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Abstract: As one of the rapidly-developing mega cities in China, Hangzhou has experienced great
land use change during the past three decades. By analyzing land use change in designated period,
it is beneficial to understand urbanization process in Hangzhou, and undertake further urban
management and urban planning. In this study, the land use change from 1990 to 2017 in Hangzhou
urban area was detected by a method of supervised classification with Landsat TM images from 1990,
1997, 2004, 2010 and 2017, and analyzed by a Markov matrix. The results show that from 1990 to 2017,
a great deal of rural areas transformed into built up areas in the Hangzhou urban area. Consequently,
the urban area of Hangzhou increased eight times over the period from 1990 to 2017. This may imply
that such a change should be directly related to the Chinese government policy, of which the main
factor is rapidly-developing urbanization in China, such as in Hangzhou. Thus, it is believed that
China’s land use change is going to be small in the following decades. This may indicate that China’s
urban construction is slowing down, while its urban planning is being shifted from construction
to management.
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1. Introduction

With the acceleration of global urbanization trends and a booming world population, the demand
for urban and rural construction land has been increasing dramatically. A large number of natural
lands (such as forest, wetland and grassland) were destroyed by human activities, especially during
the designated period. According to the Global Forest Resources Assessments 2015, the world’s forest
annual net loss was 7.3 million hectares per year from 1990 to 2000 [1]. What’s more, although all
countries around the world are attempting to improve the situation of losing forest, there were still
losses 3.3 million hectares of forest per year from 2010 to 2015 [1]. The forest area in China was
2.228 million km2 in 1988, but decreased to 2.219 million km2 in 2008 [2]. There was a decrease of forest
area of 38,743 km2 in China from 2000 to 2012 [3]. There is no doubt that all of the forest and woodland
destroyed have been transformed to other uses in the process of global urbanization [4–6]. As a
consequence of the extensive deforestation and land use changes, a large number of environmental
issues are constantly emerging which have had an increasingly-severe influence on the environment
and people’s living, for instance, climate change, urban heat islands, tsunamis, atmospheric ozone
holes, biodiversity decline, sea level rise, global warming, and land desertification [7–10]. As a
developing country with a large population, China has experienced rapid and large land-use change
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over the last three decades. In China, the urban built-up area was 12.2 thousand square kilometers
in 1990; it rapidly increased to 40.5 thousand square kilometers in 2010, an increase of more than
3 times [11]. By the end of 2017, there were approximately 813 million people living in cities and towns
in China, which account for 58.52% of total population (about 1.39 billion by the end of 2017) [12].
In addition, according to the World Urbanization Prospects 2018, urban population in China is expected
to grow up to approximately 1.09 billion by 2050 [13]. Definitely, China will experience a dramatically
rapid urbanization in the coming decades.

In China, an obvious area of land-use change is in the cities, especially in first-tier cities (e.g.,
Beijing, Shanghai, Guangzhou, and Shenzhen) and new first-tier cities (e.g., Chengdu, Hangzhou,
Chongqing, Wuhan, Suzhou, Xi’an, Tianjin, Nanjing, Zhengzhou, Changsha, Shenyang, Qingdao,
Ningbo, Dongguan, and Wuxi) [14]. As one of the second new first-tier cities in China, the speed
of urban expansion and urban population growth in Hangzhou are also astonishing. From 1990 to
2010, the total population in Hangzhou increased dramatically, from 5.8 million to 8.7 million [15,16].
Some researchers have found that the increase of built-up land in Hangzhou was due to the decline of
forest and farmland [17–19]. The decrease of forest and cropland resulted in numerous side effects to
the development of environment [7–10]. According to the study of Tian et al. (2015) [18], the areas
of farmland and forest in Hangzhou were 3551 km2 and 11,540 km2 in 2000, respectively. The areas
of farmland and forest decreased to 3284 km2 and 11,486 km2 in 2010. The area of construction land
in Hangzhou increased from 539 km2 in 2000 to 853 km2 in 2010. The areas of grassland and water
were about 380 km2 and 1030 km2 in both 2000 and 2010 [18]. In light of the challenges of rapid
growth of urban areas and population, a long-term change detection of land use and land cover
(LULC) in Hangzhou from satellite images will provide a reference for future urban planning and the
development of other cities in China.

As a study of land surface change, LUCC is an intrinsically multidisciplinary science which draws
the attention of scientists and researchers from various fields (such as social sciences, climatology,
geography, geo-information system (GIS), and remote sensing etc.) [20]. Land use and land cover
are often interact with each other, in the sense that land use mainly describes the effect of human
activities on the earth, while land cover represents natural features on land surface [20]. Since 1990,
the research of land-use change has aroused more and more focus from governments, organizations,
and scientists all around the world [21–24]. Considering the significance of land use change to the
world environment and sustainable development, LUCC, a cooperative core project, was launched by
the Human Dimensions of Global Environmental Change Programme (HDP) and the International
Geosphere-Biosphere Programme (IGBP) [22–24], in which there is also a Research Plan promulgated
by them [22–24].

In fact, there is a large quantity of research on land use change both at home and abroad [22–25].
However, most of these studies merely focus on spatial patterns and temporal variation. For instance,
Reidsma et al. applied land use intensity in Europe (2000) and attempted to explore future trends
by analyzing the land use change of farms, and then assigning to different grades of farms [22].
Honnay et al. found that plant diversity was related to landscape structure and the complexity
index [23], for which the relationship between land use change and plant species in the 4 km × 4 km
grid cells was examined in the Flanders region of Belgium [23]. Another example is that the land use
change of vegetation types has been applied to the Variable Infiltration Capacity (VIC) hydrology
model [24] in the Great Lakes region. In addition, the land use change can be applied to assess the
emissions of greenhouse gases by using a global agricultural model in America [25]. Although there
were many previous studies of land use change detection and application, there have been few studies
on land use changes in rapid developing cities [26–28].

There were lots of approaches for land use change studies, such as Cellular Automata models
(CA), Multi-agent System, Markov chain analysis (also called transition matrix), Logistic Regression,
Expert Models, and Evolutionary Models, which are widely used by researchers all around the world.
For instance, Li and Yeh explored the evolution of multiple land uses in North America by the cellular
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automatic method [29]. Deadman et al. analyzed the land use change in family farms in the Amazon
Rainforest by the simulation of a Multi-agent System [30]. Liu et al. studied the spatial features of land
use in China by the land-use dynamic degree model with Landsat TM digital images in 1995/1996
and 1999/2000 [31]. Weng et al. applied satellite data and Markov modeling to analyze land use
change in the Zhujiang Delta of China [32] and in the Niagara Region, Ontario, Canada [33], as well
as in Beijing from 1986 to 2001 [34]. Recently, some new models have been developed and applied to
perform better than those traditional models, such as the temporally-weighted logit model (GTWLM),
the spatio-temporal panel logit model (ST-PLM), and the generalized spatio-temporal logit model
(GSTLM) [32–34].

There are many studies and methods about land use change, but studies that focused on
rapidly-developing cities for long-term detection are still lacking, especially for those cities which
are not first-tier in China. Most cities in China show a lack of scientific and rigorous land use change
monitoring based on remote sensing and new technologies, while these cities are still facing the
challenges of rapid urbanization. Therefore, the objectives of this study focused on analyzing the
spatial patterns and temporal variation of land use change in the long term, with a case study in
Hangzhou, China. Satellite Landsat TM images covering Hangzhou from 1990 to 2017 were classified
into four types of land use and cover (i.e., built-up area, rural area, forest, and water), and their
changes were compared using the Markov matrix. The comparison shows that the changes of land use
have been varied among different periods in Hangzhou over past three decades. The results provide
reference data support for Hangzhou’s further urban studies, and should be beneficial for future urban
planning and management in Hangzhou, and in other similar cities in China.

2. Materials and Methods

2.1. Study Area

Hangzhou (E 118◦21′–120◦30′, N 29◦11′–30◦33′), the capital of Zhejiang Province, is located
in the north of the southeast coast of China and north of Zhejiang Province [35]. As shown in
Figure 1, Hangzhou is located on the western edge of Hangzhou Bay and Shaoxing city, northeast of
Quzhou city and Huangshan city (Anhui Province), south of Huzhou city and Jiaxing city, southeast of
Xuancheng city (Anhui Province) [36]. Covering a total area of approximately 16,853 square kilometers,
Hangzhou ranks as the second biggest city in Zhengjiang Province. There are 9 municipal districts
(Gongshu, Shangcheng, Xiacheng, Jianggan, Xihu, Binjiang, Xiaoshan, Yuhang, Fuyang), 2 counties
(Tonglu, Chun’an), and 2 county-level cities (Li’an, Jiande) in Hangzhou at present. Fuyang district
was established on 13 December 2014, instead of Fuyang county-level city, which was approved by
the China’s State Council [36]. In this study, the urban area (9 municipal districts, 5205.27 square
kilometers) is the study area because the land use change in it was more obvious and dramatic than
that in the countryside during the study period of time (1990–2017).

Having a long history, Hangzhou is listed as one of the China’s seven ancient capitals. Because of
the beautiful scenery in the area of the West Lake, it is also known as “an earthly paradise” in
China, and attracts a lot of tourists, including poets and artists. In addition, Hangzhou was an
important commercial distribution center in history because of the convenience of the Beijing Hangzhou
Great Canal and its trading ports, as well as its own developed silk and grain-processing industries.
In the 21st century, with the promotion of high-tech enterprises such as Alibaba (a famous hi-tech
and internet company in China) and other enterprises, Hangzhou is famous as one of the most
important e-commerce centers in China. What’s more, it is also the political, economic, cultural,
educational, transportation, and financial center in Zhejiang Province. By the end of 2017, the total
GDP in Hangzhou was 12,556 billion yuan, which is 8% more than that of 2016.
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Figure 1. Location of study area in Hangzhou, China.

Nowadays, as the second new first-tier city, Hangzhou is facing the coexistence of opportunity
and challenge. Since the 2016 G20 Summit was held in Hangzhou, the Chinese government decided to
build Hangzhou into a world famous city. High-tech enterprises attract more and more young people,
which led to a dramatic increase in the urban population. By the end of 2017, the resident population
in Hangzhou was about 9.5 million; it increased 280,000 in just one year. What’s more, the urban area
of Hangzhou also expanded because of the development of county towns. There is no doubt that
rapid growth of the urban area and population will bring a great deal of urban and environmental
problems. The rapid economic development and frequent human activities in Hangzhou boost the
urbanization, as various infrastructures were built so as to be compatible with the development
of different industries [37,38]. For example, railways, airports, and highways were required to be
upgraded, or the number of these infrastructures had to be increased [39]. Hence, a scientific and
rigorous study of land use change in its urban area over a long period, i.e., from 1990 to 2017,
will contribute to the future development of Hangzhou as a world famous city.

2.2. Data Collection

In order to analyze the spatial patterns in the Hangzhou urban area from 1990 to 2017 based on
remote sensing, Landsat TM images should be chosen in almost the same season (the date intervals are
ideal with no more than one month between dates). What’s more, the time intervals among the selected
years should also be as equal as possible. In addition, the interference of sky clouds should also be
considered when selecting Landsat TM images. After considering all these requirements, the images
on 8 October 1990, 11 October 1997, 14 October 2004, 31 October 2010 and 3 November 2017 (Figure 2)
were selected as data sources; detailed information is shown in Table 1.
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Figure 2. Landsat TM images in Hangzhou urban area from 1990 to 2017.

Table 1. Data sources information in this study.

Date Type of Image No. of Bands Sun Elevation
(degree)

Sun Azimuth
(degree)

8 October 1990 TM 6 44.38789220 137.22180616
11 October 1997 TM 6 45.42697568 142.52459223
14 October 2004 TM 6 45.83292862 147.08323317
31 October 2010 TM 6 41.42500448 152.91220365

3 November 2017 TM 7 41.43678741 156.63973651

2.3. Methods

In order to analyze land use change in Hangzhou from 1990 to 2017, image preprocessing is
essential at the very beginning. After the images are cut according to the boundary line of Hangzhou
urban area, land use classification maps will be the preliminary results of supervised classification,
in which land use is divided into four types: built up areas (including urban fabric, industrial units,
commercial buildings, transportation infrastructures, dump and construction sites, green urban areas,
and leisure facilities), rural areas (includes cropland, paddy land, fish ponds and some scattered small
village houses), forest, and water bodies. After post-processing, the land use classification maps were
truly complete, and it is easy to see the changes in the values of different land use types in different
years. Finally, a Markov matrix analysis of land use will be used to describe the change process.

2.3.1. Images Classification by the Method of Supervised Classification

In general, the classification methods of remote sensing images are mainly divided into supervised
and unsupervised classification [40]. In this study, the method of supervised classification will be
used to classify the land use types in Hangzhou urban area. Supervised classification is also called
training classification; it is the process of identifying other unknown pixels with the recognized
sample pixels. In this sort of classification, a certain number of training areas are selected for each
category on the image [40]. By calculating this, each pixel and training samples are compared,
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and the most similar pixels are classified into the same sample-classes according to different rules.
The main process of supervised classification comprises the following: (1) selecting feature bands
and training areas; (2) selecting an algorithm; (3) classifying the image; (4) post-processing of image
classification; (5) evaluating classification accuracy. In the second step, there are many different
algorithms of supervised classification. Some of them are based on traditional statistical analysis,
such as parallelepiped classification, minimum distance method, mahalanobis distance classification,
and maximum likelihood classification. In addition, this includes neural networks, support vector
machines, and spectral angle mapper classification etc. In this study, the support vector machine is
chosen as the algorithm for land use change classification.

The support vector machine (SVM) for classification was first proposed by Corinna Cortes and
Vladimir Vapnik in 1995 [41]. Structural risk theory, two optimization theory, and kernel space
theory are the three basic theories of SVM. In general, SVM is a two-class classification model whose
basic model is defined as a linear classifier with the largest interval in the feature space. That is
to say, the learning strategy of the support vector machine is to maximize the interval, and finally,
to transform it into a convex, two-degree programming problem. SVM provides a meaningful line of
function complexity which is independent from the dimension of the problem. Using the pre-defined
nonlinear transform function set, the vector is mapped to the high dimensional feature space, and the
optimal hyperplane is generated according to the gap maximization principle of the support vector
and the decision surface; then, the linear decision boundary of the high dimensional feature space is
mapped to the nonlinear decision boundary of the input space [42]. SVM can automatically find the
support vectors that have the ability to distinguish the classification, and thus, construct the classifier,
thereby maximizing the interval between classes and classes, and having better generalization and
higher classification accuracy.

A total of 150 training sites were manually selected by a region of interest (ROI) tool in ENVI
for each image, to make sure that all spectral categories of land use are adequately expressed in the
process of classification. What’s more, according to Google Maps and existing land use maps in
Hangzhou urban area from 1990 to 2017, 50 training sites were chosen as samples to check the accuracy
of classification by confusion matrix using ground truth ROIs in the post classification step.

In order to determine the accuracy and reliability of the classification, it is essential to evaluate the
classification results. There are two methods to verify accuracy of classification: one is the confusion
matrix, which is more commonly used; the other is a ROC (receiver operating characteristic) curve,
which is more abstract with image expression. Overall classification accuracy and Kappa coefficient are
the main evaluation indexes of the confusion matrix; a simple sample of a confusion matrix is shown
in Table 2. Among them, overall classification accuracy equals the ratio of the number of correctly
classified pixels (located in the diagonal of the confusion matrix table) to total pixels. The kappa
coefficient was first proposed as a new tool by Jacob Cohen in 1960 [43–47]. The computational
formulas of Cohen kappa coefficient is shown as Formulas (1)–(3).

K =
Po − Pe

1− Pe
= 1− 1− Po

1− Pe
(1)

Po =
a + b

a + b + c + d
(2)

Pe = PYes + PNo =
a + b

a + b + c + d
• a + c

a + b + c + d
+

c + d
a + b + c + d

• b + d
a + b + c + d

(3)

where, Po is the overall classification accuracy which equals the ratio of the number of correctly
classified pixels to total pixels, Pe is the overall random agreement possibility, PYes is the expected
possibility that both are “Yes” at random, and PNo is the expected possibility that both are “No”
at random.
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The value range of K is from−1 to 1, but K usually falls within the range from 0 to 1. What’s more,
it can be divided into five groups to represent different levels of consistency: 1© slight, 0.0–0.20; 2© fair,
0.21–0.40; 3©moderate, 0.41–0.60; 4© substantial, 0.61–0.80; 5© almost perfect, 0.81–1 [48].

Table 2. Sample of confusion matrix.

B

Yes No

A
Yes a b
No c d

2.3.2. Analysis of Land Use Change Process by the Method of Markov Matrix

The finite first-order Markov process is a random process with the property that the value Xt at
time t only depends on the value Xt−1 at time t − 1, and it is not related to the values of Xt−2, ..., X0.
It is shown as follows:

P
{

Xt = aj|X0 = a0, X1 = a1,...,Xt−1 = ai
}
= P

{
Xt = aj|Xt−1 = ai

}
(4)

where t = 0, 1, 2, ...
The possibility of a land use change from ai to aj in a period of time is a one-step transition

possibility, P{Xt = aj|Xt−1 = ai}. When there is a homogeneous Markov chain [45], the transition
possibility is shown as follows:

P
{

Xt = aj|Xt−1 = ai
}
= Pij (5)

and the transition possibility can be evaluated by the following formula:

Pij =
nij

ni
(6)

where nij is the number of times that the land use changed from state i to j, and ni is the number of
times that land use type ai happened.

Considering all transition possibilities among all states, a transition matrix is proposed as follows:

P =


p11 p12 · · · p1m
p21 p22 · · · p2m

...
...

. . .
...

pm1 pm2 · · · pmn

 (7)

So the transition matrix in n steps is easy to find by this formula:

P(n) = Pn (8)

3. Results

3.1. Classification Results from 1990 to 2017

After post-processing of image classification, the land use classification maps from 1990 to 2017 in
Hangzhou are shown in Figure 3.
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Figure 3. The land use classification maps from 1990 to 2017 in Hangzhou urban area.

It is obvious that land use has changed dramatically from 1990 to 2017 in the Hangzhou urban area.
From 1990 to 1997, there were two obvious changes: one was the expansion of forest area, and the other
was the small area reclamation project in Hangzhou Bay. Until 2004, there were no dramatic changes,
except slight expansion of built up area and decrease of rural area. By 2010, the built-up area boomed
rapidly, and the center was mainly concentrated around the West Lake. Comparing the classification
map from 2010 with that of 2017, it is easy to find that the built up area began to spread to the Xiaoshan
District, and the too-dense situation of the original built up area around the West Lake was also
improved. Obviously, the urban fabric of Hangzhou was integrated from 2010 to 2017.

3.2. Classification Accuracy

By the method of confusion matrix using ground truth ROIs with 50 training sites as samples,
the results of classification accuracy for land use in Hangzhou urban area from 1990 to 2017 are shown
in Table 3.

Table 3. Results of classification accuracy for land use in Hangzhou urban area.

Landsat TM Images Overall Classification Accuracy Kappa Coefficient

1990 97.6105% 0.9621
1997 99.3119% 0.9894
2004 96.3759% 0.9444
2010 98.1455% 0.9718
2017 92.6960% 0.8941

According to Table 3, it is obvious that the overall classification accuracies in 1990, 1997, 2004,
2010, and 2017 are over 90%. In addition, the Kappa coefficients in 1990, 1997, 2004, 2010, and 2017 are
over 0.89, which means the results of the supervised classification are almost perfect according to the
levels rules mentioned in the methodology.
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3.3. Markov Matrix

The variation and percentage of each land use category in two years can reflect the degree of land
use change in this period. In the study of land use change, a Markov matrix is a general method [45]
to analyze the land use change of different types during a period of time as shown in Figure 4.
Using the tool of confusion matrix using ground truth image in ENVI, the classification results of 1990
and 1997, 1997 and 2004, 2004 and 2010, 2010 and 2017, and 1990 and 2017 are compared with each
other. In order to compare the total land use change of different types in different years, the results of
Markov matrix are summarized in Table 4.

Table 4. Summary of land use change results from 1990 to 2017.

Years and Change
Land Use Type

Forest Built up Area Rural Area Water Body

1997
(compared
with 1990)

Into the area (km2) 1990.44 137.93 2853.50 223.41
Out of the area (km2) 1660.96 93.15 3170.12 281.04

Change area (km2) 329.47 44.77 −316.62 −57.64
Change percentage (%) 19.836 48.063 −9.988 −20.508

2004
(compared
with 1997)

Into the area (km2) 2061.85 199.47 2713.24 230.71
Out of the area (km2) 1990.44 137.93 2853.50 223.41

Change area (km2) 71.42 61.54 −140.26 7.30
Change percentage (%) 3.588 44.620 −4.915 3.269

2010
(compared
with 2004)

Into the area (km2) 2211.06 1050.55 1673.74 269.93
Out of the area (km2) 2061.85 199.47 2713.24 230.71

Change area (km2) 149.20 851.08 −1039.50 39.22
Change percentage (%) 7.236 426.667 −38.312 17.000

2017
(compared
with 2010)

Into the area (km2) 2004.83 905.23 2057.79 237.43
Out of the area (km2) 2211.06 1050.55 1673.74 269.93

Change area (km2) −206.23 −145.32 384.05 −32.50
Change percentage (%) −9.327 −13.833 22.946 −12.039

2017
(compared
with 1990)

Into the area (km2) 2004.83 905.23 2057.79 237.43
Out of the area (km2) 1660.96 93.15 3170.12 281.04

Change area (km2) 343.86 812.07 −1112.33 −43.61
Change percentage (%) 20.703 871.749 −35.088 −15.518
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4. Discussion

According to Table 4 and Figure 4, it is clear that transition values (including area and percentage)
are various among land types in different years. By analyzing these changes of land use types and
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comparing them with planning, policies, regulations, and natural conditions at that time, the factors
causing these land use changes are summarized.

4.1. Analysis of Land Use Change from 1990 to 1997

The area of water bodies decreased by 57.64 km2 (20.508%), while retaining 214.78 km2 (76.423%)
from 1990 to 1997. About 59.26 km2 of water bodies were transformed into rural areas. This may be
related to the reclamation project in Hangzhou Bay, which is obvious in Figure 3. It may also be have
been affected by the 1997 drought in China [49,50]. Furthermore, the forest area increased 329.47 km2

(19.836%), and the land type which is mainly converted into forest is rural area, which transformed
415.60 km2 (13.110%) into forest. There is no doubt that the changes between forest and rural areas
are related to artificial afforestation initiated and implemented by the Chinese local government [51].
Finally, built-up areas increased by 44.77 km2 (48.063%) until 1997 in the initial stage of the process of
urbanization [52].

4.2. Analysis of Land Use Change from 1997 to 2004

Except for built up areas, the changes of other types of land use are less than 5%. The increase
area of built-up areas in Hangzhou from 1997 to 2004 is 61.54 km2 (44.620%), which is similar to the
change of the previous period [53]. At this time, the local government introduced no new regulations
to limit the use of rural areas to be converted into urban areas [54].

4.3. Analysis of Land Use Change from 2004 to 2010

It is obvious that built up areas increased rapidly by 851.08 km2 (426.667%), and that rural areas
were the majority of all converted land into built up areas, although it was during the period of Global
Economic Crisis. Definitely, the rapid expansion of urban areas was due to the policy of encouraging
the rural population to live and work in cities [53]. At the same time, China’s GDP growth was more
than 10% per year during this period [55]. Moreover, the forest area increased by 149.20 km2 (7.236%),
which was also transformed from rural areas [56]. In other words, when most of the rural land is
converted into urban land, part of the rural land has been transformed into forest [57]. This is because
the Chinese central government released a new regulation to change rural farmland into forest in the
early 2000’s [57,58].

4.4. Analysis of Land Use Change from 2010 to 2017

In contrast to previous periods of time, built-up area decreased by 145.32 km2 (13.833%) from
2010 to 2017. According to the master plan of Hangzhou and Figure 3, although the total amount
of built-up area declined; the radiation range of the city has become larger because of scientific and
systematic urban planning, in which the originally-dense city was transformed into a garden city with
large area of green spaces and parks [59–62]. Compared to blindly focusing on the quantity in the past
20 years, China’s government has begun to pay close attention to the quality of city construction and
planning. At the same time, China’s GDP growth has also begun to slow down, to make the urban
planning more reasonable and suitable for people living in cities such as Hangzhou, China [63–66].

5. Conclusions

This article presents a case study for detecting land use changes in a rapid developing city from
1990–2017 using satellite imagery in Hangzhou, China. With the improvement of urbanization levels,
land-use types are changing by human activities dramatically. In China, an obvious area of land use
change is in the mega-cities, especially in first-tier cities and new first-tier cities, such as Hangzhou.

As one of the rapidly-developing first-tier cities in China, Hangzhou has experienced a great
change of land use types during the past three decades. Detecting land use change over a designated
period is beneficial for understanding the urbanization process in Hangzhou, and exercising more
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informed urban management and planning. In this study, we detected land use changes from 1990 to
2017 in the Hangzhou urban area using a method of supervised classification with Landsat TM images
of 1990, 1997, 2004, 2010, and 2017. The results showed that from 1990 to 2017, a great deal of rural
areas were transformed into built-up areas in Hangzhou urban area. Consequently, the urban area of
Hangzhou increased eight times from 1990 to 2017. This may imply that such a big change is directly
related to Chinese governmental policy, of which the main factor is rapidly-developing urbanization
in Hangzhou and other similar cities. Thus, it is believed that China’s land use changes are going to be
small over the following decades. This may indicate that China’s urban construction is slowing down,
while its urban planning is being shifted from construction to management.
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