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Abstract. This study explores the application of machine learning methods 

to assess soil suitability for agricultural purposes, focusing on identifying 

and analysing key factors that influence soil productivity under drought 

conditions. A classification model was developed based on data from diverse 

U.S. regions, which included critical soil parameters such as root condition, 

nutrient availability, soil toxicity, and oxygen accessibility for plant roots. 

Correlation analysis identified the most significant factors impacting soil 

suitability, with root condition and nutrient availability emerging as primary 

determinants. The model achieved a high accuracy of 98.81%, 

demonstrating its effectiveness in predicting soil suitability across varying 

environmental conditions. This research highlights the value of machine 

learning in optimizing agricultural practices by enabling data-driven soil 

assessment. Moreover, the study addresses the importance of accessible and 

cost-effective data collection methods for scaling the model to different 

regions. Despite the model’s high accuracy, limitations related to data 

specificity and regional variability were observed, indicating areas for future 

improvement. Expanding the model with additional climatic and geographic 

data could enhance its generalizability and applicability in diverse 

agricultural settings. Overall, this study provides insights into the potential 

of machine learning to support sustainable agriculture and efficient land 

management.  

1 Introduction 

In the context of a changing climate and growing food security needs, assessing the suitability 

of soils for agricultural needs is becoming a priority [1-3]. Traditional methods of soil science 

based on the analysis of chemical and physical properties of the soil allow us to draw 

conclusions about its ability to support the growth of various crops [4,5]. However, such 

methods are limited in scope due to their high labor intensity and cost, especially in 

conditions requiring large-scale analysis, such as arid and semi-arid regions [6, 7]. 

With the development of machine learning technologies, new approaches have emerged 

that make it possible to solve the problems of classifying and predicting soil properties more 

accurately and efficiently [8]. Methods such as decision trees, random forests, gradient 
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boosting, and artificial neural networks have proven highly effective in creating soil 

suitability maps by integrating a variety of data, including topography and climatic conditions 

[9-11]. These methods are of particular value in conditions of limited data, which makes them 

suitable for use in semi-desert regions, where the XgbTree and SVM models have 

demonstrated high accuracy and improved the prediction of soil agro-suitability [12, 13]. 

The application of machine learning in soil science and agriculture has already shown 

successful results [14]. Thus, machine learning algorithms, including random forest and 

SVM, made it possible to classify and predict soil properties with high accuracy, as 

demonstrated in studies in the Philippines, where the random forest algorithm achieved 

94.6% accuracy in determining the suitability of soils for growing bananas and maize [15, 

16]. These achievements highlight the importance of machine learning for sustainable 

agricultural development and optimization of agricultural technologies [17-19]. 

Nevertheless, despite significant progress, researchers face a number of challenges [20]. 

The high cost of data and the complexity of its collection remain serious limitations, which 

necessitates the search for new solutions, such as using freely available data and optimizing 

models to reduce costs [21, 22]. Moreover, the need for interpreted models is increasing, as 

the application of machine learning requires greater explainability for the scientific 

community and practitioners [23]. 

Thus, machine learning provides new opportunities for assessing soil suitability and 

predicting agricultural conditions [24]. However, in order to further improve the accuracy 

and efficiency of models, additional data sources need to be integrated and more adapted 

classification approaches developed [25]. 

The purpose of this work is to create a classification model for assessing the suitability of 

soils, which will determine the most important factors affecting its quality, such as root 

condition, nutrient content and toxicity. The model should be accurate, easy to interpret, and 

suitable for use in data-constrained environments, helping to improve soil efficiency in 

agriculture. 

2 Materials and methods 

This study uses a set of soil classification data, including records collected during U.S.-wide 

drought monitoring conducted manually by experts based on a wide range of data. These data 

were obtained as part of the NASA Langley Research Center (LaRC) POWER project, 

funded by the NASA Earth Science/Applied Science program. Data for the «U.S. The 

«Drought Monito»r was compiled in collaboration with the National Center for Drought 

Mitigation at the University of Nebraska-Lincoln, the U.S. Department of Agriculture and 

the National Oceanic and Atmospheric Administration. 

The purpose of the study was to identify factors affecting the suitability of the soil for 

agriculture in drought conditions. To do this, a data object classification technique was used, 

which helps to combine similar data and identify new key factors determining the suitability 

of the soil for growing crops in arid conditions. 

The database includes 29 indicators for 3109 US counties (FIPS) and covers various 

characteristics: geographical coordinates (latitude and longitude), average altitude above sea 

level, slope measurements (in different ranges), aspect directions (North, East, South, West), 

qualitative assessments of water bodies (WAT_LAND), infertile land (NVG_LAND), 

urbanization (URB_LAND), vegetation presence (GRS_LAND, FOR_LAND), cultivated 

land (CULTIR_LAND, CULT_LAND) and soil quality parameters (SQ1-SQ7). These 

indicators reflect characteristics such as the availability of nutrients, the ability of the soil to 

retain them, the state of the root system, the availability of oxygen to the roots, excess salts, 

soil toxicity and general suitability for plant growth. Each indicator is expressed by a number 

from 0 to 7, which indicates the condition or level of fitness. 
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For example, the SQ1 parameter characterizes the availability of nutrients in the soil: 

from 0 (lack of nutrients) to 7 (complete nutrient saturation). The parameters SQ2 and SQ3 

indicate the soil's ability to retain nutrients and conditions for root growth, respectively; SQ4 

— the level of oxygen availability for roots; SQ5 — excess salts; SQ6 — soil toxicity, and 

SQ7 determines the overall suitability of the soil for plant growth, ranging from 0 (unsuitable) 

to 7 (high suitability). 

3 Results 

To assess the quality of the dataset, a correlation analysis was performed using the Pearson 

correlation coefficient [26]. This coefficient allows us to determine the strength and direction 

of the linear relationship between two processes occurring simultaneously and not taking into 

account the time lag. The value of the correlation coefficient characterizes the degree of 

dependence of one factor on another and is classified as weak (less than 0.29), moderate (0.3-

0.49), medium (0.5-0.69) and strong (0.7 and higher) [27, 28]. According to the results of the 

analysis, a strong correlation was revealed between the data of the first and second training 

periods and the output parameter. This made it possible to exclude attributes with low 

significance (less than 0.05), since they had a weak dependence. 

Using correlation analysis, it was also possible to determine to what extent each factor 

was influenced by the output data (see Table 1). As a result of the analysis, factors that 

directly and inversely depend on the soil suitability index were identified [29, 30]. Among 

the factors that were directly related were: root condition, soil toxicity, excess salts, oxygen 

availability for roots, ability to retain nutrients, availability of reservoirs and availability of 

nutrients. 

The following is a description of the decision tree method. The model is based on the 

results of the correlation analysis presented in Table 1. 

Table 1. Correlation analysis, the output parameter SQ7 is suitability for growing plants in the soil 

(workability). 

Number Attribute name Correlation, % Graph as a percentage 

1 The state of the roots 0,958  

2 Soil toxicity 0,876  

3 Excess salts 0,863 
 

4 Oxygen availability 

for roots 

0,763  

5 Ability to retain 

nutrients in the soil 

0,715 
 

6 Indicator of water 

bodies 

0,672  

7 Nutrient availability 0,571  

8 Total area of 

cultivated land in the 

district 

-0,191  

9 Evaluation of cultures -0,178  

10 Slope 2 -0,163  

11 Slope 7 0,114  
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12 Slope 8 0,101  

13 Slope 6 0,089 
 

 

Figure 1 shows the error matrix of the classification model and a diagram demonstrating 

its accuracy. The results show that the classification model achieved high accuracy — 

98.81%, with an error of only 1.19%. This indicates the high efficiency of the model in 

predicting soil suitability values. 

The error matrix shows the distribution of actual and predicted values by category. 

Correct predictions are indicated in green, and erroneous ones in red. Of the 3,109 examples, 

3,072 were classified correctly and 37 incorrectly. 

 

 
 

Fig. 1. Conjugacy table and description of the error of the constructed model. 

 

Table 2 shows the significance of various attributes that affect the soil suitability 

parameter for growing plants (SQ7). The greatest influence on the suitability of the soil is 

exerted by the condition of the roots, its significance is 54.066%. The availability of nutrients 

in the soil also plays an important role, with a significance level of 34.554%. Other factors, 

such as the slope of the terrain and the availability of oxygen to the roots, are less important, 

but also contribute to the overall assessment of soil suitability. 

Table 2. Correlation analysis, the output parameter SQ7 is suitability for growing plants in the soil 

(workability). 

Attribute Significance, % 

Indicator of the state of the roots  54,066 

Indicator of the availability of 

nutrients in the soil 

34,554 

Slope 1 3,052 

Slope 3 2,457 

Indicator of oxygen availability for 

roots in the soil 
1,751 

Slope 4 1,238 

Aspect 1,033 

Assessment of land cultivation in 

the district 
0,597 

Assessment of the total area of 

cultivated land in the district 
0,531 

Slope 6 0,409 

Aspect 0,177 
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Slope 8 0,134 

Indicator of excess salts in the soil 0 

Indicator of soil toxicity 0 

Indicator of the ability to retain 

nutrients by the soil 
0 

Aspects 0 

Slope 7 0 

Assessment of crops in the district 0 

Assessment of water bodies in the 

district 
0 

 

It is noted that parameters such as the presence of excess salts and soil toxicity do not 

significantly affect the suitability index within the framework of this model, their significance 

is zero. This distribution of the significance of the factors highlights the key characteristics 

that affect the suitability of the soil for agriculture. 

4 Discussion of the results 

During the study, a classification model was built to assess the suitability of soils, which 

demonstrated high accuracy and identified the most significant factors affecting this indicator 

[31]. The results show that the condition of the roots and the availability of nutrients in the 

soil are the main factors determining the suitability of the soil for agriculture [32]. The high 

importance of these factors confirms their key role in maintaining plant health and 

agricultural production efficiency. These results are consistent with the findings of previous 

studies that emphasized the importance of the root system and nutrient medium for crop 

growth and productivity [33, 34]. 

Additional factors, such as the slope of the terrain and the availability of oxygen to the 

roots, also contributed to the classification, but their significance was significantly lower. 

This may be due to the fact that these characteristics play a secondary role in determining the 

suitability of soils, although they can have an impact under conditions of extreme climatic 

and soil factors. The low significance of indicators related to salt content and soil toxicity 

indicates that under the conditions under consideration, these parameters do not have a 

significant impact on soil suitability. Perhaps, within the framework of this model, the 

influence of these factors was offset by other soil characteristics. 

It is interesting to note that the parameters associated with the assessment of urbanization 

and the presence of reservoirs did not have a significant impact on the final results. These 

indicators are probably more relevant for assessing the ecological state of the soil and its 

resistance to external anthropogenic influences than for assessing its agricultural suitability 

in drought conditions. At the same time, these parameters may become more significant when 

climatic conditions change or in conditions of unstable water supply. 

The observed accuracy of the model at 98.81% demonstrates the high efficiency of the 

proposed classification approach. However, the high accuracy of the model may also indicate 

the specifics of the data set used and the selected parameters, which limits the generalizability 

of the model for other regions with different climatic and soil conditions. Further research 

may be aimed at adapting the model for different regions, as well as using additional data, 

such as climate parameters, to improve its accuracy and applicability. 
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In addition, the study highlights the importance of accessible data and optimizing their 

collection processes to improve the effectiveness of soil suitability assessment. In conditions 

of limited funding and resources, machine learning models can become an effective tool for 

automating the classification process and reducing the cost of soil analysis. However, it is 

important to remember that in order to increase the interpretability and reliability of models, 

it is necessary to consider the balance between accuracy and complexity of the model. 

5 Conclusion 

In this paper, a classification model was developed and tested to assess the suitability of soils 

using machine learning methods. The results obtained confirmed the high accuracy of the 

model, which indicates its suitability for forecasting tasks in agriculture, especially in drought 

conditions. The main factors affecting the suitability of the soil were the condition of the root 

system and the availability of nutrients. These results confirm the importance of supporting 

root health and optimal nutrient environments for sustainable agriculture. 

The correlation analysis made it possible to identify the most significant parameters, 

thereby optimizing the model and increasing its interpretability. Despite the high accuracy, 

the model has limitations related to the narrow focus and specificity of the data. Further 

research should be aimed at expanding the model for use in various climatic and soil 

conditions, as well as integrating additional factors such as climatic indicators to increase the 

versatility of the model. 

Thus, this work contributes to the development of methods for assessing soil suitability 

and demonstrates the prospects for using machine learning in agriculture. The use of such 

models can not only improve the accuracy of forecasts, but also reduce the cost of soil 

analysis, which is especially important in the context of growing demand for food resources 

and the need for sustainable land use. 
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