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1. INTRODUCTION
1.1. Background and Research Problem

Precision Agriculture (PA) has emerged as a critical paradigm for
improving resource productivity and fostering environmental
stewardship in modern agriculture through the management of spatial
variability in the field. Soil moisture content (SMC) is a critical
component of soil-crop-atmosphere interactions that influences the
availability of water, energy balance, and crop growth. However, the
conventional methods of SMC measurement have been found to be
limited in their application for improving irrigation management. For
instance, gravimetric measurement is labor-intensive and spatially
limited, in-situ measurement requires dense networks of sensors that
are costly to deploy, whereas remote sensing is limited to near-surface
measurement. Further, many modeling efforts focus only on the
shallow soil profile (0-20 cm), resulting in insufficient information for
irrigation management that relies on the dynamics of root-zone soil
moisture. For example, crops such as maize extract water from depths
of more than 150 cm; however, most of the water is extracted from the
upper 60 cm of the profile during the vegetative growth stage.
Therefore, to achieve efficient irrigation management, there is a critical
need for reliable measurement and prediction of SMC at different
depths. Though machine learning (ML) algorithms have been found to
achieve reliable prediction of SMC, their poor interpretability is a
critical factor limiting their application for decision-making in modern
agriculture. Development of decision-making frameworks using

multiple sources of information such as field measurement, loT-based



meteorological measurement, and satellite-derived vegetation indices is

a critical research gap that is yet to be fully explored.

1.2.0bjectives
This dissertation addresses these gaps by developing depth-specific,

soil-aware ML models with explainable Al (XAI) capabilities. The

main objectives are:

To build an integrated dataset for depth-specific soil moisture
modelling by combining gravimetric SMC, IoT meteorology, and
Sentinel-derived vegetation indices (NDVI/NDMI).
To characterize spatio-temporal and depth-dependent SMC
dynamics across three different soil texture and two growing
seasons of maize.
To evaluate and compare ML algorithms (RFR, XGBoost, GBR,
and LSTM) across predictor scenarios - vegetation indices only,
meteorological variables only, and combined inputs - using a
consistent train-test protocol, assessing both depth-specific and soil-
texture-specific modeling strategies against pooled approaches.
To apply SHAP-based explainability and feature importance to
quantify depth- and texture-dependent feature contributions,
identify dominant environmental drivers of SMC variability, and
translate these findings into actionable guidelines for precision
irrigation and crop water management.

2. MATERIALS AND METHODS
2.1. Study Area
Field experiments took place during the 2023 and 2024 maize

growing seasons on a 23-hectare rainfed field owned by Széchenyi

Istvdn University near Mosonmagyardvar, Hungary (47°54'11.8"N,
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17°15'08.9"E). The site is characterized by a temperate continental
climate, and a mean annual precipitation of approximately 600 mm.
Field terrain is nearly flat (elevation 133-138 m) with three soil textures
according to USDA taxonomy: loam, sandy loam, and silt loam (Figure
1).

2.2.Data Collection

2.2.1. Gravimetric Soil Sampling

Soil samples were collected at fixed points near IoT sensor stations
(within 1 m?) at five depths (5, 20, 40, 60, 80 cm) with three replicates
per point. Sampling occurred biweekly in 2023 (9 dates) and on 23 dates
across 2023-2024, totaling 705 samples. Samples were sealed,
transported to the laboratory, and oven-dried at 105°C to constant mass.

Table 1: Summary of gravimetric samples collected across studies.

Soil . Sampling  Total
Study Textures Depths - Replicates Dates Samples
Loam,
Article  Sandy
1 loam, Silt > 3 9 405
loam
Article Loam,
2 Silt loam 3 10 300
Article Loam, 3 23 690

3 Silt loam
2.2.2. loT-Based Meteorological Data

An on-site IoT sensor station (Boreas Ltd., EcoLogger Boreas
datalogger unit BEL-06) continuously monitored: air temperature (°C),
relative humidity (%), precipitation (mm), wind speed (km/h), and solar
radiation (W/m?). Data were transmitted via LoRaWAN at 10-15-
minute intervals and synchronized with soil sampling timestamps.

2.2.3. Satellite-Derived Vegetation Indices
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Sentinel-2 Level-2A multispectral imagery closest to each sampling
date (within £3 days, cloud-free) was processed in QGIS. NDVI and
NDMI were calculated:

NDVI = (NIR - Red) / (NIR + Red) using Sentinel-2 Band 8 (NIR,
842 nm) and Band 4 (Red, 665 nm)

NDMI = (NIR - SWIRI) / (NIR + SWIR1) using Sentinel-2 Band

8A (NIR narrow, 865 nm) and Band 11 (SWIRI1, 1610 nm)

e

Figure 1: Study area location, soil texture classes, and sampling
points with IoT sensor station and NDVI values.

2.3.Data Preprocessing and Feature Engineering

Data preprocessing was performed using Python (version 3.10.12).
Data were synchronized, checked for outliers, and missing values
imputed (forward-fill for short gaps). Soil texture was encoded as a
categorical variable. The final dataset included predictors:
meteorological variables (temperature, humidity, precipitation, wind
speed, solar radiation), depth, soil texture, and vegetation indices
(NDVI, NDMI); target: SMC.

2.4.Statistical Characterization



To characterize SMC dynamics across depths and soil textures,
descriptive statistics (mean, standard deviation, coefficient of variation)
were calculated for each soil texture and depth using Python. Repeated
measures ANOVA was conducted to test depth effects.

2.5.Modelling Frameworks

Three modelling frameworks were developed corresponding to the
three articles:

2.5.1. Multi-Model Comparison (Article 1)

RFR, XGBoost, and LSTM were trained on meteorological
predictors, depth and soil texture to predict SMC across three textures
and five depths. Data split: 80% training, 20% testing. Hyperparameters
tuned via grid search (RFR, XGBoost) and early stopping (LSTM).

2.5.2. Soil-Specific GBR Models (Article 2)

Separate Gradient Boosting Regressor models were developed for
loam and silt loam using meteorological predictors and depth.
Hyperparameters optimized with GridSearchCV (5-fold). Data split:
70% training, 30% testing.

2.5.3. Explainable XGBoost with Multi-Source Fusion (Article
3)

XGBoost models were built for each soil texture (loam, silt loam)
and depth (5-80 cm) under two scenarios: (A) vegetation indices only
(NDVI, NDMI); (B) combined (vegetation + meteorological). SHAP
analysis (TreeExplainer) applied to interpret feature contributions.

2.6.Model Evaluation Metrics

All models were evaluated using: Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE),



Coefficient of Determination (R?), and Nash-Sutcliffe Efficiency
(NSE).

2.7 Feature Importance and Explainability

e For RFR: Gini-based importance (mean decrease in impurity).

e For XGBoost: Built-in gain-based feature importance.

e For LSTM: Model-agnostic permutation importance.

e For GBR: Built-in feature importance from scikit-learn.

e For Article 3: SHAP analysis using Python shap library (v0.41).
3. RESULTS

3.1.Statistical Characterization of SMC Variability

Silt loam retained the highest moisture values with mean SMC
ranged between 15.0 and 22.5%, particularly at intermediate to deep
layers. Loam showed fewer mean values (12.6-16.2%), while sandy
loam showed the lowest SMC with maximum values at 80 cm depth
Figure 2. Analysis of 690 gravimetric samples across two growing
seasons revealed clear texture- and depth-dependent variability. In
loam, mean SMC ranged from 12.6% (60 cm) to 16.2% (20 cm), with
CV increasing from 24% (5 cm) to 39% (80 cm). In silt loam, mean
SMC was higher (15.0-22.5%) and CV increased from 17.5% (5 cm) to
47.8% (80 cm). Repeated measures ANOVA confirmed significant
depth effects (p < 0.05) for both loam and silt loam, justifying depth-

specific modelling.
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Figure 2. Soil moisture content variation in three soil textures at five
different depths during 2023 season.
3.2.Predictive Performance Across Models and Scenarios

3.2.1. Multi-Model Comparison (Three Soil Textures)

Across three textures and five depths, RFR provided the most
consistent and highest performance with an R? ranging between 0.82
and 0.99, and RMSE < 1.5%. XGBoost demonstrated strong
performance at shallow to moderate depths (5—40 cm), achieving a root
mean square error (RMSE) as low as 0.10% in sandy loam at 40 cm.
However, its accuracy decreased in deeper, fine-textured soils. The long
short-term memory (LSTM) model effectively captured temporal
dynamics at shallow to intermediate depths (5—60 cm), with a peak R?
of 0.99 at 60 cm in loam. Nevertheless, its performance declined at
greater depths.

3.2.2. GBR Model Performance (Two Soil Textures)

Gradient Boosting Regression (GBR) model results indicated good
predictive performance in terms of accuracy; the model was more
accurate in simulating the behavior of the silt loam soil than the loam

soil. This is evident by the high value of R =0.98, low value of



RMSE = 0.85%, and high value of NSE = 0.95 in the simulation
results for the silt loam soil, compared to the loam soil. This is mainly

due to low SMC.
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loam and silt loam soils using the GBR model.

3.2.3. XGBoost Overall Model Performance with different
inputs scenarios
Combining Sentinel-2 vegetation indices and IoT meteorological

data consistently enhanced prediction accuracy in comparison with
vegetation-only models across all depths and textures. The
improvement was most pronounced in loam at shallow depths (5-20
cm) where RMSE reduction exceeded 60% dropped from 2.26% to
0.88% at 5 cm. In silt loam, vegetation-only models performed well
with an R? up to 0.98 at 20 cm, but combined inputs still enhanced
predictions to near-perfect accuracy (R? = 0.99). At deeper layers (40-
80 cm), combined models maintained high accuracy with R? up to 0.92
in loam and around 0.98 in silt loam.

3.3.Feature Importance and Explainability Results

3.3.1. Multi-Model Feature Importance

Feature importance analysis showed that solar radiation was the

most influential variable, particularly at deeper soil layers (40 to 80 cm),
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with importance values ranging between 0.4 and 0.85 across all soil
textures and depths. Whear at the surface layer (5 cm), precipitation
emerged as a key predictor with importance value of 0.14 with RFR,
0.4 with XGBoost, and 0.25 with LSTM. Other variables such as
humidity, temperature, wind speed varied in importance depending on
model, depth, and soil texture.

3.3.2. GBR Feature Importance by Soil Texture

Results showed that in loam soils, precipitation and humidity were
most influential factors (31% each), with soil depth also significant
(27%). Solar radiation and wind speed were dominant in silt loam with
values of 46% and 26% respectively, highlighting the role of radiation-
driven evapotranspiration in fine-textured soils.

3.3.3. SHAP Analysis for XGBoost Models

SHAP analysis emphasized depth-dependent variations in SMC
drivers, where at upper layers (5-20 cm), NDVI was the most important
predictor across both soil textures, confirming that denser, greener
canopies indicate wetter soils. While, at intermediate depths (20-40
cm), both vegetation indices and solar radiation influenced moisture
patterns. At deepest layers (60-80 cm), Solar radiation became the
dominant factor, governing deep-soil moisture loss through root uptake
and evaporation. Soil texture modulated these effects where NDVI
retained importance at depth in silt loam due to stable moisture-
vegetation coupling, while meteorological factors remained influential

throughout the profile in loam soils.
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1.

4. SCIENTIFIC THESES

Soil moisture content varies significantly with both depth and soil
texture throughout the maize growing season. In loam soils,
gravimetric SMC ranged from 12.6% to 16.2% across depths, with
coefficient of variation (CV) reaching 39% at 80 cm. In silt loam
soils, SMC ranged from 15.0% to 18.3%, with CV reaching 47.8%
at 80 cm. These differences confirm that depth- and texture-
specific modeling is statistically necessary and cannot be replaced
by a single generalized model.

Among the machine learning algorithms evaluated, Random
Forest Regression (RFR) achieved the most consistent predictive
accuracy across all soil textures and depths, with R? values ranging
from 0.82 to 0.99 and RMSE below 1.5% under all conditions.
XGBoost performed comparably at shallow depths (5-20 cm),
while LSTM showed adequate performance at intermediate depths
but degraded in deeper layers. GBR models trained separately for
loam and silt loam soils demonstrated strong cross-validated
performance, confirming that soil-specific modeling further
improves accuracy over texture-pooled approaches.

The dominant environmental drivers of soil moisture content are
texture- and depth-dependent, as quantified through feature
importance and SHAP analysis. In loam soils, precipitation and
relative humidity each contributed approximately 31% to model
predictions, reflecting the rapid hydrological response of coarser-
textured profiles. In silt loam soils, solar radiation was the
dominant driver (46%), followed by wind speed (26%), indicating

stronger evaporative control. SHAP analysis further revealed a
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consistent depth gradient: NDVI was the primary predictor at
surface layers (5-20 cm) across both textures, while solar
radiation became dominant at deeper layers (60—80 cm), reflecting
the progressive influence of cumulative evaporative demand on
subsoil moisture.

Integrating Sentinel-2 vegetation indices (NDVI, NDMI) with
IoT-based meteorological data consistently improved XGBoost
model accuracy compared to vegetation-index-only inputs across
all depths and soil textures. The improvement was most
pronounced in loam soils at 5 cm depth, where RMSE decreased
from 2.26% to 0.88% a reduction of more than 60%. This
demonstrates that multi-source data fusion is a scientifically
validated strategy for improving depth-resolved soil moisture
prediction, particularly in soil textures with rapid surface moisture
dynamics.

A depth-resolved, explainable machine learning framework
integrating gravimetric field measurements, high-frequency IoT
meteorological data, and Sentinel-2 satellite imagery was
developed and validated across multiple soil textures and depths
over two growing seasons. The framework combining RFR, GBR,
and XGBoost models with SHAP interpretability produced
reliable, physically interpretable predictions of soil moisture
content and identified texture- and depth-specific driver
hierarchies. This provides a scientifically grounded foundation for
developing precision irrigation decision-support systems tailored

to site-specific soil and crop conditions.
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5. PRACTICAL THESES

Irrigation scheduling should be differentiated by soil texture. In
loam soils, real-time meteorological inputs particularly
precipitation and humidity are essential for capturing rapid
moisture changes across the full profile. In silt loam soils, satellite-
derived NDVI trends are sufficient for routine scheduling, with
deep-layer verification recommended only during extended dry or
extreme weather periods.

Solar radiation is the primary driver of deep soil moisture depletion
(60-80 cm) through its role in driving evaporative demand.
Irrigation decisions should account for cumulative radiation
exposure over 3—5 consecutive days, not only surface layer status
or rainfall records, particularly in loam soils where atmospheric
signals propagate rapidly through the profile.

SHAP-derived decision rules can translate model outputs into
actionable irrigation heuristics: (i) when surface NDVI is high and
solar radiation is low, irrigation can be withheld even if surface soil
appears dry; (i1) when cumulative radiation is high and no rainfall
has occurred for 3-5 days, deep-profile depletion should be
anticipated and irrigation triggered regardless of surface moisture
readings. These rules are operable without specialized software.
The proposed monitoring architecture is deployable using existing
low-cost infrastructure: free Sentinel-2 imagery, LoORaWAN IoT
weather stations, and open-source Python libraries (scikit-learn,
XGBoost, SHAP). This makes the framework scalable across
different farm sizes and regions without requiring specialized

hardware investment.
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The modeling framework enables proactive rather than reactive
irrigation management. By combining real-time IoT sensor data
with ML-based depth-specific predictions, soil moisture stress can
be anticipated before it affects crop yield, allowing farmers to
schedule irrigation at agronomically optimal timing rather than

responding to visible crop stress.
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