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A B S T R A C T

The mechanism of wetland distribution (WD) has been well studied, but further research is needed on the
mechanism of wetland change (WC). This study developed a model of the impact of changes in human activity
(HA) and natural environment factors on WC from an asynchronous–spatiotemporal perspective, integrating
remote sensing technologies and partial least squares–structural equation modeling (PLS–SEM). In the model, HA
was reflected by economic and population data. The natural environment was reflected by the fundamental
natural environment (FNE), which was mainly based on terrain, and the non-stable natural environment (NNE),
which was mainly based on hydrological and temperature conditions. The model met the accuracy requirements
in the Pearl River Delta (PRD). The results showed that there were differences in the response of WD and WC to
driving factors from 1980 to 2020 in the PRD. FNE had a negative impact on WD, however, FNE changes (FNEC)
had a positive impact on WC (mainly wetlands decrease). HA could affect NNE and subsequently WD, but NNE
changes (NNEC) only began to affect WC after 2010. HA had a negative impact on WD and WC from 1980 to
2010, but both negative and positive impacts existed after 2010. By coupling areas of HA changes (HAC) with
wetland decrease, it was found that HA should be restricted in the southeast of Foshan (areas where HA increase
led to wetland decrease) to protect wetlands; The junction between Zhaoqing and Foshan (areas where HA
decrease lead to wetland decrease) requires investment in improving the natural environment. The model pro-
posed in this study can be applied to other areas with severe wetland degradation from HA and natural con-
ditions, to assist in local wetland restoration and management.
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1. Introduction

Wetlands are critical for regulating resources, purifying water,
storing carbon (Tan et al., 2023), moderating climate (Li et al., 2023),
and maintaining biological diversity (Zhang et al., 2023a). Thus, wet-
lands ecosystems are vital both for humans and nature. However, the
distribution and function of wetlands are vulnerable to changes (Erwin,
2009). Approximately 50 % of the world’s wetlands have been lost since
1900, and 35 % since 1970 (Winkler and Dewitt, 1985; Zedler and
Kercher, 2005). The net percentage of wetland loss ranges between 28%
and 87 % since 1700 according to recent estimates (Fluet-Chouinard
et al., 2023; Hu et al., 2017; Sterling et al., 2013). Although individual
researchers differ as to exactly how much of the world’s wetlands have
changed, a significant change in the area of wetlands has undoubtably
occurred over the past decades.

Changes in the natural environment and human activity (HA) are
two general factors leading to wetlands change (WC) (Asselen et al.,
2013; Thomas et al., 2017). Natural environments such as climate and
terrain have a significant impact on wetlands by altering their hydrol-
ogy, vegetation, and even soil conditions (Erwin, 2009; Xu et al., 2024;
Zhang, 2015). HA, such as urbanization, farmland reclamation, and
grazing, can encroach on wetlands, resulting in irreversible damage to
wetland conditions (Aktas and Donmez, 2019; Zhang et al., 2023b).
Most researchers focus on the relationship between wetland distribution
(WD) and driving factors from a static perspective. Some have studied
the driving mechanisms of WD at the national scale, while others have
conducted detailed studies using internationally important wetlands
areas as cases. A direct relationship exists between WC and driving
factors: once the driving factors change, WC may follow immediately.
However, further research is needed to quantify the impact of changes in
driving factors on WC from an asynchronous–spatiotemporal perspec-
tive; for example, the relationship between increased HA and decreased
wetlands in a specific location during a specific period, or the relation-
ship between changes in environmental factors and increased wetlands.
The degree, time, and location of WC influenced by HA or natural
environment factors can be directly quantified on the basis of the
asynchronous–spatiotemporal driving mechanism, which is critical for
wetland management and restoration.

Satellite remote sensing technologies provide unique opportunities
for wetland monitoring over large areas efficiently and cost-effectively
(Chen et al., 2014; Deng et al., 2023; Ma et al., 2023). At present, a
series of coastal wetland mapping products of single surface type have
been produced globally, nationally, or regionally, including water
(Pickens et al., 2020), mudflat (Murray et al., 2022), mangroves
(Bunting et al., 2022; Jia et al., 2023) and salt marshes (Mcowen et al.,
2017). In terms of mapping multiple types of wetlands in inland areas,
(Zhang et al., 2024) used time-series Landsat satellite images to present
for the first time a global 30 m annual wetland map (named GWL-
FCS30D) with a long time series (2000− 2022) and eight wetland sub-
categories. Land use, nighttime lighting, and residential density can be
obtained from remote sensing technologies, and setting different
weights on these data can generate kilometer-scale grid data for gross
domestic product (GDP) and population(Wang et al., 2016). These types
of grid data have a high spatial resolution and can display the distri-
bution of micro-level driving factors within administrative regions (Liu
et al., 2005). The spatial heterogeneity of the driving mechanisms of WC
can be shown using these remote sensing grid data. However, there is
currently no available mapping of the Pearl River Delta (PRD) wetlands
from 1980.

We used remote sensing technology to map the distribution of wet-
lands. There are both qualitative and quantitative methods to explore
the impact of the natural environment and HA on WC. The driving force
pressure state impact response (DPSIR) method is mainly used in qual-
itative research. The basic idea of the DPSIR method is that social, de-
mographic, and economic development can generate pressure (Lu et al.,
2019). Pressure may have adverse effects, such as the release of

chemicals, physical and biological agents, climate change, and land use
change (Omann et al., 2009). Statistical methods such as partial least
squares regression, partial correlation analysis, linear correlation, lo-
gistic regression, grey correlation, redundancy analysis, geographic
detector model, and structural equation modeling (SEM) (Asselen et al.,
2013; Cui et al., 2014; Li et al., 2020; Zhang et al., 2021) are used to
quantitatively analyze the relationship between WC and explanatory
variables. SEM is a quantitative statistical method for studying causal
relationships among multiple factors. SEM can establish direct and in-
direct interactions between various factors compared with other
methods (Hayes et al., 2017). In SEM, variables that can be directly
observed are called explicit or observed variables, whereas variables
that cannot be directly observed are called implicit or latent variables.
Latent variables can be measured indirectly by using observed variables.
Partial least squares–structural equation modeling (PLS–SEM) is a type
of SEM that is suitable for non-normal data. Many studies have used
PLS–SEM to investigate the causal relationship between the driving
factors (e.g. natural environment, HA) and wetland distribution (Li
et al., 2021; Wang et al., 2022a; Wang et al., 2022b; Zhang et al.,
2023b). However, to our knowledge, the relationship between changes
in driving factors and WC has not yet been explored using SEM.

Located on the southern coast of China, the PRD is an important
coastal urban agglomeration with a dense river network and rich
wetland resources. However, it has experienced rapid urbanization in
the past 40 years. The wetland ecosystem in the PRD is facing increas-
ingly severe human stress. The process and driving factors of change
need to be explored to better protect and manage wetlands. Therefore,
this study took the PRD as the study area, analyzed the wetland change
process in the PRD from 1980 to 2020, and explored the causal rela-
tionship between WD, WC, and driving factors based on PLS–SEM. This
study aimed to: 1) analyze the spatiotemporal distribution of wetlands in
the PRD from 1980 to 2020; 2) explore the impact of HA and the natural
environment on WD and WC in the PRD over the past 40 years; 3)
identify the coupling relationship between HA changes (HAC) and WC
from a spatiotemporal perspective, and provide suggestions for wetland
restoration and management.

2. Material and methods

2.1. Study area

The PRD (112◦22′–115◦25′ E, 21◦28′–24◦26′ N) is located in the
southeast of Guangdong province, in the lower reaches of the Pearl
River, adjacent to Hong Kong and Macao. It consists of nine cities in

Fig. 1. Location of the Study area.
Note: Dongguan (DG), Foshan (FS), Guangzhou (GZ), Huizhou (HZ), Jiangmen
(JM), Shenzhen (SZ), Zhaoqing (ZQ), Zhongshan (ZS), and Zhuhai (ZH).
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Guangdong (Fig. 1). The PRD is formed by a central plain surrounded by
hills, mountains, and islands. It belongs to a subtropical climate with
high temperatures and abundant rainfall. The average annual temper-
ature is 21–23 ◦C, and the average annual precipitation is over 1500
mm. In terms of topography and hydrology, it is characterized by a good
water network with multiple channels, and there are a variety of
wetland types, including coastal wetlands, river wetlands, paddy field
wetlands, lake wetlands, and swamp wetlands. This study only consid-
ered wetland types within the land boundary of the PRD owing to the
unique hydrological and distribution characteristics of coastal wetlands.

The PRD carries 74 % of the population in Guangdong province and
contributes 88 % of Guangdong’s economy. In addition, the PRD is
characterized by high temperature and humidity, frequent rainfall, and
frequent extreme weather events. Therefore, it is a typical case for
studying the spatiotemporal distribution and causes of wetland changes
under the influence of HA and climate change, which has important
scientific significance for global wetland protection and management.

2.2. Methods

In this study, we identified the spatiotemporal changes of wetlands in
the PRD from 1980 to 2020 and explored how natural factors and HA
affected the WD and WC. We adopted an asynchronous spatiotemporal
perspective to explore the influencing factors of wetland change. First,
seven wetland categories were defined, and the wetland distribution was
mapped using the random forest algorithm based on Landsat images.
Second, various indicators of natural and HA factors affecting wetland
distribution were established on a 5 km × 5 km grid scale using spatial
statistical analysis methods. Third, correlation analysis and PLS–SEM
were used to explore the driving mechanisms of wetland distribution
and change, and the reliability of the results was evaluated. Finally, the
spatial distribution of HAC areas and wetland degradation areas was
coupled, and targeted suggestions are proposed for wetland restoration
and management in the PRD. The technical roadmap of this study is
shown in Supplementary Fig. S1.

2.2.1. Wetland distribution dataset
Remote sensing techniques were used to map the distribution of

wetlands. First, Landsat surface reflectance images from 1980, 1990,
2000, 2010, and 2020 were chosen from the U.S. Geological Survey (htt
p://earthexplorer.usgs.gov/) and geospatial data cloud websites
(http://www.gscloud.cn/search). The images were selected with cloud
cover less than 10 % and pre-processed through geometric and atmo-
spheric correction. Second, a wetland classification system suitable for
land cover characteristics within the land boundary was established,
dividing wetlands in the PRD into seven categories: reservoir and ponds,
forested wetland, paddy fields, river, lake, shrub swamps, and marsh
(Supplementary Table S1). The random forest algorithm was used for
the classification process in R Studio (https://valentinitnelav.github.io/
satellite-image-classification-r/). Third, accuracy was assessed on the
basis of field investigations and the visual interpretation of high-
resolution historical images (Google Earth) and topographic maps.

2.2.2. Driving factors dataset
This study mainly explored two driving mechanisms related to WD

andWC. The spatiotemporal distribution of the natural environment and
HA was used to explore the impact on the WD, and the changes in these
factors were used to explore the impact on WC. The driving factor data
used are shown in Table 1. The natural environment included precipi-
tation (Pre), temperature (Tem), elevation (DEM), Slope, and distance to
rivers (Riv_dis). Slope was calculated from the elevation, and rivers were
extracted from the Land use dataset. HA included distance to roads
(national, provincial, county, rural, and other roads), distance to urban
centers, population density (Pop), and GDP. In the process of estab-
lishing the road network database in 1990 and 2009, the road traffic
map of the PRD and the traffic travel map of Guangdong province were

geo-referenced, ortho-rectified, and digitized. The road network data for
the remaining years were based on these two years and obtained
through visual interpretation and vectorization using Landsat series
images and Google Earth images. City point data was taken from Baidu
maps. We also collected GDP and Pop data at the urban, county, and
street levels from 1980 to 1990 from the government statistical year-
books in addition to kilometer grid GDP and Pop products. Statistical
yearbook data were used to perform linear interpolation on 1980 (the
year with missing GDP and Pop grid data), and the interpolated data
were used to analyze the mechanism of driving factor changes and WC.

Table 1
Data used in the study and their sources.

Driving
factor

Data name Data source Data
description

Pre Precipitation National Tibetan Plateau
Data Center (https://data.tp
dc.ac.cn/zh-hans/data/faae
7605-a0f2-4d18-b28f-5cee
413766a2)

1980-2020
1 km spatial
resolution

Tem Temperature National Tibetan Plateau
Data Center (https://data.
tpdc.ac.cn/zh-hans/data/7
1ab4677-b66c-4fd1-a
004-b2a541c4d5bf)

1980-2020
1 km spatial
resolution

DEM,
Slope

Elevation Data Center for Resources
and Environmental Sciences
of Chinese Academy of
Sciences (https://www.re
sdc.cn/data.aspx?
DATAID=284)

SRTM
90 m spatial
resolution

River Land use Data Center for Resources
and Environmental Sciences
of Chinese Academy of
Sciences (https://www.
resdc.cn/DOI/DOI.aspx?
DOIID=54)

1980-2020
30 m spatial
resolution

Road Road network Road traffic map of PRD
Transportation and travel
map of Guangdong province

Five levels of
hierarchy

City
center

City center point Baidu map 2020

GDP,
Pop

Socioeconomic
factors (grid data)

Resource and environment
science data platform
(https://www.resdc.cn
/DOI/DOI.aspx?DOIID=33,
https://www.resdc.cn
/DOI/DOI.aspx?DOIID=32)

1990-2020
1 km spatial
resolution

GDP,
Pop

Socioeconomic
factors (statistical
yearbook data)

Official websites of
Guangdong provincial and
local municipal
governments

1980–2020
Province,
city, county

Fig. 2. Conceptual diagram of PLE-SEM of wetland distribution and changes
driving mechanism.
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2.2.2.1. Calculation of RII. The impact of HA on the natural environ-
ment is usually stronger in areas closer to roads. Different levels of roads
have different impacts on the environment because they have different
functions. For example, the impact of a highway on a certain location is
generally greater than that of a rural road at the same distance. In this
study, roads were divided into six levels: highways, national roads,
provincial roads, county roads, rural roads and below, and other roads.
We calculated the shortest distance between each grid in a resolution of
5 km× 5 km and different types of roads. If the distance was greater than
15 km, the shortest distance between the pixel and the road was speci-
fied as 15 km because when the shortest distance between a certain
location and a road exceeded 15 km, the impact of the road on this
location could be ignored(Yang et al., 2021). The total impact of each
type of road was calculated on the basis of the road impact index (RII)
proposed by Yang et al. (Eq. (1)).

RII =
∑6

i=1
wi*

(

1 −
DRi

15

)

(1)

where RII represents the total impact of each type of road on pixels; a
larger RII equates to a stronger the impact of the road on that pixel. i
represents the type of road. wi represents the weight of different types of
roads on pixel points given by(Li et al., 2018) with the highways at 0.23,
the national roads at 0.21, the provincial roads at 0.18, the county roads
at 0.12, the rural roads and below rural roads of 0.09, and other roads at
0.04. DRi represents the closest distance between a pixel point and the
road. The RII of 1980 was only calculated on the basis of national
highways because only national highway data were collected in 1980.

2.2.2.2. Calculation of CII. Mao et al. (2021) studied the radiation range
of central cities in 2021. The first-tier cities in the radiation range were
Shenzhen and Guangzhou, with distances of 61.23 km and 51.08 km,
respectively; Second tier cities were Foshan (43.37 km), Zhaoqing
(45.52 km), Huizhou (49.93 km), and Dongguan (41.16 km), with a
radiation radius between 35 and 50 km; Third tier cities were those with
a radiation radius of less than 35 km, namely Zhuhai (29.10 km),
Jiangmen (28.09 km), and Zhongshan (26.04 km). The city impact index
(CII), based on the radiation range of different cities, was calculated
using Eq. (2).

CII = 1 −
DC

DA
(2)

where CII represents the distance between the grid and the city center; a
larger CII indicates a greater the impact of the city on the grid. DC
represents the distance to the city center, and DA represents the radiation
range of the city.

2.2.3. Degree of wetlands area change
The study area was divided into a 5 km × 5 km grid, and then a

wetland area change degree index (WACDI) was developed to determine
the degree of wetland area change in different regions. The WACDI

referenced the mangrove restoration effectiveness index (MREI) by
(Wang et al., 2023). The wetland change area over time within the grid
was statistically analyzed, and the change was divided into two cate-
gories: wetland increase and decrease. According to Eq. (3), wetland
changes were processed to obtain a value between − 1 and 1. A value of
0 indicated non-wetland or no change in wetland area, a positive value
indicated an increase in wetland area, and a negative value indicated a
decrease in wetland area. A larger absolute value of WACDI indicated a
greater degree of wetland area change (Wang et al., 2023).

WACDI =

⎧
⎨

⎩

rescale(ΔU, {0,1}), ifΔU > 0
0, ifΔU = 0

rescale(ΔU, { − 1,0}), ifΔU < 0
, rescale(x, {a, b})

= a+
b − a

xmax − xmin
(x − xmin) (3)

where WACDI represents the wetland area change degree index, and ΔU
represents the area of wetland change in two years within the grid. xmax
represents the maximum change in the area of all grid wetlands in all
periods, and xmin represents the minimum change in the area of all grid
wetlands, rescale(x, {a, b}) operator rescaled the variable x to the range
of {a, b}.

2.2.4. PLS–SEM for wetland distribution and change

2.2.4.1. Conceptual model creation. The correlation between various
driving factors and wetlands (WD, WC) was analyzed on the basis of
Pearson correlation analysis. Then, a PLS–SEM model was used to
quantify the causal relationship between driving factors (natural,
anthropogenic) and wetlands, to reveal the driving mechanisms of WD
and WC from 1980 to 2020. PLS–SEM usually includes measurement
models and structural models. A measurement model is an explanatory
model composed of implicit variables and explicit variables. The struc-
tural model is a path diagram reflecting the relationship between the
effects of implicit variables.

The most basic assumption of this study was that both the natural
environment and HA had a direct impact on WD and WC. Moreover, the
interactions between the natural environment and HA factors, as well as
within these factors, were considered, which had indirect impacts on
WD and WC. Natural environment factors were divided into two parts:
fundamental natural environment (FNE) and non-stable natural envi-
ronment (NNE). FNE referred to terrain conditions, including DEM and
slope. NNE included temperature and hydrological parameters (pre-
cipitation, temperature, distance to rivers). HA was divided into dis-
tance variables (distance to city center, distance to roads) and socio-
economic variables (GDP, Pop). The distances to city centers and
roads were represented by CII and RII, respectively. For example, the
FNE (terrain conditions) could directly affect WD. In addition, the
terrain could limit HA, thus indirectly affecting WC. HA could directly
affect wetlands and indirectly affect wetlands by affecting NNE
(including hydrological and temperature conditions). These basic as-
sumptions constituted the conceptual driving mechanism model of WD

Table 2
Area and change rate of various types of wetlands from 1980 to 2020.

Wetland type Area (km2) Area change rate (%)

1980 1990 2000 2010 2020 1980–1990 1990–2000 2000–2010 2010–2020 1980–2020

Reservoir and ponds 4539.02 3738.37 4003.01 3811.19 4032.06 -17 % 7 % -5 % − 6 % − 11 %
Forested wetlands 2.98 1.77 0 1.49 0.99 -40 % − 100 % NaN − 33 % − 67 %
Paddy field 12,226.71 11,954.49 4917.51 4155.42 3757.44 -2 % − 59 % − 15 % − 10 % − 69 %
River 1733.25 1399.68 1222.84 1232.50 1407.14 -19 % − 13 % 0.7 % 14 % − 19 %
Lake 13.63 12.99 13.08 14.59 16.52 -5 % 0.7 % 12 % 13 % 21 %
Shrub swamps 0.75 0.66 0.67 0 0 -11 % 1 % − 100 % NaN − 100 %
Marsh 30.68 28.79 28.73 18.05 17.77 -6 % − 0.2 % − 42 % − 2 % − 42 %
Total area 18,547.03 17,136.76 10,185.83 9233.23 9231.93 -8 % − 41 % − 9 % 0 − 50 %

Note: ‘NaN’ means that the starting year area for calculating the growth rate is 0.

X. Yi et al.
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Fig. 3. Distribution map of WACDI during 1980–2020.
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and WC through the interaction of natural environment and HA factors
(Fig. 2). The values of driving factors and wetland area within each grid
were used as input data for PLS–SEM to study the driving mechanism of
WD. The specific numerical values of Tem, Pre, WC; and the degree of
Riv_dis, RII, Pop, and GDP changes were used as input data to study the
dynamic driving mechanism of WC.

2.2.4.2. Model validation and revision. The consistency and reliability of
the model were evaluated using composite reliability (CR). The CR value
is positively correlated with reliability, and a value of between 0.6 and
0.7 is commonly considered acceptable in exploratory research(Hair
et al., 2011). Average variance extracted (AVE) was used to assess the
conversion validity of each construction measure. An acceptable AVE

Fig. 4. Distribution map of wetland types during 1980–2020.

X. Yi et al.
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value is greater than 0.5, which indicates that the structure can explain
at least 50 % of the differences in the model. In addition to AVE and CR,
the variance inflation factor (VIF) was used to detect multicollinearity. A
VIF > 5 means there is relatively high collinearity. A VIF > 10 indicates
that the variable has severe collinearity and cannot be analyzed further
(Hair et al., 2011).

3. Results

3.1. Spatiotemporal changes in wetlands in the PRD

3.1.1. Wetlands area change over time
The results showed that the producer accuracy ranged from 73.7 %

to 90.0 %, and the user accuracy ranged from 77.8 % to 88.7 %. The
overall accuracy was 85.9 %, and the Kappa coefficient was 0.82. The
accuracy assessments demonstrated that the wetland classification maps
mainly agreed with ground truth. Table 2 shows the area and change
rate of various types of wetlands from 1980 to 2020. The total wetland
area in the PRD for 1980, 1990, 2000, 2010, and 2020 was 18,547.03
km2, 17,136.76 km2, 10,185.83 km2, 9233.23 km2, and 9231.93 km2,
respectively. The decrease in total wetland area was the highest from
2000 to 2010, at 50 %; followed by 1990 to 2000, accounting for 41 %.
The total wetland area change rate from 2010 to 2020 was less than
0.01 %. Reservoir and ponds, river, and shrub swamps all experienced at
least one increase in area from 1980 to 2020 and lake area showed a 21
% increase overall from 1980 to 2020. Forested wetlands, paddy fields,
and marsh all experienced a decrease in area from 1980 to 2020, and the
area of shrub swamps decreased the most from 1980 to 2020.

3.1.2. Degree of wetlands area spatiotemporal change
Fig. 3 shows the degree of WC in the PRD from 1980 to 2020. Sup-

plementary Fig. S2 shows theWC area in various cities of the PRD during
1980–2020. The overall wetland area mainly decreased from 1980 to
2020, with Guangzhou and Huizhou experiencing the largest loss in the
area (Supplementary Fig. S2a). The increase in wetlands was the most

significant during 2010–2020, with Jiangmen and Zhaoqing experi-
encing the largest increase in area (Supplementary Fig. S2b). The
analysis of periods showed that the wetland area at the junction of
Zhuhai and Foshan decreased significantly from 1980 to 1990, with a
WACDI between − 0.6 and − 0.4. The most significant loss in wetland
area was during 1990–2000, concentrated in the western part of
Guangzhou, the eastern part of Foshan, the northern part of Zhuhai, and
the border area between Dongguan and Huizhou. The WACDI of these
regions ranged from − 0.8 to − 0.6. From 2000 to 2010, although the
change in wetland area was still mainly a decrease, the degree of
decrease was significantly lower. The slowdown in wetland reduction
was related to the slower pace of urban construction and the introduc-
tion of some wetland protection and restoration policies. The most sig-
nificant increase in wetland area was during 2010–2020, concentrated
in the northwest of Zhuhai and the western part of Guangzhou. The
WACDI was between 0.1 and 0.4, and the cities with the highest increase
in the area were Jiangmen and Zhaoqing.

3.1.3. Transformation between different wetland types
Fig. 4 shows the distribution and changes in various types of wet-

lands from 1980 to 2020. From 1980 to 2020, paddy fields and reser-
voirs and ponds had an extensive distributional range. Reservoirs and
ponds were mainly distributed in the central western of the PRD,
whereas paddy fields were mainly distributed in the central eastern area.
Marsh was mainly scattered in the eastern area, and rivers had varying
degrees of distribution in various areas. From 1980 to 1990, there was a
significant decrease in reservoirs and ponds in the central western area.
From 1990 to 2000, paddy fields experienced the most significant
decrease, with the main loss occurring in the central area of the PRD.
The overall changes in wetlands were relatively small during 2000–2010
and 2010–2020, compared with 1980–2000.

Fig. 5 shows the transformation between different types of wetlands
from 1980 to 2020. The wetland types with the most significant trans-
formation during 1980–2020 were river, paddy fields, and reservoirs
and ponds. The main transformation occurred from river to paddy fields

Fig. 5. The chord diagram of wetland-type transformation from 1980 to 2020.
Note: (unit of area: km2).
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and reservoirs and ponds during 1980–1990 and 1990–2000, with
conversion areas of 46.75 km2 and 193.98 km2. The conversion area
from paddy fields to reservoirs and ponds was the highest during
2000–2010 and 2010–2020, with 126.82 km2 and 97.97 km2, respec-
tively. From 1990 to 2020, the largest conversion area was from paddy
fields to reservoirs and ponds, at 514.06 km2, followed by the conver-
sion area from river to reservoirs and ponds, at 171.45 km2.

3.2. Relationship between driving factors and wetland distribution

3.2.1. Changes in driving factors
The violin plots as Fig. 6 show the differences in the driving factors

change and WC at different periods. The variable change and WC in
terms of minimum, maximum, median, and their distribution in four
different periods (1980–1990, 1990–2000, 2000–2010, and
2010–2020), can be seen clearly. The median and overall distribution of
change degree of GDP during the four different periods were all greater
than 0, indicating an increasing trend of GDP in the entire region over
time. The median change degrees of Pop, Riv_dis, and RII were around 0,
and the shape of the violin was symmetrical, indicating that the changes
in these driving factors both had increased and decreased. Overall, WC
was less than 0 from 1980 to 2020, indicating that a decrease was the
main trend during that time. The fluctuations in Pre and Tem changes

were stronger than other factors, with more areas experiencing a
decrease in Pre during 1980–1990, while there was mainly an increase
from 1990 to 2020. The decrease in Tem during 1990–2000 was more
pronounced, with an increase being the main trend during 1980–1990,
2000–2010, and 2010–2020.

3.2.2. Pearson correlation between the distribution of driving factors and
wetlands

Fig. 7 shows the correlation between WD and various driving factors
in the PRD from 1980 to 2020. Overall, factors that were highly corre-
lated with WD from 1980 to 2020 included DEM, Slope, Tem, Riv_dis,
and RII. There was a positive correlation between Tem, RII, and WD,
while Slope, DEM, and Riv_dis were negatively correlated with WD.
There was a negative correlation between Pre and WD in 1990, with a
correlation coefficient of − 0.39. There was a positive correlation be-
tween 1980, 2002, 2010, and 2020, with correlation coefficients of 0.19,
0.20, 0.042, and 0.11, respectively. Pop was positively correlated with
WD in 1980, 1990, and 2000, with correlation coefficients of 0.37, 0.31,
and 0.043, respectively. However, it was negatively correlated with WD
in 2010 and 2020, with correlation coefficients of − 0.030 and − 0.056.
GDP showed a negative correlation with WD in 2020, with a correlation
coefficient of − 0.076. However, it showed a positive correlation in
1980, 1990, 2000, and 2010. The positive correlation coefficient

Fig. 6. The violin plot of changes in various driving factors and wetland area at different periods.
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decreased with time. There was a positive correlation between CII and
WD from 1980 to 2020, but the positive correlation coefficient
decreased over time. In addition, GDP, Pop, and CII were positively
correlated with Tem, positively correlated with Pre in 1980 and 2000,
and negatively correlated in 1990, 2010, and 2020.

3.2.3. Pearson correlation between the changes in driving factors and
wetlands

Fig. 8 shows the correlation between changes in driving factors and
WC in the PRD. From 1980 to 1990, PreC (Pre change), Slope, and PopC
(Pop change) were positively correlated with WC, with correlation co-
efficients of 0.24, 0.33, and 0.17, respectively. CII and GDP were
negatively correlated with WC from 1980 to 1990, with correlation
coefficients of − 0.45 and − 0.21. From 1990 to 2000, Slope, DEM, and
Riv_disC (Riv_dis change) were positively correlated with WC, with
correlation coefficients of 0.57, 0.46, and 0.017, respectively. The fac-
tors negatively correlated with WC during 1990–2020 included TemC,
PreC, RIIC, PopC, GDPC, and CII, with correlation coefficients of − 0.21,
− 0.37, − 0.13, − 0.074, − 0.27, and − 0.50, respectively. From 2000 to
2010, the factors positively correlated with WC were TemC (Tem

change), PreC, Slope, DEM, Riv_disC, and RIIC (RII change), with cor-
relation coefficients of 0.25, 0.28, 0.44, 0.33, 0.18, and 0.019, respec-
tively. The correlation coefficients between PopC, GDPC, and CII and
WC were − 0.21, − 0.27, and − 0.50, respectively. From 2010 to 2020,
the factors positively correlated with WC were PreC, Slope, RIIC, and
CII, with correlation coefficients of 0.021, 0.047, 0.0021, and 0.015,
respectively. PopC and GDPC were not significantly associated with WC.

3.3. PLS–SEM for WD and WC in the PRD

3.3.1. PLS–SEM for the distribution of wetlands
The CR values of the potential variable NNE in 2010 and 2020 were

0.688 and 0.620, respectively. The CR values of each potential variable
in the remaining years were greater than 0.7. All years had an AVE
greater than 0.5. The VIF values were all below 10, indicating that there
was no severe collinearity between the observed variables. Supple-
mentary Tables S2 and S3 provide detailed information on the PLS–SEM
accuracy and VIF of the driving factors and WD.

Fig. 9 shows the PLS–SEM of the direct impact of explicit and implicit
variables on WD from 1980 to 2020. FNE had a direct negative impact

Fig. 7. Correlation between distribution of driving factors and wetlands.
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on HA from 1980 to 2020, with an impact coefficient of − 0.615 to
− 0.864. NNE was directly positively affected by HA in 1980, 2000, and
2020, and was directly negatively affected in 1990 and 2010. Overall,
the WD was influenced by three factors: FNE, HA, and NNE (except NNE
in 2000). FNE and NNE had a negative impact on WD from 1980 to
2020, but the impact tended to weaken over time. HA had a positive
impact on WD in 1980, but the impact was not significant in 1990 (p-
value >0.01). It had a negative impact on WD from 1990 to 2020, and
the degree of negative impact showed an upward trend over time.

Table 3 presents the direct, indirect and total effects among FNE,
NNE, HA and WD based on the statistically significant SEM paths. The
impact on NNE included both direct impacts from HA and indirect im-
pacts generated by FNE through HA (FNE–HA–NNE) from 1980 to 2020.
The impact coefficients in 1980, 1990, 2000, 2010, and 2020 were −

0.201, 0.307, − 0.408, 0.282, and − 0.360, respectively. Both HA and
FNE had an indirect impact on WD in 1980, 1990, 2010, and 2020.
However, the only indirect pathway affecting WD in 2000 was
FNE–HA–WD. Except for 2000, the only factor affecting WD was FNE,
with the pathway being FNE–HA–WD, Both HA and FNE had an indirect
impact onWD in 1980, 1990, 2010, and 2020. In terms of the total effect
on WD from 1980 to 2020, the coefficient of influence of HA ranged
from − 0.286 to 0.114, and the negative impact gradually increased. The
coefficient of influence of FNE ranged from − 0.886 to − 0.538, and NNE
ranged from − 0.231 to − 0.123.

3.3.2. PLS–SEM for the changes of wetlands
Fig. 3 shows that some areas experienced an increase in wetlands

from 2010 to 2020, with the degree of increase being more significant
compared with other periods. The correlation between WC and the
changes in various driving factors in Fig. 7 was mostly close to 0,
without a single positive or negative correlation, reflecting the complex
situation of WC. Moreover, the PLS–SEM results also indicated that only

FNE had a significant impact on WC (p = 0.014) from 2010 to 2020,
whereas the other latent variables (HA, NNE) were not significant.
Therefore, we separately modeled and analyzed two WC scenarios:
wetland increase and wetland decrease, to avoid the interference of
internal consistency of the PLS–SEM caused by both increase and
decrease in WC during 2010–2020. Fig. 10 shows the PLS–SEM of the
impact of changes in driving factors onWC (Fig. 10d is wetland decrease
during 2010–2020). The PLS–SEM model and accuracy assessment re-
sults of the impact of changes in driving factors on wetland increase
during 2010–2020 are shown in Supplementary Tables S4, S5, and
Fig. S3. The CR of each latent variable was greater than 0.7 and the AVE
was greater than 0.5 during 1980–1990, 1990–2000, 2000–2010, and
2010–2020, except for the CR of NNEC and HAC during 2010–2020,
which was 0.693 and 0.669. The VIF of all observed variables was less
than 10 in all periods. The accuracy assessments and VIF of PLS–SEM for
driving factor changes and WC are detailed in Supplementary Tables S6
and S7.

FNE had a direct negative impact on HAC from 1980 to 2020, with an
impact coefficient of − 0.421 to − 0.505. HAC directly affected NNEC.
There were negative impacts during 1980–1990 and 2000–2010, with
impact coefficients of − 0.412 and − 0.552, while there were positive
impact coefficients of 0.597 and 0.401 during 1990–2000 and
2010–2020. FNE had a positive impact on wetland decrease from 1980
to 2020, with impact coefficients of 0.185 to 0.451. HAC had a direct
negative impact on wetland decrease, with the strongest negative impact
occurring during 2000–2010, with a coefficient of − 0.370, and the
weakest impact occurring during 2010–2020, with a coefficient of
− 0.172. NNEC did not have an impact on the decrease of wetlands from
1980 to 2010 but had a direct negative impact with a coefficient of
− 0.068 from 2010 to 2020. HAC had a direct positive impact on wetland
increase during 2010–2020, with an impact coefficient of 0.201. FNE
had a negative impact on wetland increase during 2010–2020, with a

Fig. 8. Correlation between changes in driving factors and wetlands.
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coefficient of − 0.308 (Supplementary Fig. S3).
In terms of indirect impacts, FNE had a positive impact on WC by

suppressing HAC (FNE–HAC–WC), with impact coefficients of 0.143,
0.092, 0.176, and 0.087 during 1980–1990, 1990–2000, 2000–2010,
and 2010–2020, respectively (Table 4). FNE also had an impact on
wetland decrease through HAC and NNEC during 2010–2020
(FNE–HAC–NNEC–WC), with an impact coefficient of 0.014. In addi-
tion, from 2010 to 2020, HAC had an impact of − 0.027 on wetland
decrease by affecting NNEC, and NNEC had an impact of − 0.102 on
wetland increase through HAC (Supplementary Table S8).

3.4. Coupling of human activities and wetland changes

We coupled HAC with wetland decrease areas from 2010 to 2020
based on the predicted results of PLS–SEM (Fig. 11-a). The areas where
HA increased and wetland decreased simultaneously, accounted for
38.2 % of the total wetland area in the PRD during 2010–2020. These
areas were densely distributed in the central part of the PRD and the
southeastern part of Foshan. The increase in HA led to a significant loss
in wetland area in the southern PRD and coastal areas of Zhuhai. In
addition, 10.1 % of the regions experienced a simultaneous decrease in

Fig. 9. PLS-SEM diagram of the relationship between each variable and the distribution of wetlands during 1980–2020. The significance level of all path coefficients
is less than 0.001.
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HA and wetlands. This situation was more common at the junction of
Zhaoqing and Foshan. The decrease of wetlands was mainly due to the
transformation of reservoir and ponds into construction land (Supple-
mentary Fig. S4). Similarly, we coupled the HAC with the wetland in-
creases from 2010 to 2020. The results indicated that the areas where
HA increased and wetlands increased accounted for 39.7 % of the total
wetland area, which was slightly higher than 38.2 %. With the
increasing awareness of wetland protection and restoration in the pro-
cess of urban construction, wetland degradation was approximately

balanced by wetland restoration. However, the average HA was smaller
than in areas where wetlands decreased and HA increased simulta-
neously (Supplementary Fig. S5). The area with reduced HA and
increased wetland area accounted for 12 %.

Table 3
The direct, indirect and total effects among Fundamental Natural Environment (FNE), Non-stable Natural Environment (NNE), Human Activity (HA) and Wetland
Distribution (WD) based on the statistically significant SEM paths.

Effect Path 1980 1990 2000 2010 2020

Effect on HA Direct FNE-HA − 0.540 − 0.560 − 0.610 − 0.614 − 0.603
Indirect – – – – – –
Total FNE ~ HA − 0.540 − 0.560 − 0.610 − 0.614 − 0.603

Effect on NNE Direct HA-NNE 0.373 − 0.549 0.669 − 0.460 0.598
Indirect FNE-HA-NNE − 0.201 0.307 − 0.408 0.282 − 0.360
Total HA ~ NNE 0.373 − 0.549 0.669 − 0.460 0.598

FNE ~ NNE − 0.201 0.307 − 0.408 0.282 − 0.360
Effect on WD Direct HA-WD 0.126 – − 0.163 − 0.269 − 0.153

NNE-WD − 0.231 − 0.208 – − 0.123 − 0.223
FNE-WD − 0.864 − 0.615 − 0.719 − 0.669 − 0.849

Indirect HA-NNE-WD − 0.086 0.114 – 0.057 − 0.133
FNE-HA-WD − 0.068 – 0.099 0.165 0.092
FNE-HA-NNE-WD 0.047 − 0.064 – − 0.035 0.080

Total HA ~ WD 0.040ns 0.114 − 0.163 − 0.212 − 0.286
FNE ~ WD − 0.886 − 0.679 − 0.620 − 0.538 − 0.677
NNE ~ WD − 0.231 − 0.208 – − 0.123 − 0.223

NS, not significant.

Fig. 10. PLS-SEM diagram of the relationship between each variable and the change of wetlands in an asynchrony-spatiotemporal period. The significance level of all
path coefficients is less than 0.001.
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4. Discussions

4.1. Impact of factors on the distribution and changes of wetlands

Our research indicates that FNE had a direct negative impact on WD
from 1980 to 2020 because high altitude and sloping areas are not
suitable for wetlands formation. Precipitation plays a role in supple-
menting water sources of wetlands. However, extreme precipitationmay
cause damage to wetlands (Xiong et al., 2023). In addition, FNE played a
limiting role in HA, which in turn affected WD and WC. Fig. 4 showed
that wetlands were distributed in urban areas with high HA from 1980 to
1990, while in the peripheral areas of the PRD, the WD was relatively
less. The wetlands in the central area decreased significantly compared
with wetlands near the outskirts of the city after 2000 (Huang et al.,
2022). The results of correlation analysis and PLS–SEM reflected the
same phenomenon. The direct impact of HA on WD changed from a
positive impact in 1990 to a negative impact after 2000 and reached its
maximum in 2010. This may be related to the intense urbanization
process at that time. FNE in 1980 had a negative impact on WD through
its negative impact on HA, but this impact disappeared in 1990. After

2000, FNE had a positive impact on WD through its negative impact on
HA. The correlation analysis showed that Pre was negatively correlated
with WD only in 1990, with a correlation coefficient of − 0.39 (Fig. 7 b).
However, according to PLS–SEM, Pre had a negative impact on WD in
1980, 1990, 2010, and 2020. The difference can be explained by the fact
that the correlation analysis only considered values within individual
grids, while PLS–SEM involved the relationships between latent and
observed variables, which could reflect the causal relationships between
variables. Pop/GDP were positively correlated with WD in 1980, 1990,
and 2020. The reason was that the wetlands in the PRD were mainly
distributed on plains, which happen to be densely populated and
economically developed regions. Riv_dis was always negatively corre-
lated with the WD from 1980 to 2020 (Fig. 7a-e, Fig. 9a-e), which was
consistent with our hypothesis that the farther away from the river, the
worse the water supply conditions, and the less likely wetlands were to
form.

Through the violin chart (Fig. 6), it can be observed that the variables
related to HA generally increased, while the WC mainly showed a
decreasing trend except for 2010–2020. The HAC had a negative impact
on WC from 1980 to 2010 (Fig. 10 a-c), but the impact on WC

Table 4
The direct, indirect and total effects among Fundamental Natural Environment (FNE), Non-stable Natural Environment Change (NNEC), Human Activity Change
(HAC) and wetland Change (WC) based on the statistically significant SEM paths.

Effect Path 1980–1990 1990–2000 2000–2010 2010–2020

Effect on HAC Direct FNE-HAC − 0.421 − 0.450 − 0.478 − 0.505
Indirect – – – – –
Total FNE ~ HAC − 0.421 − 0.450 − 0.478 − 0.505

Effect on NNEC Direct HAC-NNEC − 0.412 0.597 − 0.552 0.401
Indirect FNE-HAC-NNEC 0.173 − 0.269 0.264 − 0.203
Total HAC ~ NNEC − 0.412 0.597 − 0.552 0.401

FNE ~ NNEC 0.173 − 0.269 0.264 − 0.203
Direct HAC-WC − 0.339 − 0.205 − 0.370 − 0.172

`FNE-WC 0.185 0.451 0.230 0.341
NNEC-WC - - - − 0.068

Effect on WC Indirect FNE-HAC-WC 0.143 0.092 0.176 0.087
HAC-NNEC-WC - - - − 0.027
FNE-HAC-NNEC-WC - - - 0.014

Total HAC ~ WC − 0.339 − 0.205 − 0.370 − 0.200
FNE ~ WC 0.327 0.543 0.406 0.442
NNEC~WC - - - − 0.068

NS, not significant.

Fig. 11. (a) Coupling map of human activity changes and wetland decrease, (b) The map zoomed into location I, (c) The map zoomed into location II, (d) The map
zoomed into location III.
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disappeared from 2010 to 2020 becauseWC did not continue to decrease
significantly in that period (Fig. 6-g). However, there was still some
negative impact on wetlands from 2010 to 2020 (Fig. 10 d). This may be
due to climate change and population growth, leading to a gradual
decrease in upstream recharging and the shrinkage of surface water. The
hydrological connectivity of wetlands had deteriorated, resulting in
degradation. This indicated that an increase in HA led to a decrease in
wetlands from 1980 to 2020 in the PRD. NNEC did not have an impact
on WC from 1980 to 2010 (Fig. 10 a-c), but from 2010 to 2020 it began
to pose a threat to wetlands (Fig. 10d). FNE had a positive impact on WC
(mainly decrease), indicating that WC in high-altitude areas was more
difficult than that in low-altitude areas. In terms of indirect impacts on
WC, FNE suppressed the decrease of wetlands through negative impacts
on HA. From Fig. 3, it can also be observed that the areas with reduced
wetland area were located in regions with lower terrain and slopes from
1980 to 2020 because HA was relatively more intense in these areas.

4.2. Dynamic impact of human activities on non-stable natural
environment

We found that the impact of HA on NNE varied in different periods,
resulting in differences in its impact on WD, based on PLS–SEM (Fig. 9).
Specifically, HA in 1980, 2000, and 2020 had a negative impact on WD
by positively impacting NNE (Fig. 9a, c, and e). However, the negative
impact of NNE had a positive impact on WD in 1990 and 2010 (Fig. 9b,
d). These causal relationships may reflect correlations. For example, Pre,
Tem and HA (RII, Pop, GDP, and CII) were positively correlated from
1980 to 2000, and in 2020, Tem and HA were positively correlated. The
path coefficient of Pre in PLS–SEM in 2020 was 0.24, Tem was 0.998.
NNE is mainly influenced by Tem. Therefore, only Tem was considered
in NNE in 2020. The reason for these causal relationships may be that in
the central urban areas, HA was more intense than in suburbs, and
impermeable surfaces such as city roads, and buildings led to higher
temperatures, which helped to form updrafts and caused frequent pre-
cipitation in these areas. The observed variables in NNE in 1990 and
2010 only included Pre and River_dis. The results showed that Pre and
River_dis and HA were negatively correlated. This may be due to the
peripheral effects of the urban heat island, causing moisture to fall in
areas far from the city and with less HA. In addition, the effect of HAC on
the decrease of wetlands through the influence of NNEC did not exist
from 1980 to 2010 (Fig. 10 a-c) but exhibited negative effects during
2010–2020 (Fig. 10 d), which may exacerbate the threat to wetlands.

4.3. Advantages and disadvantages of the study

The PRD experienced rapid development after China’s reform and
opening up in 1978. The population has increased by about 4 times, and
the GDP has increased by 76 times(Fu et al., 2023). In this study, we
investigated how natural factors and HA jointly affected WD and WC in
the process of rapid urbanization based on remote sensing technologies
and PLS–SEM. Compared with statistical data based on administrative
boundaries, remote sensing data and technologies have higher spatial
resolution, can cross administrative boundaries, and provide more
detailed characterization of the driving mechanisms of wetland changes.
Most existing research has focused on the influencing factors of WD
under static conditions; our contribution lies in the development of an
asynchronous–spatiotemporal model that explains the dynamic mech-
anism of WC from multiple dimensions by examining the interaction
between natural factors and HA (Chen et al., 2024; Fu et al., 2024; Meng
et al., 2024). To our knowledge, the asynchronous–spatiotemporal
model established in this study is the first attempt to examine the driving
mechanisms of WC in developed urban areas since 1980. We found that
there were differences in the impact of natural factors on WD and their
effect on WC. Specifically, the terrain had a negative impact on WD,
while changes in terrain had a positive impact onWC. This indicates that
while terrain conditions limit wetlands’ formation, they also protect

them and prevent their destruction. NNE had a negative impact on WD
but did not have an impact on WC during most periods of time. This
indicates that wetlands formation is influenced by factors such as pre-
cipitation, temperature, and distance to rivers, but WC are mainly
influenced by HA. The asynchronous spatiotemporal perspective pro-
posed in this study can directly locate the impact of HAC on wetland
reduction in a 5 km × 5 km grid, providing guidance for government
wetland management, protection, and restoration. This study gives a
detailed understanding of the WC mechanisms in the PRD over the past
40 years, giving support to government decision-making and Sustain-
able Development Goals.

The dominant control factors varied across different types of wetland
degradation (Liu et al., 2024). Future research may consider exploring
the driving factors of changes in different wetland types to guide
effective and targeted coastal wetland restoration measures. Some
higher-resolution earth observation data (i.e., Gaofen-1/2/4/6 WFI,
Sentinel-2A/B MSI) can be used to identify different types of wetlands.
Furthermore, considering that there are more factors and complex re-
lationships that affect WD and WC, some data observations and expla-
nations for nonlinear relationships should also be included in the model
to effectively improve the simulation effect. Finally, there are differ-
ences in the impact mechanisms of HA and natural factors on wetlands
in different regions. The effectiveness of the model framework in areas
affected by a single condition or with more complex changes in wetland
area needs to be further tested.

4.4. Comparison with other related studies in the PRD

The results of this study indicated that wetlands in the PRD experi-
enced the largest decline in area from 1990 to 2010, while degradation
approximately balanced restoration from 2010 to 2020, which is
consistent with the results of Sun and Yu (2024) and Peng et al. (2024) in
their study of wetland change drivers, Peng et al. adopted a sampling
and visual interpretation method. Some of their findings were consistent
with our conclusions, such as: 1) prior to 2010, human activities were
the main cause of wetland area reduction but, from 2010 to 2020, some
wetland changes were mainly influenced by the natural environment;
and 2) human activities can both lead to wetland depletion and promote
wetland restoration. However, Peng et al. did not analyze the influence
of specific factors (e.g., population, temperature, precipitation) but
rather categorized the factors into two groups (direct and indirect fac-
tors). Samples with wetland changes caused by direct factors were
identified by visual interpretation, while the remaining samples were
labeled as changes caused by indirect factors. Direct factors were
considered to be related to human activities, while indirect factors were
considered to be related to multiple natural factors. We took specific
factors such as distance from the river, temperature, population, and
GDP, as observed variables that affect wetlands. In addition, we
explored the differences in HA intensity that promoted wetland resto-
ration or led to wetland degradation.

Sun et al. used principal component analysis to explore the natural
and anthropogenic driving forces of wetland change in the Greater Bay
Area from 1980 to 2020. However, the data were from statistical year-
books, which use administrative boundaries as statistical units and
cannot reflect the heterogeneity within administrative regions. In
addition, we presented for the first time the spatial distribution of the
coupling relationship between human activities and wetland reduction
in the PRD from 2010 to 2020. The resolution of our map was 5 km,
which is particularly important for the formulation of project-based
wetland restoration policies.

4.5. Implications for wetland restoration and adaptation management

The HA’s intensity in this study was mainly reflected through in-
dicators such as urban construction, economy, and population. The
coupling relationship between HAC and WC revealed through PLS–SEM
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from 2010 to 2020 indicated that a significant increase in HA had
negative effects on wetland increase, accounting for 38.2 % of the total
area. However, a small increase in HA had a positive impact on wetland
increase, accounting for 39.7 %. This is because these developed areas
can invest more funds in wetland restoration projects (Wu et al., 2024),
and these projects directly promote the increase of wetland area, espe-
cially natural wetland area. The study by Peng et al. also indicated that
the natural increase scenario, which is a baseline scenario without
considering sudden policies and natural disasters, was not ideal for
Greater Bay Area wetlands without policy constraints (Peng et al.,
2023). Urban expansion brings economic growth, leading to investment
in wetland restoration and protection funds, as well as increasing the
demand for wetland landscapes due to population growth. This could
result in an increase in wetlands. However, excessive urban expansion
will inevitably lead to an increase in construction land and direct loss of
wetland habitats.

We thus suggest that the development of wetland restoration plans
should first clarify the reasons for the degradation of wetlands in the
region, as well as the current threats that they face. We learned that
terrain is an important factor affecting WD and WC by exploring the
interactions between various driving factors over the past 40 years.
Wetlands are distributed more in low-altitude areas, and WC in these
areas is also greater. In addition, low-altitude areas are more strongly
affected by the negative impact of HA on wetlands. Therefore, these low-
altitude areas should receive more attention than high-altitude areas.
Although the direct negative impact of HA on wetlands has decreased in
the past decade, we should also be vigilant about the indirect negative
impact of HA on wetlands through their impact on NNE in some highly
developed areas.

The measures taken for wetland restoration should address the lim-
itations of administrative boundaries and be precise to specific wetlands.
We demonstrated how HA and natural factors affected the WD and WC
at the scale of a 5 km × 5 km grid, revealing the spatial heterogeneity of
the impact of nature and HA on wetlands. The process of HA and its
impact on wetlands destruction and restoration is delayed. The coupling
relationship between HA and WC reflected from 2010 to 2020 can also
provide references for the current government’s refined formulation of
wetland restoration plans. Therefore, we propose specific adaptations
for the current situation. For example, the increase in HA in the south-
east of Foshan has led to a more serious phenomenon of wetland
decrease than other areas in the PRD. Therefore, more attention, such as
establishing wetland reserves and limiting the maximum capacity of
wetland parks, should be paid to conserving wetlands during urbani-
zation to reduce the impact of HA on wetland loss. At the junction of
Zhaoqing and Foshan, HA decreased but the wetland also decreased.
Therefore, these areas should focus on the importance of natural envi-
ronmental factors in WC and can develop their economy appropriately
to invest in improving the natural environment.

In 2019, the United Nations proposed the period 2021–2030 as the
Decade of Ecosystem Restoration. In 2022, the Kunming Montreal
Global Biodiversity Framework set a goal of restoring over 30 % of
degraded ecosystems by 2030. In the context of global wetland resto-
ration, regions with rapid economic and urbanization development
should pay attention to the negative impact of HA on wetlands. For
regions that prioritize development quality, successful wetland resto-
ration is related to social and public participation, and the best resto-
ration approach should combine active restoration (vegetation
management, topography modification, hydraulic regulation) with
passive restoration. In addition, it is necessary to choose appropriate
restoration methods based on factors such as restoration goals, wetland
degradation degree, causes, and funding in the actual restoration
process.

5. Conclusions

This study explored the driving mechanisms between factors (HA,
NNE, and FNE) and wetlands (WD and WC). The model integrated
remote sensing technologies and PLS–SEM. We applied the model to the
PRD, achieving good explanatory accuracy. The CR of the model was
greater than 0.6, and the AVE was greater than 0.5. Then, we explored
the coupling relationship between HA andWC and proposed suggestions
for wetland restoration management. The remote sensing classification
results showed that the wetland area in the PRD decreased by 50 % from
1980 to 2020, with the largest decrease of 41 % from 1990 to 2000, and
relative stability after 2010. The pathways that affect wetlands indicated
that HA had had a negative impact on WD and WC from 1980 to 2010,
and both negative and positive impacts since 2010. NNE has negatively
affected WD since 2010. FNE can limit HAC and inhibit its negative
impact on wetlands, protecting them from damage. HA can affect NNE
and subsequently affect WD, but only after 2010 did this begin to have
an impact on the decrease of wetlands. We suggest that HA should be
restricted in the coastal areas of southeastern Foshan and northeastern
Zhuhai to protect wetlands. We expect the proposed model to be applied
in other areas where wetlands are significantly under threat from the
natural environment and HA. In the future, the differences in driving
mechanisms of different wetland types should be considered to better
explain WD and WC.
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