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Abstract: The impact of urbanization on lakes in the urban context has aroused continuous attention
from the public. However, the long-term evolution of lakes in a certain megacity and the heterogeneity
of the spatial relationship between related influencing factors and lake changes are rarely discussed.
The evolution of 58 lakes in Wuhan, China from 1990 to 2019 was analyzed from three aspects of
lake area, lake landscape, and lakefront ecology, respectively. The Multi-Scale Geographic Weighted
Regression model (MGWR) was then used to analyze the impact of related influencing factors on lake
area change. The investigation found that the total area of 58 lakes decreased by 15.3%. A worsening
trend was found regarding lake landscape with the five landscape indexes of lakes dropping; in
contrast, lakefront ecology saw a gradual recovery with variations in the remote sensing ecological
index (RSEI) in the lakefront area. The MGWR regression results showed that, on the whole, the
increase in Gross Domestic Product (GDP), RSEI in the lakefront area, precipitation, and humidity
contributed to lake restoration. The growth of population and the proportion of impervious surface
(IS) in the lakefront area had different effects on different lakes. Specifically, the increase in GDP and
population in all downtown districts and two suburb districts promoted lake restoration (e.g., Wu
Lake), while the increase in population in Jiangxia led to lake loss. The growth of RSEI in lakefront
area promoted the restoration of most lakes. A higher proportion of IS in lakefront area normally
resulted in more lake loss. However, in some cases, the growth of IS was caused by lake conservation,
which contributed to lake restoration (e.g., Tangxun Lake). The study reveals the spatiotemporal
evolution of multiple lakes in Wuhan and provides a useful reference for the government to formulate
differentiated protection policies.

Keywords: spatiotemporal analysis; urban lake; urbanization; remote sensing; Wuhan; Multi-scale
Geographic Weighted Regression MODEL

1. Introduction

As an essential part of the urban ecosystem, the urban lake plays a vital role in
protecting biodiversity, restoring natural resources, and providing people with a suitable
living environment [1-3]. In the past few decades, urbanization at an unprecedented scale
made maintaining the balance of urban lake ecology a challenging task for many cities,
especially for those megacities in fast-growing economies with rapid urban expansion [4,5].
At present, the conservation of urban lakes is facing severe challenges [6], such as the
continuous reduction in lake area and the degradation of riparian vegetation [7,8], which
also hinder the development of the economy. Therefore, it is necessary to conduct intensive
research on the long-term evolutionary characteristics of multiple lakes in the context of
rapid urbanization and the impact of related factors affecting lake area to guide future city
development better.
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Previous studies on urban lakes mainly focused on the changes in the landscape
and environment of a single or a few urban lakes [3,9,10]. They often ignored the long-
term evolutionary characteristics of multiple lakes. Extensive current studies show that
lake area and lake landscape changes were considered two fundamental research issues
in lake change study [11,12]. However, with the growing impact of urbanization, lake
research should pay attention to these two issues and the changes of multiple lakes in
a city, including those in the lakefront area, caused by urban expansion [13,14]. Several
pioneering studies reported that the changes in lake area and lakefront ecology were closely
related to urban expansion in the main urban area [15,16]. However, the variation of the
lake located in the outer suburban district is rarely considered in these studies, as the study
area is generally limited to the main urban area. Additionally, previous studies that mainly
focused on a few lakes in a local area failed to distinguish the long-term evolutionary
characteristics among these lakes and to evaluate the impact of related factors affecting
lake changes.

Since districts in a city differ in their geographical environment and urbanization
levels, and thus urbanization polices, some other related influencing factors can have
different, complex impacts on urban lakes located in different districts [17]. Therefore, it is
challenging to explore the spatial non-stationary relationship between these factors and
lake changes. For instance, some studies reported that the decrease in Wuhan lakes was
mainly caused by urban sprawl [9,15,18], whereas others with more extensive study areas
revealed that the reduction in Wuhan lakes was primarily driven by agriculture and fishery
activities [19]. Besides, some studies indicated that lake changes were closely related to
the urban social economy and meteorology factors, by using statistical methods such as
the Ordinary Least Squares (OLS) regression model [20-23]. Such contrasting findings
may be attributed to the limitation of study area and methods, which created difficulties
in revealing urban lake changes in the city. Lakes located in the downtown districts are
generally smaller than those in the suburbs [24], and are more vulnerable to urbanization
policies [16]. Besides, regression models like OLS estimate the correlation between the
independent variable and the dependent variable based on stationarity and linearity, and
generate constant global coefficients [25], which often leads to over- or underestimation
of the correlation coefficients and even improper statistical inferences. In this context,
remote sensing data and machine learning technology can provide reliable research data
and are efficient methods for lake research in a city [26,27]. In addition, considering
the deficiencies of OLS, the Geographically Weighted Regression (GWR) model and its
extension, the Multi-scale Geographically Weighted Regression (MGWR) model, which
can establish many local regression models of multiple sampling points and help to obtain
local estimation coefficients [28,29], are better choices for demonstrating this spatial non-
stationary relationship. Therefore, we applied remote sensing data and the regression
models to obtain a more accurate understanding of lake changes and provide more reliable
support for future policymaking.

This study intends to analyze quantitatively the evolutionary characteristics of lakes
and explore the impact of related influencing factors on lake area change in Wuhan in
the context of rapid urbanization. To meet these goals, we first extracted the lakes and
land use data of Wuhan from the remote sensing images from 1990 to 2019 and analyzed
the evolutionary characteristics of 58 lakes in this period, including changes in lake area,
conversion of the reduced lake area, lake landscape, and lakefront ecology. Then, by
comparing the performances of OLS, GWR, and MGWR, MGWR was selected to study the
impact of socio-economic and natural environmental factors on lake area change. Finally,
the findings, implications, limitations, and conclusions were summarized.

2. Materials and Methods
2.1. Study Area

Located in central China, Wuhan, the capital of the Hubei Province, is a fast-developing
megacity with abundant water resources [3]. The evolution of lakes in Wuhan reveals the
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impact of urbanization on urban lakes, especially in growing economies. The period be-
tween 1990 and 2019 saw rapid urban expansion [18], during which urban lakes, including
their surrounding landscapes, were greatly affected. At present, the deterioration of the
lake ecosystem has imposed an adverse impact on the sustainable development of the
society and economy [18], calling for more extensive study on the long-term evolutionary
characteristics of urban lakes.

There are 13 administrative districts in Wuhan, of which seven districts, Hanyang,
Hongshan, Jiang’an, Jianghan, Qiaokou, Qingshan, and Wuchang, constitute the downtown
area, while the other six districts, Caidian, Dongxihu, Hannan, Huangpi, Jiangxia, and
Xinzhou, constitute the suburb area. Wuhan has a subtropical monsoon climate with
abundant precipitation, with most rain falling between April and August.

Based on the remote sensing images in 2019 and the list of key protected lakes in
Wuhan, we selected 58 lakes, accounting for one-third of all the lakes in Wuhan, and each
with an area larger than 1 km?, a size that is more representative and more reliable to
analyze considering the resolution of the remote sensing images, for the study (Figure 1
and Table 1). These 58 lakes distribute throughout the 12 administrative districts, revealing
the general characteristics of lakes in the city.
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Figure 1. (a) Location overview of Wuhan City; (b) Distribution of Key Lakes in Wuhan.

2.2. Data Preparation and Preconditioning
2.2.1. Remote Sensing Data

Landsat images and Seninel-2 images, with their superior spatial resolution and
high precision [26,30], were used to map the land cover of Wuhan. Due to the vast
territory of Wuhan, two to three images with few cloud coverages (less than 10%) are
needed to be stitched to obtain the complete data of the whole city every year, which
poses a great challenge to image selection. Besides, we need to select images with similar
hydrometeorological conditions and exclude the images of those years with floods between
April and September (such as the images in 1998 and 2016, both of which flooded in July).
Additionally, considering the urbanization process of Wuhan and the implementation of
important lake protection regulations, the images of some years are crucial for lake change
study. For instance, the period from 2005 to 2014 is a vital period of urban expansion
in Wuhan, and two important lake protection regulations were issued in 2005 (Detailed
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Rules of Wuhan Lake Protection Regulation) [15] and 2014 (Wuhan Key Lake “Three Line
and One Road” Protection Planning), respectively [15,31]. Finally, the Landsat images
between 1990 and 2014 and Seninel-2 images for 2019 were selected. All the images were
obtained from the United States Geological Survey (http://glovis.usgs.gov/, accessed
data: 2020/02/03). All images selected were obtained between April and September in
order to make sure that they were acquired under consistent climate conditions. Detailed
information on the data is shown in Table 2.

Table 1. List of key lakes in Wuhan.

Administrative Districts

Lakes

Hanyang Longyang Lake, Moshui Lake, Sanjiao Lake, South Taizi Lake, Wanjia Lake, Yue Lake
Hongshan Huangjia Lake, Qingling Lake, South Lake, Ye Lake, Yezhi Lake
Downtown Jiang’an Huangtan Lake
Qiaokou Zhangbi Lake
Qingshan Qingshanbei Lake, Yanxi Lake
Wuchang East Lake, Sha Lake
Caidian Chen Lake, Guanlian Lake, Houguan Lake, Lanni Lake, North Taizi Lake, Tong Lake, Wangjiashe
Lake, West Lake, Xiaozha Lake, Xujiasai Lake (part), Zhangjiada Lake, Zhushan Lake
Dongxihu Dugong Lake, Jinyin Lake
Suburb Hannan Northwest Lake, Tang Lake
Huangpi Hou Lake, Majia Lake, Mojia Lake, Renkai Lake, Shizi Lake, Tongjia Lake (part), Wu Lake,
Yaozihai Lake (part), Meidian Reservoir, Nihe Reservoir, Xiajiasi Reservoir, Yuanjisi Reservoir
Jiangxia Baoshu Lake (part), Futou Lake, Houshi Lake, Liangzi Lake (part), Lu Lake, Tangxun Lake,
Tuandun Lake, Yandong Lake
Xinzhou Anren Lake, Chaibo Lake, Qi Lake, Taojiada Lake, Zhangdu Lake

Table 2. The image data set.

Date Sensor Spatial Resolution (m)
2 September 1990 Thematic Mapper (TM)
31 August 1995 Thematic Mapper (TM) . ) .
18 June 2000 Thematic Mapper (TM) Bands 1-5 and 7: 30 m; Band 6: 120 m
20 April 2005 Thematic Mapper (TM)
8 August 2014 Operational Land Imager (OLI) Bands 1-5 and 7: 30 m; Band 6: 60 m
Multispectral Instrument Imagery ~ Band 1: 60 m, Bands 2-4: 10 m, Bands
12 September 2019 (MSI) 57:920m

For Landsat data, level-1 products were adopted and subject to system radiometric
correction, ground control point geometric correction, and DEM topographic correction. On
this basis, ENVI 5.3 software was used for radiation calibration and atmospheric correction
pretreatment. For Sentinel-2 images, Sen2COR software provided by the European Space
Agency (ESA) and was used for radiometric calibration and atmospheric correction.

2.2.2. Meteorological Data

Meteorological data corresponded with the study period, including monthly total
precipitation (PRE), monthly average temperature (TEM), and monthly average relative
humidity (HUM), and were obtained from China National Meteorological Data Network
(http://data.cma.cn, accessed data: 2020/02/04) to investigate the impact of meteorology
on lake area change. Several studies used meteorological factors, such as annual average
precipitation and annual average temperature, generally calculated based on the monthly
average data, for relationship investigation, ensuring the consistency of these factors on
time scales [32,33]; however, there is a large margin of error in the use of these factors for the
investigation, while using the monthly data corresponding to the study period can reduce
some error. Since all these data were collected from meteorological stations, we applied the
ordinary Kriging interpolation method, where the semivariogram is a Gaussian, to obtain
the spatial distribution of meteorological elements and extracted the mean value of these
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elements based on the vector geographic information of lakes to obtain meteorological
variable data of each lake.

2.2.3. Socioeconomic Data

Socio-economic data were used to investigate the impact of urban development on
lakes. It was confirmed that lake area change has a close relationship with the growth of
population and economy, and with urban construction activities [15,16]. Therefore, the
data, including the population and GDP of each administrative district, were obtained
from the Wuhan Statistical Yearbook (http://tjj.wuhan.gov.cn/tjfw/tjnj/, accessed data:
2020/02/16). Besides, in order to better reveal the impact of urban construction activity on
lake area change, based on the extracted land use data, two new indicators can be obtained
for our study, i.e., the remote sensing ecological index (RSEI) [34] and the proportion of
impervious surface (IS) [16] in the lakefront area. RSEI, proposed by Xu [34], aims to
integrate the four ecological indicators of greenness, wetness, dryness, and heat. The four
indicators can be represented by four remote sensing indices or components, which are the
normalized difference vegetation index (NDVI), the normalized difference built-up and soil
index (NDBSI), the wetness (WET) component of the tasseled cap transformation, and land
surface temperature (LST). The principal component analysis (PCA) was used to compress
the four indices into one to construct: the index for assessing overall urban ecological status.
After Xu’s careful comparison, the first principal component (PC;) derived from the four
indicators was found to integrate most of the information of the four indicators [34]. The
RSEI, a widely used index composed of the four indexes [35-37], can make the judgment
of the eco-environment more reasonable and comprehensively reveal the eco-environment
of a large area of a city. Therefore, using the RSEI can fully reflect the development of
lakefront ecology in an all-round way. The proportion of IS can directly reflect the changes
in urban construction activities in the lakefront area of a specific lake.

As for the delimitation of the lakefront area, there is no recognized definition. Previous
studies proposed different ranges ranging from several meters to hundreds of meters for
lakefront zone [18,38]. Based on the delimitation of lakefront area determined by the
Regulation of Hubei Province on Lake Protection issued by the government [31], we
calculated the proportion of IS and the RSEI in the 500 m lakefront area of each lake, which
can reflect both the ecology and urban construction situation in the lakefront area and help
to analyze the influence of protection regulations on lake changes.

2.2.4. Index Summary

For the study of lake landscape, the five most commonly used landscape indexes,
perimeter area fractal dimension (PAFRAC), edge density (ED), mean patch area (MPA),
the aggregation index (Al), and the cohesion index (COHESION) [39], were calculated
in Fragstats 4.2 to calculate the impact of urban sprawl on urban lakes, where PAFRAC
represents the complexity of lake shoreline; ED shows the length of the landscape element
boundary per unit area; MPA reflects the average area of lakes; and the Al and COHESION
reveal the connections and aggregation strength among different lakes.

For the research on lakefront ecology, the RSEI of a 500 m lakefront area was applied.
In this study, the normal difference vegetation index (NDVI), the normal difference built-
up and soil index (NDBSI), the wetness component of the tasseled cap transformation
(WET), and land surface temperature (LST) represent vegetation cover, urban construction,
humidity, and land surface temperature (LST), respectively [34].

The calculations of the NDBSI, the WET, LST, and the NDVI are shown in Table 3,
Equations (1)-(10). NDBSI (Equation (3)) includes the bare soil index (SI) (Equation (1)) and
the building index (BI) (Equation (2)), for bare soil and building are the common causes
for surface “dry-out” in cities [35]. The wetness component of remote sensing images
was obtained by the remote sensing tassel transform, which can reflect the humidity of
water, soil, and vegetation [40]. Equations (4) and (5) are the calculations of the WET
for the Thematic Mapper (TM) and Operational Land Imager (OLI) sensors, respectively.
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Equation (6) is for the NDVI calculation. The equation of LST based on the TM sensor is
shown as (7-9) [41]. For LST calculation of Landsat 8 image, the tenth band was selected
for thermal infrared inversion (Equation (10)) [42].

Table 3. Equations of NDBSI, WET, NDVI, LST, and RSEL

Metrics Abbreviation Equation ?J;%Z? Description
_ [(pswirt + pr) — (pB + pnIR)]
Normal SI= [(oswir1 + pr) + (B — pNiIR)] M
i BI =
D}fference NDBSI 2« PSWIR1 _ ( PNIR oG )
Built-up and PSWIRI T PNIR PNIR * PR PNIR T PG (2)
Soil Index Pswfzir”fzmtz (/’N;;?”f PR PN:;G+ oG
NDBSI = 5.3 8L (3) 0B, PG, PNIR, and pR, are blue band,
— green band, near-infrared band, and
Wetry = 0.03150g +0.2021pG + red band of the images; pswr1 and
0.31020p + 0.15490N1R — 4) S 1
0.6306 06109 Pswirz are mid infrared band 1 and
wetness WET : PSWiR1 — T PSWIR2 mid infrared band 2 of the images.
WEtOL[ = 0.1511pR + 0.1972pG —+
0.3283pp + 0.3407pN1R — (5)
0.7117pswir1 — 0.45590sw1R2
Normal
Difference —
PNIR — PR
Vegetation NDVI NDVI= ONIR + PR )
Index
L¢ = gain x DN + bais 7) Lg is the radiation value of the thermal
X infrared band sensor; gain and bias
Land T= W ®) are 6-band gain and bias values; K;
Surface Tem- LST o 41 and K are calibration parameters;
perature LSTry = W ) a =1.438 %10 — 2 mK; T is the
L 6 temperature value at the sensor; A is
Ly = (10) the central wavelength of thermal
T1ole10B10(Ts) + ( - 810) 10+ Ifo] infrared band; ¢4 is the emissivity.
NI — _ Imtn 11
Remote 1""” — Luin ab I is the original value of NDVI, WET,
Sensing RSEI RSEI = 12) LST, NDBSI; Imax and Imin are the
. _ maximum and minimum values of the
Eclorll(é%;cal i [f(NDVI' WET'LST'NDSI)} indicator; NI is the normalized index.

— RSEIO - RSEIOmm
RSEI B RSEIOmax - RSEIOmtn (13)

The results were further processed for better comparison. We used Equation (11) to
normalize the values of the NDVI, the NDBSI, the WET, and LST into the range of 0-1.
The first principal component (PC;) of the four indexes was obtained by the principal
component module of ENVI software to represent the remote sensing ecological index. In
order to achieve a positive correlation between the increase in the remote sensing ecological
index and the improvement of ecology, Equation (12) was used for processing the initial
value of the index. Finally, Equation (13) was used to normalize the initial remote sensing
ecological index (RESIy) to obtain the final RSEI.

2.3. Methods
2.3.1. Random Forest Model

The random forest (RF) model was used to extract water information and land use
data. The RF model is a supervised machine learning method with high accuracy and
efficiency [43], which can be used to extract land cover and waterbody data. The RF
model contains a series of base classifiers, each as an independent decision tree model,
and the final classification result can be obtained by the voting results of the decision tree
models [43]. In addition to processing the original bands of the remote sensing image to
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obtain the land use data, the enhanced modified normal difference water index (MNDWTI)
(Equation (14)), the normal difference building index (NDBI) (Equation (15)), and the NDVI
(Equation (6)) were calculated and put into the classifier of the RF model to enhance the
differences among water, building, and vegetation. Finally, remote sensing extraction of
Wuhan land use and water body was mainly performed by combining the original bands
of the remote sensing image, the three indexes, and artificial visual interpretation.

MNDWI — PG — PSWIR (14)
PG + PSWIR
NDBI — OSWIR — PNIR (15)

PSWIR + PNIR

where pg, pn1r, and pswir are green band, near-infrared band, and mid infrared band of
remote sensing images, respectively.

Classification accuracy and the Kappa coefficient were applied to evaluate the su-
pervised classification results. The original training sample set was randomly divided
into two parts at a ratio of 1:2. Two-thirds of the data were used to construct the RF
classification model, and the remaining one-third was used for model evaluation. The
accuracy and Kappa coefficient were above 89% and 0.86, respectively, indicating that
the results were reliable. In order to improve the accuracy further, manual checking and
revision based on the lake data published by Wuhan Municipal Natural Resources Planning
Bureau (http:/ /zrzyhgh.wuhan.gov.cn/zwgk_18/fdzdgk/ghjh/zzqgh /202001 /t2020010
7_602862.shtml, accessed data: 2020/03/05) were carried out to reduce errors caused by
aquatic plants and models.

Land use types were categorized into water body, impervious surface, vegetation,
agricultural land, and unused land. Water body mainly refers to lakes, reservoirs, and
rivers. Impervious surface mainly refers to urban and rural construction areas, houses,
roads, and other hard grounds. Vegetation means natural forest and grassland. Agricultural
land means arable land, fallow land without planting crops, and aquatic plants. Unused
land is the sandy beaches surrounding water bodies.

2.3.2. Regression Analysis and Evaluation

The impact of the social, economic, and meteorological factors on lake area change
was investigated by OLS, GWR, and MGWR (Table 4). Since districts in a city differ in their
geographical environment and urbanization level, related influencing factors may impose
different impacts on lakes located in different districts. OLS (Equation (16)) is a widely
used global model for correlational analysis, which can obtain a set of constant parameters
for all locations and may induce some errors for the spatial non-stationary relationship
study between related influencing factors and lake change. GWR is an extension of OLS in
space, and the parameters of each sampling location can be obtained by using the GWR
model [28]. The calculation of GWR is shown in Equation (17). The calculation of Byy;, vi) is
shown in Equation (18). Spatial weight of the estimated data can be calculated by distance
weighting functions. Here, the Bi-square function was applied for weight calculation
(Equation (19)). However, the GWR model assumes that all influencing factors affect the
results on the same scale, which may cause some errors in the estimation [29]. MGWR
(Equation (20)) is the extension of GWR. It can optimize the specific bandwidths of each
independent variable’s relationship with the dependent variable, based on the preliminary
estimation results of GWR to decide an optimal influencing scale by using backward fitting
technology to obtain a more accurate result [29].
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Table 4. Equations of OLS, GWR, MGWR.

Equation
Number

Regression

Model Description

Equation

Y is the dependent variable; B is the intercept; i
OLS n (16) is the estimation coefficient of Xj; n is the number
Y=o+ kgl BrXi + € of independent variables; ¢ is the random error
B item.

n

_ ) 17 (u;, v;) is the coordinate of local sampling location;
Y(ui'vi> B ﬁo(lli'v’) " kgl ﬁk(ui’vi)xk(ui’vi) T 4 Bk(ui, vi) is the estimation coefficient c?f ngat (u;, v;);
. -1 Bo(u;, v;) is the intercept at (u;, v;); €; is the random
GWR 5k(1¢i,vi) = [XTW(M/U{)X} XTW(u,»,v,»)Y (18) error at (u;, v;); Wi 1) is the spatial weight of the
12 adjacence relationship between each sampling
[1 _ (@) } . dij <b; location and the location (1;, v;); d;; is the
)= (19) Euclidean distance between location i and j. b; is
0, dij 2 b; the adaptive bandwidth of i.

bw0 is the bandwidth of intercept and bwk is the
bandwidth of variable k.

MGWR (20)

n
Y(u,-,v,-) = ,Bbsz(ui,vi) + kgl :Bbwk(u,‘,v,‘)Xk(l{i,v,') +E

Considering that urban lakes can impact both society and the environment, we in-
vestigated the factors driving the change in lake area from socio-economic and natural
environmental perspectives. In addition to factors including population, GDP, and natural
meteorology, the proportion of impervious surface (IS) and the RSEI in the lakefront area,
which can directly reveal urban construction activities and lakefront ecology surround-
ing a specific lake, respectively, were also considered. All independent variables were
standardized prior to analysis.

In order to evaluate objectively the performance of these three models, the coefficient
of determination (R?), corrected Akaike information criterion (AICc), and residual sum of
squares (RSS) were used for evaluation.

3. Results
3.1. The Spatiotemporal Evolution of Urban Land Use Types and Urban Water Bodies

From 1990 to 2019, under rapid urban expansion, water body changes in the down-
town area were more significant than those in the suburbs. Table 5 shows that the growth
of impervious land in Wuhan has more than tripled. Compared with 1990, the agricultural
land, vegetation area, and water area decreased by 35.7%, 33.3%, and 6.6%, respectively,
suggesting that urban expansion mainly occupies agricultural, vegetation land, and water
bodies, consistent with previous findings [44]. Figure 2 shows that the total water area
in downtown districts decreased by 40.8% in terms of regions, while that in the suburbs
it decreased by 6.6%. It is worth noting that the water area increased from 2014 to 2019,
which may be attributed to conservation policies that the government implemented since
2014 [15].

Table 5. Statistics of Land Use Data in Wuhan from 1990 to 2019.

Year Impervious Water Body  Agricultural Vegetation Unused
Surface (km?) (km?) Land (km?) (km?) Land (km?)
1990 736.95 1422.48 3599.04 2622.16 188.52
1995 934.04 1439.62 3599.04 2425.07 171.38
2000 1113.99 1405.34 3770.43 2108.01 171.38
2005 1328.22 1385.37 3487.64 2219.41 148.50
2014 2613.59 1285.37 3084.89 1465.33 119.97

2019 3076.33 1328.22 2313.67 1748.11 102.83
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Figure 2. Statistics of Water Area in Downtown and Suburb Districts from 1990 to 2019.

In terms of lake area, the total area of all 58 lakes decreased by 15.3%; 49 lakes had
a decreasing rate between 0%-81%; and only four reservoirs and five lakes connected
with rivers showed a rising tendency (Figure 3, Tables 6 and 7). Lake area in all districts
declined. For instance, the lake area of the Qiaokou, Hanyang, Hannan, and Hongshan
districts reduced by more than 20%, while that of Jiang’an, Jiangxia, Wuchang, Caidian,
and Dongxihu decreased by more than 10%. The top ten lakes with the highest reduction
rate were mostly distributed in the downtown districts (Table 7).

850

801.16

723.56
700 —
679.29 67857
600 ]
2014 2019

Figure 3. Statistics of Water Area of 58 lakes from 1990 to 2019.

g
T

Table 6. Ranges of Relative Change Rate of 58 Lakes from 1990 to 2019.

Range of Relative Change Rate Number of Lakes
—81% < relative change rate < —50% 3
—50% < relative change rate < —20% 15
—20% < relative change rate < 0% 31
0% < relative change rate < 5% 5
5% < relative change rate < 10% 4

The analysis on the conversion of the shrinking lake area revealed that urban construc-
tion and agriculture activities were the main drivers of lake degradation in Wuhan (Table 8).
In downtown districts, the shrinking lake area was mainly converted into impervious sur-
faces. For example, in Jianghan, Qiaokou, Wuchang, Hanyang, and Qingshan, more than
50% of the shrinking lakes were transformed into impervious surfaces. In Hongshan and
Jiang’an, the numbers were 43% and 34%, respectively. While in the suburbs, the shrinking
lakes were mainly converted into agricultural land. For example, in Jiangxia and Xinzhou,
more than 57% of the shrinking lakes were transformed into agricultural land. In Caidian,
Hannan, and Huangpi, the numbers were 47%, 38%, and 34%, respectively. However,
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the situation in Dongxihu was quite different. The impact of urban construction on this
suburb district was more prominent, with 50% of the shrinking lake area converted into
impervious surface, and 23% converted into agricultural land.

Table 7. Top 10 Lakes with the Highest Reduction Rate from 1990 to 2019.

Lake Administrative District Relative Reduction Rate
Zhangbi Lake Qiaokou 80.63%
Sha Lake Wuchang 62.02%
Wanjia Lake Hanyang 55.06%
Qi Lake Xinzhou 40.33%
South Taizi Lake Hanyang 40.31%
North Taizi Lake Caidian 34.80%
Zhangjiada Lake Caidian 32.80%
Yue Lake Hanyang 31.65%
Ye Lake Hongshan 31.40%
Tang Lake Hannan 30.99%

Table 8. The Conversion of Shrinking Lake Area in Downtown and Suburb Districts from 1990
to 2019.

.. . .. Impervious Agricultural Vegetation Unused
Administrative Districts Sufface (%) Ean d (%) g(% ) Land (%)
Hanyang 52 30 14 4
Hongshan 43 30 17 10
Jiang’an 34 8 46 12
Downtown Jianghan 92 1 4 3
Qingshan 51 23 14 12
Qiaokou 71 13 15 1
Wuchang 62 21 15 3
Caidian 35 47 15 3
Dongxihu 50 23 19 8
Hannan 33 38 26 3
Suburb Huangpi 34 34 15 7
Jiangxia 17 66 16 1
Xinzhou 18 57 22 3

Former studies suggested that urban expansion, which resulted in 54-60% of the
total lake shrinkage, is the primary cause of lake shrinkage in Wuhan [3,9,18]. However,
our research on the lakes located in the suburb districts found other different significant
factors affecting lake changes. Therefore, due to complex lake evolution characteristics, a
comprehensive analysis should be carried out on the influencing factors of lake area by
considering multiple perspectives.

3.2. Landscape Analysis of Urban Lakes

From 1990 to 2019, the lake landscape has undergone drastic changes, with all five
landscape indexes of urban lake dropping (Table 9). The decrease of PAFRAC revealed
that the lake shoreline was increasingly regularly [21]. ED fell from 17.16 to 12.41, and
MPA reduced from 11.42 km? to 2.66 km?, indicating the vanishment of many scattered
lake patches and prominent encroachment of large lakes. The Al and COHESION both
showed a downward trend, demonstrating decreased lake connectivity. The Al is related to
the number of adjacent edges and spatial distance among different lake patches [39]. The
variations of ED, MPA, and the Al showed that some adjacent lake patches disappeared,
which indirectly increased the spatial distance among different lakes. In general, the lake
landscape of Wuhan presented a trend of gradual deterioration, with a decreasing number
of lake patches and looser connections among different lakes.
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Table 9. Statistics of Lake Landscape Indexes from 1990 to 2019.

Year PAFRAC ED MPA (km?) Al COHESION
1990 1.37 17.16 11.42 99.24 94.67
1995 1.38 16.28 10.13 98.85 90.05
2000 1.35 12.23 3.28 98.00 86.75
2005 1.36 11.07 3.80 97.79 87.18
2014 1.33 11.82 3.59 97.72 88.75
2019 1.31 12.41 2.66 97.70 84.31

Among all 58 Lakes, their PAFRAC variations were quite different (Figure 4). PAFRAC
of most key lakes located in the downtown districts were relatively stable, and only a few
lakes had a significant decrease. PAFRAC of most lakes in the suburb districts declined,
while that of the reservoirs in Huangpi showed an increasing trend, which may be related to
the special regulations and the continuous shoreline restoration and reservoir management
implemented by the Wuhan government, protecting the reservoirs in Huangpi in the form
of statutory planning [15].

[ ]-0007-0007
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Figure 4. Variations of PAFRAC of Key Lakes from 1990 to 2019.

The top three with the most significant reduction of PAFRAC were Nan Lake, Sha
Lake, and Wu Lake. The evolution of three lakes was a typical example of lakes with
decreasing PAFRAC. Nan Lake and Sha Lake are located in the downtown area, and Wu
Lake is located in the suburbs. Nan Lake and Sha Lake were significantly affected by
urban construction activities. The shrinking area of the two lakes was converted into land
for residence, administration, commerce, and education, resulting in very straight lake
shorelines. As for Wu Lake, a large part of the lake was divided into fishponds and paddy
fields with neat and straight boundaries. Therefore, construction activities with different
orientations can impose distinct impacts on the lake landscape, and the formulation of lake
protection policies plays a vital role in lake protection.

3.3. Lakefront RSEI Analysis

From 1990 to 2000, due to blind urban expansion and the common practice of en-
croaching lakefront areas for urban construction [16,45], the RSEI dropped, showing that
the lake ecology was damaged. Later on, owing to enhanced awareness of environmental
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protection and the launch of a series of regulations and plans [15], the RSEI gradually
picked up, signifying that the ecology was restored. Therefore, in general, variations in
the RSEI in the lakefront area over the years presented a recovery trend of ecology in both
downtown and suburb districts (Table 10) [16].

Table 10. Mean Value of RSEI in Lakefront of Key Lakes in Downtown and Suburb Districts.

RESI 1990 1995 2000 2005 2014 20181
Downtown 0.28 0.21 0.21 0.22 0.35 0.32
Suburb 0.40 0.32 0.32 0.35 0.44 0.40

1 Due to data reasons, 2018 Landsat images were used instead of 2019 images for calculation.

Figure 5 shows that the ecology of most lakes revealed a recovery trend, in which
the top five most improved lakes were Qingshanbei Lake, Liangzi Lake, Baoshu Lake,
Wu Lake, and Xiajiasi Reservoir. Qingshanbei Lake is located in the Qingshan district,
where most heavy industry factories in Wuhan are located. In order to reduce pollution
and restore lake ecology, the government formulated a series of environmental protection
policies, and many factories adopted new technologies. Liangzi Lake and Baoshu Lake, for
their large lake area and high vegetation coverage, received special conservation from the
government in order to preserve the lake ecology. For instance, the Wuhan government
continuously invested billions to strengthen the dam of the reservoir and renovate the
irrigated areas of the reservoir to save water since 2006, according to consultations of
Wuhan water environment experts. Located downstream of Xujiaqgiao River and Wujiasi
River, Wu Lake is certainly affected by the ecology of these two upstream rivers. The
variations of the RSEI and landscape indicators suggest that lake ecology still needs to be
improved further.
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Figure 5. Variations of Average RSEI in Lakefront of Key Lakes from 1990 to 2018.

3.4. The Impacts of the Influencing Factors on Lake Area Change
3.4.1. Model Performance and Comparison
The performances of OLS, GWR, and MGWR are summarized in Table 11. GWR and

MGWR performed much better than OLS, indicating that there were apparent disparities
among different regions regarding the impact of related influencing factors on the lakes.
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Table 11. Performance of OLS, GWR, and MGWR.

Regression Methods R2 RSS AICc
OLS 0.041 382.726 1146.665
GWR 0.720 88.119 770.895
MGWR 0.857 47.043 470.079

In comparison, MGWR (R? = 0.857) was better than GWR (R? = 0.720). The results
of RSS and AICc of MGWR were 47.043 and 470.079, respectively. Therefore, the MGWR
model was selected for further analysis.

3.4.2. The Impacts of the Influencing Factors on Lake Area Change in Different Regions

The MGWR model was applied to obtain the optimal bandwidths of the seven vari-
ables; the model implied the different influencing scales and the local coefficients of each
independent variable (Table 12). The results included the minimum, maximum, mean
value, and standard deviation of each variable’s coefficients. The bandwidths of POP, IS,
and the RSEI were smaller, indicating that population growth and urban development can
pose different impacts on the lakes in different regions. The other four factors with a higher
bandwidth of 393 indicate that they could pose an overall impact on the lakes as a whole.

Table 12. Statistics of the Coefficients in the MGWR Model.

Independent Standard Minimum Maximum

Variable Mean Value Deviation Value Value Bandwidth
GDP 0.005 0.002 0.002 0.012 393
POP -0.031 0.171 -1.1 0.281 50

IS -0.028 0.208 —1.495 0.237 50
RSEI 0.027 0.224 —0.209 1.564 50
PRE 0.007 0.003 0.003 0.014 393

HUM 0.204 0.639 —0.22 4.613 393
TEM —0.005 0.005 —0.015 0.007 393

Figures 6 and 7 show that the specific influencing area of each factor varied spatially.
In terms of socio-economic factors, the increase in GDP in each administrative district
contributed to the recovery of lake area, especially for the lakes located in the downtown
area, and Xinzhou and Huangpi. The growth of population helped restore ake area in all
downtown districts and two suburb districts (Xinzhou and Huangpi), while the increase
of population in Jiangxia led to a decrease of lake area. The IS in the lakefront area, to a
large extent, reflects the impact of urban construction activities in the lakefront area [18],
while the RSEI in this area reveals the restoration of lakefront ecology. As Figure 6 shows,
the increase of IS leads to lake loss, while the growth of the RSEI promotes the restoration
of most lakes. However, in some local areas, the increase of IS was mainly caused by lake
protection policy which positively influenced lake conservation. For example, influenced
by a special protection policy, many greenways and dams were built around Tangxun
Lake, Nan Lake, and the reservoirs in Huangpi in recent years. The spatial coefficients of
the RSEI of several lakes located in the edge of the downtown area were negative, which
may be attributed to urban construction activities. For instance, Hou Lake, Shizi Lake,
and several other lakes in Huangpi, Xinzhou, and Dongxihu, were mainly affected by the
construction of Panlong New Town, Yangluo New Town, and real estate [46], respectively,
which contributed to the restoration of lakefront ecology and landscape, but led to lake
loss. In general, the impacts of POP, IS and the RSEI on different lakes confirm the optimal
bandwidths of these factors calculated by MGWR, indicating that the regression results
are reliable.
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Figure 6. Spatial Coefficients of GDP, POP, IS, and RSELI. If there are multiple panels, they should be listed as: (a) Spatial
Coefficients of GDP; (b) Spatial Coefficients of POP; (c) Spatial Coefficients of IS; (d) Spatial Coefficients of RSEI.

The disparities in socio-economic factors may be attributed to different local govern-
ment’s policies and the public’s awareness of lake protection in different areas. With the
increasingly stable built environment and the improvement of lake protection awareness
in the downtown areas, a series of lake protection regulations were implemented, such as
the Wuhan Lake Protection Regulations (implemented in 2002) [15]. Given the huge cost
of lake restoration and different urbanization levels in each district, the socio-economic
factors have different, complex impacts on lakes in each district. In the downtown dis-
tricts with large population densities, given increasing public demand for lakefront green
space and relatively fewer lake resources, the government invested billions and carried
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out a series of construction activities to restore some key lakes. In the suburbs, Huangpi
and Xinzhou are two ecological protection areas and ecotourism areas in Wuhan, which
attracted public attention and received a large sum of government funds for exemplary
conservation. Besides, reservoirs in the suburbs, such as Liangzi Lake and the four reser-
voirs in Huangpi, were continuously repaired by the government. For instance, reservoir
dam reinforcement, water-saving reconstruction of reservoir irrigation area, and reservoir
shoreline renovation have become the normal management measures implemented by
the Wuhan government, which consume a huge amount of funds every year, according
to the consultations of Wuhan water environment experts. Therefore, the growth of the
GDP, population, and the RSEI in the downtown areas, and Huangpi and Xinzhoum can
promote the implementation of protective actions. However, as new development zones,
Jiangxia, Caidian, and Dongxihu introduced many new industries and construction projects
in recent years [47,48], thus attracting a large number of employees who care more about
the development of infrastructures than protection of lakes. Therefore, the population
growth in Jiangxia caused lake loss.
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Figure 7. Spatial Coefficients of TEM, HUM, and PRE. (a) Spatial Coefficients of TEM; (b) Spatial Coefficients of HUM;
(c) Spatial Coefficients of PRE.

Figure 7 presents the spatial coefficients of meteorological factors. The spatial co-
efficient of TEM in most lakes was negative, and the values were gradually increasing
from southeast to northwest. The lakes significantly affected by humidity were located
in the southeast of Wuhan, especially Liangzi Lake and Futou Lake in Jiangxia, with lots
of vegetation and wetlands around. Precipitation was positively related to all lakes. The
reservoirs in Huangpi and Wu Lake were most affected by precipitation. Liangzi Lake and
Lu Lake in Jiangxia were least affected by precipitation due to large lake areas and close
interconnections between the two lakes.

4. Discussion
4.1. The Impacts of Urban Development on Urban Lakes

The impacts of urban development on urban lakes vary from different time periods.
According to the “EKC” [47], in the period of rapid urbanization, to tackle the challenge
of population explosion and achieve capital accumulation, developing at the expense of
the environment, especially the lake ecology, is the typical approach adopted by the fast-
developing megacities in East and Southeast Asia [8,48,49]. Later, as the development pace
slows down, lake resources shrink, and the public’s awareness rises, effective protection
measures will be taken, and urban development will have a positive influence on lake
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conservation at this period [39,50]. In fact, the evolution of lakes in the megacities of
Southeast Asia was influenced by high rates of migration [51], which may lead to a
similar development tendency in lake evolution in this region. The detected trend of lake
deterioration in Wuhan is similar to those reported in other megacities in Southeast Asia,
such as Bengaluru, India [52]; Mumbai, India [53]; and Colombo, Sri Lanka [54], where
lakes have been subjected to rapid urban expansion. As urban sprawl stabilizes, the social
value of lakes continues to emerge. The improvement of lake ecology is not only conducive
to maintaining the balance of an urban ecosystem, but also helpful to different urban
residents to enhance their sense of identity with the city [54,55]. Therefore, the evolution of
lakes in Southeast Asia is often characterized by strong complexity and obvious stages.

The spatiotemporal evolution of urban lakes in Wuhan corresponded to the changes
in public lake protection awareness and urbanization policies, which corresponds to the
prediction result of the “Environmental Kuznets Curve (EKC)” [47]. Since the 1980s, the
Wuhan government formulated and launched the policy of returning farmland to lakes,
which slowed down lake area reduction [15]. However, after the 1990s, to tackle the func-
tional space demands generated by a population explosion and realize urban economic
development, Wuhan joined the boom of real estate in downtown areas and the devel-
opment of new zones in the suburbs [18], encroaching on a large area of lake and other
land [56]. Then, after 2000, with the improvement of lake protection awareness, a series of
lake protection plans and regulations were implemented, such as the Wuhan Lake Protec-
tion Regulations (implemented in 2002), a key lake shoreline protection (implemented since
2014) [15]. In 2018, the master plan for lake protection in Wuhan was promulgated [31],
which defined the classification and functional orientation of 166 lakes in Wuhan, and put
forward countermeasures for lake protection from multiple perspectives, such as lakefront
area management, lake resources and ecology protection, and lake pollution control. The
implementation of these protection measures marks the transformation of lake protection
from the formulation of the legal system to the implementation level of specific protections.

Due to obvious disparities in the development direction and different urbanization
level in each district, the impacts of urban development on urban lakes vary from different
regions. In Wuhan, in the downtown districts, the main means of urban expansion was to
occupy lake areas to form functional zones, such as residences and shopping malls during
rapid urbanization. At the same time, in the suburbs, many economic and technological
development zones emerged, occupying a large area of vegetation, arable land, and lakes,
for instance, the implementation of projects like Nan Lake and Huangjia Lake residential
districts in the downtown areas and a series of economic and technological development
zones in the suburbs, including Wuhan Economic and Technological Development Zone,
and new towns, including Yangluo and Panlong New town [46]. However, in the outer
suburbs, lakes were more affected by farming and fishery, which reveals the complexity
of lake evolution in different regions. Besides, we also found that the improvement of
lakefront ecology was not completely beneficial to lake area recovery. Specifically, some
real estate development projects often occupy part of the lake to transform the lakefront
landscape ecology to enhance the added value of real estate. Compared with the existing
studies limited to the main built-up areas, this paper provides a more comprehensive
understanding of the complexity of the lake evolution in mega cities.

As for the regression models, the performance of OLS is quite poor (R? = 0.041), which
reveals that the global model has a strong inadaptability in studying the non-stationary
spatial relationship between dependent variables and independent variables. In Wuhan,
the areas of lakes in the suburbs are normally several times that of lakes in the downtown
areas. The GDP and population scale of the downtown area are much more than that
of the suburbs. Even though we standardized the data during the data preprocessing,
the significant difference still exists, which is the main reason for the poor performance
of the global model. Local models such as MGWR, which can reflect the impacts of
related influencing factors in different areas, should be applied to obtain a more accurate
understanding of the mechanism of lake change.
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Since obvious disparities in the evolution of lakes in different districts, it is necessary
to identify and analyze the major problems and give a systematic evaluation of each lake
located in different areas [17]. Then, more targeted protection policies can be put forward to
protect lakes with different development situations better. Therefore, before restoration, it
is of great significance to study the evolutionary characteristics of multiple lakes, including
lake area changes, conversion types, landscape, and ecology in lakefront area, and their
driving forces. Furthermore, we should identify the risk factors and carry out protection
measures according to each lake’s specific situation, to restore the lake ecology better.

4.2. Limitation and Future Study

There are several limitations worthy of discussion. First, the images were selected
with irregular intervals because of the impact of cloud cover. Wuhan has a subtropical
monsoon climate, and the cloudy conditions account for more than half of the day-to-day
weather [57], making it challenging to obtain remote sensing images without any cloud
from April to September. Besides, due to the vast territory of Wuhan, 2-3 images with good
meteorological conditions are needed to be stitched to obtain the complete remote sensing
data of each year, and the data of some years are vital for studying the influence of urban
policies on lakes, which poses a great limitation to this study. Second, the hydrometeorolog-
ical conditions of images in each year have some difference. In the long-term evolutionary
study of urban lakes, the inconsistency of hydrometeorological conditions is an important
problem, and using image data with similar meteorological conditions for analysis is the
solution adopted by many researchers [15,16,58-60]. By querying hydrometeorological
data, we tried our best to select images with similar hydrometeorological conditions for
research. However, there are inevitable differences which are within the acceptable range
in meteorological conditions every year. Meanwhile, during the research process, we
consulted with more than ten experts from the Wuhan Water Bureau and Environmental
Protection Bureau to ensure the reliability of the research conclusions. In addition, due
to the low resolution of image data in the early years, we spent a much time looking
up data and manually checking each lake of every year. Therefore, we believe that this
“misrepresentation” of lake properties will not incorporate biases into the final conclusions.
Third, the study only quantitatively analyzed the impact of related influencing factors on
lake area change, while the analysis on the changes of lake landscape and the lakefront
RSEI was mainly based on field investigation, which may lack objectivity.

We will analyze the lake changes based on more remote sensing images, geospatial
big datam and physicochemical parameters that can reflect the lake water quality in the
future. An evaluation system of urban lakes will be constructed to estimate and identify
the risk factors of lakes, better promoting the improvement of lake ecology.

5. Conclusions

This paper conducted an analysis using Wuhan as the study area to identify the
evolutionary characteristics of multiple urban natural lakes and analyzed the factors
affecting lake area change based on the remote sensing data from 1990 to 2019. The main
findings are as follows: (1) from 1990 to 2019, the total water area in Wuhan and water
area of 58 lakes decreased by 6.6% and 15.3%, respectively, and the decrease in lakes
in downtown areas was more significant; the lake degradation in downtown areas was
mainly caused by urban expansion, while in the suburbs, urban expansion and agricultural
activities were the main drivers for lake degradation; (2) a worsening trend was found
regarding lake landscape, with lake landscape complexity, edge density, mean patch area,
and connectivity all impaired, while lakefront ecology demonstrated a trend of restoration
in recent years, with the RSEI showing an increasing trend; (3) MGWR analysis showed
that the specific influencing area of each factor varied spatially; specifically, the growth of
the GDP and POP had a more positive influence on the restoration of lake bodies in all
downtown districts and two suburb districts (Huangpi and Xinzhou), while the increase of
POP led to lake loss in Jiangxia; the increase in the RSEI in lakefront was helpful for lake
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conservation; the growth of IS in lakefront generally led to lake loss, but it is helpful to the
restoration of a few lakes, such as Tangxun Lake; the different impacts of socio-economic
factors coincided with the different local government’s policies and public’s awareness of
water protection in different time periods; HUM was more significant on lakes in Jiangxia,
especially on Liangzi Lake and Futou lake; PRE contributed to lake restoration; and TEM
caused area loss in most lakes.

The study deepens the understanding of the spatiotemporal evolutionary characteris-
tics of multiple lakes in Wuhan, and the results provide useful references for sustainable
urban lake management. However, due to unequal time intervals in data selection and
inadequate analysis on the influence of urban expansion on lake area changes, the study
still has some limitations. In the future, more metadata will be used to explore the impact
of urban function change on multiple lakes in megacities further.
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