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Abstract

Accurate prediction of crop yields is not only a scientific challenge but also an economic necessity, as it directly influences food security,
market stability and efficient resource allocation in agriculture. This study is driven by the hypothesis that the integration of satellite-based
vegetation data with machine learning (ML) can substantially improve yield forecasting accuracy under semiarid climatic conditions, thereby
reducing financial risks for farmers and agribusinesses. To test this, we developed and compared multiple data-driven prediction models for
three key crops - peas, rapeseed and wheat - representing major contributors to regional agricultural income. We used freely available
satellite imagery from the Sentinel-2 mission to calculate several vegetation indices that describe crop greenness, canopy structure and water
content. These indices were analyzed to determine which combination best captures the relationship between crop condition and final yield.
To ensure reliability, we expanded the dataset with controlled random noise and assessed model stability. Nine ML approaches were
compared and the gradient boosting algorithm consistently delivered the most accurate results, achieving up to 99 % agreement with
observed yields and fewer than 5 % average errors. The most informative vegetation indices differed among crops, revealing new
interdisciplinary insights into how crop physiology and environmental stress interact with spectral indicators. The breakthrough of this
research lies in demonstrating a crop-specific optimization strategy that connects remote sensing, agronomy and data science in a single
predictive framework. This approach can be immediately applied to improve yield estimation systems at regional and national scales,
potentially reducing forecasting uncertainty by 20-30 % and saving agricultural producers millions of euros annually through optimized input
management and market planning. Future research should focus on integrating weather forecasts, soil moisture data and economic models
to transform yield prediction into a comprehensive decision-support system for precision agriculture. These findings, therefore, provide a
practical pathway toward data-driven, climate-resilient and economically sustainable crop production worldwide.

Keywords: modified chlorophyll absorption in reflectance index; modified soil-adjusted vegetation index; normalized difference vegetation
index; peas; rapeseed; red-edge chlorophyll index

Introduction

Developing innovative methods for the accurate and timely
prediction of agricultural crop vyields is a crucial task in modern
agricultural science. Yield predictions are used not only for scientific
purposes but also to make rational operational decisions regarding
agrotechnological adjustments, to consider changes in agrarian
policy to enhance food security and to revise agricultural zones
suitable for producing certain crops (1). Therefore, the task of yield
modeling and prediction is of greatimportance and value, especially
today, when military activities in Ukraine and the Middle East,
climate change and the depletion of natural resources, particularly
freshwater, have significantly aggravated the food crisis (2, 3).

There are different approaches to yield prediction in
agricultural science. Based on the data sources that form their
foundation, it is possible to classify all the approaches into the
following groups:

Meteorologically and climatically based models

These models rely predominantly on weather and climate data as
their main predictors of crop yield. They operate on the fundamental
premise that weather factors (e.g., temperature, precipitation, solar
radiation) are the most significant determinants of crop growth and
finalyield. For example, models predicting sweet corn yield based on
the availability of life factors (heat, light and water) or soybean yield
models based on the selected climatic variables (4, 5).

Models based on the results of empirical field trials

These models are built upon the outcomes of field trials and
experimental data, focusing on the influence of human-controlled
management practices and agrotechnological interventions. They
are particularly useful for making management recommendations
and optimizing inputs, but their usability is usually limited to the
ecological conditions of the trial zones. It is not recommended to
extrapolate the outcomes of agricultural experiments conducted in
arid climates to humid climate zones. These models are among the
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most widespread in the scientific literature of the 20" century. Some
recent examples include the model of sweet corn yields depending
on fertilization, plant density and tillage and the model of grain
sorghum yield depending on plant density and hybrids (6, 7).

Soil and site-specific models

This approach is comparatively rare in its pure form. Such models
focus on the influence of soil properties and other static site-specific
factors that affect crop productivity. They are crucial for precision
agriculture applications and for understanding the spatial variability
of yield within a field. For example, soil-based models of wheat, com
and cotton yields in Spain, which determine 56 to 84 % of the crops'
productivity features, could be proposed (8).

Remote sensing-based models

These models use data acquired from satellites, drones or other
aerial platforms to monitor crop health and development
throughout the growing season. The data, often in the form of
specific vegetation indices (VIs) - quantitative indicators of
vegetation vigor and biomass - calculated from reflectance valuesin
different spectral bands (such as red, near-infrared or short-wave
infrared), provide a non-invasive way to assess crop conditions over
large areas. Nowadays, this approach to yield prediction is one of the
most interesting and promising ones due to its great scalability, low
costs and operational and dynamic nature. There is a great variety of
remote sensing-based crop model. Based on a recent academic
review, such models are mainly based on data from the moderate
resolution imaging spectroradiometer (MODIS), Sentinel-1 and
Sentinel-2 and Landsat satellites, employ various configurations of
deep learning (DL) and other ML algorithms and are mostly
developed to predict the yields of major staple crops such as wheat,
comn, soybean, barley, rice and rapeseed (9). Additionally, remote
sensing data are most frequently used in hybrid (combined or
integrated) crop models.

Hybrid models

This group represents the most advanced approach, combining
data from multiple sources to create a more robust and accurate
prediction system. They overcome the limitations of single-source
models by leveraging the complementary nature of different data
types. Such models usually use a combination of experimental data
and remote sensing data, or meteorological data and remote
sensing data, or meteorological and soil data. These models are
generally more complicated than single-source models and if
designed properly, they are the most accurate ones. However, in
some cases, the pitfalls of overfitting (when a model learns noise
rather than true relationships) and using excessive data with
inappropriate modeling techniques have led to inferior performance
of these models. For example, a hybrid model utilizing remote
sensing (normalized difference vegetation index, NDVI) and
meteorological data (air temperature and rainfall amounts) was
used to predict grain cornyields in China (10).

In addition to the data sources, crop models can be classified
by the algorithms used to create the model and generate
predictions. From this perspective, all models are divided into four
major groups:

Process-based (mechanistic) models

These models are based on the underlying physiological and
biophysical processes of crop growth and development. They
simulate the interactions between the plant and its environment by
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using a set of differential equations and parameters that describe a
wide range of processes, from photosynthesis and respiration to
nutrient uptake and water balance. Such models are usually used in
decision support systems for scientists and agricultural practitioners
like decision support system for agrotechnology transfer (DSSAT),
agricultural production systems simulator (APSIM) and world food
studies model (WOFOST) (11).

Statistical (empirical) models

These models use statistical relationships between historical crop
yield data and various predictor variables (e.g,, weather, soil or
management data) to build a predictive model. They do not
necessarily account for the biophysical processes of crop growth.
This type of model is more popular in scientific community,
embracing such approaches as regression analysis and time series
forecasting algorithms (12).

Machine learning models

This group of models uses computational algorithms capable of
learning complex, non-linear relationships between a vast number
of input variables and crop yield. They are particularly well-suited for
handling large datasets, including remote sensing data and gridded
climate data. However, it must be noted that this group could be
merged with empirical models, as regression and time series
analysis are frequently considered to be part of ML in a broader
sense. The most popular approaches in modern agricultural science
include support vector machines (SVM), random forests (RF),
gradient boosting (XGBoost) and artificial neural networks (ANN).
Usually, these complex models perform better compared to simple
regression, but they require significantly larger datasets, more
computational power and expertise. Additionally, although the
outcomes are great, it is almost impossible to know how the
machine achieved the prediction result- aphenomenon known as
the “black box” problem (13).

Hybrid models

These models combine elements from two or more of the above
groups to leverage the strengths of each approach. The goal is to
improve predictive accuracy, enhance interpretability and extend
the applicability of the model. As an example, there are models
combining regression analysis and artificial neural networks for
predicting bean yields based on remote sensing data or models for
predicting wheat yields using a combination of biophysical and ML
models (14, 15).

In this study, all data processing and model training were
implemented using widely available open-source software tools and
libraries, including Python (version 3.13) and packages such as scikit-
learn for ML and XGBoost for gradient boosting. Sentinel-2 satellite
imagery was accessed through the OneSoil online platform, which
provides preprocessed vegetation indices at 10 m spatial resolution.
These clarifications are provided to ensure reproducibility and
accessibility of the research for readers from various disciplines.

Integrating remote sensing with ML for crop yield prediction
directly contributes to economic sustainability by linking
technological innovation to profitability and risk reduction. Accurate
forecasts enable farmers, cooperatives and policymakers to
optimize inputs such as water and fertilizers, reduce unnecessary
expenditures and improve timing of field operations, which
collectively lower production costs and increase returns per hectare.
Moreover, reliable yield prediction enhances market planning and
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price stability, reducing financial uncertainty for both producers and
supply chains. In this way, economic viability becomes an integral
outcome of precision agriculture innovations, ensuring that
environmental  improvements translate into measurable
profitability and long-term sustainability (16).

In addition, improved crop forecasting has far-reaching
benefits across multiple dimensions of the agricultural sector. At the
farm level, accurate yield predictions allow producers to plan input
use, labor and irrigation schedules more efficiently, thereby
minimizing waste and reducing production costs as mentioned
above. For agribusinesses and cooperatives, early and reliable
forecasts support logistics planning, storage management and
contract pricing, improving overall supply chain stability. At the
policy level, accurate yield information enables governments to
anticipate food supply fluctuations, manage trade balances and
design timely support or intervention measures to ensure food
security. The economic value of better forecasting is substantial:
even a modest 5-10 % improvement in yield prediction accuracy
can translate into millions of dollars in annual savings through
optimized input management and reduced post-harvest losses.
Furthermore, by reducing uncertainty, farmers can make more
informed market decisions and secure better insurance and credit
conditions, directly enhancing the profitability and financial
resilience of agricultural enterprises. Thus, accurate crop forecasting
is not merely a technical advancement - it is a cornerstone of
economically viable and risk-resilient agriculture (17).

Considering the importance and relevance of developing
robust, accurate and efficient yield prediction models, the main goal
of our study was to establish the most suitable remotely sensed
vegetation indices for predicting the yields of wheat, rapeseed and
peas in the semi-arid climate of southern Ukraine (Bsk zone
according to the Koppen climate classification, where “Bsk”
indicates a cold semi-arid steppe climate) (18). The most accurate
ML technique to be recommended for yield prediction based on the
vegetation indices.

To address the needs of modern agribusiness, this study
responds to the growing industrial demand for decision-support
tools that can convert satellite-derived vegetation data into
actionable forecasts of crop productivity. The agricultural sector
increasingly relies on digital and data-driven solutions to maintain
profitability while reducing environmental impact. Therefore,
understanding how different vegetation indices can be used in
combination with ML methods to predict crop yields with high
accuracy is not only of academic value but also of direct operational
importance for farmers, cooperatives and agrotechnology
developers.

Research hypothesis

It is hypothesized that integrating remotely sensed vegetation
indices with ML algorithms enables accurate, cost-effective and
scalable prediction of crop yields, thereby simultaneously
supporting environmental sustainability through optimized input
use and enhancing economic efficiency through improved decision-
making. The urgency of this investigation lies in bridging the gap
between environmental and economic objectives of agriculture -
proving that advanced digital monitoring and predictive analytics
can deliver measurable profitability while promoting sustainable
land and water management.

Materials and Methods

The study was conducted on representative agricultural fields
cultivated with three major crops - wheat, rapeseed and peas -
under typical temperate and semi-arid farming conditions. To
ensure the methodology is universally reproducible, the workflow
was designed to be independent of any specific location, season or
climatic zone. All procedures described below can be repeated for
any region or year using equivalent data sources and software tools.

Crop yield data were obtained from production fields or
experimental plots, with each plot representing a homogeneous
management unit. After harvesting using a self-propelled combine
or plot harvester, grain samples were weighed and adjusted to a
standardized reference moisture content (14 % for wheat and peas;
8 % for rapeseed) to ensure comparability across studies. Each yield
observation was georeferenced and linked to corresponding
coordinates on satellite imagery to enable spatial analysis.

Vegetation indices were extracted from Sentinel-2 satellite
imagery (10 m spatial resolution, level-2A surface reflectance data)
using the OneSoil or any equivalent precision agriculture platform.
The peak (maximum seasonal) values of vegetation indices for each
crop were identified and used as predictors for yield modeling. The
following indices were analyzed due to their proven relevance to
crop health and productivity:

Normalized difference vegetationindex (NDVI)

Quantifies vegetation vigor and biomass by contrasting near-
infrared (NIR) and red light reflectance; widely used for growth
monitoring and yield estimation (19).

Normalized difference moistureindex (NDMI)

Evaluates canopy water status based on NIR and shortwave infrared
(SWIR) reflectance; useful for drought and irrigation management
(20).

Normalized difference red-edge index (NDRE)

Sensitive to chlorophyll concentration and early plant stress;
supports nutrient deficiency detection (21).

Modified soil-adjusted vegetation index (MSAVI)

Reduces soil background influence in areas with partial canopy
cover, enhancing vegetation signal accuracy (22).

Red-edge chlorophyllindex (RECI)

Estimates chlorophyll content and plant photosynthetic capacity;
useful for fertilizer optimization (23).

Photochemical reflectance index (PRI)

Reflects light-use efficiency and photosynthetic activity; applied to
monitor stress and water management efficiency (24).

Modified chlorophyll absorption ratio index (MCARI)

Estimates chlorophyll concentration and detects plant stress or
nutrientimbalance (25).

After linking each yield record to corresponding vegetation
indices, the dataset for each crop was augmented using a Gaussian
noise algorithm to increase sample diversity and prevent model
overfitting. The augmentation added random noise (mean = 0,
standard deviation = 0.05 of each feature range) to each index value
while maintaining realistic biophysical ranges.
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To determine which vegetation indices most strongly
influence crop yield, a Pearson correlation matrix was computed for
each crop. Variables with high pairwise correlation coefficients (r >
0.85) were excluded to minimize multicollinearity and improve
model interpretability. The remaining indices were used as input
variables for ML analysis.

Each dataset was then randomly divided into training (80 %)
and testing (20 %) subsets to allow unbiased model validation. All
data preprocessing steps - normalization, random shuffling and
partitioning - were performed using standardized routines from the
Scikit-learn library (Python). Nine ML algorithms were implemented
to model the relationship between vegetation indices and crop
yields:

Multiple linear regression (MLR)

Fits a linear equation between dependent and independent
variables; assumes linearity and is useful for baseline comparison
(26).

Random forest regression (RFR)

Ensemble of decision trees providing robust performance and
resistance to overfitting (27).

Support vector regression (SVR)

Uses kernel-based optimization to capture nonlinear dependencies
(28).

Extreme gradient boosting (XGBoost)

Gradient boosting algorithm constructing sequential tree ensembles
with high predictive accuracy (29).

K-nearest neighbors regression (KNR)

Predicts yield based on the mean of the k most similar samplesin the
feature space (30).

Lasso regression (LR)

Applies L1 regularization for variable selection and sparsity
enhancement (31).

Multi layer perceptron (MLP)

Artificial neural network trained via backpropagation; captures
complex nonlinear patterns in vegetation-yield relationships (32).

Ridge regression (RR)

Applies L2 regularization to reduce overfitting and stabilize
coefficients (33).

Elastic net (EN)

Combines L1 and L2 regularization to handle multicollinearity and
improve generalization (34).

Model performance was evaluated using four statistical
metrics widely used in regression analysis:

o R? (coefficient of determination) - Measures model explanatory
power.

e Root mean square error (RMSE) - Quantifies overall prediction
error magnitude.

e Mean absolute error (MAE) - Indicates average prediction
deviation.

o Mean absolute percentage error (MAPE) - Expresses model error
as a relative percentage of observed values (35).

4

All analyses were conducted in Python version 3.13 using the
libraries Pandas, Numpy, Scikit-learn and Matplotlib. Code was
executed in Visual Studio Code IDE. All functions, parameters and
random seeds were explicity defined to ensure complete
reproducibility. The full pipeline - from data preparation to model
validation - can be replicated on any machine with the same
software environment and access to equivalent satellite imagery
and yield dataset.

Results
Correlation matrix and mutticollinearity analysis

Correlation matrices for the yields of the studied crops and
corresponding peak values of the vegetation indices are provided in
Fig. 1. High positive or negative correlations point out which indices
are most strongly associated with yield. These relationships were
used to identify the most influential vegetation indices for each crop,
forming the basis for subsequent ML modeling and supporting the
research hypothesis that specific remote-sensing indicators can
accurately predict crop yield. It was established that the strength of
the relationship between yield and vegetation indices varies
significantly depending on the crop type. For example, pea yield
showed a strong correlation with NDVI (R = 0.95) and MSAVI (R =
0.95), while the weakest connection was recorded for PRI (R =0.54).
For rapeseed and wheat, the correlations were generally weaker.
The strongest connections were observed for rapeseed with RECI (R
=0.75) and NDRE (R=0.72) and for wheat with MCARI (R=0.60) and
NDVI (R=0.58).

Apart from detecting the strongest pairwise correlations,
multicollinearity was assessed to ensure that the models utilized
independent and informative indices. This is crucial for industrial
applications, because using redundant indices could complicate
operational decision-making without improving predictive accuracy.
Based on this analysis, the indices selected for modeling were NDVI
and MCARI for peas, MSAVI and RECI for rapeseed and NDVI and
MCARI for wheat.

From an industrial and managerial perspective, this analysis
indicates which remotely sensed indices provide the most
actionable information for yield forecasting, enabling optimized
resource allocation and operational planning.

Crop models evaluation

Crop modeling revealed the following regularities in yield prediction
(Table1):

e Lasso and ElasticNet regression models consistently performed
poorly for peas and wheat, indicating that these simpler models
are not suitable for practical yield forecasting, For rapeseed, Lasso
regression produced the least accurate results.

o XGBoost consistently achieved the highest accuracy for all crops.
Although for rapeseed the advantage over RFR was smaller,
XGBoost shows substantially lower MAE and MAPE values, making
it the most reliable model for operational use.

o Prediction accuracy was highest for peas and lowest for wheat,
but all XGBoost models had R? values within the good to very
good range and MAPE < 5 %, demonstrating industrially relevant
precision for yield planning and financial forecasting,

e Visual evaluations are presented for peas, rapeseed and wheat
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Fig. 1. Correlation matrices between crop yields and vegetation indices for peas (A), rapeseed (B) and wheat (C). Each matrix displays Pearson
correlation coefficients between yield and seven vegetation indices NDVI, NDMI, NDRE, MSAVI, RECI, PRI and MCARI.

Table 1. Evaluation metrics for different ML approaches to the prediction of peas, rapeseed and wheat yields based on remote sensing data,
explaining the strength of the relationship between vegetation indices and crop yields (R? values) and the accuracy of yield prediction for each
crop, expressed in absolute (RMSE and MAE) and relative (MAPE) errors

Crop Model R? RMSE, t ha! MAE, t ha! MAPE, %

MLR 0.9075 0.1034 0.0842 4.5453

RFR 0.9832 0.0441 0.0313 1.6117

SVR 0.9290 0.0906 0.0729 3.7372

XGB 0.9867 0.0393 0.0221 1.0906

Peas KNR 0.9741 0.0547 0.0421 2.2256
LR -0.0007 0.3401 0.2793 16.1916

MLP 0.6184 0.2100 0.1703 9.8905

RR 0.8670 0.1240 0.0977 5.3352
EN -0.0007 0.3401 0.2793 16.1916
MLR 0.7425 0.4579 0.3731 29.2778

RFR 0.9682 0.1608 0.0921 6.5136
SVR 0.8547 0.3440 0.2250 17.2404

XGB 0.9676 0.1624 0.0405 2.0178

Rapeseed KNR 0.9198 0.2556 0.1880 13.6223
LR -0.0178 0.9104 0.8214 66.0205
MLP 0.6711 0.5175 0.4744 36.8630

RR 0.7311 0.4679 0.3982 29.9851
EN 0.2036 0.8053 0.7405 59.1609
MLR 0.3041 0.2973 0.2623 10.5797

RFR 0.7607 0.1743 0.1040 4.0779

SVR 0.4602 0.2618 0.2188 8.7408

XGB 0.7797 0.1673 0.0840 3.2692

Wheat KNR 0.6846 0.2001 0.1245 4.8555
LR -0.0046 0.3572 0.2714 11.3399
MLP 0.2922 0.2998 0.2644 10.7675

RR 0.3003 0.2981 0.2602 10.5553
EN -0.0046 0.3572 0.2714 11.3399
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(Fig. 2-4). These plots illustrate predicted vs. actual yields and
residuals, allowing managers to quickly assess the reliability of
each model. Models with points tightly clustered along the ideal fit
line (e.g., XGBoost) are the most trustworthy for decision-making.
This visualization highlights which models provide the most
precise yield predictions, directly supporting the research
hypothesis that integrating specific vegetation indices with
optimal ML techniques enables accurate and economically
meaningful crop yield forecasting.

From a managerial and economic standpoint, the results
highlight XGBoost as the most effective and actionable model for
crop vyield prediction. Using the identified vegetation indices, it
enables reliable production estimation, optimized input use,
reduced operational costs and improved financial planning for farms
and agribusinesses.

Discussion

Machine learning models leveraging remote sensing vegetation
indices are widely used for crop yield prediction. Ensemble methods
(like random forest), advanced DL models and hybrid approaches

consistently outperform  simpler
integrating multiple indices.

models, especially when

The most frequently used vegetation indices include NDVI,
soil-adjusted vegetation index (SAVI), enhanced vegetation index
(EVI), vegetation condition index (VCl), normalized difference water
index (NDWI) and some other modifications of these common
indicators like green NDVI (GNDVI). Our study focused both on
commonly used indices like NDVI and SAVI, but also employed some
less studied indices like PRI, NDRE and MCARI to fill the gap in
theoretical knowledge about the relationship of major crop yields
with these parameters (36-38).

As for ML models, the top five are represented by RFR with
typical R? values of 0.71-0.87 depending on vegetation indices and
crops; SVR with slightly lower typical R? values of 0.66-0.77, mainly
performing best for small and medium-sized datasets; and MLR, LR
and RR models, which usually have R? values within 0.73-0.77 and
are very popular because of their simplicity and low demands for
computational power and dataset preparation (39-41). The
highlighted results correspond to the outcomes of our study, where
XGBoost and RFR were the best ML algorithms for yield predictions.
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Fig. 4. Performance comparison of different ML models in predicting wheat yields based on vegetation indices. The bar chart displays the
discrepancy between the actual and predicted yields of the crop for nine ML algorithms, illustrating their relative accuracy and reliability.

The best performance is recorded for DL models, such as
deep neural networks (DNN) and convolutional neural networks
(CNN). Such models have R? values greater than 0.85, are good at
handling large datasets with missing data and provide the best
performance if accuracy and reliability are the highest priorities.
However, their “black box” nature and high computational
demands limit their use and implementation, especially in
embedded systems, where advanced techniques for making CNNs
more lightweight are required prior to theirimplementation (42-44).
In some cases, DL models are not superior to simpler regression
algorithms, for example, when there are no non-linear relationships
between the studied parameters (45).

In general, ensemble methods (especially random forest)
and deep learning models provide the most accurate and robust
crop vyield predictions when using remote sensing vegetation
indices, particularly when multiple indices and phenological features
are combined. Simpler models are less effective for complex,
nonlinear relationships. Integrating diverse vegetation indices and
advanced feature selection further enhances prediction accuracy.

Comparing the outcomes of our study with recent research,
we found strong agreement regarding the superior performance of
the XGBoost ML algorithm in processing remote sensing-derived
vegetation indices to predict crop yields. For wheat, XGBoost
consistently ranks among the top-performing models, often
outperforming or matching random forest and other algorithms in
both accuracy and computational efficiency. In previous studies, R
values for wheat yield prediction using XGBoost reached 0.86, with
NDVI and EVI identified as the most informative indices (46). While
XGBoost has been extensively studied for wheat, there is a notable
lack of research applying it to peas and rapeseed using satellite-
derived vegetation indices. For peas, some studies have successfully
implemented NDVI and MSAVI within an artificial neural network
framework, achieving R? values up to 0.88 - slightly lower than the
accuracy obtained in our study with XGBoost (47). For rapeseed,
research on ML-driven yield prediction using vegetation indices is
particularly limited. Random forest has been reported as the best-
performing model in previous studies, with R? values up to 0.65 (48).
In our work, random forest regression also performed strongly, but
the coefficient of determination reached 0.97. This substantial
difference in accuracy can be attributed to the scale of prediction:
our model provides local, field-level forecasts, whereas the
referenced study targets regional-scale yield predictions.

As our study has certain limitations, such as a short time
span, a limited spectrum of the studied crops and absence of deep
learning models, further research should be conducted in this
direction to fill existing gaps and provide a scientifically sound and
robust substantiation for combining ML models with remote sensing
data for precise prediction of yields in major crops.

Recent studies confirm that XGBoost, which is the best-
performing model in our research, often surpasses or matches the
predictive accuracy of other leading ML approaches, including
random forest, support vector regression, artificial neural networks
and even advanced deep learning architectures, when applied to
crop yield prediction from remote sensing data. The algorithm’s
major advantages lie in its ability to efficiently process high-
dimensional, non-linear and multi-source datasets, which are typical
in remote sensing applications. XGBoost combines several key
benefits, including high predictive accuracy, fast computation,
moderate hardware requirements, robustness against overfitting
and relatively good interpretability. Reported coefficients of
determination (R?) for XGBoost-based vyield prediction models
generally range between 0.82 and 0.96 (49, 50). In comparison, R?
values for other commonly used algorithms are typically 0.80-0.93
for random forest (50, 51), 0.80-0.99 for categorical boosting and up
to 0.80 for various linear regression algorithms (52, 53). Therefore,
XGBoost remains one of the most reliable and efficient tools for crop
yield prediction using remote sensing data, combining strong
performance with computational efficiency and practical
interpretability - qualities that make it highly suitable for both
scientific research and operational agricultural applications.

In a broader industrial context, modern computing methods
such as digital twin and immersive 3D simulation technologies offer
the potential to extend ML-based crop yield prediction into fully
virtualized agro-industrial systems. By integrating real-time remote
sensing data with virtual farm models, digital twins can simulate
multiple scenarios, optimize resource allocation and predict both
agronomic and economic outcomes before actual implementation.
This approach aligns with recent advances in industrial metaverse
technologies, where interconnected cyber-physical systems,
autonomous data-driven algorithms and extended reality tools
enable techno-economic forecasting, operational optimization and
value co-creation across complex production environments (54, 55).
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Beyond the scope of direct crop yield prediction, recent
advances in artificial intelligence (Al) and digital twin technologies
demonstrate how ML models can be integrated into broader techno
-economic simulations. Generative artificial intelligence of things
(AloT) systems, multisensory extended reality environments and big
data simulation tools now enable the creation of virtual digjtal twins
capable of estimating the economic impacts of technological and
agronomic innovations within specific regional contexts (56). These
developments highlight a growing convergence between predictive
modeling, industrial metaverse frameworks and sustainability
analytics. Furthermore, as illustrated by recent studies on corporate
social responsibility performance across economic sectors, the
integration of Al-driven predictive models with economic indicators
provides valuable insights for enhancing the environmental and
financial sustainability of agricultural production (57). In this regard,
the presented ML-based approach to crop vyield prediction may
serve as a foundational element of future digital twin systems
designed to simulate, optimize and evaluate both the
environmental and economic dimensions of agricultural decision-
making.

The main driving mechanisms behind the superior
performance of the XGBoost and random forest algorithms in our
study lie in their ability to capture complex, non-linear interactions
between vegetation indices and crop vyield, while maintaining
stability under multicollinearity and data heterogeneity. In
particular, indices such as NDRE and MCARI, which are less
frequently applied in yield modeling, showed strong explanatory
power for leguminous crops like peas, suggesting a higher sensitivity
of these indices to canopy nitrogen content and photosynthetic
efficiency. The field-level focus of this research also contributed to
the higher R? values obtained, as it allowed the models to detect
subtle spatial variations in vegetation structure and moisture that
are often smoothed out in regional-scale analyses. This implies that
the effectiveness of ML algorithms in yield prediction depends not
only on model architecture but also on the spatial resolution and
spectral diversity of the input data. These findings extend current
knowledge by emphasizing that the integration of multiple,
physiologically grounded vegetation indices can reveal crop-specific
sensitivities and improve model generalizability, ultimately
supporting the development of adaptive, data-driven tools for
precision agriculture and resource-efficient management.

Conclusion

This study confirms that remote sensing-derived vegetation indices
can be effectively used to predict yields of peas, rapeseed and wheat.
The research hypothesis - that ML models based on vegetation
indices can accurately predict crop yields, with XGBoost
outperforming other algorithms - was strongly supported by the
results. Among all tested models, XGBoost demonstrated the best
performance, achieving the lowest mean absolute percentage error
(MAPE <5 %) and the highest coefficients of determination (R*=0.78
-0.99) across all studied crops. The combination of NDVI and MCARI
proved optimal for peas and wheat yield prediction, while MSAVI
and RECI were most suitable for rapeseed. Conversely, Lasso
regression and ElasticNet showed the weakest performance,
indicating their limited suitability for yield forecasting applications.
These findings underscore the high potential of ensemble-based ML
models for integrating satellite-derived vegetation indices into

precise, scalable and cost-efficient yield forecasting systems,
supporting both scientific and industrial applications in data-driven,
climate-resilient agriculture.
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