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Abstract: Dongting Lake wetland is a typical lake wetland in the Middle and Lower Yangtze River
Plain in China. Due to the influence of natural and human activities, the landscape pattern has
changed significantly. This study used 12 Landsat images from 1991 to 2022 and applied three com-
mon classification methods (support vector machine, maximum likelihood, and CART decision tree)
to extract and classify the landscape information, with the latter having a superior annual accuracy
of over 90%. Based on the CART decision tree classification results, the dynamic characteristics of
wetland spatial patterns were analyzed through the landscape pattern index, dynamic degree model,
and transition matrix model. Redundancy and grey correlation analysis were employed to investigate
the driving factors. The results showed increased landscape fragmentation, reduced heterogeneity,
and increased complexity from 1991 to 2022. The water and mudflat areas exhibited three distinct
stages: gradual decline until 2001 (—3.06 km?/a); sharp decrease until 2014 (—19.44 km? /a); and
steady increase (22.93 km?/a). Vegetation conversion, particularly between sedge and reed, domi-
nated the change in landscape pattern. Reed area initially increased (18.88 km?/a), then decreased
(—35.89 km?/a), while sedge showed the opposite trend. Woodland area fluctuated, peaking in 2016
and declined by 2022. The construction of the Three Gorges Dam significantly altered landscape
dynamics through water level changes, reflected by a 4.03% comprehensive dynamic degree during
2001-2004. Potential evaporation also emerged as a significant natural factor, exhibiting a negative
correlation with the landscape index. During 1991-2001 and 2004-2022, the comprehensive explana-
tory rates of temperature, precipitation, potential evaporation, and water level on landscape pattern
dynamics were 88.56% and 52.44%, respectively. Other factors like policies and socio-economic factors
played a crucial role in wetland change. These findings offer valuable insights into the dynamic
evolution and driving mechanisms of Dongting Lake wetland.
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1. Introduction

Wetlands are a natural complex formed by the interaction between water and land [1],
which are one of the ecosystems with the highest biological productivity and economic
value in the world [2], ranking alongside forest and marine ecosystems as the three major
ecosystems on Earth. They have unique ecological and hydrological environmental condi-
tions [3], playing an important role in regulating floods, improving water quality, regulating
climate, and maintaining regional ecological balance, and are known as the “kidney of the
Earth” [4,5]. However, due to the dual impact of natural and human activities, the global
wetlands ecosystem has been damaged or degraded directly or indirectly [6], which not
only has various adverse effects on wetland water resources, water environment, water
ecology, and biodiversity but also have important constraints on sustainable socio-economic
development [7,8]. With the rise in global temperature and the frequent occurrence of
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various extreme climate events, “Carbon Peak” and “Carbon Neutrality” have become
a hot topic of concern at home and abroad in recent years. Wetlands have the functions
of “carbon source” and “carbon sink” [9]. Increasing the area of wetlands, enhancing the
service function of existing wetland ecosystems, and increasing wetland carbon absorption
through ecological carbon sequestration can play a positive role in achieving “Carbon
Neutrality”. Therefore, strengthening wetland monitoring, understanding wetland land-
scape pattern change, and wetland functional decline degree have become key to wetland
protection and restoration.

Due to the long-term dynamic process of wetland evolution, remote sensing technol-
ogy has been widely used in wetland ecological evaluation, wetland dynamic monitoring,
and wetland landscape pattern analysis in the past 30 years [10-12]. Remote sensing
technology originated from agricultural geographical monitoring in developed countries
in Europe and the United States in the 1990s. It has the advantages of being easy to
obtain, multi-temporal and multi-resolution, and can conduct extensive and long-term
observations. With the development of computer science and the continuous accumulation
of remote sensing image data, including NOAAAVHRR, Landsat MSS/TM/ETM+, and
SPOT, wetland research techniques have also shifted from a single qualitative evaluation to
quantitative research based on 35 technology and models [4,13,14]. Ahmadzadeh et al. [15]
utilized Landsat 5, 7, and 8 satellite imagery and the Carlson Trophic State Index (TSI)
to monitor and analyze the impact of trophic processes on landscape structural changes
and assessed changes in wetland vegetation canopy and water bodies in Anzali Wetland
from 1994 to 2018. Fan et al. [16] examined wetland phenology from 30 m harmonized
Landsat/Sentinel-2 (LandSent30) and 500 m MODIS satellite observations using the ground
phenology network as a benchmark, highlighting LandSent30's better alignment with Phe-
noCam data. Zhang and Lin [17] used an ensemble method combining Sentinel-1 SAR
time series and segmentations generated from GF-6 MPS images to obtain an accurate
wetland map for the Dongting Lake wetlands in China, achieving higher classification
accuracy compared to pixel-based methods. Cheng et al. [18] employed a Support Vector
Machine to conduct a supervised classification of ZY1-02D satellite hyperspectral remote
sensing images in the Yellow River Estuary and utilized a Random Forest model to predict
landscape diversity using spectral diversity. The extraction of wetland information has
been substantially improved, providing a scientific decision-making basis for wetland
resource protection and restoration.

Lake wetlands are distributed all over the world, directly exposed to various geophys-
ical environments, and are highly sensitive to climate change. In densely populated areas,
they are also subject to additional impacts from human activities related to diversion and
consumption [19,20]. Dongting Lake wetland in the middle reaches of the Yangtze River in
China is a typical freshwater wetland with siltation worldwide. Due to the construction
of the Three Gorges Dam and the reclamation of the lake for farmland, the relationship
between Dongting Lake and the Yangtze River has undergone multiple adjustments [21],
forming a complex hydrological environment and wetland structure involving the lake
wetland ecosystem, lake-river interactions, and human geography due to its seasonal
floods, periodic rapid replacement of lake water, and close hydrological connectivity with
major rivers. Numerous studies have primarily concentrated on qualitative descriptions
and statistical analysis of Dongting Lake, particularly regarding the impact of the Three
Gorges Dam operation on wetland changes. Peng et al. [22] utilized a multi-spectral index
method based on decision tree classification to assess surface water changes and their
driving factors in Dongting Lake. Ye [23] studied land-type data mining in high-resolution
remote sensing images of the Dongting Lake area using the QUEST decision tree, high-
lighting the enhancement in classification accuracy with multi-scale texture features. Liu
et al. [11] applied the CART method to delineate the wetland area in the middle reaches
of the Yangtze River and conducted a quantitative evaluation of wetland health based
on the PSR model from 2000 to 2019. Hu et al. [24] used multi-temporal remote sensing
images to investigate the influence of hydrological changes on vegetation distribution in
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Dongting Lake and analyzed the disparities before and after the implementation of the
Three Gorges Dam. However, studies using higher-resolution images to reveal the overall
changes in Dongting Lake wetland are limited, often confined to specific areas rather than
the entire region.

This study aims to analyze the long-term landscape changes in the entire Dongting
Lake wetland using medium-resolution images. Landsat TM/ETM+/OLI images were
utilized, and an appropriate classification method was selected from those applicable to
medium-resolution imagery, including Support Vector Machine (SVM), Maximum Likeli-
hood (ML), and Decision Tree (DT), to extract vegetation information from the Dongting
Lake wetland. From 1991 to 2022, the spatiotemporal variations in wetland patterns were
characterized using landscape pattern indices, dynamic degree models, and transition
matrix models. Redundancy Analysis (RDA) and Grey Relational Analysis (GRA) were
employed to explore the response of wetland landscape evolution to climate and human
activities. It provides some reference value for monitoring and managing wetlands amidst
natural and social challenges.

2. Materials and Methods
2.1. Study Area

Dongting Lake (28°30' N~30°20" N, 111°40’ E~113°10’ E) is located in the northeast
of Hunan Province, on the south bank of the Jingjiang River in the middle reaches of the
Yangtze River. It is the second largest freshwater lake in China and consists of East Lake,
South Lake, and West Lake (Muping Lake and Qili Lake), with the reputation of being the
“kidney of the Yangtze River” [25]. There are seven water inlets feeding Dongting Lake,
including four rivers (Xiangjiang River, Zishui River, Yuanjiang River, and Lishui River)
and three outlets (Songzi River, Taiping River, and Ouchi River). After sedimentation and
purification, the water flows out of Chenglingji Hydrological Station and into the Yangtze
River [26]. Generally speaking, Dongting Lake is the most complex water system region
in the world. The study area was within the planning boundary of the Dongting Lake
wetland Protection Zone (Figure 1), with a total area of approximately 2680.29 km?.
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Figure 1. Location of Dongting Lake wetland.

Dongting Lake wetland is a subtropical humid monsoon climate with four distinct
seasons, abundant heat, and precipitation. The average annual temperature is 16.15 °C,
and the annual precipitation is 1148~1837 mm [27]. Affected by seasonal variations in the
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watershed and the inflow of the Yangtze River, the water level fluctuates significantly, with
an average water level of 25 m over the years and an annual variation of about 12.5 m.
Long-term seasonal flooding has resulted in a complex landscape feature of shallow water,
mudflat, and vegetation, with different plants occupying specific ecological niches on
the beach.

2.2. Datasets and Pre-Processing
2.2.1. Remote Sensing Data

In this study, we selected 12 periods of Landsat TM/ETM+/OLI (spatial resolution
of 30 m) images from USGS (https:/ /earthexplorer.usgs.gov/, accessed on 23 July 2023)
with cloud cover <30% from 1991 to 2022, totaling 24 scenes. The track number and specific
acquisition time are shown in Table 1. Considering that most Dongting Lake beaches were
exposed in autumn and winter, and the reed began to wither and harvest, it is easy to
distinguish from the sedge in the image. Additionally, this period represents the late stage
of vegetation growth with relatively stable conditions, which can ensure the inter-annual
comparability of wetland vegetation [28]. Thus, the image acquisition time was between
October and December.

Table 1. The type and time of Landsat images.

Row/Path: 123/40 Row/Path: 124/40 Water
Number Year

Data Satellite Data Satellite Level (m)
1 1991 11.8 ™ 11.15 ™ 22.96
2 1993 12.31 ™ 12.6 ™ 22.43
3 1995 12.5 ™ 12.28 ™ 20.77
4 1999 12.24 ETM+ 12.15 ETM+ 21.30
5 2001 12.29 ETM+ 10.1 ETM+ 20.56
6 2004 12.5 ETM+ 12.12 ETM+ 22.19
7 2008 12.8 ™ 12.31 ™ 21.64
8 2010 11.12 ™ 11.19 ™ 21.88
9 2014 12.17 ETM+ 12.8 ETM+ 22.65
10 2016 11.28 OLI 12.5 OLI 21.87
11 2020 11.7 OLI 11.14 OLI 23.80
12 2022 12.23 OLI 12.22 OLI 19.44

Before extracting wetland landscape information, a series of processing was carried out
on remote sensing images, mainly including radiometric calibration, FLAASH atmospheric
correction, geometric correction, spectral enhancement, optimal band selection, image
mosaic, and cropping. These procedures were implemented based on the ENVI 5.6 software.
We opted for the 543-band combination to interpret from 1990 to 2014 and the 654-band
combination from 2016 to 2022 since there are characteristic differences in the Landsat 8
OLI, Landsat 5 TM, and Landsat 7 ETM+ bands. Notably, owing to machine malfunctions
in the Landsat 7 ETM+ images, there was a loss of stripes in images obtained after 2003. To
address this issue, we used the extension tool Landsat_gapfill for image restoration [29].

2.2.2. Field Measurement Data

Field investigations were conducted on the distribution and structure of vegetation in
Dongting Lake wetland between December 2022 and January 2023. The survey site covered
a total of 8 wetland beaches in the East Lake, West Lake, and South Lake Reserve. Detailed
geographic coordinates and community names of each wetland type were recorded using
GPS, resulting in nearly 220 coordinate information points. Beaches that could not be
located on site were photographed and marked in detail on the map. We randomly selected
182 points of information combined with images as a region of interest (ROI) for remote
sensing image interpretation and extraction; the other 38 points of information were used
for classification accuracy verification.


https://earthexplorer.usgs.gov/

Water 2024, 16, 1273

50f19

2.2.3. Hydrology and Meteorological Data

The hydrological data were obtained from the monthly water level observation data
of Chenglingji Hydrological Station in Dongting Lake from 1991 to 2022, sourced from
the “Hydrological Data of the Yangtze River Basin” (http://www.cjw.gov.cn/zwzc/zjgb/,
accessed on 15 August 2023). Daily ground climate data in Hunan Province were obtained
from the National Meteorological Data Center (http://data.cma.cn, accessed on 10 August
2023). We chose daily precipitation and average temperature data from Yueyang, Xiangyin,
Yuanjiang, and Nanxian meteorological stations within the Dongting Lake wetland area
from 1991 to 2022 (Figure 1).

Potential evapotranspiration (ETp) is an indispensable process in the atmospheric,
hydrosphere, and biosphere cycles. ET), together with precipitation, determines the
arid and humid states of the region, which can be calculated according to the Penman—
Monteith formula [30]. This formula is based on the principles of energy balance and water
vapor turbulent diffusion and comprehensively considers the impact of meteorological
factors such as temperature, sunshine duration, relative humidity, and wind speed on
evapotranspiration, which is widely used to estimate potential evapotranspiration at
different regional scales [31]. It is expressed as follows:

ET. — 0.408D(R,, — G) + %uz(es —e€a)
P D+ g(1+0.34uy)

1)

where ET), is the potential evaporation (mm); D is the slope of the saturated water va-
por pressure curve (Kpa-oC’l); R, is the net radiation(MJ-m~2-d~1); G is the soil heat
flux(MJ-m~2-d~1); g is the psychrometric constant (Kpa-°C~1); T is the average tempera-
ture at 2 m (°C); uy is the average wind speed at 2 m height (m-s~1); e is the saturated
water vapor pressure (Kpa); e, is the actual water vapor pressure (KPa). In this paper,
the ETpCalculator software (http:/ /www.fao.org/land-water/databases-and-software/
eto-calculator/en/, accessed on 12 August 2023) was used to calculate the daily potential
evaporation of Dongting Lake wetland from 1991 to 2022.

To eliminate the impact of the one-sidedness of the location of meteorological stations,
the monthly average temperature, precipitation, and potential evaporation of Dongting
Lake wetland were given different weights based on the contribution of each station to the
overall monthly averages of all four stations.

2.3. Methodology

Three commonly used medium-resolution imagery classification methods (SVM, ML,
and DT) based on pixels and pixel spectral characteristics were employed to divide the
Dongting Lake wetland landscape from 1991 to 2022 into five categories, including water,
mudflat, sedge, reed, and woodland. In this paper, the DT method utilized the CART
decision tree method, as detailed in Section 2.3.1. Descriptions and applications of the
SVM and the ML method can be found in other references [32,33]. This classification was
based on ROI derived from field measurement data combined with visual interpretation.
Subsequently, the confusion matrix was used to evaluate the accuracy of the image, with
the optimal classification method chosen based on accuracy and the Kappa coefficient
for subsequent wetland landscape pattern analysis. The whole operation was conducted
using ENVI 5.6 software. The landscape pattern analysis indicator system corresponds to
patch, class, and landscape levels [34]. We selected the landscape-level index and employed
Fragstats 4.2 software to analyze wetland landscape patterns. Moreover, the wetland
landscape dynamism and the transition matrix between wetland landscape types were
analyzed using dynamic degree models and transition matrix models within ArcGIS 10.8
software. To explain the dynamics of wetland landscape pattern, the contribution rates of
human activities (quantified by water level [H], reflecting the water level in the Dongting
Lake area and Chenglingji Hydrological Station at the exit, considered a social factor) and
climate change (represented by temperature [T], precipitation [P] and potential evaporation
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[ETp]) were quantitatively calculated using RDA and GRA via CANOCO 5.0 software and
SPSSAU (https:/ /spssau.com/index.html, accessed on 3 September 2023), respectively. A
technical flowchart of the analysis is shown in Figure 2.

Landsat Images data (30 m)

Landsat 5 TM Landsat 7 ETM+ Landsat 8 OLI

Three remote sensing classification

Field measurement and visual interpretation

|
|
}
i Validation ROIs Training ROIs ﬁ‘ SVM ‘ | ML ‘ I(YARTI
|
|
|
|

Parameters for Analysis: 1-Confusion Matrix 2-Overall Accuracy 3-Class Accuracy

Results of the Optimal Classification Method

Area Change Transition Dynamics Landscape Index Change

Spatio-temporal Changes of Wetland Landscape

Influencing forces of Wetland Dynamics

Driving Factors Mechanism of Wetland Landscape

Figure 2. Flow chart of landscape pattern dynamics and driving forces analysis in Dongting Lake
wetland based on Landsat images.

2.3.1. CART Decision Tree Classification Method

The CART method is a nonlinear, non-parametric data mining and classification
prediction method with accurate and reliable prediction models. It constructs a binary tree
to perform classification by recursively partitioning the training dataset composed of input
and output variables [35]. During the tree growth, the reduction in the Gini coefficient is
used as a criterion to select the attribute that maximizes the reduction, thus determining
the optimal variable to group the training set and establish a binary decision tree. Its
mathematical definition is as follows:

k
G(t)=1-Y P*(j|t) @)
=1

where G(t) is the Gini coefficient; t is the node; k is the number of categories of output
variables; P(j | t) is the normalized probability of taking j as the sample output variable in
the node. Supposing that the sample dataset N is divided into two groups using the feature
attribute M, the Gini coefficient is

_ N

G(t) = LGl1) + 12G(w) ®

thus, the Gini coefficient after grouping decreased by

AG(t)= G(t) — [%G(tl) + %G(tz)] (4)
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where G(t) and N are the Gini coefficient and sample size of the output variables before
grouping, respectively. G(t;), N1 and G(ty), Ny are the Gini coefficients and sample sizes of
the right and left subtrees after grouping. The optimal split point for grouping variables
is reached when the total heterogeneity of the two sets of output variable values is mini-
mized, resulting in the sample category variables tending to have the same category values
after grouping, thereby maximizing purity. This process continues until the decision tree
classification is completed.

2.3.2. Landscape Pattern Index

This study selected six landscape indices, including two landscape fragmentation in-
dices (patch density [PD] and edge density [ED]), two landscape diversity indices (Shannon
diversity index [SHDI] and Shannon evenness index [SHEI]), two landscape heterogeneity
indices (landscape shape index [LSI], and average fractal dimension [FRAC_ MN]) [36].

1. PD

PD refers to the number of patches per unit area in a landscape, including all heteroge-
neous landscape elements and can be used to characterize the degree of fragmentation. The
higher the value, the higher the landscape fragmentation degree. The formula is as follows:

pp =i AMi (5)

where n is the total number of landscape types; M; is the number of patches in the i-th type
of landscape; A is the total area of the landscape.

2. ED

ED refers to the edge length between heterogeneous landscape patches per unit area,
revealing the degree a landscape is fragmented by boundaries. It is a direct reflection of
the degree of landscape fragmentation. The higher the value, the more heterogeneous
landscape patches, and the more fragmented the landscape. The formula is as follows:

1 Y Y
ED :—/ / P, 6
XJi=1 Jj=1"" ©

where Pj; is the boundary length between the i-th type landscape patch and the adjacent
j-th type landscape patch.

3. SHDI

SHDI can accurately identify the spatial uneven distribution of various patch types
in the landscape. The larger the value, the more heterogeneous patches in the landscape
pattern and the more fragmented the landscape. The formula is as follows:

n
SHDI = — ) _(P;InP;),SHDI > 0 7)
i=1

where P; is the proportion of the i-type landscape to the total landscape.
4. SHEI

SHEI can reflect the evenness of landscape-type distribution. SHEI = 0 indicates that
the landscape consists of only one patch type without diversity; SHEI = 1 indicates that
the class types are evenly distributed with maximum diversity and highest uniformity.
Therefore, the larger the value, the more evenly distributed the class types in the landscape,
and there is no obvious advantage class. The formula is as follows:

Z?:l (Pl In P1)
Inn

SHEI =— ,0 <SHEI < 1 (8)
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5. LSI

LSI reflects the regularity of landscape patches and the complexity of edges. Generally
speaking, the larger the value, the more complex the shape of the landscape patch and the
higher the degree of landscape fragmentation. The formula is as follows:

0.25fin eji
VA

where ej; is the total edge length between the i-type landscape patch and the j-type land-
scape patch.

6. FRAC_MN

LSI = )

FRAC_MN describes the complexity of patches based on patch area, summarizing the
landscape as the average fractal dimension index of all patches. The formula is as follows:

FRAC[p atchij}

n

FRAC_MN = (10)

where FRAC[patch;] is the fractal dimension index of each patch. If all patches are square,
FRAC_MN = 1; if all patches are irregular, then FRAC_MN is close to 2.

2.3.3. Dynamic Degree and Transition Matrix Models
7. Dynamic degree model

The dynamic degree model calculates the landscape dynamic changes, with formulas
for single and comprehensive landscapes as follows:

U-U, 1
DC = =250 x 2x100% (11)

YL ALy,
12U L 00% (12)

Le= —— Y5
CT AL, T

where DC is the dynamic degree of single wetland landscape change during the study
period, %; Lc is the comprehensive wetland landscape dynamics change, %; U,, Uy, are,
respectively, the wetland landscape area at the beginning and end of the study period,
km?; ALy is the absolute value of the area, where the i-type landscape transforms into a
non-i-type landscape; ALy is the area of the previous landscape type, km?; T is the study
period, a.

8.  Transition matrix model

By analyzing the landscape type transition matrix, the mutual transformation status
between various landscape types can be quantitatively explained, and the transition rate
between different landscape types can be revealed, providing a better understanding of the
landscape dynamics process. The expression of the transition matrix is as follows:

S11 -+ Sin
Sj=| o0 e (13)
Snl e Snn

where n is the number of wetland landscape types; i, j are the landscape types at the
beginning and end of the period, respectively; S; is the area transferred from the i-type

landscape to the j-type landscape during the study period, km?.
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3. Results
3.1. Accuracy Verification Results of SVM, ML, and CART Methods

A total of 91 ROIs were selected for verification based on 38 measured points combined
with remote-sensing images. Table 2 illustrates that the average classification accuracy
using the CART algorithm is 92.80%, with a Kappa coefficient of 0.9074 from 1991 to 2022.
A comparison revealed that the SVM method achieved an accuracy of 93.26%, with a
Kappa coefficient of 0.9130, and the ML method reached a 92.38% accuracy, with a Kappa
coefficient of 0.9024. Despite the similar trends observed in the three commonly used
classification methods for medium-resolution images, the CART decision tree consistently
maintained an annual classification accuracy exceeding 90%. Conversely, the SVM method
attained accuracies of 88.29% and 86.76% in 1993 and 2022, respectively, and the ML
algorithm resulted in accuracies of 89.20% and 76.91% in 2016 and 2022, respectively, all
falling below 90%. Thus, the CART decision tree demonstrated superior applicability in
Dongting Lake wetland.

Table 2. Classification accuracy verification results of SVM, ML, and CART methods.

Y. SVM ML CART

e Accuracy Kappa Accuracy Kappa Accuracy Kappa
1991 93.59% 0.9171 92.43% 0.9029 93.09% 0.9111
1993 88.29% 0.8470 92.47% 0.9012 90.80% 0.8794
1995 94.68% 0.9320 94.18% 0.9259 95.01% 0.9362
1999 94.09% 0.9248 94.96% 0.9359 94.43% 0.9290
2001 93.43% 0.9165 97.61% 0.9698 91.49% 0.8919
2004 98.21% 0.9769 98.37% 0.979 96.42% 0.9537
2008 92.64% 0.9057 93.13% 0.912 92.80% 0.9082
2010 94.53% 0.9289 92.87% 0.9082 91.54% 0.8901
2014 95.16% 0.9361 95.76% 0.9445 93.80% 0.9183
2016 91.82% 0.8957 89.20% 0.8638 92.64% 0.9062
2020 95.88% 0.9475 90.72% 0.8811 90.72% 0.8822
2022 86.76% 0.8285 76.91% 0.7056 90.88% 0.8822
Mean 93.26% 0.9130 92.38% 0.9024 92.80% 0.9074

3.2. Spatio-Temporal Changes in Wetland Landscape

The Dongting Lake wetland landscape exhibited distinct spatial distribution char-
acteristics, with water, mudflat, reed, and sedge forming dominant patterns. Water and
mudflat constituted the corridor, while woodland was mainly distributed in stripes or
patches sporadically in the West and South Dongting Lake, as shown in Figure 3.

The area of water and mudflat averaged 1094.92 km? over the years, undergoing three
distinct stages of change: a gradual decrease from 1217.08 km? in 1991 to 1186.47 km?
in 2001, followed by a sharp decrease to 933.80 km? from 2001 to 2014 and then a steady
increase to 1117.24 km? from 2014 to 2022 (Figure 4). The rapid declines of 9.12% and 5.64%
annually from 2001 to 2004 may be attributed to the establishment of the Three Gorges Dam
(Table 3). The average vegetation area was 1837.88 km?, primarily comprising sedge, reed,
and woodland, accounting for approximately 22.63%, 28.41%, and 5.40% of the Dongting
Lake wetland area, respectively. Reed area exhibited an increasing trend from 926.50 km?
in 1991 to 1285.18 km? in 2010, followed by a gradual decrease to 854.54 km?2. Notably,
the annual growth rate from 2001 to 2010 (19.38 km?2/a) surpassed that of 1991-2001
(18.41 km? /a). Conversely, the sedge area decreased from 629.60 km? to 589.42 km? initially
due to reed expansion but later slowly rebounded to 773.95 km? as the reed area reduced.
Woodland area fluctuated from 159.63 km? in 1991 to 334.01 km? in 2016, especially rising
by 136.57% between 2001 and 2004. However, it dropped to 149.64 km? in 2022, marking
a rapid 6.43% decline. The comprehensive dynamic degree model showed the most
significant landscape dynamics from 2001 to 2004, measured at 4.03%, surpassing those of
1991-2001 and 2004-2022. This period witnessed the most pronounced landscape changes,
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attributed primarily to the establishment of the Three Gorges Dam, which significantly
influenced the distribution pattern of Dongting Lake wetland.

2016
- mudflat - sedge - reed - water - woodland 0_15 30 60 km

Figure 3. Landscape pattern of Dongting Lake wetland from 1991 to 2022.
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Figure 4. Change trend of landscape area in Dongting Lake wetland from 1991 to 2022.
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Table 3. Landscape dynamics degree of Dongting Lake wetland from 1991 to 2022.
Time Mudflat Water Reed Sedge Woodland Total
Interval
1991-2001 1.12% —0.72% 1.99% —0.78% —6.55% 0.75%
2001-2004 —9.12% —5.64% —3.54% 7.40% 136.57% 4.03%
2004-2022 —1.04% 1.70% —0.77% 0.50% —1.85% 0.53%

Figure 5, combined with the transition matrix (Table S1), showed that the mutual
conversion of vegetation, particularly between sedge and reed, emerged as a predominant
trend in landscape pattern change in Dongting Lake wetland from 1991 to 2022. Specifically,
within different time periods, a considerable portion of sedge area transitioned into reed
area annually, with percentages of 48.83%, 28.33%, and 21.72%, while reed area transitioned
into sedge area at rates of 20.91%, 23.54%, and 19.87%. The conversion of woodland areas
was also significant. Before and after the construction of the Three Gorges Dam, there was a
predominant outflow of woodland area (net outflow of 104.70 km? and 93.42 km?), mainly
converting into reed and sedge. During the construction period, there was a predominant
inflow (net inflow of 225.54 km?), with other landscape types converting into woodland in
different degrees. In addition, the construction of the Three Gorges Dam directly affected
the conversion of water and mudflat. Before its completion (1991-2004), the reduced area of
water (195.05 km?, 200.28 km?) was greater than the increased area (129.77 km?, 57.96 km?).
Especially during the construction period, the area of water and mudflat decreased sharply,
with about 11% of water converted into mudflat, 13% converted into vegetation, and about
48% of mudflat converted into vegetation. Subsequently (2004-2022), the increase in water
area (841.68 km?) outweighed the decrease (699.33 km?) due to water storage; vegetation
was again submerged, and the water area gradually recovered.

3.2% 3.8%
0.9% |x87%|z ’ lﬂ‘/- |87V |2 ’ |91°/ I67% ls 1% l89% |54y il 1%

5%.
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Figure 5. Transition diagram of Dongting Lake wetland landscape area from 1991 to 2022.

Through the Dongting Lake wetland landscape pattern index (Figure 6), it can be
seen that (1) The degree of landscape fragmentation increased. PD and ED from 1991
and 2022 increased from 6.85 and 48.42 in 1991 to 9.92 and 61.68 in 2022, respectively,
indicating that the landscape types were constantly being divided by boundaries, resulting
in increased landscape fragmentation and deepening crisscrossing of landscape types.
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(2) The heterogeneity of the landscape decreased. Over the years, the average SHDI and
SHEI values were 1.41 and 0.876, respectively, showing a slight downward trend with
fluctuations. The landscape was dominated by one or a few patch types, leading to reduced
diversity and increased stability. (3) The shape of the landscape became more complex.
The average FRAC_MN value remained relatively stable at 1.055, while LSI exhibited a
gradual increasing trend, rising from 72.93 in 1991 to a maximum of 90.87 in 2022, with the
lowest being 69.22 in 2014. This reflected an increase in the irregularity of the landscape
type shape, with scattered patches and a progressively diversified landscape shape.
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Figure 6. (a) Landscape fragmentation indices, (b) landscape diversity indices, and (c) landscape
heterogeneity indices change in Dongting Lake wetland from 1991 to 2022.

3.3. Driving Factors of Wetland Landscape

The degradation of Dongting Lake was primarily attributed to the changing climate,
sedimentation, and hydraulic engineering construction [37]. Due to many factors poten-
tially affecting wetland change, the dominant factor was still debatable. In this study,
natural factors (T, P, ET},) and social factors (H) were utilized to assess the driving forces of
Dongting Lake wetland change from 1991 to 2022.

The combined effects of T, P, H, and ET}, jointly affected landscape pattern index
change. Nevertheless, analyzing extreme values of each factor revealed that no single factor
strictly corresponded to changes in wetland landscape area and landscape pattern index.
Over the years, the average winter T, P, and ET, were 9.7 °C, 34.29 mm, and 50.19 mm,
respectively (Figure 7). The minimum P occurred in 1999 (0.57 mm), and the maximum
occurred in 2001 (90.10 mm). Similarly, the minimum ET, was 38.94 mm in 2016, and
the maximum was 63.69 mm in 2010. Moreover, there was an extreme drought in 2022
characterized by low winter P, high ET}, and low T; H of Chenglingji Hydrological Station
had reached a new historical low, and the landscape pattern index had significant changes
compared to previous years.

RDA, a multivariate statistical method combining multiple regression and principal
component analysis, was primarily employed to explore the relationship between multi-
variate response data and explanatory variables. In the RDA result (Figure 8a), the angle
between the landscape pattern index and four factors revealed that P was almost positively
correlated with the landscape index, while T, H, and ET}, were generally negatively corre-
lated. The length of the arrow indicated that H and ET}, had the most substantial impact
on landscape change as they exhibited the longest projection length on landscape area
and index.

GRA, a quantitative method for measuring the degree of correlation between different
factors, was used to analyze dynamic development quantitatively. In the GRA result
(Figure 8b), the importance ranking of the four factors affecting landscape change was
H > ET,, > P > T. Both analysis methods indicated that H and ET}, were critical factors.
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Figure 7. Trends in temperature, precipitation, and potential evaporation in Dongting Lake wetland
during winter (October-December) from 1991 to 2022.
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Figure 8. (a) RDA and (b) GRA results of the wetland landscape pattern index and driving factors in
Dongting Lake wetland from 1991 to 2022 (the wetland landscape area and index are represented by
black solid arrows, while natural and socio-economic factors are represented by red hollow arrows in
RDA results).

4. Discussion
4.1. Influencing Forces of Dongting Lake Wetland Dynamics

It is commonly accepted that the combined effect of climate change (i.e., temperature,
precipitation) and socio-economic activities (policy, urban expansion) is an important factor
in the wetland dynamics change [38,39].

RDA analysis was also employed to assess the impact of the Three Gorges Dam on the
landscape dynamics of Dongting Lake wetland pre- and post-construction (Figure 9). It
was found that the explanatory rates for the first axis were 88.56% and 52.44%, respectively.
During 1991-2001, T showed a slight positive correlation with the landscape index, while
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P, ETp, and H were predominantly negatively correlated. Conversely, from 2004 to 2022,
P displayed a weak positive correlation with the landscape index, while T, ETp, and H
were mainly negatively correlated. The establishment of the Three Gorges Dam altered
the impact mechanism of factors like water level and climate on the wetland landscape
change. Furthermore, additional factors strongly intervened in landscape dynamics post-
dam construction. The overall driving mechanism remained consistent with the impact
mechanism after the establishment of the Three Gorges Dam (Figures 8a and 9), implying
a substantial influence of the Dam on the overall landscape change trend, altering its
main trajectory and evolution pattern. These findings were further supported by other
studies [25,40,41]. But Wang et al. [40] also noted that a simple linear relationship between
water level change and all environmental factors was not always present.
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Figure 9. RDA results of the landscape pattern index and driving factors of Dongting Lake wetland
(a) 1991-2001 and (b) 2004-2022.

Numerous studies have highlighted the significant impact of the water conditions on
vegetation in the Dongting Lake area. Wood and reed communities were more suitable for
regions with low inundation frequency, whereas grass and lake-grass communities were
more adaptable to areas of high inundation frequency, suggesting that the hydrological
regime determines wetland vegetation distribution [42]. Following the construction of the
Three Gorges Dam, a reduction in water inflow and increased flow velocity from riverbed
erosion led to significant changes in hydrological conditions and an expansion of vegetation
in East Dongting Lake [43].

Due to the economic value of the reed, Large-scale artificial reed planting emerged
around 2000 [44]. Forestation was the principal driving force promoting the continuous
increase in Dongting Lake wetland, and returning agricultural land to wetland was also
related to wetland change [45]. These factors aptly explained the observed increase in reed
and woodland areas and subsequent landscape changes in Section 3.2. Long et al. [46]
proposed that from 1995 to 2020, the main factors affecting wetland distribution were
population density, GDP, elevation, and sunshine duration. Zhang et al. [47] highlighted
solar radiation as the most significant climate factor impacting vegetation change from 2000
to 2019, surpassing the influence of temperature and precipitation. On the contrary, our
study has identified water level and potential evaporation as crucial drivers of landscape
patterns. Discrepancies in the selection of specific conditions and impact indicators within
the study area may account for variations.

Reservoir construction, reed planting, forestation, returning farmland to lakes, and
meteorological fluctuations from 1991 to 2022 collectively interacted as influencing forces
in the evolution process of Dongting Lake wetland, forming a complex system (Figure 10).
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Figure 10. Influencing factors and interactions of Dongting Lake wetland evolution process from
1991 to 2022 (+ represents positive effect, and — represents negative effect).

4.2. Dynamic Evolution of Dongting Lake Wetland

Based on the spatio-temporal dynamics in Section 3.2 and the influencing forces in
Section 4.1, the dynamic evolution of Dongting Lake wetland can be divided into three parts
(Figure 11). (1) From 1991 to 2001, the presence of reclaimed land facilitated sediment
accumulation, and the introduction of reed and poplar drove the dominant landscape
transition from water to mudflat and from sedge to reed and woodland. (2) From 2001
to 2004, the impoundment of the Three Gorges Reservoir led to a reduction in the water
area, prompting a transition from water to mudflat and vegetation and from sedge to reed
and woodland. (3) From 2004 to 2022, partial resolution of challenges related to poplar
and reed, alongside the impact of extreme drought climate events, further transformed the
landscape, transitioning from mudflat and vegetation back to water and from reed and
woodland to sedge.
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Figure 11. Driving process of wetland evolution in Dongting Lake from 1991 to 2022.

From 2000 to 2020, Dongting Lake experienced a decline in water levels during the
dry season, leading to a significant reduction in wetland water area [48-50]. However, our
study, which primarily focused on the dry season, revealed discrepancies compared to
previous research. Specifically, from 2001 to 2004, the establishment of the Three Gorges
Dam caused a decrease in the lake area, and from 2020 to 2022, the lake area decreased under
extreme drought conditions despite an overall increasing trend in the water area. These
inconsistencies in the evolution trend of Dongting Lake among studies can be attributed to
variations in data or methodologies used and inconsistencies in defining lake boundaries.
Referring to the study by Luo et al. [51] and the observed changes in the water area from
2020 to 2022, we predicted a continued decrease in the lake area.

Guo et al. [49] noted an increase in the reed area and a decrease in sedge during the
dry season from 2001 to 2020. Long et al. [46] also found obvious spatial dynamics of reeds
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during 2010-2020, indicating large-scale and frequent spatial transfers. While our findings
aligned with previous research, we identified a new trend since 2020, characterized by
a reduction in the reed and woodland area and an increase in the sedge area. Most of
the literature only covers trends up to 2020, and with limited research on post-2020 trend
changes, our study can provide new data support.

Furthermore, studies by Cai et al. [52] and Wu et al. [39] reported a decrease in NDVI
and woodland area in West Dongting Lake due to government policies and economic
profits. However, our findings suggested a sudden change in the woodland area around
2016, consistent with previous research by Zhou et al. [28] and Yu et al. [21]. Additionally,
Luo et al. [51] highlighted the regional disparities in the blue-green spatial pattern index in
South Dongting Lake. These studies underscore the complexity of landscape changes in
Dongting Lake wetland and the heterogeneity of individual components relative to overall
landscape changes.

4.3. Limitations and Future Work

In this study, Landsat images with 30 m resolution were selected, which has higher
spatial resolution compared to MODIS, to explore the accuracy of three common clas-
sification methods (SVM, ML, CART) in Dongting Lake wetland. Recent studies have
demonstrated that integrating MODIS/Gaofen-1/Sentinel-2/SAR and Landsat images
through data fusion can provide optimal optical images for the key time periods [39,53,54].
In the subsequent work, we can employ this technique to acquire finer data.

We extracted five landscape types: water; mudflat; sedge; reed; and woodland as
the objects of study, excluding cropland [50,55]. However, our findings revealed that land
reclamation also impacted wetland landscape patterns. Hence, it is essential to include
cropland classification for spatial and temporal variability analysis.

In analyzing wetland driving mechanisms, this paper primarily used temperature,
precipitation, potential evaporation, and water level to identify the driving forces, while
wetland conservation policies and other socio-economic factors like population density
and GDP have important impacts on the spatial and temporal evolution of wetlands. It
is crucial to further collect relevant data on other drivers and quantitatively analyze the
impact of each driver.

5. Conclusions

The annual classification accuracy of the CART decision tree method, when applied to
12 Landsat images of Dongting Lake wetland from 1991 to 2022, surpassed 90%, with an av-
erage accuracy of 92.80% and a Kappa coefficient of 0.9074, demonstrating its effectiveness
in Dongting Lake wetland compared to SVM and ML methods.

The water and mudflat area experienced three distinct stages of fluctuation: a gradual
decrease until 2001, followed by a sharp decline until 2014, and then a steady increase.
Vegetation conversion, particularly between sedge and reed, emerged as a dominant trend.
Reed area initially increased, then gradually decreased, while sedge area decreased due
to reed expansion but later rebounded. Woodland area fluctuated, peaking in 2016 after a
rapid rise between 2001 and 2004 but declining by 2022. Throughout the years, landscape
fragmentation increased, landscape heterogeneity slightly decreased, and the landscape
shape became more complex with scattered patches and diversified forms.

The evolution of Dongting Lake wetland was influenced by both natural factors such as
temperature, precipitation, evapotranspiration, and eco-social factors, including reservoir
construction, reed and polar planting, and farmland reclamation. The construction of
the Three Gorges Dam significantly altered landscape dynamics by affecting water levels.
Additionally, potential evaporation emerged as a significant natural factor impacting
landscape dynamics, exhibiting a negative correlation with the landscape dynamics index.
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