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Abstract: Many large dams built on the Çoruh River have resulted in the inundation of olive groves
in Artvin Province, Turkey. This research sets out to identify suitable locations for olive cultivation
in Artvin using the random forest (RF) algorithm. A total of 575 plots currently listed in the Farmer
Registration System, where olive cultivation is practiced, were used as inventory data in the training
and validation of the RF model. In order to determine the areas where olive cultivation can be carried
out, a land suitability map was created by taking into account 10 parameters including the average
annual temperature, average annual precipitation, slope, aspect, land use capability class, land use
capability sub-class, soil depth, other soil properties, solar radiation, and land cover. According to
this map, an area of 53,994.57 hectares was detected as suitable for olive production within the study
region. To validate the created model, the receiver operating characteristic (ROC) curve and the
area under the ROC curve (AUC) were utilized. As a result, the AUC value was determined to be
0.978, indicating that the RF method may be successfully used in determining suitable lands for olive
cultivation in particular, as well as crop-based land suitability research in general.

Keywords: land suitability; olive cultivation; random forest; Artvin

1. Introduction

Olive (Olea europaea L.), one of the oldest cultivated plants in the world and charac-
terizing the Mediterranean climate, has played an essential role in both the nutrition and
economy of societies throughout history [1]. Olive, a plant species with high economic
value, is a plant that cannot be grown ecologically and economically everywhere, spreads
between 30◦ and 45◦ latitudes depending on the Mediterranean climate and grows almost
entirely in countries with a coast to the Mediterranean [2–5]. Unlike the climate, the olive is
not very picky about soil as it instead prefers soils that are calcareous sandy, deep, and rich
in nutrients [6]. In terms of soil properties, Alvarez et al. [7] stated that soil texture classes
in organic and natural olive groves in the south of Spain are loamy or sandy loam, while
Doğan and Gülser [8] stated that soil texture classes in olive groves in İzmir (Turkey) are
generally coarse or medium. According to Tombesi and Tombesi [9], olives grow best on
soil textures that have a balance of sand, silt, and clay.

Olive was the first agricultural crop to be legally supported by law in Turkey [3].
Due to the ecological conditions of olive fields, it is observed that it spreads mainly in
the Mediterranean, Aegean, and Marmara coastal areas of Turkey as well as in parts of
Southeastern Anatolia, the Black Sea Region, and in the interior parts with favorable
climatic conditions.

Olive cultivation is conducted in approximately 3% of the total agricultural land in
Turkey [3]. According to reports, this area has grown to 880,000 hectares as of 2021, and
olive production increased by 71.2% in 2022 compared to 2021 [10]. Hantekin [3] states that
a large part of this increase in olive fields is due to the conversion of forests and scrubland.
On the other hand, it is a well-known fact that olive fields in Turkey are under various
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threats such as secondary residences [2,11], mining and tourism activities [12], and large
investment projects (e.g., dam constructions).

Shadeed et al. [13] emphasized that the need for food will increase by 70% in 2050 due
to the rapidly increasing global population, and it is important to provide sustainability in
agriculture to the point of ensuring food security for the increasing population and planting
each crop in the most suitable lands. To meet the increasing food need, it is very important
that land use is compatible with the Sustainable Development Goals and that sustainability
in agriculture can be achieved. In this context, land suitability analysis and determination
of arable areas have been two of the preferred practices in ensuring global food security,
which is one of the UN’s Sustainable Development Goals [1,11]. Land suitability analysis
can be defined as a tool that requires the determination of the ecological needs of the crop
for optimum use of the land and is used to determine the most suitable areas to shape future
land use [4,13,14]. Land suitability evaluation is a process that requires the analysis and
interpretation of biophysical, economic, and socio-cultural factors such as soil properties,
land use, climatic conditions, and topography [13,15].

It has been noticed that there are numerous studies on land suitability analyses in the
literature. Some of these studies [16–19] aimed to determine suitable areas for agriculture,
while others [20–27] aimed to determine suitable areas for the cultivation of certain agricul-
tural crops such as citrus, rice, tobacco, tea, hazelnut, and grape. When the aforementioned
studies are examined, it can be seen that there are few studies carried out to determine
suitable areas for olive cultivation, and these studies mostly use multi-criteria decision
analysis (MCDA) methods and geographic information systems (GIS). For example, Bil-
gilioğlu [5] determined suitable areas for olive cultivation by using GIS and the analytic
hierarchy process (AHP) method in his study in Mersin (Turkey), while Tuğaç and Sefer [4]
determined suitable areas for olive cultivation in the whole of Turkey (on a national scale)
by applying GIS and the AHP method. Furthermore, while Shadeed et al. [13] produced a
land suitability map by performing a land suitability evaluation for olive cultivation using
GIS and the AHP in the West Bank (Palestine), Elaalem [28] examined the land suitability
for olive cultivation in a study conducted in the Jeffara Plain of Libya, in comparison
with parametric and fuzzy MCDA methods. Shiri and Farbodi [29] also performed the
land suitability assessment for olives using the simple restriction method and parametric
method in Zanjan Province (Iran). Bienes et al. [30] handled the suitability of land for olive
cultivation based on the soil and climate criteria in the Madrid region (Spain). Moreover,
Guo et al. [31] evaluated the ecological suitability of olive trees in Sichuan Province (China)
using fuzzy set and GIS methods.

On the other hand, it can be observed in the literature that machine learning (ML) al-
gorithms are rarely used in land suitability analysis. ML and deep learning (DL) algorithms
are generally used in studies carried out to determine areas where certain agricultural
crops are cultivated (such as hazelnut orchards, wheat, or maize cultivation areas) from
satellite images, to predict yields or to detect plant diseases [32–35]. However, in the study
conducted by Taghizadeh-Mehrjardi et al. [36] in Iran, land suitability maps for barley
and wheat were produced using random forest (RF) and support vector machine (SVM)
learning algorithms. In the study by Xing et al. [25], a suitability evaluation model based
on machine learning models was proposed for tea cultivation. In that study, in which many
ML models were compared, suitable areas for tea cultivation were determined by using
12 parameters including climate, soil, land, and economy factors and the RF algorithm. In
the literature, there are studies carried out to determine the distribution of olive trees in a
particular region or to determine olive tree varieties using ML or DL algorithms [37–40].
However, to the best of our knowledge, no study has been performed to determine suitable
areas for olive cultivation using ML algorithms. Therefore, this article fills an important
gap in the literature as it is the first study to evaluate suitable areas for olive cultivation
using ML algorithms.

Artvin Province, located in the Eastern Black Sea Region of Turkey, was chosen as
the research area due to its favorable microclimates for olive cultivation, particularly in
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the Çoruh River Valley. However, several large dams constructed on the Çoruh River in
recent years have resulted in the inundation of the city’s olive groves, necessitating the
development of alternative olive-growing regions. Consequently, the goal of the current
study was to identify suitable areas for olive cultivation utilizing the RF algorithm, which
has been shown to have high prediction performance in various applications [25,37,41,42].
The scientific contributions of this study can be described as follows: (i) this study will be
the first to assess suitable areas for olives using the RF algorithm, a strong and robust ML
algorithm, (ii) with this study, alternative suitable areas to the olive areas inundated by
the reservoir of several large dams will be determined, (iii) the outputs of this study will
guide institutions such as the Artvin Provincial Directorate of Agriculture and Forestry in
planning to expand olive fields throughout Artvin, and (iv) finally, this study will encourage
new ML-based studies on the subject.

2. Materials and Methods
2.1. Study Area

Artvin Province, located in the northeast of the Black Sea Region, is one of the
36 provinces in Turkey where olive cultivation is carried out [6]. The micro-climatic condi-
tions in Artvin and the Black Sea Region allow olive cultivation in the region [3]. Therefore,
this study was conducted in the Merkez and Yusufeli districts, which are at the forefront of
olive production in Artvin Province. The study area, which has a surface area of 3466 km2,
is located between 40◦34′8.4′′ and 41◦21′25.2′′ north latitude and 41◦9′32.4′′ and 42◦10′43.8′′

east longitude (Figure 1).
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In the study area, which covers the administrative borders of the two districts, there
are 12 neighborhoods and 99 villages, and according to the data of the address-based
population registration system in 2022, a total of 54,987 people live there [10]. The elevation
of the research area, which includes highly difficult terrain, ranges from 125 to 3930 m. The
average slope in the research region, where the slope runs from 0 to 548%, is 62%, and the
slope is greater than 30% across 90% of the area [18].

Three large dams on the Çoruh River, which runs through the research region,
named Deriner, Artvin, and Yusufeli, were completed in recent years, in 2012, 2015, and
2022, respectively. These dams have completely or partially inundated many settlements
(58 villages and Yusufeli city center), as well as devastating fertile agricultural lands. It is
projected that roughly 1633.40 hectares of agricultural land have been inundated as a result
of these huge dams [43,44].

According to the activity reports of the Artvin Provincial Directorate of Agriculture
and Forestry [45], the olive fields in Artvin were 424 hectares in total at the beginning of the
2000s, while this decreased to 86.1 hectares in 2021 (Figure 2). When Figure 2 is examined,
the decreases in 2007, 2013, and 2017 are noticeable. The effect of the large dams mentioned
above can be seen in this decrease in olive fields. In contrast, an increase of 5.5 hectares in
olive fields in 2021 draws attention (Figure 2). It can be said that olive saplings produced
by the Artvin Provincial Directorate of Agriculture and Forestry and distributed free of
charge to the public were effective in this increase.

Agriculture 2023, 13, x FOR PEER REVIEW  4  of  23 
 

 

In the study area, which covers the administrative borders of the two districts, there 

are 12 neighborhoods and 99 villages, and according to the data of the address-based pop-

ulation registration system in 2022, a total of 54,987 people live there [10]. The elevation 

of the research area, which includes highly difficult terrain, ranges from 125 to 3930 m. 

The average slope in the research region, where the slope runs from 0 to 548%, is 62%, and 

the slope is greater than 30% across 90% of the area [18]. 

Three  large  dams  on  the Çoruh  River, which  runs  through  the  research  region, 

named Deriner, Artvin, and Yusufeli, were completed in recent years, in 2012, 2015, and 

2022, respectively. These dams have completely or partially inundated many settlements 

(58 villages and Yusufeli city center), as well as devastating fertile agricultural lands. It is 

projected that roughly 1633.40 hectares of agricultural land have been inundated as a re-

sult of these huge dams [43,44]. 

According to the activity reports of the Artvin Provincial Directorate of Agriculture 

and Forestry [45], the olive fields in Artvin were 424 hectares in total at the beginning of 

the 2000s, while this decreased to 86.1 hectares in 2021 (Figure 2). When Figure 2 is exam-

ined,  the decreases  in 2007, 2013, and 2017 are noticeable. The effect of  the  large dams 

mentioned above can be seen in this decrease in olive fields. In contrast, an increase of 5.5 

hectares in olive fields in 2021 draws attention (Figure 2). It can be said that olive saplings 

produced by the Artvin Provincial Directorate of Agriculture and Forestry and distributed 

free of charge to the public were effective in this increase. 

 

Figure 2. Areal change of olive groves in Artvin Province [45]. 

Considering Artvin Province in terms of the rate of olive production, it is seen that 

the production varies between 1425  tons and 2520  tons, although  there are differences 

according  to  the years.  In addition,  in  the 2021 activity  report of  the Artvin Provincial 

Directorate of Agriculture and Forestry, the presence of 33,652.2 hectares of unused agri-

cultural land throughout the province draws attention and it is of significant importance 

to bring these areas into production. 

Although there is a remarkable amount of land in the study area, the arable areas are 

quite limited especially in the Yusufeli district [18]. However, all kinds of fruits and veg-

etables, especially olives, rice, and grapes, can be grown in these limited areas [46]. Olive 

cultivation in the city is one of the main sources of income for small-scale farmers. It is 

seen that it is important to plant varieties suitable for ecology in the region where olive 

cultivation is carried out, and in this context, local olive species such as “Otur, Butko, and 

Sati” are preferred in the region [6,47]. 

   

Figure 2. Areal change of olive groves in Artvin Province [45].

Considering Artvin Province in terms of the rate of olive production, it is seen that the
production varies between 1425 tons and 2520 tons, although there are differences according
to the years. In addition, in the 2021 activity report of the Artvin Provincial Directorate
of Agriculture and Forestry, the presence of 33,652.2 hectares of unused agricultural land
throughout the province draws attention and it is of significant importance to bring these
areas into production.

Although there is a remarkable amount of land in the study area, the arable areas
are quite limited especially in the Yusufeli district [18]. However, all kinds of fruits and
vegetables, especially olives, rice, and grapes, can be grown in these limited areas [46].
Olive cultivation in the city is one of the main sources of income for small-scale farmers. It
is seen that it is important to plant varieties suitable for ecology in the region where olive
cultivation is carried out, and in this context, local olive species such as “Otur, Butko, and
Sati” are preferred in the region [6,47].
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2.2. Data Set

Examining the crop-based suitability of the land is a multidimensional process that
requires many criteria to be considered and evaluated together. Biophysical factors, in-
cluding climate, topography, and soil properties, are very important in determining the
cultivation areas of agricultural crops and crop cultivation suitability and are widely used
in such studies [25].

The parameters that can be used to identify potential areas suitable for olive cultivation
in Artvin Province were determined with the help of the studies in the literature [4,5,13,31,48]
and considering the local conditions of the study area. Accordingly, a total of 15 parameters
including average annual temperature, average annual precipitation, average annual
max. and min. temperatures, elevation, slope, aspect, great soil group (GSG), land use
capability class (LUCC), land use capability sub-class (LUCS), soil depth, erosion degree,
other soil properties (OSP), solar radiation, and land cover were used in the study. Some
characteristics of the evaluation parameters used in this article are presented in Table 1.

Table 1. Some characteristics of the evaluation parameters.

Parameters Unit Data Type Scale/Resolution Data Source

Aver. annual precipitation Mm Point Monthly TSMS
Aver. annual temperature ◦C Point Monthly TSMS
Annual max. temperature ◦C Point Monthly TSMS
Annual min. temperature ◦C Point Monthly TSMS
Aspect Categorical Raster 10 m DEM
Elevation M Vector 1/25,000 GDM
Erosion Degree Categorical Vector 1/25,000 GDAR
Great soil group Categorical Vector 1/25,000 GDAR
Land cover Categorical Raster 10 m ESRI Land Cover
LUCC Categorical Vector 1/25,000 GDAR
LUCS Categorical Vector 1/25,000 GDAR
OSP Categorical Vector 1/25,000 GDAR
Slope % Raster 10 m DEM
Soil depth M Vector 1/25,000 GDAR
Solar Radiation kWh/m2 Raster 10 m Global Solar Atlas website

TSMS: Turkish State Meteorological Service; GDAR: General Directorate of Agricultural Reform; GDM: General
Directorate of Mapping; DEM: digital elevation model.

2.2.1. Climatological Parameters

The climate is the most effective and essential factor in deciding where agricultural
crops can be grown [3,4,13,37,49]. Climate has the power to affect the lives of all living
beings, and there are specific climatic zones where some plant species such as olives can
grow [50]. As a result, analyzing climate characteristics is critical in selecting possible sites
appropriate for olive growing.

Olive finds the best-growing conditions in the Mediterranean climate, where the
winters are mild and rainy and the summers are warm and dry [2,6,12]. Average annual
temperatures in olive cultivation areas in Turkey vary between 14.9 ◦C and 18.5 ◦C [4,51].
While summer drought, which is the most basic feature of the Mediterranean climate,
increases olive growth and quality [3], sufficient moisture in the soil in spring affects flower
formation, grain set rate, and oil formation [3,4,47]. It is understood that low- or high-
temperature values or weather events such as frost can negatively affect the growth and
yield of olives [4], so it is important to consider the maximum and minimum temperatures
in olive farming in addition to the average temperature [52].

Precipitation, like temperature, is a remarkable and effective component in olive
production [1,13], and its seasonal distribution is as important as its volume. For all
these reasons, average annual temperature, average annual maximum and minimum
temperature, and average annual precipitation parameters were taken into account in this
study. The information for the aforementioned parameters was gathered from monthly
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observation data collected between 2010 and 2022 by the Turkish State Meteorological
Service at 23 meteorological stations inside and surrounding the study area. First, on a
station basis, monthly data were transformed into yearly average data. Temperature and
precipitation data acquired from meteorological stations are mapped using geostatistical
approaches such as inverse distance weighted (IDW) and Kriging methods, according to
the literature [5,50]. However, because the distance between stations is quite long and the
elevation difference between stations is high due to topography, these interpolated maps do
not provide accurate and reliable results. Therefore, after accounting for their association
with elevation (a 54 mm increase in precipitation and a 0.5 ◦C drop in temperature with
every 100 m of height increase), the temperature and precipitation data were lowered to the
sea surface. Following this, the reduced values were carried to grid points with a resolution
of 1 × 1 km and a specific elevation, and the average temperature (Figure 3a) and average
total precipitation (Figure 3b) maps of the study area were obtained by interpolation
(inverse distance weighted—IDW) [50].
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Furthermore, among the climate elements, another factor affecting the olive yield
is sunlight and therefore solar radiation [1]. Solar radiation is an ecological factor that
directs photosynthesis and affects wind speed, relative humidity in the air, crop growth,
and development [31,53]. When solar radiation decreases, the photosynthetic production
capacity also decreases [31]. The solar radiation data (global horizontal irradiation or GHI)
used in the study was obtained from the Global Solar Atlas website [54] (Figure 3c).

2.2.2. Topographical Parameters

Similar to many other agricultural crops, topographic parameters such as elevation,
slope, and aspect are very effective in olive cultivation [37]. Elevation, particularly in
highlands, significantly affects plant cover variation, causing temperature and rainfall
changes [6,18,37]. Shadeed et al. [13] mentioned in their study that the elevation parameter
is highly significant for olive cultivation, while Tunalıoğlu and Gökçe [55] and Efe et al. [51]
noted that as elevation increases, yield decreases.

The slope is another important parameter that affects all agricultural activities and
affects soil depth, yield, and the water-holding capacity of the soil [3,18,51]. In the lit-
erature [3,6,55], it is said that an increase in the slope decreases the yield in the olive
yield–slope relationship.

It is also stated that the aspect is a parameter as important as elevation in olive farming;
an olive plant needs light and prefers flat and south-facing lands in order to be protected
from both cold and north winds [2,5,47]. As is known, while warming, insolation duration,
and radiation gain from the sun increase on sun-facing facades, frost events decrease. Thus,
the plants meet the total calories they need during the vegetation period in a shorter time
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and the crops mature earlier [56]. It is also stated that olive plants make more oil to protect
themselves from the sun, hence olive plants in sunnier areas are oilier [12].

As a result, data on topographical parameters were gathered in digital format from
1/25,000 scale standard topographical maps. Using ArcGIS 10.2 software, a digital elevation
model (DEM) of the research area was constructed, and then the DEM was converted to
ESRI GRID format with a cell size of 10 × 10 m to create elevation, slope, and aspect maps
(Figure 4).

Agriculture 2023, 13, x FOR PEER REVIEW 7 of 23 
 

 

duration, and radiation gain from the sun increase on sun-facing facades, frost events de-

crease. Thus, the plants meet the total calories they need during the vegetation period in a 

shorter time and the crops mature earlier [56]. It is also stated that olive plants make more 

oil to protect themselves from the sun, hence olive plants in sunnier areas are oilier [12]. 

As a result, data on topographical parameters were gathered in digital format from 

1/25,000 scale standard topographical maps. Using ArcGIS 10.2 software, a digital eleva-

tion model (DEM) of the research area was constructed, and then the DEM was converted 

to ESRI GRID format with a cell size of 10 × 10 m to create elevation, slope, and aspect 

maps (Figure 4). 

 

Figure 4. Topographic maps of the study area: (a) elevation, (b) slope, and (c) aspect. 

2.2.3. Soil Parameters 

Although olive is not a very selective plant in terms of soil requirements [3,6], it is 

important to consider the characteristics and limiting factors of the soil where olive culti-

vation will be carried out. Soil depth and salinity are shown as the most important restric-

tive land features along with topography in olive farming [4,8,57]. In this context, soil 

properties such as parent materials, soil texture, GSG, soil reaction and depth, and LUCC 

are taken into account in land suitability analysis [1,28]. Soil behaviors can be used to esti-

mate soil performance for agricultural productivity. As a result, knowing the dominant soil 

type is essential for determining the proper use of land for agricultural development [18]. 

Therefore, the General Directorate of Agricultural Reform’s 1/25,000 scaled digital 

soil maps were used to extract the distinctive qualities of the soil. Considering the feature 

parameters in the national soil database, LUCC, GSG, soil depth, erosion degree, OSP, and 

land use capability sub-class (LUCS) maps of the study area in ESRI GRID format with 10 × 

10 m cell size were produced from the soil map in ESRI Shape format. While Figure 5 dis-

plays the study area’s soil depth, LUCC, and LUCS maps, Figure 6a shows the OSP map. 

2.2.4. Land Cover 

Sustainable farming requires that farming operations take place on appropriate land 

cover or land use classes. Therefore, land cover should be one of the parameters to be 

considered in land suitability analysis. In this study, a 10 m resolution global land cover 

data set [58], produced by ESRI from Sentinel-1 and Sentinel-2 satellite images, was used 

(Figure 6b). Figure 6b shows that trees make up 36.32% of the study area, while shrubland 

makes up 59.35% of it. Shrubland is made up of a variety of small clusters of plants and 

solitary plants scattered across a landscape with exposed soil or rock. 

Figure 4. Topographic maps of the study area: (a) elevation, (b) slope, and (c) aspect.

2.2.3. Soil Parameters

Although olive is not a very selective plant in terms of soil requirements [3,6], it
is important to consider the characteristics and limiting factors of the soil where olive
cultivation will be carried out. Soil depth and salinity are shown as the most important
restrictive land features along with topography in olive farming [4,8,57]. In this context,
soil properties such as parent materials, soil texture, GSG, soil reaction and depth, and
LUCC are taken into account in land suitability analysis [1,28]. Soil behaviors can be
used to estimate soil performance for agricultural productivity. As a result, knowing the
dominant soil type is essential for determining the proper use of land for agricultural
development [18].

Therefore, the General Directorate of Agricultural Reform’s 1/25,000 scaled digital
soil maps were used to extract the distinctive qualities of the soil. Considering the feature
parameters in the national soil database, LUCC, GSG, soil depth, erosion degree, OSP, and
land use capability sub-class (LUCS) maps of the study area in ESRI GRID format with
10 × 10 m cell size were produced from the soil map in ESRI Shape format. While Figure 5
displays the study area’s soil depth, LUCC, and LUCS maps, Figure 6a shows the OSP map.
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2.2.4. Land Cover

Sustainable farming requires that farming operations take place on appropriate land
cover or land use classes. Therefore, land cover should be one of the parameters to be
considered in land suitability analysis. In this study, a 10 m resolution global land cover
data set [58], produced by ESRI from Sentinel-1 and Sentinel-2 satellite images, was used
(Figure 6b). Figure 6b shows that trees make up 36.32% of the study area, while shrubland
makes up 59.35% of it. Shrubland is made up of a variety of small clusters of plants and
solitary plants scattered across a landscape with exposed soil or rock.

2.3. Method

The method followed in the study is shown in Figure 7 in general terms. In the
determination of suitable areas for olive cultivation in the study area, 15 parameters
including soil characteristics, topography, and climate characteristics were taken into
account. Depending on the characteristics of the selected parameters, there may be a
correlation between them. For this reason, multicollinearity analysis was performed in
the first place to determine whether there was a high correlation between the parameters.
In multiple regression models using machine learning algorithms, it is desirable for the
variables to be independent of each other. Multicollinearity is the situation where there
is a linear relationship or high correlation between more than one independent variable
in a multiple regression model [59]. The high correlation between the variables that make
up the model causes the prediction accuracy and reliability of the model to decrease [60].
Variance inflation factor (VIF) and tolerance (TOL) are two typical measures used in the
literature to assess multicollinearity [61–63]. Factors with a VIF value greater than 10 or a
TOL value less than 0.1 are multilinear and should be excluded from the model [64,65].

The RF algorithm was preferred to estimate the areas suitable for olive cultivation in
the study region. The following reasons were effective in the preference of the RF algorithm
in the study; (i) the algorithm combines versatility and power, (ii) it can handle large data
sets, (iii) it is powerful, robust, and easy to use, (iv) it is fault-tolerant against missing or
unbalanced data, and (v) it usually gives very good prediction results [66–68]. Areas, where
olive cultivation iscurrently carried out were used as inventory data in the training of the
RF model. Inventory data were generated from plots that are registered in the Farmer
Registration System and are currently olive fields (i.e., completely covered with olive trees).
The location information of 575 plots (10 m spatial resolution and 2603 pixels), for which
some title deed information was obtained from Artvin Provincial Directorate of Agriculture
and Forestry and whose accuracy was checked, was also obtained from the Directorate
of Cadastre. Then, the inventory data consisting of 2603 pixels were divided into two
parts. Approxmelty 70% of the inventory data were used for training the RF model and
the remaining 30% were used for the validation of the model. In a wide variety of studies
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throughout the literature, it can be seen that the inventory data specific to the relevant
application area is divided into two parts at a ratio of 70:30 [53,63,64,69]. Therefore, the
training and validation data sets in this study were created using a 70:30 ratio. The study’s
methodology is described in detail in the following parts.
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2.4. Random Forest

Random forest (RF), first presented by Breiman [70], is a widely used machine-learning
algorithm for classification and regression. RF is a non-parametric ensemble learning
method consisting of decision trees produced by resampling the training data [68]. En-
semble learning methods generally aim to improve model accuracy by combining the
classification and prediction results of many different models. Additionally, the RF initially
creates several decision trees from the training data set before combining the trees’ outputs
to obtain a classification or prediction result that is more accurate [69]. The output of
the random forest is determined using majority voting for classification. For regression,
the average of the decision trees that make up the forest is taken [53]. The RF algorithm
works in general as follows: (i) a set of decision trees is created using a different subset
of the training data, (ii) a random subset of features or variables is selected for each tree,
(iii) the decision trees are trained, and (iv) after all of the decision trees in the forest have
been trained, the results from each tree are merged to produce predictions using majority
voting or averaging [67]. Combining predictions from multiple decision trees in this way
both reduces overfitting and increases the overall accuracy of the model. There are two
hyperparameters in RF that must be set by the user: ntree (the number of trees) and mtry
(the number of variables in each tree) [32,57,58]. In this study, the “rf” method of the caret
package [71] in R 3.6.3 was used to implement the RF algorithm. In the application where
the tuneLength approach was taken into consideration for hyperparameter optimization,
the value of the ntree parameter was set to 100 and the value of the mtry parameter was set to 6.

3. Results and Discussion
3.1. Multicollinearity Analysis

In this study, TOL and VIF indicators were used to determine the multicollinearity
among the factors taken into account in determining suitable places for olive cultivation. In
this context, five parameters including elevation, GSG, erosion degree, and average annual
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max. and min. temperatures were excluded from the model because their VIF values were
above 10. Since the VIF values of the other 10 parameters (average annual temperature,
average annual precipitation, slope, aspect, LUCC, LUCS, soil depth, OSP, solar radiation,
and land cover) were below 10 (or even 5) and their TOL values were above 0.1, it was
determined that the parameters were independent of each other, and it was decided for
them to be used in the study (Table 2).

Table 2. Multicollinearity analysis for suitability evaluation parameters.

Parameters VIF TOL

Aspect 1.11069 0.90034
Average annual precipitation 2.77318 0.36060
Average annual temperature 3.39812 0.29428

Land cover 1.13774 0.87894
LUCC 1.28196 0.78006
LUCS 1.62572 0.61511
OSP 1.50671 0.66370

Slope 1.25606 0.79614
Soil depth 1.47670 0.67719

Solar Radiation 1.38054 0.72435

3.2. Climatological, Topographical, and Soil Characteristics of Current Olive Cultivation Areas

The current olive cultivation areas in the study area were evaluated in terms of
15 selected parameters, and the ecological conditions effective in olive cultivation on a local
scale were determined and then compared with similar studies in the literature.

Considering the study area in terms of elevation, which has a key role in crop dis-
tribution in agriculture, it can be seen that 9.68% of the current olive fields are located in
the elevation range of 130–510 m, and 82.26% of them are located in the elevation range
of 510–890 m (Table 3). It is reported in the literature that there are different opinions
about the elevations where olive trees can grow and that the geographical and climatic
characteristics of the regions also effect the suitability of different elevations [51]. Although
it is stated that olive plants can be grown optimally in areas up to 400 m above sea level
where the Mediterranean climate is observed [12], it was found by Kesici [72] that olive
fields can be located at elevations of 950–1000 m in Kilis (Turkey), and it was found by
Ustaoğlu and Uzun [49] that olive cultivation can be carried out at up to 500 m elevation in
the Mediterranean region. Both Bilgilioğlu [5] in Mersin, Turkey, and Moriondo et al. [37]
in the Mediterranean Basin found that olives might be grown successfully at altitudes of up
to 800 m. It was stated by Ustaoğlu and Uzun [49] that the slope of the land is important
for olive production, as in all agricultural crops, and a slope of up to 20% is acceptable.
However, it was determined that 75% of the olive fields in our country are located in
sloping areas [6,51] and the average slope of the olive fields in the Aegean region is around
28% [55]. In this context, when the current olive fields in the study area were examined, it
was observed that 86.40% of the olive fields are located in areas where the slope is above
20% (Table 3). The very rough nature of the study area and the average slope of 62% made
this result inevitable.

On the other hand, it is a known fact that insolation in olive fields is effective and
important. In this context, when the aspect of the current olive fields was examined, it
was determined that 56.86% of them are flat and located on east, west, and south aspects
(Table 3). Tombesi et al. [73] also emphasized that the south, west, and east aspects are the
best options for crop quality and volume.
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Table 3. Topographic characteristics of the current olive cultivation areas.

Parameter Attributes Value Num. of Pixels Ratio (%)

Elevation (m)

130–510 1 252 9.68
510–890 2 2141 82.26

890–1270 3 130 4.99
1270–1650 4 57 2.19
1650–2030 5 23 0.88
2030–2410 6 0 0
2410–2790 7 0 0
2790–3170 8 0 0
3170–3550 9 0 0
3550–3930 10 0 0

Slope (%)

0–2 1 49 1.88
2–6 2 13 0.51
6–12 3 130 4.99

12–20 4 162 6.22
20–30 5 215 8.26
30–45 6 443 17.02
>45 7 1591 61.12

Aspect

Flat 1 40 1.53
N 2 328 12.59

NE 3 104 4.00
E 4 228 8.76

SE 5 267 10.26
S 6 381 14.64

SW 7 291 11.18
W 8 273 10.49

NW 9 691 26.55

The climate characteristics of the current olive fields in the study area are presented
in Table 4. Accordingly, it was observed that 62.27% of the current olive fields are located
in the 300–600 mm precipitation zone, and 30.55% receive precipitation below 300 mm.
Koca [2] and Çelik and Cin [12] stated that the olive tree can be grown without irrigation
in places where the annual precipitation is at least 600 mm; however, irrigation should be
carried out especially in summer in order to increase yield and quality. Ozturk et al. [6],
on the other hand, stated that 85% of the olives cultivated in the world are not irrigated
and therefore olives can be considered as a drought-resistant species. In addition to this,
Guo et al. [31] and Gucci and Fereres [74] stated that the annual precipitation should be
over 600 mm, while Shadeed et al. [13] stated that olive cultivation can be carried out
with precipitation between 200–300 mm. However, considering the fact that humidity
and high precipitation reduce the oil rate in olives, while the inadequacy in humidity and
precipitation reduces the yield [49], we can say that the precipitation values in the study
area are at a good level for olive farming.

It is also stated in the literature that olive plants can be grown in regions with an
average annual temperature of 15–20 ◦C and can tolerate temperatures up to 35–40 ◦C at
the highest [49] and must be irrigated in order to withstand temperatures above 40 ◦C [2].
In addition, it is emphasized that the lowest temperature for olive cultivation should not
fall below −7 ◦C [31,47,52,75], and these values define the geographical areas where olive
cultivation can be carried out. In this context, when the study area is examined, it is seen
that 94.01% of the current olive fields have average annual minimum temperatures between
6–10 ◦C, 78.76% have average annual temperatures between 11–15.69 ◦C, and 95.89% have
average annual maximum temperatures between 17–21.86 ◦C. Furthermore, the lowest
temperature in the study area was measured at −6 ◦C in December, while the highest
temperatures were measured between 30.4–37.9 ◦C in August. There are very few days
when the temperature drops below zero or rises above 30 ◦C in the study area [76]. These
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figures show that the climate characteristics of the study area are compatible with the
climate demand of the olive tree.

Table 4. Climatologic characteristics of the current olive cultivation areas.

Parameter Attributes Value Num. of Pixels Pixel (%)

Precipitation (mm)

0–300 1 795 30.55
300–600 2 1621 62.27
600–900 3 187 7.18
900–1200 4 0 0

1200–1500 5 0 0
1500–1800 6 0 0
1800–2200 7 0 0

Tmin (◦C)

−7–2 1 0 0
2–4 2 19 0.73
4–6 3 61 2.34
6–8 4 349 13.41
8–10 5 2098 80.60
>10 6 76 2.92

Tavg (◦C)

−2.81–3 1 0 0
3–5 2 0 0
5–7 3 157 4.99
7–9 4 394 12.53
9–11 5 117 3.72

11–13 6 841 26.74
13–15.69 7 1636 52.02

Tmax (◦C)

2–9 1 0 0
9–11 2 0 0

11–13 3 0 0
13–15 4 43 1.65
15–17 5 64 2.46
17–19 6 872 33.50

19–21.86 7 1624 62.39

Solar radiation
(kWh/m2)

823.64–1226.51 1 0 0
1226.51–1315.26 2 226 8.68
1315.26–1382.84 3 272 10.45
1382.84–1440.55 4 823 31.62
1440.55–1496.79 5 929 35.69
1496.79–1560.71 6 279 10.72
1560.71–1677.96 7 74 2.84

Considering the current olive fields in terms of solar radiation, another climate factor,
it was observed that 88.48% of the olive fields are located in regions with a solar radiation
value of 1315.26–1560.71 kWh/m2 (Table 4). As Guo et al. [77] point out, substantial
amounts of sunshine are favorable for the production of olive fruit.

Although the olive plant does not show much selectivity in terms of soil requirements,
Koca [2] stated that sandy loamy, loamy, loamy-sandy, clayey-loamy, and silty-loamy soils
are suitable for olive trees with their permeable structures and sufficient water-holding
capacities. In addition, Guo et al. [31] stated that while neutral and calcareous soils are
suitable for olive cultivation, sticky yellow, ginger stone, and sand yellow soils are not.
It can be seen that 91.86% of the olive fields taken into consideration in the study are in
the M (brown forest soils) soil group and 2.69% are in the A (alluvial) soil group (Table 5).
It was reported that brown forest soil (M) is used for perennial orchards such as olives,
apples, pears, and vines, and has clayey-loamy and sandy-clayey-loamy textures [78]. At
the same time, Hantekin [3], Varol [47], and Tuğaç and Sefer [4] stated that soils rich in
nutrients, without salinity problems, and with good water holding capacity are suitable
for olive cultivation. In this context, sub-capability classification (LUCS) is determined by
the land capability classification’s limiting factors [18,79]. Approximately 53.63% of the
current olive fields in the study area have slope and erosion damage, and soil inadequacy
(es-se), and 38.23% have slope and erosion damage constraints. The city’s rough and highly
sloping land structure has caused erosion sensitivity and insufficient soil depth problems
and has caused agriculture to be carried out by forming terraces in practice. In fact, when
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the soil depths of the olive fields are examined, it can be seen that 38.23% of them are in
the middle depth group, while 32.92% of them are in the shallow and very shallow groups.
While the best depth for olive cultivation is considered to be between 1 m and 1.5 m, it
is stated that the olive tree can provide a reasonable yield at half a meter depth under
suitable conditions [1]. While generally less sloping and alluvial areas are used for field
agriculture in Turkey [2], it has been seen that olive production can be carried out on barren,
stony, rocky, pebbly, sandy, and calcareous soils where agriculture cannot be carried out
efficiently [12]. A similar situation is encountered in Artvin Province as well. Soils are
classified into eight classes in the creation of LUCCs [80] based on the limits they impose
on the agricultural crops to be grown on them. While lands with class I land use capability
are considered the best for cultivation, places with class VIII soil capability are considered
inappropriate for cultivation [5]. Class VI lands are those used for forests or pastures and
require a moderate level of measures, while class VII lands are those with steep slopes or
high erosion risk, as well as those with stony, shallow, or dry soils, or other undesirable soil
types [18]. Approximately 70.65% of the olive fields taken into consideration in this study
are class VI and VII lands (Table 5). In the study conducted by Tuğaç and Sefer [4], it can be
seen that class I-VII lands are considered suitable for olive cultivation.

Table 5. Soil characteristics for current olive cultivation in Artvin.

Parameter Attributes Value Num. of Pixels Pixel (%)

GSG

Y (high mountain meadow soil) 7 0 0
X (basaltic soils) 6 0 0

P (red–yellow podzolic soils) 5 0 0
N (non-calcic brown forest soils) 4 0 0

M (brown forest soils) 3 2391 91.86
CE (chestnut soils) 2 0 0

A (alluvial) 1 70 2.69
Water bodies and urban fabric 0 142 5.45

Soil depth (cm)

<90 (Deep) 5 0 0
50–90 (Medium–deep) 4 995 38.23

20–50 (Shallow) 3 177 6.80
0–20 (Very Shallow) 2 680 26.12

Litosolic 1 609 23.40
Water bodies and urban fabric 0 142 5.45

OSP

y (inadequate drainage) 3 70 2.69
t (stony) 2 16 0.61
r (rocky) 1 725 27.85

Water bodies and urban fabric 0 1792 68.84

LUCS

w (wetness, inadequate drainage) 4 70 2.68
sw (soil inadequacy, wetness) 3 0 0
es-se (slope, erosion, and soil

inadequacy) 2 1396 53.63

e (slope and erosion damage) 1 995 38.23
Water bodies and urban fabric 0 142 5.46

LUCC

I-II-III 1–3 70 2.69
IV 4 552 21.21
V 5 0 0
VI 6 443 17.02
VII 7 1396 53.63
VIII 8 107 4.11

Water bodies and urban fabric 0 35 1.34

Erosion degree

Very weak 1 70 2.69
Moderate 2 995 38.23

Severe 3 787 30.23
Very severe 4 609 23.40

Null 0 142 5.45

Lastly, the land cover parameter is addressed in this title, where the characteristics of
the current olive fields are examined. In this context, it can be seen that 29.16% of the olive
fields are in the trees category, 56.13% are in the scrub/shrub category, and 12.22% are in
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the built area category (Table 6). The surface area of the olive plots used for the training of
the RF algorithm varies between 6.36 m2 and 8708.17 m2. In particular, the fact that olive
plots with an area of fewer than 200 m2 are located in the village settlements caused olive
fields to be included in the built area category.

Table 6. Land cover characteristics of current olive cultivation in Artvin.

Parameter Attributes Value Num. of Pixels Pixel (%)

Land cover

Water 1 0 0
Trees 2 759 29.16

Grass (Rangeland) 3 14 0.54
Flooded Vegetation 4 6 0.22

Crops 5 0 0
Scrub/shrub 6 1461 56.13

Built Area 7 318 12.22
Bare Ground 8 45 1.73

Snow/ice/clouds 9–10 0 0

At this point, it can be said that the climate, soil, and topography characteristics of the
olive fields in the selected study area of Artvin are compatible with the ecological demands
of the olive tree.

3.3. Suitability Evaluation for Olive Cultivation with RF Algorithm

At this stage of the study, suitability analysis for olive farming was carried out using
the RF algorithm with 10 parameters that were determined not to be multicollinear and to
be effective in olive farming, and then a suitability map for olive farming was produced
(Figure 8). The results of the suitability evaluation were classified into five classes of natural
breaks (currently not suitable (N1), permanently not suitable (N2), highly suitable (S1),
moderately suitable (S2), and marginally suitable (S3)) according to FAO guidelines [14,18].
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Because agricultural activities are not permitted in forest and pastureland under
Turkish law, and water is being/will be held in the aforementioned dams, these regions were
eliminated from the suitability map, and the final suitability map was created (Figure 9).
Figure 10 shows the areal distribution graph of suitability evaluation groups.
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According to the land suitability map, 17.59% (60,981.04 ha) of the study area is suitable
for olive cultivation, but 12.40% (3153.86 ha) of this area cannot be used for olive farming
since it has a forest and pasture nature, and 18.09% (3832.61 ha) of it is flooded/will be
flooded due to dams. As a result, while 2.65% (53,994.57 ha) of the study area is suitable for
olive cultivation, 97.35% (90,988.24 ha) is permanently and currently unsuitable (Figure 10).
Thus, on the scale of the study area, a total area of 53,994.57 hectares, 7666.02 hectares of
which is highly suitable, was found to be suitable for olive cultivation. In the study, it
can be seen that the ecological demands of olive trees (especially climate and topography)
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are effective in the low ratio of suitable areas for olive cultivation. In addition, the rapid
increase in elevation in the study area, and therefore the decrease in temperature, as well as
flooding of the valley floor due to large dams, limited the areas where olive trees can grow.
At the same time, the fact that the dominant land cover in the city is forest and pasture with
86.24% became effective in this result. Bilgilioğlu [5], in his study in Mersin, also found that
8% of the study area is suitable for olive cultivation and the remaining area is unsuitable.

It is also important to analyze the effects and relative importance levels of the parame-
ters used in researching the suitability of the land for olive cultivation on a regional scale. In
this context, the relative importance levels of the parameters used for olive cultivation with
the RF algorithm are seen in Figure 11. This figure was produced using the built-in variable
importance (or feature importance) function (varImp) of the RF algorithm. The variable
importance function assigns a score that expresses how useful the input variables are in
estimating a target variable, using techniques such as Gini importance and permutation
variable importance [81]. Relative importance scores can be used in a predictive model to
better understand the data and the model and reduce the number of input features. In the
RF model produced in this study, average temperature and annual total precipitation were
the two most important and effective parameters, while LUCS and slope were the least
important and effective parameters. Again, solar radiation, aspect, land cover, OSP, soil
depth, and LUCC parameters were also effective in order of importance (Figure 11).
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Similarly, Ustaoğlu and Uzun [49] also determined temperature and precipitation as
the most effective parameters for olive cultivation. However, Bilgilioğlu [5] found that
land use capability, the average annual temperature, annual average precipitation, and
elevation criteria are more effective than other criteria in determining the sites suitable for
olive cultivation.

3.4. Validation of the Suitability Evaluation Model

One of the most important stages of a map generation process based on an ML-based
regression model is the validation of the model outputs or predicted data. In this study,
the area under the receiver characteristic curve (AUC-ROC) approach was used to validate
the reliability of the olive farming suitability map produced using the RF algorithm. AUC-
ROC is a widely used approach to evaluate the overall performance of prediction models
in many different ML-based applications [82–84]. The axes of the ROC curve represent



Agriculture 2023, 13, 1208 17 of 22

sensitivity (true positive rate) and 1-specificity (false positive rates). The predictive ability
of the model increases as the AUC value of the ROC curve, which varies between zero and
one, approaches one [85]. Many studies in the literature state that an AUC value between
0.5 and 0.6 performs poorly, an AUC value between 0.6 and 0.7 performs averagely, an
AUC value between 0.7 and 0.8 performs well, an AUC value between 0.8 and 0.9 performs
very well, and an AUC value between 0.9 and 1.0 performs excellently [86,87].

On the other hand, two different ROC curves are used to evaluate the performance
of a model. These are the success rate curve and the prediction rate curve [88]. While
the success rate curve is produced using the training data set, the prediction rate curve is
produced using the validation data set [69]. The predictive ability of a model is evaluated
using the prediction rate curve. In this study, the success rate curve was produced using the
training data set and the prediction rate curve was produced using the validation data set
(Figure 12). The AUC values of the curves were determined as 0.988 and 0.978, respectively.
These AUC values show that the RF model has excellent performance.
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3.5. Constraints and Prospects of This Study

Although an up-to-date, robust, and valid method or approach was employed in this
study to identify possible locations for olive cultivation, a number of challenges or limits
were also observed. One of the most significant constraints of the study is the scarcity of
meteorological stations in the city. Climate data, as stated in this study and many other
studies in the literature, are the most crucial and determining element in identifying olive
areas [4,37,49]. Therefore, this constraint is critical. Extending the meteorological station
network to precisely model the temperature and precipitation distribution in the study area
will contribute significantly to such investigations. On the other hand, it can be said that the
northern parts of Turkey will be more suitable for olive production, given the fact that the
climate has a significant effect on olive cultivation and the prediction that the climate crisis
will have significant effects, especially in the Mediterranean region in the future [89]. In a
study conducted in Italy, it was determined that olive groves will expand in the country’s
northern regions [90].

Another challenge encountered in the study was access to parcels where olive cultiva-
tion is already taking place. It was stated that the olive inventory data used in the study
was produced from the parcels registered in the Farmer Registration System. However,
it is known that there are olive groves throughout the province that are not registered in
the Farmer Registration System. This affects the number of pixels in the ML algorithm’s
training and validation datasets. As is well known, the more samples in the training and
validation datasets, the better the model’s accuracy and prediction performance. In this
context, as one of the future studies, it is intended for olive fields to be determined by
classifying them from high-resolution current satellite images, as in similar studies in the
literature. At the same time, additional work will be carried out to expand the number of
ML algorithms employed in the study after the inventory data are developed. According
to the literature [91,92], tree-based ensemble learning algorithms outperform standalone
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models in terms of prediction performance. Therefore, in future studies, it is planned for
ML algorithms such as extreme gradient boosting (XGBoost), AdaBoost, CatBoost, and
LightGBM as well as the RF algorithm to be used to determine potential olive areas in
Artvin and to compare their performance.

4. Conclusions

In this work, a model was constructed using the RF algorithm to find suitable areas for
olive cultivation on a regional scale in Artvin Province, employing 10 criteria that are largely
linked to the topography, soil, and climate features of the area. The ecological conditions
affecting the olive production in Artvin were found with the help of the RF model’s
construction and validation process in which 575 plots currently used for olive cultivation
were examined. Thus, suitable locations for olive farming were determined. The prediction
performance of the RF model was determined as 0.978 using the AUC-ROC criterion, which
is frequently utilized in the performance evaluation of ML-based prediction models. This
finding demonstrates that the RF algorithm may be used successfully to determine suitable
areas for olive production in particular and crop-based land suitability research in general.

Because the province of Artvin is compatible with the ecological demands of olive
cultivation, it is possible to say that olive cultivation in the city can be improved. However,
factors such as (i) the flooding of the valley due to the construction of three large dams,
(ii) the widespread forest–pasture land cover of the city and the legal protection status of
these areas, and (iii) the specific ecological requirements (e.g., elevation) of the olive plant
have resulted in a low proportion of suitable areas for olive cultivation.

For this reason, it is critical that these limited and qualified areas, which have been
judged to be acceptable for olive production, are exploited to meet the region’s olive
demand while also providing an alternative to the olive fields that have been inundated
because of the large dams. Finally, this study will contribute to the studies being conducted
by the Artvin Provincial Directorate of Agriculture and Forestry to establish additional
olive fields, particularly for cultivating Butko, a regional olive variety.

The Aegean, Mediterranean, and Marmara regions in Turkey are the locomotives
of olive production, in that order. The Black Sea Region accounts for only 0.2% of our
country’s olive production. The exports of both table olives and olive oil are quite important
to the national economy. The expansion of olive cultivation in the Black Sea Region will
make significant contributions to the region’s and country’s economy. Therefore, studies to
discover suitable areas for olive cultivation, such as this one, are critical to increasing olive
production in the Black Sea Region. Indeed, policies should be developed to ensure that
the Ministry of Agriculture and Forestry supports studies aimed at determining suitable
sites for olive cultivation.

Moreover, it is frequently emphasized in the literature that differences in opinion
and practice on issues such as the distribution of Turkey’s lands based on their intended
use, such as which lands should be allocated for agriculture and which lands should be
allocated for pasture or settlement, have yet to be resolved. For this reason, it is clear that
there is a need for a policy and planning approach that takes into account the characteristics
(e.g., attributes and constraints) of the land. In this context, it will be very useful to consider
crop-based suitability, such as olive, in the studies to be carried out for optimal land use.
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51. Efe, R.; Soykan, A.; Sönmez, S.; Cürebal, İ. The effect of temperature conditions on olive (Olea europaea L. subsp. europaea)
growing and phenological, pomological characteristics in Turkey. Ekoloji 2009, 18, 17–26. [CrossRef]

52. Temuçin, E. An analysis of olive-producing regions in Türkiye according to temperature variable. Aegean Geogr. J. 1993, 7, 117–131.
53. Alkan Akıncı, H.; Akıncı, H. Machine learning based forest fire susceptibility assessment of Manavgat district (Antalya), Turkey.

Earth Sci. Inform. 2023, 16, 397–414. [CrossRef]
54. Global Solar Atlas. Available online: https://globalsolaratlas.info/download/turkey (accessed on 6 July 2022).

https://doi.org/10.1080/17445647.2013.785986
https://doi.org/10.1016/j.apcbee.2013.05.070
https://doi.org/10.22146/agritech.58222
https://doi.org/10.3232/SJSS.2018.V8.N1.06
https://doi.org/10.1109/MCSE.2010.17
https://doi.org/10.29128/geomatik.705988
https://doi.org/10.1016/j.telpol.2022.102370
https://doi.org/10.3390/rs14194892
https://doi.org/10.29128/geomatik.1127925
https://doi.org/10.3390/agronomy10040573
https://doi.org/10.1016/j.ecolmodel.2008.06.024
https://doi.org/10.22438/jeb/41/2(SI)/JEB-22
https://doi.org/10.1155/2022/9249530
https://doi.org/10.1007/978-3-031-23236-7_56
https://doi.org/10.3390/ijgi9090553
https://doi.org/10.17474/acuofd.00766
https://artvin.tarimorman.gov.tr/FotografGalerisi/Galeri001/faaliyet%20raporlar%C4%B1/2020%20Faaliyet%20Raporu.pdf
https://artvin.tarimorman.gov.tr/FotografGalerisi/Galeri001/faaliyet%20raporlar%C4%B1/2020%20Faaliyet%20Raporu.pdf
https://doi.org/10.1016/j.scitotenv.2019.136161
https://doi.org/10.14687/jhs.v15i4.5573
https://doi.org/10.21566/tarbitderg.282851
https://doi.org/10.5053/ekoloji.2009.703
https://doi.org/10.1007/s12145-023-00953-5
https://globalsolaratlas.info/download/turkey


Agriculture 2023, 13, 1208 21 of 22
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