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Abstract

In recent decades, rapid urbanization and climate change have led to the degradation

of many coastal wetlands, impairing their ecosystem functions and services. How-

ever, few studies have analyzed how these historical degradation trends will continue

into the future, especially in rapidly developing regions. Here, we quantified the long‐

term wetland degradation from 1984 to 2016 in Hangzhou Bay and then developed

land use simulation models to predict the spatial locations of wetland degradation to

2046 under different scenarios. Key findings include the following: (a) there was a

statistically significant decreasing trend for the natural wetlands of ~10 km2 yr−1 on

average from 1984 to 2016; (b) after the establishment of an economic development

zone in 2001, the degradation rate more than quadrupled, accelerating from ~4 to

~18 km2 yr−1; and (c) if the high degradation rate continues (the economic

development scenario), then the coastline will move approximately 5.89 km inland,

significantly undermining the protections against sea level rise. In contrast, in the

wetland protection scenarios, the projected degradation could be mitigated by

~20%. The proposed framework to reveal the key historical drivers of degradation

and potential future protection strategies of wetlands provides much needed insights

and tools for protection of other coastal wetlands undergoing rapid development.
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1 | INTRODUCTION

Coastal wetlands, the interface between terrestrial and marine ecosys-

tems, are an important ecological element of coastal regions (Meng

et al., 2017). Due to coastal urban development and global climate

change, the last decades have seen significant decreases of ecologi-

cally and economically valuable coastal wetlands around the world

(Chen et al., 2019; Davidson, 2014; Gabler et al., 2017; Zhang et al.,

2015). Wetland degradation is defined as the loss of a wetland area

or impairment of wetland functions, due to anthropogenic land

use/cover conversion of wetland to nonwetland areas. Substantial

wetland degradation leads to productivity decreases, habitat loss,

landscape fragmentation, and so on, negatively impacting human

health, and regional climate and ecological stability (Mao et al.,
wileyonlinelibrary.com/
2018). Effective wetland protection requires understanding the main

causes and analyzing the process and trends of wetland changes

(Batunacun et al. 2018).

Satellite images with different spatial resolutions and various

change analysis methods are effective techniques of quantifying

changes in wetland (Shen, Yang, Jin, Xu, & Zhou, 2019; Toure, Stow,

Shih, Weeks, & Lopez‐Carr, 2018). Due to long record of continuous

observation, spatial resolution and near‐nadir observations, the

LANDSAT series of satellite images have become one of the most use-

ful data for land use/cover changes, which have been widely used in

forest degradation, urban growth, and wetland loss (Ajaj, Pradhan,

Noori, & Jebur, 2017; Zhu & Woodcock, 2014). The vast archive of

LANDSAT time series makes it possible to reliably separate long‐term

land use changes from the short‐term ones in land systems (Kennedy,
© 2019 John Wiley & Sons, Ltd.journal/ldr 65
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Yang, & Cohen, 2010). They have been widely used in urban growth,

forest degradation, and wetland loss at regional to global scales (Yin,

Pflugmacher, Li, Li, & Hostert, 2018). For example, Han, Chen, and

Feng (2015) assessed the wetland changes in Poyang Lake from

1973 to 2013. Li and Gong (2016) examined the dynamics of a muddy

coastline in western Florida (1984–2013) by developing a continuous

monitoring method. Sun, Lin, Chen, Guo, and Zeng (2016) analyzed

the spatiotemporal changes in wetland ecosystem health status during

the past two decades. Jin, Huang, et al. (2017) monitored the wetland

inundation dynamics in Delmarva Peninsula from 1985 to 2011.

Most previous studies largely focused on the analysis of historical

wetland changes/degradation. Few studies, however, have investi-

gated the future trends of wetland degradation under different eco-

nomic development scenarios and wetland protection plans and

policies. Dynamic spatial modeling can provide an effective means to

serve this need by simulating and predicting wetland degradation pro-

cesses (Liu, Hu, et al., 2017). Currently, there exist a broad range of

models to understand, evaluate historical patterns, and project the

future trends of land use/cover change (Mas, Kolb, Paegelow, Olmedo,

& Houet, 2014), such as the cellular automata model (Clarke, Hoppen,

& Gaydos, 1997), the Conversion of Land Use and its Effects at Small

regional extent (CLUE‐S) model (Verburg & Overmars, 2009), and

multiagent models (Filatova, Verburg, Parker, & Stannard, 2013). The

CLUE‐S model was widely used in simulating land use change, because

it allows us to gain a better understanding of the spatial pattern of

land use and to explore how different scenarios affect future land

use (Luo, Yin, Chen, Xu, & Lu, 2010). Therefore, it is quite suitable

for wetland modeling and future scenario design (Zare, Samani,

Mohammady, Salmani, & Bazrafshan, 2017). However, in order to cal-

culate accurate spatial and temporal relationships, the CLUE‐S model

needs sufficient historical land use information (Aburas, Ho, Ramli, &

Ash'aari, 2016).
FIGURE 1 A general framework for the study design
Located in the North Pacific coastal area, Hangzhou Bay is a

trumpet‐shaped tidal estuary and an important coastal wetland that

plays an important role in protecting coastlines against erosion, purify-

ing water resources, and maintaining habitats of migratory birds (Li, Lu,

Wu, Shao, & Wei, 2018). Due to sea level rise, extreme storms, rapid

industrialization, and urbanization, the coastal wetland in Hangzhou

Bay has been partly degraded/or lost, and health levels showed a

decline during recent decades (Sun et al., 2016; Wang, Liu, Li, & Su,

2014; Zhang et al., 2015). Therefore, taking Hangzhou Bay as a

case‐study, this study quantified the process of wetland degradation

from 1984 to 2016 using LANDSAT series of satellite images and fur-

ther developed land use simulation models to predict the future trends

in wetland changes under different scenarios. The objectives were to

(a) analyze historical wetland degradation between 1984 and 2016;

(b) simulate future wetland degradation in the next three decades;

and (c) discuss the characteristics and driving factors of wetland deg-

radation. The study will help to better understand the degradation of

Hangzhou Bay, which will facilitate coastal wetland planning and pro-

tection as well as constrain the potential negative consequences

brought about by future changes.

2 | MATERIALS AND METHODS

The research framework consisted of four parts: data preparation, clas-

sification of time‐series imagery, change detection, and future trends

simulation. First, remote sensing images, ancillary datasets, and refer-

ence datasets were collected and preprocessed. Next, time‐series clas-

sification maps from 1984 to 2016 were produced with a combined

object‐based and visual interpretation method using LANDSAT imag-

ery. Then, historical dynamics of the different land use types were ana-

lyzed. Finally, according to these change results, the CLUE‐S model was

used for future land use simulation. All steps are shown in Figure 1.



TABLE 1 The list of LANDSAT images in this study between 1984
and 2017

Year Date Sensor Cloud cover (%) Path/row

1984 5/09/1984 TM 0 118/39

1987 5/18/1987 TM 0 118/39

1990 5/10/1990 TM 0.03 118/39

1995 5/08/1995 TM 0.68 118/39

2000 5/13/2000 ETM + 0.22 118/39

2003 5/06/2003 ETM + 19.34 118/39

2006 4/20/2006 TM 0 118/39

2008 5/11/2008 TM 9.21 118/39

2011 5/20/2011 TM 0 118/39

2013 5/25/2013 OLI 8.63 118/39

2016 5/01/2016 OLI 1.25 118/39

Note. The files were downloaded from the United States Geological Survey
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2.1 | Study area

Hangzhou Bay plays a significant role in the sustainable development

of resources, the environment, and the economy (Sun et al., 2016).

The study area is part of the Yangtze River Delta in Zhejiang Province,

China, including Cixi City and part of Yuyao City, Jiangbei District and

Zhenhai District. The location extends from 29°58′–30°32′N to 121°

0′–121°38′E, covering an area of approximately 3,774.87 km2

(Figure 2). Due to the rich tidal wetland resources and convenient

shipping transport facilities, the cities in Hangzhou Bay have rapidly

developing economies. Land use/cover and wetland resources have

changed due to rapid industrialization, population growth, and urban-

ization. Coastal wetland area decreases, ecological function deteriora-

tion, and biodiversity reduction have brought a series of negative

environmental effects, for example, frequent flooding due to sea level

rise and storms, coastline erosion, and serious loss of carbon (Deng,

Wang, Hong, & Qi, 2009; Ren, Yue, Li, & Wu, 2010).

(https://glovis.usgs.gov/).
2.2 | Data preparation

2.2.1 | Remote sensing images and ancillary datasets

Having recorded high‐resolution land cover/use changes for 40 years,

LANDSAT imagery is the ideal dataset for characterizing landscape‐

level wetland structures and assessing long‐term changes in wet-

lands (Hilker et al., 2009; Kontgis, Schneider, & Ozdogan, 2015). A

total of 11 scenes from LANDSAT 4–5 TM C1 Level‐1, LANDSAT

7 ETM+ C1 Level‐1, and Landsat 8 OLI C1 Level‐1 products

between 1984 and 2017 with similar seasons (April–May) were col-

lected from the United States Geological Survey Global Visualization

Viewer (https://www.usgs.gov/). The data with less than 20% cloud

coverpermonthwereselected.Thedetailsof selectedLANDSAT images

are listed in Table 1. All images were registered to UTM zone 51N,

WGS84, using at least 35 manually selected ground control points

and nearest‐neighbor interpolation. The root mean square errors of
FIGURE 2 Locations of the study area and ground points
registration were less than 0.5 pixel. Then these images were clipped

by study area boundary to form a mapping unit. Image preprocessing

was performed using ENVI® 5.3 by Harris Corporation (Melbourne,

FL, USA; Hu & Smith, 2018).

In addition, the following groups of ancillary geospatial, meteoro-

logical, and socioeconomic datasets were collected to support the

land use/cover classification, scenario simulation, and results valida-

tion. (a) Digital elevation model data with a 30‐m spatial resolution

were downloaded from the Geospatial Data Cloud website (http://

www.gscloud.cn/). Then, slope and aspect raster layers were con-

structed on the basis of elevation data using ArcGIS® 10.2 by Envi-

ronmental Systems Research Institute, Inc. (Redlands, CA, USA). (b)

Meteorological data. The yearly mean temperature and total precip-

itation datasets from 1984 to 2016 were downloaded from the

China Meteorological Data Sharing Service System (http://cdc.cma.

gov.cn/). (c) Socioeconomic data. The yearly datasets including

https://www.usgs.gov/
http://www.gscloud.cn/
http://www.gscloud.cn/
http://cdc.cma.gov.cn/
http://cdc.cma.gov.cn/
https://glovis.usgs.gov/
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population size and gross domestic product (GDP) from 1984

to 2016 were acquired from a statistical yearbook and

obtained from the Department of Statistics of Cixi City (http://

tjj.cixi.gov.cn/). The details of meteorological and socioeconomic

datasets are listed in Table 2. (d) Geographic vector data. Datasets

including administrative boundaries, rivers, and roads were obtained

from the Zhejiang Administration of Surveying Mapping and

Geoinformation. All images were carefully georeferenced and clipped

to the same extent.
2.2.2 | Reference datasets

There are two ways to establish the reference datasets: the reference

data for 2016 and the reference data for other historical years. (a) The

reference data for 2016 were collected by field trips to the study

region in the early summer of 2016. On the basis of a previous land

use classification result obtained in 2016, the plots were generated

to the areas where land use type was uniformly distributed over an

extent of at least 120 m × 120 m. At least 300 plots were created

by a simple random sampling method with over 30 plots per class. In

each sampling plot, the attributes (type and coverage) were examined

by ground observations, and the location coordinates of a plot center

were recorded using a portable GPS (Luo et al., 2016). The ground

points in the field for 2016 are shown in Figure 2. (b) Reference data

for the other years were derived from visual interpretation of Google
TABLE 3 Land use/cover classification system

Level I Level II Level III Description

Wetlands Natural wetlands Shallow sea Marginal or inlan

Mudflat Known as tidal fl

River Permanent river,

Lake An area filled wit

Artificial wetlands Canal Human‐made cha

Pond A controlled pon

Cropland Crop fields, padd

Nonwetland areas Nonwetland Roads, constructi

TABLE 2 The meteorological and socioeconomic datasets during 1984–2

Year Total precipitation (mm) Mean temperature (

1984 1,613.5 15.9

1987 1,809.9 16.1

1990 1,758.5 17.1

1995 1,639.8 16.8

2000 1,740 17.5

2003 1,211.1 17.6

2006 1,051 18.5

2008 1,545.6 17.2

2011 1,121.7 17.3

2013 1,298.6 18.2

2016 1,698.7 18.3
Earth historical images (http://earth.google.com) and very high‐

resolution aerial photographs for similar times. Through the above

methods, the reference datasets for 1984–2016 were successfully

established. Then they are divided into two parts using a simple ran-

dom sampling method: training samples and validation samples.

Approximately 70% of the data were selected for training, and 30%

were selected for validation.
2.3 | Classification of time‐series imagery

2.3.1 | Land use/cover classification system

To better understand the wetland distribution in Hangzhou Bay, a land

use/cover classification system was established on the basis of the

Ramsar Convention and the results of China's wetland survey (Hu,

Liu, Zheng, Li, & Xie, 2018; Niu et al., 2009; Tana, Letu, Cheng, &

Tateishi, 2013). Finally, a three‐level hierarchical classification system

was designed (Table 3).

2.3.2 | Image classification and accuracy assessment

Most previous studies have employed pixel‐based methods for image

classification, which independently used the spectral information of

each pixel. Recently, an increasing number of studies have selected

object‐based methods for land use/cover classification due to higher
d extensions of ocean with average depths of approximately 200 m

ats; coastal wetlands that form when mud is deposited by tides or rivers

stream or creek

h water, located in a basin

nnels or artificial waterways

d, artificial lake, or reservoir with a small water area used for aquaculture

y rice, or bare fields

on areas, and unutilized land

016

°C) Population (million)
Gross domestic
product (RMB; billion)

0.81 1.63

0.85 2.63

0.89 3.97

0.95 12.29

0.99 19.61

1.01 24.00

1.02 45.02

1.03 60.14

1.04 87.62

1.04 103.11

1.05 120.94

http://tjj.cixi.gov.cn/
http://tjj.cixi.gov.cn/
http://earth.google.com
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accuracy (Zhou et al., 2018). Although the object‐based image

methods are more suitable for high‐resolution remote sensing images

with the spatial resolution of metre level, several studies have

shown that they are also suitable for LANDSAT data (Ma et al.,

2017; Phiri, Morgenroth, Xu, & Hermosilla, 2018; Zhang, Denka,

Cooper, & Mishra, 2018). In this study, a combined object‐based and

visual interpretation method was proposed for land use/cover

information extraction. A careful visual interpretation was added in

the postclassification process to ensure the accuracy of classification

results. This optimizing method was mainly a four‐step process

involving feature preparation, segmentation, classification, and

postclassification.

1. Feature preparation. Six features were prepared for segmentation

process, including four multispectral bands, a normalized differ-

ence vegetation index (NDVI) band, and a texture band. Four

multispectral bands (blue, green, red, and near‐infrared) were

directly extracted from LANDSAT imagery. The NDVI is a popular

indicator that can be used to analyze whether the target being

observed contains live green vegetation or not and separate water

from wetland boundaries. The NDVI band was calculated from

two multispectral bands (red and near‐infrared). The texture band

can also be extracted from LANDSAT imagery on the basis of

the standard deviation within a 3 × 3‐pixel moving window, which

was most likely to cross spatial resolutions with the least areal

effects (Mui, He, & Weng, 2015). Finally, the feature preparation

process was completed, and six features were weighted equally

in the next step.

2. Image segmentation. Segmentation partitions an image into

objects by clustering neighboring pixels with similar characteristics.

An edge‐based segmentation algorithm was used here (Mozumder,

Tripathi, & Tipdecho, 2014). This algorithm includes the following

steps: (a) creating a gradient map by differentiating image pixels,

(b) computing a cumulative distribution function (CDF) from the

gradient map, (c) modifying the map with a given scale‐level value,

and (d) segmenting the modified map using a watershed algorithm.

First, a Sobel edge detection method was used to compute a gra-

dient image, where the highest values represent areas with the

highest contrast among neighboring pixels. Next, a threshold was

computed from a normalized CDF of the pixel values using a given

scale level. For example, if a scale level of 25% was given, the cor-

responding pixel value in the CDF is chosen as the threshold, and

any gradient magnitude values lower than the threshold were

discarded from the gradient image. A larger scale level keeps

objects with more distinct edges, whereas a smaller one keeps

more less distinctive objects. Finally, the watershed algorithm

was applied to the modified gradient image. This algorithm sorted

pixels in ascending order, and then it began with the minimum

pixels and connected them with pixels of similar values, until the

connected component reaches the computed watersheds. The

result is a segmented image with regions of similar pixels, where

each region is assigned the mean of all pixel values included

(Roerdink & Meijster, 2000).
3. Sample selection and classification. Each year, approximately 70%

of reference datasets were randomly selected for training samples,

and each class contained at least 20 training samples. According to

the specified classification system (Table 3), a nearest‐neighbor

classifier (or k‐NN approach) was selected to classify images (Im,

Jensen, & Tullis, 2008). The k‐NN approach computes the Euclid-

ean distance from each segment in the segmentation image to

every training samples. Finally, each segment was assigned the

class with the highest class confidence value (Hu et al., 2018).

4. Postclassification. A careful manual visual interpretation based on

reference data from field data, very high‐resolution aerial photo-

graphs, and Google Earth historical images was used for

postclassification to improve the accuracy of results (Liu, Zhang,

Zhang, Musyimi, & Jiang, 2014).

Finally, the error matrix and associated statistics including overall

accuracy, kappa statistic, and producer and user accuracies were cal-

culated (Mui et al., 2015). Each year, approximately 30% of reference

datasets were randomly selected for validation samples, and each class

contained at least 20 validation samples.
2.4 | Change detection

A postclassification comparison change detection algorithm was used

to analyze the changes during two periods, namely, 1984–2000 and

2000–2016. The change detection split the entire study period

(1984–2016) at 2000 because it represents approximately the middle

year and the establishment of Hangzhou Bay New District in 2001.

Thereafter, the local government has made a series of policies to

encourage economic development, accelerating the rates of urban

expansion. On the basis of the postclassification method, the ‘from–

to’ change information and the types of landscape transformations

that have occurred were extracted and mapped (Biro, Pradhan,

Buchroithner, & Makeschin, 2013; Yuan, Sawaya, Loeffelholz, &

Bauer, 2005).

A simple random sample method was used to assess the accuracy

of change detection results. A minimum of 300 reference pixels

(150 pixels from change areas and 150 pixels from no‐change areas)

for each period were selected. Google Earth historical images were

used to help determine what was happening before and after a spe-

cific time for the same location (Jin, Yang, et al., 2017; Zhu&Woodcock,

2014). The overall accuracy and kappa statistic were used for change

detection accuracy assessment.
2.5 | Future trends simulation

2.5.1 | Conversion of land use simulation model

The CLUE‐S model (https://www.environmentalgeography.nl/site/)

was used for future land use simulation (Verburg & Overmars, 2009).

It included two parts: nonspatial analysis of land use demands and

spatial analysis of land use allocation (Verburg et al., 2002).

https://www.environmentalgeography.nl/site/
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1. Land use demands. The land use demands constrain the total mag-

nitude of land use changes. Land use demands can be calculated by

extrapolating the trends in land use change from the recent past

into the near future (Verburg et al., 2002). On the basis of the land

use change trend from 1984 to 2000, a linear regression method

was used to predict the demands for different land use types in

2016, and the demand data for each year were calculated.

2. Land use allocation. Land use allocation process involves the fol-

lowing steps: model parameters setting, logistic regression, and

CLUE‐S model calculating. The model parameters include the initial

land use map, area restrictions, conversion elasticities, conversion

matrix, land use demands, and driving factors. (a) The initial land

use map was set for 1984. (b) The area restriction refers to the

area where land use change is restricted by means such as spatial

policies or tenure status. In this study, there is no area restrictions.

(c) The conversion elasticities are related to the reversibility of land

use change, with values ranging from 0 (easy to convert) to 1

(irreversible change). On the basis of expert knowledge and

observed behavior in the recent past, the value of each land use

type were decided. (d) The conversion matrix is used to determine

whether the current land use type can be converted to other land
TABLE 5 Logistic regression results for the spatial distribution of land us

Driving factors Parameters Shallow sea Mudflat River

Elevation β — −2.035 0.00

Exp(β) — 0.131 1.00

Slope β — −0.255 −0.02

Exp(β) — 0.775 0.98

Aspect β — −0.015 0.00

Exp(β) — 0.985 1.00

Distance to road β 0.001 −0.001 0

Exp(β) 1.001 0.999 1

Distance to town β 0 0 0

Exp(β) 1 1 1

Distance to river β −0.001 0 −0.00

Exp(β) 0.009 1 0.99

Distance to sea β −0.003 0 0

Exp(β) 0.997 1 1

Constant 3.878 2.552 −2.72

Note. All variables were significant at p < .01. Exp(β) values indicate the change in

the probability increases upon an increase in the value of the independent vari

TABLE 4 The model parameters that were set

Parameters

Description

Shallow sea Mudflat River

Conversion elasticities 0.8 0.2 0.5

Land use demands in 2016 (km2) 1,753.40 114.23 48.37

Driving factors Elevation, slope, aspect, distance to road

Note. Conversion elasticities were estimated on the basis of expert knowledge; t

less likely that land use type is to convert.
use types. It can be obtained from the change detection algorithm.

(e) Although there are many driving factors of land use changes,

some factors are difficult to be mapped quantitatively. Therefore,

on the basis of the existing research, the following seven factors

(elevation, slope, aspect, distance to road, distance to town, dis-

tance to river, and distance to sea), which can be obtained and

mapped quantitatively, were selected. All parameters were set as

shown in Table 4.

Next, a logistic regression model was used to describe the relation-

ships between the driving factors and the different land use types

(Table 5). After all the inputs were entered, the CLUE‐S model can

be calculated. Finally, the regional‐level demands were allocated to

individual grid cells by iteratively comparing the allocated area of the

individual land use types with the area demanded (Verburg &

Overmars, 2009).
2.5.2 | Model validation

Following the model parameters in Tables 4 and 5, the land use map

in 2016 was constructed on the basis of calculations from the CLUE‐
e

Lake Canal Pond Cropland Nonwetland

9 −0.02 — −0.048 −0.044 0.054

9 0.981 — 0.953 0.957 1.055

0.052 −0.054 0.061 −0.029 0.052

1.054 0.947 1.063 0.972 1.053

1 −0.001 — 0.002 0.002 0

1 0.999 — 1.002 1.002 1

0.001 −0.002 −0.002 0 0

1.001 0.998 0.998 1 1

−0.001 — 0 −0.001 0

0.999 — 1 0.999 1

5 0 −0.024 0 −0.001 0

5 1 0.976 1 0.999 1

0 0 0 0 0

1 1 1 1 1

4 −4.154 0.341 0.371 1.356 −0.947

odds upon one unit change in the independent variable. If Exp(β) > 1, then

able, and if Exp(β) < 1, then the probability decreases.

Lake Canal Pond Cropland Nonwetland

0.9 0.6 0.2 0.7 0.9

21.43 9.85 152.56 866.97 808.05

, distance to town, distance to river, distance to sea.

he higher the value is, the stronger the restriction for conversion is, and the
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S model. Then, a comparison between model performance (land

use simulation map in 2016) and the actual map (land use classifica-

tion result in 2016) was made pixel by pixel. Similarly, accuracy

was assessed on the basis of the overall accuracy and kappa

statistics.
2.5.3 | Setting of various scenarios and simulation

The purpose of setting variable scenarios was to predict the trends of

future land use spatial patterns under different conditions in Hang-

zhou Bay. First, three scenarios (Table 6) were designed according to

the historical trend of land use change from 1984 to 2016, the land

use planning from 2016 to 2046, and the biodiversity conservation

targets (Liu, Verburg, et al., 2017). With the wetland changes from

1984 to 2016 and the three scenarios defined above, the demands

for different wetland types in 2046 were calculated on the basis of

the description of different scenarios. Next, the model parameters

set for each scenario were adjusted. Finally, land use simulation maps

under different scenarios in 2046 were constructed.
3 | RESULTS

3.1 | Time‐series classification maps and area
statistics results

The time‐series classification maps from 1984 to 2016 obtained with

the object‐based approach and modified postclassification are illus-

trated in Figure 3. Once these maps were constructed, all classification

results were compared with reference datasets. The quantitative accu-

racy assessment results are shown inTable 7. The kappa values greater

than 0.75 suggested that the maps agree reasonably with the refer-

ence data (Tana et al., 2013). The area of each class (Level II) in Hang-

zhou Bay is illustrated in Figure 4. It shows a statistically significant

shrinking trend for the shallow sea areas (−12.47 km2 yr−1) and

cropland areas (−5.09 km2 yr−1) from 1984 to 2016. During this

period, the nonwetland areas showed the fastest increasing trend

(11.23 km2 yr−1), and the pond areas showed a significant increasing

trend of 4.10 km2 yr−1. To further reveal temporal patterns in
TABLE 6 Description of the various scenarios

Scenario Name Description

Scenario 1 Historical continuation

scenario

This scenario assumed that the driving

sudden natural disasters and external

2016. The wetland type demands we

were not included. In addition, this w

Scenario 2 Economic development

scenario

Due to the establishment of Hangzhou

economic development in this locatio

rapid economic development of Hang

the trends of wetlands after 2001 an

adjusted to speed up by 10%.

Scenario 3 Wetland protection

scenario

This scenario aims to protect the natura

wetlands before 2001, the rate of de
historical land use changes, we calculated the annual net change in

the area of each class during the study period. The net change in area

showed that the most lost types were shallow sea, mudflat, and crop-

land, which peaked in 2003, 2000, and 2003, respectively. The most

obviously gained type was nonwetland, which exhibited a continuous

net increase during 1984 to 2016.
3.2 | Transition matrices and historical change
detection results

Approximately 300 reference pixels classified as having no change or

changed were selected for each period, and error matrices were calcu-

lated. The overall accuracy and kappa statistic were 86.8% and 0.75

for 1984–2000 and 85.3% and 0.72 for 2000–2016, respectively.

On the basis of the time‐series classification maps, transition matri-

ces of land use changes from 1984 to 2000 and 2000 to 2016 were

created (Table 8). These results indicated that increases in nonwetland

areas mainly came from the conversion of artificial wetlands (cropland)

to land for urban development during both periods, that is, 1984–

2000 and 2000–2016. Further, over 300 km2 of natural wetlands

(shallow sea and mudflat) were converted to artificial wetlands (pond

and cropland) between 1984 and 2016. Therefore, the historical trend

in Hangzhou Bay was that natural wetlands were transformed into

artificial wetlands, which were then transformed into nonwetlands.

The total area of wetland in the study area continuously declined from

1984 to 2016.

Figure 5 shows the spatial pattern of land use changes (1984–

1990, 1990–1995, 1995–2000, 2000–2006, 2006–2011, and 2011–

2016), including gains and losses for the main land use types.

Specifically, the shallow sea decreased from south to north, and the

mudflat decreased year by year along the coastline and expanded

toward the sea. Additionally, the nonwetland gradually increased along

the villages and roads, occupying a large area of cropland; the pond

type has also increased year by year, occupying a large area of shallow

sea and mudflats, which was used for fish farming and aquaculture. In

addition, shallow sea, mudflats, and croplands were lost the most dur-

ing the periods from 2000 to 2006 (206.27 km2), 2011 to 2016

(100.41 km2), and 2006 to 2011 (202.61 km2), respectively.
factors over the next three decades will not change in the absence of

factors. The trends of wetland evolution will be consistent from 1984 to

re assumed to follow the evolving trend, and spatial policies or restrictions

as defined as the baseline development scenario.

Bay New District in 2001, the Government has paid more attention to the

n. To vigorously promote the process of urbanization and maintain the

zhou Bay, many land areas were designated for construction. According to

d the government plan, the rate of increase in nonwetland areas was

l wetlands and promote rational development. According to the trends of

gradation in natural wetlands was designed to slow down by 50%.



FIGURE 3 Time‐series classification maps from 1984 to 2016

72 HU ET AL.
3.3 | The relationship between wetlands and driving
factors

Figure 6 shows the relationships between various driving factors (total

precipitation, mean temperature, population size, and GDP) and main

wetland types (natural wetlands, cropland, and pond).

First, the relationship between the main wetland types and two cli-

matic variables (total precipitation and mean temperature) was exam-

ined using a simple linear regression method. The correlation analysis

showed a significant positive correlation between mean temperature
and ponds. The Pearson correlation coefficient was 0.83, and the R2

was 0.69. In addition, a negative correlation was found between mean

temperature and natural wetlands. The Pearson correlation coefficient

was −0.83, and the R2 was 0.70. A negative correlation was also found

between mean temperature and croplands. However, the correlation

analysis showed no significant correlation between total precipitation

and wetland degradation.

Similarly, the relationship between the main wetland types and

two socioeconomic variables (population size and GDP) was examined

using a simple linear regression method. The correlation analysis



TABLE 7 Summary of LANDSAT classification accuracies (%) from 1984 to 2016

Class Accuracies 1984 1987 1990 1995 2000 2003 2006 2008 2011 2013 2016

Shallow sea User 93.85 96.88 96.77 95.24 95.24 93.85 92.42 92.06 92.06 90.62 91.43

Producer 95.31 96.88 93.75 93.75 93.75 95.31 95.31 90.62 90.62 90.62 91.43

Mudflat User 90.63 95.16 87.88 89.06 90.77 90.77 92.06 87.69 87.5 87.1 90

Producer 90.63 92.19 90.62 89.06 92.19 92.19 90.62 89.06 87.5 84.37 92.31

River User 90.91 92.59 92.45 89.09 92.45 91.23 89.66 92.73 84.21 84.21 92.11

Producer 90.91 90.91 89.09 89.09 89.09 94.55 94.55 92.73 87.27 87.27 92.11

Lake User 95.83 95.83 100 97.92 97.92 97.83 97.87 97.83 95.65 95.74 100

Producer 93.88 93.88 95.92 95.92 95.92 91.84 93.88 91.84 89.8 91.84 97.06

Canal User 95.12 97.56 93.18 95.35 95.35 100 100 97.62 93.02 97.5 100

Producer 88.64 90.91 93.18 93.18 93.18 95.45 95.45 93.18 90.91 88.64 93.55

Pond User 83.93 84.21 76.27 78.57 81.13 83.93 88.68 81.36 80.36 78.18 88.89

Producer 90.38 92.31 86.54 84.62 82.69 90.38 90.38 92.31 86.54 82.69 88.89

Cropland User 90.57 90.74 90 90 83.93 92.45 92.59 85.96 87.04 83.33 90

Producer 87.27 89.09 81.82 81.82 85.45 89.09 90.91 89.09 85.45 81.82 90

Nonwetland User 94.29 93.06 91.55 87.67 84.51 91.18 91.3 93.85 91.3 82.19 90.91

Producer 95.65 97.10 94.2 92.75 86.96 89.86 91.3 88.41 91.3 86.96 94.34

Overall accuracy 91.81 93.14 90.71 90.04 89.82 92.26 92.70 90.71 88.72 86.73 92.41

Kappa statistic 0.91 0.92 0.89 0.89 0.88 0.91 0.92 0.89 0.87 0.85 0.91

FIGURE 4 Areas of land use from 1984 to
2016 (unit: km2)
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revealed a strong positive correlation between population size and

ponds. The Pearson correlation coefficient was 0.91, and the R2 was

0.82. A significant negative correlation was detected between popula-

tion size and natural wetlands. The Pearson correlation coefficient was

−0.83, and the R2 was 0.70. A negative correlation was also found

between population size and croplands. In addition, the correlation

analysis revealed a strong negative correlation between GDP and nat-

ural wetlands. The Pearson correlation coefficient was −0.99, and the

R2 was 0.98. A negative correlation was also found between GDP and

croplands. Additionally, a positive correlation was found between GDP

and ponds.
3.4 | Model validation and future trends simulation
results

The land use map in 2016 was generated by the CLUE‐S model, and

its accuracy was assessed on the basis of an actual land use classifica-

tion map for 2016. The results showed that the model can simulate

land use changes reasonably well (overall accuracy of 79.81% and

kappa statistic of 0.67) compared with other regional‐scale land use

model applications (Liu, Verburg, et al. 2017). Therefore, this model

was suitable to simulate the future spatial pattern of land use types

in Hangzhou Bay.



TABLE 8 Land use transition matrix from 1984 to 2000 and 2000 to 2016 (unit: km2)

2000

1986
2000
totalShallow sea Mudflat River Lake Canal Pond Cropland Nonwetland

Shallow sea 1,849.61 11.2 0 0 0 0 0 0 1,860.81

Mudflat 45.39 23.59 0 0 0.21 0 0.01 0.4 69.6

River 0 0.44 40.61 0 0.93 0 7.1 0.7 49.78

Lake 0 0 0 18.9 0 0 0 0.68 19.58

Canal 0.81 1.44 0.13 0 3.04 0.05 0.82 0.59 6.88

Pond 15.42 45.73 0.21 0 0.35 25.18 9.93 2.77 99.6

Cropland 0 16.36 4.73 0.43 0.09 2.53 818.47 64.53 907.15

Nonwetland 1.25 1.91 3.27 0.16 0.31 0.88 139.84 613.84 761.47

1984 total 1,912.48 100.67 48.96 19.5 4.94 28.64 976.18 683.51 3,774.87

2016

2000
2016
totalShallow sea Mudflat River Lake Canal Pond Cropland Nonwetland

Shallow sea 1,513.57 0 0 0 0 0 0 0 1,513.57

Mudflat 156.07 3.25 0 0 0 0 0 0.13 159.46

River 0 0.27 21.01 0 0.08 0.16 12.21 3.45 37.18

Lake 0 0.89 0 18.29 0 0.07 0.51 1.89 21.66

Canal 14.27 2.58 0.5 0 4.1 4.03 1.22 0.33 27.03

Pond 87.5 14.24 0.47 0.24 0.51 36.42 16.84 3.51 159.72

Cropland 50.66 19.79 14.93 0.07 0.88 28.21 622.48 76.26 813.3

Nonwetland 38.74 28.57 12.87 0.97 1.31 30.72 253.88 675.89 1,042.95

2000 total 1,860.81 69.6 49.78 19.58 6.88 99.6 907.15 761.47 3,774.87
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On the basis of the historical trend of land use change from

1984 to 2016, land use simulation maps in 2046 under three differ-

ent scenarios were calculated and are shown in Figure 7. These

results showed that the land use spatial pattern varied significantly

among the different scenarios. Natural wetlands decreased the most

under Scenario 2, followed by Scenario 1 and Scenario 3.
3.5 | Future change results under different scenarios

Figure 8 shows the simulated spatial pattern of land use changes

between 2016 and 2046, including losses and gains for specific land

use types. A 30.36% increase in nonwetland area from 2016 to

2046 and a coastline shift of approximately 5.02 km to the north

(longest straight‐line distance) were predicted under Scenario 1. A

51.02% increase in nonwetland area was predicted under Scenario

2, corresponding to more serious wetland degradation than that in

Scenario 1. In addition, the coastline was predicted to move

approximately 5.89 km to the north (longest straight‐line distance).

Under Scenario 3, a 20.59% increase in nonwetlands and a shift in

coastline of approximately 4.71 km to the north (longest straight‐line

distance) were predicted. Furthermore, mudflat areas increased by

15.11%.
4 | DISCUSSION

4.1 | Simulation model sensitivity to the different
parameters

The CLUE‐S model is sensitive to the user specified land use/cover

conversion rules that steer the evolutions of spatial land

patterns (Verburg et al., 2002). Therefore, the parameters are

critically important for modeling, and different settings may achieve

different simulation results. The specifications of the model, such

as land use types, location suitability, and conversion elasticity

depend on the study area, spatiotemporal scale, and the purpose

of modeling. Given time‐series land use data, it is possible to change

these settings to calibrate the model, improving modeling accuracy.

Therefore, a model validation is necessary; through a validation pro-

cess, the parameters for Hangzhou Bay can be modified and

determined.
4.2 | Historical wetland degradation processes
between 1984 and 2016

According to the temporal patterns in historical land use changes, the

major lost types were shallow sea, mudflat, and cropland. This is



FIGURE 5 The spatial pattern of land use changes in the study area (1984–1990, 1990–1995, 1995–2000, 2000–2006, 2006–2011, and 2011–
2016), including losses and gains for specific land use types

HU ET AL. 75
because most of coastal reclaimed areas experienced a change from

shallow sea/mudflat to cropland or fish pond. However, many crop-

land areas close to roads and villages has been converted to

nonwetland areas because of urban expansion. Besides area statistics

results, the spatial patterns of land use changes indicated that recla-

mation was the main cause of degradation of shallow sea and mud-

flats. Furthermore, the degradation of cropland occurred mostly in

the middle inland areas because the Hangzhou Bay New District was

established in 2001 (Li et al., 2018). The historical wetland degradation

processes suggested that reclamation was most active during the

period from 2000 to 2006, aquaculture was most active during the

period from 2011 to 2016, and urban expansion was most active dur-

ing the period from 2006 to 2011.
4.3 | Drivers of wetland change dynamics in
Hangzhou Bay

According to the time‐series classification maps and change detection

results, the drivers of change dynamics in inland and reclaimed areas

were quite different. In the inland region, urban expansion (rapid eco-

nomic development and urban population growth) was the main driver

factors, which mostly occurred during the period of 2006 to 2011.

Therefore, many croplands close to roads and villages were converted

to nonwetland areas (Li et al., 2018). In the reclaimed region, the wet-

lands were mostly converted to ponds and construction land. The

main purpose of reclamation was for aquaculture, because the cost
of reclamation was relatively small but aquaculture could bring great

economic benefits (Wang et al., 2014).

To achieve a better understanding of the underlying drivers of cos-

tal wetland degradation, relationships between various driving factors

(climate change and socioeconomic factors) and land use change are

discussed. According to previous studies, total precipitation and mean

temperature are often used as the main driving factors of climate

change, and population size and GDP are often used as the main driv-

ing factors of human activity (Alphan, 2012; Meng et al., 2017; Wang

et al., 2014). Total precipitation and mean temperature were selected

because they have a direct impact on biomass productivity, which

determines the development of vegetation. To test whether the deg-

radation in natural wetlands (shallow sea and mudflats) and cropland

was driven by climate change, the relationship between the main wet-

land types and two climatic variables was examined (Han et al., 2015;

Hu & Smith, 2018). According to the correlation analysis results, socio-

economic factors have greater impact on the degradation of wetlands

than have climatic factors.
4.4 | Future wetland degradation processes between
2016 and 2046

The rate of wetland degradation varied significantly under the differ-

ent scenarios because of different spatial policies preferences of deci-

sion makers (Verburg, Eickhout, & van Meijl, 2008). However, the

scenarios are similar in that most decreases in the area of cropland



FIGURE 6 The relationship between the main wetland types (natural wetlands, cropland, and pond) and four variables (total precipitation, mean
temperature, population size, and gross domestic product [GDP]) [Colour figure can be viewed at wileyonlinelibrary.com]

76 HU ET AL.
take place in inland areas where the demand for land for urban pur-

poses is very high. In addition, decreases in the area of natural wet-

lands (shallow sea and mudflats) take place in coastal areas where

the demand for land for aquaculture purposes is very high. Due to

faster economic development, more nonwetland areas were predicted

under Scenario 2 than under Scenario 1, corresponding to more seri-

ous wetland degradation. In addition, the coastline was predicted to

move to the north most, which will cause the study area to face a

highest risk of disaster due to storm surge flooding caused by sea level

rise (Huang, Zhang, Wu, Zhou, & Tian, 2017). Under Scenario 3, we

assumed that the local government paid more attention to coastal

wetland protection, and more mudflat areas were predicted, which is
important in preventing coastal erosion and protecting wildlife habitat

(Wang et al., 2014).

The simulation results from 2016 to 2046 showed that urbaniza-

tion and reclamation were very high in Scenario 2. Due to the large

demands for land resources imposed by economic development, a

large area of cropland and shallow sea was occupied by nonwetland

areas and pond areas in the inland and coastal zone, respectively.

Urban growth was much more moderate in Scenario 3, which

maintained a reasonable rate of urban expansion and dynamic balance

of wetland resources. Therefore, Scenario 3 is a relatively suitable

development model in the study area compared with Scenario 1 and

Scenario 2.

http://wileyonlinelibrary.com


FIGURE 7 Land use simulation maps in 2046 under three different scenarios

FIGURE 8 The simulated spatial pattern of land use changes in the study area (2016–2046), including losses and gains for specific land use types
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5 | CONCLUSIONS

In this study, the historical wetland degradation process in Hangzhou

Bay was first analyzed by time‐series imagery from 1984 to 2016

using an object‐based approach and a change detection

method. The results showed a statistically significant decreasing

trend for the shallow sea areas, with an average reduction of
−12.47 km2 yr−1, and cropland area (−5.09 km2 yr−1) from 1984

to 2016. The historical trend in Hangzhou Bay was that natural

wetlands were transformed into artificial wetlands, which were then

transformed into nonwetlands. Second, various driving factors were

discussed; for example, the trend in wetland degradation was

strongly correlated with human activity, especially aquaculture and

urbanization. Finally, the future wetland degradation process from
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2016 to 2046 under three different scenarios was projected. The

simulation results showed that the rate of wetland degradation varied

significantly among the different scenarios. Although this study

achieved its objectives, it also has limitations. First, higher resolution

images could be used to extract wetland information in a follow‐up

study, which would improve the accuracy of the land use classifica-

tion maps. Second, the accuracy of simulation results can be

improved by combining a system dynamic model and the CLUE‐S

model (Liu, Liang, et al., 2017). Finally, because the drivers of wetland

change dynamics were complicated, four factors were not enough;

more factors need to be considered.
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