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ABSTRACT \

One of the widely used elements that plays an important role in sustainable\agricultural production is potassium.The potassium in
the surface soil of the playa originates from the potassium present in thelunderground water.As a result,there is a correlation between
the surface soil potassium and the potassium grade of the groundwaterThe aim of this research is to utilize a combination of the
random forest (RF) algorithm and satellite imagery t@mstablish the relationship between soil surface potassium and remote sensing
indicators.This will enable the prediction of the potassium grade of the underground in Khoor and Biabank playa in Isfahan
province. For this purpose, 60 soil samples were taken framythe 0-5 cm'layer to measure potassium in the surface layer(dependent
variable).In order to determine the sampling coordinates,the Latin“supercube method was used.Twelve boreholes were drilled to
extract and measure the potassium grade of underground saline water.Thel2bands of the Sentinel -2 satellite and four main
mathematical operations weregused to define the index(independent variables)to model the potassium content of the surface soil
layer and ultimately estimate the rate of potassium_grade in the underground saline water.The data were categorized into two
groups:70% for calibrationi(training) and,30% for validation (testing) . The data were modeled using the RF algorithm in the Google
Colab environment and implemented withithe Python programming language.The results of this algorithm were obtained with R?,
MSE,RMSE and MAE statistical indi¢es of 0.51, 0.0179 ,0.1338 and 0.1130 respectively.The results of this research confirm the
effectiveness of remote sensing data and machine learning algorithms in predicting the potassium grade of saline groundwater.

Keywords: Python, Remote/sensing, Salt pans, Modeling, Machine learning.
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# Import necessary libraries
from sklearn.model selection import GridSearchCV
from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import mean squared error, mean absolute error, r2 score
import joblib
# Define the parameter grid for tuning
param grid = {

'n estimators': [50, 100, 150, 200, 25071,

'max depth': [None, 10, 20, 30],

'min samples split': [2, 5, 10],

'max leaf nodes': [None, 10, 50, 100],

'max features': ['auto', 'sqgrt', 'log2'l]
}

# Initialize Random Forest Regressor
rf = RandomForestRegressor (random state=42)

# Initialize GridSearchCV
grid search = GridSearchCV(estimator=rf, param grid=param grid, cv=5, n_ jobs=-1,
verbose=2, scoring='r2'")

# Fit the GridSearchCV to the data
grid search.fit(x train, y train)

# Get the best model from GridSearchCV
best model = grid search.best estimator

# Make predictions on the test data
y_pred = best model.predict(x test)

# Calculate evaluation metrics

' n_estimators

" max_features

"' min_sample_split
" max_leaf_nodes
* max_depth



best mse mean squared error(y test, y pred)
best mae mean_absolute error(y test, y pred)
best rmse = np.sqrt(best mse)

best r2 = r2 score(y test, y pred)

# Print the best model's performance metrics
print("Best MSE:", best mse)

print("Best MAE:", best mae)

print ("Best RMSE:", best rmse)

print("Best R-squared:", best r2)

print("Best parameters:", grid search.best params )

# Save the best model to a file

filename = 'best RF model after tuning.pkl'
joblib.dump (best model, filename)
print("Best model saved as", filename)
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Estimating the potassium grade of saline underground water using Sentinel
satellite images and random forest algorithm g
(case study of Khoor and Biabank playa, Isfahan province)

EXTENDED ABSTRACT

Introduction:

In recent decades, with the increase in population growth and the growing need to produce more food, today more than 90%
of potassium production is used as fertilizer. One of the main sources of potassium fertilizers is saline water underground. One of
the main mineral elements in saline water underground is potassium, which is found in the playa. Due to the environmental
conditions of the playa, there is a lot of evaporation and it leads to the precipitation of soluble solutes on the surface. By examining
these sediments, it is possible to determine areas with grade high potassium levels for extracting salt water underground in the playa
but the complex climatic conditions that govern it make field measurements to estimate the grade of difficult. One of the new
methods to estimate mineral resources is the combined use of machine learning algorithm and remote sensing.

Objective:

The main purpose of this research is to use remote sensing and random forest algorithm to estimate the surface potassium of
playa soil and to evaluate the relationship betwieen potassium, and index of satellite images to estimate the grade potassium saline
water underground , which is th& innovation of this resear€h'compared to other previous researches.

Materials and method:

In this research, the use of remote sensing and random forest algorithm was used to estimate the surface potassium of playa
soil and to evaluate the relationship between potassium, and the index of satellite images to estimate the potassium grade of
underground saline water.For this purpose, 60 samples of surface layer potassium (dependent variable) were sampled from the 0 -
5 cm layer using Latin hypercube method. Also, in 12 drilling boreholes, the potassium grade of saline water was measured in
December 1400. because there was no related satellite index that has a high correlation with soil surface potassium. By using 4
basic arithmetic operations (addition - subtraction - multiplication and division) between SENTINEL 2 satellite image bands and
by writing a new code (specific to the study) 61 million times, the code was executed with different combinations to produce new
index. A regression model was used to estimate potassium grade of underground saline water , which was converted to the potassium
grade of underground salinewith a potassium equation of the surface layer. The Sentinel 2 satellite image and the resulting indicators
from this satellite (independent variables) were used to predict the potassium of the surface layer and finally estimate the potassium
grade of underground saline water Also, Permutation Feature Importance (PFI) method was used in the RF model to prioritize and
select parameters for modeling. The data were divided into two categories: 70% for calibration (training) and 30% for validation
(testing) and were implemented in the random forest model in the Python programming environment.

Results and discussion:

results of the actual measured values and the predicted values of surface potassium with the RF model is based on the
statistical indicators of the evaluation of the ML models including R%, MSE, RMSE and MAE The results of the model showed that
the calibration data with R? equal to 0.88 and MSE, RMSE and MAE equal to 0.0039, 0.0624 and 0.0460, respectively, as well as
statistical indicators of R%, MSE, RMSE and MAE for the validation data of the model It is 0.51, 0.0179, 0.1338 and 0.1130
respectively. The results show that Index 3, Index 2, Index 4, Index 5 have the greatest effect on the estimation of soil surface
potassium and potassium grade of saline water and Index 15, Index 14, Index 11 and Index 12 have the least effect.



Conclusion:

Random forest algorithm by combining remote sensing technology with prioritizing effective indicators and finding
meaningful relationships between variables and specifying important parameters as an efficient tool for extensive mapping of large
areas for cases where predicting an important variable in the traditional way due to Spatial diversity. And when it is difficult and
expensive to predict them, it will be very efficient and it will make it very easy to determine the parameters and prepare the map
with a short period of time and spending much less money. Considering that there are many playas in the country that have
potassium resources, determining the most important parameters with machine learning technology and remote sensing is a useful
tool in managers' decision making in order to invest in drilling in promising areas for saline water underground extraction It has an
effective role. Since the conditions of the playa in the are not very different, it is possible that the results of this research can be
generalized to other playas in the desert to determine the potassium grade of saline water in the desert, in which case it is possible
to estimate the potassium grade of saline water in the will be playa using satellite images.

Keywords: Python, Remote sensing, Salt pans, Modeling, Machine learning.




