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Abstract

In today’s agricultural landscape, precision is crucial, utilizing advanced
technologies like IoT, AI, aircraft, and satellite systems. Smart agriculture aims
to revolutionize production by monitoring soil quality and employing data an-
alytics through machine learning. This study enhances soil quality assessment
in Saudi Arabia’s Aljouf region using remote sensing technology. Leveraging
UAVs, remote sensing provides crucial data and imagery for olive cultivation.
Cloud platforms with satellite data offer invaluable information, aiding public
and private decision-making. Proposing an AI-powered application combined
with remote sensing, this paper develops predictive models for soil moisture and
time-series satellite image analysis. Experimental results show a 91% accuracy
with decision tree and extra trees regressor models, highlighting their effec-
tiveness. This research transforms agricultural productivity through advanced
technology and data-driven methodologies.

Key words: remote sensing, precision agriculture, artificial intelligence,
soil moisture, vegetation indices

I. Introduction. For decades, aircraft and satellites have been crucial in
capturing extensive data and imagery of the Earth’s surface, atmosphere, and
oceans, benefiting urban and environmental monitoring. The launch of the first
American civil satellite, Landsat, in 1972 marked a significant milestone in ground
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surface monitoring, advancing civil space-based remote sensing. Precision agri-
culture has particularly benefited from these advancements, using remote sensing
to improve productivity, reduce labour, and optimize irrigation planning, aiming
to provide farmers with effective management tools [1].

Soil moisture is a critical variable in agriculture, offering insights into water
content in fields and aiding in determining vegetation indices essential for preci-
sion agriculture. Remote sensing provides a significant advantage by collecting
essential data across vast temporal and spatial scales, outperforming traditional
methods. Soil moisture affects plant growth and crop yield by restoring moisture
and regulating plant temperature. The plant’s thermo-regulation process involves
evaporating nearly 99% of acquired water and using only 0.2 to 0.5% for veg-
etative mass formation [2]. The World Meteorological Organization recognized
the importance of soil moisture by including it among the 50 Essential Climatic
Variables (ECV) for systematic observation in 2010, highlighting its dependence
on various environmental, hydrogeological, and topological factors [3].

Accurate soil moisture measurement or prediction helps optimize sowing
schedules, monitor soil moisture index (SMI) health, and prevent financial losses
by minimizing excessive use of vegetation indices [4]. Vegetation indices in preci-
sion agriculture not only enhance customer experience but also lead to cost sav-
ings. Direct soil moisture measurement using in-soil moisture sensors is the most
accurate method, with four main techniques: gravimeters, watermark sensors, ca-
pacitance sensors, and tension meters. However, these methods face challenges
related to sensing area coverage, soil conditions, calibration, and accessibility [4].

These challenges have driven the development of remote sensing approaches,
enabling soil moisture data acquisition without direct sensor contact [5]. Remote
sensing methods are further enhanced by Artificial Intelligence (AI) algorithms,
which rely on the performance of these algorithms [6]. Validating machine learning
models that use remotely sensed data for soil moisture estimations often depends
on publicly available long-term datasets from weather stations. International col-
laborations, such as the international soil moisture network, aim to improve global
satellite products related to soil moisture through validation and enhancement [7].

Soil moisture remote sensing data extraction methods can be categorized
into three main approaches: active remote sensing, passive remote sensing, and
combined active and passive remote sensing.

Active remote sensing . This method uses electromagnetic microwave radi-
ation with wavelengths ranging from 0.5 to 100 cm [8]. The NASA SAR sensor is a
prominent active sensor for soil moisture assessment, known for its high-resolution
data collection [9]. It operates based on sensor and soil parameters; sensor param-
eters influence signal backscatter variation, while soil parameters represent surface
characteristics. The attenuation of signal backscatter through vegetation canopy
and volume is calculated. There is a direct correlation between soil moisture and
radar backscatter intensity: lower surface soil moisture increases radar backscat-
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ter [10]. Techniques for active soil moisture sensors include backscattering models
[11], statistical analysis techniques [12], and neural network applications [13].

Passive remote sensing . Passive sensors model soil moisture information
and can delineate global soil moisture distribution regardless of vegetation canopy
presence [14]. These sensors offer important properties such as the normalized
difference vegetation index (NDVI) and examine the correlation between these
indices and various soil and environmental parameters. Common methodologies
for passive sensors include the universal triangular relationship method, brightness
models, and statistical analysis techniques [15]. These methods are crucial for
interpreting and deriving essential soil moisture data from passive remote sensing.

Combined active and passive remote sensing . Advances in remote sen-
sor instruments and spacecraft technology have enabled the integration of active
and passive remote sensing approaches. This combination seeks to mitigate the
weaknesses and leverage the strengths of each method, aiming for higher spa-
tial resolution from active methods and superior temporal resolution from passive
techniques, collectively enhancing soil moisture estimation accuracy [15]. NASA’s
2014 launch of the Soil Moisture Active Passive mission (SMAP) exemplifies this
approach, providing global soil moisture data with resolutions sometimes as fine
as 3 km per pixel [16]. Common methodologies for these sensors include mi-
crowave combined algorithms, statistical analysis techniques, and neural network
applications.

The necessity for an accurate satellite-based monitoring system is evident,
given these related works. This paper proposes a smart precision agriculture
system grounded in machine learning approaches. Utilizing satellite-captured soil
quality data in lieu of traditional local soil moisture enables coverage over extensive
areas, supporting high-precision agriculture practices. The paper is structured as
follows: Section II describes the proposed machine learning model based on remote
sensing, while Section III details the conducted experimentation and findings.
Finally, the conclusion is presented in the last section.

II. The proposed machine-learning model. The proposed model utilizes
a publicly available dataset captured by the Landsat satellite. The training model
encompasses four defined steps, as illustrated in Fig. 1.

Fig. 1. Training model
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Train split. This technique serves to assess the performance of a machine
learning algorithm and is applicable to various supervised learning problems, in-
cluding classification and regression tasks. It involves dividing the dataset into
two subsets. The first subset, known as the training set, is employed to train
the model. The second subset, the test set, remains independent of the model’s
training and is used to assess the model’s predictions against actual expected
values.

The size of both the training and test sets stands as a pivotal factor in con-
figuring the train-test split. The train’s size depends on a few factors, includ-
ing the computational cost during both the training and evaluation phases, as
well as the composition of the training and test sets. In our case, the test and
split method were implemented using the scikit-learn library and particularly the
train_test_split method with the following arguments:

• x: Dataset containing the spectral Indices after the feature selection proce-
dure

• y: Corresponding soil moisture values
• Test_size: 0.2, meaning the split is 80% for the training and 20% for the

test
• random_state: 0 to get the same training and testing set during different

executions
After data cleaning, 69 samples remained from the initial 80. The dataset was

split, with 55 samples (80%) used for training and 14 samples for testing. This
configuration allows us to begin training our model for soil moisture prediction.

Grid search optimization. Each machine learning model relies on a set
of parameters. To accurately map input data (independent variables) to targets
(dependent variable), optimal hyperparameters must be selected. This complex
task was automated using grid search via the sklearn Python module. Grid search
explores and defines the best hyperparameters by exhaustively evaluating every
position in the parameter grid, representing an n-dimensional search space.

The first step involves defining the search space, where each hyperparameter
value represents a point. The optimization process aims to find a vector that
maximizes model performance, such as achieving maximum accuracy or minimiz-
ing error. Among optimization algorithms, grid search and random search are
the most recognized, with grid search systematically evaluating each point in the
parameter grid.

Our objective is to estimate accurately the soil moisture based on spectral
indices. The crucial step is selecting the best model using our data, which involves
testing various regression models and evaluating their performance based on the
best hyperparameters.

III. Results and experimentation. This section details the implemen-
tation and results of training a soil moisture dataset retrieved via the Google
Earth Engine API using Python. The grid search optimization technique, applied
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through GridSearchCV in sklearn, systematically evaluated various hyperparam-
eters for each model. Grid search uses cross-validation, typically k-fold, to split
data into subsets for training and validation, identifying hyperparameters that
produce the best average performance.

The linear regression model achieved a low accuracy score of 58%, due to
multicollinearity issues. To address this, regularization techniques were applied,
specifically Ridge and ElasticNet models. Ridge uses L2 penalty, while ElasticNet
combines L1 and L2 penalties. Both models showed similar accuracy improve-
ments to around 70%. For ElasticNet, the best alpha hyperparameter value was
0.001, indicating a reliance on the L2 penalty, as the L1 penalty did not signifi-
cantly enhance the prediction task.

The support vector machine (SVM) slightly outperformed Ridge and Elas-
ticNet models, achieving a 72% score with optimal hyperparameters for the “C”
coefficient and epsilon, using a linear kernel. The poly and RBF kernels showed
similar performance. The Random Forest Regressor further improved the score
to 79%, with the number of estimators (10, 50, or 100) being a critical factor,
though higher estimators increase computational complexity. Decision Trees and
Extra Trees regression models achieved approximately 91% accuracy using the
squared_error criterion. These models differ in their splitting techniques: Deci-
sion Trees use bootstrap, while Extra Trees use a random search.

For data analysis, soil moisture scatter plots and box plots were employed as
shown in Fig. 2. Scatter plots visualize relationships between variables, aiding re-
gression analysis and machine learning projects. Box plots provide a standardized

Fig. 2. Scatter plots of different variables in the dataset and the soil moisture
variable

C. R. Acad. Bulg. Sci., 78, No 1, 2025 105



depiction of data distributions and identify outliers that can impact predictive per-
formance. Data interpolation addresses sparsity issues, enhancing model perfor-
mance. Methods like linear, polynomial, and spline interpolation were considered,
with polynomial interpolation chosen for this dataset. Figure 3(b) demonstrates
the effectiveness of polynomial interpolation with NDVI values, showing original
data points and the interpolated continuous line.

(1) NDV I =
NIR−Red

NIR+Red
.

This section explores and analyzes a time series dataset for NDVI, focusing
on decomposition to identify seasonality and trends. Decomposition breaks down
the data into components, revealing gradual increases or decreases (trend) and
recurrent short-term cycles (seasonality). Figure 3(b) illustrates these time series
components. The Holt-Winters method is applied for time series forecasting,
incorporating both trend and seasonality. This technique extends exponential
smoothing and uses three equations for forecasting: one for level (lt), one for
trend (bt), and one for seasonality (st). This method effectively captures the
dataset’s inherent patterns for accurate predictions.

lt = α. (yt − st−m) + (1− α) .(lt−1 + bt−1)(2)
bt = β. (lt − lt−1) + (1− β) .bt−1(3)

Fig. 3. NDVI results
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st = γ. (yt − lt−1 − bt−1) + (1− γ) .st−m,(4)

where:
• yt is the observed value at time t;
• lt represents the level or smoothed value at time t;
• bt represents the trend component at time t;
• st represents the seasonal component at time t;
• m is the number of seasons in a cycle;
• α, β, and γ are smoothing parameters (often between 0 and 1) controlling the

weights of the observed value, trend, and seasonal components, respectively.
From 2013 to 2016, the average NDVI value remained around 0.35 before

declining, influenced by crop state and weather conditions, with notable seasonal
fluctuations.

IV. Conclusions. This paper emphasizes the importance of soil moisture
and vegetation indices in agricultural analysis, addressing data sparsity through
machine learning models. The Extra Tree Regressor effectively forecasts vegeta-
tion indices from satellite imagery, focusing on the NDVI index, crucial for pre-
cision agriculture. Successful NDVI forecasting based on historical Google Earth
Engine API data is demonstrated. The Decision Tree and Extra Tree Regressor
models achieve approximately 91% accuracy in soil moisture estimation. Future
improvements include augmenting the dataset with more soil moisture samples to
enhance model performance.
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