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Abstract—The sharp increase in population growth leads to more
pressure on agricultural areas to satisfy the food supply. This
necessitates increased resource consumption and underscores the
importance of addressing sustainable agriculture development along
with other environmental considerations. Land-use management is a
crucial factor in obtaining optimum productivity. Machine learning is
a widely used technique in the agricultural sector, from yield
prediction to customer behavior. This method focuses on learning and
provides patterns and correlations from our data set. In this study,
nine physical control factors, namely, soil classification, electrical
conductivity, normalized difference water index (NDWI),
groundwater level, elevation, annual precipitation, pH of water,
annual mean temperature, and slope in the alluvial plain in Khuzestan
(an agricultural hotspot in Iran) are used to decide the best
agricultural land use for both rainfed and irrigated agriculture for 10
different crops. For this purpose, each variable was imported into Arc
GIS, and a raster layer was obtained. In the next level, by using
training samples, all layers were imported into the python
environment. A random forest model was applied, and the weight of
each variable was specified. In the final step, results were visualized
using a digital elevation model, and the importance of all factors for
each one of the crops was obtained. Our results show that despite
62% of the study area being allocated to agricultural purposes, only
42.9% of these areas can be defined as a suitable class for cultivation
purposes.

Keywords—Land suitability, machine learning, random forest,
sustainable agriculture.

I. INTRODUCTION

HARP population growth and economic development lead

to a considerable increase in the global need for the crop
production sector [1]. To achieve more crop production, more
resources, more fertilizers, and fossil fuels are consumed and
putting pressure on natural resources, and the agricultural
sector [2]. Besides global food security, climate change and
other environmental concerns highlight sustainable
agricultural development which is a multi-dimensional issue
that covers economic, social, and environmental aspects [3].
Sustainable farming aims to optimize the use of soil and
advanced technologies by considering environmental, social,
and economic limits [4]. To achieve the optimum productivity
of lands, it is necessary to have appropriate land use
management based on proper information [5]. Considering
local conditions and characteristics is a key factor in making
an appropriate decision on sustainable crop production [1]. A
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combination of geographical information systems and decision
support systems is widely used, and this combination can
provide powerful spatial referencing [6]. To achieve optimum
productivity, and sustainability and minimize the
environmental impacts for the future, appropriate use of land
is crucial and for this purpose, effective land use management
based on comprehensive information is necessary [7].
Accurate land use management ensures environmental
sustainability for future generations and evaluation of land
suitability is an effective tool for this purpose [5]. Land
suitability assessment is the first step in agricultural land use
planning and a method of land evaluation that determines the
most suitable type of land use for each point [8]. This
assessment shows how well the qualities of the land unit
match the requirements of a particular form of land use [10],
[9]. Land suitability assessment specifies appropriate soil
property for each class of land use and also characterizes its
limitation [8]. Qualitative information about climate,
hydrology, topography, soil properties, and vegetation cover
are used in this process [8]. This assessment includes the
grouping of specific areas for defined uses [11]. Different
categories are shown in Table I.

TABLEI
LAND SUITABILITY CLASSIFICATION [11]
Suitability classes ~ Code Description

Highly suitable S1

Lands with no significant or only minor
limitations
Lands with limitations that in aggregate are
moderately severe for sustainable agriculture
Lands with limitations which in the aggregate
are severe for sustainable agriculture
Lands with limitations which cannot be
corrected for sustainable agriculture with
existing knowledge

Moderately suitable ~ S2
Marginally suitable ~ S3

Currently not suitable NS

Advances in technology such as big data, artificial
intelligence (Al), and remote sensing improved the efficiency
of agricultural activities significantly [12]. Decision support
systems (DSS) help to transfer available data into practical
knowledge appropriately which helps stockholders to
overcome difficulties in the decision-making procedure.

Reference [13] located the optimum land suitable for
agriculture both rainfed and irrigated of Ma'an Governorate,
Jorden, and applied five weighted physical control factors
including temperature, slope percentage, rainfall, type and
distribution of groundwater well, and soil type through multi-
criteria evaluation to generate a land suitability map.
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Reference [14] used fuzzy logic in the GIS environment to
evaluate land suitability to extend agriculture in arid regions of
east Iran considering the combination of physical, ecological,
and climatic factors and multi-criteria decision-making
method to prioritize the significance and effect of each factor.
Agricultural land suitability analysis can be done through two
different traditional and modern systems. An increase in
available data leads to improved prediction of changes and
better identification opportunities [15]. Location intelligence
technologies are widely used with a combination of Al
technologies like machine learning and deep learning
algorithms to identify patterns in data sets which are largely
generated as a result of digitalization [15].

Machine learning (ML) is defined as the scientific study of
computational models and algorithms which use experiences
for accurate forecast and can be classified into three main
classes: (1) supervised learning, (2) unsupervised learning, and
(3) reinforcement learning [15]. Advance development in
computational technologies especially in geographical
information systems and Al improved understanding of many
environmental problems and managing them [16]. ML
approaches in comparison to traditional methods are more
capable to model high-dimensional and non-linear datasets
[16].

The traditional agricultural land suitability analysis (ALSA)
methods are qualitative, quantitative, and parametric and
based on biophysical factors. Modern ALSA combines GIS,
computer, and ML algorithms [17]. GIS-based analysis
generally can be classified into three main categories: (i)
computer-assisted overlay mapping, (ii)) multi-criteria
evaluation (MCE), and (iii) Al or soft computing [17]. The
ML algorithm can be helpful in order to improve crop
selection and estimation of crop yield [18]. Random Forest
(RF) with good performance for field mapping application
which is chosen as a feature extraction method, K-nearest
neighbor, and artificial neural network is among the most used
learning algorithms [18]. This algorithm is based on
generating a large number of decision trees and then the
combination of them to provide a final classification [19].
Reference [18] used GIS and remote sensing datasets to
classify suitable lands in drought-prone areas in Java for maize
production based on defined potential criteria. In a RF
classifier as supervised learning, a predictive model is
developed by using the labeled data with prior knowledge of
inputs and the final goal is mapping desired output variable
[15]. To have a more accurate agro-environment assessment
and space information about crop production and farmland,
characterization and mapping of crops should be done.
Reference [20] applied two vegetation indexes, NDVI and
DVI, from the MODIS sensor to identify the seasonal
agricultural pattern in the central zone of Myanmar, and three
ML algorithms: support vector machine (SVM), RF, and the
C5.0 are used to improve the accuracy of their pattern
classification. Since the expansion of arable lands in Iran is
geographically limited, there is a deep concern for agriculture
management in these areas [21]. In this paper, we tried to
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distinguish the crop production patterns based on our defined
criteria and define the correlation between them.

II. MATERIALS AND METHODS

A. Study Area

Khuzestan province is in the southwest of Iran between 47°
32" and 50° 39" of eastern longitude and 29° 57" and 33° 00" of
northern latitude and is one of the main agricultural hotspots
in Iran, including lands under fallow, rainfed and irrigated
cultivation, and gardens. Khuzestan province covers 64055
km? with an elevation range from 0 m in the southern part to
3000 m in the western mountainous region. The maximum
temperature is 50 ‘C and the annual rainfall is 150 mm. In this
study, land suitability prediction modeling for 10 main crops,
barley, date, rice, forage alfalfa, grain maize, grape, potato,
soybean, sugar beet, and wheat, in the alluvial plain of
Khuzestan province has been conducted. Fig. 1 is representing
the study area. The main agricultural class includes areas
under rainfed cultivation, irrigated agriculture, gardens, and
fallow lands.

Fig. 2 is showing a brief description of the main steps of
this work.

The overall procedure of the present study is as follows:

(1) Preparation of input variables for modeling in GIS
environment,

(2) Creating train and test data,

(3) Coding in the python environment,

(4) Model assessment,

(5) Visualization of results to obtain a land suitability map for

agricultural products.

In this paper, we tried to use different databases to predict
the land suitability of crops in the alluvial plain of Khuzestan
province.

Maximum production capacity considering existing and
applied technology, determines the land production potential
and was obtained in a comprehensive procedure of various
input data (including soil classification based on FAO
procedure, topography (elevation, slope, etc.), climate data
(temperature, precipitation and etc.) [6]. Approximately three
quarters of Iran are in arid and semi-arid areas experiencing
climate change [22]. In Iran, water shortage is combined with
dryness, rapid socio-economic development, and growing
water demand for agriculture [23]. More than 70% of rainfall
occurs in 25% of the country, especially during winter, and it
means agriculture in Iran mostly depends on irrigation [22]
and it is around 90% of Iran's water withdrawal [23]. For this
reason, the most critical and influential variable for agriculture
in arid areas is groundwater level (data obtained from the
ministry of energy and provide the name and geographical
position of springs and wells), which is influenced by both
anthropogenic and natural droughts [23]. Water level affects
soil moisture and provides flows to water bodies [24]. Other
applied variables are annual precipitation and annual mean
temperature as two important climate factors [25]. NDWI' is a
measure of water molecules in vegetation canopies and

! Normalized difference water index.
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estimation of soil moisture [26] to detect surface water
changes and soil water content [27]. Electrical conductivity
(data from the ministry of energy) as a proxy for groundwater
salinity assessment to evaluate water quality [23]. Other
parameters are pH (water), soil classes based on the FAO
classification system [28], elevation, and slope. In the first
step, all variables were converted to the raster format,

imported to the Arc GIS environment, and standardized cell
size and the number of columns and rows. Fig. 3 represents
the water level sampling points from piezometric wells in the
study area and data for electrical conductivity and pH from
wells and springs, both data obtained from the Ministry of
Energy.
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Fig. 3 pH and electrical conductivity data from wells and springs and groundwater level data from piezometric wells, obtained from the
Ministry of Energy

TABLEII
THE CORRELATION MATRIX OF VARIABLES

Open Science Index, Environmental and Ecological Engineering Vol:17, No:10, 2023 publications.waset.org/10013286.pdf

Soil Annual mean Annual . Electrical
Layer classification Groundwater level temperature precipitation Elevation conductivity NDWI - pH (water)  Slope
Soil classification 1 0.1254 0.1421 0.1558 0.6571 0.46259 0.57237 0.2365 0.6948
Groundwater level 0.1254 1 -0.52997 0.5548 0.57237 -0.48615  -0.26239  -0.0482  0.56259
Annual mean 0.1421 -0.52997 1 -0.40503 0.9408 051673 021683 -0.12779 -0.58046
temperature
Annual precipitation 0.1558 0.5548 -0.40503 1 0.51587 -0.49159  -0.41858 -0.21097 0.47736
Elevation 0.6571 0.57237 -0.9408 0.51587 1 -0.47622  -0.41359 -0.02073  0.6348
Electrical conductivity 0.46259 -0.48615 0.51673 -0.49159 -0.47622 1 0.00597  -0.4054  -0.28066
NDWI 0.57237 -0.26239 0.21683 -0.41858 -0.41359 0.00597 1 0.17112  -0.43332
pH (water) 0.2365 -0.0482 -0.12779 -0.21097 -0.02073 -0.4054 0.17112 1 -0.03635
Slope 0.6948 0.56259 -0.58046 0.47736 0.6348 -0.28066  -0.43332  -0.03635 1
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Fig. 4 Attribute table
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The correlation matrix between defined variables is
represented in Table II.

In the second step, the land suitability data for each of the
10 crops were obtained from the Khuzestan province ministry
of agriculture. For each of the ten crops (900 samples for
each), an Excel file includes the geographical location (name
and geographical position of the villages where the specific
crop is cultivated), and the degree of suitability has been
derived. In the following, all these points were imported into
the software. To add the data from the raster layer to the point
layer, extract multi-value to point function has been used. As a
result, for each of the 10 crops, besides the previous columns
for the geographical position and degree of suitability, other
columns which were indicated the value of our variables were
added and exported as a CSV file (Fig. 4).

In the next phase, by using the pd function in the Pandas
library of Python, the CSV file from the previous step was
imported and two new variables, X, and y were defined. X is
our variable and Y was referred to our sampled points. In the
following, by using the Scikit-learn library, our data were

Barley 1500
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. I h l I
. 0 |

Date

classified into two groups: the test data group and the train
data group. 30% of our data were used for test and model
assessment.  Standardscaler also was applied for
standardization. In the next step, the ML model in the scikit-
learn library in Python was imported, and the RF model was
applied. 70% of data were used to train ML algorithms (RF)
and 30% to compile to predict how well the model is trained.
The model was run, and each variable's weight and importance
by using Matplotlib was obtained. The DEM layer using the
raster to point function was converted into the point layer to
visualize and generalize results into the whole study area. To
have properties of other variables, extract multi-value to point
function were used. As a result, a point layer with properties
of all variables in the study area was obtained and converted to
a CSV file. These train points were imported to the model, and
obtained data were fitted as a table for them. The model
classified other variables based on the test result and,
considering the test model's cell value, specified the value for
the train data. In the final step, by using the metric function in
scikit-learn, roc curves for each crop were obtained.
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Fig. 5 Number of samples of crops in two classes

IIT. RESULTS

Land suitability map for each agricultural crop based on
forest model and considering environmental variable are
represented in Fig. 6.
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In the following, the final suitability map was obtained by
overlaying all suitability maps of each crop. The maximum
overlap indicates the areas that have the most suitability to
cultivate a variety of agricultural products, and the lowest
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overlap indicates the lowest suitability (Fig. 7).
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Fig. 7 Total land suitability map
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TABLE III
APPLIED LIMITING FACTORS AND THEIR WEIGHT

The importance of variables for each crop (Percentage)

Variables " - ?rop
Barely Date Rice  Forage alfalfa Grain maize ~ Grape Potato Soybean  Sugarbeat = Wheat

Soil classification 36 214 173 28.3 154 23.8 17.5 15.6 314 31.6
Electrical conductivity (EC) 15.4 34.1 23 1.8 153 46 2.6 19.2 14.3 12.4
NDWI 13 23 9 3.1 5.7 3.6 2.5 3.2 16.9 18.8
Groundwater level 12.8 13 40.1 5.7 21.4 55 54.9 31.2 15.9 13
Elevation 12.2 54 2.5 40.7 23 1.8 17.2 2.5 13.1 10.4

Annual Precipitation 7.3 0.7 203 2.5 11.7 5.3 1.1 10 5.4 5.3
pH (water) 18 41 33 3.7 34 oo OGN 6 3.4

Annual Mean Temperature 1.2 187 42 13.5 23.4 12.6 3.7 17.2 0.9 4.4

slope 04 0.7
TABLE IV

ROC RESULTS FOR EACH CROP

Product Date Barley Forage alfalfa Grain maize Grape Potato Rice Soybean Sugarbeet Wheat

ROC 90  80.2 92 84.1

84.7 925 845 84.9 79.7 81.2

Based on our results, 42.9% of total area under cultivation
in the study area (1058128 ha) can be classified as suitable
area for all crops.

Generally, the process of ALSA is based on FAO guidance,
and land suitability order is divided into suitable (S) and not
suitable (NS) [29]. The study used four FAO land suitability
classes, as shown in Table II.

Receiving operating characteristic curve (ROC) is one of
the appropriate methods to assess a classifier's results and its
capability to identify the intended class. The greater the
deviation from the baseline for a particular class in the ROC
curve, the greater the efficiency of that classifier in identifying
that class. In addition to examining the trend of the desired
floor diagram, the area below that diagram is also calculated.
This area indicates the probability that a randomly selected
cell is correctly classified and the higher it is, the more reliable
the method is. Table IV represents the results of the ROC
curve for crops. Based on results, the model with 92.5%
accuracy has the highest precision for potato, and the lowest
precision of the model is for sugar beet with 79.9%.

IV.DISCUSSION

Land allocation is one of the most critical concepts in land
use management and sustainable development and refers to
matching a homogenous area to a specific usage. Based on
climate change effects, especially on agricultural and food
supply sector and water crisis problems in Iran, using spatial
factors and ML techniques to obtain appropriate cropping
patterns of farming can be a suitable method for sustainable
agriculture. Defining an appropriate cropping pattern based on
carrying capacity is necessary to minimize water consumption
and soil erosion. Lack of enough attention to carrying capacity
is one of the main weaknesses of agricultural planning in Iran,
which leads to the highest rate of soil erosion. Considering
spatial parameters and spatial analysis, land allocation for crop
production can lower these problems to achieve sustainable
development and prevent social, economic, and environmental
issues. Although 62% of our study area is agricultural lands
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and gardens, overlying our outputs showed that only 42.5% of
these areas could be considered as suitable lands for all crops.
Roughly 20% of the study area is under cultivation despite
inadequate agricultural potential. From 10582128 hectares of
agricultural land we have considered, 52.65% are compatible
with our modeling results, and 47.35% of them are in areas
classified as the unappropriated class for agriculture.

Results showed that agricultural lands had been cultivated
without considering carrying capacity, leading to high
environmental loads, land degradation, and social and
economic crises. It is necessary to revise agricultural land use
planning using DSS and spatial modeling to provide scientific
information, assist decision-makers, and specify suitable lands
for cultivation.
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