O ueceo

International Journal of Environment and Geoinformatics 10(1):146-152 (2023)

Research Article

Estimation of Urban Area Change in Eskisehir Province Using Remote Sensing Data
and Machine Learning Algorithms

Dilek Kiiciik Matci

Eskisehir Technical University, Institute of Earth and Space Sciences, Eskisehir, TURKIYE
Received 15.08.2022
Accepted 13.03.2023

How to cite: Matgi, D.K. (2023). Estimation of Urban Area Change in Eskisehir Province Using Remote Sensing Data and Machine Learning
Algorithms, International Journal of Environment and Geoinformatics (IJEGEO), 10(1):146-152, doi. 10.30897/ijege0.1162153

E-mail: dkmatci@eskisehir.edu.tr

Abstract

Rapid population growth, natural events, and increasing industrialization are among the factors affecting land use. To keep this
change under control and to make sound plans, it is necessary to control the changes. In this study, the spatial use change in the
Eskisehir region between the years 1990-2018 was examined with CORINE data. Based on this determined change, an urban change
model was created with the multivariate regression method. As a result of the evaluations, while an increase was observed in urban
areas and pastures between 1990-2018, a decrease was determined in agricultural and forest areas. This change is defined as 43.74%
in urban areas, 3.28% in agricultural areas, 7.78% in forest areas, and 60.10% in pasture areas. SMOReg, MLP Regressor, and M5P
Model Tree methods were used for the estimation study to be carried out with the obtained spatial change data. Urban values for
2018 were estimated to find the best method. Finally, the areas of 2030 were estimated with the method that gave the best results.

The results demonstrated the usability of modeling using CORINE data.
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Introduction

Changes in land cover occur with human intervention as
well as natural disasters (Jaiswal, ety al., 1999,Dubertret
et al. 2022). Especially rapid and uncontrolled
urbanization is a phenomenon that causes significant
land use changes in both developing and developed
countries (Yildiz et al. 2021). Detecting and estimating
land use/ land cover (lulc) dynamics has become an
important issue due to ensure proper use of limited
resources (Wang et al. 2020). The transfer of nature to
future generations without deterioration depends on
monitoring, controlling, and planning the changes (Wang
et al. 2020; Butt et al. 2015; Girma, et al., 2021).

Remote sensing and Geographic Information Systems
are increasingly used in the assessment of land use/land
cover changes. Remote sensing provides accurate and
rapidly updatable information about natural resources
and the environment (Fan, Weng, and Wang 2007; Seto
and Kaufmann 2003). Using these data, air quality (Potts
et al. 2021), agriculture (Dudu and Cakmak 2018; Ocer
et al. 2020; Basaran, Matci, and Avdan 2022), forest
(Basaran, Matci, and Avdan 2022), fire (Barton et al.
2023, Matci and Avdan 2020), earthquake (COmert,
Matci, and Avdan 2018). One of the data prepared with
remote sensing systems is Environmental Information
Coordination (CORINE) data. The CORINE data series
was created by the European Community as a means of
compiling  geospatial  environmental  information
(Feranec et al. 2007). Based on the interpretation of

satellite images, Corine provides maps of lulc change
over six-year periods.

Corine datasets are used in a wide variety of social and
environmental studies. For example, Frenac et al. (2007)
proposed a new change analysis method using Corine
data. With this method, they determined the land use
changes in the Netherlands and Slovakia (Feranec et al.
2007). In another study, Popovici et al. (2013) examined
land use dynamics in Romania (Popovici, et al., 2013).
In another study using Corine data, it was aimed to
automatically label the classes obtained as a result of the
uncontrolled classification of Sentinel images (Matc1 and
Avdan 2022). In another study, Corine data was used to
examine urban heat islands in large cities in Greece
(Stathopoulou and Cartalis 2007).

Modeling analysis is used to determine which
parameters are affected by land use changes. Some of
these models use past land use data to predict future land
use scenarios along with environmental variables
(Zadbagher, et al., 2018). The geospatial analysis utilizes
a variety of statistical and rule-based modeling
approaches to detect and predict land use changes
(Overmars, et al., 2003). Among the models commonly
used in lulcchange studies are; statistical models (Allbed,
et al., 2014; Basaran, Matci, and Avdan 2022),
evolutionary models (Aitkenhead and Aalders 2009),
cellular models (Kafy et al. 2021), Markov models
(Mubea, et al., 2011), hybrid models (Weslati, et al,
2023, Kiigiik Matct, et al., 2022).
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The aim of this study is to determine the land cover
changes in Eskigehir and to estimate the urban area
changes in the region based on remote sensing data. In
this direction, the CORINE data of the study area
between 1990 and 2018 were used.

Materials and Methods

This study was carried out in Eskisehir, which is located

Eskisehir' s surface area is covered by mountains and
26% by plains. The climate of the region shows the
characteristics of Central Anatolia, the Western Black
Sea, and the Mediterranean regions. The vegetation in
the region can be counted as the Central Anatolian
steppes, North Anatolian, and Western Anatolian forests
(Url-3, 2022). The study area is shown in Figure 1.

in the northwest of the Central Anatolian region. 22% of
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Fig. 1. Study Area

Within the scope of the study, it is aimed to determine
the spatial change of the Eskisehir region between the
years 1990-2018 with CORINE data and to model this
change. In this direction, data sets published in 1990,
2000, 20086,

2012 and 2018 were used. These data are land cover
maps with a spatial resolution of 100 m, based on remote
sensing data, within the scope of the CORINE program
(Url-1 2015). The method applied to determine and
model the spatial change in the study area is given in
Figure 2.

Accordingly, first of all, CORINE data were obtained
using Google Earth Engine. The obtained data were cut
according to the study area. To determine the spatial
change, data between 1990 and 2018 were used. The
land use classes in each data set obtained were
determined and their areas were calculated. In the second
stage of the study, urban area change was modeled with
machine learning algorithms by using land use changes
(Celik and Gazioglu, 2022; Gimiisci, et al., 2023). One
of the methods used for this purpose in the study is the
Sequential Minimum Optimization Regressor (SMOReg)
method. The SMOReg method uses support vector
machines for regression. This method applies the
sequential minimum optimization algorithm to train the
support vector regression model. This application
replaces all missing values globally and converts
nominal attributes to binary values. It also normalizes all

attributes by default (Li and Jiang 2006). While this
method was used with the weka software in the study,
the necessary parameters were determined as complexity
parameter =0.1001, regressor optimizer =
RegSMOImproved by trial and error method.

The second method used in the study is the multilayer
perceptron (MLP) regressor model. This method consists
of an input layer, one or more hidden layers, and an
output layer. The artificial neurons in the layers are
completely interconnected. The number of neurons in the
input layer is the same as the size of the input vector, and
the number of artificial neurons in the output layer is
designed according to the structure of the output vector.
The number of neurons in the hidden layer can be
increased with several trials, at least one until optimal
training is obtained. The model used in this method is
given below:

Yn = f0{b0 + Y [wk * fh (bhk + ZWika’ )1}

=1
Here Yn is the normalized output, f0 is the output layer
transfer, b0 is the output layer deviation, wk is k. where
the link weight from the hidden layer to the output layer,
f0 represents the hidden layer transfer function, and b0k
represents the deviation of the output layer. kth hidden
layer terms, wik represents the connection from the i
neuron in the input layer to the second neuron in the
hidden layer, and Xni represents the normalized input
vector (Koutras, Panagopoulos, and Nikas 2017). While
this method was used with the Weka Software in the
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study, the necessary parameters were determined as
ridge=0.101, seed=100 and numFunctions=3 by trial and
error method. The last method used in the study is the
M5P Model Tree method. This method is an extended
version of the M5 algorithm. Model trees can efficiently
process large numbers of datasets with large numbers of
features and high dimensions. In addition, they can
successfully work with missing data (Wang and Witten
1996).

Two different approaches were used to determine the
accuracy of the estimation results obtained in the study.
One is to estimate urban areas for 2018 using data from
1990-2012. To compare the obtained estimation result
with the real urban area data of 2018. The second
approach is to calculate Mean Absolute Error (MAE),

Root Mean Square Error (RMSE), and Mean Square
Error (MSE).

From these values, the MAE is a measure of the errors
between the predicted and actual data. Estimators with
lower values are considered to perform better (Willmott
and Matsuura 2005). Another value used in the study,
RMSE, is the standard deviation of the estimation errors.
It is a measure of how far the prediction errors are from
the regression line data points. Estimators with a lower
RMSE are considered to perform better (Willmott and
Matsuura 2005). The MSE value measures the mean of
the squares of the estimation errors. Estimators with an
MSE value close to zero are considered to perform better
(Gunst and Mason 1977).

Corine Data

Clipping Data According
to Region Boundaries

Vector Data of
the Eskisehir

City Borders
Calculation of Areas of
Classes
Determine the Change of
Areas
MLP Regressor SMO Reg M5P

Fig. 2. Applied Method

I

Accuracy Analysis

|

Estimation of Urban Area
Growth for 2030

Results and Discussion

In the research, all classes in the CORINE dataset were
combined into main groups. Accordingly, changes in
five classes (Urban/Artificial areas, agricultural areas,
forests, water, and pasture areas) in Eskisehir were

determined. The obtained land use maps are given in
Figure 3. When the results are examined, the ones in the
study area are urban, water, and pasture areas that
increase in area, while the ones that decrease are
agriculture and forest areas (Table 1).
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Table 1. Area Usage Amounts (Km 2)
Land Use Classes 1990 2000 2006 2012 2018 1990-2018 Change Rate
City 90.74 109.42 113.63 124.14 130.43 43.74
Agriculture 930.00 921.70 908.06 903.51 899.48 -3.28
Forest 488.70 480.18 476.56 451.73 450.66 -7.78
Water 0.28 0.61 1.27 1.43 1.43 410.71
Pastures 46.14 43.95 56.35 75.07 73.87 60.1

Urban areas in Eskisehir have increased by 43% in 28
years. When this change is analyzed based on periods, it
increased by 20% between 1990 and 2000, 3.85%
between 2000-2006, 9.24% between 2006-2012, and
5.07% between 2012-2018 (Figure 4).

Agricultural areas decreased by 3.28% and forest areas
by 7.78%. Although the largest proportional change in
the results obtained seems to be in the water masses, this
change in area was 1.14 km2. This increase in water
areas is due to the dams and ponds built in the region
(Url-2, 2020). Besides the water areas, another class that
shows a great change is the pastures. Although it showed

a small decrease in the 1990-2006 period, it showed a
large increase in the 2006-2018 period. This change can
be explained by the increase in urban areas and the
decrease in agricultural areas, and thus the
transformation of these areas into pastures.

In the second stage of the study, urban area change in the
examined period was analyzed with machine learning
algorithms. In this direction, to determine the algorithm
that gives the most accurate result, first of all, urban
areas were estimated by SMOReg, MLPRegressor, and
M5P methods. The results obtained are given in Table 2.
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Fig. 4. Rates of Change of Land Use Classes

Table 2. Estimated Urban Area Usage Amounts for 2018 (Km ?)

Urban Area in 2018 SMOReg MLP Regressor M5P
Area (Km?) 130.43 136,73 125,22 133.62
MAE - 0.51 2.02 0.92
RMSE - 0.51 2.15 121
MSE - 0.26 4.61 1.26
Table 3. Calculated Data for 2030
Method 2030 Area (km?) MAE RMSE MSE
M5P 148.77 2.57 2.63 6.9
SMOReg 138.82 2.02 2.19 4.77

These results show that when compared with real urban
area data, the most accurate estimate is calculated with
M5P. When the calculated MAE, RMSE, and MSE
values were examined, it was observed that the SMOReg
and M5P methods gave better results. For this reason,
these two methods were used for the urban area
estimation of 2030. The data obtained as a result of the
process for the year 2030 are given in Table 3.

Monitoring land use change has become a critical issue
for decision planners and conservationists due to
inappropriate growth and its impact on natural
ecosystems. For this reason, it is necessary to determine
the changes that occur and to make the change
predictions with the most accurate model. In this study,
land use changes in Eskisehir city were examined. In
addition, with the help of the data obtained, the urban
area changes for 2030 was estimated.

When the results are examined, the results obtained
show similarities with the studies in the literature. For
example, in one study, Organic Carbon Content (SOC)
in river floodplain soils was estimated using multiple
linear regression (MLR), M5P, and random forest (RF)
models, and the performance of these models was
evaluated. As a result of the study, it was stated that the
M5P and RF methods gave the most accurate results
(Chen et al. 2021). Similarly, M5P and Gaussian Process
methods were used in a study to estimate the soil

permeability coefficient and it was determined that the
M5P method gave more accurate results (Pham et al.
2021). In a study to model the spatial changes of
Mangorove forests in the Philippines, SMOReg and
MLPRegressor were used together with 16 other
machine learning algorithms and the results were
examined. Accordingly, SMOReg and MLPRegressor
methods gave accurate results above the average
compared to other methods (Castillo et al. 2017).

It is thought that the M5P method can clearly explain the
relationship between data distributions, size, variable
inputs and output parameters, a simple tree structure, and
the ability to create linear equations applicable to
multiple leaves, making this method more successful
(Pham et al. 2021; Bui et al. 2018; Khosravi et al. 2018).

Conclusion

In this study, CORINE data were used to detect and
model lulc changes in the Eskisehir region over an 18-
year period. The results obtained in the study also show
that the Eskisehir region has undergone significant lulc
changes since 1990. When the changes in the region are
examined, it is revealed that there is an increase in urban
areas.

In addition, the spatial changes of the classrooms were
examined with machine learning algorithms and the
urban change was modeled. For this purpose, SMOReg,
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MLPRegressor, M5P methods were used. Under these
circumstances, the method applied in the study and the
assessment of lulc changes appear to provide highly
accurate information that can help planners to plan
development more sustainably.
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