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Abstract: Comprehending the spatiotemporal dynamics and driving factors of small and micro
wetlands (SMWs) holds paramount significance in their conservation and sustainable development.
This paper investigated the spatiotemporal evolution and driving mechanisms of SMWs in the Yellow
River Basin, utilizing buffer zones, overlay analysis, and the Geodetector model based on Landsat
satellite images and an open-surface water body dataset from 1990 to 2020. The results revealed that
(1) from 1990 to 2020, SMWs in the Yellow River Basin exhibited an overall pattern of fluctuation
reduction. The total area decreased by approximately 1.12 × 105 hm2, with the predominant decline
occurring in the 0–1 hm2 and 1–3 hm2 size categories. In terms of spatial distribution, SMWs
in Qinghai and Gansu decreased significantly, while the SMWs in Inner Mongolia, Henan, and
Shandong gradually increased. (2) From 1990 to 2020, SMWs were mostly converted into grassland
and cropland, with some transformed into impervious water surface and barren, and only a small
percentage converted into other land types in the Yellow River basin. (3) The alterations in SMWs
were influenced by factors, with their interplay exhibiting nonlinear or bilinear enhancement. Among
these factors, annual precipitation, elevation, and potential evapotranspiration were the primary
natural factors influencing the changes in the distribution of SMWs. On the other hand, land use
cover type, gross domestic product (GDP), and road distance were the main anthropogenic factors.

Keywords: small and micro wetlands; the Yellow River Basin; driving factors

1. Introduction

Wetlands stand out as among the most intricate and fragile ecosystems globally,
offering invaluable ecosystem services, including but not limited to water conservation,
carbon sequestration, and the preservation of biodiversity [1]. As integral components
of the wetland ecosystem, small and micro wetlands (SMWs) fulfill crucial ecological
functions such as purifying water quality [2], regulating regional climate [3], providing
habitats for certain amphibians and waterfowl [4,5], better protecting endangered and
rare species, and are of great significance for biodiversity conservation [6,7]. Due to
their heightened sensitivity to environmental changes, the degradation or disappearance
of these wetlands can undermine the overall structure and function of an ecosystem
network [8]. Recognizing this, the Ramsar Convention of the Parties (COP14) resolution
titled “Enhancing the conservation and management of small wetlands” underscored the
significance of safeguarding and restoring small wetlands. The adoption of this resolution
indicates that more attention will be paid to SMWs in their protection, restoration, and
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management in the future [9]. In alignment with this global recognition, the Chinese
National Forestry and Grassland Administration has taken steps by issuing standards for
the ‘Specification for conservation and management of small wetlands’. Additionally, pilot
projects for the protection and sustainable use of SMWs have been initiated in various
regions, including Beijing, Shanghai, Hubei, Chongqing, Jiangsu, and other provinces and
cities [10]. These efforts reflected a growing acknowledgment of the importance of these
smaller wetlands and a commitment to their conservation and sustainable management.

In recent years, research on SMWs has gradually attracted global attention [2,11–18].
For instance, Cheng et al. [19] discovered the significant role of independent small wetlands
in nutrient retention in the USA. Riley et al. [20] investigated the impact of hydrological
cycle changes in small isolated wetlands on ecological functions. Atkinson et al. [5] found
that seasonal small wetlands at the landscape scale play a crucial role in maintaining
biodiversity, with their hydrological characteristics influencing amphibian productivity
and community dynamics. Apart from investigating the functions and characteristics of
SMWs, an escalating number of researchers have turned their attention to SMW monitoring,
which is achieved through field surveys, unmanned aerial vehicles (UAV), and remote
sensing technologies [21–23]. Among these methods, remote sensing technology has long
timeliness and large coverage, and wetland information extraction is mainly based on
medium-resolution satellite images such as Landsat and Sentinel [24,25]. Noteworthy
studies include that by Mwita et al. [26], which identified 51 small wetlands in Kenya and
Tanzania, producing detailed distribution maps. Geant et al. [27] evaluated the potential
distribution of small wetlands in the South Kivu Province. Gxokwe et al. [28] detected and
mapped semi-arid season wetlands in South Africa. These studies revealed that SMWs
research primarily concentrated on relatively small spatial scales or specific time periods,
especially in geographically independent SMWs. And there is a lack of monitoring and
research on the distribution of SMWs at a larger regional scale, so we aim to research
SMWs in a large region based on remote sensing and hydrological data. Most of the
previous studies have focused on geographically independent small wetlands, but many
of them were not independent units and were affected by large river systems. Therefore,
monitoring SMWs at the large watershed scale could provide guidance for the protection
and management of regional SMWs.

Moreover, some studies by Hu and Wang et al. [29,30] have indicated that wetlands are
currently facing threats from factors such as climate change and human activities. So, un-
derstanding how these factors influence the distribution of small wetlands is critical [31–33].
The Geodetector model, a statistical method grounded in spatial analysis of variance, plays
a pivotal role in detecting spatial heterogeneity and exploring its driving mechanisms [34].
The model effectively overcomes the inherent limitations of traditional statistical meth-
ods by accurately identifying individual factors’ contributions and interactions, while
examining significant differences among populations [35,36]. The Geodetector model was
widely used in urban development, risk assessment, remote sensing, vegetation dynamics,
wetland changes, and other research fields to explore the spatial changes in research objects
under different backgrounds and their influencing factors [37–41]. Therefore, our research
used the Geodetector model to explore the influence of potential factors on the distribution
changes in SMWs.

The Yellow River serves as the lifeline for the economic and social development of
China, carrying approximately 2% of the nation’s river flow to meet 12% of the population’s
and 15% of the arable land’s water demand [42]. The total area of wetlands in the Yellow
River basin is estimated to be over 3.9 million hectares [42], playing a crucial role in main-
taining regional and national ecological security. However, there has been no published
research on SMWs in this region. So, we analyzed the spatiotemporal dynamic changes in
SMWs from 1990 to 2020 in the Yellow River Basin. In addition, we quantified the contribu-
tion of both natural and anthropogenic elements to changes in SMWs. Compared with the
paper our group published before [43], we focus on SMWs rather than open-surface water
bodies in the Yellow River Basin. The outcomes are poised to provide substantial scientific
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data support and guidance for the protection, restoration, and sustainable management of
SMWs in the Yellow River Basin.

2. Materials and Methods
2.1. Study Area

The Yellow River originates from the northern foothills of the Bayan Har Mountains
on the Qinghai–Tibet Plateau. It traverses the Loess Plateau, the Huang–Huai-Hai Plain,
and finally empties into the Bohai Sea. The geographical coordinates of the Yellow River are
between 32◦9′N–41◦50′N and 95◦53′E–119◦18′E, exhibiting significant variations in terrain
elevation. The total area of the basin is approximately 795,000 km2, passing through nine
provinces: Qinghai, Sichuan, Gansu, Ningxia, Inner Mongolia, Shaanxi, Shanxi, Henan, and
Shandong. The main stem of the river spans a total length of 5464 km [43]. Above Hekou
Town are the upper reaches of the Yellow River, with a length of 3472 km and a basin area
of 428,000 km2. The middle reaches from Hekou Town to Peach Blossom Valley, with a river
length of 1206 km and a watershed area of 344,000 km2. Below the downstream of Peach
Blossom Valley, the river stretches of 786 km, covering a basin area of only 23,000 km2 [44].

The climate types include arid, semi-arid, and semi-humid conditions in the basin. The
average annual temperature in the Yellow River Basin is 9.4 ◦C, and precipitation is signifi-
cantly influenced by the monsoon, with an average annual precipitation of 466.6 mm [45].
Precipitation exhibits noticeable spatial variations, gradually increasing from northwest
to southeast, with a nearly 7-fold difference between the maximum and mini-mum val-
ues [46]. The hydrological characteristics of the Yellow River basin exhibit distinct seasonal
patterns, with high temperatures and abundant rainfall in summer, and cold temperatures
with limited precipitation, including ice periods and ice jams in some sections, during
winter [47]. The wetlands in the basin cover 3,929,138.6 hectares, constituting 4.94% of
the total area [42]. These wetlands encompass riverine, lake, marsh, estuarine delta, and
coastal salt marsh types, distributed from the source to the estuary. Figure 1 shows the
distribution of wetlands, elevation, and four typical regions: Hajiang Salt Lake (Figure 1d),
Sand Lake (Figure 1e), Shenglihaizi, Lashanmiaohaizi et.al. lake groups (Figure 1f), and a
region of Yellow River Delta (Figure 1g) in the Yellow River in 2020.
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Figure 1. The wetlands resource distribution overview (a), elevation (c), and location of four repre-
sentative regions (b): Hajiang Salt Lake (d), Sand Lake (e), Shenglihaizi, Lashanmiaohaizi et al. lake
groups (f), and a region of Yellow River Delta (g) in the Yellow River Basin the in 2020.



Remote Sens. 2024, 16, 567 4 of 25

2.2. Data Sources

The open-surface water data utilized in this study were sourced from an internally
developed long-term time series dataset of the Yellow River basin within our research group.
The dataset was extracted with a combination of mNDWI, NDVI, and EVI methods from
Landsat 4, 5, 7, and 8, with a spatial resolution of 30 × 30 m, where classification outcomes
were validated using the Kappa coefficient (=0.90) and overall accuracy verification (>95%),
indicating a high level of classification accuracy [48]. In this dataset, the frequency of water
body was divided into 25% and 75% by the frequency of pixels, with a frequency greater
than 75% being classified as a permanent water body and 25–75% as a seasonal water body.
The details are shown in Table 1.

Table 1. Description of data used in this study.

Data Type Data Time Number
of Scenes

Spatial
Resolution (m) Source

Remote
sensing

Landsat 4 1992–1993 21 30 × 30
http://www.usgs.gov/

(accessed on 31
December 2020)

Landsat 5 1990–2011 22,713 30 × 30
Landsat 7 1999–2020 24,663 30 × 30
Landsat 8 2013–2020 11,199 30 × 30

Google Earth image 31st December
1990–2020 28 https://earth.google.com.hk/

(accessed on 16 July 2023)

Raster data Open-surface water
body 1990–2020 30 × 30 Our research group (accessed

on 6 January 2023)

Vector data

Lake of the Yellow
River

Water system data of
the Yellow River
Administrative

boundary
China boundary

1990–2020
2002–2017

2019
2020

1:250,000
1:1,000,000
1:1,000,000
1:14,000,000

http://www.geodata.cn
(accessed on 20 May 2023)

https:
//www.webmap.cn/store.do

?method=store&storeId=2
(accessed on 20 March 2023)
bzdt.ch.mnr.gov.cn (accessed

on 25 January 2024)

Natural factors

Temperature 1990–2020 1000 × 1000

Shouzhang Peng et al. [49]:
https://zenodo.org/records

/3185722, (accessed on 21
April 2023) https://zenodo.o
rg/records/3114194 (accessed

on 25 April 2023)
Precipitation 1990–2020 1000 × 1000

http://www.gscloud.cn
(accessed on 21 March 2023)

Evaporation 1990–2020 1000 × 1000
Elevation 2020 1000 × 1000

Anthropogenic
factors

Population density
2000–2020 1000 × 1000

http://www.resdc.cn
(accessed on 16 May 2023)Gross Domestic

Product

Night Light Index 2000–2020 1000 × 1000 http://www.geodata.cn
(accessed on 25 May 2023)

Road 2000–2020 /

http://geodata.pku.edu.cn
(accessed on 16 August 2023)

https:
//www.openstreetmap.org
(accessed on 25 June 2023)

Land use
Land cover

1990, 1995,
2000, 2005,
2010, 2015,

2020.

30 × 30

Yang J, Huang X, Wuhan
University [50]:

https://zenodo.org/records
/5816591#.ZAWM3BVBy5c

(accessed 19 May 2023)

http://www.usgs.gov/
https://earth.google.com.hk/
http://www.geodata.cn
https://www.webmap.cn/store.do?method=store&storeId=2
https://www.webmap.cn/store.do?method=store&storeId=2
https://www.webmap.cn/store.do?method=store&storeId=2
bzdt.ch.mnr.gov.cn
https://zenodo.org/records/3185722
https://zenodo.org/records/3185722
https://zenodo.org/records/3114194
https://zenodo.org/records/3114194
http://www.gscloud.cn
http://www.resdc.cn
http://www.geodata.cn
http://geodata.pku.edu.cn
https://www.openstreetmap.org
https://www.openstreetmap.org
https://zenodo.org/records/5816591#.ZAWM3BVBy5c
https://zenodo.org/records/5816591#.ZAWM3BVBy5c
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In order to extract SMWs more accurately in the Yellow River Basin, this study col-
lected relevant water system data in the Yellow River Basin to eliminate large water bodies
and supplemented them with validation: water system linear vector data of 1:100,000
Yellow River basin and 1:250,000 lake distribution. Climate elements such as temperature
and precipitation were sourced from the dataset developed by Peng et al. [49]. The potential
evaporation data were based on the 1 km month-by-month mean, minimum, and maxi-
mum temperature dataset for China, obtained using the Hargreaves potential evaporative
dispersion calculus, with the national 1 km resolution DEM as the covariate. Anthropogenic
factors such as population density, gross domestic product (GDP), night light index, and
road and land use/land cover (LULC) data sources are shown in Table 1 [50]. Notably, the
distance to the main roads was computed through Euclidean distance analysis based on
the acquired road dataset.

2.3. Methods and Techniques

The research methodology, depicted in Figure 2, comprises two primary components.
The first part involves SMWs extraction. Leveraging Landsat satellite imagery from 1990 to
2020 and our internally developed open-surface water body dataset for the Yellow River
basin, we identified SMWs with an area less than 8 hectares. Buffer creation in the Yellow
River basin water system vector data was employed to mitigate the influence of large
rivers. The final SMWs datasets were extracted using the overlay tool in ArcGIS 10.8,
followed by a comprehensive accuracy verification using a confusion matrix. The second
part focuses on exploring the driving factors of SMWs. Given the diversity and complexity
of these factors, our analysis was divided into quantitative and qualitative dimensions.
Quantitatively, the Geodetector model was utilized to investigate the impact of climate,
human activities, and other factors on the distribution changes in SMWs. A Markov
transition matrix was employed to examine the relationship between SMWs and land
use-type changes, particularly highlighting the impact of urbanization on these wetlands.
Qualitatively, we conducted a literature review, discussing the impact of events such as
tourism, dust storms, and water pollution on SMWs.
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2.3.1. SMWs Dynamic Analysis

According to existing studies and wetland protection regulations [51,52], in this study
SMWs are defined as open-surface water bodies with an area of less than 8 hectares on a
permanent or seasonal basis.

First of all, we initially extracted SMWs from the developed water body dataset in the
Yellow River basin based on area conditions [48]. However, larger surface water fragments,
such as the main stream and major tributaries of the Yellow River, impacted the accuracy
of our extraction. To address this, we utilized river vector data from the National Data
Center, establishing buffers of varying widths centered on the Yellow River’s River lines.
We employed water system data to create buffer zones ranging from 100 m to 1.5 km. After
a thorough evaluation of extraction results across these diverse buffer zone ranges, a buffer
zone of 200 m was determined to be optimal for effectively removing large water bodies.
This aimed to exclude the influence of large river bodies and prevent misclassification
of SMWs. Subsequently, accuracy verification of the extracted dataset was conducted,
achieving satisfactory results based on the kappa coefficient and overall accuracy assess-
ment, ensuring data accuracy and reliability. These meticulous steps collectively led to the
acquisition of high-quality datasets for SMWs within the Yellow River Basin, spanning the
years 1990 to 2020. Finally, we selected four representative regions for comparison with
Google images and used the confusion matrix to calculate the SMWs extraction accuracy.

2.3.2. Analysis of Transition between SMWs and Land Use Types

To comprehend the transformation process of SMWs over the past 30 years, we
utilized the LULC transfer matrix to analyze the transformation between SMWs and other
land types.

L(t+1) = Pij × L(t) (1)

Pij =

P11 P12 . . . P1m
P21 P22 . . . P2m
Pm1 Pm2 . . . Pmm

 (2)

In the aforementioned formula, L(t+1) and L(t) represent the type of land use at (t + 1)
and (t), while Pij denotes the transition probability matrix for land cover changes under
a specific scenario. The range of values for Pij (i, j = 1, 2, . . ., m) is within the interval
[0, 1] [53].

2.3.3. Analysis of Driving Factors behind SMWs Changes
Factors Selection

Previous studies have indicated that both natural environmental factors and human
activities exert varying degrees of influence on wetlands [54,55], suggesting that both likely
drive changes in SMWs, which are also integral parts of wetland ecosystem. Combined
with their ecological functions and characteristics, we speculated that these factors may
also affect SMWs in the Yellow River Basin. To quantify the effects of these two factors
on SMWs, we subdivided the natural climate factors into precipitation, temperature, and
potential evaporation. At the same time, due to the great elevation difference between east
and west of the Yellow River basin, we considered adding elevation as topographic factor.
Human activity factors were subdivided into: population density, land use type, night light
index, and road construction.

To investigate the driving factors of SMWs changes, this study selected five individual
factors (population density (X1), average GDP (X2), nighttime light index (X3), distance to
major roads (X4), and land use type (X5)). Four natural factors, namely, annual average
temperature (X6), annual precipitation (X7), potential evapotranspiration (X8), and eleva-
tion (X9), were independent variables. The change of area in SMWs (Y) was the dependent
variable for analyzing SMWs changes in the Yellow River Basin (Tables 2 and 3). Due to
variations in the resolution of different datasets, it became necessary to integrate various
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factors and the extracted SMWs to unify the data resolution size, so as to analyze the spatial
differentiation of factors affecting the distribution changes in SMWs at the same location.
Consequently, we employed the Fishnet tool to generate a set of elements containing a
network of rectangular pixels, unifying the grid resolution for subsequent extraction of
multiple variable values to the point. Thus, we obtained a dataset of independent variables
(different drivers) and dependent variables (extracted SMWs) of the same resolution. Based
on Creating Fishnet in ArcGIS 10.8, we selected the optimal scale of a 2 km × 2 km grid
with sample points generated after numerous iterations. The Geodetector model requires
the input variables to be of the discrete type. Therefore, these selected factors underwent
discrete transformation and were systematically regrouped into nine distinct categories by
the natural breakpoint method (Figure 3). Following this, data pertaining to each variable
sample point was systematically extracted. Subsequently, the Geographical Detector model
was employed to rigorously quantify both the contribution and the interrelationships
among the driving factors influencing SMWs.

Table 2. Driving factors of SMWs changes.

Categories Factors Code Unit

Anthropogenic activity

Population density X1 person/km2

Gross Domestic Product X2 104 yuan/km2

Night Light Index X3 %
Distance to main roads X4 km

Land use type X5 categorical

Climate elements

Average annual
temperature X6 ◦C

Average annual
precipitation X7 mm

Potential
evapotranspiration X8 mm

Topography Elevation X9 m

Table 3. Factors grading standards.

Categories/
Factors

Average
Annual

Temperature

Average
Annual

Precipitation

Potential
Evapotran-
spiration

Elevation Population
Density GDP

Night
Light
Index

Land Use
Type

Distances
to Road

1 −18.1~−6.3 99.9–216.1 12.1–45.4 −30.0–637.8 0–100 0–50 0–1 Cropland 0–2
2 −6.2~−4.1 216.2–295.6 45.5–53.7 637.9–1181.9 100–200 50–100 1–3 Forest 2–4
3 −4.0~−1.5 295.7–362.9 53.8–61.9 1182–1627.1 200–400 100–200 3–5 Shrub 4–6

4 −1.4–1.3 363.0–427.1 62.0–70.1 1627.2–
2196.0 400–600 200–300 5–7 Grassland 6–8

5 1.4–4.3 472.2–491.3 70.2–78.0 2196.1–
2913.3 600–800 300–500 7–9 Water 8–12

6 4.4–7.1 491.4–546.3 78.1–85.8 2913.4–
3506.9 800–1000 500–1000 9–11 Snow/Ice 12–14

7 7.2–9.0 546.4–604.4 85.9–93.3 3507.0–
3976.8 1000–1500 1000–

2000 11–13 Barren 14–16

8 9.3–12.2 604.5–677.8 93.4–101.1 3976.9–
4397.3 1500–2000 2000–

3000 13–15 Impervious 16–18

9 12.3–16.0 677.9–879.6 101.2–112.1 4397.4–6277 2000–36,794
3000–542,505 15–63 Wetland 18–30
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The Geodetector Model

In this research paper, the analysis of driving factors influencing changes in SMWs
primarily employed factor and interaction detectors.

(1) Differentiation and factor detector

This detector was applied to ascertain the spatial heterogeneity of variable Y and the
explanatory power of a factor X on the spatial heterogeneity of Y. The q statistic value, a
valuable metric, was employed to quantify the explanatory power of factors driving the
variation in SMWs.

The module was used to detect the spatial heterogeneity of variables and the extent
to which factors explained the spatial heterogeneity of variables. The q statistic value, a
valuable metric, was employed to quantitatively detect the explanatory degree of driving
factors for the spatial differentiation of SMWs. The general form was as follows:

q = 1− SSW
SST

(3)

SSW = ∑L
h=1 Nhσ2

h
, SST = Nσ2 (4)

In the aforementioned formula, h = 1, . . .; L represents the strata of variable Y or factor
X, also referred to as categories or zones; Nh and N denote the number of units in stratum
h and the entire study area; σ2

h and σ2 represent the variance of Y values in stratum h
and the entire area, and SSW and SST represent the within sum of squares and total sum
of squares, respectively [56]. The q statistic value ranges from [0, 1], with a higher value
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indicating a more pronounced spatial heterogeneity of Y [36]. If the strata are generated
by the independent variable X, a larger q-value signifies a stronger explanatory power of
the variable for attribute Y and, conversely, a weaker explanatory power if the q-value is
smaller [57,58]. In this study, a higher q-value indicates a stronger explanatory power of
the factor for the variation in SMWs.

(2) Interaction detector

This detector was designed to assess the impact of the dependent variable Y on the
explanatory power when two factors jointly influence it. The evaluation methodology
involves initially computing the q-values for each factor, X1 and X2, concerning Y, denoted
as q(X1) and q(X2), respectively. Subsequently, the q-value for their interaction, q(X1∩X2),
was calculated. A comparative analysis was then conducted by comparing the values of
q(X1), q(X2), and q(X1∩X2), as outlined in Table 4, to elucidate the relationship between the
two factors [48,49].

Table 4. The possibility of interaction detector.

Illustrations Interaction Relationship Interaction

1 q(X1∩ X2) > q(X1) + q(X2)
q(X1∩ X2) = q(X1) + q(X2)

q(X1∩ X2) > Max(q(X1), q(X2) )
Min(q(X1), q(X2)) < q(X1∩ X2) < Max(q(X1), q(X2))

q(X1∩ X2) < Min(q(X1), q(X2))

Enhanced, nonlinear
2 Independent
3 Enhanced, bilinear
4 Weakened, single-factor nonlinear
5 Weakened, nonlinear

3. Results
3.1. Dynamic Changes in SMWs in the Yellow River Basin

This study employed spatial analysis methods for the extraction of SMWs. To validate
the accuracy of extraction, we selected four representative regions in the study area and
compared them with Google Earth images. The cross-validation results, as shown in Table 5,
indicate that the classification results have been verified through Kappa coefficients and
overall accuracy assessments (91.5%), demonstrating a high level of classification accuracy.

Table 5. The result of confusion matrix of the accuracy assessment for the entire study area.

Region Name Year

Classification
Accuracy (%) Overall

Accuracy (%)
Kappa

CoefficientPermanent
SMWs

Seasonal
SMWs

1
Hajiang Salt

Lake

1990 88.8 87.2 88.0 0.79
1995 98.8 91.2 95.1 0.91
2000 85.2 87.7 86.9 0.74
2005 99.0 81.0 90.5 0.83
2010 74.4 80.0 77.2 0.63
2015 92.8 89.2 91.0 0.83
2020 73.6 83.6 78.6 0.65

2
Sand Lake

1990 96.8 89.2 93.0 0.87
1995 99.6 90.0 94.8 0.90
2000 95.2 86.0 90.6 0.83
2005 94.0 85.6 89.8 0.81
2010 94.8 90.8 92.8 0.87
2015 97.6 90.0 93.8 0.88
2020 99.2 84.4 91.8 0.85
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Table 5. Cont.

Region Name Year

Classification
Accuracy (%) Overall

Accuracy (%)
Kappa

CoefficientPermanent
SMWs

Seasonal
SMWs

3
Shenglihaizi

Lashanmiaohaizi
et al. lake

groups

1990 98.0 86.0 92.0 0.84
1995 98.0 94.0 96.0 0.92
2000 96.0 86.0 91.0 0.83
2005 96.0 80.0 88.0 0.79
2010 99.0 86.0 93.0 0.87
2015 92.0 80.0 86.0 0.75
2020 88.0 90.0 89.0 0.80

4
The region of
Yellow River

Delta

1990 95.6 93.2 94.4 0.89
1995 98.0 96.0 97.0 0.94
2000 98.0 96.0 97.0 0.94
2005 96.4 94.8 95.6 0.92
2010 96.4 88.4 92.4 0.86
2015 99.6 95.2 97.2 0.95
2020 99.2 97.2 98.2 0.96

Average 94.3 88.5 91.5 0.84

As shown in Figure 4a, the area of SMWs generally showed a trend of fluctuation
and decline from 1990 to 2020 in the Yellow River Basin, in which the seasonal SMWs
were consistent with the overall change trend, while the permanent SMWs had no obvious
overall fluctuation, and the area in 2020 was reduced compared with that in 1990. From
1990 to 2020, the total area of SMWs decreased by about 1.12× 105 hm2 (square hectometer),
of which the permanent SMWs decreased by about 43% and the seasonal SMWs decreased
by 54%.
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To gain a more comprehensive understanding of the spatiotemporal dynamic changes
occurring in SMWs within the Yellow River Basin, this study stratified the interannual
changes in SMWs from a spatiotemporal perspective. To commence the analysis, each
decade was considered as a research interval. The examination of changes in the total
area of SMWs revealed a fluctuating decline across three distinct periods: 1990 to 2000
(Figure 4b), 2001 to 2010 (Figure 4c), and 2011 to 2020 (Figure 4d). Notably, the peak area of
SMWs occurred in 1993, 2003, and 2012 within their respective intervals, while the smallest
areas were observed in 1999, 2007, and 2015. The trends in the seasonal SMWs areas
mirrored in the overall changes, but the area of permanent SMWs exhibited significant
fluctuations. Specifically, there was a notable decrease in the period of 1990–1991 and
1998–1999, while an increase was observed in 2011–2012.

After the spatial stratification, the variation trend in SMWs area from 1990 to 2020 was
more obvious. The changes of area in SMWs in the upper reaches were closely related to
the whole basin, showing a trend in fluctuation and decline (Figure 4e), and the change
trends in seasonal and permanent SMWs were consistent. The SMWs in the middle reaches
also fluctuated and declined in general (Figure 4f), while the SMWs in the lower reaches
did not change significantly from 1990 to 2017, showed a substantial increase in 2018, and
then declined after reaching a peak in 2019 (Figure 4g). It is worth noting that the total area
of wetland in the upper reaches was smaller in 1991,1999, and 2007, and the total area was
larger in 1993, 2003, and 2012. In general, during the whole study period, the SMWs in
the Yellow River Basin were mainly composed of seasonal SMWs, and the permanent and
seasonal SMWs in 2020 declined compared with those in 1990.

Comprehending the distribution of various sizes SMWs in the upper, middle, and
lower reaches of the Yellow River Basin, as well as in diverse administrative regions,
proves instrumental for guiding subsequent efforts in the protection and restoration of
these ecosystems. Therefore, this study divided SMWs into four levels: 0–1 hm2, 1–3 hm2,
3–5 hm2, and 5–8 hm2, and explored their spatial distribution from 1990 to 2020.

From the perspective of the interannual variation trends of the four levels of micro-
wetlands from 1990 to 2020, the variation trends in seasonal SMWs and general SMWs are
very similar, while the changes in permanent SMWs are significantly different from the
two before. In detail, 0–1 hm2 and 1–3 hm2 permanent SMWs demonstrated a fluctuating
decline, while the 3–5 hm2 and 5–8 hm2 permanent SMWs decreased slowly in the upper
reaches (Figure 5a). In addition, the area of the four types of permanent SMWs fluctuated
and increased, especially in the lower reaches (Figure 5b,c). However, the changes in
seasonal SMWs of 0–1 hm2 and 1–3 hm2 fluctuated and decreased in the upper and middle
reaches, and the other two types decreased slowly (Figure 5d,e). The four types of seasonal
SMWs fluctuated and increased, among which the area of 0–1 hm2 and 1–3 hm2 seasonal
SMWs in 2020 increased by about twice compared with in 1990 in the upper reaches.
Moreover, we found that the total area of SMWs exhibited phased peaks in 1993, 2003, and
2013, and the total area of SMWs in 1999 and 2007 was significantly smaller, which was
closely related to the changes in the four grades of SMWs, especially the smaller grades of
dominated SMWs (Figure 5g–i).



Remote Sens. 2024, 16, 567 12 of 25

Remote Sens. 2024, 16, x FOR PEER REVIEW 12 of 25 
 

 

SMWs fluctuated and increased, among which the area of 0–1 hm2 and 1–3 hm2 seasonal 

SMWs in 2020 increased by about twice compared with in 1990 in the upper reaches. 

Moreover, we found that the total area of SMWs exhibited phased peaks in 1993, 2003, and 

2013, and the total area of SMWs in 1999 and 2007 was significantly smaller, which was 

closely related to the changes in the four grades of SMWs, especially the smaller grades of 

dominated SMWs (Figure 5g–i). 

 

Figure 5. Interannual changes in four levels of SMWs in the upper, middle, and lower reaches of the 

Yellow River Basin from 1990 to 2020: permanent SMWs in the upper (a), middle (b), and lower (c) 

reaches of the Yellow River; Seasonal SMWs (d–f); the total SMWs (g–i). 

Figure 6 illustrates the spatial distribution and proportion of SMWs in provinces. In 

the Yellow River basin, SMWs were mainly distributed in Qinghai, with an average pro-

portion of 43%. The results revealed that SMWs area in the Yellow River Basin is predom-

inantly within the 0–1 hm2 and 1–3 hm2 categories, constituting ordinary percentages of 

53% and 27%, respectively. The area of SMWs in different provinces changed, among 

which the SMWs in Qinghai and Gansu decreased significantly, and the SMWs in Shan-

dong and Inner Mongolia increased significantly. In addition, the spatial composition of 

SMWs within each province underwent significant transformations. Notably, the propor-

tion of 0–1 hm2 in each province decreased in 2000, averaging at 50%. Before 2000, numer-

ous SMWs were present along the Yellow River and its surrounding water systems in 

Qinghai and Gansu. By 2020, the distribution of SMWs in the middle and lower reaches 

increased. 

Further analysis of the changes in permanent and seasonal SMWs in the provinces 

showed that the permanent SMWs decreased significantly in Qinghai and Gansu and in-

creased slightly in Shandong and Ningxia, but the changes were not obvious in other 

provinces (Figure 7). The seasonal SMWs decreased significantly in Qinghai and Shaanxi, 

but increased significantly in Shandong and Inner Mongolia, which confirmed the de-

crease in SMWs from 1990 to 2020. 

Figure 5. Interannual changes in four levels of SMWs in the upper, middle, and lower reaches of the
Yellow River Basin from 1990 to 2020: permanent SMWs in the upper (a), middle (b), and lower (c)
reaches of the Yellow River; Seasonal SMWs (d–f); the total SMWs (g–i).

Figure 6 illustrates the spatial distribution and proportion of SMWs in provinces. In the
Yellow River basin, SMWs were mainly distributed in Qinghai, with an average proportion
of 43%. The results revealed that SMWs area in the Yellow River Basin is predominantly
within the 0–1 hm2 and 1–3 hm2 categories, constituting ordinary percentages of 53% and
27%, respectively. The area of SMWs in different provinces changed, among which the
SMWs in Qinghai and Gansu decreased significantly, and the SMWs in Shandong and Inner
Mongolia increased significantly. In addition, the spatial composition of SMWs within each
province underwent significant transformations. Notably, the proportion of 0–1 hm2 in
each province decreased in 2000, averaging at 50%. Before 2000, numerous SMWs were
present along the Yellow River and its surrounding water systems in Qinghai and Gansu.
By 2020, the distribution of SMWs in the middle and lower reaches increased.

Further analysis of the changes in permanent and seasonal SMWs in the provinces
showed that the permanent SMWs decreased significantly in Qinghai and Gansu and
increased slightly in Shandong and Ningxia, but the changes were not obvious in other
provinces (Figure 7). The seasonal SMWs decreased significantly in Qinghai and Shaanxi,
but increased significantly in Shandong and Inner Mongolia, which confirmed the decrease
in SMWs from 1990 to 2020.
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3.2. Relationship between SMWs and Land Use in the Yellow River Basin

Wetlands constitute a significant component of land use types. Investigating the trans-
formation of SMWs and their interrelations with other land use categories is instrumental
in comprehending both the intrinsic and extrinsic evolution of wetlands, offering valuable
insights into the patterns governing wetland transformations and aiding in the formulation
of enhanced strategies for wetland preservation and conservation.

A Markov matrix was used to analyze the transformation relationships among sea-
sonal SMWs, permanent SMWs, and non-wetlands (Figure 8). During the whole study
period from 1990 to 2020, the transition between different types of SMWs was mainly
manifested as the change from permanent SMWs to seasonal SMWs, the proportion of
seasonal to permanent SMWs was small, and the proportion of non-wetlands to SMWs
was less than 5%. From 1990 to 1995, the changes in wetland types were similar: about 35%
of permanent SMWs were transformed into seasonal SMWs, 10% of seasonal SMWs were
transformed into permanent SMWs, and less than 5% of non-wetlands were transformed
into permanent SMWs. During 1995–2000 and 2005–2010, about 25% of permanent SMWs
changed to seasonal SMWs, and about 17% of seasonal SMWs changed to permanent SMWs.
The net loss of permanent SMWs was the largest. In the study intervals of 2000–2005, 2010–
2015, and 2015–2020, the transition between seasonal and permanent micro wetlands
remained relatively stable, and the transition from seasonal SMWs to non-wetlands was
more than that of permanent SMWs.

Remote Sens. 2024, 16, x FOR PEER REVIEW  14  of  25 
 

 

3.2. Relationship between SMWs and Land Use in the Yellow River Basin 

Wetlands  constitute  a  significant  component  of  land  use  types.  Investigating  the 

transformation of SMWs and their interrelations with other land use categories is instru-

mental in comprehending both the intrinsic and extrinsic evolution of wetlands, offering 

valuable insights into the patterns governing wetland transformations and aiding in the 

formulation of enhanced strategies for wetland preservation and conservation. 

A Markov matrix was used to analyze the transformation relationships among sea-

sonal SMWs, permanent SMWs, and non-wetlands  (Figure 8). During  the whole study 

period  from 1990  to 2020,  the  transition between different  types of SMWs was mainly 

manifested as  the change  from permanent SMWs  to seasonal SMWs,  the proportion of 

seasonal to permanent SMWs was small, and the proportion of non-wetlands to SMWs 

was less than 5%. From 1990 to 1995, the changes in wetland types were similar: about 

35% of permanent SMWs were transformed into seasonal SMWs, 10% of seasonal SMWs 

were transformed into permanent SMWs, and less than 5% of non-wetlands were trans-

formed into permanent SMWs. During 1995–2000 and 2005–2010, about 25% of permanent 

SMWs changed to seasonal SMWs, and about 17% of seasonal SMWs changed to perma-

nent SMWs. The net loss of permanent SMWs was the  largest. In the study intervals of 

2000–2005, 2010–2015, and 2015–2020, the transition between seasonal and permanent mi-

cro wetlands remained relatively stable, and the transition from seasonal SMWs to non-

wetlands was more than that of permanent SMWs. 

To further explore the relationship between the changes in seasonal SMWs, perma-

nent SMWs, and changes in land use types, this study analyzed the land use transition 

matrix between 1990 and 2020  (Figure 9). All  land use  types changed, and  impervious 

water surface had expanded nearly three times, from 1.2% to 3.1%. The main source of 

impervious water in 2020 was cultivated land, followed by grassland and unused land. 

From 2015 to 2020, among all land use types, the area transferred from grassland was the 

largest, and the main type of transformation was cropland, accounting for 36.1% of the 

area of grassland outflow. In addition, the water body changed obviously, and the trans-

formation types were mainly cropland and grassland. In the past 30 years, the transfor-

mation of SMWs has been obvious, with grassland and  farmland accounting  for 19.0% 

and 13.2%,  impervious surface accounting  for 11.4%, and barren accounting  for 13.1%. 

The conversion rates of seasonal and permanent SMWs to wetland types were negligible. 

In summary, the reduction in SMWs mainly turned into grassland and cropland, with 

some  transformed  into  impervious water  surface  and barren  and  a very  little portion 

transformed into other land types from 1990 to 2020. 

 

Figure 8. Choral map of transfer of SMWs types: 1990–1995 (a), 1995–2000 (b), 2000–2005 (c), 2005–

2010 (d), 2010–2015 (e), 2015–2020 (f). 
Figure 8. Choral map of transfer of SMWs types: 1990–1995 (a), 1995–2000 (b), 2000–2005 (c),
2005–2010 (d), 2010–2015 (e), 2015–2020 (f).

To further explore the relationship between the changes in seasonal SMWs, permanent
SMWs, and changes in land use types, this study analyzed the land use transition matrix
between 1990 and 2020 (Figure 9). All land use types changed, and impervious water
surface had expanded nearly three times, from 1.2% to 3.1%. The main source of impervious
water in 2020 was cultivated land, followed by grassland and unused land. From 2015 to
2020, among all land use types, the area transferred from grassland was the largest, and the
main type of transformation was cropland, accounting for 36.1% of the area of grassland
outflow. In addition, the water body changed obviously, and the transformation types were
mainly cropland and grassland. In the past 30 years, the transformation of SMWs has been
obvious, with grassland and farmland accounting for 19.0% and 13.2%, impervious surface
accounting for 11.4%, and barren accounting for 13.1%. The conversion rates of seasonal
and permanent SMWs to wetland types were negligible.
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In summary, the reduction in SMWs mainly turned into grassland and cropland, with
some transformed into impervious water surface and barren and a very little portion
transformed into other land types from 1990 to 2020.

3.3. Analysis of Driving Factors in SMWs Distribution Changes

The analysis of the driving factors influencing changes in SMWs involved a compre-
hensive examination using factor detector, determined through the calculation of their q
values, as illustrated in Figure 10. The q-value serves as a statistical metric quantifying the
impact of these factors on the spatial distribution of SMWs, with a range from 0 to 1. Within
the context of factor differentiation detection, a higher q-value associated with a particular
factor signifies a more pronounced impact on the spatial distribution, while a lower q-value
indicates a diminished effect. In extreme cases, a q-value of 1 denotes complete control of
the spatial distribution of SMWs by the factor in question, whereas a q-value of 0 signifies
a lack of any discernible relationship between the factor and the distribution of SMWs.
Over the period from 2000 to 2020, the impact of influencing factors on SMWs displayed
some fluctuations. While the influence of annual mean temperature and land use coverage
factors increased, other factors such as elevation, potential evapotranspiration, annual
average precipitation, distance from main roads, night light index, GDP, and population
density showed a declining fluctuation tendency.
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In 2000, the hierarchical ranking of the explanatory efficacy of individual driving
factors contributing to the alterations in SMWs was delineated from the most impactful to
the least influential: Mean annal precipitation (PRE) > potential evapotranspiration (EVA)
> elevation (ELE) > population density (POP) > mean annal temperature (TEM) > gross
domestic product (GDP) > night light index (NLI) > distance from main roads (RD) > land
use and land cover (LULC). In 2005, the ranking was as follows: PRE > ELE > TEM > EVA
> POP > GDP > LULC > NLI > RD. In 2010, RD > EVA > TEM > PRE > LULC > ELE > POP
> GDP > NLI. In 2015, ELE > PRE > EVA > GDP > POP > TEM > LULC > RD > NLI. And
by 2020, PRE > LULC > TEM > EVA > GDP > ELE > RD > POP > NLI.

This analysis indicated that before 2010, natural factors contributed significantly to
SMWs changes, with annual average precipitation having the most significant explanatory
power (q(2000) = 0.95, q(2005) = 0.63, p < 0.01). Commencing from the year 2010, there was
an observable augmentation in the explanatory capacity of socio-economic factors. In 2010,
RD, POP, and GDP all had explanatory powers exceeding 5%, with the distance from major
roads having the highest explanatory power regarding SMWs changes. In 2020, PRE and
LULC were the most significant explanatory factors, followed by TEM and EVA. On the
contrary, the night light index exhibited the lowest q-value (q < 0.01), indicating a marginal
impact on the alterations observed in SMWs. On average, the driving factors’ explanatory
powers for SMWs changes rank as PRE > ELE > EVA > TEM > LULC > GDP > RD > NLI.
The factor detector results suggest that SMWs changes were primarily influenced by
annual average temperature and changes in land use types driven by both natural and
anthropogenic activities.

The outcomes of the interaction analysis, as illustrated in Figure 11, unveiled the
presence of solely two discernible types of interactions among the driving factors: bilinear
enhancement and nonlinear enhancement. This signified that, within the nine selected
factors analyzed in this study, the interactions between any two factors were more robust
than those involving any single factor. Remarkably, there were no indications of weakening
effects. These findings implied that the collective influences of diverse factors exerted
a more potent explanatory influence on alterations in SMWs compared to the impact of
individual factors. Moreover, they manifested more proactive driving roles in shaping the
dynamics of these wetlands.
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In 2000, the Geodetector model was used to identify significant interactions influencing
the distribution of SMWs. Average annual precipitation exhibited the strongest impact,
particularly when interacting with average annual temperature and elevation (interaction
degree: 0.97). Natural factors like potential evapotranspiration and elevation also played
a role. This trend persisted in 2005, emphasizing the substantial influence of average
annual precipitation, especially in conjunction with potential evapotranspiration. By
2010, road distance emerged as a prominent factor, particularly when interacting with
elevation, indicating heightened distribution changes in higher-altitude areas due to road
development. In 2015, various factors, including annual average precipitation, potential
evapotranspiration, gross domestic product, and population density collectively influenced
SMWs distribution. Precipitation and elevation stood out among natural factors, while
road distance and land cover type were significant anthropogenic influences. In 2020, the
joint impact of average annual precipitation and gross domestic product exhibited the
highest influence on SMWs distribution (interaction degree: 0.71).

In summary, annual average precipitation stands out as the pivotal factor influenc-
ing the distribution of SMWs. Its interactions with other factors exhibited the strongest
combined effect, yielding substantial explanatory power. Beyond precipitation, elevation
and potential evapotranspiration emerged as primary natural determinants shaping the
variability in SMWs distribution. Concurrently, road distance, land use/cover types, and
gross domestic product surfaced as key anthropogenic influencers affecting the distribution
dynamics of these wetlands. Any shifts in driving factors within the study area affected the
SMWs distribution, albeit with varying degrees of influence across different years. Nonethe-
less, the impact of anthropogenic factors was gradually strengthening, while the influence
of natural factors was diminishing. By 2020, the main factors affecting the distribution of
SMWs were average annual precipitation and gross domestic product.
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4. Discussion
4.1. Accuracy of SMWs Extraction

Utilizing high-precision surface water data, this study employed spatial analysis tech-
niques, including area screening and buffer establishment, to extract SMWs in the Yellow
River Basin spanning the period from 1990 to 2020. Furthermore, accuracy verification
was conducted in four representative regions in the Yellow River Basin. True surface
values were obtained through visual interpretation of Google Earth remote sensing images,
and the confusion matrix yielded accuracy evaluation results. Overall, the extracted data
pertaining to SMWs demonstrated a commendable level, boasting an average accuracy rate
of 91.5%. This was substantiated by successful validation through the kappa coefficient,
which averaged approximately 0.84. The robust results affirm the precision and reliability
of the SMWs dataset extracted in this study.

Nevertheless, the data accuracy in specific regions for individual years exhibits a
slight deviation from the overall trend, and potential explanations for these variations
are delineated below. Referring to Figure 12I(e), the precision of SMWs extraction in the
Hajiang Salt Lake region was notably lower in 2010. This could be attributed to the limited
clarity of the Google image reference captured on 12.31 in that year, potentially affected by
water icing, thereby influencing the interpretation. In 2005, the accuracy of SMWs in the
Sand Lake area was comparatively lower than other years (Figure 12II(d)), potentially due
to the close association between SMWs and larger wetlands during that year, resulting in
misclassification. Similarly, in 2015, the extraction accuracy of the Shenglihaizi and Lashan-
miaohaizi et al. lake groups were marginally reduced (Figure 12III(f)), possibly influenced
by the quality of the reference image impacting the translation accuracy. Additionally, the
average precision of the permanent SMWS extracted from the four regions was higher
than that of the seasonal SMWS. We examined the potential reasons as follows. Firstly, the
occurrence frequency of permanent SMWs was higher than that of seasonal SMWs in the
annual images, indicating better stability for permanent SMWs. Secondly, the distribution
of seasonal SMWs was significantly affected by seasonal changes, such as the reduction in
seasonal SMWs due to water evaporation or the drying up of rivers and lakes during the
dry season, enhancing the accuracy of visual interpretation for permanent SMWs.

Remote Sens. 2024, 16, x FOR PEER REVIEW  18  of  25 
 

 

coefficient, which averaged approximately 0.84. The robust results affirm  the precision 

and reliability of the SMWs dataset extracted in this study. 

Nevertheless,  the data accuracy  in  specific  regions  for  individual years exhibits a 

slight deviation from the overall trend, and potential explanations for these variations are 

delineated  below. Referring  to  Figure  12I(e),  the  precision  of  SMWs  extraction  in  the 

Hajiang Salt Lake region was notably lower in 2010. This could be attributed to the limited 

clarity of the Google image reference captured on 12.31 in that year, potentially affected 

by water icing, thereby influencing the interpretation. In 2005, the accuracy of SMWs in 

the Sand Lake area was comparatively lower than other years (Figure 12II(d)), potentially 

due to the close association between SMWs and larger wetlands during that year, resulting 

in misclassification. Similarly,  in  2015,  the  extraction  accuracy of  the Shenglihaizi  and 

Lashanmiaohaizi et al. lake groups were marginally reduced (Figure 12III(f)), possibly in-

fluenced by the quality of the reference image impacting the translation accuracy. Addi-

tionally, the average precision of the permanent SMWS extracted from the four regions 

was higher than that of the seasonal SMWS. We examined the potential reasons as follows. 

Firstly, the occurrence frequency of permanent SMWs was higher than that of seasonal 

SMWs in the annual images, indicating better stability for permanent SMWs. Secondly, 

the distribution of seasonal SMWs was significantly affected by seasonal changes, such as 

the reduction in seasonal SMWs due to water evaporation or the drying up of rivers and 

lakes during the dry season, enhancing the accuracy of visual interpretation for perma-

nent SMWs. 

 

Figure 12. Cont.



Remote Sens. 2024, 16, 567 19 of 25

Remote Sens. 2024, 16, x FOR PEER REVIEW  18  of  25 
 

 

coefficient, which averaged approximately 0.84. The robust results affirm  the precision 

and reliability of the SMWs dataset extracted in this study. 

Nevertheless,  the data accuracy  in  specific  regions  for  individual years exhibits a 

slight deviation from the overall trend, and potential explanations for these variations are 

delineated  below. Referring  to  Figure  12I(e),  the  precision  of  SMWs  extraction  in  the 

Hajiang Salt Lake region was notably lower in 2010. This could be attributed to the limited 

clarity of the Google image reference captured on 12.31 in that year, potentially affected 

by water icing, thereby influencing the interpretation. In 2005, the accuracy of SMWs in 

the Sand Lake area was comparatively lower than other years (Figure 12II(d)), potentially 

due to the close association between SMWs and larger wetlands during that year, resulting 

in misclassification. Similarly,  in  2015,  the  extraction  accuracy of  the Shenglihaizi  and 

Lashanmiaohaizi et al. lake groups were marginally reduced (Figure 12III(f)), possibly in-

fluenced by the quality of the reference image impacting the translation accuracy. Addi-

tionally, the average precision of the permanent SMWS extracted from the four regions 

was higher than that of the seasonal SMWS. We examined the potential reasons as follows. 

Firstly, the occurrence frequency of permanent SMWs was higher than that of seasonal 

SMWs in the annual images, indicating better stability for permanent SMWs. Secondly, 

the distribution of seasonal SMWs was significantly affected by seasonal changes, such as 

the reduction in seasonal SMWs due to water evaporation or the drying up of rivers and 

lakes during the dry season, enhancing the accuracy of visual interpretation for perma-

nent SMWs. 

 

Figure 12. SMWs in Four regions of the Yellow River Basin in 1990 (a), 1995 (b), 2000 (c), 2005 (d),
2010 (e), 2015 (f), and 2020 (g). (I). Hajiang Salt Lake, (II). Sand Lake, (III). Shenglihaizi, Lashanmiao-
haizi et.al. lake groups, and (IV). Yellow River Delta of the Yellow River Basin.

4.2. Drivers of SMWs Changes

This study employed the Geodetector model to quantify the impact of various factors
on the distribution changes in SMWs. The results indicated that both natural and human
factors jointly drive the distribution changes in SMWs. Notably, annual precipitation
emerges as the pre-eminent determinant shaping the spatial patterns of small wetlands.
Concurrently, the discernible impact of anthropogenic factors, including road construction,
land use classification, and gross domestic product (GDP), progressively manifested itself
after 2010. Figure 13 elucidates a coherent correlation between the area of SMWs and
average annual precipitation in the Yellow River Basin. In years with increased annual
precipitation (2003 and 2012), the area of small wetlands also increased, while periods of
reduced precipitation (notably in 1999 and 2015) coincide with a corresponding diminution
in the area of SMWs.
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In some regions, such as the Amu Darya Delta in Central Asia [59], the Inner Mongolia
Plateau [60], and Henan Province [61], the changes caused by human activities accounted
for a large proportion of wetland changes. Therefore, we also analyzed the relationship
between micro-wetland and land cover type in order to explore the impact of urbanization
on SMWs. We found that from 1990 to 2020, the net loss area of seasonal wetlands was
larger than that of permanent wetlands, and the reduced SMWs were mainly transformed
into grassland and cultivated land, indicating that the land use change had a greater impact
on the distribution of SMWs. As components of the wetland ecosystem, the distribution of
SMWs was also affected by large wetlands. Human activities lead to the fragmentation of
large-scale wetlands and the expansion of cultivated land from the edge of wetlands into
the core area, affecting the core and edge morphology of wetlands, resulting in wetland
erosion [62–67], and destroying the connectivity between wetlands [68]. Mao et al. [69]
have proved that about 60% of China’s lost natural wetlands were due to agricultural
encroachment, and the phenomenon also occurred in other countries and regions of the
world [70–72]. This explains the conversion of SMWs into agricultural land, which is
cultivated by humans to meet the food supply, gradually transformed into small wetlands
after human disturbance and fragmentation, and then artificially converted into cultivated
land or paddy field for agricultural production.

However, sometimes the increase in SMWs cannot be achieved without the construc-
tion of constructed wetlands [73]. Especially in the Yellow River Delta, Yan et al. [74]
found that the total area of wetlands in 2020 increased by about 516 km2 compared with
1990, while the natural wetlands decreased by 391.6 km2, which mainly transformed into
constructed wetlands such as aquaculture facilities and ponds. Assefa et al. [70] found
that the acceleration of urbanization and the enhancement of environmental awareness of
human-constructed wetlands such as wetland parks and sewage treatment plants have
alleviated the loss of natural wetlands to some extent. In addition, the construction of
reservoirs also affects the distribution of SMWs. For example, Yang et al. [75] found that
the area of wetlands around Sanmenxia Reservoir decreased significantly from 2001 to
2013, where landscape heterogeneity and biodiversity declined. Zhao et al. [76] found that
the seasonal dynamic changes in wetland in Huayuankou Station were mainly caused by
the operation of large dams and reservoirs. Furthermore, Albat et al. [77] confirmed that
the flood plain wetlands in arid and semi-arid areas of the Yellow River Basin were highly
threatened by complex environmental changes, and dam operation intensified the impact
on wetland hydrology. Based on the results of this study, it is inferred that the changes
in SMWs are inseparable from the stormwater regulation of reservoirs, changes in river
runoff, and other factors in the Yellow River.

In order to discuss the possible effects of tourism, water pollution, storms, and extreme
weather events on SMWs, we made efforts to gather information on these elements that
occurred in the Yellow River basin. Through the integration of relevant literature infor-
mation (Table 6), we found that tourism caused a further destruction of wetlands in the
north of Zhengzhou City [78], while causing lighter harm in the Zhengzhou Yellow River
Wetland Nature Reserve [79]. In addition, the negative impact of tourism development on
the ecological environment quality of the Yellow River estuary wetland from 2017 to 2021
first increased and then decreased [80]. Through these studies [81–83], we learned about
the negative impact of water pollution on the Yellow River Delta wetlands posing a threat
to their ecological functions. Storms and extreme weather also had negative impacts on
wetlands, especially the storm surges in the Yellow River Delta causing erosion in coastal
wetlands [84,85]. Extreme precipitation can trigger frequent natural disasters in the Yellow
River Basin, and heavy rainfall can also lead to the erosion of wetlands. Due to the high
sensitivity of SMWs to environmental conditions, we speculate that these factors may also
have a negative impact on SMWs [86,87].
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Table 6. Specific events research in the Yellow River Basin.

Specific Events Number Period Study Area Impact on Wetlands

Tourism
1 1984–2011 North of Zhengzhou city A further destruction of wetlands [78]

2 2011 Zhengzhou Yellow River Wetland
Nature Reserve The harm of tourism is lighter [79]

3 2017–2021 The Yellow River Estuary The negative effects first increase and
then decrease [80]

Water pollution 4 1991–2020 The Yellow River Delta Negative effects [81]

5 2018 Wetlands along the Yellow River in
Henan Province

Destruction of the ecological functions
of wetland [82]

6 1983–2015 The Yellow River Delta Negative impacts [83]

Storm
7 2014 The Yellow River Delta May be submerged without damp

proof [84]
8 1976–2018 The Yellow River Delta Storm-induced erosion [85]

Extreme weather
9 1961–2021 The upstream of Yellow River Basin Disaster risk [86]
10 1957–2018 Chinese Loess Plateau Rainfall erosivity [87]

4.3. Limitations in this Study

This study relies on remote sensing data for the extraction and analysis of SMWs,
recognizing inherent limitations in image quality and methods selection that may bring
certain errors to the research results. In the course of future investigations, we intend
to elevate detection accuracy by integrating higher-resolution remote sensing imagery
and incorporating field surveys. Additionally, owing to constraints in the available data,
quantifying the precise impact of factors such as tourism, water pollution, storms, and
extreme weather on SMWs dynamics remains a complex challenge. Subsequent research
endeavors will delve into a nuanced understanding of these influences, thereby advancing
our comprehension of SMWs in the Yellow River Basin. This pursuit is crucial for foster-
ing enhanced protective measures, promoting restoration initiatives, and facilitating the
sustainable development of these vital ecosystems.

5. Conclusions

Based on remote sensing data and the Geodetector model, this study extracted the
SMWs in the Yellow River Basin from 1990 to 2020, elucidating their spatiotemporal
dynamic trends and exploring the driving factors influencing the distribution changes in
SMWs. Through the cross-validation of the confusion matrix, the extracted SMWs dataset
has high precision, accuracy, and reliability. Over the study period, a discernible decline
in SWMs in the Yellow River Basin was observed, particularly in seasonal and smaller-
sized area wetlands. The compounding influences of climate change and human activities
pose significant threats to these wetland resources, with some regions facing imminent
disappearance. Consequently, this study quantified the spatiotemporal impact of variables
such as precipitation, temperature, elevation, land use type, and population density on the
distribution of SMWs. Notably, annual precipitation emerged as the predominant factor
influencing their distribution, while the effects of anthropogenic factors, including road
construction, land use type, and gross domestic product (GDP), manifested progressively.
Moreover, the research qualitatively discussed the potential repercussions of tourism,
storms, water pollution, and extreme weather events on SMWs, offering valuable insights
for future investigations in related domains.

Overall, this study advances the comprehension of the spatiotemporal dynamics and
driving factors influencing SMWs in the Yellow River basin. Furthermore, the distinctive
roles of SMWs in preserving biodiversity, regulating water resources, and mitigating climate
change underscore the imperative for precise assessment and conservation strategies. These
findings serve as a foundational platform for future initiatives focused on the protection,
restoration, and management of these wetlands within the region.
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