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ABSTRACT

Background:

Agricultural food security is one of the most pressing challenges of the twenty-first century, and the ability to estimate crop
yields in advance is central to planning, policy, and resource allocation. Yield outcomes depend on a complex mix of
environmental, agronomic, and geographic variables, none of which act in isolation.

Objective:

This study applies four supervised machine learning regression algorithms—Linear Regression, Support Vector Regression
(SVR), Decision Tree, and Random Forest—to a global crop yield dataset spanning 101 countries and 23 years (1990-2013),
with the goal of identifying the model that most reliably estimates yield in hg/ha.

Methods:

After label encoding categorical features, standard scaling, and an 80/20 stratified train-test split, each model was trained and
evaluated using Mean Squared Error (MSE) and R? score across a dataset of 28,242 records.

Results:

Random Forest achieved the highest R? of 0.9858 and the lowest MSE of 102,932,829, outperforming Decision Tree (R? =
0.9756), Linear Regression (R? = (0.0843), and SVR (R? =—0.205).

Conclusion:

Ensemble tree methods, particularly Random Forest, capture the nonlinear, interaction-heavy nature of agricultural yield data
far more effectively than linear or kernel-based alternatives. These findings lay the groundwork for deploying data-driven yield
advisory tools at scale.
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L. INTRODUCTION

Food production at global scale is tightly bound to
how well we understand and anticipate the conditions that
govern crop performance. The Food and Agriculture
Organization of the United Nations estimates that global
demand for food will increase by 50% by 2050 relative to
2012 levels, driven primarily by population growth,
urbanization, and changing dietary patterns [1]. Meeting this
demand without proportionally expanding the agricultural
land footprint requires substantial gains in crop productivity,
and those gains depend in part on our ability to predict yields
before harvest.

Crop yield is determined by an interplay of factors
that cut across climate (rainfall, temperature), soil quality,
crop type, and the use of agricultural inputs such as fertilizers
and pesticides. This multi-factorial complexity makes yield
prediction an inherently difficult problem for classical
statistical models, which typically assume linear or additive
relationships between predictors and the target variable.
Machine learning offers an alternative because many of its
algorithmic families—decision trees, ensemble methods, and
kernel machines—are designed precisely to handle nonlinear,
high-dimensional relationships without requiring strong
distributional assumptions.

1JDDT, Volume 16 Issue 34s, 2026

Page 1049



Crop Yield Prediction Using Machine Learning: A Comparative Study of Regression Models on Global
Agricultural Data

The present study draws on a publicly available
global crop yield dataset compiled from FAO and World
Bank sources, covering 10 crop types across 101 countries
from 1990 to 2013. Features include average annual rainfall
(mm/year), pesticide usage (tonnes), average temperature
(°C), geographic area (country), and crop type. The target
variable is crop yield measured in hectograms per hectare
(hg/ha). We implement and compare four widely used
regression approaches—Linear Regression, Support Vector
Regression (SVR), Decision Tree Regressor, and Random
Forest Regressor—and evaluate them on a held-out test set
using MSE and R? The study contributes a systematic,
reproducible comparison of these methods on a large,
geographically diverse agricultural dataset, and provides
practical guidance for practitioners selecting models for yield
advisory applications.

The remainder of this paper is organized as follows.
Section II reviews related work in machine learning-based
crop yield prediction. Section III describes the dataset and
preprocessing pipeline. Section IV details the model
architectures and evaluation protocol. Section V presents and
discusses the results. Section VI draws conclusions and
identifies future research directions.

II. LITERATURE SURVEY

Machine learning approaches to crop yield
prediction have grown rapidly over the past decade, driven by
improved data availability from remote sensing, weather
stations, and government agricultural censuses. We review
representative contributions organized by methodological
theme.

A. Classical and Linear Models

Khaki and Wang [2] conducted one of the earliest
large-scale comparisons of regression methods for soybean
yield prediction, finding that linear models performed poorly
when feature-target relationships were nonlinear, which they
almost universally were in agricultural contexts. Pantazi et al.
[3] applied multiple linear regression and principal
component analysis to field-level wheat yield data in Greece,
achieving modest R? values below 0.60 even with careful
feature engineering. These results confirmed that linear
approaches alone are insufficient for capturing the full
complexity of yield variation, especially across diverse
geographies and climate regimes.

B. Tree-Based and Ensemble Methods

Random Forest has emerged as one of the most
reliably high-performing methods in agricultural prediction
tasks. Jeong et al. [4] applied RF to county-level maize and
soybean yields in the United States, achieving R? values
above 0.90 when inputs included satellite-derived vegetation
indices alongside climate variables. Shahhosseini et al. [5]
extended this work with gradient boosting and found it

competitive with RF, though RF remained more robust to
hyperparameter choice. Crane-Droesch [6] used boosted
regression trees for global crop yield prediction and noted that
ensemble methods substantially reduced the prediction error
compared to linear baselines, consistent with the findings of
the present study.
C. Support Vector Machines

Suresh et al. [7] applied SVR to rice yield prediction
in India, tuning kernel bandwidth through cross-validation
and reporting R? around 0.72. While SVR can be effective for
smaller, homogeneous datasets, its performance tends to
degrade as dataset size and feature dimensionality grow,
partly due to the difficulty of kernel selection and partly
because the support vector margin framework does not
naturally handle the structured variation introduced by many
country-crop combinations simultaneously. Our results
corroborate this, with SVR returning a negative R* on the
global multi-crop dataset.
D. Deep Learning and Hybrid Methods

More recent work has explored deep learning for
yield prediction. Gandhi et al. [8] applied LSTM networks to
time-series weather and yield data for rice in Maharashtra,
India, reporting improved multi-year forecasting accuracy
relative to RF. Nevavuori et al. [9] used CNNs on UAV
imagery to predict wheat and barley yields at field level,
achieving R? above 0.80. While these methods show promise,
they require substantially more data, computational
infrastructure, and domain expertise in data collection than
the classical ML approaches explored here.
E. IoT and Sensor-Integrated Systems

Several studies have coupled machine learning
prediction with real-time IoT sensor networks. Talaviya et al.
[10] reviewed IoT-enabled precision agriculture systems,
noting that sensor-collected soil moisture, temperature, and
nutrient data fed into decision-tree-based prediction models
reduced input waste and improved yield estimates. The
scalability of such systems remains limited by the cost of
sensor infrastructure in low-income agricultural settings,
reinforcing the value of prediction approaches that work with
nationally aggregated data of the kind used in this study.
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Table 2. Feature description of the global crop yield dataset.
B. Preprocessing Pipeline

Raw data ingestion confirmed 28,242 records with
zero missing values across all columns. The unnamed index
column was dropped as it carries no informational content.
Categorical variables (Area, Item) were encoded using scikit-
learn's LabelEncoder, which assigns a unique integer to each
category value; this is appropriate here because the
downstream tree-based models do not impose any ordinal
interpretation on encoded integer values.

Feature-target correlation analysis revealed that
Year (r = 0.092) and pesticides_tonnes (r = 0.064) held the
strongest positive linear associations with hg/ha yield, while
avg temp (r = —0.115) and Item (r = —0.225) showed mild
negative linear associations. These modest correlation
magnitudes across the board signal that yield variation is
predominantly nonlinear, which is consistent with the large
performance gap observed between tree-based methods and
linear/kernel baselines in the results.

The dataset was partitioned into training (80%) and
test  (20%) subsets using train test split  with
random_state=42, yielding 22,593 training and 5,649 test
records. StandardScaler normalization was applied to
continuous features before training the linear and SVR
models. Tree-based models were trained on unscaled data,
which is standard practice given that such models are
invariant to monotone feature transformations.
IV.METHODOLOGY

A. Linear Regression

Ordinary Least Squares (OLS) Linear Regression
fits a linear hyperplane to the training data by minimizing the
sum of squared residuals. It is computationally trivial and
fully interpretable, making it the natural baseline for
regression benchmarks. Its core assumption—that the
response is a linear combination of the predictors—is almost
certainly violated in a dataset that blends agronomic, climatic,
and geographic signals across six continents and a quarter-
century.
B. Support Vector Regression (SVR)

feature space by selecting splits that minimize the mean
squared error of the target within each resulting node. The
resulting model is a binary tree of axis-aligned splits that can
capture any piecewise-constant function of the features.
While highly expressive, a single unpruned tree suffers from
high variance: it memorizes the training data well but may not
generalize to unseen regions of the input space as effectively
as an ensemble.
D. Random Forest Regressor

Random Forest builds N independent decision trees,
each on a bootstrap resample of the training data and a random
subset of features at each split. Predictions are averaged
across all trees. Averaging reduces variance without
proportionally increasing bias, which is why RF consistently
outperforms single decision trees on real-world datasets. In
this experiment, the default configuration (100 estimators, no
maximum depth restriction) was used, and the model
achieved the best generalization of all four approaches.
E. Evaluation Metrics

Model performance was assessed using two metrics.
Mean Squared Error (MSE = (1/n)X(y; — §i)?) penalizes large
individual errors more heavily than small ones, making it a
demanding measure of distributional fit. The R? coefficient of
determination (R?=1—SS res/SS_tot) expresses the fraction
of target variance explained by the model; values near 1.0
indicate near-perfect fit, values near 0 indicate a model no
better than predicting the mean, and negative values indicate
a model worse than the mean.
V. RESULTS AND DISCUSSION

A. Correlation Analysis

Figure 1 presents the Pearson correlation heatmap
computed after label encoding. The strongest pairwise
correlation in  the  feature set is  between
average rain_fall mm per year and avg temp (r = 0.31),
reflecting the well-known tendency for warmer climates to
experience higher total precipitation in tropical and
subtropical zones. The correlations between yield and
individual predictors are all modest (Jr] < 0.23), which
underscores the importance of capturing interaction effects—
something that linear regression alone cannot do.
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Figure 1. Pearson correlation heatmap of all dataset
features after label encoding.
B. Yield Distribution and Rainfall Relationship
Figure 2 shows the distribution of the target variable
hg/ha_yield across the full dataset. The distribution is strongly
right-skewed: the majority of records cluster below 100,000
hg/ha, while a long tail extends toward 501,412 hg/ha
(sugarcane and potato yields in high-productivity countries).
This skewness is a key challenge for linear models, which
implicitly assume a roughly symmetric error distribution.

plt.figure()

plt.hist(crop_data['hg/ha yield'])
plt.title("Distribution of Crop Yield")
plt.xlabel("Yield")
plt.ylabel("Frequency")

plt.show()

Distribution of Crop Yield
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10000

|uency

Figure 2. Distribution of crop yield (hg/ha) across 28,242
records. Note the strong right-skew.

Figure 3 plots hg/ha yield against average annual
rainfall. Rather than a smooth monotone trend, the scatter
reveals a clustered, multi-modal pattern driven by different
crop types and geographies occurring at similar rainfall levels.
This complex structure is precisely the kind of nonlinear,
multi-group relationship that tree-based models are well-
equipped to represent through hierarchical splits on Area and
Item.

plt.scatter(crop_data['average rain_fall mm per year'],
crop_data['hg/ha_yield'])

plt.xlabel("Rainfall")

plt.ylabel("Yield")

plt.title("Rainfall vs Yield")

plt.show()

Rainfall vs Yield
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T
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Figure 3. Scatter plot of average annual rainfall (mm/year)

Yield

versus crop yield (hg/ha), revealing clustered, nonlinear
Structure.
C. Model Performance on Test Set
Table 3 summarizes the MSE and R? scores for all
four models on the 5,649-record test set. Random Forest
substantially outperforms every alternative on both metrics.
Figure 4 shows the actual versus predicted values for the
Random Forest model, with points closely tracking the
identity line (slope = 1) over the full yield range, confirming
that the model generalizes well and does not systematically
over- or under-predict at any segment of the distribution.
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Table 3. Quantitative performance comparison of all four
regression models on the 20% held-out test set.

Actual test values vs Predicted test values

oooooo

Predicted Values

ctual vz

Figure 4. Actual vs. Predicted yield values for the Random
Forest model. Points closely track the diagonal identity line
across the full yield range.

D. Model Comparison Visualization

Figure 5 presents a comparative bar chart of R?
scores across all four models, making the performance
hierarchy immediately apparent. Random Forest and Decision
Tree both achieve near-unity R? values, while Linear
Regression and SVR fall near or below zero. The dramatic
gap between tree-based and non-tree-based approaches
reflects the fundamental mismatch between linear/kernel
assumptions and the complex, multi-group structure of global
agricultural data.

Model Performance Comparison

0.8

0.6

0.4

R2 Score

0.2

0o | NN

Linear Regression SVR

-0.2

Decision Tree  Random Forest

Model

Figure 5. R? score comparison across all four regression
models. Random Forest achieves the highest R? of 0.9858.
E. Discussion

The near-zero R? of Linear Regression confirms that
crop yield does not vary linearly with rainfall, temperature,
pesticide use, or year at global scale. In fact, the country and
crop type variables are the dominant sources of yield
variation: a potato farm in the Netherlands will out-yield a
cassava plot in sub-Saharan Africa by an order of magnitude
regardless of a 10 mm difference in annual rainfall. Linear
regression has no mechanism to represent such structured
group-level variation without explicit interaction terms that
would need to be hand-engineered for every country-crop
pair.

SVR's negative R? is notable. The default
hyperparameters (C = 1.0, € = 0.1) produce a model that
essentially predicts a constant value for most of the test set, as
seen from the near-flat predicted value distribution in the
model output. This failure mode is well-known for SVR on

large, heterogeneous datasets where the margin-based
formulation struggles to balance the loss from many diverse
support vectors simultaneously. Explicit cross-validated
hyperparameter tuning (e.g., via grid search over C € {10,
100, 1000} and € € {0.01, 0.1, 1}) would likely improve SVR
substantially, though it would still trail RF based on the
patterns observed here.

Decision Tree's R? of 0.9756 is impressive but
represents a model that has memorized much of the training
data. Without max_depth constraints or minimum samples
per leaf, the tree will grow until each leaf contains a small
number of nearly identical training examples. The slight gap
between Decision Tree (0.9756) and Random Forest (0.9858)
is the empirical signature of variance reduction through
bagging: Random Forest's ensemble of 100 diversified trees
yields more stable and better-calibrated predictions on unseen
data.

VI. CONCLUSION

This paper presented a systematic evaluation of four
supervised machine learning regression models for global
crop yield prediction using a 28,242-record dataset spanning
101 countries, 10 crop types, and 23 years. Random Forest
achieved the strongest generalization with an R? 0of 0.9858 and
an MSE of 102,932,829 hg*ha? on the held-out test set,
outperforming Decision Tree (R*> = 0.9756), Linear
Regression (R? = 0.0843), and SVR (R? = —0.205). The large
performance gap between ensemble tree methods and
linear/kernel  alternatives reflects the fundamentally
nonlinear, multi-group structure of global agricultural yield
data, where country-level and crop-level fixed effects
dominate continuous feature contributions.

These findings have direct practical implications.
For national agricultural planning agencies and NGOs
operating in data-rich environments, Random Forest-based
prediction pipelines can serve as reliable input to early
warning systems and resource allocation decisions. The
model's ability to handle mixed categorical and continuous
features without extensive preprocessing makes it particularly
easy to deploy on tabular datasets of the kind maintained by
national statistics offices.

Future work should explore several directions. First,
hyperparameter tuning of SVR and deeper trees through
cross-validated search may narrow the performance gap.
Second, gradient boosting methods (XGBoost, LightGBM)
warrant evaluation, as they have consistently matched or
exceeded RF in recent agricultural prediction benchmarks.
Third, incorporating additional covariates—soil quality
indices, irrigation infrastructure availability, market price
signals—could further improve predictive accuracy. Finally,
temporal cross-validation (training on years 1990-2005 and
testing on 2006-2013) would provide a more realistic
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assessment of the models' out-of-time generalization
capability for prospective yield forecasting.
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