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Abstract: This study presents a comprehensive framework for agro-meteorological pre-
diction, combining stochastic modeling, machine learning techniques, and environmental
feature engineering to address challenges in yield prediction and wind behavior model-
ing. Focused on mango cultivation in the Mediterranean region, the workflow integrates
diverse datasets, including satellite-derived variables such as NDVI, soil moisture, and
land surface temperature (LST), along with meteorological features like wind speed and
direction. Stochastic modeling was employed to capture environmental variability, while
a proxy yield was defined using key environmental factors in the absence of direct field
yield measurements. Machine learning models, including random forest and multi-layer
perceptron (MLP), were hybridized to improve the prediction accuracy for both proxy
yield and wind components (U and V that represent the east–west and north–south wind
movement). The hybrid model achieved mean squared error (MSE) values of 0.333 for
U and 0.181 for V, with corresponding R2 values of 0.8939 and 0.9339, respectively, out-
performing the individual models and demonstrating reliable generalization in the 2022
test set. Additionally, although NDVI is traditionally important in crop monitoring, its
low temporal variability across the observation period resulted in minimal contribution
to the final prediction, as confirmed by feature importance analysis. Furthermore, the
analysis revealed the significant influence of environmental factors such as LST, precip-
itable water, and soil moisture on yield dynamics, while wind visualization over digital
elevation models (DEMs) highlighted the impact of terrain features on the wind patterns.
The results demonstrate the effectiveness of combining stochastic and machine learning
approaches in agricultural modeling, offering valuable insights for crop management and
climate adaptation strategies.

Keywords: stochastic modeling; hybrid machine learning; proxy yield estimation; wind
behavior analysis

1. Introduction
Agro-meteorological prediction is pivotal in modern agriculture, offering insights that

enhance crop productivity and mitigate climate-related risks. By integrating satellite obser-
vations, meteorological data, and computational models, researchers can better understand
the complex interactions between environmental factors and crop performance [1]. This
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study presents a comprehensive workflow for agro-meteorological prediction, focusing
on mango cultivation in the Mediterranean region. The methodology combines stochastic
modeling and machine learning techniques to address the challenges of data scarcity and
environmental variability.

Agricultural systems are inherently complex, with nonlinear interactions among vari-
ables such as temperature, soil moisture, solar radiation, and wind dynamics. Traditional
deterministic models often fall short in capturing this complexity, leading to less accu-
rate predictions. Stochastic modeling has emerged as a powerful tool to address these
limitations, effectively incorporating random fluctuations and uncertainties inherent in
agricultural systems. For instance, a study on farmland irrigation scheduling utilized
a multistage stochastic programming model to maximize annual profit under uncertain
conditions, including crop prices and water availability [2].

A significant challenge in agro-meteorological modeling is the lack of direct yield data,
especially in remote or large-scale agricultural systems. To overcome this, researchers often
define a proxy yield that combines key environmental indicators such as vegetation health
(NDVI) and water availability (soil moisture) [1,3]. This approach allows for the estimation
of crop yields in the absence of direct measurements. For example, integrating remote
sensing data with crop models has been shown to improve yield estimation accuracy,
providing a viable alternative when field data are unavailable [4].

The integration of stochastic modeling and machine learning offers a robust framework
for agro-meteorological prediction. Stochastic models account for random environmental
fluctuations in natural systems such as marine ecosystems [5–8], while machine learning
algorithms, such as random forests, capture complex, nonlinear relationships among
variables. This combined approach has been applied in various agricultural contexts. For
instance, a study on agricultural irrigation water allocation developed a two-stage chance-
constrained programming model to optimize water use under uncertainty, demonstrating
the effectiveness of combining stochastic optimization with data-driven methods [7,8].

Mango (Mangifera indica) is a high-value tropical fruit with increasing global pro-
duction. According to FAO statistics (2023), mango production exceeded 57 million tons
globally, and due to climate warming and favorable microclimates, mango cultivation is
expanding in Southern Europe, particularly in Mediterranean regions such as Italy and
Spain [9]. Recent studies have highlighted the sensitivity of mango production to environ-
mental variables such as LST, solar radiation, and soil moisture, necessitating accurate and
region-specific yield forecasting systems [10,11].

The machine learning models employed in this study include random forest (RF),
multi-layer perceptron (MLP), and gradient boosting (GB), which are extensively utilized
in meteorological forecasting tasks such as rainfall, evapotranspiration, and wind speed
prediction. For instance, RF has been effectively applied to predict agricultural droughts,
outperforming other models in forecasting the Standardized Precipitation Evapotranspira-
tion Index (SPEI) in Central Europe [12]. MLPs have demonstrated superior performance
in total cloud cover prediction, capturing complex nonlinear relationships in atmospheric
data [13]. GB techniques, particularly extreme gradient boosting (XGBoost), have shown
high accuracy in merging satellite and ground-based precipitation data, enhancing the reli-
ability of precipitation datasets [14]. These models are adept at capturing the nonlinearities
and multivariate dependencies inherent in agro-environmental data, thereby improving
predictive performance in complex agricultural systems.

In recent years, climate change has significantly impacted agricultural practices in the
Mediterranean region, leading to the introduction of tropical and subtropical crops such as
mangoes. Rising temperatures and altered precipitation patterns have created favorable
conditions for mango cultivation in areas like Sicily, Italy. Farmers have transitioned
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from traditional crops to mangoes, capitalizing on the higher market value and increasing
consumer demand [15,16]. This shift not only diversifies agricultural production but also
presents new challenges in crop management and yield prediction, necessitating advanced
agro-meteorological models.

Wind behavior significantly influences agricultural systems, affecting crop growth,
pollination, and physical stress on plants. Understanding wind dynamics is essential for
developing protective measures and optimizing crop yield predictions. Wind-induced
plant movement can alter growth rates and leaf morphology, while high winds may cause
physical damage such as leaf tearing and abrasion [17].

Accurate modeling of wind components, specifically the zonal (U) and meridional (V)
components, is crucial for understanding regional wind behavior in agricultural landscapes.
Traditional numerical weather prediction models often lack the spatial resolution required
for precise agricultural applications [18]. To address this, high-resolution wind speed
forecast systems have been developed, coupling numerical weather prediction with ma-
chine learning techniques to provide detailed wind information beneficial for agricultural
management [18,19].

Machine learning models, such as random forests and multi-layer perceptrons, have
been employed to predict wind components effectively. These models can capture complex,
nonlinear relationships between environmental variables and wind behavior, enhancing
the accuracy of wind predictions. Combining multiple models through ensemble methods
further improves predictive performance by leveraging the strengths of each approach [19].

Understanding wind behavior is also crucial for mitigating its mechanical effects on
crops. Wind can cause direct mechanical damage, including leaf tearing and abrasion,
which adversely affect crop yields. Implementing windbreaks and other protective mea-
sures can help reduce these negative impacts, underscoring the importance of an accurate
modeling of the wind behavior in agricultural planning [20].

The main hypotheses of this study are as follows: (1) proxy yield can be effectively
estimated using a combination of satellite-based environmental indicators and machine
learning models, and (2) a hybrid model integrating multiple ML methods will outperform
single-model baselines for both yield and wind prediction. The specific objectives are the
following: (i) to define a proxy yield model incorporating stochastic components, (ii) to
evaluate RF, MLP, and GB models against this target, (iii) to build a hybrid U/V wind model
and analyze its residual performance, and (iv) to perform sensitivity, noise robustness, and
regression-based relevance analysis to validate the stability and interpretability of results.

Mango cultivation is particularly sensitive to environmental changes, including tem-
perature extremes, wind patterns, and soil moisture variability. By applying a combined
stochastic and machine learning approach, this study aims to develop a predictive frame-
work capable of providing accurate yield estimates for mango farms in the Mediterranean
region. This methodology not only addresses the challenges of data scarcity but also offers
a scalable solution adaptable to various crops and regions.

2. Material and Methods
Effective agro-meteorological prediction relies on the integration of diverse datasets

capturing environmental, geospatial, and meteorological variables.

2.1. Data Sources and Types
2.1.1. Satellite Data

• MODIS (MOD13A1): Provides the Normalized Difference Vegetation Index (NDVI),
a proxy for vegetation health. The data have a 500 m spatial resolution and a
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16-day temporal frequency, making it suitable for tracking crop growth patterns
over time [21].

• SMAP (Soil Moisture Active Passive): Offers soil moisture measurements at a 9 km res-
olution, critical for understanding water availability for crops under varying climatic
conditions [22].

• Digital Elevation Model (DEM): Terrain data, including slope and aspect, were derived
from the Shuttle Radar Topography Mission (SRTM). This dataset provides 30 m
spatial resolution, allowing for detailed terrain analysis [23].

• Land Surface Temperature (LST): Retrieved from MODIS, these variables capture
thermal conditions that influence crop growth and stress response [24].

2.1.2. Meteorological Data

Daily climate variables such as air temperature, wind speed, wind direction, relative
humidity, surface pressure, and precipitation rates were sourced from global meteorolog-
ical agencies like the National Oceanic and Atmospheric Administration (NOAA) and
the European Centre for Medium-Range Weather Forecasts (ECMWF). These variables
provide a detailed temporal resolution to monitor day-to-day variations in crop-relevant
conditions [25,26].

2.1.3. Derived Features

• Kinetic Energy (KE): Quantifies the physical impact of wind on plants.
• Turbulence: Measures abrupt changes in wind speed, which may affect crop structure.
• Fourier Series Encodings: Captures seasonal trends in the data for both daily and

annual cycles.

2.1.4. Challenges in Data Collection

The process of data collection faced several challenges:
Temporal and Spatial Harmonization: Satellite datasets (e.g., MODIS NDVI and SMAP

soil moisture) are available at different temporal frequencies and resolutions. Meteorologi-
cal data, updated daily, required synchronization with the coarser temporal resolution of
satellite datasets.

Cloud Contamination: NDVI values are often affected by cloud cover in optical
satellite imagery. This was mitigated using spatiotemporal interpolation techniques,
which ensured continuity in vegetation health monitoring (see Section 2.2.5, Handling
Missing Data).

Validation in Satellite Data: Satellite-derived measurements were cross-validated with
limited ground-based observations to ensure their reliability for predictive modeling

2.2. Satellite Data Preparation

To ensure the data were consistent and suitable for modeling, the following prepro-
cessing steps were performed:

2.2.1. Translating Satellite Imagery

Satellite data are typically delivered in a specific coordinate projection system. In this
study, data were retrieved in the MODIS Sinusoidal Projection format and transformed
into the WGS84 geographic coordinate system (latitude and longitude).

The MODIS Sinusoidal Projection coordinates were reprojected to the WGS84 system
using the Geospatial Data Abstraction Library (GDAL) or Python libraries such as Rasterio
and pyproj.

This transformation ensures that the spatial data align with global mapping standards
and can be accurately associated with geographical locations.
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This approach supports our inclusion of topographic parameters in both the wind
component and proxy yield modeling.

Data Alignment

The imagery was overlaid on a map of the study area to ensure the geographical
boundaries matched the mango farms under study.

Visualization

Color-coded maps, like the one showing the NDVI values in Figure 1, were gen-
erated to visualize the spatial distribution of key variables, such as vegetation health
and temperature.
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Figure 1. NDVI color-coded map taken from MODIS.

Extracting Data by Latitude and Longitude

To analyze the environmental conditions specific to mango farms, pixel-level data
from the satellite images were extracted based on their geographic coordinates.

The latitude and longitude of mango farms were used as reference points for data
extraction. These coordinates were identified from GPS surveys or regional farm datasets.
Each pixel in the satellite image corresponds to a specific latitude and longitude. Using
libraries like Rasterio and NumPy, the pixel values for NDVI, soil moisture, and other
variables were extracted (Figure 2).
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Figure 2. NDVI plot from MODIS (left) and its overlay on a geographical map after converting
from MODIS Sinusoidal Projection to WGS84 (right). The color bar indicates NDVI values. The
red-circled area highlights the region of interest, which has been selected based on satellite imagery
as a preferable coordinate zone for further analysis.



Stats 2025, 8, 30 6 of 24

2.2.2. Terrain Analysis

Satellite-derived terrain maps, such as slope and aspect (Figure 3; [27]), were generated
from DEM data to model the topographic effects on mango farms. These maps provide
insights into water runoff, erosion, and sunlight exposure, all of which are crucial for
mango cultivation.
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Figure 3. Translating the DEM image and extracting the slope and aspect information.

• Slope: Slope was calculated using DEM data to model water runoff and erosion. The
equation for slope is as follows:

Slope =

√(
∂Elevation

∂x

)2
+

(
∂Elevation

∂y

)2

• Aspect: Aspect, or the orientation of the slope, was determined using the following:

Aspect = arctan
(

∂Elevation
∂y

− ∂Elevation
∂x

)
Our modeling framework incorporates slope and aspect derived from the Shuttle

Radar Topography Mission (SRTM) digital elevation model. Recent studies such as Kara-
man have demonstrated that elevation-derived features can significantly improve wind
prediction accuracy in agricultural landscapes by capturing orographic influences [19].

2.2.3. Feature Engineering

• NDVI Calculation: NDVI was calculated using the formula [28]:

NDVI =
NIR − Red
NIR + Red

where NIR and Red stand for “near infrared” and “visible red bands”, respectively.

• Kinetic Energy (KE): Computed as follows [29]:

KE = 0.5 · air_density · (wind_speed)2

• Turbulence: Captured as the absolute difference in wind speed over time [30]:

Turbulence =

∣∣∣∣∂v
∂t

∣∣∣∣
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2.2.4. Fourier Series Encodings

Seasonal variations in environmental factors were modeled using Fourier series [31]:

f (t) = a0 +
N

∑
n=1

[
ancos

(
2πnt

T

)
+ bnsin

(
2πnt

T

)]

2.2.5. Handling Missing Data

Missing values in NDVI and soil moisture data were interpolated using spatial and
temporal interpolation methods to maintain data continuity.

To mitigate cloud contamination and ensure temporal alignment, we used a
7-day moving average for NDVI, and linear interpolation for small gaps (<2 timesteps).
Larger gaps were filled using spatio-temporal kriging methods validated against in situ
sensor data.

Preprocessing ensures that the data are harmonized, reliable, and ready for inte-
gration into stochastic and machine learning models. By deriving critical features such
as slope, aspect, kinetic energy, and turbulence, the dataset provides a comprehensive
view of the environmental variables impacting mango productivity. These preprocessing
steps address data quality issues, minimize noise, and enhance the predictive power of
subsequent models.

3. Stochastic Modelling for Agro-Meteorological Prediction
Stochastic modeling is a critical approach for understanding and predicting the dy-

namics of agricultural systems subject to environmental variability. These systems are
influenced by both deterministic environmental forces (e.g., seasonal trends, temperature)
and stochastic perturbations (e.g., random fluctuations in wind speed, rainfall). By incorpo-
rating stochastic processes into agro-meteorological modeling, we can better capture the
inherent uncertainties and non-linearities in agricultural ecosystems. This section details
the development of a stochastic model for crop yield prediction, incorporating method-
ologies inspired by recent advancements in stochastic modeling for ecological systems.
The time evolution of key environmental and agricultural variables was modeled using
stochastic differential equations (SDEs). The general form of the model is as follows:

∂Bi
∂t

= f
(

Aj
)
+ ξ j(t),

with
Bi: i-th output variable (e.g., proxy yield, plant health);
Aj: j-th input variable (e.g., temperature, soil moisture, wind speed, solar radiation);
f(Aj): j-th deterministic component describing the influence of the i-th input variable;
ξ j(t): noise source which mimics random environmental fluctuations affecting the

values of the j-th input variable.
The noise term ξ j(t) was modeled as a self-correlated Gaussian noise, with parameters

based on prior ecological studies such as [6,32]. This allowed us to analyze the ecosystem
dynamics for different values of both the correlation time and the intensity of the noise
sources, which affect the environmental variables, such as temperature fluctuations or
abrupt changes in wind speed.

3.1. Proxy Yield Dynamics with Stochastic Inputs

In the absence of direct yield measurements, a proxy yield was defined as a synthetic
indicator of crop productivity. The proxy yield combines key environmental features
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influencing mango growth, including vegetation health (NDVI), water availability (soil
moisture), and climatic variables. Building upon the deterministic formulation [33],

Proxy Yield = (0.4 · NDVI × Soil Moisture) + (0.3 · LST) + (0.2 · Precipitable Water),

In the absence of direct crop yield measurements, a synthetic proxy yield was designed
to capture the combined effects of key agro-environmental drivers on mango productivity.
The formulation incorporated three biologically and agronomically justified components:
vegetation health (NDVI), water availability (soil moisture), and thermal conditions (land
surface temperature and precipitable water). To assign appropriate weights, a linear
regression model was fitted to the filtered dataset using environmental predictors and the
computed proxy yield as the dependent variable. The resulting normalized coefficients
interaction (NDVI × soil moisture) = 0.389, LST = 0.319, and precipitable water = 0.23
closely aligned with the assigned weights of 0.4, 0.3, and 0.2, respectively.

This process ensures that the formulation of the synthetic yield is not arbitrary but
rather grounded in statistical correlation and domain knowledge. Moreover, robustness
tests (Table 1) confirmed that the model maintained a stable performance under different
noise levels (σ = 0.01–0.10) and across folds in 5-fold cross-validation, indicating generaliz-
ability despite the synthetic nature of the target. While the proxy yield does not replace
real field data, it serves as a scientifically consistent and interpretable intermediate variable
to simulate and predict yield-relevant dynamics using satellite and meteorological inputs.

Table 1. Noise robustness evaluation for proxy yield prediction (σ sensitivity).

σ Value MSE R2

0.01 0.2696 0.9675
0.05 0.2735 0.9671
0.10 0.2835 0.9659

And the model incorporates random fluctuations through a stochastic noise term,

∂(Proxy Yield)
∂t

= f (Interaction, LST, Precipitable Water) + ξj(t),

with
f (·): Deterministic influence of environmental variables;
ξj(t): Gaussian white noise (ξj(t) ∼ N (0,σ2)) where the symbol N represents the

normal (Gaussian) distribution. Specifically:

• 0 is the mean of the distribution;
• σ2 is the variance of the distribution.

The noise intensity σ = 0.05 was chosen based on sensitivity analysis showing that
values in the range 0.01–0.1 maintain R2 > 0.96 (see noise robustness results). This confirms
that σ = 0.05 offers a reasonable trade-off between capturing stochasticity and maintaining
prediction accuracy.

3.1.1. Key Components
Interaction Term

Captures the combined effect of vegetation health (NDVI) and water availability
(soil moisture):

Interaction = NDVI × Soil_Moisture
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Environmental Factors

Land surface temperature (LST) and precipitable water which accounts for tempera-
ture’s impact on growth and reflects atmospheric moisture availability, respectively.

Temperature Penalty

Introduces a deterministic adjustment for extreme temperatures [34]:

Temperature Penalty =

{
−2, T > 35 ◦C or T < 10 ◦C

0, otherwise

Stochastic Noise

Simulates random environmental variability:

ξ j(t) ∼ N
(

0, 0.052
)

The variance in the noise term, σ2 = 0.052, was selected based on the prior litera-
ture modeling of agricultural and environmental ecosystems where moderate stochastic
perturbations realistically simulate natural fluctuations without destabilizing system dy-
namics [6,35]. Specifically, studies applying stochastic differential equations in ecosystem
modeling (e.g., marine trophic networks, crop–climate interactions) have demonstrated
that σ in the range of 0.01–0.1 adequately captures daily-to-seasonal variability [36–38].
This value was also validated in our study by testing robustness under varying σ (see
Results: Noise Sensitivity Analysis).

3.2. Incorporation of Noise and Variability

The stochastic modeling approach implemented in this study draws inspiration from
Ref. [39]’s stochastic modeling in population dynamics, biological systems [40–42], and
ecosystems [5,6]. These methods highlight the significance of capturing both determin-
istic trends and stochastic perturbations in complex systems, such as agricultural and
environmental ecosystems.

3.2.1. Intrinsic Noise

Intrinsic noise consists of fluctuations inherent to environmental variables, such as
diurnal temperature variations [5], or variability in wind speed.

Modeled as follows:
ξ j(t) = σ · η(t),

where σ is the noise intensity (scaling factor for random fluctuations) and η(t) is a Gaussian
white noise source (η(t) ∼ N (0, 1)).

3.2.2. Environmental Forcing

Environmental forcing includes seasonal and long-term trends in environmental
variables, modeled deterministically as f

(
Aj

)
[43].

For example:

f
(

Aj
)
= A0cos

(
2πt
T

)
+ A1sin

(
2πt
T

)
,

where T represents the seasonal period (e.g., 1 year) and A0, A1 are coefficients representing
the amplitude of forcing terms.

This deterministic component ensures the model captures periodic environmental
patterns, such as temperature or radiation fluctuations over time.
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3.3. Inspiration from Marine Ecosystem Models

The stochastic modeling approach in this study draws from recent advances in
ecosystem modeling.

3.3.1. Non-Linear Dynamics and Noise Effects

The stochastic version of the biogeochemical flux model (BFM) demonstrated how
random fluctuations in environmental drivers (e.g., solar irradiance and water temper-
ature) influence the ecosystem dynamics, including noise-induced transitions towards
out-of-equilibrium steady states. In our study, a similar approach was used to account
for stochastic transitions in agro-meteorological variables such as LST and wind speed,
enabling the model to capture real-world fluctuations in yield-relevant variables.

3.3.2. Gaussian Noise Representation

Following the same methodology as in Ref. [6], environmental noise was modeled as
self-correlated Gaussian processes to reflect real-world stochasticity more accurately. This
approach ensures the following:

• Temporal correlation in random perturbations, reflecting realistic noise patterns
(e.g., consistent temperature or solar irradiance over time);

• An accurate representation of stochasticity, improving the robustness of the proxy
yield predictions.

Furthermore, these stochastic terms were used in the wind component modeling as
well, where zonal (U) and meridional (V) components experience abrupt but patterned
fluctuations due to topography-driven turbulence. This consistency aligns the stochastic
design between both yield and wind models, enhancing coherence across submodules.

4. Machine Learning Model Integration and Performance Evaluation
In this study, machine learning models were integrated to predict the synthetic proxy

yield, leveraging both deterministic and stochastic features engineered during preprocess-
ing. The models used were a random forest regressor and a multi-layer perceptron (MLP)
regressor, each chosen for their unique strengths in capturing the complex relationships
between environmental variables and crop yield. Their performances were evaluated based
on mean squared error (MSE), R2 score, and mean absolute error (MAE). Both models were
also assessed for their ability to handle the interaction between deterministic variables like
NDVI, soil moisture, and stochastic terms introduced during feature engineering.

To ensure robustness and reduce overfitting, a 5-fold cross-validation scheme was
applied to both models. This method partitions the data into five subsets, where each
subset is used as a validation set once while the remaining four serve as the training data.

Overfitting was further mitigated through early stopping in MLP training and
by limiting the depth and number of trees in random forest to avoid memorizing the
training data.

Evaluation metrics were defined as follows:

• Mean Absolute Error (MAE):

MAE =
1
n∑n

i=1|yi − ŷi|,

• Mean Squared Error (MSE):

MSE =
1
n∑n

i=1(yi − ŷi)
2,

• Coefficient of Determination (R2):
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R2 = 1 − ∑(yi − ŷi)
2

∑(yi − y)2 ,

4.1. Feature Importance Analysis

The random forest model provides insight into feature importance, which quantifies
the contribution of each feature in driving predictions (see Table 2). Among the input
variables, land surface temperature (LST) emerged as the most critical factor, contributing
75.19% to the predictive power. This was followed by precipitable water (18.54%), and soil
moisture (4.54%), highlighting the importance of temperature and water availability in
influencing mango productivity. Other features, such as cloud opacity and surface pressure,
had marginal influence, while features like NDVI and its derived temporal metrics (rate of
change and moving average) showed negligible importance due to their static nature in
this dataset.

The table below summarizes the feature importance and their corresponding sensitiv-
ity values:

Table 2. Values of feature, relevance, and sensitivity.

Feature Relevance Sensitivity

LST 0.751889 0.751889
Precipitable Water 0.185427 0.185427
Soil Moisture 0.045416 0.045416
Cloud Opacity 0.004208 0.004208
Surface Pressure 0.003132 0.003132
Turbulence 0.002431 0.002431
Relative Humidity 0.002257 0.002257
Wind Speed (10 m) 0.001515 0.001515
Precipitation Rate 0.001208 0.001208
Wind Speed (100 m) 0.001203 0.001203
Kinetic Energy (KE) 0.000840 0.000840
Albedo 0.000476 0.000476
Slope 0.000000 0.000000
NDVI 0.000000 0.000000
NDVI Rate of Change 0.000000 0.000000
GHI 0.000000 0.000000
Aspect 0.000000 0.000000

The low contribution of NDVI in the random forest model may be attributed to
its limited temporal variability across the dataset. As the proxy yield was synthetically
derived and showed minimal short-term variation in NDVI, more dynamic environmen-
tal features such as land surface temperature (LST) and precipitable water emerged as
stronger predictors. Additionally, NDVI was incorporated within an interaction term
(NDVI × soil moisture), reducing its standalone influence in feature importance rankings.

While turbulence and kinetic energy showed minimal influence in the proxy yield
prediction model, their inclusion was essential for wind component modeling. These
features reflect the mechanical forces acting on the crop environment, and their interaction
with terrain and atmospheric pressure gradients is more directly linked to zonal (U) and
meridional (V) wind behavior. Their weak contribution in the yield model is expected, but
they retain scientific and physical relevance in capturing short-term wind fluctuations.
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4.2. Wind Component Prediction

Predicting wind behavior involves understanding the physical dynamics of atmo-
spheric movements and employing advanced machine learning models to capture these
patterns accurately. This study models the zonal (U) and meridional (V) wind components,
essential for describing wind behavior in a Cartesian coordinate system. By leveraging
both environmental features and meteorological data, a hybrid modeling framework was
developed that combines random forest (RF) and multi-layer perceptron (MLP) mod-
els. These were trained and tested using temporally split datasets to ensure robust and
reliable predictions.

4.2.1. Model Input Preprocessing

The dataset consists of meteorological and environmental features, including atmo-
spheric optical depth (AOD), normalized difference vegetation index (NDVI), soil moisture,
land surface temperature (LST), and wind-related variables such as wind speed and di-
rection. Derived features like kinetic energy (KE) and turbulence were also included to
enhance the predictive capability of the models. NDVI values were normalized to a range
of [0, 1] to ensure consistency and facilitate machine learning processes. Turbulence and KE
were included in the feature set due to their direct connection to wind-induced mechanical
forces. While their statistical weight in yield prediction was negligible, their relevance
lies in describing wind variability and dynamic atmospheric behavior, which significantly
affects both plant mechanics and wind prediction accuracy.

The wind components (U and V) were calculated from wind speed (W) and direction
(θ) using the following equations (Figure 4; [44–46]):

U = −W · sin(θ)

V = −W · cos(θ)

Here, W represents the wind speed in meters per second (m/s) and θ is the wind
direction measured in degrees clockwise from the north. These equations transform wind
data from polar coordinates to a Cartesian system, enabling a more detailed analysis and
visualization of wind behavior. For model evaluation, the dataset was temporally split into
three subsets:

• Training Data (before 2021): Used to train the models;
• Testing Data (2021): Used to evaluate the model performance on unseen data;
• Prediction Data (2022): The models were used to predict wind components for 2022

without additional training.
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To better understand wind behavior, a schematic representation of the U and V com-
ponents was created. This visualization (see Figure 5) illustrates how wind speed and
direction are decomposed into Cartesian components:

U: Represents east–west wind movement (positive for easterly, negative for
westerly winds).

V: Represents north–south wind movement (positive for southerly, negative for
northerly winds).
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A geographic map of wind directions in Figure 6 was overlaid with the elevation
data, demonstrating the interaction between wind patterns and topography. The results
highlight the impact of terrain features, such as mountains, on wind flow dynamics.
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4.2.2. Hybrid Machine Learning Framework

The hybrid modeling framework integrates random forest and MLP models to capture
the nonlinear and complex relationships between features and wind components. Combin-
ing these models enables better utilization of their complementary strengths, resulting in
improved prediction accuracy.
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Random Forest (RF)

In this study, RF models were independently trained to predict U and V. RF was
chosen for its ability to handle high-dimensional datasets and identify feature importance
effectively. For both wind components, the following applied:

• Input: Preprocessed environmental features;
• Output: Predictions for U and V;
• Hyperparameters: The RF model utilized 100 decision trees (estimators), with default

parameters optimized for performance.

Multi-Layer Perceptron (MLP)

MLP is a neural network capable of learning complex, nonlinear patterns in data. The
architecture consisted of the following:

• Two hidden layers with 64 and 32 neurons, respectively;
• ReLU activation functions for both layers;
• An output layer with a single neuron for each target variable (U or V).

The Adam optimizer was used to minimize the mean squared error (MSE) loss during
the training. The model was trained for 10 epochs with a batch size of 32, using 20% of the
training data as a validation set to monitor performance.

Hybrid Model Combination

The predictions from RF and MLP were combined using a linear regression model
(Figure 7). This step provided a weighted aggregation of the predictions, leveraging RF’s
robustness and MLP’s ability to model intricate relationships. For both U and V:

• Input: Predicted values from RF and MLP;
• Output: Final hybrid predictions for U and V.

This combination improved the overall prediction accuracy by mitigating the weak-
nesses in each individual model.
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5. Results
This section presents the outcomes of proxy yield prediction and wind behavior

modeling using multiple machine learning models.
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5.1. Proxy Yield Prediction Results

This subsection presents an extended evaluation of the machine learning models
used for proxy yield prediction, with deeper emphasis on robustness and generalizability,
performing the evaluation of four machine learning models random forest (RF), multi-layer
perceptron (MLP), gradient boosting (GB), and a proposed hybrid model for predicting the
synthetic proxy yield. The hybrid model was developed by combining the predictions of
RF and MLP through a linear regression ensemble to leverage the strengths of both models.

To further ensure generalizability, all models were validated using a 5-fold cross-
validation framework, with additional diagnostic plots for each fold. These confirm that
both random forest and MLP maintain a consistent performance across folds and sample
distributions, reducing the risk of overfitting. The hybrid ensemble was built on top of
these validated predictions to enhance stability.

To assess accuracy, we employed three evaluation metrics: mean squared error (MSE),
mean absolute error (MAE), and the coefficient of determination (R2). All models were
trained and validated using a 5-fold cross-validation scheme to reduce the risk of overfitting
and ensure generalizability (Table 3).

Table 3. Proxy yield model comparison.

Model MSE MAE R2 Score

Random Forest 0.2735 0.3410 0.9671
Multi-Layer Perceptron (MLP) 0.2339 0.2788 0.9718
Gradient Boosting 0.2669 0.3609 0.9679
Hybrid 0.2197 0.2710 0.9735

A stochastic sensitivity analysis was also conducted to validate the noise variance
parameter used in the proxy yield model. The stochastic noise term (σ = 0.05), which
mimics environmental randomness, was tested over the range σ ∈ [0.01, 0.10]. The results
showed minimal degradation in MSE and R2, confirming the adequacy of the selected
value. This validates the robustness of the proxy yield formulation under varying stochastic
conditions (Table 1).

Note: No data points were removed or trimmed in the final model. The originally
considered outlier filtering (top/bottom 1%) was excluded to preserve dataset integrity
and avoid bias.

As shown in Figure 8 (prediction vs. actual scatter plots), all models demonstrated
a strong correlation with the actual values. However, the hybrid model achieved the
closest fit to the diagonal line, indicating more accurate predictions across the entire proxy
yield range.

K-fold validation results (Figure 9) further reinforce these findings, showing minimal
prediction variance across folds.

The residual plot of the hybrid model (Figure 10) reveals a low and symmetric error
distribution, with no strong outliers or trends over time. This suggests a well-generalized
model with consistent performance across sample indices.

Although the performance gain from the hybrid model over MLP or RF appears
modest, this ensemble method demonstrates greater consistency and robustness. The
hybrid approach benefits from RF’s strength in handling noisy or non-linear feature in-
teractions and MLP’s capacity to learn complex patterns. This complementary effect is
particularly useful in agro-meteorological prediction, where input features often exhibit
multicollinearity, seasonal trends, and stochastic fluctuations.
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To further understand the low feature importance of NDVI observed in the random
forest model, a comparative analysis of temporal variability was conducted across NDVI,
LST, and soil moisture. As shown in Figure 11, NDVI and its 7-day moving average exhib-
ited near-flat behavior over extended periods, indicating limited dynamic range during
the growing season. In contrast, LST and soil moisture showed pronounced seasonal oscil-
lations and higher short-term fluctuations factors more directly captured by the machine
learning models to explain yield variation.
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Figure 11. Temporal variability in NDVI.

Despite extensive preprocessing steps, including NDVI smoothing, lag features, and
rate of change metrics, the low temporal sensitivity of NDVI limited its contribution
to predictive power. This finding reinforces the observation that variables exhibiting
dynamic seasonal shifts, such as LST and atmospheric moisture, are more predictive of
mango productivity in the Mediterranean context. While NDVI is a valuable vegetation
health proxy, its utility in this framework may be constrained by low-resolution temporal
variability or static phenological stages during mango flowering and fruiting periods.

5.2. Wind Component Prediction Results (U and V)

This subsection evaluates the performance of the integrated modeling framework for
predicting wind behavior, specifically the zonal (U) and meridional (V) wind components.
Three models were evaluated: random forest (RF), multi-layer perceptron (MLP), and a
hybrid model combining RF and MLP predictions via a linear ensemble regressor. Models
were evaluated on 2021 data and tested on 2022 data using environmental variables such as
AOD, NDVI, soil moisture, LST, air temperature, wind speed/direction, KE, and turbulence.

5.2.1. U Component Prediction:

Figure 12 displays scatter plots comparing actual vs. predicted U component values.
The RF and hybrid models show excellent alignment along the diagonal, with the hybrid
model achieving the best performance. In contrast, the MLP model exhibits significant
deviations and outliers, suggesting overfitting or instability due to the nonlinear nature of
the U component data.

Residual plots for U (Figure 13) further confirm this: the hybrid model has a near-
zero mean residual and minimal variance across indices, with errors symmetrically dis-
tributed. RF shows slightly higher residual variation, while MLP has widespread errors and
poor generalization.
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5.2.2. V Component Prediction

Figure 14 shows the performance of models predicting the meridional (V) component.
As with the U component, both RF and hybrid predictions align closely with actual values.
The MLP again shows erratic dispersion and deviates from the ideal fit. The hybrid model
minimizes prediction errors by leveraging the strengths of both models.
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Residual plots for V (Figure 15) mirror the findings from U: the Hybrid model de-
livers consistent, low-error predictions across samples, while MLP introduces significant
residual spikes.
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Figure 15. Residual plot of year 2022 prediction for “V” Component. The red dash line: Zero
Residual error.

To complement the visual analysis, we quantitatively evaluated model performance
for the zonal (U) and meridional (V) wind components using MSE, MAE, and R2 metrics.
The results confirm the superiority of the hybrid model over the individual RF and MLP
models (Table 4). While the random forest achieved reasonably high R2 scores (0.889 for
U and 0.928 for V), the hybrid model slightly improved performance, especially in R2

(0.8939 for U and 0.9339 for V). In contrast, the MLP model failed to generalize effectively,
yielding significantly higher error values and negative R2 scores, suggesting overfitting or
inadequate training for the wind task.

Table 4. “U” and “V” component analysis.

Model MSE (U) MAE (U) R2 (U) MSE (V) MAE (V) R2 (V)

RF 0.3493 0.2549 0.8890 0.1964 0.2093 0.9284
MLP 367.9351 16.4889 −115.9453 55.5931 6.3713 −19.2766
Hybrid 0.3339 0.2718 0.8939 0.1813 0.2389 0.9339

The hybrid framework consistently outperforms individual models in predicting wind
behavior, especially under complex and potentially noisy input conditions. While RF
offers robustness to nonlinearities and noise, MLP captures finer local variations. The
ensemble approach combines these benefits and effectively suppresses the weaknesses
of each base model. Given the critical role of wind in agro-meteorological modeling
(e.g., evapotranspiration, crop stress, wind-driven transport), these accurate component
predictions offer a valuable tool for high-resolution forecasting and operational planning.

In all analyses, the 2022 data served as an out-of-sample test set, validating the gener-
alizability of the models. No retraining was performed on 2022 data to ensure the temporal
integrity of the evaluation. The consistency in the hybrid model’s performance across
U and V highlights its potential for deployment in real-time agro-climatic applications,
especially in topographically complex or wind-sensitive regions.
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6. Discussion
The evaluation of both proxy yield and wind behavior modeling provides valuable

insights into the robustness, reliability, and complementary strengths of the machine learn-
ing models employed. Despite the hybrid model achieving only slightly better numerical
performance compared to individual models, its value lies in its consistency under noise,
generalizability across temporal splits, and ability to fuse learning strategies from tree-
based and neural architectures. Recent studies have implemented hybrid stochastic and
machine learning models for agro-meteorological prediction. For instance, a hybrid deep
learning approach was proposed for crop yield forecasting using both statistical and deep
neural methods [47], while Ref. [48], integrated machine learning and deep learning models
to predict daily reference evapotranspiration across different U.S. climate regions. These
works support the originality of our stochastic-RF-MLP approach for mango prediction
under Mediterranean conditions.

6.1. Hybrid Model Robustness

The hybrid approach consistently achieved the lowest MSE (0.2197), MAE (0.2710), and
the highest R2 score (0.9735) across all the models evaluated. These metrics are accompanied
by residual plots showing evenly distributed errors without obvious bias or heteroskedas-
ticity (Figure 9), indicating good generalization. Furthermore, 5-fold cross-validation
confirmed the model’s robustness across different data partitions, suggesting it does not
overfit specific segments of the dataset. This validation is crucial in agro-meteorological
applications, where noise and irregularity in environmental data are common.

6.2. Noise Sensitivity and Generalizability

As shown in our noise sensitivity test, increasing stochastic noise intensity (σ) from
0.01 to 0.1 only slightly degraded R2 from 0.9675 to 0.9659 in random forest models.
This indicates that the models, and especially the hybrid model, can maintain predictive
reliability even under environmental variability. This trait is essential when forecasting in
climates with irregular seasonal patterns or stochastic influences like wind turbulence.

While the proxy yield is not validated against in-field mango harvest data due to lack
of public availability, it is constructed using biologically relevant features and statistically
validated through feature weighting and cross-validation. This synthetic variable serves as
a practical alternative when direct productivity measurements are unavailable, a strategy
supported by previous studies that successfully used NDVI, soil moisture, and temperature
indicators to approximate yield outcomes in data-scarce environments [3,4].

Although NDVI is a widely accepted proxy for vegetation health, its limited temporal
variability during the studied period led to negligible predictive power. Figure 11 (temporal
variability in NDVI vs. LST and soil moisture) illustrates that NDVI remained relatively
stable, especially when compared with the more dynamic LST and soil moisture. This
observation aligns with the random forest’s feature importance analysis, where NDVI and
its derived features (rate of change, moving average, lagged values) contributed near-zero
importance. This result supports the idea that static or slowly varying variables may offer
limited incremental value in high-resolution predictive modeling when dynamic drivers
dominate plant response (e.g., temperature or atmospheric moisture).

6.3. Wind Component Insights

The wind behavior modeling further validated the utility of hybrid models. While
MLP alone underperformed especially with significant variance and poor generalization
in predicting U and V components, the hybrid model notably corrected these instabilities
(Figures 12–15). Random forest, though strong on its own, occasionally missed finer trends
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captured by MLP. Their combination, through linear ensemble, allowed the hybrid model
to better reflect the true spatial and temporal wind dynamics, particularly in 2022 residual
analyses where errors stayed close to zero with low dispersion.

6.4. Topographical Interactions and Wind Flow

Residual and scatter plots confirm that the hybrid model is able to reproduce subtle
terrain-induced wind variability. This is especially valuable in hilly or coastal Mediter-
ranean environments where the topography introduces local turbulence patterns not easily
captured by single-model strategies.

7. Conclusions
This study proposed and validated an integrated framework for agro-meteorological

prediction by combining satellite-derived environmental indicators, stochastic modeling,
and machine learning techniques to estimate both proxy yield and wind behavior in a
Mediterranean agricultural context. Through the use of both deterministic and stochastic
features including NDVI, LST, soil moisture, and turbulence, we developed a robust
predictive system that adapts to real-world environmental complexity.

The hybrid modeling approach, which linearly integrates random forest and multi-
layer perceptron outputs, emerged as the most effective strategy. While the numerical
improvement over individual models was modest, the hybrid model consistently achieved
the lowest error (MSE = 0.2197, MAE = 0.2710) and the highest R2 score (0.9735), demon-
strating superior predictive reliability. Its performance was further validated by 5-fold
cross-validation and residual analysis, confirming the model’s ability to generalize across
temporal splits and withstand environmental noise.

Importantly, the NDVI feature despite its theoretical importance contributed minimally
to model performance. Feature importance analysis and temporal variability plots revealed
that NDVI remained relatively static throughout the observation period. In contrast,
more dynamic features like land surface temperature and precipitable water had stronger
explanatory power, reinforcing the need to prioritize temporally responsive variables in
similar agro-meteorological modeling tasks.

Wind-behavior prediction results echoed these findings. The hybrid model again out-
performed both RF and MLP in predicting U and V wind components, reducing prediction
variance and minimizing residuals, especially in 2022. This suggests that hybrid models
are not only beneficial for yield estimation but also for modeling meteorological dynamics
in complex topographies.

Overall, the integrated framework presented in this study demonstrates a powerful
and generalizable approach for agricultural prediction under uncertainty. By combining
multiple data modalities, domain-derived features, and hybrid machine learning tech-
niques, this methodology can serve as a blueprint for forecasting yield and wind-related
risks in other climate-sensitive agricultural regions. Future work may expand this frame-
work with real yield data, extend it to multi-site prediction, and incorporate physical
climate models to further enhance interpretability and long-term forecasting capability.
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