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Introduction

Research and development in high-potential agricultural areas are of great importance for ensuring the food
needs of the population and livestock. Neglecting these regions can lead to increased food prices and food
shortages, which can have a negative impact on the economy and public health. Land suitability maps provide
essential information for agricultural planning and are vital for reducing land degradation and evaluating
sustainable land use. The utilization of modern mapping techniques such as digital soil mapping and machine
learning algorithms can significantly improve the accuracy of land suitability assessment and crop performance
prediction. These methods have been widely employed as primary tools for mapping and evaluating land
suitability in various regions worldwide.

Materials and Methods

In this study, a total of 288 soil profiles were utilized to compute the land suitability index for wheat, barley,
and alfalfa crops. Various environmental variables were included, such as topographic factors derived from the
digital elevation model and spectral indices obtained from Landsat 8 satellite imagery. Eight key factors, namely
slope percentage, climate, texture, gypsum content, equivalent calcium carbonate, electrical conductivity (EC),
and sodium absorption ratio (SAR), were identified as influential in the assessment of land suitability. To
quantify the degrees of land suitability for the target crops, a parametric approach based on the square root
method was employed. Moreover, the random forest machine learning model was utilized for spatial modeling,
zoning mapping, and determining the significance of environmental variables in the land suitability evaluation
process. By incorporating these comprehensive methodologies, a more detailed and accurate understanding of
the land suitability for wheat, barley, and alfalfa cultivation can be achieved, facilitating informed decision-
making in agricultural planning and land management strategies.

Results and Discussion

The spatial prediction results demonstrated the effectiveness of the random forest model in classifying land
suitability for wheat, barley, and alfalfa. The model achieved high accuracy, with Kappa coefficients of 81%,
84%, and 85% for wheat, barley, and alfalfa, respectively. The overall accuracies were also impressive, reaching
86% for wheat, 88% for barley, and 89% for alfalfa. Analyzing the land suitability assessment results, it was
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found that barley had the highest land suitability class, covering a significant portion of 40% in class S1. Alfalfa
followed closely with 35.5% of the total area, and wheat occupied 32% in the same class. Delving into the
predictive environmental variables for barley, Diffuse, SHt, and MrVBF emerged as the most influential factors.
These variables played a crucial role in assessing the suitability of land for barley cultivation. Similarly, for
wheat, the variables Diffuse, MrVBF, and TWI were identified as significant indicators, contributing to the
accurate prediction of wheat performance. Regarding alfalfa, the variables MrVBF, Diffuse, and Valley_depth
stood out as the most important variables, providing valuable insights into land suitability for alfalfa cultivation.
In general, the limiting factors for irrigated cultivation of these crops were primarily associated with soil
properties. In the northern regions, soil texture was identified as a significant limiting factor, impacting the
suitability of the land for crop cultivation. On the other hand, in the southern regions, soil characteristics such as
the percentage of lime, gypsum, salinity, and alkalinity were recognized as the most influential limiting factors,
affecting the suitability of the land for successful crop production. These findings provide valuable information
for land planners, farmers, and decision-makers in determining suitable areas for wheat, barley, and alfalfa
cultivation. By considering the identified influential factors and addressing the limiting soil properties,
agricultural practices can be optimized to maximize crop productivity and ensure sustainable land use.

Conclusion

The research aimed to evaluate land suitability for wheat, barley, and alfalfa crops under irrigation. Data
selection focused on the most limiting factors for these crops. The model achieved acceptable predictions for
wheat, barley, and alfalfa, with Kappa coefficients of 0.81, 0.85, and 0.84, and overall accuracies of 0.86, 0.89,
and 0.88, respectively. Barley had the highest percentage of suitable land (40%), followed by alfalfa (39.5%) and
wheat (32%). Soil constraints varied across the study area, including texture, stoniness, lime, gypsum, salinity,
and alkalinity. The analysis identified 31 soil types, and the random forest model yielded a digital soil map with
a Kappa coefficient of 0.76 and overall accuracy of 0.81. The findings support effective land management and
agricultural planning.
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Figure 1- Geographical location and position of drilled study profiles in the study area
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Figure 2- Some auxiliary variables used in the modeling: A) Normalized Difference Vegetation Index (NDVI), B) MrVBF, C)
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Figure 3- Flowchart of the research method in this study
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Table 2- Classification of the Kappa index (Landis & Koch, 1977)

Ty
Explanation

LE s )Loi
Kappa values

Sl pas
No agreement
Slight agreement

Ol bwgie 5 Sles
Moderate agreement

bugio 3 Sles

Substantial agreement
u5> J)ﬂa&
Almost perfect agreement
S oySlas

Perfect agreement

0>

0-0.20

0.21-0.40

0.41-0.60

0.61-0.80

0.81-1.00
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Table 3- Descriptive statistics of soil properties in the study area

SK Sluogas oSile e 51 Bl ool ail iy digeS
Soil properties Mean  Standard deviation Median  Maximum  Minimum
oy 9.71 15.31 2 84 0
Gravel (%)
| ey G 7.19 2121 0 140.74 0
Sodium adsorption ratio (meg/l)
e 4.08 2.2 217 17.0 0
Slope (%)
B 445 15.19 0.83 124.2 0.17
Electrical conductivity (dS/m)
& 0.86 3.39 11 29.05 0
Gypsum (%)
Plas S oS 12.11 7.60 10.42 42 1.1

Calcium carbonate equivalent (%)
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Table 4- Identified soil types up to family level in the study area

. eold Coluo Slglyd 20y
Cod Famil Area (hectares)  Frequency percentage
1 Coarse-loamy over fragmental, mixed, thermic Typic Haploxerepts 93 0.15
2 Coarse-loamy, mixed, thermic Typic Haploxerepts 313 0.52
3 Coarse-loamy, mixed, thermic Typic Calcixerepts 84 0.09
4 Coarse-loamy, mixed, thermic Xeric Haplocalcids 92 0.10
5 Fine, mixed, thermic Typic Calcixerepts 319 0.35
6 Fine, mixed, thermic Sodic Xeric Haplocalcids 4578 5.08
7 Fine, mixed, thermic Sodic Xeric Haplogypsids 1402 1.56
8 Fine, mixed, thermic Xeric Natrigypsids 41 0.05
9 Fine, mixed, thermic Gypsic Aquisalids 6407 7.11
10 Fine, mixed, thermic Gypsic Haplocambids 104 0.12
11 Fine, mixed, thermic Sodic Xeric Calcigypsids 3535 3.92
12 Fine, mixed, thermic Sodic Xeric Haplogypsids 671 0.74
13 Fine, mixed, thermic Xeric Calcigypsids 733 0.81
14 Fine, mixed, thermic Xeric Haplocalcids 1684 1.87
15 Fine, mixed, thermic Xeric Haplogypsids 113 0.13
16 Fine, mixed, thermic Xerofluventic Haplocambids 773 0.86
17 Fine, mixed, thermic, Typic Haplocambid 937 1.04
18 Fine-loamy over fragmental, mixed, thermic Typic Calcixerepts 183 0.20
19 Fine-loamy, mixed, thermic Fluventic Haploxerepts 6829 7.58
20 Fine-loamy, mixed, thermic Typic Calcixerepts 8838 9.81
21 Fine-loamy, mixed, thermic Typic Haploxerepts 8564 9.50
22 Fine-loamy, mixed, thermic Xeric Haplocalcids 32 0.04
23 Fine-loamy, mixed, thermic Xeric Haplocambids 86 0.09
24 Fine-loamy, mixed, thermic Xeric Haplogypsids 3428 3.80
25 Loamy- skeletal over fragmental, mixed, calcareous, thermic Typic Xerorthents 2843 3.15
26 Loamy-skeletal, mixed, calcareous, thermic Typic Xerorthents 550 0.61
27 Loamy-skeletal, mixed, thermic Fluventic Haploxerepts 80 0.09
28 Loamy-skeletal, mixed, thermic Typic Calcixerepts 6073 6.74
29 Loamy-skeletal, mixed, thermic Typic Xerofluvents 601 0.67
30 Loamy-skeletal, mixed, thermic Xeric Haplocalcids 55 0.06
31 Sandy over fragmental, mixed, calcareous, thermic Typic Xerorthents 78 0.09




FAQ  sloo gy 3l ooliswl b (ooly5 oY guamn 31 (B (o] ColeS (61 o) pow anlid 098y (235 oo yuw § S

s
s
B
B
B
B
o
.-
1
— L
T
— L
— 1
— B
-
—1

[
=
I 20 ¢
BN
I
[ B
[ =
I
=
[
Ca
(I
L
.
I

S Juold mhaw 43 Holai JKa Joo bawgi allaio S o WIS g i duils — € S0
Figure 4- Soil class prediction map of the study area using the Random Forest model at the soil family level
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Figure 5- Results of the MDA index in the process of modeling the digital soil map
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Table 5- Frequency distribution of land evaluation classes for wheat, barley, and alfalfa crops

i) P oS
2yl s s Alfalfa Barley Wheat
Land Suitability Colune Coaluo Colune Colune Colune Colune
Class Area Frequency Area Frequency Area Frequency
(hectares) percentage (hectares)  percentage  (hectares)  percentage
S1 23572 395 24262 40 19474 32.39
S2c 0 0 0 0 12192 20.28
S2n 114 0.18 233 0.38 2103 3.49
S2s 8529 14.18 9480 16 2540 4.22
S2t 1 0 0 0 32 0
S3c 4 0 45 0 0 0
S3n 209 0.34 582 1 109 0.18
S3s 12222 20.33 14913 25 12361 21
S3t 2867 5 1053 2 5 0
N 12420 21 9647 16.04 11300 19
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Figure 6- Land suitability map using the Random Forest method in R software: A) Wheat, B) Barley, C) Alfalfa
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