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Abstract
The effects of urbanization and climate crisis due to warming and severe climate events 
are the primary critical developments that threaten agricultural production activities world-
wide. The annual average surface temperature in Türkiye increased by 1.07  °C between 
2010 and 2019, and it reached 1.4 °C in 2021. It is predicted that the temperatures will con-
tinue to grow in the coastal areas of the Mediterranean Region, where the annual average 
temperature is 18–20 °C. In countries with high climate risks, the sustainability of agricul-
tural activities is a priority research topic in many respects, especially food safety. In this 
context, the spatiotemporal change in agricultural areas in cities located on the Mediter-
ranean coast, one of the country’s warmest regions, is estimated for 2040 via the Cellular 
Automata-Markov chain method. As a result of the simulation made in the IDRISI Selva 
program, two different estimations were made: the trend model reflecting the current trend 
model (MT) and the sustainable agricultural model (MAS), where agricultural areas are lim-
ited. In the MT, the existing residential area will increase by 68.9% in 2040 and 208.1% in 
2076. In the MAS, it will be limited to an increase of 60.8% in 2040 and 194.5% in 2076.

Keywords  Geographic information systems · Global warming · Sustainable environment · 
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LULC	� Land use/land cover
MT	� Trend model
MAS	� Agricultural sustainable model
NDVI	� Normalized vegetation difference index
USGS	� United States geological survey

1  Introduction

Cities have ceased to be areas where only the physical environment is affected by climate 
change (Abbass et  al., 2022; Olabi & Abdelkareem, 2022). Especially in metropolitan 
areas, where the population is high, climate change brings along socioeconomic problems 
(Bellezoni et al., 2022; Orsetti et al., 2022; Maskrey et al., 2023). Medium- and long-term 
changes in other sectoral structures, especially in the tourism and agriculture sectors, 
decrease in agricultural areas, the inadequacy of urban infrastructure, and access to healthy 
drinking water are among the most critical effects of climate events on the built environ-
ment in terms of adaptation and adaptation to climate change (O’Malley et al., 2015; Shi-
rani-Bidabadi et al., 2019).

Climate change, which has started to show its effect, is felt intensely with the impact 
of greenhouse gas production due to human activities in urban areas, especially in densely 
populated cities (Purwanto et  al., 2022; Yayla et  al., 2022; Sulhan et  al., 2023). While 
global climate change started to show its effect in the world in the 1980s, it began to show 
in Türkiye in the 2000s. Urbanization causes natural areas such as vegetation, water bodies, 
and agricultural lands to become impermeable surfaces (Ullah et  al., 2023). This trans-
formation causes a decrease in the evaporation and transpiration cycle obtained from the 
vegetation. At the same time, it causes an increase in the amount of energy consumed for 
the absorption and cooling of solar radiation, negatively affecting the climate on a local 
and regional scale, such as various health problems and air pollution (Yao et al., 2017; Dai 
et al., 2018; Yang et al., 2021).

The agricultural sector, heavily influenced by the climate, plays a crucial role in devel-
oping the national economy. This sector, which is present worldwide, plays an important 
role and contributes to the economic well-being of developed countries. This situation 
creates a resource value among developing countries. However, agricultural production 
depends on the climate prevailing in the region (Gornall et  al., 2010; Banerjee & Ade-
naeuer, 2014; Ahsan et  al., 2020). Weather and climatic conditions are the main factors 
affecting agricultural productivity. Global climate change is becoming a significant con-
cern for activities in the agricultural sector (Howden et al., 2007; Ahsan et al., 2020; Istan-
bullu et al., 2023).

Predicting future climatic conditions has a significant role in the ability of cities to mini-
mize the adverse effects of climate change and adapt to this process. By constructing vari-
ous scenarios through these forecasts, strategies and targets are determined so that cities 
can be affected by the climate change process with minor damage. Urbanization is consid-
ered a global concern worldwide in the 6th Assessment Report published by the Intergov-
ernmental Panel on Climate Change (IPCC) in 2022, one of these scenarios. According 
to the report, it is estimated that climate change will slow down economic growth in the 
short term, especially in cities where agriculture, fisheries, forestry, and tourism sectors are 
at the forefront. According to the report, it is predicted that cities with intense urbaniza-
tion will be more affected by the increase in temperature, which is one of the intensifying 
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effects of climate change. With each global warming rise, extreme changes’ impact grows 
larger. Every 0.5 °C increase causes many problems, such as heat waves, heavy rainfall, 
and agricultural and ecological droughts. These problems are thought to affect human 
health and economic development adversely. Another vital issue emphasized in the report 
is that the effects of climate change will increase gradually and result in more dangerous 
consequences with risks that will arise simultaneously and interact with each other (IPCC, 
2022).

Considering these predictions, it is emphasized that cities should be prepared against 
the effects of climate change. It is stated that the irreversible effects of climate change will 
emerge as risks will increase with high temperatures. Considering that the trend of urbani-
zation and urbanization will continue to grow, the increase in the pressures of the urbaniza-
tion process on the climate system is among the possible consequences we will encounter 
as a significant problem. Therefore, this study aims to simulate and estimate the settled 
area effect on agricultural land use in the coastal cities of the Mediterranean Region, using 
the CA-based Markov Chain model, to more clearly demonstrate the interaction between 
climate change and urban growth from local scale and large-scale dynamics.

In this context, firstly, the literature on the impact of climate change on agricultural 
production and temporal spatial modeling is summarized. Then, the research area and the 
modeling method are explained comprehensively. The change in surface temperature and 
LULC in the region is presented spatially. A temporal and spatial model was developed 
with Cellular Automata (CA)-Markov chain to predict the change in agricultural land use 
in 2040 and 2076 in the coastal cities of the Mediterranean Region, which is a socioeco-
nomically leading region in terms of agricultural land use in the country. The models are 
based on two different approaches, where the current trend continues and agricultural land 
can be sustained. Sustainability of agricultural lands can be achieved by applying the tech-
nique in different areas with high agricultural production potential and rapid growth behav-
ior of urban settlements by spreading or leaping.

2 � Literature review

Land use is shaped by human intervention to meet the basic needs of the people living in 
the city and increase the quality of life (Abera et al., 2021; Talukdar et al., 2021; Peyrev 
et  al., 2021). Every intervention in land use land cover affects climate change (Ribeiro 
et al., 2021; Turner et al., 2021). Changes in land cover, such as deforestation, decrease in 
water bodies, and loss of cultivated lands, affect the ecosystem (Kouassi et al., 2021; Mak-
winja et al., 2021; Zheng et al., 2021). Due to the ongoing migration from rural to urban, 
urban problems such as housing problems, informal activities, and resource and energy 
depletion cause many environmental problems (Mestanza-Ramón et al., 2022). The popu-
lation, which accumulates in urban areas, needs energy, such as fuel and electricity, espe-
cially for production, heating, and transportation (Ahmad et al., 2022; Su & Urban, 2021). 
As a result, the high level of carbon emissions reached in urban areas draws attention (Li 
et al., 2022a, b; Jayaratne et al., 2021). The settled areas within the land are expressed as 
carbon-producing areas, forests, water bodies, and cultivated-planted areas are represented 
as areas where carbon is captured (Hanssen et al., 2022; Ou et al., 2021). In particular, the 
Intergovernmental Panel on Climate Change (IPCC) reports that global warming will be 
1.5 °C above pre-industrial levels by the year 2100 has led to an increase in research on 
surface temperature (Pörtner et al., 2022).
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Land cover/use is considered the most dangerous factor affecting ecosystems, the 
environment, climate, and living things. Although urbanization and human activities 
provide economic benefits, they negatively affect land change and sustainability. The 
first of these effects is the increase in surface temperatures. Research shows that changes 
in land cover/use are one of the main reasons for the rise in surface temperatures (Den-
man et al., 2007; Friedlingstein et al., 2010; Fang et al., 2011; Basak et al., 2013; Jain 
et  al., 2015; Wang et  al., 2019; Kafy et  al., 2021); Fattah et  al., 2021; Tariq & Shu, 
2020; Amir Siddique et al., 2021).

New perspectives and applications have been developed in recent studies to deter-
mine the relationship between land cover and surface temperature. Primarily due to the 
developments in remote sensing and related technology, it is now possible to evaluate 
the surface temperature with land cover changes and parameters. Markov chains, cel-
lular automata, and artificial neural networks are some models developed. The Markov 
chains model, which is considered to reflect short-term values in a wide area more accu-
rately, is frequently used (Araya et al., 2010; Adelabu et al., 2013; Omran, 2012; Tariq 
and Shu, 2020; Amir Siddique et  al., 2021; Fattah et  al., 2021; Isinkaralar and Varol, 
2023). Changes in potential future land cover/use and simulation of the consequences of 
these changes on the environment and ecosystem are among the topics that have gained 
importance in recent years. Some studies focus on land cover/use and urban growth 
(Fadhil & Kurban, 2022; Isinkaralar, 2023). Others focus on land cover/use change and 
its impact on surface temperature (Wang et al., 2013, 2019). Some research focuses on 
the effect of different land covers and urban textures on the surface temperature. Studies 
focusing on the relationship between surface temperature and land cover/use empha-
size that the surface temperature is higher in residential areas and lower in areas cov-
ered with vegetation. Correlation analysis, Ordinary Least Squares (OLS), and spatial 
regression models were frequently used in research in this area (Buyantuyev & Wu, 
2010; Jeevalakshmi et al., 2017; Ning et al., 2018; Peng et al., 2018; Ullah et al., 2019; 
Parvin and Abudu, 2017; Chun and Guhathakurta, 2017; Yin et  al., 2018; Aboelnour 
and Engel, 2018; Mia et al., 2017; Tran et al., 2017).

The prediction of urban land use and growth is a topic of discussion central to proac-
tive planning and sustainable development goals. Thanks to temporal-spatial techniques, 
it is possible to analyze and forecast urban growth on a global and regional scale. These 
methods also determine urban growth dynamics (Lu et  al., 2019; Baqa et  al., 2021). 
Many models are used to analyze urban growth changes (Guan et al., 2011; Ghosh & 
Das, 2017; Azari et al., 2016; Shen et al., 2020; Dey et al., 2021). Among these meth-
ods, the CA-Markov chain model, which is an effective method for simulating urban 
growth change and transformation, has been developed by integrating the advantage of 
modeling spatial variation in complex systems of the CA model and the long-term pre-
diction advantage of the Markov chain model (Isinkaralar et al., 2022). It is frequently 
used to predict and measure urbanization dynamics (Keshtkar and Voight, 2016; Baqa 
et al., 2021).

There are studies on the effects of climate change on agricultural production. Barati 
et al. (2023) examined the relationship between agricultural expansion and climate change 
with the structural equation modeling technique. Bedeke (2023) explores the vulnerability 
of farmers to climate change. It is emphasized that climate change, directly related to eco-
nomic growth, threatens food security, especially in Africa (Pickson & Boateng, 2022). 
However, studies focusing on the effects of urban development on agricultural lands with 
the method of estimating the spatiotemporal change are pretty limited. Therefore, the 
research questions are defined as follows:
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RQ1:	� How can the pressure of urban growth on agricultural land be limited in the short 
and long term?

RQ2:	� Can the effect of a sustainable agricultural approach on urban growth be modeled?
RQ3:	�  What are the key strategies for adapting the boundaries of sustainable urban 

growth to policy and practical outcomes?

3 � Materials and methods

3.1 � Study area

The Mediterranean coastline in southern Türkiye was chosen as the study area—provinces 
in the selected region; Antalya, Mersin, Adana, and Hatay (Fig.  1). The Mediterranean 
Region is an essential region of Türkiye regarding tourism and agriculture. Cotton produc-
tion, which cannot meet the high temperature, low humidity, and high sunlight needs of the 
cotton grown in the region between latitudes 32° and 36°, is one of the production forms at 
risk due to global warming. Due to its favorable ecological conditions, Türkiye owes all of 
its banana production and 88% of its citrus cultivation to this region.

Fig. 1   The location of the selected Mediterranean coastline in Türkiye
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3.2 � Methodology of the modeling

The study aimed to reveal the firm area pressure on the agricultural land use of the coastal 
cities of the Mediterranean Region, which is essential for the agricultural sector in the 
climate change process between 2022 and 2040. The study consists of three main stages. 
First, the data for creating land surface temperature and land use maps were obtained. 
Then, surface temperature and land use changes between 2006 and 2022 were determined. 
In the third stage, the model was validated, and the agricultural and settled land use esti-
mates for 2040 were made. The results obtained were evaluated by creating a transition 
area matrix (Fig. 2).

The land surface temperature (LST) map of the study area, 30*30 resolution Landsat 
8 satellite images provided by the United States Geological Survey (USGS), were used. 
Satellite images of two different years (2006–2022) were obtained to determine LST’s tem-
poral and spatial changes. The climatic condition of the Mediterranean Region has been 
a determining factor in determining the dates of satellite images. In this context, August, 
when the region has the highest temperature values, was considered for the model.

3.2.1 � Converting reflection value to spectral radiance value

In Eq. (1) was used to convert the data of Band 6 of Landsat 7 and Band 10 of Landsat 8 
into spectral radiance values:

Fig. 2    Methodology steps of the study
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 where Lλ: TOA spectral radiance (Watt/(m2× srad × m)), ML: Radiance Mult Band 
(Band10), QCal: quantized and calibrated standard product pixel values: Band10, AL: 
Radiance Add Band (10). All of this information is obtained from the meta-data file of 
satellite images.

3.2.2 � Conversion of spectral radiance value to luminosity temperature value

In the second step, temperature values will be calculated from the brightness values of the 
images. For this calculation, the inverse of the Plank function will be applied. Equatio (2) 
to be used is as follows:

 where T: Temperature degree (in Celsius), K2: K2 Constant Band(10), K1: K1 Constant 
Band(10), Lλ: Spectral Radiance. All of this information is obtained from the meta-data file 
of satellite images.

3.2.3 � Normalized vegetation difference index (NDVI)

The following algorithm was used in the NDVI analysis. For Landsat 7 data, NDVI = 
(Band 4 – Band 3) / (Band 4 + Band 3), for Landsat 8 data, NDVI = (Band 5 – Band 4) / 
(Band 5 + Band 4), Band 3, 4, 5 represent the satellite image bands in formulas.

3.2.4 � Land surface emission (LSE)

The emission value affecting the surface temperature is made using the NDVI (Normalized 
Vegetation Index). The following algorithms were used in the LSE analysis in Eq. (3):

 where PV: Vegetation rate, NDVI: NDVI analysis, NDVImin, max: Minimum and maxi-
mum value in NDVI analysis. After calculating the vegetation ratio, the LSE analysis was 
completed using the following algorithm.

 where ε = Land surface emission, PV: Vegetation rate.

3.2.5 � Land surface temperature (LST)

In the last step of the LST analysis, the analysis was completed using the following Eq. (5).

 where T: Temperature degree (in Celsius), λ: Spectral Radiance wavelength (Land-
sat 8 band10, Landsat 7 band 6), c2: h*c/s = 1.43888*10− 2mK = 14,388 mK, h: Planck’s 
Constant:6.626*10− 34  J s, s = Boltzmann constant = 1.38*10− 23JK, c = velocity of 
light = 2.998*108 m/s = 14,388, ε: LSE.

(1)L
�
= ML ∗ Qcal + AL

(2)T = K2∕In(K1∕L� + 1) − 273.15

(3)PV =
((
NDVI − NDVImin

)
∕
(
NDVImax − NDVImin

))2

(4)� = 0.004 ∗ PV + 0.986

(5)LST = T∕(1 + (� ∗ T∕c2) ∗ In(�)
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Land use change consists of four steps. First, the data required for temporal and spa-
tial change were obtained and arranged appropriately. Corine Land Cover data was used 
to determine the agricultural and settled land uses for 2006 and 2012. The database from 
ESRI Land Cover-Living Atlas database was used to determine the agricultural and settled 
land uses for 2022. The data downloaded in vector format was rearranged in ArcGIS 10.4.1 
program within tiff format, and land use maps for each year were created. CA-Markov 
chains method was used for spatiotemporal modeling. CA- Markov integrates the Markov 
and cellular automata models in urban growth and land use prediction. It is an analysis that 
applies the transition probability to predict the future state based on the current and fol-
lowing conditions. The validity of the Markov chain in land use change situations is quite 
common (Guan et al., 2008; Chen et al., 2013; Yang et al., 2012; Sang et al., 2011) Markov 
estimation is made according to the following Eq. (6) (Isinkaralar et al., 2022):

where S(t) and S(t + 1) mean row vectors at time step t and time step t + 1; P stands for 
the transition probability matrix for the previous time interval calculated with Eq.  (7) as 
follows:

Pij represents the probability of transitioning from land use type i to j. In the study, the 
future prediction was made in IDRISI Selva software using the CA-Markov model. Agri-
cultural and settled land use estimates for coastal cities in the Mediterranean Region are 
estimated for 2040, based on the years 2006 and 2022.

4 � Results

4.1 � Land surface temperature change

The Mediterranean Region coastline’s land surface temperature map was made using Land-
sat 7 ETM for 2006 and Landsat 8 OLI satellite images for 2022. If we look at the 2006 
LST map, the temperature values were between − 14 and 32 °C, and by 2022, this value 
was calculated as between 4 and 45 °C. The highest surface temperature value increased 
by approximately 13 °C over 16 years. This clearly shows the impact of climate change on 
coastal cities (Fig. 3).

4.2 � LULC change

When the change in land use in the coastal cities of the Mediterranean Region in the 
2006–2022 period is examined, the difference in the settlement areas is striking. The 
increase in residential areas in 2006, 2012, and 2022 shows the pressure of residential areas 
on agricultural regions. The change in land cover was examined in 3 different periods. It is 
seen that the most change is from 2006 to 2022. While there is an increase in settled areas 
in every period, a decrease is observed in agricultural areas and indicates the pressure of 
populated areas on agricultural regions (Table 1).

(6)S(t + 1) = Pij × S(t)

(7)‖Pij‖ =

������

P11 P12 P1n

P21 P22 P2n

Pn1 Pn2 Pnn

������

�
0 ≤ Pij < 1 and

n�

1

Pij = 1

�
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While the residential areas are constantly increasing, the decrease in agricultural 
areas is an essential indicator of the pressure of the residential areas on the agricul-
tural areas. The transition area matrix was created seen that the highest conversion of 
agrarian regions to residential areas occurred from 2006 to 2022 (24.76 ha). It is seen 
a minor transformation from 2012 to 2022 (18.21  ha). The change from other urban 
areas to residential areas has a low rate in all three periods (Table 2).

Fig. 3   Surface temperature maps of 2006 and 2022

Table 1   2006–2022 Land use distribution and change

*Area calculations were calculated in the IDRISI Selva program. It represents approximate values

Land use distribution* (ha) Land use change (ha)

2006 2012 2022 2006–2012 2006–2022 2012–2022
Settled areas 36 48 74 + 12 + 38 + 26
Agricultural areas 362 342 297 − 20 − 65 − 45
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4.3 � The CA‑Markov urban land use simulation

4.3.1 � Model verification and calibration

Using the land use maps of 2006 and 2012, a forecast map for 2022 was made. When 
the 2022 reference map and the forecast map are compared, it is seen that the forecast 
map has a similar spatial pattern to the reference map (Fig. 4).

The Kappa statistics were calculated to evaluate the estimation results’ accuracy 
numerically. It provides to measure the accuracy and reliability of comparisons between 
two variables. The study found location statistics as Kno 0.9844, Klocation 0.9538, 
Klocation Strata 0.9538, and Kstandard 0.9338. The results show that the CA-Markov model is 
excellent in locating future change in Mediterranean coastal cities.

Table 2   2006–2022 land use 
transition matrix

*Area calculations were calculated in the IDRISI Selva program. It 
represents approximate values.

Land Use* 2006–2012 2006–2022 2012–2022

Settled -settled 26 42.24 48
Agricultural-settled 20.83 24.76 18.21
Settled-agricultural 1.37 0.30 0.23
Agricultural-agricultural 180 113.64 140.26
Other urban area-agricultural 160.63 183.06 156.51
Other urban area-settled 1.17 6.94 7.49

Fig. 4   Current land use and forecast map for 2022
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4.3.2 � Land use simulation

Based on the 2006 and 2022 land use data, the predicted land use status for the Mediterra-
nean coastline in 2040 and 2076 was estimated using the CA-Markov chain method within 
the scope of the “trend model: MT " and “sustainable agricultural model MSA " In the trend 
model, it is seen that there will be an increase in residential areas in 2040 and 2076 while 
agricultural areas will decrease. As a result of the estimation made for 2040, it is predicted 
that there will be an increase of 51 ha in residential areas and a growth of 154 ha due to the 
estimate made for the year 2076. In the MSA, the increase in the residential areas is taken 
under control by protecting the agricultural areas. As a result of the estimation made for 
2040, it is predicted that there will be an increase of 45 ha in residential areas and a growth 
of 144 ha due to the estimation made for the year 2076. With the protection of the agricul-
tural regions in the MSA, the growth in residential areas is predicted to be less than in the 
MT (Table 3).

The forecast map for the Mediterranean coastline of 2040 shows that settled areas will 
continue to grow, while agricultural areas will decrease simultaneously. It is estimated that 
the estimated populated regions will grow more toward agricultural areas (Fig. 5).

5 � Discussion

Thanks to the developments in the geospatial field, urban growth models facilitate the spa-
tialization of many positive and negative situations to be foreseen in the future. In this 
study, the pressure of residential areas on agricultural areas during the climate change pro-
cess, which is a significant threat on a global scale, is modeled in terms of time and space. 
The statistical accuracy of the forecast maps was analyzed by calculating the Kappa statis-
tics. The Kappa coefficients calculated revealed that the Mediterranean Region’s coastline 
land use development followed specific growth rules due to the technique’s suitability and 
the accuracy of the forecast maps. Baqa et al. (2021) calculated the Kappa coefficient in the 
range of 0.86–0.90 in their simulations in Pakistan and as > 0.9438 in the simulation model 
they conducted in Kastamonu, Türkiye by Isinkaralar and Varol (2023). In this study, the 
Kappa coefficient was calculated as 0.9538.

Rapid urbanization and population growth lead to an increase in land use in cit-
ies. Changes in land use cause many environmental and climatic problems. Therefore, 
making estimations in land cover/use is of great importance in terms of early detection 
of both social, economic, and ecological issues and taking necessary precautions (Chen 
et al., 2012; Mulligan, 2013; Kuang et al., 2015; Huang et al., 2020a). When the transition 

Table 3   2022–2076 land use distribution and change

*Area calculations were calculated in the IDRISI Selva program. It represents approximate values.

Land use distribution (ha) Land use change (ha)

2022 2040 2076 2022–2040 2022–2076
MT Settled area 74 125 228 + 51 + 154

Agricultural areas 297 215 171 − 82 − 126
MSA Settled area 74 119 218 + 45 + 144
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probability matrices are evaluated, it shows large conversions between land uses. The most 
significant change in the area is the conversion of most of the agricultural lands into resi-
dential areas. This result is also consistent with the results of the previous studies in the lit-
erature (Xie et al., 2007; Gong et al., 2015; Rimal et al., 2018; Huang et al., 2020b; Wang 
et al., 2021). The results of this study reveal the pressure of settled areas on agricultural 
lands in temporal and spatial terms, together with the significant differences in the Medi-
terranean coastline. Overall, the predicted results indicate that residential and agricultural 

Fig. 5   Mediterranean coastline land use forecast for 2040
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areas will likely maintain similar trends in the past analyzed periods. The most obvious 
change is the increase in residential areas and the transformation of agricultural areas into 
residential areas.

With the increase in the world population due to globalization and the technological 
developments it brings, the city forms have changed, and the handling of the cities has 
also changed. Today, urbanization and population growth are accepted as the most critical 
socio-ecological problems that trigger climate change on a global scale. Human-induced 
activities and the urbanization phenomenon that it brings play an essential role in the basis 
of climate change, which is accepted as one of the biggest environmental problems in the 
whole world. Human carbon emissions are known to affect climate worldwide with poten-
tially devastating consequences (Hornsey & Fielding, 2019). Since the beginning of the 
21st century, new methods have begun to be developed in the handling of cities, especially 
as a result of the developments in geospatial analytics. Statistical models are preferred in 
the preparation of growth models, especially on land cover changes (Hyandye et al., 2015), 
artificial neural networks (Guan et al., 2005; Maithani, 2009), logistic regression (Salem 
et al., 2021; Diep et al., 2022), cellular Many different techniques are applied, such as self-
processing (Shafizadeh-Moghadam et al., 2021; Li et al., 2022a, b) and Markov chain (Yu 
et al., 2021). The advantages and disadvantages of the models are often discussed. There-
fore, integrating the principles is preferred in current research (Mallick, 2021; Isinkaralar 
et al., 2022).

6 � Conclusion, limitations and prospects

Land cover change models provide a dynamic dataset for examining environmental deg-
radation and controlling the impact of planning and management on land use change. As 
a result of the research, depending on the temporal-spatial increase trend, the pressure 
of urban growth on agricultural areas emerges. The expansion of the residential regions 
causes a significant decrease in agricultural areas. When the development estimation maps 
for the Mediterranean Region coastline, which constitutes a considerable resource value 
for Türkiye’s agricultural economy and tourism, are evaluated, it is predicted that the exist-
ing urban spot will grow linearly. In these areas, where agricultural areas are predicted to 
decrease significantly, it is thought that the plan decisions and the spatial development of 
the Mediterranean coastline may be effective in the process. While preparing the physical 
plans, establishing university-local government cooperation would be a helpful approach 
by ensuring that the academic literature on the field is examined. The research is consid-
ered to be entirely guiding for decision-makers in revealing the temporal process of land 
losses and showing the development aspects spatially.

This research is limited to four provinces in the Mediterranean region due to the size 
and scale of the area. In determining the borders, the region’s place in the country’s econ-
omy was considered. In additional research, coastal regions forming the three sides of the 
country or cities with high agricultural production potential can be studied. ArcGIS and 
IDRISI Selva were preferred for software. Different software can be tried to obtain efficient 
results regarding future predictions. Another modeling technique based on cellular autom-
ata can be used for prediction. Two models were used to produce the forecasts with an 
agriculturally sensitive approach. In future research, different land covers can be included 
in the model for more ecological sustainability goals.
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