resented by early granite facies that are affected internally by tectonic deformation
processes. This area shows very low permeability conditions that increase slightly
where weakness planes (fracturing or jointing) are concentrated or where there is a
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high degree of alteration (Figure 5A). The relief structures distinguished here are part
of the regional modeling of granite, creating a residual relief where, in some cases,
domed structures stand out (Figure 5B).

e  Zone IIVM: This zone is found in the inner sector and SW margin of the Castrove
Peninsula, where significant cliff areas are highlighted (Punta Fagilda, Punta de Cabi-
castro) (Figure 6D). Lithologically composed of metamorphic rocks (schists, gneisses)
belonging to the “d’Home-La Lanzada Complex”, these rocks show very low, almost
impermeable, permeability values, with exceptions in sectors with a greater develop-
ment of tectonic plates (schistosity) and higher concentrations of fractures and joint
systems (Figure 5A). Geomorphologically, the inner areas where slopes are slightly
steeper represent residual litostructural reliefs, primarily defined by hills and summits.
In the southern zone, more gentle alluvial fans and cones have developed. The area
closest to the coast contains some rasas (Figures 5B and 6D).

e  Zone III': This zone has a heterogeneous distribution throughout the study area.
The places where it is best recognized are in the Tombolo of La Lanzada and the N
zone of the Castrove Peninsula, where the most significant alluvial fan systems are
located. Composed of a substrate with a low or nonexistent consolidation of superficial
formations, it has high permeability due to its high porosity (Figure 5A). Important
coastal deposits such as dunes, beaches, or marsh areas are within this zone, as in the
case of the Umia River mouth (Figure 6E,F). The poorly evolved drainage network of
the territory also demonstrates the presence of alluvial bottoms. Significant rasas are
identified in areas near the coast with very gentle slopes (Figure 5B).

3.2. Natural Hazards

By recognizing the active processes in the study area, potential risks of a lithological,
geomorphological, geotechnical (Figure 7a), or hydrological (Figure 7b) nature can be
identified. By overlapping these, we arrive at the natural hazard mapping (Figure 8).

3.2.1. Geotechnical Hazard Map

Based on the delineation of different geotechnical areas and supported by the construc-
tion conditions matrix (Table 1), the geotechnical hazard map is constructed (Figure 7A).

Table 1. Construction condition matrix.

Geomorphological Domains Zone I,* Zone I," Zone 1TV Zone ITTH
Alluvial (valley bottoms) Unfavorable Unfavorable Unfavorable Unfavorable
Alluvial fans and slopes Unfavorable Unfavorable Unfavorable Unfavorable

Glacis and pediments Favorable Favorable Favorable Acceptable

Dunes, beaches, and marshes Unfavorable Unfavorable Unfavorable Unfavorable

Marine terraces Acceptable Acceptable Acceptable Unfavorable
Ridges, summits, and hills Unfavorable Unfavorable Acceptable Acceptable

It is evident that most of the territory presents unfavorable construction conditions
from a geotechnical point of view. Among all of these, the territories with poorly con-
solidated substrates, which exhibit low load-bearing capacity and are prone to potential
settlements, stand out [39,45-48]. Critical areas include the dune systems of La Lanzada,
the coastal environment influenced by tidal activity, and the alluvial deposits in valley
bottoms. Other areas where the substrate is somewhat more consolidated and which
display low slope gradients are represented by alluvial fan and cone systems. However,
their active nature may favor the development of slope processes, such as landslides, in
response to anthropogenic activities [39,49]. Despite being competent lithologies with high
load-bearing capacities [39], the granite areas are generally steep regions with higher eleva-
tions, which complicate their stability in terms of potential construction, giving them low or
no settlement potential. The instability of their slopes is often exacerbated by the presence
of boulder fields, where rocks of various sizes appear. Metamorphic lithologies also exhibit

101



Sustainability 2024, 16, 10101

high competence, granting them high load-bearing capacities and making settlement de-
velopment impossible [39]. The areas with more pronounced reliefs, coinciding with the
lithostructural system, offer acceptable construction conditions. These areas, unlike granite
ones, are more stable due to their slightly gentler slopes and the absence of “boulder-like”
morphologies. Additionally, acceptable construction conditions are found in coastal areas,
while considering the retreat of cliffs due to marine and fluvial erosion processes. Across
the entire metamorphic zone, the orientation and inclination of schistosity planes must be
considered, as they may occasionally pose a problem when carrying out a project. This also
prevents these outcrops from being classified as acceptable. Marine terraces or “rasas” are
considered acceptable from a construction perspective, except for those with a significant
thickness of poorly consolidated coarse-grained substrates (unfavorable). The pediments
and glacis, which develop on highly competent rocks (granites and metamorphic rocks),
have very gentle slopes and exhibit greater stability, making them favorable areas from a
construction perspective.

Figure 6. (A) Granite dome on the south-west edge of the El Grove Peninsula. (B) Rocky outcrop
with a large tor (Siradella Mount). (C) Coastal marine terraces on the south side of Isla de Arosa.
(D) Cliffs and marine terraces at Punta Fagilda (Fagilda Cape). (E) Dune systems adjacent to Montalvo
Cape. (F) Marshes at the mouth of the Umia River.
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Figure 7. (A) Geotechnical hazard map. (B) Hydrological hazard map, modified from [28].

3.2.2. Hydrological Hazard Map

The coastal flood risk mapping proposed for this area was utilized (Figure 7b) [28].

In this case, areas at potential hydrological risk are those with the possibility of flooding
within a return period of 25 to 100 years. Additionally, valley bottoms are added to this
layer due to their potential risk of flooding. It is observed that the areas of greatest hazard
are found in coastal environments with gentle slopes, which the water sheet can penetrate
more easily, particularly in the area adjacent to the mouth of the Umia River.

3.2.3. Natural Hazards Mapping

The natural hazard mapping highlights the areas of this territory that are susceptible
to various issues that could be triggered during the active phase of a construction project
(Figure 7b). As such, it serves as an essential tool for the decision-making stage when
selecting a project site. Consulting this map is recommended to enable effective risk
management and thereby reduce the negative impacts that may arise in subsequent project
phases. This, in turn, will directly reduce the economic resources needed to mitigate
impacts from geomorphological, hydrological, geotechnical, and lithological issues, as well
as contribute to sustainable land use. The main issues identified during the phases of a
construction project are related to the rise in the water table and ground movement or
settlement [51].

103

516000

4712000

4708000

4704000

4700000

4696000




Sustainability 2024, 16, 10101

504000 507000 510000 513000 516000
1 1

Hazard
- Geotechnical i:i:i:g Urban

Geomorphological

e

1 Lithological
Lithological and geotechnical

4712000

|:::::| Hydrological and geotechnical

- Hydrological and geomorphological

Hydrological, geomorphological
and geotechnical

Hydrological and lithological

4708000
1

Hydrological, lithological
and geotechnical

4704000

4700000

4696000

A

Figure 8. Natural hazard mapping of the SE margin of the Ria de Arosa.

The areas where hydrological issues are concentrated are those closest to the coastline
or situated on alluvial valley floors. Under specific conditions, other natural issues may
arise that increase the risk in these areas. Surface formations made up of weakly consol-
idated substrates are prone to problems related to rising water tables and waterlogging
following heavy rainfall or flooding events. This is the case of the tombolo area of La
Lanzada, where highly unconsolidated substrates (coastal formations such as beaches,
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dunes, or marshes) exhibit a low load-bearing capacity, high permeability, and susceptibil-
ity to flooding. These areas, which have combined hydrological and geotechnical issues,
may also present geomorphological or lithological problems. Geomorphological issues are
identified as being when active formations, such as alluvial fans, lose stability, potentially
triggering mass movement processes. The northern flank of the Castrove Peninsula is an
example of where these three issues converge. The poorly cemented conglomerate deposits
found on some marine terraces cause lithological issues. They overlap with hydrological
and geotechnical problems in many coastal areas around the mouth of the Umia River,
north of the municipality of Cambados, or in the southern area near Villanueva de Arosa.
In most cases, major urban or industrial projects are not recommended in these areas due
to their combined issues.

Inland areas, beyond the valley floors, generally pose fewer hydrological issues.
However, periodic monitoring of the water table is recommended in areas with high-
permeability surface formations.

The most abundant zones in the study area are those with combined geomorphological
and geotechnical issues. Generally, these are areas with a more pronounced relief where
granite morphologies have been identified. There are no issues related to rising water tables
or potential settlement due to load-bearing capacity loss thanks to the high competency
and low permeability of the granitoids present here. The main issues that may arise in these
locations are influenced by the terrain slopes, which can trigger mass movement processes.
In many cases, the presence of granite boulders could lead to falls if stability is lost during
the active phase of a project. The interior of the El Grove Peninsula (Mount Siradella) and
the western coastal margin contain extensive areas with these characteristics. Similarly, the
eastern margin of the Castrove Peninsula exhibits these same characteristics. Where surface
formations associated with alluvial fan and cone systems are present, issues arise due to
the mobile nature of these formations when stability is lost, potentially triggering mass
movements, and, where the substrate thickness is greater, minor settlements. All alluvial
fan and cone systems on the Castrove Peninsula present these issues.

Geomorphological issues appear in isolation in the rocky outcrops of the metamorphic
facies found in inland areas and at various headlands along the western coast of the
Castrove Peninsula. In these cases, the main issue stems from the steep slopes of the
residual relief morphologies. In the peninsula’s inland areas, mass movement processes
may occur when instability is reached, which is sometimes promoted by tectonic planes
of weakness in the metamorphic rocks. In coastal areas, where cliffs have significant
escarpments, rockfall problems may arise. Due to the competence of metamorphic rocks,
these locations are more suitable for civil works projects, provided that mass movement
processes are considered. The continuous monitoring of stability would be advisable, with
reinforcement in areas showing instability if necessary. Clifftop lands are not recommended
for any projects, with the suggestion being to seek suitable sites further inland.

In areas with lithological issues, where poorly cemented conglomerates situated over
marine terraces are found, geotechnical issues may be detected. It is recommended that
this layer, which generally has a thin thickness, be removed in advance [39]. The removal
of problematic lithology and the level nature of these erosion surfaces make these locations
feasible for civil works projects.

4. Conclusions

Research in the southeast margin of the Ria de Arosa has allowed for a detailed
characterization of the main lithological, geomorphological, hydrological, and geotechnical
risks in the area. The integration of geotechnical characterization maps and natural hazard
maps has facilitated the identification of areas with a greater susceptibility to one or several
types of risks, a crucial aspect for planning and managing this territory in the context of
increasing urban pressure and global climate change.

The results, based primarily on the geological and geomorphological categorization
of the territory, allow for the identification of areas susceptible to natural hazards. Ground
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instability and susceptibility to flooding, rising water tables, or settlements are the main issues
that may be triggered in this area. Zone III"! of our geotechnical characterization mapping,
where poorly consolidated substrate surface formations are found, is especially vulnerable to
geotechnical, geomorphological, and hydrological issues. The transitional areas containing
dunes and marshes around La Lanzada, as well as the alluvial deposits in the northern
part of the Peninsula of Castrove, stand out for their high environmental quality. Therefore,
there arises a need to adopt sustainable strategies to protect wetland areas and enhance the
environment’s capacity to respond to natural and anthropogenic hazards, which is largely
influenced by the large impact of tourism and infrastructure development.

On the other hand, Zone I;*, Zone I,*, and Zone IV, defined by a more competent
lithic substrate, are primarily affected by geotechnical and geomorphological problems.
This is due to their pronounced changes in slope, which increase ground instability for
construction activities. In these areas, it would be advisable to prioritize locations with
gentler slopes, a lower density of fractures or joints, and less alteration.

The preparation of these maps has created a valuable tool for decision-making in
the pre-design phases of urban planning, facilitating the identification of critical areas
that require attention and mitigation measures. This work not only contributes to our
understanding of the interaction between natural processes and human activity but also
lays the groundwork for future research and the implementation of risk management
policies that protect both the population and coastal ecosystems. Additionally, it opens
the door to a detailed analysis of high-problem areas, allowing for an examination of the
issues causing the greatest challenges. This approach enables future risk analyses that can
establish a hierarchy, revealing the relative importance of each issue in relation to others.
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Abstract: Paddy fields are essential for food security and sustaining global dietary needs, yet urban
expansion often encroaches on agricultural lands. Analyzing paddy fields and land use/land cover
changes over time using satellite images provides critical insights for sustainable food production
and balanced urban growth. However, mapping the paddy fields in tropical monsoon areas presents
challenges due to persistent weather interference, monsoon-submerged fields, and a lack of training
data. To address these challenges, this study proposed a flooding-assisted maximum likelihood
classification (F-MLC) method. This approach utilizes accurate training datasets from intersecting
flooded paddy field maps from the rainy and dry seasons, combined with the Automated Water
Extraction Index (AWEI) to distinguish natural water bodies. The F-MLC method offers a robust
solution for accurately mapping paddy fields and land use changes in challenging tropical monsoon
climates. The classified images for 1989, 2000, 2013, and 2021 were produced and categorized into
the following five major classes: urban areas, vegetation, paddy fields, water bodies, and other
lands. The paddy field class derived for each year was validated using samples from various sources,
contributing to the overall accuracies ranging from 83.6% to 90.4%, with a Kappa coefficient of
between 0.80 and 0.88. The study highlights a significant decrease in paddy fields, while urban areas
rapidly increased, replacing 23% of paddy fields between 1989 and 2021 in the watershed. This study
demonstrates the potential of the F-MLC method for analyzing paddy fields and other land use
changes over time in the tropical watershed. These findings underscore the urgent need for robust
policy measures to protect paddy fields by clearly defining urban expansion boundaries, prioritizing
paddy field preservation, and integrating these green spaces into urban development plans. Such
measures are vital for ensuring a sustainable local food supply, promoting balanced urban growth,
and maintaining ecological balance within the watershed.

Keywords: LULC change; urbanization; AWEL maximum likelihood algorithm

1. Introduction

Paddy fields are crucial for ensuring food security for over half of the global popula-
tion [1], accounting for approximately 12% of global agricultural land [2]. Changes in land
surface, particularly rapid urbanization, driven by demographic growth and expanding
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economies, increasingly threatens these vital areas [3,4], disrupts hydrological systems,
degrades soil, and causes ecosystem imbalances [5,6], leading to significant challenges for
sustainable food production and environmental conservation. Understanding how paddy
tields are affected by urbanization over time is essential not only for ensuring food security
and balanced urban growth but also for promoting environmental sustainability [7,8].

Rice is the main crop in the Lao People’s Democratic Republic where urban growth is
expected, covering more than 60% of the total agricultural land [9]. Since achieving national
rice self-sufficiency in 1999 [10], its production has mostly been on a family scale for self-
consumption [9]. Meanwhile, urbanization has been ongoing since 1986, with a recent rapid
expansion driven by new economic reforms and urban infrastructure development [11].
This growth attracted more people to urban areas, resulting in a 9.4% population increase
over the past decade [12,13], particularly in Vientiane, the capital of Laos, leading to
a significant 22% decrease in agricultural land from 2016 to 2020 [14]. Although some
studies have examined land use/land cover (LULC) changes in the Vientiane, focusing
on major land categories and short periods [14,15] may not provide sufficient information
for sustainable urban planning. In particular, the impact of urbanization on paddy fields
remains poorly understood, making detailed data on paddy field changes in this urbanizing
watershed urgently needed to inform future development strategies.

Several studies, globally, have demonstrated that urban expansion significantly en-
croaches on land suitable for rice cultivation [14,16,17]. For instance, in the Hang—Jia-Hu
plains of China, urban development replaced about 88% of paddy fields between 1980
and 2010 [18]. Similarly, urbanization in Japan and Indonesia has claimed 23.0% and
22.7% (5.68% annually) of the paddy fields from 1985 to 2019 and from 2015 to 2019, re-
spectively [19,20]. This conversion has not only threatened global food security but also
diminished the ability of paddy fields to provide vital ecosystem services, such as offering
habitats [21-23], mitigating floods [24,25], and sequestering carbon [26].

Remote sensing (RS) technology has proven its effectiveness and is extensively used for
mapping and quantifying changes in paddy fields and land use over time [27,28], offering
crucial insights into the reduction of these fields due to urbanization and its environmental
impacts. However, accurately tracking paddy field dynamics remains challenging due to
their spectral similarity to other vegetation, variations in climate, and diverse cultivation
practices [20], making algorithms highly region- and stage-dependent [29]. In contrast,
urban areas are typically characterized by spectral diversity of surface materials [30],
which differentiate them from natural surfaces like vegetation or water. This diversity
enables supervised classification methods to leverage statistical techniques, such as the
mean and covariance of the spectral values, for accurate mapping [31]. Meanwhile, in
tropical monsoon Southeast Asia, where rice cultivation heavily relies on monsoon rains,
the availability of images during the growing season is often limited due to frequent cloud
coverage. Currently, research efforts have been concentrated on efficiently mapping paddy
fields, with particular emphasis on phenology-based and supervised approaches.

The phenology-based methods leverage the unique phenological characteristics of
paddy fields, enabling the extraction of initial paddy fields as training samples. The
commonly used phenology-based method was designed to detect flooding signals during
the flooding/transplanting stage. The land surface water index (LSWI) and enhanced
vegetation index (EVI) are used as water signals and vegetation signals, respectively [32].
However, this assumption remains challenging because natural water bodies show similar
spectral characteristics to paddy fields [33]. Consequently, several strategies in different
regions have been proposed. For example, in temperate zones in China, land surface
temperature data were incorporated to define natural wetlands [34], while surface moisture
data were used to differentiate water bodies from initial flooding/transplanting events
in paddy fields [35]. Other than considering the flooding/transplanting stage, Maiti et al.
proposed the maximum greenness time approach (50-60 days after the transplanting
date) to identify paddy fields in a monsoon area where images are available during the
growing stage [36]. Most existing phenology-based methods are primarily based on
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detecting water signals during flooding/transplanting stage, and these methods rely
heavily on the time-series data of vegetation indices (VIs) to distinguish natural water
bodies derived from a moderate-resolution imaging spectroradiometer (MODIS) or Landsat.
The difficulties of these methods are that VIs do not show rapid increases in values after
the transplanting date [32,37-39]. Additionally, in a tropical monsoon climate, aside
from the limited availability of images due to frequent cloud coverage, expansion of the
submerged fields resulting from the monsoon rains during the flooding/transplanting stage
present another challenge. The AWEI enhances the differentiation between water-covered
areas and other land surfaces in complex landscapes and urban environments [40]. It
effectively reduces false positives from shadows and dense vegetation common in tropical
monsoon regions, providing a reliable method for water extraction in these dynamic
environments [41,42].

In comparison to phenology-based methods, supervised methods typically do not
require a high number of images and impose no restrictions on any stage of rice growth for
classification [43]. One commonly used supervised approach is the maximum likelihood
classification (MLC) algorithm, which requires a cloud-free optical band reflectance image.
This algorithm assumes a normal distribution of spectral data for each class [44], making
it particularly suitable for classifying homogeneous paddy fields at harvest time, where
their spectral characteristics align with this assumption. It has been applied successfully
in various regions to classify paddy fields, including the rainiest area in Iran [45], the
tropical monsoon region in Myanmar [46], and a complex land surface area in Turkey [47].
Meanwhile, the algorithm leverages multiple normal distributions to represent different
surface materials in urban areas, facilitating the classification of urbanization and effectively
distinguishing urban areas from natural surfaces. This approach has been successfully
used in various regions [44,48]. However, the MLC algorithm requires training data to
perform the classification, and in some regions, such as paddy fields, statistical samples
may not be available. Therefore, the issue of sample scarcity remains a significant challenge
for classification using supervised approaches.

Analyzing long-term changes in paddy fields and other land uses is crucial for un-
derstanding the impact of urban expansion on rice cultivation over time. A few studies
have focused on long-term paddy field mapping by using phenology-based or super-
vised approaches. Carrasco et al. extended the Landsat-RICE algorithm developed by
Dong et al. [49] to map and quantify paddy field changes in Japan from 1985 to 2019 [20].
Their algorithms used a large number of images and applied specific thresholds for the
normalized difference vegetation index (NDVI) to differentiate flooded paddy fields from
natural water bodies. However, threshold values vary greatly across regions, potentially
leading to an inaccurate mapping of active paddy fields. Jiang et al. mapped changes in
paddy fields from 1990 to 2015 by using the NDVI difference between specific stages to iden-
tify the paddy fields [28]. In some regions, particularly tropical monsoon areas, monsoon
rains can cause low NDVI values even during the growing stage. More recently, Zhang et al.
proposed a phenology-assisted supervised method to map paddy fields in Heilongjiang
Province, China, from 1990 to 2020 [43]. Their initial paddy field map was created by
combining water-based and vegetation-based algorithms. However, both algorithms may
overestimate paddy fields due to spectral similarities during the flooding/transplanting
and growing stages. To avoid overestimating, we proposed a new approach to distinguish
between monsoon-submerged fields and paddy fields by intersecting flooded paddy field
maps from the rainy and dry seasons while using AWEI to exclude natural water bodies.
This map is subsequently used to prepare training sample points for the MLC classifier.
Based on the paddy fields’ classification, we consider the factors on urban expansion and
paddy fields to have decreased. Also, we would like to discuss rice production for food
security in the study area.

The specific objectives of this study include the following: (1) map the paddy fields
in an urbanizing tropical monsoon area using a proposed approach with Landsat images;
(2) analyze spatiotemporal variations to understand the pace, magnitude, and conversion
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of LULC classes, with a particular focus on paddy fields; (3) examine how factors such as
distance from roads and population density contribute to the reduction of paddy fields
and rapid urbanization; and (4) estimate rice production based on spatiotemporal data of
paddy fields.

2. Materials and Methods
2.1. Study Area

The Mak Hieo River (MHR) watershed, located in Vientiane (17°53/30” N-18°530" N
latitude and 102°31'0” E-102°56'0" E longitude), the capital of Lao People’s Democratic
Republic, is an urbanizing watershed situated in the southern part of Vientiane. Figure 1
shows the geography and transportation infrastructure of this watershed, which covers
an area of 454 km? and is drained by the river, a sub-tributary of the Mekong River. The
region experiences a tropical monsoon climate with two dominant seasons—the wet season
(May—-November) and the dry season (December—April). Rice cultivation, a major crop
in this study area, is divided into rainfed and irrigated types, with rainfed rice being the
dominant form. Transplanting takes place from June to July and from mid-December
to mid-February, while harvesting occurs from mid-October to mid-December and from
mid-April to May in the rainy and dry seasons, respectively [50]. Vientiane, especially
within this watershed, is undergoing rapid urbanization [14], which poses challenges to
rice cultivation, such as urban infrastructural development, rural-urban migration [13],
aging irrigation pumps [51], and poor water retention due to sandy soil [52,53], all of which
may contribute to the conversion of paddy fields within the watershed.
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Figure 1. Location map of the study area.

2.2. Landsat Data and Preprocessing
2.2.1. Data Acquisition

In this study, the collection 2 Level-1 (C2 L1) top-of-atmosphere reflectance and Level-
2 (C2 L2) surface reflectance products of Landsat 5 TM (1989, 2000) and Landsat 8 OLI
(2013, 2021) were obtained at path/row (128/48) from the United States Geology Survey
(USGS) [54], with a spatial and single temporal resolution of 30 m and 16 days, respectively
(Table 1). Figure 2 shows the alignment of the rice growing stages with rainfall data, which
guided the selection of multitemporal images with low rainfall accumulation and low cloud
cover during the flooding/transplanting stage (day of the year (DOY): 152-210 [1 June-31
July]), (DOY: 349—46 [15 December—14 February]), and harvesting stage (DOY: 288-348 [15
October-14 December]). Due to frequent cloud cover during the late transplanting to early
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harvesting stages in the rainy season, some images from the early transplanting stage in
the closest year were also used, ensuring no rainfall on the acquisition date.

Table 1. Usable Landsat images in the study.

Spatial Flooding/Transplanting Stage Harvesting Stage
Year Satellite/Sensor .
Resolution Acquisition Date CC P DOY  AcquisitionDate CC P DOY
30 June 1989 <1 0 181 21 November 1989 0 0 325
16 July 1989 <1 0 197 23 December 1989 0 0 357
1989  Landsat5TM 30m x 30 m 21 January 1989 0 0 2
06 February 1989 <1 0 37
27 May 2000 <10 0 148 03 November 2000 0 0 308
15 June 2001 <20 3 166 21 December 2000 0 356
01 July 2001 <10 0 182
2000  Landsat5TM 30m x 30 m 04 January 2000 0 0 4
06 January 2001 0 0 6
22 January 2001 0 0 22
16 June 2013 <5 0 167 06 October 2013 0 0 279
10 January 2014 0 0 10 23 November 2013 0 0 327
2013 Landsat8 OLL ~ 30mx30m  »gy. ) ary 2014 0 0 26  09December2013 0 0 343
27 February 2014 0 0 58
22 June 2021 <1 143 173 13 November 2021 0 0 317
27 July 2022 <10 0 203 29 November 2021 0 0 333
2021 Landsat8OLI ~ 30m x 30m 31 December 2021 0 0 365 15 December 2021 0 0 349
08 January 2022 0 0 8
16 January 2022 <10 0 16

CC = cloud cover (%); P = precipitation (mm).

In addition, we obtained daily rainfall data from the Department of Meteorology and
Hydrology (DMH) of Laos, while the available statistical LULC maps for the years 2000,
2010, and 2021 were sourced from the Ministry of Agriculture and Forestry (MAF) of Laos,
in which paddy fields are included as a sub-category of cropland. For further analysis of
the factors influencing LULC changes, two explanatory factors—road networks (gathered
from the official OpenStreetMap website [55]) and population density (derived from Lao
Statistics Bureau [13])—were used to examine the significant decrease in paddy fields
due to urbanization. These two socioeconomic factors are valuable for explaining LULC
changes, especially given the limited accessibility of spatial data. We further analyzed the
impacts of the regulated zones for urban expansion and industrial development outlined
in the 2030 Vientiane Plan, obtained from the Ministry of Public Works and Transport
(MPWT) [56]. Additionally, a field investigation was conducted to collect ground data and
discuss rice-growing conditions with farmers in the study area.

2.2.2. Pre-Processing

All Landsat 5 TM and Landsat 8 OLI images used in this study were atmospherically
corrected to surface reflectance for minimizing atmospheric effects, particularly the scenes
used for vegetation index calculation [57,58]. This includes the terrain-corrected (L1T) and
geometric-corrected images obtained using the Landsat ecosystem disturbance adaptive
processing system (LEDAPS, Landsat TM) [59], and land surface reflectance code (LaSRC,
Landsat OLI) [60]. Subsequently, relative radiometric correction or normalization was
performed using metadata parameters to remove atmospheric effects via the SCP-plugin
in the QGIS 3.28.3 software [61]. The pixels dominated by clouds and cloud shadows
were removed using the Fmask algorithm, which has been extensively applied to Landsat
imagery [62,63]. This process was carried out using the Cloud Masking plugin (version
23.3.30) in QGIS (version 3.28.3), which facilitates the implementation of Fmask by allowing
users to define key parameters. In this study, a cloud probability threshold of 0.2 (20%)
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was set, meaning that pixels with a probability score of greater than 20% were classified
as clouds. Additionally, a 1-pixel buffer was applied to the cloud and shadow masks
to enhance classification accuracy at the boundaries. The band combination (5/4/3 for
Landsat 5) was utilized to effectively identify cloud and cloud shadow features. These
boundaries were categorized as missing value or “no data” pixels [64] and masked in the
corresponding bands to perform the calculation of vegetation indices.
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Figure 2. Referenced daily rainfall: 1989 (a), 2000 (b), 2013 (c), 2021 (d), and rice crop calendar in Laos
(e) modified from FAO [65].

The socioeconomic factors (independent variables) were prepared for two different
periods (2013 and 2021) as raster data with equal resolution (30 m x 30 m). The distance
to roads was generated using the Euclidean Distance Tool in ArcMap 10.8.1 [66,67], while
the population density was calculated from the ratio of population to the corresponding
district’s area and then converted from vector polygons to raster maps. To ensure compa-
rability, these raster datasets were standardized before extracting the pixel values [67,68].
The dependent variables represented LULC classes, and each class was expressed by a
binary value of “0” or “1”. A value of “1” would indicate that a change had occurred,
while a value of “0” would indicate that no change had occurred within a period [69,70].
The Extract Multi-Value to Points Tool in ArcMap 10.8.1 was employed to extract to raster
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values of both variable types at the same coordinate system (X, Y). Finally, the attribute
table was exported in a dBASE format for statistical analysis in SPSS.

2.3. Methods

Figure 3 illustrates the conceptual framework of this study. To specifically detect the
paddy field areas, we developed a new approach using a flooding-assisted supervised
algorithm that focuses on the flooding/transplanting and harvesting stages. The approach
is divided into four main steps. First, the multitemporal satellite data were collected and
selected during flooding/transplanting and harvesting stages, based on daily observed
rainfall accumulation. Various sources of the training sample data were also gathered.
Second, in pre- and processing, cloud pixels were removed through masking, and spectral
indices were calculated to generate an initial paddy field map by masking the monsoon
water boundaries. This process provided training data points for the paddy field class in
the MLC algorithm, while training data for the other classes were also included. Third, the
output LULC maps were created and processed to assess classification accuracy. Finally, a
post-classification analysis on change detection was conducted. Additionally, the collected
socioeconomic factors and rice yield data were used for influencing factor analysis and for
estimating rice production, respectively.
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Figure 3. Methodological flowchart for detecting paddy fields and other classes.

2.3.1. Calculation of Vegetation Indices

We selected and calculated three vegetation indices—EVI, LSWI, and AWEI—using

Equations (1)-(3). EVI is more sensitive to crop vegetation and reduces atmospheric inter-
ference compared to NDVI [36,71], making it particularly suitable for tropical monsoon
climates characterized by high humidity and dense canopies due to seasonal rainfall [38].
LSWI is specifically designed to assess moisture content in vegetation and soil, enhancing
its effectiveness in these climates, particularly in areas with dense vegetation and high
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moisture levels [29,32]. Importantly, AWEI addresses water extraction challenges in com-
plex landscapes, as proposed by Feyisa et al. [40]. It effectively reduces false positives and
demonstrates superior performance in distinguishing water bodies from non-water fea-
tures compared to other water extraction indices, particularly in tropical monsoon climates,
where a simple threshold of greater than 0 was used [41].

(pnir - Pred)
EVI=25 1
Pnir + (6 X pred) - (7'5 X pblue) +1 ( )
LSWI = (Pnir - Pswirl) (2)
(Pnir + Pswirl)
AWEI, = Oblue + 2.5 X QPgreen — 1.5 x (Pnir =+ Pswirl) —0.25 X Oswir2 3)

where Opie, Ogreens Oreds Pnirs Pswirl, AN Pgyiro are the values of wavelength in micrometer
(um). These ranges were (0.45-0.51) blue, (0.53-0.59) green, (0.64-0.67) red, (0.85-0.88)
near-infrared, (1.57-1.65) shortwave infrared 1, and (2.11-2.29) shortwave infrared 2 in the
Landsat OLI sensor, respectively. The subscript “sh” in the equation serves as an effective
elimination of nonaqueous pixels.

2.3.2. Flooded Paddy Field Detection

In this study, the flooded/transplanting algorithm developed by Xiao et al. is
employed (Equation (4)) [32]. This algorithm is designed to detect flooding signals
of paddy fields during the flooding/transplanting stage, using a threshold of 0.05.
However, natural water bodies may also be detected as flooded paddy fields at this
stage. To address this concern, we focused on the harvesting stage, when the extent of
natural water surfaces, including wetlands, increases due to accumulated monsoon rains
and the paddy fields are dried up for harvesting work. We employed the AWEI to obtain
these water surfaces [41]. Then, the actual flooded paddy field maps for the rainy and
dry seasons were extracted by individually intersecting the natural water surfaces with
the flooded paddy fields for each season.

1, if LSWI+0.05 > EVI
0, otherwize

Flooded / Transplanting paddy fields = { 4)

Finally, the initial paddy field map was generated by intersecting the actual flooded
paddy field maps from the rainy and dry seasons (Figure 4), which helped eliminate
submerged fields caused by monsoon rains. The combined use of these maps reduces
uncertainties and, fortunately, dry season rice in the study area is not affected by clouds or

rainfall, making it a more reliable data source.

2.3.3. Derivation of Training Samples
a. Paddy fields

The obtained initial paddy field map above was utilized to create the training data.
The original map still contained uncertainties, then a spatial filter technique with a3 x 3
window size was applied to generate the training data [43]. We converted the raster map
into point data using ArcMap for each year independently to ensure unbiased and consis-
tent sampling across the time periods. The sample points were aligned with the “paddy
rice” category in the statistical LULC maps and matched the shape of paddy plots as visu-
alized in high-resolution Google Earth imagery. Unfortunately, the statistical LULC map
for 1989 is not available, so the training sample points were randomly collected using the
initial paddy field map, and they were referenced based on the nearest existing abandoned
irrigation channels and information obtained from local people during field investigation.

b.  Non-paddy fields
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The non-paddy field class was categorized into the following four groups: urban areas,
vegetation, water bodies, and other lands. Since these land cover classes are sensitive to
spectral band reflectance, band combinations were used to digitize training samples. To
enhance the accuracy of digitization, sample points for the non-paddy field classes were
randomly collected from the statistical LULC maps (2000, 2010, and 2021) independently
for each class and year. These points were then cross-referenced with high-resolution
Google Earth imagery for refinement. In 1989, due to the unavailability of a statistical
LULC map, training samples were primarily determined based on band combinations and
geographical features rather than pre-selected points. According to the USGS, the optimal
band combinations for identifying urban areas and vegetation using Landsat TM are 7/5/3
and 5/4/3, respectively [72], while training sample points for water bodies class were
randomly selected from the 1989 monsoon water map processed with AWEI > 0.
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Figure 4. The initial paddy field maps for 1989 (a); 2000 (b); 2013 (c), and 2021 (d).

2.3.4. Image Classification

In this study, the MLC algorithm was selected to classify the paddy field class and
other LULC classes. The algorithm uses probability theory to classify each pixel into
the class it most likely belongs to, based on the highest probability from its spectral
reflectance pattern [73]. This method is particularly effective for rice plants, which
exhibit unique reflectance characteristics throughout their growth stages, especially with
homogeneous biomass at harvest, aligning well with the normal distribution assumed
by the algorithm. A cloud-free image with multispectral bands from the harvesting stage
was used to precisely classify the paddy fields and other LULC classes for each year. The
prepared training samples for the corresponding years and classes were input into the
ArcGIS 10.8.1 software to carefully digitize the areas of interest (AOIs) surrounding the
training sample points with similar spectral patterns for each class in two categories as
follows: (a) Paddy fields: We collected 442 AQOIs (10,347 pixels), 244 AQOIs (8291 pixels),
204 AOIs (7583 pixels), and 162 AOIs (3044 pixels) over band combination to represent
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residual rice biomass training samples for 1989, 2000, 2013, and 2021, respectively;
(b) Non-paddy fields: We collected 466 AOIs (16,252 pixels), 542 AOIs (9715 pixels),
513 AOIs (11,167 pixels), and 489 AQOIs (10,158 pixels) for the year 1989, 2000, 2013, and
2021, respectively, covering all four classes. Given the numerous spectral reflectance
analyses, we divided the training datasets into 27, 28, 35, and 30 subclasses for the
years 1989, 2000, 2013, and 2021, respectively. These subclasses were then grouped into
five classes for the corresponding years, as shown in Table 2.

Table 2. LCLU classes description in the MHR watershed.

LULC Classes Description
Urban area Built-up areas and roads, all constructions included golf courses, airport, industrial areas, and others.
Vegetation Deciduous forest, unstocked forest, gallery forest, plantation, bamboo, savanna, and shrubs.
Paddy fields Active rice paddy.
Water bodies Rivers, channels, ponds, lakes, and marshlands.
Other lands Residues of major LULC classes: fallow paddy fields, developing lands, other crops, etc.

2.4. Accuracy Assessment

Assessing the accuracy of classified images is critical for determining the reliability of
the classification process [74,75]. In this study, validation data were collected from multiple
sources for each year of classified images. Following standard practice, 250 validation
points were generated using a stratified random sampling method for the years 1989,
2000, and 2013. Additionally, 50 points were allocated for each class across all years,
including 2021. Field investigations were conducted in December 2022 and July 2023 to
collect ground-truth data using a smartphone GPS camera (Figure 5). These data were then
cross-referenced with high-resolution Google Earth imagery to ensure accurate coordinates
for 2021. For the years 2000 and 2013, validation relied on statistical LULC maps for the
corresponding years, along with checks against the closest-date available high-resolution
Google Earth images. For 1989, validation was divided into paddy fields and non-paddy
fields as follows: (a) Paddy fields: We adopted the method from Dong et al. using the
best optical Landsat TM images from 16 July 1989, performing a 5/4/3 band combination
that highlighted paddy fields in a distinctive dark blue tone (Appendix A Figure A1) [49],
enabling the verification of points based on flooding pixels. Importantly, a monsoon water
layer was added to exclude non-transplanted pixels, and there was no rainfall (0.0 mm)
recorded on this date. (b) Non-paddy fields: The same procedure was applied using images
from 21 November 1989, to identify corresponding LULC class territories.
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Figure 5. The ground-truth data samples in the MHR watershed from field survey in 2022 and 2023.
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Furthermore, an accuracy assessment was performed using well-known measures as
defined by Seyam et al. [44] and Ouedraogo et al. [76], as outlined in Equations (5)—(8).
The user’s accuracy (UA), producer’s accuracy (PA), overall accuracy (OA), and kappa
coefficient (K) are presented in the error matrix tables for the years 1989, 2000, 2013, and
2021. UA measures how many of the classified pixels, in fact, belong to that class, while
PA measures how well a certain class has been correctly classified by the algorithm. OA
represents the ratio of correctly categorized pixels to all validated pixels across all classes.
Additionally, K is a statistical measure used to assess the agreement between classified
and validated data, with values close to 0 indicating slight agreement and values close to 1
indicating an almost perfect agreement [74,77].

UA (%) = (;C”) x 100 ®)
+i

PA (%) = (;‘”) % 100 )
i+

OA (%) = % x 100 @)

o NEE v — X (i)
N2 =¥ (i)
where r represents the number of classes, N is the total number of reference samples, x;;
represents the count of correctly classified samples in column i and row i, x;, represents the
sum of samples in column i, and x,; is the sum of samples in row i in the confusion matrix.
To further compare results, the paddy field maps were analyzed alongside statistical
LULC maps from the MAF, which were developed through a national-level classifica-
tion system for Lao PDR to monitor LULC changes in Laos, particularly in forest and
agricultural lands. The MAF maps categorize LULC into seven primary categories and
twenty subcategories, with paddy fields included as a subcategory (i.e., rice paddy) under
cropland. The vector maps were converted to a 30 m x 30 m resolution, allowing for a
spatial comparison of the “rice paddy” category for 2000, 2010, and 2021 with the paddy
fields identified in this study for 2000, 2013, and 2021. The year 1989 was excluded from
the comparison due to the unavailability of MAF maps prior to 2000. These comparisons
are expected to enhance the reliability of paddy field detection in the current study.

®)

2.5. Analysis of the Explanatory Factors

Roads and population density are closely linked to urbanization, with roads enabling
access and growing populations driving the demand for land. These two factors were
analyzed for 2013 and 2021 (Figure 6) using a binary logistic regression model to illustrate
spatial changes in the paddy fields and urban expansion. This approach is commonly
used to verify the relationship between LULC classes and explanatory factors in terms of
spatial changes [67,78], as shown in Equation (9). The analysis was conducted using SPSS
27 software by inputting dependent variables (LULC classes) and independent variables
(socioeconomic factors). The model’s performance was measured by the area under the
curve (AUC) analysis. AUC values range from 0 to 1; values between 0.5 and 0.7 denote
slight accuracy, values of 0.7 and 0.9 show acceptable accuracy, and values above 0.9
indicate exceptional precision [79].

Log 155 ) = Bo-t BrXa + BaXa ©)

where P is the grid cell probability of an absolute LULC class; (3¢ is the intercept; 31 and (3,
are the logistic regression coefficients for road distance and population density, respectively,
with respect to each LULC class; X; and X; represent the road distance and population
density factors, respectively.
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Figure 6. Spatial explanatory factors, road distance (m) for 2010 (a) and 2021 (b), and population
density (person/ km?) for 2015 (c) and the projection for 2020 (d).

Further analysis using the regulated / permitted boundaries for urban expansion and
industrial development outlined in the 2030 Vientiane plan published by the Ministry of
Public Works and Transport [56] overlaid these boundaries onto the classified maps of 2013
and 2021 to identify how they impacted the reduction in paddy fields within the watershed.

2.6. Change Detection and Estimating Rice Production in the Study Area

Detecting LULC changes, particularly in paddy fields, is crucial for sustainable agricul-
tural practices and environmental conservation [80]. Analyzing the conversion matrix and
trends in paddy fields reveals how these areas have shifted over time, providing essential
insights for promoting sustainable land use, enhancing food security, and optimizing urban
growth. In this study, we examined the periods of 1989-2000, 2000-2013, 2013-2021, and
1989-2021 by converting classified raster images into vector layers using ArcMap 10.8.1
software. We then intersected the initial and final layers to generate conversion information
for each LULC class, including the paddy fields. This approach allowed us to construct
conversion matrices that track transitions between land use categories over time. The
conversion matrices provided valuable insights into changes in the paddy fields, enabling
us to identify spatial patterns and trends. By analyzing these trends from 1989 to 2021,
we provide critical information for stakeholders to anticipate future land use changes and
take proactive measures to mitigate negative impacts, supporting sustainable development
goals in the watershed.

Additionally, to understand the critical influence of an increasing population on
rice production, we estimated the quantity of rice demand and harvested rice based on
population growth and the temporal paddy field areas derived from the LULC maps.
This analysis is essential for ensuring food security and guiding resource management in
response to the growing needs of the population. Rice demand was estimated based on
the population within the watershed in a specific year and the per capita rice consumption
rate. As is well known, rice is the primary grain consumed in Laos, with the annual
consumption averaging about 350 kg of un-milled rice per capita [81,82]. Meanwhile, the
amount of harvested rice was calculated by multiplying the rice yield by the total area of
rice production during wet and dry seasons within the watershed. Statistical data on rice
yield (for 1989, 2000, 2013, and 2021) and population census data (for 1995, 2005, 2015, as
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well as projected for 2021) were obtained from the Lao Statistics Bureau [13]. Temporal
data of paddy field areas were based on the current study’s results.

3. Results
3.1. Characteristics of LULC Changes in the MHR Watershed

In the MHR watershed, five LULC classes, namely urban areas, vegetation, paddy
fields, water bodies, and other lands, were classified using Landsat images, as shown in
Figure 7. Table 3 presents the statistical area coverage and percentage of each LULC class
for four periods (1989, 2000, 2013, and 2021). In 1989, the major coverage classes were
paddy fields and vegetation, accounting for 165.67 km? (36.48%) and 176.61 km? (38.89%),
respectively. By 2021, urban areas predominantly increased to occupy 143.92 km? (31.69%).
Over the four time periods, paddy fields showed a consistent decline (Figure 8). Signifi-
cant declines occurred between 2000-2013 and 20132021, with 40.59 km? (—24.87%) and
31.27 km? (—25.50%) in paddy fields, respectively (Table 4). Conversely, urban areas saw a
significant expansion—a 116.43 km? (423.62%) increase from 1989 to 2021. While urban
areas are still growing, the amount of new urban land added in each successive period
is less than in the previous one. Nevertheless, the highest annual growth rate occurred
during 2013-2021, with an increase of 7.14 km? (8.23%) per year (Table 5). Vegetation area
experienced a dramatic decline of 71.40% (Table 4), most notably between 1989 and 2013,
where it decreased from 176.61 km? (38.89%) to 70.86 km? (15.61%) (Table 3). The most
significant rate of reduction, 5.19 km? (3.75%) per year, occurred between 2000 and 2013
(Table 5), coinciding with the period just before urban expansion accelerated. Meanwhile,
the other lands class expanded during the same period of declining vegetation, increas-
ing from 67.49 km? (14.86%) in 1989 to 86.03 km? (18.95%) in 2000, and then doubling to
160.01 km? (35.51%) by 2013 before a slight decrease to 156.51 km? (34.47%) in 2021 (Table 3).
Water bodies covered 16.84 km? (3.71%) in 1989 but declined to 11.81 km? (2.60%) by 2021
(Table 3), reflecting a slight decrease of 29.88% between 1989 and 2021 (Table 4). The most
notable decreases occurred between 2000-2013 and 2013-2021, with annual rates of 1.18%
and 1.82%, respectively (Table 5).
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Figure 7. Classified LULC maps of the MHR watershed in 1989, 2000, 2013, and 2021.
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Table 3. LULC patterns of the MHR watershed in 1989, 2000, 2013, and 2021.

1989 2000 2013 2021
LULC Cl
ass Area (km?) % Area (km?) % Area (km?) % Area (km?) %
Urban area 27.49 6.05 50.16 11.05 86.78 19.11 143.92 31.69
Vegetation 176.61 38.89 138.38 30.47 70.86 15.61 50.51 11.12
Paddy fields 165.67 36.48 163.20 35.94 122.61 27.00 91.34 20.12
Water bodies 16.84 3.71 16.32 3.59 13.82 3.04 11.81 2.60
Other lands 67.49 14.86 86.03 18.95 160.01 35.24 156.51 34.47
Total area 454.10 100 454.09 100 454.08 100 454.09 100
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Figure 8. Change in Areas of LULC Classes in the MHR Watershed from 1989 to 2021.
Table 4. Area change in each LULC class over the MHR watershed.
1989-2000 2000-2013 2013-2021 1989-2021
LULCCl1
ase Area (km?) % Area (km?) % Area (km?) % Area (km?) %
Urban area 22.68 82.51 36.62 73.00 57.14 65.84 116.43 423.62
Vegetation —38.23 —21.65 —67.52 —48.79 —20.35 —28.72 —126.10 —71.40
Paddy fields —2.48 —-1.49 —40.59 —24.87 —-31.27 —25.50 —74.33 —44.87
Water bodies —0.52 —3.08 —2.50 —15.32 —2.01 —14.56 —5.03 —29.88
Other lands 18.54 27.48 73.98 85.99 —3.50 —2.19 89.02 131.91
Table 5. Annual Rate of LULC change in the MHR watershed.
1989-2000 2000-2013 2013-2021 1989-2021
LULCCl1
ass Area (km?) % Area (km?) % Area (km?) % Area (km?) %
Urban area 2.06 7.50 2.82 5.62 7.14 8.23 3.64 13.24
Vegetation —3.48 —1.97 —5.19 —3.75 —2.54 —3.59 —3.94 -2.23
Paddy fields -0.23 —0.14 -3.12 -1.91 —3.91 —3.19 —2.32 —1.40
Water bodies —0.05 —0.28 —0.19 —1.18 —0.25 —1.82 —-0.16 —0.93
Other lands 1.69 2.50 5.69 6.61 —0.44 —0.27 2.78 4.12

3.2. Classification Accuracy

The accuracy assessments of the classified images for 1989, 2000, 2013, and 2021 were
performed using the validation data described in Section 2.4, and the results showed that
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the classified images had reasonable accuracies (Table 6). The overall accuracies were
83.6%, 89.6%, 87.6%, and 90.4% in the years 1989, 2000, 2013, and 2021, respectively, while
the Kappa coefficients were 0.80, 0.87, 0.85, and 0.88, respectively. The paddy field class
achieved UA values of between 72% and 88% and PA values of between 86% and 92%,
indicating some misclassification issues. The PA consistently being higher than the UA
suggests that while a high proportion of actual paddy fields were correctly classified (high
PA), some non-paddy field areas were mistakenly classified as paddy fields (lower UA). For
example, the UA for paddy fields in 2021 is 84%, indicating the F-MLC method correctly
classified paddy fields according to the validation data. However, 16% of the classified
paddy fields were overestimated, coming from other lands and water bodies. Meanwhile,
PA achieved 91%, reflecting that the actual paddy fields were correctly classified by the
F-MLC method, although 9% of actual paddy fields were misclassified as other lands.
Moreover, the water bodies class achieved UA values ranging from 94% to 96% and
PA values from 92% to 96%, demonstrating successful water extraction. This accurate
water classification contributed to the enhanced classification of paddy fields by reducing
potential confusion between these classes.

Table 6. Error matrix of the classification accuracy for the year 1989, 2000, 2013, and 2021.

Year LULC UB VE PF WB oL Total UA (CE) % K
1989 Urban area 43 2 1 0 4 50 86 (14) 0
Vegetation 2 44 0 0 4 50 88 (12) 0
Paddy field 2 1 36 2 9 50 72 (28) 0
Water bodies 0 0 2 47 1 50 94 (6) 0
Other land 1 7 3 0 39 50 78 (22) 0
Total 48 54 42 49 57 250 0 0
PA (OE) % 89 (11) 81 (19) 86 (14) 96 (4) 68 (32) 0 83.6 0
K 0 0 0 0 0 0 0 0.80
2000 Urban area 45 0 0 1 4 50 90 (10) 0
Vegetation 0 48 0 0 2 50 96 (4) 0
Paddy field 0 0 44 1 5 50 88 (12) 0
Water bodies 0 0 2 48 0 50 96 (4) 0
Other land 3 5 2 1 39 50 78 (22) 0
Total 48 53 48 51 50 250 0 0
PA (OE) % 94 (6) 91 (9) 92 (8) 94 (6) 78 (22) 0 89.6 0
K 0 0 0 0 0 0 0 0.8
2013 Urban area 46 0 0 0 4 50 92 (8) 0
Vegetation 0 48 0 0 2 50 96 (4) 0
Paddy field 1 1 39 1 8 50 78 (22) 0
Water bodies 0 0 1 48 1 50 96 (4) 0
Other land 2 3 5 2 38 50 76 (24) 0
Total 49 52 45 51 53 250 0 0
PA (OE) % 94 (6) 92 (8) 86 (14) 94 (6) 72 (28) 0 87.6 0
K 0 0 0 0 0 0 0 0.8
2021 Urban area 46 1 0 0 3 50 92 (8) 0
Vegetation 1 47 0 1 1 50 94 (6) 0
Paddy field 0 0 42 2 6 50 84 (16) 0
Water bodies 0 0 1 48 1 50 96 (4) 0
Other land 2 1 3 1 43 50 86 (14) 0
Total 49 49 46 52 54 250 0 0
PA (OE) % 94 (6) 96 (4) 91 (9) 92 (8) 80 (20) 0 90.4 0
K 0 0 0 0 0 0 0 0.8

UB—urban area; VE—vegetation; PF—paddy fields; WB—water bodies; OL—other lands; CE—commission

errors; OE—omission errors.

These accuracy metrics reveal key sources of error in the classification when compared
to the validation data. The lower UA suggests that some overestimations of paddy fields
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resulted from spectral similarities between the paddy fields and other land classes, such as
fallow land or grasses. The slightly lower PA indicates that some actual paddy fields were
misclassified as other land classes, reflecting the challenges of distinguishing paddy fields
in complex landscapes. However, the algorithm has proven to be reliable and applicable
for classifying paddy fields. Furthermore, the four LULC maps generated were found to
be reasonable and suitable for further analysis, particularly for assessing the dynamics of
paddy fields in the MHR watershed from 1989 to 2021.

3.3. Comparison of F-MLC'’s Paddy Fields with the Statistics

The comparison between the paddy field class derived from the current study and
those from the MAF shows high agreement across all three periods (2000, 2013, and 2021),
with a particularly strong alignment with 2000 (Figure 9). Overall, the trend indicates that
paddy fields in this urbanizing watershed have been decreasing, while non-paddy field
areas have expanded from 2000 to 2021 in both maps. The zoomed-in analysis of a peri-
urban area revealed that the MAF map identified a larger area of paddy fields compared to
the F-MLC map in all three periods (Figure 9al—cl).
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Figure 9. Spatial comparison and percent coverage: (a) 2000, (b) 2013, and (c) 2021 show spatial
overlay of paddy fields between F-MLC and MAF’s maps; (al-c1) provide detailed zoom-ins of the
spatial overlay; (a2-c2) indicate the percent coverage of both maps in the watershed.

To clarify this, we further validated the MAF map using the 2021 ground datasets for
other land classes to determine the proportion of paddy fields mapped by both MAF and
F-MLC that belong to other land classes. The results indicated that the MAF map overesti-
mated paddy fields, with 38% of the areas classified as paddy fields actually belonging to
other land classes, whereas the F-MLC map showed only a 13% overestimation.
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3.4. Conversion Matrix and Trend of LULC Changes in the MHR Watershed

The conversion matrix of LULC changes illustrates the transitions among five LULC
classes in the study area across the following four periods: 1989-2000, 2000-2013, 2013-2021,
and 1989-2021 (Table 7). A significant transition of paddy fields and vegetation to urban
areas and abandoned land was observed. Urban expansion had a notable impact on
large areas of paddy fields and vegetation, especially during the periods 2000-2013 and
2013-2021, leading to the conversion of approximately 8.27 km? and 8.12 km? and 9.03 km?
and 3.60 km? of these land classes, respectively. From 1989 to 2021, paddy fields and
vegetation were predominantly converted into fallow and deforested lands, under the
other land classes. This transition became more pronounced between 2000 and 2021, with
about 51.70 km? of paddy fields and 54.34 km? of vegetation converted into other land
classes during 2000-2013, and 39.01 km? of paddy fields and 24.54 km? of vegetation
converted during 2013-2021. Additionally, the other land classes were transformed into
urban areas, covering up to 48.64 km? between 2013 and 2021. This suggests that fallow
and deforested lands served as preparatory stages for urban expansion rather than being
left abandoned. Moreover, urban growth between 1989 and 2021 replaced approximately
2.51 km? of water bodies. Despite this loss, new artificial ponds as the water body class
were created on former paddy fields for agricultural purposes, contributing to gains of
2.15 km? between 1989 and 2021. While a general decline in paddy fields was evident,
the expansion of paddy fields to the middle and downstream parts of the watershed
was observed during the periods 1989-2000 and 2000-2013, occurring at the expense of
vegetation and accounting for 12.68 km? and 8.66 km?, respectively.

Table 7. LULC conversion matrix of the MHR watershed for 1989-2000, 2000-2013, 20132021, and
1989—2021.

2000 Image (km?), Gain

LULC Class

UB (%) VE (%) PF (%) WB (%) OL (%) Total
Urban area 2429 (88.35) 0.77 (2.81) 0.68 (2.47) 0.14 (0.51) 1.59 (5.85) 27.47
Vegetation 5.54 (3.14) 12696 (71.94) 1268 (7.18) 0.87 (0.49) 3042 (17.24) 17648
Paddy fields 484 (2.92) 2.19 (1.32) 137.66 (83.10) 2.08 (1.25) 1888 (11.40)  165.65

2 y
1989 Image (km?), Loss e podies 1.39 (8.25) 0.20 (1.18) 2.30 (13.66) 12.70 (75.43) 0.25 (1.48) 16.84
Other lands 14.06 (20.86) 8.18 (12.14) 9.85 (14.61) 0.53 (0.78) 3480 (51.62) 6742
Total 50.12 13831 163.17 1631 85.94 453.86

2013 Image (km?), Gain

Urban area 47.14 (94.03) 0.52 (1.04) 0.62 (1.24) 0.36 (0.72) 1.49 2.97) 50.13
Vegetation 8.12 (5.88) 65.61 (47.47) 8.66 (6.26) 1.47 (1.07) 5434(39.32) 13821
Paddy fields 8.27 (5.07) 1.65 (1.01) 99.00 (60.68) 2,54 (1.55) 5170 31.69)  163.16

2 y
2000 Image (km?), Loss  \y.or bodies 0.83 (5.12) 0.18 (1.08) 0.83 (5.11) 8.39 (51.45) 6.08 (37.25) 1631
Other lands 2235 (26.00) 2.82 (3.28) 13.46 (15.67) 1.05 (1.22) 4627 (5383) 8595
Total 86.71 70.79 122,57 13.81 159.88 453.77

2021 Image (km?), Gain

Urban area 81.71 (94.21) 1.07 (1.23) 1.21 (1.40) 0.69 (0.80) 2.05 (2.37) 86.73
Vegetation 3.60 (5.09) 39.99 (56.50) 1.99 (2.81) 0.65 (0.92) 2454 (3468) 7078
Paddy fields 9.03 (7.37) 0.31 (0.25) 73.41 (59.89) 0.83 (0.67) 3901 (31.82) 12257

2 Yy
2013 Image (km?), Loss  \y.or bodies 0.83 (5.99) 0.11 (0.82) 0.57 (4.12) 7.57 (54.78) 474 (34.28) 13.81
Other lands 48.64 (30.42) 8.98 (5.62) 14.15 (8.85) 2.07 (1.29) 86.05(53.82)  159.88
Total 143.82 50.45 91.33 11.80 156.39 453.78
Urban area 24.33 (88.60) 0.54 (1.96) 0.91 (3.33) 0.45 (1.65) 1.26 (4.57) 27.49
Vegetation 3058 (22.44)  47.33(26.83) 13.83 (7.84) 2.65 (1.50) 73.01 (4139) 17640
Paddy fields  37.95 (22.91) 0.30 (0.18) 68.87 (41.58) 2.15 (1.30) 5636 (34.03)  165.64

2 Yy
1989 Image (km?), Loss  y 1ot bodies 2.51 (14.90) 0.16 (0.92) 1.08 (6.43) 5.88 (34.90) 7.21 (42.84) 16.83
Other lands 39.45 (58.51) 213 (3.16) 6.62 (9.82) 0.67 (1.00) 1855(2751) 6741
Total 143.80 50.46 91.32 11.80 156.38 45375

UB—urban area; VE—vegetation; PF—paddy fields; WB—water bodies; OL—other lands.

The conversion trends of paddy fields over three distinct periods, 1989-2000, 2000-2013,
and 2013-2021, are illustrated in Figure 10 (left), which details the extent of transformation
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from paddy fields to various LULC classes. The paddy fields showed a gradual increase in
their transformation into urban areas, rising from 2.92% in 1989-2000 to 7.37% by 2013-2021.
Conversely, natural conversions of paddy fields to vegetation and water bodies exhibited
a slight decline, dropping 1.32% to 0.25% and 1.25% to 0.67%, respectively, between 1989
and 2021. Furthermore, the expansion of new paddy fields from vegetation demonstrated
a downward trend, decreasing from 7.18% in 1989-2000 to 2.81% in 2013-2021. Conversely,
there was a significant increase in the conversion of paddy fields to the other lands class,
with a sharp rise from 11.40% to 31.69% between 1989-2000 and 2000-2013, followed by a
slight increase to 31.82% from 2000-2013 to 2013-2021. This indicates an effort to expand
paddy fields away from urban development zones. However, arable land under vegetation
remains limited within the watershed.
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Figure 10. Conversion trends of paddy fields in the MHR watershed (PF—paddy fields, UB—urban
area, VE—vegetation, WB—water bodies, OL—other land (left). Demand and harvested rice (right).
3.5. Results of Explanatory Factors Analysis
The logistic regression analysis indicated that the distance to major roads and popula-
tion density significantly influenced the LULC changes in the study area. As indicated by
the B coefficient values for the years 2013 and 2021 (Table 8). A positive  value represents
a positive correlation between the explanatory factors and LULC classes.
Table 8. Logistic regression coefficients of explanatory factors in LULC changes.
Urban Area Vegetation Paddy Fields Water Bodies Other Lands
Year Factors
B exp(pB) B exp(B) B exp(B) B exp(p) B exp(B)
DR -9.624  6.61 x 107° 0.637 1.891 0.256 1.292 0.238 1.269 —0.083  0.920
2021 PD 0.415 1.514 -0.76 0.468 —0.311 0.733 0.293 1.340 -0.352  0.703
Intercept —5.049 —2.464 —1.418 —3.768 —0.661
AUC value 0.900 0.780 0.700 0.660 0.540
DR —11.888  6.87 x 10~° 0.550 1.733 0.090 * 1.009 0.119 1.126 —-0.180  0.835
2013 PD 0.499 1.647 —-0.627  0.534 -0.270 0.763 0.29 1.336 —-0.218  0.804
Intercept —7.670 —1.935 -0.729 —3.478 —0.843
AUC value 0.900 0.740 0.610 0.630 0.570

DR—distance to road (m); PD—population density (person/ km?). B values were significantly statistic with
p-value < 0.001; * p-value < 0.01.

In both 2013 and 2021, the distance to major roads presented an inverse and posi-
tive relationship with the urban area and paddy field classes, respectively. Conversely,

population density demonstrated positive and inverse relationships with the urban area
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and paddy field classes. This implies that being closer to roads and an increase in popu-
lation density are likely to drive urban expansion while leading to a reduction in paddy
fields. Areas with higher population densities led to an increase in urban areas by 0.499
and 0.415 times, with probabilistic exponential functions of 1.647 and 1.514, respectively.
Conversely, paddy field areas decreased by —0.27 and —0.311 times, corresponding the
exponential probability functions of 0.763 and 0.733. The goodness-of-fit was evaluated
using the AUC analysis, which indicated a satisfactory performance in the urban area,
vegetation, and paddy field classes. However, the model’s performance was not as highly
successful in water bodies and other land classes when the AUC value < 0.7, as emphasized
by Mandrekar [83], Manel et al. [79], and Rossiter & Loza [84]. Notably, Gil Pontius Jr and
Schneider recommended that an AUC value above 0.52 significantly outperforms random
classification [85].

Urban expansion was largely concentrated within the regulated zones near developed
transportation infrastructures (Figure 11), contributing to a 52.69% (43.14 km?) decrease in
paddy fields within the permitted boundary between 2013 and 2021. In contrast, outside the
permitted zones, where population density is lower and road networks are less developed,
paddy fields expanded by approximately 29.15% (11.87 km?).

102°4|0'0"E 102"5'0'0"!5 102°4I0'0"E 102°5|0'0"E

b) 2021

18°0'0"N
18°0'0"N

10 km 5 10 km
| S S——
1 T T 1
102°40'0"E 102°50'0"E 102°40'0"E 102°50'0"E
Major road networks I Water protection - Urban areas in 2013 and 2021 [l PF inside permitted areas B PF outside permitted areas
[ IMHR watershed [ INon-Urban areas Non-PF D Permitted Boundary

Figure 11. The boundary of the permitted areas for economic and urban development in Vientiane
lies within the MHR watershed. “PF” refers to the paddy field areas.

3.6. Rice Production and Demand

The estimation of harvested rice against the demand for rice consumption within
the watershed shows a concerning trend from 1989 to 2021 (Figure 10, right). Over these
years, harvested rice quantities have generally decreased since 2000, while rice demand
has sharply risen. Specifically, harvested rice production dropped from 74,500 tons in
2000 to 46,700 tons in 2021, whereas rice demand surged from 128,250 tons in 1989 to
237,000 tons in 2021. Notably, between 1989 and 2000, harvested rice production increased
in parallel with rising demand, reflecting efforts to expand production areas and improve
rice productivity during this period [82]. However, despite these efforts, rice production
and demand continue to pose significant challenges to food security in the watershed, as
well as in Vientiane.

4. Discussion
4.1. Advantages of the F-MLC Method

The method in this paper is straightforward and requires less data processing
compared to supervised machine learning methods, which typically demand large
datasets, while the F-MLC approach requires only a few Landsat images during the
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flooding/transplanting stage (rainy and dry seasons) and one during the harvesting
stage, making it an efficient strategy to overcome the limitation of image availability in
tropical monsoon climate areas.

Moreover, our flooding-assisted maximum likelihood classification (F-MLC) method
is able to address the challenge posed by submerged fields due to monsoon rains, by
intersecting flooded paddy field maps from the rainy and dry seasons. Although the
F-MLC method was originally designed for tropical monsoon climates, it is adaptable
to other regions with similar seasonal patterns, such as subtropical monsoon areas or
regions with distinct wet and dry seasons. In these climates, seasonal rainfall can result in
submerged fields, which the F-MLC method can discriminate by using seasonal imagery,
distinguishing monsoon-induced flooding from actual flooded paddy fields. However,
the F-MLC approach has limitations in regions with single-season rainfed rice cultivation,
as it is difficult to distinguish monsoon-submerged fields. In large-scale paddy field
mapping, this method can become cumbersome due to the extensive datasets required
to cover wide geographic areas during training data collection. Additionally, in more
heterogeneous landscapes or mixed cropping systems, the F-MLC may face challenges in
distinguishing between land use classes with similar spectral characteristics, potentially
leading to misclassification.

Based on the comparison and validation of the MAF and F-MLC maps using the
same validation data from 2021, the F-MLC map showed a lower overestimation than the
MAF map, indicating that the F-MLC method achieved a higher accuracy in detecting
active paddy fields. Since the MAF utilized remote sensing data from periods outside
the rainy season for forest and agricultural land monitoring, this likely contributed to the
overestimation of paddy fields, as a similar reflectance of ground biomass (i.e., fallow
paddy fields) may have been affected by rapid urbanization. The differences between
the two datasets may also be partly attributed to their specific classification focuses
and the different datasets utilized. The current study concentrated on a particular
rice-growing stage, focusing mainly on the physical features of rice fields, whereas the
MATF considered all land categories equally significant in its analysis. Through this
comparison, the significant spatial correlation with statistical datasets suggests that our
mapping results are reasonable.

4.2. Uncertainty and Improvement

In Laos, the rainy season is the main rice-growing period, but extensive cloud cover
limits image availability, while the dry season is mostly cloudless. Therefore, the E-MLC
method is proposed for monitoring or long-term paddy field mapping. However, this
method is reliant on the training data generated from flooded paddy field maps. These
maps are used as the baseline data to produce the resultant paddy field maps. In this study,
flooded paddy field maps in rainy and dry seasons are intersected, so confusion pixels
can be further minimized. Moreover, this combined map further reduced errors using
monsoon water map. Despite various efforts to minimize errors in data processing, the
remaining challenges are presented. First, the proposed F-MLC approach used the sample
points to digitize the algorithm’s training samples, which may result in overestimation.
Thus, a statistical method should be developed for automated sample generation. Second,
this method detected the residual rice biomass during the harvesting stage posed a
challenge due to a similar reflectance between rice biomass and grasses (fallow paddy
fields), leading to overestimation (Figure 12(al,a2)). Increasing the training samples,
possibly through automated sample generation or applying advanced machine learning
algorithms [43,86], could help mitigate this heterogeneity. Additionally, integrating
various VIs can further reduce uncertainty. For example, using multitemporal NDVI
during the land preparation period can help discriminate between the fallow paddy fields
and the land actively being prepared for rice cultivation [39]. Third, due to frequent
droughts [87], farmers store rainwater in ponds, which is smaller than Landsat’s spatial
resolution. So, a minor underestimation in water surface detection using the AWEI was
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presented, even in the dry season rice, as shown in Figure 12(b1,b2,c1,c2). To address this
issue, using satellite imagery with higher spatial resolution, such as SPOT 1-5 (launched
on 21 February 1986), which offers three-day imagery with 10 m spatial resolution in
the multispectral bands and 20 m in the SWIR band, could be beneficial. Unfortunately,
SPOT primarily captures data from Europe and Africa, with limited coverage in Asia.

102°30'0"E

102°40'0"E 102°50'0"E al) 102°36'0"E a2)

18°0'0"N

0255

18°0°0"N

o Paddy fields
o Other lands

102°30'0"E
b1)

0 0204
Lo Ll

102°36'0"E

18°1'0"N

102°400°E 102°500"E

102°48'0°E b2)
[ Rl o o

102°31'0"E

LULC 2021 I Urban areas [N Vegetation [ Paddy fields [ ] Waterbody B Other lands

0.8km

Figure 12. Observed points and Google Earth imagery: (al-c1) show the zoomed-in sections of the
classified image from 2021. (a2) shows that fallow paddy fields along the roadside were incorrectly
classified as active paddy fields. (b2,c2) demonstrate the presence of rainwater storage ponds on
paddy fields, as captured by Google Earth imagery.

4.3. Changes in LULC in the MHR Watershed

From 1989 to 2021, the MHR watershed experienced significant LULC changes, partic-
ularly a decrease in paddy fields, with a spatial change pattern shifting from the southwest
to the northeast. Urban areas have expanded considerably, while paddy fields, vegetation,
and water bodies have experienced a decline. A parallel study by Phompila et al. revealed
that urban areas in Vientiane tripled from 2016 to 2020 [14]. Similarly, Faichia et al. also
observed a rapid increase in urban areas from 2.8% in 1995 to 7.3% in 2018 [15].

The reason behind the LULC changes can be attributed to rapid urbanization driven
by rural-to-urban migration, which in turn is a result of developing economic and urban
infrastructure. This has led to an increasing demand for land for housing, services, and
industrial purposes in areas near roads and in densely populated regions. Since the
implementation of the New Economic Mechanism in 1986, aimed at enhancing domestic
and foreign investment [11], the Lao government has particularly intensified economic
reforms in the early 2000s to further attract investment [88]. According to the National
Enterprise Database, the number of registered enterprises in Vientiane was only 19,481 in
2010, but this figure rapidly increased to 289,102 by 2021 [89]. These reforms have created
numerous job opportunities, especially in the industrial and service sectors, which has
resulted in substantial domestic migration to Vientiane. This shift offers peri-urban farmers
the opportunity to transition from agricultural activities to off-farm employment [90],
which aligns with the decreasing share of agriculture in the national gross domestic product
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(GDP) from 57% in 1991 to around 16% by 2021 [91]. From 1995 to 2005, 72,800 in-migrants
constituted approximately 12% of the local urban population. In the subsequent decade,
the number of in-migrants more than doubled from 2005 to 2015 [13]. These migrants have
greatly contributed to population growth and escalated the demand for housing areas.
Notably, paddy field lands have emerged as one of the most feasible options for housing
under land allocation schemes (Figure 13). This land use change contributed to a 4.8%
and 45.2% reduction in rainfed and dry season rice areas, respectively, between 2012 and
2021 in Vientiane [13] and was accompanied by a sharp decline in rice production from
2013 to 2021 (Figure 10, right). A similar scenario unfolded in the Jakarta megacity, where
urbanization replaced the paddy fields that once supplied rice to Western Java [16]. In
the Hang-Jia—Hu plains of China, urban development displaced 88% of the paddy fields
between 1980 and 2010 [18]. Likewise, in the Qinhuai River basin in Southern China, a 27%
decrease in paddy fields was observed because of urbanization, coupled with extensive
industrialization, over the past three decades [92]. Moreover, Zhang et al. revealed that
population growth could be viewed as a major driving force for LULC changes in Collin
County, Texas, as the population change accounted for 75.15% of the local-level built-up
area change during 2010-2019 [93].
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Figure 13. Detail of paddy field changes in peri-urban areas. The upper panels display imagery from
Google Earth Pro for the clearest and most relevant time periods. The lower panels show the paddy
fields affected by urban expansion from 2000 to 2021.

This kind of urbanization poses a significant threat to local food security and envi-
ronmental sustainability. According to interviews with paddy farmers, they primarily
grow rice for their own consumption and do not necessarily desire changes in land use. In
reality, due to the inability by aging irrigation facilities, many farmers are forced to leave
agriculture or move to other locations for farming. This trend increases the risk for food
security. To mitigate these risks, it is essential to restrict urban expansion by excluding
paddy fields from development areas. In the study area, new road networks were primarily
constructed in the northwestern, northern, and northeastern parts of the urban center
(see Figure 6a,b), indicating the spatial expansion of urban areas along these roads. This
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spatial pattern indicates that paddy fields near roads and in areas of higher population
density have a higher probability of being converted to urban areas or becoming aban-
doned (Figure 14). This corresponds with the inverse relationships between the distance
from roads, the population density, and the “other lands” class (see Table 8), indicating
that the “other lands” class is more likely to be found near roads and less prevalent in
areas of high population density due to a conversion to urban area class. These spatial
changes are clear indicators of ongoing urbanization in the study area. As a result, there
is an urgent need for robust urban land use planning to protect the existing paddy fields,
in alignment with urban expansion strategies. For protection of paddy fields, probably,
investment for irrigation facilities is a key indicator. This approach will help balance urban
development with the preservation of paddy fields, ensuring a stable food supply and
maintaining ecological integrity within the watershed.
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Figure 14. Spatial conversion of paddy fields (PF) from 1989 to 2021: (a,b) provide zoomed-in views

of PF conversion into urban areas near major roads.

5. Conclusions

This study proposed a novel approach to understanding the decline of paddy fields
in tropical monsoon regions, where image availability is often limited, and challenges
arise due to monsoon-submerged fields during rainy season rice cultivation. These were
addressed by developing the flooding-assisted maximum likelihood classification (F-MLC)
method, which utilizes training samples from intersecting flooded paddy field maps from
both the rainy and dry seasons, along with the AWEI to differentiate natural water bodies.
This proposed approach has the potential to effectively map paddy fields and other land
uses over time in such climates. The findings reveal a significant reduction in paddy fields
by 44.87% over 32 years, while urban areas have expanded nearly fourfold, replacing
23% of the paddy fields in the MHR watershed. These results provide critical insights for
policymakers and urban planners to revise urban land use strategies, balancing paddy field
protection with sustainable food production and urban growth. Future studies will focus
on refining the F-MLC method by automating training sample generation and integrating
with VIs during the land preparation stage. These will enhance classification accuracy and
scalability, enabling more comprehensive analyses of urbanization’s impact on agriculture,
contributing to sustainable urban planning, agricultural resilience, and ecological balance.
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July 1989.
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Abstract: Ecological quality is a critical factor affecting the livability of urban areas. Remote sensing
technology enables the rapid assessment of ecological quality (EQ), providing scientific theoretical
support for the maintenance and management of urban ecology. This paper evaluates and analyzes
the EQ and its driving factors in the city of Wuhan using remote sensing data from five periods: 2001,
2006, 2011, 2016, and 2021, supported by the Google Earth Engine (GEE) platform. By employing
principal component analysis, a Remote Sensing Ecological Index (RSEI) was constructed to assess
the spatiotemporal differences of EQ in Wuhan City. Furthermore, the study utilized the optimal
parameter-based geographical detector model to analyze the influence of factors such as elevation,
slope, aspect, population density, greenness, wetness, dryness, and heat on the RSEI value in 2021 and
further explored the impact of changes in precipitation and temperature on the EQ in Wuhan. The
results indicate that (1) principal component analysis shows that greenness and wetness positively affect
Wuhan’s EQ, while dryness and heat have negative impacts; (2) spatiotemporal analysis reveals that
from 2001 to 2021, the EQ in Wuhan showed a trend of initial decline followed by improvement, with
the classification grades evolving from poor and average to good and better; (3) the analysis of driving
factors shows that all nine indicators have a certain impact on the EQ in Wuhan, with the influence
ranking as NDVI > NDBSI > LST > WET > elevation > population density > GDP > slope > aspect;
(4) the annual average temperature and precipitation in Wuhan have a non-significant impact on the
EQ. The EQ in Wuhan has improved in recent years, but comprehensive management still requires
enhancement.

Keywords: urban ecological quality; Google Earth Engine; remote sensing ecological index; optimal
parameter-based geographical detector

1. Introduction

Human survival and development are dependent on the stability and health of natural
ecosystems [1]. With the acceleration of global urbanization, urban expansion and human
activities have profoundly impacted the ecological environment [2]. Rapid urbanization
has led to dramatic changes in land use patterns, intensified habitat fragmentation, reduced
biodiversity, and degraded ecosystem service functions [3,4]. The burgeoning population
and rapid economic development in urban areas have placed tremendous pressure on
limited environmental resources and fragile ecological foundations [5]. This problem is
prevalent in both developed and developing countries. For example, the United States
experienced drastic urban expansion in the second half of the 20th century, with large
amounts of farmland, forests, and wetlands being converted into urban land, resulting in
ecosystem degradation and decreased environmental quality [6]. The urbanization process

Sustainability 2024, 16, 3598. https:/ /doi.org/10.3390/su16093598 137

https://www.mdpi.com/journal/sustainability



Sustainability 2024, 16, 3598

in Europe has been relatively moderate, but urban sprawl has still led to ecosystem frag-
mentation and biodiversity loss [7]. In developing countries, urbanization is progressing
rapidly, and ecological and environmental problems are more prominent [8,9]. Therefore,
coordinating the relationship between urban development and ecological protection to
achieve sustainable urban development has become a pressing global issue [10].

In response to this challenge, The United Nations’ Sustainable Development Goals
(SDGs) underscore the necessity of integrating ecological conservation with sustainable
urban development, urging the adoption of advanced technological solutions in ecological
assessments [11]. Particularly, Goal 11 [12] (to make cities and human settlements inclusive,
safe, resilient, and sustainable) and Goal 15 [13] (to protect, restore, and promote the
sustainable use of terrestrial ecosystems, sustainably manage forests, combat desertification,
halt and reverse land degradation, and halt the loss of biodiversity) are directly related
to the sustainable management and protection of urban ecological environments. To
support the implementation of SDGs at the urban scale, it is imperative to carry out
urban ecosystem monitoring and comprehensive assessment research. The long-term
and dynamic monitoring of the spatiotemporal differentiation characteristics and driving
mechanisms of urban ecological quality can provide a scientific basis for urban ecological
protection, spatial planning, and management decisions [14].

Currently, there are various methods for evaluating the quality of urban ecology,
such as the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), the
entropy weight method, and the Analytic Hierarchy Process (AHP) [15]. However, these
methods rely heavily on socio-economic statistical data and questionnaire survey data,
which are often difficult to obtain and lack timeliness. Remote sensing technology, with its
advantages of being macroscopic, rapid, dynamic, and economical, has been widely used in
urban ecological environment monitoring since the 1970s [16,17]. Many scholars have used
remote sensing data to assess the impact of urban expansion on the ecological environment
in different regions of the world. For example, Weng [18] used Landsat imagery to evaluate
the changes in landscape patterns and ecological processes caused by urban expansion
in Indianapolis, USA. Rimal [19] utilized remote sensing and GIS techniques to assess
land use/land cover changes and their impacts on the urban environment in the Haldia
Municipality, India. Estoque [20] assessed the relationship between urban expansion and
ecosystem service changes in the Manila metropolitan area, Philippines. Other scholars
have focused on analyzing the spatiotemporal changes in urban surface parameters and
their ecological effects, such as vegetation cover, surface temperature, and moisture [21,22].
However, these studies mostly focused on specific aspects of urban ecological processes or
patterns and are difficult to comprehensively reflect the overall characteristics of complex
urban ecosystems.

In recent years, constructing ecological composite indices by comprehensively utilizing
multi-source remote sensing data and geo-models to conduct the overall evaluation and
mapping of regional ecological environments has become a research hotspot in the field of
ecological remote sensing [23]. Among them, the Remote Sensing Ecological Index (RSEI)
proposed by Xu [24] comprehensively evaluates regional ecological conditions from four
dimensions: greenness, wetness, heat, and dryness, and has strong comprehensiveness and
regional comparability. The RSEI and its improved models have been applied to urban
ecological quality assessments at multiple scales worldwide with good results [25-27].
For example, Zhou [28] and others used this index to assess the ecological environment
changes in the Dongjiang source area over nearly 20 years (2000-2019), identifying urban
construction land expansion driven by human activities as the main reason for the changes
in the region’s ecological environment quality. In addition, Paudel [29] used RSEI to
evaluate the changes in the ecological environment in the Middle Hills of Western Nepal
from 2000 to 2015. The results showed that the overall ecological environmental quality in
the region showed a deteriorating trend, mainly due to deforestation and land degradation.

However, previous studies mostly used traditional remote sensing data processing and
analysis methods, which have limitations in data acquisition and computational efficiency.
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The Google Earth Engine (GEE) cloud computing platform that has emerged in recent years
provides a new solution for remote sensing data acquisition, processing, analysis, and
sharing [30]. It integrates a variety of commonly used remote sensing datasets and offers
near-real-time data updates, with storage reaching petabyte levels. Users can develop and
test algorithms and process and share data outcomes swiftly through the client, significantly
boosting the efficiency of geographical information data processing and analysis [31,32].
Since its inception, GEE has been widely applied in diverse research fields such as ecology,
environment, and agriculture [33,34].

Furthermore, when analyzing the driving factors of urban ecological quality, the
geographical detector model is an effective tool for exploring the spatial heterogeneity and
interaction of variables [35]. However, the traditional geographical detector often neglects
the scale effect and zoning effect caused by the modifiable areal unit problem (MAUP),
which may affect the reliability of the results [36,37]. Addressing this oversight, the optimal
parameter-based geographical detector (OPGD) model proposed by Song [38] can identify
the optimal spatial scale parameters and discretization scheme, providing a more robust
framework for factor analysis.

In this context, we take Wuhan, a rapidly urbanizing city in central China, as a case
study. As a major industrial base and transportation hub, urban ecology in Wuhan, Hubei
Province, China is relatively fragile and unstable, more susceptible to the impacts of human
economic activities [39]. Therefore, it is in urgent need of systematic and dynamic ecological
quality monitoring and assessment. This study implements the RSEI model on the GEE
platform to evaluate the spatiotemporal patterns of ecological quality in Wuhan from 2001
to 2021 based on Landsat imagery. The OPGD model is further applied to analyze the
driving factors behind the ecological quality dynamics. The main innovations of this study
include (1) integrating GEE and RSEI for efficient urban-scale ecological quality assess-
ment, overcoming the limitations of data acquisition and processing in previous studies;
(2) characterizing the long-term ecological quality dynamics under rapid urbanization
using multi-temporal remote sensing data; and (3) quantifying the influence of natural
and anthropogenic factors on ecological quality patterns with the OPGD model, providing
decision support for urban ecological planning and management.

The findings of this study not only have important implications for ecological civi-
lization construction and sustainable development in Wuhan but also contribute to global
research on urban ecological assessment and management. Moreover, it provides a novel
methodological framework that integrates cloud computing, remote sensing indices, and
geographical detectors, which can be extended to other urban areas worldwide. The re-
search outcomes are expected to deepen the understanding of urban ecological quality
dynamics and support the realization of SDGs at the city level.

2. Materials and Methods
2.1. Study Area

Wuhan, the capital city of the Hubei Province, China, is geographically positioned
between 29°58' N to 31°22" N latitude and 113°41’ E to 115°05 E longitude, situated in
the eastern part of the Jianghan Plain and the middle reaches of the Yangtze River. The
city is comprised of six central urban districts and seven peripheral districts (as detailed
in Figure 1), covering an administrative area of 57,943.92 km? and hosting a substantial
permanent resident population of 31.9874 million [40]. Wuhan is characterized by its varied
topography in all directions, particularly at the confluence of the Yangtze and Han rivers,
which forms the unique geographical layout of “Two Rivers and Three Towns”. The city
experiences a subtropical humid monsoon climate, with abundant rainfall and sufficient
heat throughout the year, boasting an average annual temperature between 15.8 °C and
17.5 °C. It possesses an exceptional ecological environment, serving as a confluence for a
vast array of plant species from both northern and southern regions. Nearly half of the
city’s area is covered with green vegetation, providing more than the expected average of
10 square meters of green space per capita. These ecological assets are vital for Wuhan's
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endeavor to become an ecological civilization city and stand at the core of its environmental
protection objectives [41].
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Figure 1. The location of Wuhan City, Hubei Province, China.

2.2. Data

The powerful data computation capabilities of GEE enable the batch and rapid pro-
cessing of image datasets, making it an ideal platform for preprocessing and calculating
various indices. This capability allows for the efficient and swift processing of image
datasets, including the selection of images with minimal cloud coverage to ensure optimal
image quality. To maximize the observation of vegetation greenness, this study primarily
utilizes Landsat 8 OLI remote sensing imagery from the GEE platform, aiming to capture
images during the peak vegetation growth periods to extract NDVI, WET, LST, and NDBSI.
High-quality image data from Wuhan City, spanning from 2001 to 2021 with less than 10%
cloud and a spatial resolution of 30 m, were selected for image preprocessing. The image
data include cloud processing using the CFMASK (The C Function of Mask) algorithm to
mask the quality assessment (QA) bands. Moreover, manual identification and processing
were conducted to address areas within cloud regions that could not be labeled as clouds
and anomalies due to sensor issues, with these being progressively eliminated through
stepwise masking.

Additional data sources utilized in this study are detailed in Table 1. Digital Elevation
Model (DEM) data were sourced from the Geospatial Data Cloud, providing essential topo-
graphical information. Population density and Gross Domestic Product (GDP) data [42],
pivotal for analyzing human impact on the landscape, were obtained from the Resource
Environment Science and Data Center. Furthermore, slope and aspect data, crucial for
understanding terrain influences on vegetation patterns [43], were derived via detailed
elevation data analysis. To ensure the reliability and accuracy of these data in experimental
analyses, a comprehensive preprocessing regimen was employed. This regimen included
cropping to the study area, reclassification to align with the research objectives, and geo-
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metric correction to ensure spatial accuracy. These meticulous preprocessing steps are vital
for the integrity of the data and the validity of the subsequent analysis, underlining the
study’s commitment to methodological rigor and precision.

Table 1. Source information of the data.

Data Name Resolution Data Source Data Preprocessing
WET 30 m Mosaicking, Reclassification
NDVI 30 m . Mosaicking, Reclassification
LST 30m Google Earth Engine Mosaicking, Reclassification
NDBSI 30 m Mosaicking, Reclassification
DEM 30 m Geospatial data cloud Mosalckmg,.Ch.p Piig,
(www.gscloud.cn) Reclassification
Slope 1000 m : X Extraction, Clipping
(accessed on . S
Aspect 1000 m 30 September 2023) Extraction, Clipping
GDP 1000 m p Geometric correction
CAS Resource and Data
Population 1000 m Center (www.resdc.cn) Clipping, Geon}gtrlc‘ correction,
(accessed on Reclassification
30 September 2023)
2.3. Methods

2.3.1. Remote Sensing Ecological Index (RSEI)

This article utilized the RSEI to evaluate the EQ in Wuhan. Dryness, heat, wetness,
and greenness indices are selected as the main research indicators, and the PCA method is
used to construct the RSEI. Combined with the EQ grade difference calculation, it provides
a detailed assessment and analysis of the spatiotemporal ecological changes in Wuhan's
urban area. Figure 2 presents the framework of this study.

RSEI Calculation

Normalization ]

PCA Analysis ]

Google
Earth
Engine

_____________________________________________________________________________

Figure 2. Technical Flowchart.

1. NDVI

The greenness index, which measures the biomass, leaf area index, and vegetation
coverage of green plants, utilizes the normalized difference vegetation index (NDVI) by

141



Sustainability 2024, 16, 3598

calculating the difference between the near-infrared (NIR) and red (RED) bands of remote
sensing data [44]. The calculation formula is

NDVI = Pnir ~ Pred 1)
Puir +pred

In the formula, p,;, and p,,, represent the reflectance in the near-infrared and red-light
bands, respectively.

2. WET

The wetness index, which includes the moisture content of both soil and vegetation, is
obtained from remote sensing data through the Tasseled Cap Transformation (K-T) [45].
Due to the differences in spectral resolution between the Landsat TM and OLI sensors, the
formula for the wetness index is as follows:

Wetry = 0.03150;,, +0.2021p, . + 031020, ?
+0.159%4p, ;. — 0.68060,,;1 — 0.61090, i
Wetor; = 0.01511pp, + 0.19730g000n + 0.32830,04

3
+0.3407p,,;, — 0.7117p, ;1 — 0.45590, ;1> ®

In the formula, Pgreens Pblues Pswirl and p,,i.», respectively, represent the reflectance of
the green, blue, shortwave infrared 1 (SWIR1), and shortwave infrared 2 (SWIR2) bands.

3. LST

Land surface temperature represents the heat level. It reflects the level of radiant heat
from the Earth’s surface and plays a crucial role in the ecological environment, constituting
an essential variable within it. Various methods for calculating land surface temperature
include the radiative transfer equation, single-window algorithm, and single-channel
algorithm [46]. This paper employs the single-channel algorithm formula:

(53
Ts = ( A ) (4)
1 al 1
n(Alsb"(Ts) * )

B(Ts) = ag + a1w + (az + azw + a4w2) (1/¢) + (a5 + agw + a7w2) -(Lgen/€) (5)

In the formula, Ls., represents the radiance received by the sensor; ¢ denotes the
emissivity of the land surface; w stands for the water vapor content in the atmosphere;
B(Ts) represents the Planck’s radiance value at temperature; A is the effective wavelength;
and a;(i = 1,2,3- - - 7) are the coefficients within the B(Ts) model for Landsat series data.

4. NDBSI

The dryness index, known as the Normalized Difference Built-up and Soil Index
(NDBSI), is composed of the average values of the Index-Based Built-up Index (IBI) and the
Soil Index (SI) [47]. The calculation formula is

NDBSI = (SI+IBI)

5 (6)
Sl = (pswirl + pred) — (pblue — pnir) 7)
(pswirl + pred) + (pblue + pnir)
( Pswir2 ) _ p:Lir pg’“’”
Pswirl TOnir Prir TPred . cen
IBI _ 1 <prUZr1 +pgn, > (8)

2 Pswir2 + Onir pgreen
(Pswirl +pnir) PnirtPred <Pswirl +Pgreen)
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In the formula, 0y eens Ppiue, Preds Prirs Pswirt AN Pgiro, Tespectively, represent the
reflectance of the green, blue, red, near-infrared, shortwave infrared 1 (SWIR1), and short-
wave infrared 2 (SWIR2) bands.

5.  Construction of the RSEI

The RSEI is an index that evaluates the ecological environment by integrating wetness,
greenness, heat, and dryness [48]. Due to the differences in numerical units and magnitudes
among these components, it is necessary to normalize the data before integration to remove
unit discrepancies. The specific formula for the normalization process is as follows:

~ NI—Nl,
Nlmax - NImin

Nlyax — NI

NI — __max
Nlmax - NImin

or NI )

In the formula, N represents the normalized value of the index, I is the value of
the index itself, and Imax and Iy represent the peak and trough values among all the
indices, respectively. After the normalization of all component indices, we employ PCA to
determine the variance contribution of each principal component. These contributions are
used as weights for the component indices, which are then further transformed into the
four original component indices. The extraction formula is as follows:

RSEI = PCA[f(NDVI,WET,NDBSI, LST)] (10)

The initial RSEI is normalized to fall within the [0, 1] range, where values closer to 1
indicate better and superior ecological environment quality [49]. Based on the ecological
environment grading standards set forth in the Technical Specifications for Ecological
Environment Evaluation, the RSEI is classified into five levels, as shown in Table 2:

Table 2. The ecological environment situation scale.

Level Index Feature Description
Worse Low vegetation cover, drought and low rainfall, rock exposure, soil
(0 <RSEI <€0.2) drying, and obvious limitations on human life.
Poor Relatively low vegetation coverage, dry weather, sparse rainfall,
(0.2 <RSEI < 0.4) fewer species, are notable factors limiting human habitation.
Fair Medium coverage, moderate rainfall, suitable for human habitation,
(0.4 < RSEI < 0.6) and factors limiting human survival.
Good High vegetation coverage, rich biodiversity, soil rich in organic
(0.6 < RSEI < 0.8) matter, and favorable climate; suitable for human residence.
Better High vegetation coverage, rich biodiversity, high organic matter
(0.8 < RSEI < 1.0) content in the soil, moist and pleasant climate, and ecological stability

2.3.2. Optimal Parameter-Based Geographical Detector
1. Spatial Scale Optimization

Based on the scope of the research area, two scales of 2 km and 3 km were established,
generating 2613 and 899 grids, respectively. By comparing the 90th percentile of all driving
factors q at these two different spatial scales, the scale at which this percentile reaches its
maximum value is identified as the optimal spatial scale.

2. Geographical Detector Model

The Geographical Detector is a tool used to study spatially varying geographical
phenomena. It includes four detectors: differentiation and factor detection, interaction
detection, risk area detection, and ecological detection. Its advantages lie in the lack of a
need for a linear hypothesis and its clear physical significance [50].
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Differentiation and factor detection evaluate the impact of the independent variable X
(an evaluation index) on the dependent variable Y (EQ), measured with the q value:

YL Nyo? SSW
g=1- hlizh —-1-==_ (11)
N& SST
L
SSW = Y Nyo7, SST = No? (12)
h=1

In the formula, # = 1,2...; L represents the stratification of variable Y or factor
X; N and Nj, denote the total number of units in the entire region and in the stratum #,
respectively; (7% and o2 are the variances of Y values within stratum / and across the entire
region, respectively; SSW and SST represent the sum of within-stratum variances and the
total variance across the region. The q value serves as an indicator of the influence of factor
X on 'Y, with larger values indicating a stronger influence.

Interaction detection is utilized to explore the interactions between different factors,
assessing whether the interaction effect between every two independent variables enhances
or reduces the explanatory power on the dependent variable. There are also instances where
the influence of independent variables on the dependent variable is mutually independent.
Refer to the Table 3 for the types of interactions between factors:

Table 3. Interaction types of the detection factors.

Interaction Type Judgment Criteria
Non-linear Weakening g(X1NXy) < Min[g(X1),q(X3)]
Non-linear Attenuation Min[q(Xy1),q(X2)] < (X1 N Xy < Max[q(X71),9(X2)]
Bifactor Enhancement q(X1 N Xp) > Max[q(X1),q9(X2)]
Mutually Independent (X1 N Xp) =q(X1) +9(X2)
Non-linear Enhancement q(X1 N X2) > q(X7) +4q(X2)
3. Results

3.1. Factor Index Principal Component Analysis (PCA)

PCA was applied to four indicators of Wuhan City in 2001, 2006, 2011, 2016, and
2021, yielding the proportion, RSEI, and contribution rate of the first principal component.
According to the data in Table Al, the average contribution of the first principal component
exceeds 66%, indicating its dominant role in the overall framework. This demonstrates
that PCA is an effective and impartial method to reflect the comprehensive environmental
status of Wuhan City.

The PCA of Wuhan City’s four indicators in 2001, 2006, 2011, 2016, and 2021 (see
Table A1) reveals that the eigenvalue contribution of the first principal component consis-
tently surpasses 50%, signifying its representation of the majority of information across the
four indicators. Therefore, this principal component can substitute for the four components
of greenness, wetness, dryness, and heat. To minimize the influence of subjective factors
in the composite of multiple indicators, the variance contribution rate is selected as the
weight for each component indicator. Utilizing these weights, a comprehensive evaluation
model for the RSEI is constructed to conduct an in-depth assessment of EQ in Wuhan. The
contribution rate of greenness has been increasing over the study period, indicating that
the ecological protection has improved in Wuhan in recent years, resulting in a positive
trend in vegetation cover and its increasing impact on the overall EQ compared to other
indicators. Similarly, the contribution rate of the heat indicator is rising, reflecting the
continuous increase in Wuhan's surface temperature during the study period, which is
closely related to the urban heat island effect, thereby increasing the weight of the heat
indicator in the RSEI evaluation. In the annual first principal component, the greenness
(NDVI) and wetness (WET) indicators are positive, suggesting a beneficial impact on the
ecological environment, while the dryness (NDBSI) and heat (LTS) indicators are negative,
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indicating potential adverse effects. High values of greenness and wetness suggest good
vegetation cover and soil moisture content, reflecting a favorable EQ. Conversely, high
dryness and heat values may indicate issues like sparse vegetation, exposed bedrock, soil
desertification, and urbanization, signifying poor ecological conditions. Since other princi-
pal components do not show significant trends or clear reflections of EQ, this study only
utilizes the contribution rate of the first principal component to construct the RSEI [51].

3.2. Spatiotemporal Distribution of EQ in Wuhan

From 2001 to 2021, the average value of RSEI in Wuhan and the area and proportion of
the area corresponding to each grade are shown in Figure 3 and Table 4. Observing the data
for individual years, in 2001, the area rated as poor in EQ reached a peak, accounting for
43.25% of the total area, while the area rated as good was the least, making up only 10% of
the total area, approximately 823.62 km?. In the same year, the areas rated as average and
better accounted for 29.53% and 12%, respectively. By 2006, the proportion of areas rated as
poor increased to 25.58%, covering an area of 2146.92 km?, while the proportion of average
areas decreased to 24.51%, covering 2056 km?2. In 2011, compared to 2006, there was little
change; the proportion of poor areas decreased to 21.56%, covering 1809 km?, while the
proportion of better areas increased to 7.01%. In 2016, the proportion of areas rated as good
rose to 31.04%, and the proportion of better areas also significantly increased to 36.43%,
covering 3057.07 km?. In 2021, the proportion of average areas increased to 27.70%, good
areas continued to rise to 33.52%, and the proportion of better areas slightly decreased to
12.43%, covering 1043.21 km?.

Ecological Ratings by Area (km?®) Over Years

000 _ Ecological Ratings by Percentage Over Years E“"g":::r::' L)
3500 M s Poor
506 2 == F(;:)d
NN Better
2500 0
-g 2000 i
- 1500 E 20
o 10
0 2001 2006 2011 2016 2021 o
(a) (b)
Figure 3. Area and proportion of Wuhan EQ classification areas from 2001 to 2021. (a) Area of
different grades; (b) proportion of different grades.
Table 4. Area statistics of RSEI levels from 2001 to 2021 in Wuhan.
2001 2006 2011 2016 2021
Ecological
Rating Area Area Area Area Area Area Area Area Area Area
/km? 1% /km? 1% /km? 1% /km? 1% /km? 1%
Worse 93.23 1.21 2146.92 25.58 1809.03 21.56 262.37 3.13 283.63 3.38
Poor 3815.65 43.25 3021.72 36.01 2863.97 34.13 2240.60 26.70 2063.85 24.59
Fair 2274.25 29.53 2056.62 24.51 2012.68 23.98 1027.33 12.24 2324.56 27.70
Good 823.62 10.62 1099.56 13.1 1118.14 13.32 2604.64 31.04 2813.52 33.52
Better 1235.25 14.72 134.89 1.61 588.66 7.01 3057.07 36.43 1043.21 12.43
Total 8392.62 100.00 8392.25 100.00 8392.48 100.00 8392.01 100.00 8392.37 100.00

Looking at the overall trend, from 2001 to 2021, Wuhan City’s RSEI mean value
shows a trend of first decreasing and then increasing, indicating an improvement in the
EQ in recent years, which may be related to the city’s economic development policies.
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According to statistical data, Wuhan’s GDP grew from CNY 39.91 billion in 1978 to CNY
13,410.34 billion in 2017, and the permanent population increased from 8.58 million in 2004
to 10.33 million in 2014. This growth led to more human activities, causing ecological issues
such as vegetation destruction and soil pollution. With the government’s continuous efforts
in environmental protection and governance, the implementation of relevant policies,
and the promotion of ecological civilization construction over the past two decades, the
environmental awareness of Wuhan'’s residents has significantly improved. Through the
combined efforts in various aspects, the trend of ecological environment deterioration in
Wuhan has been successfully curbed, shifting towards improvement.

To more directly illustrate the geographic distribution of EQ in Wuhan, as shown in
Figure 4, the surrounding urban districts exhibit better ecological conditions. These areas,
characterized by slower economic development, primarily utilize land for agriculture
and forestry, boasting rich vegetation and high biodiversity. In contrast, regions such
as Hongshan, Hanyang, Wuchang, and Qingshan exhibit relatively poorer ecological
conditions. The Hongshan District, anchored by academic and educational institutions,
hosts numerous higher education entities and has a dense population, whereas Qingshan,
Hanyang, and Wuchang are predominantly industrial areas, housing major industrial
enterprises like Wuhan Iron and Steel, Wuhan Petrochemical, Dongfeng Motor, and Wuhan
Shipbuilding. Industrial production and human activities in these areas exert significant
pressure on the ecological environment.
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Figure 4. Classification map of EQ from 2001 to 2021 in Wuhan.
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Observing the trend from 2001 to 2021, Wuhan's ecological environment displays
a ring-shaped distribution pattern, with poorer conditions in the core urban areas and
relatively better conditions in the suburbs. Over time, the scope of the central urban
area has gradually expanded, especially towards the Yangtze and Han rivers. By 2021,
areas with poorer ecological conditions have extended across the east-west axis, covering
most of Wuhan and its core urban areas. This pattern indicates that the newly developed
surrounding areas of Wuhan respond quickly to ecological changes, reflecting the city’s
urban expansion. Large tracts of farmland and forests have been transformed into urban
land, altering land use and cover patterns on the surface, and leading to reduced vegetation,
decreased biodiversity, and diminished soil retention capability, thereby degrading EQ.
The rapid urban expansion has significantly impacted these changes. For instance, in
2006, ecological problem areas were relatively dispersed, and issues in the urban core
were not particularly pronounced. By 2016, the most noticeable ecological changes were
concentrated along the western bank of the Han River and along both sides of the Yangtze
River. Recently, as Wuhan’s urban development has approached saturation and with the
advancement of ecological civilization, the central urban area has not shown a trend of
continuous deterioration, and the overall EQ is improving.

3.3. Spatiotemporal Analysis of EQ Differences

Based on the RSEI, this study analyzes the spatiotemporal differences in the EQ in
Wuhan from 2001 to 2021, with five-year intervals. Figure 5 illustrates that from 2001 to
2006, Wuhan's EQ exhibited a declining trend, with the area of deteriorated EQ accounting
for 59.62%, while the areas of improvement and no change accounted for 10.64% and
29.75%, respectively. Specifically, the areas of mild and significant deterioration were
2910.42 km? and 2108.8 km?, respectively. Between 2006 and 2011, the EQ in Wuhan
remained largely unchanged, with stable areas accounting for 56.35%, areas of decline
accounting for 23.45%, and areas of improvement representing 10.10%, including a mild
deterioration area of 1936.36 km? and a mild improvement area of 1639.9 km?2. From 2011 to
2016, the EQ in Wuhan showed a slight downward trend, with 46.9% of the area worsening,
16.48% remaining unchanged, and 36.63% improving. The area of mild improvement was
2162.23 km?2, while significant deterioration covered 2681.44 km?. Between 2016 and 2021,
Wuhan's EQ showed an improving trend, with 43.33% of the area improving, and 27.6%
and 29.08% remaining unchanged or worsening, respectively. The areas of significant and
mild improvement were 1613.02 km? and 2054.53 km?, respectively. Overall, from 2001 to
2021, the area showing improvement in Wuhan's EQ accounted for 47.32%, approximately
3962.526 km?, while the areas of no change and deterioration accounted for 30.43% and
21.81%, respectively.

In terms of the spatial distribution of EQ changes, Figure 6 shows that from 2001 to
2016, the areas of EQ decline in Wuhan were mainly concentrated on the city’s outskirts
and near water bodies. The ecological degradation of water bodies is associated with the
illegal discharge of domestic sewage and industrial wastewater from urban residents and
factories, as well as the burgeoning aquaculture industry in recent years. The construction
land in Wuhan'’s center mainly originated from the encroachment on surrounding green
spaces and lakes, as well as the expansion of new urban areas toward the two rivers.
From 2016 to 2021, the urban EQ improved, particularly in the city center, where the
EQ remained stable or even enhanced, except for the water bodies. This improvement
reflects the Wuhan government’s efforts in water environment management, increasing
urban greening coverage, and ecological restoration projects, as well as the heightened
environmental awareness among the citizens [52].
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Figure 5. Changes in EQ type area in Wuhan City from 2001 to 2021. Note: A. Significant Improve-
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Figure 6. Spatial Distribution Map of EQ Changes in Wuhan from 2001 to 2021.
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3.4. Analysis of Driving Factors Affecting EQ in Wuhan
3.4.1. Identification of Optimal Spatial Scale

At different spatial scales, there are variations in the degree of influence of various
factors, as indicated in Table 5. With an increase in spatial grid size, several driving factors
(q) tend to exhibit minor fluctuations. A common practice in existing research involves
comparing the sizes of the 90th percentile of all driving factors (q) at different spatial scales,
considering the scale at which this percentile reaches its maximum as the optimal spatial
scale. The trend of decreasing 90th percentiles for all driving factors (q) reaches its peak
at a spatial grid of 2 km, with a maximum decrease of 0.756. Consequently, among the
two grid sizes, the 2 km grid is better suited to reflect the impact of latent variables on the
changes in ecological and environmental quality.

Table 5. Comparative Spatial Scale Effects of Driving Factor q and 90th Percentile.

Factor The 90th
Grid Size LST NDVI WET NDBSI POP GDP DEM PD PX Percentile of q

2 km 0.353 0.869 0.145 0.743 0.028 0.027 0.068 0.025 0.024 0.756
3 km 0.287 0.843 0.175 0.721 0.026 0.029 0.071 0.021 0.019 0.733

3.4.2. Analysis of Differentiation Factor Detection Results

This article employs the geographical detector model to uncover the natural factors
influencing the changes in EQ in Wuhan City. The study utilized the fishnet tool in ArcGIS
to establish research grid points of 2 km x 2 km within the study area. It classified elevation,
slope, aspect, population density, GDP, and four remote sensing ecological indicators into
five levels. Through the fishnet points, the RSEI values were spatially associated with the
values of nine driving factors. Subsequently, the spatially matched results were imported
into the geographical detector model for factor detection analysis, which determined the
influence values (q values, with higher q values indicating a greater impact of a specific
index factor on RSEI) and explanatory power values (p values, with higher p values
indicating a lesser explanatory power of an index factor on RSEI) of the nine driving factors
on RSEL

As shown in Table 6, the p values for LST, NDVI, WET, NDBSI, population density,
GDP, and elevation are all zero, indicating that these seven driving factor indices have
sufficient explanatory power for the EQ in Wuhan City. From the perspective of q values,
NDVI and NDBSI have the highest values, indicating that these two driving factors had
the most significant impact on Wuhan City’s RSEI value in 2021. The influence of LST and
WET ranks third and fourth, respectively. The q values for slope and aspect are smaller, and
their p values are larger; hence, their impact on RSEI values can be considered negligible.
Finally, the study concludes that the impact strength of the nine factors on RSEI values
within this research area, from strongest to weakest, is as follows: NDVI, NDBSI, LST, WET,
elevation, population density, GDP, slope, and aspect.

Table 6. Spatial Heterogeneity Response of RSEI Value to Nine Driving Factors.

Factor LST NDVI WET NDBSI POP GDP DEM PD PX

q 0.353 0.869 0.145 0.743 0.028 0.027 0.068 0.025 0.024
p 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.015 0.017
Ranking 3 1 4 2 6 7 5 8 9

3.4.3. Analysis of the Results from the Detection of Factor Interactions

To detect the interactions between various factors, this study evaluated whether the
interaction between every two independent variables enhances or weakens the explanatory
power on the dependent variable. The interaction detection analysis, conducted using
a geographical detector model, categorized the results into bifactor enhancement and

149



Sustainability 2024, 16, 3598

non-linear enhancement, as shown in Figure 7. The analysis indicates that, compared to
individual influencing factors, all interaction factors significantly amplify the impact on the
spatial heterogeneity of the dependent variable RSEI Key interaction factors with a rela-
tively high impact on RSEI's spatial heterogeneity include NDVI N NDBSI, WET N NDBSI,
LST N NDBSI, NDBSI N GDP, NDBSI N DEM, and NDBSI N POP, demonstrating that
interaction factors have a more substantial effect on spatial heterogeneity. The detection
results of differentiation factors revealed that slope and aspect have minimal impact on
RSEI values; hence, their interactions were not included in the result analysis.
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Figure 7. Heat map of factor interaction detection results.

3.4.4. Analysis of the Causative Factors of Natural Elements

From 2001 to 2021, the annual average temperature and annual precipitation in Wuhan
City both exhibited a slight upward trend. As illustrated in Figure 8, the fluctuation range
of the annual average temperature is relatively significant, especially in 2006 and 2016,
when the decline in Wuhan’s EQ may be closely related to the rise in temperature. Although
the annual precipitation also shows an increasing trend, its significance is not prominent.
Therefore, this indicator can be relatively overlooked when analyzing the changes in the

EQ in Wuhan.
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Figure 8. Changes in average annual temperature and precipitation in Wuhan from 2001 to 2021.

4. Discussion
4.1. The Advantages of the GEE Platform for Constructing the RSEI Model

Compared to conventional RSEI modeling approaches, the GEE platform empowers
researchers to focus on the core objectives of their studies rather than on repetitive technical
tasks [53]. GEE provides a plethora of built-in codes and functions that are highly accessible,
including cloud masking, image compositing, principal component analysis, and ridge
and linear regression functions [54]. These embedded resources guarantee that researchers
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can accurately and promptly detect changes in regional RSEI and forecast future EQ in
specific areas. This study demonstrates that, through direct coding on the GEE platform,
principal component analysis no longer necessitates external software such as MATLAB
2022 or SPSS 2022, thereby markedly improving research efficiency.

The use of GEE for RSEI modeling is a relatively novel approach in the field of urban
ecological quality assessment [55]. Previous studies have primarily relied on traditional
software and methods, such as using ENVI 5.3 for image preprocessing, ArcGIS for spatial
analysis, and MATLAB or SPSS for statistical analysis. While these tools are powerful, they
often require significant time and effort to process large datasets and integrate multiple
data sources. In contrast, GEE’s cloud-based platform and extensive library of datasets and
functions streamline the entire process, enabling researchers to analyze vast amounts of
data more efficiently [56].

Moreover, GEE’s ability to handle multi-temporal and multi-source data is particu-
larly advantageous for assessing urban ecological quality, which often involves analyzing
changes over time and integrating various environmental and socio-economic factors [57].
By leveraging GEE’s capabilities, this study demonstrates the potential for more compre-
hensive and efficient assessments of urban ecological quality, which can inform sustainable
urban planning and management strategies [58].

However, it is important to acknowledge the limitations and challenges of using GEE
for RSEI modeling. One potential issue is the need for reliable internet connectivity and
sufficient computing power to process large datasets on the cloud platform. Additionally,
while GEE offers a wide range of datasets and functions, it may not include all the specific
data or analysis tools required for a particular study, necessitating the integration of external
data or custom code development.

Despite these limitations, the advantages of using GEE for RSEI modeling and urban
ecological quality assessment are significant. As demonstrated in this study, GEE enables
researchers to efficiently process and analyze large volumes of multi-source data, providing
a more comprehensive understanding of the spatiotemporal patterns and drivers of urban
ecological quality. This innovative approach has the potential to advance the field of urban
ecological research and inform more effective strategies for sustainable urban development.

4.2. Temporal Changes of EQ and Causal Analysis

The temporal analysis of Wuhan'’s ecological quality (EQ) from 2001 to 2021 reveals
significant changes over time, with notable improvements in recent years. In 2001, the
proportion of ecologically impoverished areas in Wuhan reached a staggering 43.25%, with
the average EQ value at a relative low point. This poor ecological state can be attributed
to several factors, including rapid industrialization, accelerated urbanization, population
growth, and intensified human activities. During this period, Wuhan experienced a surge
in economic development, which exerted tremendous pressure on natural resources and
ecological systems, leading to environmental degradation.

From 2006 to 2011, the city’s EQ remained relatively low but fluctuated less, indicating
that environmental governance policies had begun to curb the deteriorating trend to some
extent. This period marked the beginning of a shift in Wuhan’s development strategy, with
increasing emphasis on environmental protection and sustainable development [59]. The
implementation of stricter environmental regulations, such as the “Environmental Protec-
tion Law of the People’s Republic of China” in 2008, likely contributed to the stabilization
of Wuhan’s EQ during this time.

After 2016, Wuhan’s EQ began to improve significantly, with the proportion of ar-
eas experiencing improvement reaching 43.33% between 2016 and 2021. This positive
trend can be attributed to several factors, including the government’s increased efforts in
environmental management, the transformation of urban development patterns, indus-
trial restructuring, and the heightened public awareness of environmental protection [60].
Wuhan's government implemented a series of ecological restoration projects, such as the
“Green Wuhan” initiative, which aimed to increase green space and improve the city’s
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ecological infrastructure [52]. Moreover, the promotion of low-carbon and green industries,
coupled with stricter pollution control measures, helped to reduce the environmental
impact of economic activities. These targeted actions, driven by a shift in government
priorities and growing public concern for the environment, have played a crucial role in
enhancing Wuhan’s EQ in recent years.

The temporal patterns of Wuhan’s EQ are consistent with findings from other studies
on urban ecological quality in China. For example, a study by Wang [61] on the spa-
tiotemporal evolution of urban ecological quality in Beijing found a similar trend, with a
decline in ecological quality during the early 2000s, followed by a gradual improvement in
recent years due to government-led environmental protection efforts. Similarly, research by
Zhang [62] on the ecological quality of Shenzhen revealed a significant improvement in EQ
from 2010 to 2020, attributed to the city’s sustainable development policies and ecological
restoration projects.

However, it is important to note that the improvement in Wuhan’s EQ is a relatively
recent phenomenon, and the city still faces significant ecological challenges. As indicated
by the relatively high proportion of ecologically impoverished areas in 2021 (25.58%), there
is a need for continued efforts to promote sustainable urban development and address the
underlying drivers of ecological degradation. Future research could explore the long-term
effectiveness of Wuhan's ecological protection measures and identify potential strategies
for further improving the city’s EQ.

4.3. Spatial Patterns of EQ and Causal Analysis

The spatial analysis of Wuhan's ecological quality (EQ) reveals a distinct urban—
rural disparity and a concentric distribution pattern [63]. The core urban areas, such
as Wuchang, Hanyang, and Hongshan, which are densely populated and industrially
developed, generally exhibit poorer EQ due to the intensity of human activities. In contrast,
the relatively less economically active urban-rural fringes and suburban areas maintain a
favorable ecological state [64]. This spatial pattern is consistent with findings from other
studies on urban ecological quality in China and globally.

Although both the urban core and the urban-rural fringe areas have experienced
ecological degradation, the degree of deterioration varies, resulting in the concentric
distribution pattern of EQ. The urban core areas have suffered the most severe ecological
degradation due to the intense urbanization pressures, such as the massive conversion
of natural land to built-up areas and the high concentration of population and industrial
activities [65]. In comparison, the urban—rural fringe areas, while also affected by urban
expansion, have managed to retain a higher proportion of natural and semi-natural land
covers, such as forests, grasslands, and agricultural lands, owing to the relatively lower
development intensity [66]. These areas provide important ecosystem services, such as
carbon sequestration, water regulation, and biodiversity conservation, which contribute to
their higher EQ. The gradient change in EQ from the urban core to the periphery reflects
the spatially heterogeneous impact of urban expansion on the ecological environment.

The formation of this spatial pattern is closely related to the process of urban expansion
and land use change. As Wuhan has grown and developed, the central urban areas have
experienced significant land cover changes, with the conversion of green spaces, wetlands,
and agricultural lands into built-up areas [67]. This process has led to the degradation
of natural habitats, reduction in biodiversity, and increased environmental pollution [68].
Moreover, the high concentration of population and industrial activities in the urban core
has placed additional pressure on the local ecosystem, contributing to the lower EQ in
these areas [69].

The spatial pattern of Wuhan’s EQ highlights the need for a more balanced and
sustainable approach to urban development. While the concentration of population and
economic activities in the urban core is a common feature of many cities, it is crucial to
ensure that this growth does not come at the expense of the local ecosystem. Strategies
such as urban greening, ecological restoration, and the protection of natural habitats in
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both urban and peri-urban areas can help mitigate the negative impacts of urbanization
and improve the overall EQ of the city. Moreover, the spatial analysis of Wuhan’s EQ
underscores the importance of considering the spatial heterogeneity of urban ecological
quality in urban planning and management. A one-size-fits-all approach to ecological
conservation and restoration may not be effective, given the distinct characteristics and
challenges of different urban areas. Instead, a more targeted and context-specific approach,
which takes into account the local socio-economic, environmental, and institutional factors,
may be necessary.

4.4. Analysis of Influencing Factors and Recommendations

The analysis of the influencing factors on Wuhan's ecological quality (EQ) using the
geographic detection model reveals that vegetation cover (NDVI), built-up land (NDBI),
land surface temperature (LST), and wetness (WET) are the dominant drivers of EQ in the
city. These findings are consistent with previous studies that have identified land cover
composition, urban heat island effect, and moisture conditions as key determinants of urban
ecological quality [70-72]. The strong influence of NDVI on Wuhan’s EQ highlights the
crucial role of vegetation in maintaining and improving the urban ecosystem. Vegetation
provides numerous ecological benefits, such as reducing air and noise pollution, regulating
microclimate, and supporting biodiversity. In Wuhan, the expansion of built-up areas
and the consequent loss of vegetation cover have been major contributors to the decline
in EQ, particularly in the urban core. Therefore, protecting and restoring green spaces,
such as parks, forests, and wetlands, should be a key priority in Wuhan’s ecological
management strategy.

The significant impact of NDBI on Wuhan’s EQ underscores the negative ecological
consequences of rapid urbanization and the expansion of impervious surfaces. Built-up
areas not only lead to the direct loss of natural habitats but also contribute to a range of
environmental problems, such as increased surface runoff, reduced groundwater recharge,
and the urban heat island effect. To mitigate these impacts, Wuhan should promote
sustainable urban design and planning practices, such as compact development, mixed
land use, and the integration of green infrastructure.

The influence of LST on Wuhan’s EQ highlights the need to address the urban heat
island effect, which is a common problem in many cities worldwide. The high concentration
of impervious surfaces and the lack of vegetation in urban areas contribute to higher
surface and air temperatures, which can have negative impacts on human health, energy
consumption, and ecosystem functioning. In Wuhan, the urban heat island effect has
been intensifying in recent years, particularly in the summer months. To mitigate this
problem, the city should implement strategies such as increasing the coverage of green
spaces, promoting the use of cool materials and green roofs, and improving the efficiency
of energy systems.

The role of WET in influencing Wuhan’s EQ emphasizes the importance of maintain-
ing and restoring the city’s water resources and wetland ecosystems. Wuhan is known as
the “city of a hundred lakes” due to its abundant water resources, including the Yangtze
and Han rivers and numerous lakes and wetlands. These water bodies not only provide
important ecosystem services, such as water purification, flood control, and biodiversity
conservation but also contribute to the city’s unique landscape and cultural identity. How-
ever, rapid urbanization and industrial development have led to the degradation and
loss of many of Wuhan's water resources and wetland habitats. To address this issue, the
city should strengthen the protection and management of its water resources, implement
wetland restoration projects, and promote sustainable water use practices.

In addition to these key influencing factors, the analysis also reveals the significant
impact of socio-economic factors, such as population density and GDP, on Wuhan's EQ. This
finding highlights the complex interplay between urban development, human activities,
and ecological quality. To achieve sustainable urban development, Wuhan needs to find
a balance between economic growth, social well-being, and environmental protection.
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This requires a multi-faceted approach that involves not only technical solutions, such as
ecological restoration and green infrastructure, but also policy and institutional reforms,
such as strengthening environmental regulations, promoting public participation, and
fostering cross-sectoral collaboration.

Furthermore, the study highlights the potential impact of climate change on Wuhan'’s
EQ, as indicated by the negative influence of temperature increases on EQ in certain
years. Wuhan, like many other cities in China and worldwide, is facing the challenges of
climate change, such as rising temperatures, changing precipitation patterns, and more
frequent extreme weather events [65]. These changes can have significant impacts on
urban ecosystems, such as altering species distributions, disrupting ecological processes,
and exacerbating environmental problems, such as air and water pollution [73]. To build
resilience to climate change, Wuhan needs to mainstream climate considerations into
its urban planning and management practices, such as developing climate adaptation
plans, promoting low-carbon development, and strengthening early warning and disaster
response systems.

Finally, it is important to recognize the limitations and uncertainties of this study
and the need for further research. While the RSEI model and the geographic detection
method provide valuable insights into the spatiotemporal patterns and influencing factors
of Wuhan's EQ, they are based on a limited set of indicators and data sources. Future studies
could incorporate a wider range of ecological, social, and economic indicators, such as
biodiversity, ecosystem services, and human well-being, to provide a more comprehensive
assessment of urban ecological quality. Moreover, the study focuses on a single city, and
the findings may not be directly applicable to other urban contexts. Comparative studies
across different cities and regions could help to identify common patterns and context-
specific factors influencing urban ecological quality. In summary, this study provides a
valuable contribution to the understanding of urban ecological quality in Wuhan and offers
important insights for sustainable urban development in China and beyond. The findings
highlight the need for a multi-dimensional and integrative approach to urban ecological
management, which takes into account the complex interactions between environmental,
social, and economic factors. By adopting a more holistic and adaptive approach, cities
like Wuhan can strive to achieve a balance between human well-being and ecological
sustainability and contribute to the global goals of sustainable development.

5. Conclusions

In this study, in leveraging the GEE platform we conducted a rapid and detailed
assessment of the changes in EQ in Wuhan from 2001 to 2021 and employed geographi-
cal detector model technology to uncover the key factors affecting the region’s EQ. The
conclusions of this research not only provide vital scientific evidence for environmental
management and sustainable development in Wuhan City but also offer empirical support
for achieving the SDGs. The main findings are summarized as follows:

(1) Trend of EQ: Between 2001 and 2021, Wuhan City experienced an initial decline
followed by a subsequent increase in EQ. This trend is closely associated with the
city’s rapid economic development, reduction in vegetation due to human activi-
ties, shrinkage of lake areas, and urban expansion. This finding underscores the
importance of implementing effective environmental governance measures while pur-
suing economic growth. It also highlights the need for a balanced approach to urban
development that prioritizes ecological sustainability alongside economic progress.

(2) Spatial Distribution Differences: There is a significant difference in the ecological
conditions between the core urban areas and the peripheral regions, which is re-
lated to the economic development level and strategic positioning of each district.
Adjusting industrial layout and promoting industrial upgrading can provide new
impetus for improving the urban ecology. This finding suggests that a spatially differ-
entiated approach to ecological management, which takes into account the unique
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characteristics and challenges of different urban areas, may be more effective than a
one-size-fits-all strategy.

(3) Analysis of Driving Forces: Through the analysis of nine driving factors, it was found
that greenness and dryness have the most significant impact on the EQ, while the
effects of slope and aspect are relatively minor. This insight provides guidance for
urban planning and ecological restoration, emphasizing the importance of maintain-
ing and enhancing vegetation cover and managing built-up areas to improve urban
ecological quality. Moreover, the significant influence of socio-economic factors, such
as population density and GDP, highlights the need for an integrated approach that
addresses the complex interplay between the environmental, social, and economic
dimensions of urban sustainability.

(4) Areas of Focus: The EQ along the Yangtze and Han riversides and in the city cen-
ter remains a concern. Urban planning and development strategies need to place
greater emphasis on ecological protection to achieve harmonious coexistence between
humans and nature. This finding underscores the importance of prioritizing the
conservation and restoration of critical ecological assets, such as rivers, lakes, and
wetlands, in urban development plans. It also calls for a more proactive and inte-
grated approach to urban ecological management, which involves not only technical
solutions but also policy and institutional reforms to promote sustainable land use
and environmental stewardship.

(5) Methodological Contributions: This study demonstrates the effectiveness of the
RSEI model and the geographical detector method for assessing and analyzing ur-
ban ecological quality. The integration of multi-source remote sensing data and
socio-economic data within the GEE platform enables a comprehensive and efficient
assessment of the spatiotemporal patterns and driving factors of urban EQ. This
approach offers a promising tool for monitoring and evaluating urban ecological
conditions, which can inform evidence-based decision-making for sustainable urban
management. The methodology developed in this study can be applied to other
cities and regions, providing a valuable reference for comparative studies and global
assessments of urban ecological quality.

(6) Implications for Sustainable Urban Development: The findings of this study have
important implications for sustainable urban development in Wuhan and beyond.
They highlight the need for a multi-dimensional and integrative approach to urban
ecological management, which takes into account the complex interactions between
environmental, social, and economic factors. By adopting a more holistic and adaptive
approach, cities can strive to achieve a balance between human well-being and ecolog-
ical sustainability and contribute to the global goals of sustainable development. This
requires not only technical solutions, such as ecological restoration and green infras-
tructure but also policy and institutional reforms, such as strengthening environmental
regulations, promoting public participation, and fostering cross-sectoral collaboration.

In conclusion, this study provides a comprehensive assessment of the spatiotempo-
ral patterns and driving factors of urban ecological quality in Wuhan, using advanced
remote sensing and spatial analysis techniques. The findings offer valuable insights into the
complex dynamics of urban ecosystems and the challenges and opportunities for sustain-
able urban development. By highlighting the key areas of concern and the critical factors
influencing urban ecological quality, this study provides a scientific basis for informed
decision-making and targeted interventions to promote urban sustainability. The methodol-
ogy and conclusions of this study can be extended to other cities and regions, contributing
to the growing body of knowledge on urban ecological assessment and management. As
cities around the world face the pressing challenges of rapid urbanization, environmental
degradation, and climate change, this study underscores the importance of developing and
applying innovative tools and approaches to monitor, assess, and enhance urban ecological
quality, as a key component of sustainable development.
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Appendix A

Table A1. Result of principal component analysis.

Year Parameter PC1 PC2 PC3 PC4
NDVI 0323 0.665 —0.269 —0.616
WET 0.689 ~0.133 —0.680 —0.207
LTS —0.586 0.189 0.678 ~0.399
2001 NDBSI —0.275 —0.709 0.056 0.646
Eigenvalue 0.178 0.102 0.026 0.003
Contribution Rate/% 58 33 8 1
NDVI 0.327 0.712 0.161 0.598
WET 0.688 0.098 0.642 0.321
LTS —0515 0.060 0.748 0.412
2006 NDBSI ~0.391 ~0.691 ~0.008 —0.607
Eigenvalue 0.154 0.118 0.020 0.003
Contribution Rate/% 53 40 6 1
NDVI 0.306 —0.692 0.222 0.613
WET 0.704 0.116 0.655 0.247
LTS —0.563 0.148 0.720 —0.374
2011 NDBSI ~0.303 ~0.695 0.043 —0.649
Eigenvalue 0.153 0.116 0.021 0.003
Contribution Rate/% 52 39 8 1
NDVI 0.361 0.468 —0.485 —0.644
WET 0.532 0.678 478 —0.165
LTS —0.668 —0.028 0.719 ~0.188
2016 NDBSI ~0.373 0.565 —135 722
Eigenvalue 0.120 0.019 0.008 0.002
Contribution Rate/% 80 13 6 1
NDVI 0.370 0472 0453 —0.658
WET 0.537 0.691 0.464 ~0.126
LTS —0.641 ~0.033 0.745 ~0.176
2021 NDBSI —0.401 0.544 —0.150 0.720
Eigenvalue 0.125 0.019 0.011 0.002
Contribution Rate/% 80 12 7 1
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Abstract: (1) Background: Vegetation is an important component of ecosystems. Investigating the
spatio-temporal dynamic changes in vegetation in various Shaanxi Province regions is crucial for the
preservation of the local ecological environment and sustainable development. (2) Methods: In this
study, the KNDVI vegetation index over the 20-year period from 2003 to 2022 was calculated using
MODIS satellite image data that was received from Google Earth Engine (GEE). Sen and MK trend
analysis as well as partial correlation analysis were then utilized to examine the patterns in vegetation
change in various Shaanxi Province regions. This paper selected meteorological factors, such as
potential evapotranspiration (PET), precipitation (PRE), and temperature (TMP); human activity
factors, such as land-use type and population density; and terrain factors, such as surface elevation,
slope direction, and slope gradient, as the influencing factors for vegetation changes in the research
area in order to analyze the driving forces of vegetation spatio-temporal changes. These factors were
analyzed using a geo-detector. (3) Results: The vegetation in the research area presented a growth
trend from 2003 to 2022, and the area of vegetation improvement was 189,756 km?, accounting for
92.15% of the total area. Among them, the area of significantly improved regions was 174,262 km?,
accounting for 84.63% of the total area, and the area of slightly improved regions was 15,495 square
kilometers, accounting for 7.52% of the total area. (4) Conclusions: The strengthening of bivariate
factors and nonlinear enhancement were the main interaction types affecting vegetation changes.
The combination of interaction factors affecting vegetation change in Shaanxi Province includes
PRE N PET as well as TMP N PET. Therefore, climate conditions were the main driving force of
KNDVI vegetation changes in Shaanxi Province. The data supported by this research are crucial for
maintaining the region’s natural ecosystem.

Keywords: KNDVTI; trend analysis; MODIS; driver analysis

1. Introduction

A crucial component of ecosystems, vegetation, is essential to the global atmospheric
and energy cycles, as well as to the flow of carbon and water [1]. It also plays an important
role in global change monitoring, providing essential information for research on material
cycles, biodiversity, land use, and climate change, as well as being a scientific basis for
environmental protection and sustainable development. Thus, one of the hottest subjects
in regional and global change study is tracking the dynamics of vegetation [2—4].

Currently employed as one of the vegetation indices, NDVI (Normalized Difference
Vegetation Index) [5] is a useful predictor of vegetation growth state, biological activity,
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and geographical distribution [6]. It may accurately reflect the information about changes
in land surface vegetation and has a strong link with measures such as aboveground
biomass [7], leaf area index [8], chlorophyll fluorescence produced by sunlight [9], and
GPP [10]. It has been applied by many scholars in monitoring vegetation dynamics. Using
NDVI, Beck et al. [11] examined how the vegetation changed dynamically in high-latitude
regions, while Pettorelli et al. [12] used NDVI to examine how plants react to changes in
their environment. The Nenjiang River Basin’s vegetation dynamic changes in response to
multiscale drought stress were examined by Zhu Guanglei et al. [13]. The Brazilian Amazon
region’s main vegetation underwent dynamic changes, which were examined by Raquel
Carvalho et al. [14]. Moreover, both natural and man-made causes have an impact on
vegetation alterations. The growth and spread of plants are strongly correlated with several
environmental elements, including terrain, climate, and others [15-18]. Among climate
factors, temperature and precipitation have a significant impact on vegetation. For instance,
Zhou et al. [19] discovered that in some high-latitude regions of the northern hemisphere,
precipitation is the primary factor influencing variations in plant cover. According to
Suzuki et al. [20], rising temperatures have been shown to lengthen the growth season
and increase vegetation production. Regarding human influences, they frequently affect
vegetation dynamics in both good and bad ways. For instance, Ma Haiyun et al. [21]
discovered that changes in southwest China’s plant cover are positively impacted by
human activity. According to Wang et al. [22], ecological initiatives such as converting
farms back into forests and grasslands may greatly expand the amount of vegetation in
an area. According to Maeda et al. [23] and Nunes et al. [24], local vegetation cover will
be significantly reduced as a result of land development, urbanization, excessive forest
logging, and other human activities.

The current research mainly focuses on the impact of single factors (such as climate,
topography, human activities, etc.) on vegetation. The effect of human and environmen-
tal causes on vegetation is not as well studied. When monitoring vegetation dynamics,
commonly used vegetation indices such as NDVI and NIRv are often used as monitoring
indicators. Nevertheless, photosynthesis itself is not reflected in the nonlinear, saturated
connection between NDVI and aboveground biomass. Interactions between human and
natural elements frequently affect vegetation [25,26]. A skewed interpretation of vegetation
changes and an overestimation of the significance of the elements under research may
result from focusing solely on the response of vegetation to a particular factor and ignoring
the causes that induce vegetation changes. Therefore, in addition to considering traditional
climate factors, the driving forces of vegetation changes must also comprehensively con-
sider the influence of natural elements such as topography and human activities. In the
past, techniques including trend analysis, partial correlation analysis, and residual analysis
were mostly utilized in the investigation of the mechanisms behind changes in vegetation.
Nevertheless, complex nonlinear interactions may also be a part of the process of driving
variables for vegetation changes, in addition to a straightforward linear connection [27].
The nonlinear linkages between many influencing elements, particularly the one between
human causes and climate change, cannot be explained by the aforementioned approaches.
Wang Jinfeng et al. [28] proposed a statistical method called geographic detector, which
can quantitatively identify the driving forces of single factors, the interaction between two
factors, and risk zone detection. This method does not assume linearity and can better
explain the interaction between factors and analyze variables. Currently, this model has
been widely used in the study of vegetation NDVI driving mechanisms [29-33]. For exam-
ple, Yao Bo et al. [34] examined the spatial patterns and underlying causes of vegetation
dynamics in the Chongging region of the Yangtze River Basin using geographic detector
analysis. The results indicate that the locations experiencing trends in vegetation growth
are largely found in the Chong-qing urban areas of the Wuling Mountain region and the
Three Gorges Reservoir region. The three main factors influencing vegetation changes
were human activity, climate, and geography. The factors that had the most influence
were elevation, the average annual temperature, and the amount of light present at night.
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Pei Hongze et al. [35] used geographic detector to study the net ecosystem productivity
(NEP) of the Loess Plateau region between 2000 and 2020, with a particular emphasis on
the factors that drive it and its spatio-temporal structure. The results showed that the
main reasons of NEP in the west, center, and east sub-regions of the research area had
distinct geographical differentiation features. Precipitation, relative humidity, and other
moisture conditions were the main climatic factors affecting the central and western regions.
Combinations of geography, climate, and human activity most impacted the eastern area,
with land use serving as the most prominent human component.

GEE is a cloud platform for planetary-scale geospatial analysis in terms of data
gathering [36]. It significantly cuts down on the time needed for the collecting and pro-
cessing of remote sensing data by offering rich open-source data and robust computer
resources for regional and global change studies. For these reasons, the study constructed a
time series of KNDVI spanning from 2003 to 2022 for the province of Shaanxi and used the
Google Earth Engine platform to gather monthly NDVI datasets for the study region. The
vegetation dynamics and changes in the research region over a 20-year period were then
examined using the Sen and MK trend analysis techniques. In order to offer a theoretical
foundation and methodological reference for the vegetation dynamics, evaluation, and
ecosystem preservation in Shaanxi Province, partial correlation analysis and geographic
detector were then employed to examine the driving forces behind the temporal variations
in KNDVI data.

2. Study Area

Shaanxi Province is located in central China in the center of the Yellow River. It borders
the higher levels of the Jialing River in the Qinba Mountain region as well as the southern
portion of the Han River Basin, which is a Yangtze River tributary. Sichuan Province and
Chongqing Municipality to the south, Hubei Province and Henan Province to the southeast,
Ningxia Hui Autonomous Region and Gansu Province to the west, Shanxi Province to
the east across the Yellow River, and Inner Mongolia Autonomous Region to the north
are its borders. There are 206,000 square kilometers in all. The province is mostly made
up of several types of topography, with a tendency toward higher elevations in the north
and south and lower elevations in the center. These terrains include plains, mountains,
plateaus, and basins. The climate of Shaanxi Province’s north and south varies significantly,
as do the kinds and amounts of flora in each region. Northern Shaanxi, Guanzhong, and
southern Shaanxi are the province’s three naturally occurring geographical areas, separated
by variations in terrain, landforms, and flora types. Shaanxi spans three climatic zones, with
the northern part of northern Shaanxi and along the Great Wall belonging to the temperate
zone, southern Shaanxi belonging to the northern subtropical zone, and Guanzhong and
most of northern Shaanxi belonging to the warm temperate zone. The province’s yearly
mean temperature ranges from 0 to 16 °C, progressively dropping from east to west and
from south to north. The province experiences between 340 and 1240 mm of precipitation
on average every year, with the south receiving more precipitation than the north. The
regions of Guanzhong, northern Shaanxi, and southern Shaanxi are semi-arid, semi-humid,
and humid, respectively. There are large disparities in the distribution of the province’s
complex and varied flora types. The region north of the Great Wall in Shaanxi’s northern
region is near the desert, where desert plants predominate and there is little vegetation. The
southern part of Yulin and the northern part of Yan’an, south of the Great Wall, are typical
loess plateau regions where soil erosion is severe and vegetation coverage is low, mainly
consisting of shrubs. The Beishan Mountains are distributed with deciduous broad-leaved
forests, with higher vegetation coverage. The Guanzhong region is characterized by a
large number of agricultural fields, and urban development has led to lower vegetation
coverage. The Qinling Mountains and the northern part of southern Shaanxi are dominated
by warm temperate deciduous broad-leaved forests, while the Bashan region has evergreen
broad-leaved forests and deciduous broad-leaved forests, with good vegetation coverage.
Figure 1 depicts the study area’s location, land-use types, and elevation distribution, where
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Figure 1A indicates the location, Figure 1B illustrates the distribution of land-use types in
the study area in 2022, and Figure 1C depicts the distribution of surface elevation in the
study area.
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Figure 1. (A-C) Map of the study area location and land use.

3. Materials and Methods
3.1. Data Preprocessing and Acquisition

This article selects monthly MODIS data from 2003 to 2022 as the data source for
calculating the KNDVI vegetation index. The Loess Plateau branch of the NESS Data
Center (htxxp://loess.geodata.cn, accessed on 31 December 2022) provided the monthly
average temperature (TMP) and monthly average precipitation (PRE), specifically the 1 km
resolution average temperature and monthly precipitation datasets for China from 1901
to 2022. East View Cartographic contributed the population density data (PD), which
come from the LandScan global population dataset created by ORNL (Oak Ridge National
Laboratory, Oak Ridge, TN, USA). LandScan is the most accurate and reliable global popu-
lation dynamic statistical analysis database based on geographic location, using innovative
methods such as remote sensing and GIS, and it has the best resolution and distribution
models (htxxps:/ /landscan.ornl.gov/, accessed on 31 December 2022). The 1 km monthly
potential evapotranspiration dataset for China from 1901 to 2022 is sourced from the Na-
tional Tibetan Plateau Data Center (data.tpdc.ac.cn, accessed on 31 December 2022). The
yearly China Land Cover Dataset (CLCD), which is a 30 m yearly land cover dataset and
its dynamics in China from 1985 to 2022 (zenodo.org, accessed on 31 December 2022), was
created by Huang Xin et al. from Wuhan University using 335,709 scenes of Landsat data
on Google Earth Engine as the basis for the land-use dataset [37]. The DEM data is derived
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from the Geographic Spatial Data Cloud’s 90 m resolution SRTM data. Table 1 displays the
particular parameters of each dataset.

Table 1. Data sources and description.

Satellite Data Parameter Unit Spatial Resolution/m

MOD13Q1 Vegetation Indices / 250
CLCD Land Cover / 30
DEM Digital Elevation Model m 90

Landscan/PD Population Density Population density /km? 1000

PET Potential Evapotranspiration mm 1000

PRE Precipitation mm 1000

T™P Temperature °C 1000

The GEE platform database is the source of the MODIS data that was previously
discussed. Through the use of an internet database, we were able to obtain the MODIS data
and resample it to a spatial resolution of 1000 m. Each month’s KNDVI is computed, and
the yearly KNDVI data are then obtained by performing the maximum value synthesis.
In order to match the spatial resolution of other data, the DEM data’s spatial resolution
is resampled to 1000 m and utilized to compute the research area’s slope and aspect
information. The ArcGIS closest neighbor approach is used to resample the CLCD land-use
type data to a geographic resolution of 1000 m. A uniform projection transformation is
applied to all data in order to guarantee coordinate systems consistency.

Figure 2 shows the mean distribution of temperature, precipitation, and potential
evapotranspiration (PET, PRE, and TMP, respectively) in the study area over a period of
20 years. Panels (a)-(c) depict the 20-year average distribution of potential evapotranspira-
tion (PET), precipitation (PRE), and temperature (TMP), respectively. From Figure 2, it is
evident that the spatial distribution of the three meteorological factors exhibits significant
heterogeneity. In Panel (a), the 20-year mean of potential evapotranspiration ranges from
45.79 mm to 105.98 mm. The central region (Guanzhong) has higher values of evapotranspi-
ration, while values are smaller in northern and southern Shaanxi. Panel (b) illustrates that
the 20-year mean precipitation ranges from 26.93 mm to 97.88 mm. The southern Shaanxi
region has the highest precipitation, followed by the Guanzhong region, and the lowest is
in northern Shaanxi, especially in the northwest region, which, being close to the desert,
has low vegetation coverage and scarce precipitation. Panel (c) reveals that the 20-year
mean temperature ranges from —0.98 °C to 16.83 °C. The northern Shaanxi region has the
lowest average temperature, while the Guanzhong and southern Shaanxi regions have
relatively higher average temperatures. The urbanized Guanzhong region, characterized
by a high proportion of impervious surfaces, exhibits elevated temperatures, while the
southern Shaanxi region, boasting high elevation and abundant sunlight, also experiences
higher temperatures.

3.2. KNDVI Calculation

The most used indicator for tracking vegetation changes is the NDVI; however, it
has two main drawbacks. First, there is a nonlinear and saturating relationship between
NDVI and green biomass [38]. The enhanced vegetation index (EVI) and other indices
have attempted to use additional band information to construct vegetation indices to
compensate for this issue, but the saturation phenomenon still exists. Second, when
constructing vegetation indices, they respond to the presence of green leaves but do not
directly reflect the process of photosynthesis in green vegetation. This means that GPP
can decrease without leaf loss (i.e., reduced LAI) or a decrease in leaf chlorophyll [39]. In
2021, scholars from multiple countries proposed a non-linear vegetation index, KNDVI, in
SCIENCE ADVANCES [40]. This index maximizes the utilization of spectral information
and employs a machine-learning perspective, using kernel analysis to linearize NDVI and
effectively prevent its saturation and sluggish response to photosynthesis. It addresses the
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long-standing problem of satellite observation of the terrestrial biosphere and can more
accurately reflect the dynamic changes between land carbon sources and sinks. Compared
to traditional NDVI, NIRv, and other vegetation indices, this method demonstrates greater
stability and robustness. The method is shown in Equations (1)—(4).

k(n,n) —k(n,r)

KNDVI= k(n,n)+k(n,r)

M

The reflectance of the red band is denoted by r in the equation, the reflectance of the
near-infrared band by 7, and the correlation between the bands is represented by k(n,n)
and k(n,7).
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Figure 2. Mean distribution maps of three meteorological factors in the study area from 2013 to
2022. Specifically, panels (a—c) illustrate the mean values of potential evapotranspiration (PET),
precipitation (PRE), and temperature (TMP), respectively.

Furthermore, a radial basis function (RBF) is used to describe the correlation between
the bands. )
exp(—=(n—1)°)
k(nr) = ———5—"= 2
(7’1 1’) 2 0,2 ( )
The near-infrared and red bands’ separation from one another is determined by the
equation’s parameter o.
1—k(n,r) n—r?2

The average distance between the red and near-infrared bands, or ¢ = 0.5(n + ), is
fixed as the length scale parameter ¢ in order to further simplify the index. The index
functions well in practice thanks to this simplification, which enables it to be adaptable for
every pixel. Equation (4) displays the outcome of the final computation.

KNDVI = tanh(NDVI?) 4)
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3.3. Methods

Theil-Sen Median and Mann-Kendall trend analysis techniques have been used in
the quantitative study of vegetation change trends in Shaanxi Province over the previous
20 years using temporal KNDVI data. This study used elevation, slope, and aspect as
environmental parameters and land-use type and population density as anthropogenic
elements in accordance with previous research [41-45]. The meteorological parameters that
were selected included the yearly average temperature, the annual average precipitation,
and the annual average potential evapotranspiration. The association between the KNDVI
data and each component was examined and evaluated using the partial correlation analysis
approach. The reactions and underlying causes of interannual vegetation changes to each
condition were also examined using the geo-detector. The study’s flowchart is displayed in
Figure 3.

Study on the spatiotemporal variation of vegetation and its driving forces in Shaanxi Province from 2003 to 2022
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Figure 3. Experimental flowchart.

3.3.1. Trend Analysis

Sen’s slope estimation, sometimes referred to as the Theil-Sen median method, is a
reliable non-parametric statistical approach for determining trends. The technique is less
susceptible to outliers and measurement mistakes and has a very high computing efficiency.
It is frequently used to examine trends in data from lengthy time periods [46—48].

SKNDVI = mean(u), (Vj > 1) ®)

In the equation, Sxnpyi represents the slope of vegetation change and x; and x; rep-
resent long time-series KNDVI data. Sxnpyr > 0 and Sxnpyr < 0 indicate vegetation
improvement and degradation trends, respectively. Mann—-Kendall is a commonly used
method for non-parametric statistical testing. Its advantages are that it does not require the
measured values to follow a normal distribution, does not assume a linear trend, and is not
affected by missing values and outliers. It has been widely used in the trend significance
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testing of long time-series data [49-52]. For a time series Xi/j =12,..,i...,j,...,n the
standardized test statistic, Z, is defined as

5 (5>0
Var(S)
7= 0 ,(8=0) (6)
541 5o
Var(S)
n=1 n
S=1Y Y sign(xj—x) )
i=1 j=it+1
~1 ,if(KNDVI;, — KNDVI;) < 0
sign(KNDVI; — KNDVIj) =< 0 ,if(KNDVI;— KNDVIj) =0 (8)

1 ,if(KNDVL — KNDVI) > 0

In the formula, n represents the number of data points, while x; and x; stand for long
time-series KNDVI data. In this work, we examined 20 years” worth of Shaanxi Province
vegetation KNDVI data, where n is greater than or equal to 8. With mean and variance, the
test statistic S has an approximation normally distributed distribution:

E(S)=0 ©)

n(n—1)(2n+5)
18

At the significance level «, if |Z| > Z;_, 5, it indicates a significant change trend in
the time-series data. Z;_,/, represents the value corresponding to the standard normal
distribution function at a confidence level of «. Based on the significance testing method and
referring to relevant literature [53-55], | Zs| = 1.96 is chosen as the criterion for significance
division. When |Z;s| < 1.96, it indicates that the vegetation change is not significant, and
when |Z;| > 1.96 it indicates that the vegetation change is significant.

Var(S) = (10)

3.3.2. Partial Correlation Analysis

In order to assess the correlations between land use, population density, annual aver-
age temperature, yearly average precipitation, annual average potential evapotranspiration
(which are regarded as five parameters), and KNDV], this study used the partial correlation
analysis approach. The link between each component and KNDVI was examined inde-
pendently by adjusting for other factors. The relationship between land use, population
density, annual average temperature, yearly average precipitation, annual average potential
evapotranspiration, and KNDVI is shown by the positive or negative value of the partial
correlation coefficient [56-58].

l (11)

reflects the correlation between variables x and y in the equation, where sample number is
denoted by i. The vegetation’s KNDVI value for the i-th year is represented by the symbol
xi, and one of the contributing elements, such as the annual average temperature or the
annual average precipitation for the corresponding time, is represented by the symbol
yi- X represents the average value of KNDVI for the study area from 2003 to 2022 and ¥y
represents the value of the influencing factor for the corresponding time period.
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3.3.3. Analysis by Geographic Detector

Wang Jinfeng et al. created the Geodetector statistical technique, which can be used to
analyze geographical differentiation and identify its causes [59]. By using the viewpoint
of spatial stratified heterogeneity, it ascertains how comparable the spatial distributions
of two variables are [60-63]. Four components make up the Geodetector framework:
factor detection, interaction detection, ecological detection, and danger detection. We used
Geodetector’s factor and interaction detection features in this investigation.

The spatial differentiation of the dependent variable (Y), which in this study is the
KNDV], and the explanatory power (q) of the driving factors (X), which in this study are the
KNDVI, potential evapotranspiration, annual temperature, precipitation, and CLCD, on
the spatial differentiation of the dependent variable, are investigated using factor detection.
Its goal is to investigate how driving factors affect the KNDVI's spatial variation and
differentiation. Equations (12) and (13) present the computation formulas:

L
N, 2
= ssw W
1= NeZ  SST
L
SSW = Y N0}, SST = No* (13)
h=1

Higher q values in the equation signify a factor’s stronger explanatory power; the q
value ranges from [0, 1]; L represents the strata of the dependent variable Y or the factor X;
N}, and N represent the number of units in stratum h and the entire region, respectively; o7
and ¢ represent the variance of Y values in stratum / and the entire region, respectively;
and SSW and SST represent the sum of within-stratum variances and the total variance of
the entire region.

The purpose of interaction detection is to determine whether the various influencing
factors, Xs, work in concert to affect the dependent variable Y. It assesses whether there is
a difference in the explanatory power of the dependent variable Y when different factors
interact compared to when they act individually. This is done by separately calculating the
q(X1) and g(Xy) for different factors such as X; and X, on the dependent variable Y and
then calculating their interaction term q(X; N X»). Finally, q(X1), 9(X2), and (X7 N X,) are
compared. Various types of interactions are shown in Table 2.

Table 2. Information on interaction types.

Description Interaction

Weaken, nonlinear q(X1 N Xp) < minfg(X1),q(X2)]
Weaken, uni- min[q(X1),q(X2)] < q(X1 N Xz) < max[q(X7),9(X2)]
Enhance, bi- q(X1 N Xz) > max(q(X1),q9(X2)]
Independent (X110 Xp) = q(X1) +9(X2)

Enhance, nonlinear (X1 NXo) > q(X1) +4q(Xa)

4. Results
4.1. Temporal Analysis of Mean Value of KNDVI

The average KNDVI of Shaanxi Province and its geographical sub-regions between
2003 and 2022 was subjected to statistical analysis; the findings are displayed in Figure 4.
The figure shows that Shaanxi Province’s average KNDVI varied between 0.42 and 0.52
over the given period. The spatial distribution of KNDVI was categorized into three
groups based on earlier research [64-66]: medium-low (0.2~0.4), medium (0.4~0.6) and
medium-high (0.6~0.8). Medium-low and medium vegetation cover categories were the
most common in Shaanxi Province. The average KNDVI in the southern Shaanxi region
was greater than in other parts of the province, followed by the Guanzhong region and
the northern Shaanxi region, based on the geographic sub-regions. The average KNDVI
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ranged from 0.58 to 0.61 in southern Shaanxi from 2003 to 2022, from 0.46 to 0.53 in the
Guanzhong area, and from 0.24 to 0.42 in northern Shaanxi. The amount of vegetation
varied clearly by region, with the cover falling toward the north. Shaanxi Province and
every geographic sub-region had positive slopes in the linear regression analysis on the
annual KNDVI values, suggesting an overall trend toward increased plant cover. The
regression function’s slope was 0.0046 throughout Shaanxi, 0.0073 in northern Shaanxi,
0.0027 in the Guanzhong region, and 0.003 in southern Shaanxi. This suggests that the
northern Shaanxi region had the highest rate of vegetation cover expansion, followed by
the Guanzhong region and the southern Shaanxi region.
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Figure 4. The research area’s yearly average KNDVI values from 2003 to 2022. Shaanxi Province is
represented by SX, whereas the areas of Guanzhong, northern Shaanxi, and southern Shaanxi are
represented by GZ, NS, and SS, respectively.

4.2. Trend Analysis of KNDVI

The temporal KNDVI data slopes were estimated using the Theil-Sen median method,
as shown in Figure 5. The analysis reveals an overall improvement in vegetation cover
in Shaanxi Province, with localized areas exhibiting a declining trend. Urban regions
such as Xi’an, Baoji et al. in the Guanzhong urban cluster, significant cities in southern
Shaanxi such as Hanzhong and Ankang, and urban areas in northern Shaanxi such as Yulin
and Yan’an are the main locations of vegetation degradation. The area with improved
vegetation growth covers 189,756 km?, accounting for 92.15% of the total area; the area
with stable vegetation growth covers 3977 km?, accounting for 1.93% of the total area; and
the area with deteriorating vegetation growth covers 12,184 km?, accounting for 5.92% of
the total area. In terms of geographic regions, the area with improved vegetation growth
has the highest proportion in the northern Shaanxi region, accounting for 98.92% of the
northern Shaanxi area, followed by the southern Shaanxi region, accounting for 95.71% of
the southern Shaanxi area, and finally the Guanzhong region, accounting for 78.08% of the
Guanzhong area. The area with stable vegetation growth has the highest proportion in the
Guanzhong region, accounting for 4.58% of the Guanzhong area, followed by the southern
Shaanxi region, accounting for 1.32% of the southern Shaanxi area, and finally the northern
Shaanxi region, accounting for 0.61% of the northern Shaanxi area. In the Guanzhong
region, the area with declining vegetation growth makes up the largest proportion (17.34%),
followed by the southern Shaanxi region (2.98%) and the northern Shaanxi region (0.47%)
of the Guanzhong region.
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Figure 5. Temporal trend analysis of KNDVI based on the Theil-Sen method.

Figure 6 illustrates the results of the MK significance test. It is evident from the
figure that the vegetation growth throughout Shaanxi Province shows significant spatial
heterogeneity, with degradation primarily concentrated in urban areas, particularly in large
cities such as Xi’an and Xianyang. Consistent with earlier study findings, the improvement
in vegetation growth is greatest in the northern and southern parts of Shaanxi and least in
the center region. By statistically analyzing the area of different trends in vegetation change,
the area showing an improvement trend is 189,757 km?, of which the area of significant
improvement is 174,262 km?, accounting for 84.63% of the total area. The area of slight
improvement is 15,495 km?, accounting for 7.52% of the total area. The area of stable and
unchanged vegetation is 3977 km?, accounting for 1.93% of the total area. The area showing
a degradation trend is 12,184 km?, of which the area of slight degradation is 5767 km?,
accounting for 2.8% of the total area, and the area of significant degradation is 6417 km?,
accounting for 3.12% of the total area. In terms of different geographical regions, for the
northern region of Shaanxi, the area of improvement accounts for 98.92% of the total area,
of which the area of significant improvement accounts for the highest proportion, 93.06%
of the total area, followed by the area of improvement, accounting for 5.86% of the total
area. In the central region, the area of deterioration makes up 17.34% of the whole area,
with the area of considerable degradation being 5126 km?, and the area of improvement
is 78.08% of the total area, with the area of improvement being 36,321 km?. In Shaanxi’s
southern region, the area of improvement makes up 95.71% of the total area, while the area
of deterioration makes up 2.98%.
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Figure 6. Significance analysis of temporal KNDVI change trend.

4.3. Partial Correlation Analysis of Influencing Factors

Due to different hydrothermal conditions in different regions, human activities have
varying effects and degrees of impact on nature, resulting in spatial variations in vegetation
growth. In this study, the corresponding KNDVI data were used as the dependent variable
for a partial correlation analysis, and the land-use types (a), population density (b), annual
average potential evapotranspiration (c), annual average precipitation (d), and annual av-
erage temperature (e) data from 2003 to 2022 were used as independent variables. Figure 7
presents the findings. The KNDVI ranges from —0.97 to 0.98 for population density data,
from —0.82 to 0.91 for yearly average potential evapotranspiration, from —0.95 to 0.88 for
yearly average precipitation, and from —0.92 to 0.83 for yearly average temperature. The
partial correlation coefficients between land-use types and KNDVI range from —0.99 to 0.95.

The significant pixel area at the significance level for all land-use categories in the
province is 73,944 km?. Of this total area, 48.35% is made up of positively correlated pixels,
while 51.65% is made up of negatively correlated pixels. According to population density,
the relevant pixel area at the significance level is 73,944 km?, of which 37.26% and 62.74%
are positively correlated and negatively correlated, respectively, of the entire area of this
kind of pixel. At the significance level, the yearly average potential evapotranspiration has
a significant pixel area of 73,908 km?. Of this type of pixel, the positively correlated pixel
area makes up 50.35% of the entire area, while the negatively correlated pixel area makes
up 49.65%. The relevant pixel area for yearly average precipitation at the significance
level is 73,908 km?, of which the positively correlated pixel area makes up 27.95% and
the negatively correlated pixel area accounts for 72.05% of the total area of this type of
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pixel. At the significance level, the yearly average temperature has a significant pixel size
of 73,908 km?. Of this type of pixel, the positively correlated pixel area makes up 24.7% of
the overall area, while the negatively correlated pixel area makes up 75.3%.
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Figure 7. Partial correlation analysis of influencing factors and KNDVI, where NS, GZ, and SS
represent northern Shaanxi, Guanzhong, and southern Shaanxi, respectively. (a—e) respectively
represent CLCD, Landscan, PET, PRE, and TMP.

For different geographical regions, the proportion of the area where KNDVI is neg-
atively correlated with land-use types in the northern Shaanxi and Guanzhong regions
(23.68%, 17.81%) is greater than the proportion of the area where it is positively correlated
(20.7%, 13.01%). In contrast, in southern Shaanxi, the proportion of the area where KNDVI
is positively correlated with land-use types (17.04%) is greater than the proportion of
the area where it is negatively correlated (13.28%). KNDVI is negatively correlated with
population density in the northern Shaanxi, Guanzhong, and southern Shaanxi regions,
with the proportions being 30.69%, 20.11%, and 15.17%, respectively. KNDVI is positively
correlated with annual average potential evapotranspiration in northern Shaanxi (29.33%),
while it is negatively correlated in the Guanzhong and southern Shaanxi regions (18.43%,
20.52%). There is a negative correlation between each region and annual average precipi-
tation, with the proportions being northern Shaanxi (33.82%), Guanzhong (21.59%), and
southern Shaanxi (20.2%). Additionally, there is a negative association between the yearly
average temperature and each region; the proportions are as follows: Guanzhong (16.01%),
southern Shaanxi (24.21%), and northern Shaanxi (37.23%).
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Figure 8 computes and displays the annual count of interactions between different
variables from 2003 to 2022. Bivariate enhancement and nonlinear enhancement are two ex-
amples of the interactions between influencing elements that are depicted in the graph. In
graph (a), the interaction effects among influencing factors leading to changes in vegetation
KNDVI in Shaanxi Province were relatively balanced between the two types from 2003
to 2011. However, from 2012 to 2022, the number of bivariate enhancement interaction
types exceeds that of nonlinear enhancement. From graph (b), it can be seen that, in the
northern Shaanxi region, the number of nonlinear enhancement interaction types between
influencing factors is greater than that of bivariate enhancement. From graph (c), it can be
seen that, in the Guanzhong region, the bivariate enhancement is the dominant type of
interaction between influencing factors. From graph (d), it can be seen that, for the southern
Shaanxi region, the interaction types between influencing factors are similar to those in the
Guanzhong region, with bivariate enhancement being the main type.
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Figure 8. Statistics of interaction types between influencing factors in Shaanxi Province and its
geographical regions from 2003 to 2022. Graphs (a—d) represent the Shaanxi Province, northern
Shaanxi, Guanzhong, and southern Shaanxi regions, respectively.
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5. Discussion
5.1. Response of KNDVI to Influencing Factors

In this study, the relationship between the eight influencing factors—land-use type
(CLCD), elevation (DEM), slope (Slope), aspect (Aspect), population density (Landscan/PD),
annual average potential evapotranspiration (PET), annual average precipitation (PRE), and
annual average temperature (TMP) and the changes in the KNDVI in Shaanxi Province from
2003 to 2022 was examined using the Geographic Detector. Figure 9 displays the findings of
the Geographic Detector’s single-factor study. Among them, (a), (b), (c), and (d) represent
the single-factor detection results for Shaanxi Province, northern Shaanxi, Guanzhong, and
southern Shaanxi, respectively. From Figure 9a, it can be seen that there are significant
differences in the contribution values (g values) of each factor to the KNDVI of vegetation in
the entire province of Shaanxi. By calculating the average g values for each factor over the
years and sorting them, the ranking is as follows: CLCD (0.655) > PRE (0.584) > PET (0.423)
> Slope (0.382) > TMP (0.133) > DEM (0.093) > Landscan (0.023) > Aspect (0.007).

Single-Factor Detection in Shaanxi Province from 2003 to 2022 Single-Factor Detection in Northern Shaanxi from 2003 to 2022

2022

Single-Factor Detection in G from 2003 to 2022

(©

2022

q Statistic

e
Influence Factor ¥ §
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Figure 9. (a—d) Results of single-factor detection. Graphs (a), (b), (c), and (d) respectively represent the
single-factor detection results of Shaanxi Province, Northern Shaanxi, Guanzhong, and Southern Shaanxi.

The changes in land-use type have caused significant variations in vegetation KNDVI,
which may be related to anthropogenic factors such as urban expansion, afforestation, and
reforestation. Precipitation is the most important climate factor affecting vegetation KNDVI
changes, as adequate rainfall can promote vegetation growth. When analyzing the effects of
different factors on vegetation KNDVI changes, we found that the year 2015 (g = 0.678) had
the greatest impact of land-use type changes on vegetation k-NDVI values, 2003 (g = 0.117)
for surface elevation, 2017 (g = 0.406) for slope, 2022 (g = 0.01) for aspect, 2022 (g = 0.085)
for population, 2005 (g = 0.53) for annual potential evapotranspiration, 2004 (g = 0.789) for
annual average precipitation, and 2007 (g = 0.176) for annual average temperature.

Different climatic conditions, natural environments, and vegetation types in different
geographical regions result in varying effects of different influencing factors on vegetation
KNDVI changes. For the northern Shaanxi region, the relationship of the effects of different
influencing factors on regional vegetation KNDVI changes is as follows: CLCD (0.538) >
PRE (0.524) > PET (0.386) > Slope (0.1) > TMP (0.098) > DEM (0.03) > Aspect (0.006) >
Landscan (0.001). The year 2003 (g = 0.669) was found to have the greatest influence of
land-use type changes on vegetation k-NDVI values, 2016 (g = 0.04) for surface elevation,
2012 (g = 0.118) for slope, 2022 (g = 0.008) for aspect, 2022 (g = 0.002) for population, 2003
(g = 0.587) for annual potential evapotranspiration, 2021 (g = 0.829) for annual average
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precipitation, and 2012 (g = 0.182) for annual average temperature. Thus, it can be seen
that land-use type and precipitation are the most important influencing factors causing
vegetation k-NDVI changes in the northern Shaanxi region.

For the Guanzhong region, the relationship of different influencing factors on regional
vegetation KNDVI changes is as follows: CLCD (0.621) > DEM (0.587) > PET (0.496) > TMP
(0.429) > Slope (0.342) > PRE (0.277) > Aspect (0.041) > Landscan (0.01). In the year 2022,
land-use type, surface elevation, and slope were found to have the greatest influence on
vegetation KNDVI changes, with the respective q values of 0.676, 0.658, and 0.408. The
year 2019 (g = 0.051) had the greatest influence of aspect on vegetation KNDVI changes,
2007 (g = 0.016) for population, 2003 (g = 0.557) for annual potential evapotranspiration,
2005 (g = 0.351) for annual average precipitation, and 2012 (g = 0.495) for annual average
temperature. Thus, it can be seen that land-use type, elevation, and evapotranspiration
are the most important influencing factors causing vegetation KNDVI changes in the
Guanzhong region.

For the southern Shaanxi region, the relationship of different influencing factors on
regional vegetation KNDVI changes is as follows: DEM (0.43) > CLCD (0.378) > PET, PRE
(0.217) > Slope (0.215) > TMP (0.068) > Landscan (0.041) > Aspect (0.021). The year 2020
(g = 0.452) was found to have the greatest influence of land-use type changes on vegetation
KNDVI values, 2006 (g = 0.502) for surface elevation, 2022 (g = 0.262) for slope, 2014
(g = 0.025) for aspect, 2020 (g = 0.071) for population, 2003 (q = 0.338) for annual potential
evapotranspiration, and 2011 (g = 0.123) for annual average temperature. Thus, it can be
seen that elevation, land-use type, evapotranspiration, and precipitation are important
influencing factors causing vegetation KNDVI changes in the southern Shaanxi region.

5.2. Examination of the Factors Influencing Vegetation KNDVI

The dynamic and multifaceted process of vegetation change is impacted by a wide
range of variables. China has been implementing ecological measures since 2000, such
as preserving natural forests and converting farms back to forests and grasslands. These
actions have increased the amount of plant cover and promoted beneficial ecological
growth [67-69]. According to this study, there is a general tendency toward improvement
as the KNDVI values of the vegetation in Shaanxi Province steadily rise from north to south.
Shaanxi’s northern region, which makes up 98.92% of the territory’s total land, has seen the
greatest increase in vegetation. The southern region, which makes up 95.71% of the region’s
total area, is next in line. Lastly, 78.08% of its land is made up of the Guanzhong region.
The northern Shaanxi region has shown the greatest improvement in vegetation, which
is in line with earlier research [70-72]. The primary factors impacting the development of
vegetation are slope, evapotranspiration, precipitation, and land use. Shaanxi Province’s
environment has become warmer and more humid over time, which might be good for the
growth and recovery of vegetation [73-76].

From 2003 to 2022, the areas in Shaanxi Province with higher KNDVI values are
mainly located in high-altitude regions such as the Qinling Mountains. These areas have
suitable temperatures, sufficient rainfall, low human activity intensity, predominantly
forest vegetation types, strong resistance to natural disasters such as soil erosion, and good
vegetation stability, exhibiting low fluctuation. Therefore, these areas exhibit high KNDVI
values. The areas with lower vegetation KNDVI values are primarily located in urban areas
with intensive human activities, such as the Guanzhong urban agglomeration, including
cities such as Xi'an, Xianyang, and Baoji, or in environmentally harsh desertification areas,
such as regions near the Mu Us Desert in northern Shaanxi.

This work maps the findings of the interactions among numerous factors in Shaanxi
Province, as shown in Figure S1 (see Supplementary Materials), in order to analyze the
interactions between different factors in different years. With less noticeable interactions with
elevation, slope, aspect, and population density, the figure shows a substantial association
between land-use categories, yearly average precipitation, annual average evaporation, and
annual average temperature. To elaborate, the association with other parameters like DEM,
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Slope, Aspect, and PD is less prominent, even if the correlation with CLCD, PRE, PRE, and
TMP is strong. The strongest interacting factors for different years are summarized in Table 3.

Table 3 shows that TMP N PET and PRE N PET are the main interaction variables
influencing the vegetation KNDVI variations in Shaanxi Province. Over the 20-year period,
there were 6 years of interaction between annual precipitation and annual potential evapo-
transpiration, and 9 years of interaction between annual average temperature and annual
potential evapotranspiration. The statement makes it abundantly evident that the research
area’s plant KNDVI fluctuations are mostly caused by the local climate.

The climate conditions vary in different regions of Shaanxi Province, with significant
differences in vegetation types. This results in noticeable variations in the influencing
factors among different natural geographical zones. Therefore, an analysis of the influ-
encing factors and driving forces of vegetation KNDVI changes in different geographical
zones is conducted. Figure S2 (see Supplementary Materials) illustrates the interactions of
influencing factors in different geographical zones from 2003 to 2022.

Table 3. Maximum Interaction of Influencing Factors in Shaanxi Province from 2003 to 2022.

Year Max Value Type Year Max Value Type
2003 0.892 PRE N PET 2013 0.732 TMP N CLCD
2004 0.89 PRE N PET 2014 0.83 TMP N PET
2005 0.899 PRE N PET 2015 0.824 TMP N PET
2006 0.791 TMP N PET 2016 0.782 TMP N PET
2007 0.805 TMP N PET 2017 0.791 TMP N PET
2008 0.789 TMP N PET 2018 0.744 TMP N PET
2009 0.811 PRE N PET 2019 0.795 PRE N CLCD
2010 0.83 PRE N CLCD 2020 0.809 PRE N PET
2011 0.834 PRE N PET 2021 0.853 PRE N CLCD
2012 0.786 TMP N PET 2022 0.761 PRE N CLCD

The land-use type (CLCD), elevation (DEM), annual average precipitation (PRE),
annual average evapotranspiration (PRE), and annual average temperature (TMP) show
rather substantial interactions with other affecting elements, as shown in Figure S2 (see
Supplementary Materials). Conversely, the relationships between population density (PD),
aspect (Aspect), and slope (Slope) are less strong. Table 4 provides a summary of the most
influential elements for each year.

For the northern part of Shaanxi, the primary interacting factors affecting vegetation
KNDVI changes are TMP N PET and PRE N PET. Over the 20-year period, there were
6 years of interaction between annual precipitation and annual potential evapotranspiration
and 6 years of interaction between annual average temperature and annual potential
evapotranspiration. This suggests that climatic conditions are the most significant driving
force for vegetation KNDVI changes in the northern region.

The primary interacting elements affecting vegetation KNDVI changes in the Guanzhong
area are DEM N CLCD. There was 18 years of interaction between land-use type and eleva-
tion throughout the 20-year timeframe. This suggests that the main factors influencing plant
KNDVI variations in the Guanzhong region are elevation and human activity.

The combination of elevation and land-use type was the largest interaction element
during the 20-year period, with DEM N CLCD being the key variables impacting vegetation
KNDVI changes for the southern half of Shaanxi. This statement implies that elevation and
human activity are the main drivers of vegetation KNDVI changes in the southern area.
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Table 4. Strongest interacting factors and interaction types in different geographical zones from 2003
to 2022.

Northern Shaanxi

Year Max Value Type Year Max Value Type
2003 0.856 PRE N PET 2013 0.638 TMP N CLCD
2004 0.863 PRE N CLCD 2014 0.746 TMP N PET
2005 0.869 PRE N PET 2015 0.64 TMP N PET
2006 0.673 TMP N CLCD 2016 0.654 TMP N PET
2007 0.708 TMP N CLCD 2017 0.676 TMP N PET
2008 0.696 TMP N CLCD 2018 0.621 TMP N PET
2009 0.677 PRE N PET 2019 0.651 PRE N PET
2010 0.721 PRE N CLCD 2020 0.68 PRE N PET
2011 0.669 PRE N CLCD 2021 0.797 PRE N PET
2012 0.655 TMP N PET 2022 0.61 PRE N CLCD
Guanzhong
Year Max Value Type Year Max Value Type
2003 0.667 DEM N CLCD 2013 0.696 DEM N CLCD
2004 0.681 DEM N CLCD 2014 0.73 DEM N CLCD
2005 0.701 DEM N CLCD 2015 0.727 DEM N CLCD
2006 0.676 DEM N CLCD 2016 0.707 DEM N CLCD
2007 0.65 DEM N CLCD 2017 0.739 DEM N CLCD
2008 0.681 DEM N CLCD 2018 0.755 DEM N CLCD
2009 0.68 DEM N CLCD 2019 0.739 DEM N CLCD
2010 0.707 PET N CLCD 2020 0.732 DEM N CLCD
2011 0.731 PET N CLCD 2021 0.74 DEM N CLCD
2012 0.749 DEM N CLCD 2022 0.774 DEM N CLCD
Southern Shaanxi

Year Max Value Type Year Max Value Type
2003 0.539 DEM N CLCD 2013 0.557 DEM N CLCD
2004 0.585 DEM N CLCD 2014 0.553 DEM N CLCD
2005 0.543 DEM N CLCD 2015 0.629 DEM N CLCD
2006 0.612 DEM N CLCD 2016 0.608 DEM N CLCD
2007 0.533 DEM N CLCD 2017 0.629 DEM N CLCD
2008 0.565 DEM N CLCD 2018 0.593 DEM N CLCD
2009 0.596 DEM N CLCD 2019 0.599 DEM N CLCD
2010 0.478 DEM N CLCD 2020 0.661 DEM N CLCD
2011 0.569 DEM N CLCD 2021 0.628 DEM N CLCD
2012 0.578 DEM N CLCD 2022 0.643 DEM N CLCD

5.3. Changes in Land Use and Their Effects on Vegetation KNDVI

In order to investigate the effects of land-use changes in Shaanxi Province during the
previous 20 years on vegetation KNDVI changes, this research used land-use data from the
years 2003, 2013, and 2022 as the data source. The land cover scenario for the years 2019,
2020, and 2021 is shown in Figure 10.

Table 5 illustrates that, between 2003 and 2013, the greatest area of land in Shaanxi
Province that was converted to other land uses was agricultural land, accounting for
24,881 km?2. Of them, 11,371 km? was the greatest area converted to grassland, making
up 45.7% of the total area transformed in that category. At 90,339 km?, or 43.9% of the
entire area, the province’s forest area was the greatest in 2013. The area covered by forests
grew by 16,409 km? in comparison to 2003. Table 6 presents an examination of land-use
categories in Shaanxi Province from 2013 to 2022.
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Table 5. Land-use transition matrix for Shaanxi Province from 2003 to 2013.

T
10B*0'E

T
HI*0E

2013CLCD
2003CLCD Barren Cropland Forest Grassland  Impervious Shrub Water SUM/km?
Barren 90 85 0 1538 13 0 12 1738
Cropland 15 34,704 10,309 11,371 2817 46 323 59,585
Forest 0 7081 73,930 2924 104 314 51 84,404
Grassland 123 9827 5146 40,025 409 42 162 55,734
Impervious 1 1515 129 231 1029 0 55 2960
Shrub 0 96 746 99 0 17 0 958
Water 7 196 79 59 61 0 137 539
SUM/km? 236 53,504 90,339 56,247 4433 419 740 205,918
Table 6. Land-use transition matrix for Shaanxi Province from 2013 to 2022.
2022CLCD
2013CLCD Barren Cropland Forest Grassland  Impervious Shrub Water SUM/km?
Barren 72 30 0 120 8 0 6 236
Cropland 1 45,897 3325 3304 913 1 63 53,504
Forest 0 1269 89,026 19 1 24 0 90,339
Grassland 115 5220 2506 48,223 159 16 8 56,247
Impervious 0 4 0 0 4383 0 46 4433
Shrub 0 20 287 36 0 76 0 419
Water 10 95 1 6 55 0 573 740
SUM/km? 198 52,535 95,145 51,708 5519 117 696 205,918
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Table 6 shows that 8024 km? was the largest amount of grassland in Shaanxi Province
that was changed to other land-use categories between 2013 and 2022. Of all of them,
65.1% of the total conversion area fell into the group where the largest area was turned
into cultivated land. With 95,145 km? of forest covering 46.2% of the province’s total area
in 2022, it was the largest in the province. The amount of forest land grew by 6119 km?
in comparison to 2013. According to the aforementioned conclusions, the province’s total
forest covering has increased, which has raised vegetation KNDVI values in line with
earlier research.

This article calculates the land-use transition matrix for the northern Shaanxi, Guanzhong,
and southern Shaanxi areas from 2003 to 2022 in order to assess changes in land use in various
geographical locations, as indicated in Table 7.

Table 7. Land-use transition matrix for different geographical regions in Shaanxi Province from 2003
to 2022.

NS 2022CLCD
2003CLCD Barren Cropland Forest Grassland  Impervious Shrub Water SUM/km?
Barren 52 182 0 1463 26 0 13 1736
Cropland 12 5583 1135 9192 180 1 45 16,148
Forest 0 799 10,040 995 18 22 4 11,878
Grassland 121 8326 3341 36,817 460 6 135 49,206
Impervious 3 78 15 168 84 0 7 355
Shrub 0 18 197 42 1 0 0 258
Water 7 44 6 51 19 0 62 189
SUM/km? 195 15,030 14,734 48,728 788 29 266 79,770
GZ 2022CLCD
2003CLCD Barren Cropland Forest Grassland  Impervious Shrub Water SUM/km?
Barren 0 0 0 0 0 0 2 2
Cropland 1 21,946 2514 1093 2930 5 156 28,645
Forest 0 1518 17,907 549 26 21 6 20,027
Grassland 1 2223 1696 839 70 1 12 4842
Impervious 1 1187 26 10 950 0 37 2211
Shrub 0 32 108 6 0 0 0 146
Water 0 81 15 5 33 0 47 181
SUM/km? 3 26,987 22,266 2502 4009 27 260 56,054
SS 2022CLCD
2003CLCD Cropland Forest Grassland  Impervious Shrub Water SUM/km?
Cropland 5834 8298 91 468 4 97 14,792
Forest 4108 47,932 276 101 43 39 52,499
Grassland 306 1262 92 13 9 4 1686
Impervious 154 108 1 124 0 7 394
Shrub 53 479 17 0 5 0 554
Water 63 66 1 16 0 23 169
SUM/km? 10,518 58,145 478 722 61 170 70,094

From 2003 to 2022, the northern Shaanxi region witnessed substantial land-use changes,
notably the conversion of 8326 km? of grassland to cultivated land, representing the largest
transformation. By 2022, this region encompassed 48,728 km? of grassland, constituting
61.1% of its total area.

Between 2003 and 2022, Guanzhong saw the most land-use type conversion area,
which was the conversion of cultivated land to other land-use types. Of these, 2930 km?
accounted for 43.7% of the total conversion area in that category. This is connected to
the Guanzhong region’s rising rate of urbanization and urban growth. With 48.1% of
Guanzhong's total area under cultivation in 2022, the Guanzhong region possessed the
most amount of land.
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From 2003 to 2022, the land-use type in southern Shaanxi that had the greatest area
conversion was the conversion of cultivated land to other land uses, with 8298 km? of that
land changed to forest land, or 92.6% of the total area converted in that category. In 2022,
the southern Shaanxi region possessed the most area of forest land, with 58,145 km?, or
83% of the region’s entire area.

In 2022, the total amount of vegetation, which included grassland, shrubland, and
forests, was calculated for various geographic locations; 79.6%, 44.2%, and 83.7% of the total
area in each region were represented by the areas for the northern Shaanxi, Guanzhong, and
southern Shaanxi regions, which were 63,491 km?2, 24,795 km?, and 58,684 km?, respectively.
It is evident that different geographic locations have varying levels of plant covering, which
results in various KNDVI values. In line with the earlier findings, the Guanzhong area has
the lowest vegetation coverage, while the southern and northern Shaanxi regions have the
greatest coverage.

The Guanzhong region’s densely populated urban cluster is seeing a notable growth
rate in its urban regions due to the accelerating urbanization process. This expansion
is accompanied by a notable rise in building land and a decrease in the area of existing
agriculture. Both urban and rural regions see an increase in water demand when there is a
concentration of people. The Guanzhong region’s vegetation covering is growing slowly,
which is explained by the significant influence of human activity on this cover.

The Guanzhong area has seen tremendous expansion in both agricultural and indus-
trial development throughout the last 20 years. The region’s vegetation sustainability has
been significantly impacted by this development. Consequently, the explanation of the
Guanzhong region’s vegetation sustainability will be the main goal of this research.

Firstly, the Guanzhong region’s vegetation cover has been trending downward as a
result of increased industrial and agricultural activity. There is a decline in the amount
of woodland and grassland regions as a result of the extensive land usage for farming
and factory construction. As a result, the environment is under strain, endangering the
preservation and protection of biodiversity. Numerous plant species have been harmed,
upsetting the ecological equilibrium.

Second, both the survival and growth of plants have been adversely impacted by
water contamination resulting from industrial and agricultural operations. Groundwater
and surface water have been contaminated by the release of wastewater from factories and
the use of chemical pesticides and fertilizers on agricultural land. This has tainted plant
water supplies, limiting the development of the plants. Certain delicate plant species might
not be able to withstand this environmental stress, which would cause their populations to
decline or perhaps go extinct.

In addition, climate change has had an impact on the Guanzhong region’s capacity to
sustain its flora. Changes in temperature and precipitation patterns brought forth by global
warming might affect plant lifecycles and growth seasons. There might be a decline in the
population of some plant species if they are unable to adjust to these changes.

Future population growth, economic expansion, and the resulting increased demand
for land and water resources might present the Guanzhong area with ever-greater issues.
These elements may make water pollution and deforestation worse. The viability of the
vegetation may also be further jeopardized by worsening climate change, which might
expose the area to increasingly frequent and severe extreme weather events such as floods
and droughts. The area’s capacity to preserve its vegetation has been weakened throughout
the last 20 years of rapid industrial and agricultural growth. Reduced vegetation covering
and the adverse impacts of water pollution and climate change on plant development
and survival are possible outcomes. Implementing sustainable agriculture techniques,
strengthening land conservation initiatives, and raising environmental awareness are all
necessary to address these problems.

180



Sustainability 2023, 15, 16468

6. Conclusions

While certain localized locations in Shaanxi Province are showing a deteriorating
trend, overall, the province’s vegetation covering is improving: 92.15% of the entire area,
or 189,756 kmZ, is covered by the enhanced vegetation growth area; 3977 km?, or 1.93% of
the total area, are covered by areas with steady vegetation growth; while 12,184 km?, or
5.92% of the total area, are covered by areas with falling vegetation growth. This research
shows that although plant growth has improved over a large region of the province, there
has been a dramatic decrease in vegetation cover in a smaller but important area.

The types of interaction factors include two categories: bivariate enhancement and
nonlinear enhancement. The main interactive factors affecting the variation of vegetation
k-NDVI in Shaanxi Province are TMPNPET and PRENPET. Climatic conditions serve as the
primary driving force for the variation of vegetation k-NDVI in Shaanxi Province.
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