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Abstract. The United Nations predicts that by 2050, 64.1% of the developing world and 85.9% of the
developed world will be urbanized. This has resulted in a rapid change in land use and land cover
types in the areas surrounding cities in all countries, particularly in China, which determines the
relevance of this article. The aim of the study was to evaluate the dynamics of land cover change in
Changsha City, Hunan Province, China, between 2005 and 2020, using Landsat time series satellite
images and the Random Forest classification algorithm. The data acquisition, pre-processing, and
analysis were conducted on the Google Earth Engine (GEE) publicly available online platform.
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Land cover thematic continuous raster maps were produced using ESRI ArcGIS 10.5.1 software.
The overall classification accuracy was obtained by more than 83% for every produced map and the
Kappa coefficient was 0.84 and higher, which approves the reliable classification results that are
close to similar recent studies in terms of obtained accuracy. The study shows that from 2005 to
2020, the area of settlement in Changsha City, China, increased significantly, with an exponential
increase in urban area from 3.23% to 15.95%. The proportion of forest cover gradually decreased
from 2005 to 2015 but increased from 2015 to 2020. Cropland was the second most dominant land
cover type, with a peak of almost 50% in 2010. Water bodies remained stable at around 3%. The
proportion of open soil and bare land cover fluctuated between 180 and 400 km2 (1.5-3%). The
study suggests that the offered monitoring approach provides reliable results, and the research
findings can be used for sustainable urban planning and management, as well as conservation and
development initiatives. The remote sensing data and advanced GIS technologies can provide
decision-makers with the accurate data to ensure sustainable development in this area

Keywords: accuracy estimation; Random Forest algorithm; satellite imagery; overall accuracy;

urban expansion

Introduction

As the capital city of Hunan province and one
of the most important cities in central China,
Changsha has expanded at an astounding speed
in recent years (Zhou & He, 2007). According to
S. Su et al. (2011) urban expansion not only fa-
cilitates people’s life, but also causes a series
of environmental, transportation and climate
problems; thus, affecting agriculture (Seto et
al., 2000), water resources and natural envi-
ronment (Zhang et al., 2010), even accelerating
the spread of diseases (Miao & Wu, 2016) and
bringing multiple challenges to urban plan-
ning and management (Batty, 2008). Y. Liu et al.
(2021) analysed the urban expansion dynamics
of the Xiaonan District in Hubei Province, Chi-
na using Landsat satellite imagery and land-
scape metrics. The results showed that urban
areas expanded rapidly during the period 1990-
2020, and the expansion was accompanied by
significant changes in landscape pattern and
fragmentation. The study highlighted the im-
portance of considering both the extent and
pattern of urban expansion in urban planning
and management.

Based onremote sensing (RS),as a non-con-
tact technology, LULC thematic surface cover
maps can be produced, including woodland, wa-
ter, build-up areas and other categories. P. Co-
rona (2010) proved that LULC distribution data
can be widely applied in assessing environment
and monitoring work, such as Climate change,
food security, agricultural statistics (Kolotii et
al., 2015; Ma et al., 2015) and so on. Reliable
urban LULC maps can be used in more accu-
rate urbanization process assessment and area
calculation on a regional scale, which guides
more effective urban planning policies. At pres-
ent, various satellite systems provide objective,
high spatial resolution data on a regular basis.

However, D.P. Roy et al. (2014) described in
their work that public available medium reso-
lution Landsat imagery, because of their con-
tinuity and long observation history, allows to
regularly evaluate LULC changes in large areas.
J. Friedmann (2003) concluded that under the
background of the rise of Central China, the
study on the expansion mechanisms of urban
construction land in Changsha city can not only
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provide a reference for other cities of Central
China to achieve sustainable development and
formulate relevant policies, but also provide a
case study to reveal trends of urban expansion
in China. Therefore, it is crucial to study the
scope and speed of urban expansion, as well as
the dynamic changes of land use and land cover
(LULC) in the city.

Using time series of Landsat imagery re-
ceived during one calendar year or longer, var-
ious tasks of the thematic classification can
be solved. Thus, the annual set of images can
provide information about LULC changes of
study area. Given the large number of variables
(bands and band ratios) required, non-para-
metric methods of classification provide reli-
able results without the assumption that the
data must have normal distribution character.

The purpose was to analyse based on mul-
tispectral satellite imagery and random forest
method, the LULC distribution map of Chang-
sha over recent 15 years period, as well as the
spatial and temporal characteristics of the
expansion of construction land. Based on the
above mentioned, the tasks for this study were:
to perform pixel based classification of Land-
sat time-series image composites and produce
Land cover raster maps for years 2005, 2010,
2015, and 2020 within Changsha city admin-
istrative unit using Random Forest supervised
classification algorithm; to determine the rela-
tionship between urban growth, agriculture and
forest cover dynamics; to assess the accuracy of
the obtained mapping materials and compare
them with other sources and similar studies.

Literature Review

China is the country that started urbanization
the earliest, develop urbanization slowly until
decades ago and develop fast recently. J. Fried-
mann (2011) evaluates the rapid urbanization
process of China as “urbanizing at breakneck
speed”. The number of cities has increased from

122 (in year 1950) to 674 now and the number
of towns has increased from 2176 (in 1978)
(Martinez et al., 2017) to 16702 now.

X. Chen et al. (2015) described the rapid
urbanization process not only accumulates na-
tional wealth, but also caused some land use,
environmental and social problems in China.
On social issues, over-speed urbanization has
led to a phenomenon that the rural floating
population only participates in the secondary
labour of cities but can’t really integrate into
the culture, society and system of urban area,
which is called “semi-urbanization”, a sub-
health state of the cities. On environmental
issues, M. Jin et al. (2005), J. Zhang et al. (2010)
found that environmental degradation such as
deforestation, traffic pollution, microclimate
change and so on were unavoidable in the
process of urbanization. On land use issues,
ever-increasing urban area has spread at an
astounding rate in recent decade, however, at
cropland’s expense. From 1949 to 1980, almost
14667 km? decreased during the 30 years. H. Li
et al. (2015) researched that during the next 15
years (from 1981 to 1995), the net loss of arable
land was more than 54000 km?.

The reasonable use of urban land can limit
the over-speed of urban expansion and nega-
tive impacts. In order to make China’s urban-
ization process in an appropriate way, people
need to start with the driving force of urbani-
zation and regulate it. L. Feng et al. (2017) has
referred to numerous literatures and selected 4
indicators as independent variables. Through
the calculation of multiple linear regression
model, it is found that market force (market) is
the most important driving force, followed by
endogenous force (grassroots government or
farmers), administrative force (government’s
capital policy) and extroverted force (foreign
capital) (Chaolin et al., 2012).Y. Yan et al. (2020)
used Landsat images to extract land cover in-
formation and analyse spatiotemporal patterns
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of urban expansion in the Pearl River Delta ur-
ban agglomeration in China. This study reveals
that economic development, transportation
infrastructure, and population growth were the
main drivers of urban expansion in the area.

The fact that the endogenous force is great-
er than the exogenous force indicates that Chi-
na’s urbanization is mainly dominated by inter-
nal factors although the world has entered the
global era (Luo & Yan, 2018). Hence, it is impor-
tant to know the land use and land cover change
(LULC) to support the government to adopt
suitable land use and distribution policies.

Land use shows how people use landscape,
whether for development, conservation or
mixed function (Lambin et al., 2001). Land cov-
er means that the undulating land surface (in-
cluding the soil layer) covered with vegetation,
snow, glaciers, or water (Lin et al., 2018). Land
cover has also been defined that vegetation
or other features overlay on the earth surface
(Song & Deng, 2017).

X. Lambin et al. (2001) stated that the re-
mote sensing image classification is an impor-
tant content of image analysis, which is used
to estimate the area range and spatial distribu-
tion of various types of land cover, even wide-
ly applied in tropical deforestation, rangeland
modifications, agricultural intensification etc.
It uses computers and software to analyse the
spatial information and spectral information of
different objects in the image, select features,
then divide the feature space into non-overlap-
ping subspaces and finally assign each pixel in
the image to the subspace (Ayanu et al., 2015).

N. Puletti et al. (2014) found that according
to the classified data of training samples are
known or not, image classification algorithms
can be divided into supervised classification
and unsupervised classification. The Unsu-
pervised classification has no pre-confirmed
categories so that training data cannot be es-
tablished. The classification is based on the

difference of spectral features or other features
of different images and ground objects in the
feature space and the clustering statistical anal-
ysis of images can be carried out by computers.

The supervised classification of remote
sensing imagery is a process which includes an
extraction from training samples of each class
from the known training field, and classify each
pixel point in the image into each given class by
selecting characteristic variables, determining
discriminant function or discriminant. It refers
to the process that identified pixels (pixel in
the training area) recognize and analyse unrec-
ognized pixels. In this classification, a certain
number of each class on the image is selected,
and based on them, the statistics or other in-
formation of each training sample area will be
calculated by computers which was discussed
by Y. Ayanu et al. (2015). Specifically, each pixel
is compared with the training sample.

There are many supervised classification
algorithms (classifiers). Nowadays, most com-
monly used non-parametric algorithms based
on machine learning principles such as Ran-
dom Forest, Support Vector Machine, Classifi-
cation and Regression Trees, Neural Networks
etc. Random forest (RF) was firstly input by
L. Breiman (2001) in 2001. It is a powerful image
classification technology with anti-overfitting
ability, which can process segmented images
and other auxiliary raster data sets. The princi-
ple and procedure are described following: The
total data set consists of all training data, 2/3
training samples of it are extracted as training
set. Next, the training set is put back and then
the next random sampling is conducted (Sim-
ple random sampling with replacement) until
the “N” time, to obtain N training sets (decision
trees), which is called Bagging principle in the
research conducted by V. Eisavi et al. (2015).
We assume that these N training sets contain
M feature variables totally (training feature
files). Then m feature variables are extracted
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from each decision tree (m<M) and every result
is finished. The result with the highest number
of repeats (voting method) from N results be-
comes the final prediction result. In each sam-
ple, about 1/3 training samples which are not
selected, and called as out-of-bag (OOB). OOB
can be used to estimate the internal error and
generate OOB error, which is used to predict
the accuracy of classification (He et al., 2016).
For the successful application of RF classifier,
two parameters must be set: the number of
classification trees (ntree) and the number of
input variables used at each node (mtry).

From the first RS satellite Landsat 1 which
was launched in 1972, in past decades, with the
improvement of Remote sensing (RS) and Ge-
ographic Information System (GIS) technology,
many advanced classification methods, land
use and land cover change maps have been
produced based on Landsat imagery analysis
provided by R. Welch et al. (1975). M. Kutia et
al. (2018) in their study utilised the Google
earth engine (GEE) as a cloud-based platform
for scientific analysis and free access for satel-
lite imageries. It stores decades-old images and
scientific datasets (at petabyte-scale). In 2008,
with the free availability of the Landsat series,
Google archived all datasets and linked them to

the cloud computing engine, for acquisition of
open-source data according to O. Firpi (2016).
The GEE computing engine provides both Ja-
vaScript and Python application programming
interfaces (apis) that is allowed to easily devel-
op algorithms that work in parallel on a Google
data computer facility.

Materials and Methods

Study area. Changsha is the capital and most
populous city of Hunan province (27°51'-
28°41'N, 111°53-114°15'E) (Fig. 1) in the
south-central part of the People’s Republic
of China, covering approximately 11 819 km?
(about 230 kilometers long from east to west
and 88 kilometers wide from south to north).
Also, it is an important central city in the mid-
dle reaches of the Yangtze River. It is about 118-
127 days in summer, 117-122 days in winter, and
61-64 days in spring and 59-69 days in autumn
(Zhou & He, 2007). Changsha has a subtropi-
cal monsoon climate. The annual average high
temperature is 22.0°C and the low is 13.3°C.
The annual rainfall is around 1615.4 mm. The
average annual air pressure is 101 thousand
PPA. The average annual sunshine period is
1640-1700 hours and the relative humidity is
81% (Yao et al., 2018).

Figure 1. The location of Changsha City in Hunan Province, P.R. of China
Source: Esri, Maxar, Earthstar Geographics, and the GIS User Community
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It is surrounded by mountains which are
relatively high at both the northeast and north-
west; while the central part is gentle, therefore
looking likes a saddleback. Xiangjiang River
runs through the central part from the south
to the north, and the southern part is hilly and
undulating, in contrast, the northern part is flat
and open (Tse-Tung, 2017). Red soil and pad-
dy soil is main soil in Changsha, accounting for
70% and 25% of the total soil area respectively
(Tian et al., 2017). Xiangjiang River is the main
river of Changsha and there are 15 tributaries
flowing into it, including Liuyang River, Laodao
River, Jinjiang River and so on. There are abun-
dant water resources. Water does not freeze in
winter and contains little sand (Tian et al., 2018).

Training data creation and remote sensing
imagery acquisition. The boundary of Chang-
sha is acquired from open source GADM data.
(n.d.) which contains World countries boundary
as a vector ESRI shp files. Given the large area
of Changsha city a big size of training data is
required to achieve a satisfied classification ac-
curacy. Firstly, the systematic sampling design
was carried out within the official Changsha
city boundary which includes most common
land cover types, and the distance between each
sampling point is set as 10x10 km. For each year
of observation, authors have created 106 poly-
gons (as a buffer around each sampling point)
with 5 cover classes: cropland, forest, open soil
or bare land, settlement areas, and water bod-
ies. Using the designed network of sampling
points the training polygons of different land
cover types were drawn in Google Earth Pro
software using time slider tool in order to select
the background imagery for the indicated time
(year). Using zooming tool, authors carefully
analysed land cover types and drawn training
polygons. Given that, it was prepared the data-
set of training polygons for each year of study
that cover a considerably big number of pixels as

follows: 2005 - 15631 pixels; 2010 - 16345 pix-
els, 2015 — 14765 pixels; and 2020 — 18851 pix-
els respectively. The minimum number of pix-
els (856) were observed for the smallest land
cover class — open soil or bare land, the rest of
classes were represented with the more than
1000 reference pixels. The generated refer-
ence polygons were converted into vector layer
then imported into Google Earth Engine plat-
form and ArcGIS software for further analysis.

There are various classification standards
of LULC types, such as the criteria provided
by United Nations, Natural Resources Defense
Council (NRDC), U.S. Geological Survey (USGS)
and so on. For our study the main purpose was
to locate the land cover changes especially set-
tlement areas, woodlands and croplands, the
five-fold LULC class system was selected with
the following classes:

% Cropland. Cropland includes most flat
areas and some steep slopes where a variety
of food crops and some low height grass veg-
etation are grown, either feed on rainwater or
irrigation. In Changsha, irrigation is a common
practice, because there are significant seasonal
differences in rainfall, mainly in the spring.

% Forest. Forest is the area dominated by
woody plants, also including other plants, ani-
mals, microorganisms. It has abundant species,
complex structure and various functions. The
shrublands has been also included into this
land cover category.

% Open soil and bare land (also named as
“Other land” in this manuscript). Other land
mainly includes bare land (it is not covered by
any crop, grass or any other shrub or tree spe-
cies, mainly including exposed sand, salt flats
and exposed rock or cleared territories before
construction process. (WBISPP, 2002).

% Settlements. It is a large residential
area formed by non-agricultural industry and
non-agricultural population agglomeration,
usually have a dense population. This category
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includes both urban land and rural settlements
(Esetlili & Sunar, 2017).

<% Water bodies. It is the general term for
the liquid that forms the surface of the earth
in nature. It includes rivers, oceans, glaciers,
lakes, marshes, and other surface water bodies.
The water cover type in Changsha is represent-
ed mainly in the form of rivers, irrigation ca-
nals, and lakes.

Based on this classification scheme, the
training polygons have been created. It should
be noticeable the number of polygons in a class
must be corresponding to the real area of that
class, which means that the larger the area, the
more polygons are taken in the class, and vice
versa. The size of each polygon was chosen with
the assumption that each polygon must cover
at least 10 pixels of Landsat image (30x30 m).
Polygons should be a convex shape, not a con-
cave one. Also, polygons should be drawn in the
middle of the class, as far as possible away from
edge to avoid possible confusions during train-
ing the classifier procedure.

Compilation of the remote sensing data
was performed using the Google Earth En-
gine API (GEE). GEE uses state-of-the-art
cloud-computing and storage capabilities that
have been archived in a large catalogue of
earth observation data. It is highly efficient to
work on petabytes of satellite imagery rapidly
using parallel cloud computing on the Google
servers. GEE platform works on JavaScript pro-
gramming language. Most importantly, using
GEE it was possible to develop our own script
which allowed us to apply all the necessary fil-
ters and prepare yearly Landsat image mosaics
with the median values of reflectance. Another
important advantage of the use of GEE was the
possibility to select already corrected Landsat
images. Using specifically developed algorithm
all Landsat images went through radiomet-
ric and top of atmosphere (TOA) corrections
(Midekisa et al., 2017).

In this study Landsat 7 was used for Chang-
sha city land cover classification in 2005 and
2010; Landsat 8 was used in 2015 and 2020
respectively. Landsat satellite data, that were
used in this research, are free available satellite
imageries with both moderate spatial and spec-
tral resolution without clouds. The Landsat-8
satellite payload consists of two science instru-
ments —the Operational Land Imager (OLI) and
the Thermal Infrared Sensor (TIRS). These two
sensors provide seasonal coverage of the glob-
al landmass at a spatial resolution of 30 meters
(visible, NIR, SWIR); 100 meters (thermal); and
15 meters (panchromatic). TIRS images consist
of nine spectral bands with a spatial resolution
of 30 meters for Bands 1 to 7 and 9. New band
1 (ultra-blue) is useful for coastal and aerosol
studies. New band 9 is useful for cirrus cloud
detection (Mateo-Garcia et al., 2018). The res-
olution for Band 8 (panchromatic) is 15 meters.
Thermal bands 10 and 11 are useful in provid-
ing more accurate surface temperatures and are
collected at 100 meters (Irene et al., 2017). The
images in this study were taken in 2005 (Land-
sat 7), 2010 (Landsat 7), 2015 (Landsat 8), and
2020 (Landsat 8) respectively.

To get more cloud-free images, the starting
and ending times are set to be two months be-
fore and two months after the target year. After
that, another filter was applied based on cloud
score (percentage of cloud cover on the image).
In this case images with cloud score less than
5% were selected and ranked by the principle:
lowest cloud cover on top and biggest — on the
bottom. Finally, to get yearly image composite
authors used median value of every pixel of
study area out of the selected images set. The
only 30 m resolution spectral bands and some
simple band ratios of Landsat images have been
selected for the future classification. For the
Landsat 8 authors used near infrared (NIR) and
thermal bands: Band 2 (0.45-0.52 pym), Band 3
(0.525-0.60 pm), Band 4 (0,64-0,67 um), Band 5
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(0,85-0,88 ym), Band 6 (1,57-1,65 pm), Band 7
(2,11-2,29 pm), Band 10 (10,60-11,19 um),
Band 11 (11,50-12,51 pm) as well as band ra-
tio recommended by V. Myroniuk et al. (2020)
as follows: Band 4 / Band 5, Band 4 / Band 7,
Band 5/ Band 7. Finally, the NDVI index.

As a result, the whole year image compos-
ite has been created with 11 bands ready for the
classification, based on Landsat Image time se-
ries. The same approach was applied for each
target year.

Random Forest classifier settings. The pro-
gramming script in GEE environment has been
developed by authors and run Random Forest
algorithm for the classification of study area
using training polygons and Landsat year-
ly composites for each target year 2005, 2010,
2015 and 2020 accordingly. Basic settings of RF
classifier were as follows: number of decision
trees: 500; OBB mode used; fraction of data for
each iteration: 67%; portion of training data for
error estimation: 33%; number of variables per
split in every node: 11.

Using the training datasets, authors per-
formed firstly the training accuracy estimation
of the classifier for each year. It has been ob-
tained more than 97% overall training accuracy
of the RF classification based on the reference
pixels. Having satisfied results of training over-
all accuracy it was concluded that the RF clas-
sifier is ready for the classification of the entire
study area. After the conducting the classifica-
tion procedure in GEE environment, 4 raster
classified raster images of Changsha city for the
target observation years have been produced
and then exported these rasters into ArcGIS
software for further analysis.

The next step was accuracy assessment of
the obtained raster land cover maps of Chang-
sha city at the indicated years. To do this, it is
needed to evaluate the differences between
classified data and ground truth data (accurate

data), which helps users to know if the data is
reliable or not (Stehman & Czaplewski, 1998).
In this study, authors analysed the LULC chang-
es of Changsha which is quite big area. Hence,
gathering of field references data using GPS or
aerial photos is time consuming and expensive,
therefore choose multiple resolution imagery
and Google Earth software were used. Simple
random sampling method was utilized for pre-
paring the network of validation points. The to-
tal number of points is dependent on the num-
ber of classes and sampling strategy. According
to the standard principle that the minimum re-
quired number has to be no less than 50 points
in each land cover class. In our case, having 5
classes, at least 250 validation points should
be created. As the area of interest is constant,
the number of random points is proportional to
the area of the corresponding class. Due to the
small coverage of some categories such as bare
land and water, the points covered by them are
likely to be less than 50. Hence, there were more
than 500 random points created for each year.
A standard accuracy assessment procedure was
applied by authors that requires construction of
error matrix, calculation of User’s, Producer’s,
Overall accuracy percentage, and Kappa statis-
tics (Rwanga & Ndambuki, 2017).

Results

Changsha city land cover classified raster maps.
Using ArcGIS 10.5 software and classified Land-
sat image composites previously prepared in
GEE by the described above approach, four con-
tinuous thematic land cover raster maps have
been produced of Changsha for year 2005, 2010,
2015 and 2020. The mapping results are shown
on the Figure 2.

Form the Figure 2, the Changsha urban-
ized area was divided into two parts along the
Xiangjiang River. The left riverbank mostly
represented as farmlands and the right — most-
ly forests. The highest density of buildings is
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mainly concentrated in the middle of study
area along the Xiangjiang River. From 2005 to
2010, the urban area expanded further along
Xiangjiang riverbanks where urban settlements
of Changsha originated. However, the area of
forests was taken by urban area and cropland
as the total area of Changsha did not change.
From 2010 to 2015, the newly increased ur-
ban spots were scattered across the study area

Land cover map of Changsha in 2005
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Land cover map of Changsha in 2015
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which is usually described as ‘patches’ in land-
scape field. The forest area increased slightly
during that period. From 2015 to 2020, some
patches of settlements became interconnected.
At the same time, the size of patches doubled at
cropland area’s expense. The overall layout of
Changsha showed that based on the settlement
center around Xiangjiang River, small settle-
ments spread out within the study boundary.

Land cover map of Changsha in 2010
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Land cover map of Changsha in 2020
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Figure 2. The classified land cover raster maps of Changsha city in 2005, 2010, 2015, and 2020

Source: developed by the authors

With the aim to check the accuracy of the
obtained results, authors used common ap-
proach which based on the preparation of the
sets of reference points, creation error matrix
and calculate User’s, Producer’s and Overall ac-
curacies and finally, Kappa statistics.

Accuracy assessment of the classification re-
sults. The of the accuracy assessment have
been performed according to the described
above procedure. The error matrix was cre-
ated based on the sets of specifically created
validation points for each year of observation
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(500 point for each year). The overall accuracy,
as well as User’s and Producer’s accuracies and
Kappa statistics are provided in the Table 1.
The overall accuracy in 2020, 2015, 2010
and 2005 are 85.13%, 86.09%, 87.15% and
83.80% respectively. The Kappa coefficient
is 0.84 and higher, which approves high level
of the classification results. The producer’s

accuracy of forestland cover type and water
bodies demonstrated the highest levels of ac-
curacy (90% or higher) compared with the oth-
er classes. It can point out that User’s accuracy
commonly has higher values than Producer’s.
The settlements cover class identification has
also shown satisfied levels of both Producer’s
and user’s accuracies (close to 80% and higher.

Table 1. The accuracy calculation results for the produced land cover maps of Changsha city

Year of observation 2020 2015 2010 2005
Overall Acc, % 85.13 86.09 87.15 83.80

Kappa coefficient 0.84 0.85 0.86 0.84
Cropland 88.24 90.74 92.62 84.92

, Forest 92.91 95.05 89.80 94.69
Ecrgfr‘;ieyr Z Other land 88.46 77.97 76.56 76.10
Settlements 77.92 84.85 80.28 76.00

Water 97.50 83.87 94.83 88.14

Cropland 85.29 75.38 83.09 82.31

, Forest 89.37 90.57 92.31 86.29
User’s é/sc“racy’ Other land 88.46 88.00 81.67 75.00
Settlements 80.00 78.87 86.36 81.43

Water 91.76 98.11 96.49 92.86

Source: developed by the authors

Changsha city land cover change dynamics
during the period 2005 to 2020. According
to the obtained land cover raster maps of
Changsha city the proportion of each land
cover type in different years is calculated in
ArcGIS software and expressed in the form
of percentage in year 2005, 2010, 2015 and
2020 (Fig. 3).

During the period 2005-2020, the percent-
age of forest is the highest (almost half a pie in
each year) except for that in 2010. The propor-
tion of cropland is closed to 36% in both year of
2005 and 2015. In 2010, it reaches the top with
almost 50% of total area. The proportion of wa-
ter bodies have not been changes significantly
and it always shows a small percent about 3%
only. The proportion of other (open soil and
bare land) land cover class is the lowest among
the five types during the whole study period.

It takes up around 5.5% in 2010, which is the
highest one. The proportion of urban area has
been increased exponentially from 3.23% in
2005 to 15.95% in 2020.

The dynamics of urban (settlements cover
type) area for the study period in absolute units
(km?) are shown on the Figure 4.

In general, the area of settlement has
increased during the 15-year period from
380.4363 km? to 1880.1756 km? (1499.7393 km?
totally increase). The area of forests decreases
gradually from 2005 to 2015, however there is
an increasing trend during 2015-2020, from
5281 to 6089 km? respectively. Figure 4 shows
that from year 2005 to 2010, there is an increase
of the area from 4239 to 5527 km?, and then
during the following ten years, it decreases to
3230 km? only. As for the open soil and other
bare land cover, it fluctuates between 180 and
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400 km? The highest area observed in 2015 value of 267 km? was obtained in 2010 and a
(398 km?) which can be explained as a high in-  peak of 392 km? in 2020. This can be explained
tensity of contraction process at that period. as the development of irrigation canals and wa-
Analysis of the water cover change shows that  ter reservoirs within the city when doing land-
the change is generally small. The minimum scape design of the new residential areas.

2005 2010
1539 3:23%__—3.05% 5.49% _2.26%
= Cropland 1.08% = Cropland
m Forest m Forest
= Other land = Other land
Settlement Settlement
= Water = Water
2015 2020
3.33%
m Cropland 15.95% = Cropland
= Forest 1.67% m Forest
m Other land = Other land
Settlement Settlement
= Water m Water

Figure 3. The percentage of different land cover types
of Changsha city for the four observation years (2005, 2010, 2015, and 2020)

Source: developed by the authors

2500 - -
y = 223,21e05571x 1880.18 80991 6629.35 6089.93
2000 R%=0,9737 6000 - 5175.48 5281.57
1500
4000 -
1000
500 - 2000 -
0 0 - T T T
2005 2010 2015 2020 2005 2010 2015 2020
a) Urban settlements b) Forest
6000 - 5572.62 500 208 15
4239.08 4360.74 400 '
4000 - 3230.67 300
180.88 196.42
2000 - 200 127.67
100 .
0 - T T T 0 T T T
2005 2010 2015 2020 2005 2010 2015 2020
c) Cropland d) Other land (open soil and bare land)

Figure 4. The dynamic change of the main land cover types (in km?) of Changsha city in 2005-2020
Source: developed by the authors
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The analysis of factors that may cause an im-
pact on Changsha urban areas expansion.
Natural environment is the basic restriction con-
dition of urban space expansion. Changsha city
is located in the transition zone from hills to
plains, so the landform of this range is diversi-
fied. Specifically, the west side of the city is low
mountainous area, the northeast side is gran-
ite low hilly area, the north part has dense and
developed river network, the south is low hilly
area and only the middle part is flat terrain.
Considering of the cost of urban constructions,
the input of infrastructure in the plain area is
significantly lower than that in the hill area and
it is easy to arrange industrial projects and res-
idential areas, which determines that the urban
construction of Changsha takes the Xiangjiang
River as the central axis and presents a north-
south urban development pattern. Due to the
restriction of mountain barriers and water sys-
tem division, the city cannot spread continu-
ously like cities with flat terrain.

Economic development, transportation devel-
opment and population growth. The growth of ur-
ban population and economy is the basic power
of urban land expansion. On the one hand, the
growth of urban economy itself needs more land
as support. On the other hand, the rural-shift
to-urban population increases urban load-bear-
ing pressure. In addition, the neglect of the old
city reconstruction has made the problem of ur-
ban land extension faster. Some research studies
show that the distribution of traffic network and
urban settlements has a linear relationship (Pou-
manyvong et al., 2012). In recent years, Changsha
High-speed Railway station (2009), Changsha
Metro (2014), Changsha-Zhuzhou-Xiangtan In-
tercity Railway (2017) were constructed and oper-
ated on a regular basis, which provides the urban
industries and companies nearby with a wide ac-
cessibility to various destinations (Kotavaara, An-
tikainen and Rusanen, 2011), therefore popula-
tion increased as much employment was provided.

Planning policies of urban areas develop-
ment and design. According to urban planning
policies of Changsha government, 2500 km?
area adjacent to the core development area of
Changsha is planned as ecological protection
zone and urban constructions are forbidden
there that helps to protect the forested areas
efficiently. Urban underground spaces should
be developed to reduce the occupation of new
urban land, therefore protecting farmland are-
as, and other local regulations.

This study with the proposed LULC map-
ping approach might be useful for solving var-
ious important tasks related to the continuous
monitoring of the land cover changes. This may
become a basis for the ecosystem service valu-
ation procedures and might help the Changsha
government and decision makers to support a
sustainable city land use planning in order to
receive economic benefits as well as valuable
ecosystem services. The conducted research
helps to control the increase rate of settlement
land category strictly and make great focus on
conservation and increase the areas of wood-
land and water body which could provide a
greater level of ecosystem services.

Discussion

Similar studies that were based on the use of
RF classifier and Landsat time-series imagery
demonstrated close results of accuracy assess-
ment comparing to ours. For example, the land
cover map of Changsha City using Landsat 8
datasets and pixel-based method classification
approach published by Z. Deng et al. (2019)
demonstrated 88.62% of overall accuracy and
0.83 Kappa coefficient. The overall classifica-
tion accuracy using Landsat 8 OLI data with
feature selection reached 82% in a case study of
land cover mapping in Yunnan Province, Chi-
na (Pan et al., 2022). Another land cover map
produced for the eastern edge of the Tibetan
Plateau in the north of Sichuan Province, China
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(Zhu, 2013) showed overall accuracy of the 82%
with a Kappa coefficient of agreement of 0.73.
Therefore, it can be stated that the prepared
training dataset size in combination with the
suggested Landsat time series image composite
as well as proper RF classifier settings demon-
strated reliable classification results.

The effectiveness of RF algorithm and
Landsat time-series data to analyse land use
and land cover change have been investigated
by S. Amini et al. (2022). The impact of different
image compositions and auxiliary data, such as
digital elevation model (DEM) and land surface
temperature (LST), on final classification accu-
racy was also explored. The proposed algorithm
achieved high accuracy levels, with an overall
accuracy of 94.438%, Kappa of 0.93. The algo-
rithm’s success in obtaining high accuracies in-
dicates its potential for efficient extraction of
spatiotemporal information for LULC classifi-
cation. The three LULC maps have been created
for 2010, 2015, and 2020 in Rahuri watershed
area, India using the google earth engine and
RF classifier (Pande, 2022). Similar to our study,
the entire three years of land use and land cov-
er produced high accuracy (OA ranges from
85.53% to 94.34%). Agriculture and built-up
land were divided with the greatest precision,
followed by forest and other land. The author
approves that GEE is a successful platform for
accessing and processing satellite data through
the use of various classification algorithms in
combination with geographic object-oriented
or pixel-based analysis techniques. The study
conducted by G. Ge et al. (2020) compares the
performances of four most popular machine
learning algorithms in classifying land use
and cover change in the Dengkou Oasis re-
gion of China using Landsat-8 OLI image data.
The study finds that artificial neural networks
has the highest overall accuracy (97.16%), fol-
lowed by RF (96.92%), SVM (96.20%), and KNN
(93.98%). RF is recommended as a good first

choice method for land-cover classification in
this study area.

J. Cui et al. (2022) investigated land use/
land cover changes and their driving factors in
the Yellow River Basin of Shandong Province,
China, using Google Earth Engine from 2000 to
2020. The results showed that the main changes
in land use/land cover were the increase in con-
struction land and decrease in cultivated land,
woodland, and grassland. The overall accuracy
exceeded 86% indicating that the classifica-
tion results were reasonable and reliable. The
changes were primarily driven by population
growth, economic development, and urbaniza-
tion. The Random Forest classifier was found to
be an effective method for mapping land use/
land cover in the study area.

S. Feng et al. (2022) utilized the Google
Earth Engine (GEE) platform to conduct land
use classification in a large area with a complex
workflow, achieving fast and accurate results.
The pixel-based Random Forest (RF) classifi-
cation method was used for land use classifi-
cation, which yielded overall accuracy above
87% and kappa coefficient 0.88 that met the
requirements. However, due to the absence of
object-oriented thinking, the method produced
some salt and pepper noise that is similar to
our study. Therefore, future research should fo-
cus on the integration of image segmentation
and feature matching to improve the land use
classification method in the study area. The RF
algorithm demonstrated potential to work with
various datasets, high-dimensional data, and
interaction between features during training,
while having a fast training pace and low com-
puting cost. RF showed a minimum accuracy of
79.54% in a study conducted by B. Feizizadeh et
al. (2023). It confirms decent performance with
minimal tendency to overfit and has been ap-
plied to various applications such as landslide
susceptibility mapping, sustainability assess-
ment, and landform mapping.
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The results of our study indicates that the
use of LULC maps and change detection based
on them are recognized as valuable for various
applications, including land use planning and
allocation, environmental impact analysis, and
assessment of sustainable development. The
outcome of this research can be essential for
decision makers and authorities in local gov-
ernmental departments and stakeholders to
observe the environmental issues of the Chang-
sha city in the next decades.

Conclusions

In this paper, a comprehensive approach of land
use/cover mapping was enriched. The described
method demonstrates the potential possibilities
of the use Landsat time-series image composites
and RF classifier for the LULC mapping and mon-
itoring changes for the Changsha city study area.
GEE platform provides a wide range of abilities
to search, filter and process of a huge amounts
and types of spatial-temporal remote sensing
data. The produced continuous land cover ras-
ter maps of Changsha city enable us to do the
monitoring of land cover change dynamic for the

period 2005-2020.From 2005 to 2020, the propor-
tion of urban area has been gradually increased
from 3.23% to 15.95% and the area has increased
by 1500 km?. However, the area of cropland has
declined by 1008 km?, however, forestland class
shows a growth trend at the latest 5 years ob-
servation period. The accuracy assessment re-
sult allows us to make a conclusion that chosen
approach can be successfully used for solving
tasks related to classification and monitoring
of city land cover changes. Further research
could focus on the integration of additional data
sources, such as high-resolution imagery and
LiDAR data, and classification algorithms for
better identification of different land cover types
and more accurate mapping of urban areas.
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Anotamnig. 3a nporHosamyu Opranisanii O6’egHanux Haiiiit, mo 2050 poxky 64,1 % kpaiH, 110
PO3BUBAKOTHCA, i 85,9 % po3BMHEHUX KpaiH 6yayTh ypbaHizoBaHMMM. Lle MpU3BEIO A0 MIBUIKUX
3MiH Y 3eMJIEKOPUCTYBaHHi Ta TUIIAX 3€MHOTO TOKPMUBY Ha TEPUTOPISIX HABKOJIO MICT y BCiX
KpaiHax, oco6muBo B KuTai, 10 3yMOBJIOE aKTYyalbHICTh Ii€l cTaTTi. MeTO0 OOCTimKeHHS
Oy70 OLIHUTM AWHAMiKy 3MiH DPOCIMHHOTO TOKpMBY B MicTi YaHma, mpoBiHIlisi XyHaHb,
Kurait, mixk 2005 i 2020 pokamMyu 3 BUKOPUCTAHHSIM YaCOBUX cCepiit CyMyTHMKOBUX 3HIMKIiB
Landsat i anropurmy kinacugikaiii Random Forest. 36ip, monepenHst 06po6ka Ta aHali3 JaHUX
MIPOBOIMITUCS HA 3araIbHOOCTYTIHI I oHaitH-atdopmi Google Earth Engine (GEE). TemaTtuuni
6e3mepepBHi PaCTPOBi KAPTU POCIVHHOTO MOKPUBY OY/IM CTBOPEHI 3a IOMTOMOTOI0 ITPOrPaMHOTO
3abesmneuedHs ESRI ArcGIS 10.5.1. 3arajbHa TOuHicTh Kiaacudikaiii ckmana moHan 83 % mis
KOXXHOi cTBOpeHOi KapTu, a koedinient Kanmna - 0,84 i Buie, 1m0 miaTBepaKye TOCTOBIpHICTDH
pe3ynbTaTtiB Kinacudikailii, ki 3a OTPUMMaHOI0 TOUHICTIO 6/M3bKi O aHAJIOTiUHUX HEIoAaBHiX
IoCTiakeHb. JocrimkeHHs mokasye, mo 3 2005 mo 2020 pik ruiomia rycTMx IMocejieHb Y MicTi
Yanma, Kutait, 3HauHO 36i1bIIMIaCS, IPUUOMY €KCIIOHeHIliaJbHe 3POCTaHHS MiChbKOi TepUTOPii
ckiaso Big 3,23 % mo 15,95 %. YacTka J1icoBOro MoKpuMBY MOCTYIOBO 3MeHIryBanacst 3 2005 o
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2015 pik, ane 36impmmaacs 3 2015 mo 2020 pik. OpHi 3eMti 6y/Iy APYTUM Ha6iIbII JOMiHYIOUMM
TUIIOM 3€MeJIbHOTO MOKPUBY, 3 TMikoM Maitke 50 % y 2010 poiii. BomHi 06’eKTH 3anuInaancs
cTabinbHUMU Ha piBHI 61M3bKo 3 %. YacTka BiIKpuTOro rpyHty KomuBasacs Mix 180 i 400 km2
(1,5-3 % Bip yciel maowi). JocmiskeHHs TOKa3ye, M0 3alIPONIOHOBAHMIA MiAXif 10 MOHITOPUHTY
3abe3nevye HaZiliHi pe3ynbTaTy, a pe3yabTaTU NOCTiIKeHHS MOXYTb OYTM BUKOPMUCTaHi IJist
CTAJIOTO MiChKOTO IJIAHYBAHHSI Ta YIIPaBJIiHHS, & TAKOX AJISI iHiI[iaTuB 3i 36epeskeHHSI Ta PO3BUTKY.
IlaHi OuCTaHIifHOTO 30HAYBaHHSI Ta repemoBi I'C-texHosmorii MOXyTb HagaTu ocobam, SKi
MpUIMaIOTh pillleHHs, TOUHi JaHi 1/ 3a6e3MevyeHHs CTaJIoro PO3BUTKY 1iel TepuTopii

KimouoBi cimoBa: ornjiHka TouHOCTi; aaroputM Random Forest; cynmyTHMKOBI 3HIMKM; 3arajgbHa
TOYHICTh; ypOaHisalis
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