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Accurate crop yield prediction is a critical component of food security, resource management, and sustainable agricultural plan-
ning worldwide. In regions such as India, where agricultural productivity is influenced by climate change and resource limita-
tions, data-driven yield prediction methods provide a scalable alternative to traditional yield estimation techniques. This study
evaluates the effectiveness of machine learning and deep learning models for predicting crop yields using a large, publicly
available dataset comprising over 20,000 agricultural records. The dataset includes features such as crop type, cultivation area,
growing season, and year of cultivation. Standardized preprocessing was applied, including mean imputation for missing val-
ues; batch normalization was applied only within neural network models, while non-neural models used raw normalized features.
Seven prediction models were trained and evaluated under a consistent experimental pipeline: Linear Regression, Decision Trees,
Random Forest, Artificial Neural Networks (ANN), Deep Neural Networks (DNN), Convolutional Neural Networks (CNN), and
Recurrent Neural Networks (RNN). Model performance was assessed using Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), Mean Squared Error (MSE), and the coefficient of determination (R2), with an 80/20 train-test split and cross-
validation to ensure robustness. Tree-based models demonstrated strong predictive performance, with Random Forest achieving
the highest accuracy and lowest error across evaluation metrics. Neural network models showed improved accuracy with in-
creased training, indicating their ability to model nonlinear feature interactions in agricultural data. Feature importance analysis
using SHAP identified cultivation area and crop type as the dominant predictors across models. The results demonstrate that
machine learning methods, particularly ensemble-based approaches, provide reliable and interpretable solutions for crop yield
prediction using structured agricultural datasets.
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Introduction

Agriculture plays a fundamental role in global food security
and economic stability, particularly in developing countries
such as India, where a large portion of the population depends
on farming for their livelihood. Predicting crop yields accu-
rately is essential for effective farm management, resource al-
location, and long-term agricultural planning. However, yield
outcomes are influenced by numerous interacting factors, in-
cluding crop type, cultivation area, seasonal conditions, and
temporal variability, making reliable prediction a challenging
task.

Traditional yield estimation methods often rely on histori-
cal averages or expert judgment, which can be subjective and
prone to inconsistency. As agricultural datasets have grown in
size and complexity, machine learning (ML) techniques have
emerged as powerful tools for modeling nonlinear relation-
ships and extracting patterns from data. More recently, deep
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learning (DL) models have further expanded the range of pre-
dictive methods available, offering the ability to learn complex
feature interactions automatically.

Despite growing interest in AI-driven agriculture, there re-
mains uncertainty regarding which modeling approaches are
most appropriate for structured, tabular crop data commonly
available to farmers and policymakers. Many studies focus on
remote sensing or time-series imagery, while fewer systemat-
ically compare traditional ML and DL models under consis-
tent experimental conditions using tabular datasets. This lack
of standardized comparison limits the practical adoption of AI
tools in real-world agricultural settings.

This study addresses this gap by conducting a compara-
tive evaluation of multiple machine learning and deep learning
models for crop yield prediction using a large tabular dataset
from India. By applying consistent preprocessing, training
protocols, and evaluation metrics across models, this work
aims to identify effective approaches for yield prediction while
highlighting trade-offs between accuracy, computational com-
plexity, and interpretability.
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Literature Review & Related Work

Despite the growing body of literature on crop yield prediction
using machine learning and deep learning methods, several
methodological limitations and inconsistencies persist across
existing studies. One major challenge identified in prior work
is the lack of standardized experimental pipelines. As noted
by1, studies vary widely in dataset size, preprocessing strate-
gies, train-test splits, and evaluation metrics, making direct
comparison across models difficult and often unreliable This
inconsistency limits the reproducibility of results and weak-
ens conclusions regarding the relative effectiveness of differ-
ent modeling approaches.

Another notable limitation concerns data modality. A sig-
nificant portion of recent research emphasizes remote sens-
ing data, satellite imagery, or UAV-based inputs, frequently
employing CNNs or hybrid deep learning architectures2–4.
While these approaches demonstrate strong performance, they
rely on data sources that are expensive, computationally in-
tensive, and often inaccessible to small-scale farmers or lo-
cal policymakers, particularly in developing regions. Con-
sequently, their real-world applicability remains limited in
contexts where only structured, tabular agricultural data are
available. Furthermore, although deep learning models have
shown promise, several studies apply CNNs and RNNs to tab-
ular datasets through artificial reshaping or imposed temporal
structures5. Such adaptations may violate underlying model
assumptions and lead to performance gains that are difficult to
interpret. Recent reviews emphasize that deep learning models
are often evaluated without sufficient interpretability analysis,
raising concerns about transparency and trust in high-stakes
agricultural decision-making6,7.

Based on the existing literature, a clear research gap
emerges. While numerous studies implement machine learn-
ing and deep learning for crop yield prediction, relatively few
works provide a controlled, side-by-side comparison of tra-
ditional machine learning models and modern deep learning
architectures under a unified experimental framework using
tabular agricultural data8. In particular, there is limited re-
search evaluating whether increasingly complex deep learning
models consistently outperform simpler, more interpretable
approaches such as Decision Trees and Random Forests when
applied to structured datasets commonly available in agricul-
tural records9.

Additionally, prior studies often prioritize predictive perfor-
mance without adequately addressing interpretability, compu-
tational cost, or practical deployment considerations10. For
farmers and policymakers, especially in regions such as In-
dia, model transparency and ease of implementation are criti-
cal factors alongside accuracy. The lack of systematic evalua-
tion incorporating both performance metrics and interpretabil-
ity tools such as SHAP further underscores the need for more

balanced and application-oriented research11.
This study addresses these gaps by conducting a compre-

hensive and reproducible comparison of seven state-of-the-art
machine learning and deep learning models for crop yield pre-
diction using a large, publicly available tabular dataset from
India. Unlike prior work that focuses primarily on remote
sensing or highly specialized data sources2,4, this research
emphasizes structured agricultural features that are more read-
ily accessible in real-world settings. All models are evaluated
under consistent preprocessing steps, training protocols, and
regression-based performance metrics, enabling fair compari-
son across diverse model families, consistent with established
best practices in reproducible machine learning research12.

Moreover, this work incorporates feature importance analy-
sis to enhance interpretability and provide actionable insights
into the factors most strongly associated with crop yield7. By
explicitly analyzing the trade-offs between predictive accu-
racy, computational complexity, and model transparency, this
study contributes practical guidance for selecting appropri-
ate AI-driven approaches for agricultural decision-making9,13.
As such, it extends existing literature by bridging the gap
between methodological rigor and real-world applicability in
crop yield prediction.

Materials and Methods

For the sake of this experiment, I utilized a publicly available
dataset provided by Akshat Gupta, which contains crop yield
data from India14. The dataset includes many critical features
such as crop type, year of cultivation, cultivation area, and the
growing season (i.e. Spring, Summer). This dataset offers
valuable insights into agricultural practices and crop perfor-
mance over time. However, it contained minor missing values
and inconsistencies, which are common in real-world datasets.
To address these issues, I performed batch normalization to
standardize the data and used mean imputation to handle miss-
ing values, ensuring the data was suitable for analysis. Data
preprocessing was crucial for maintaining the quality and in-
tegrity of the dataset before applying machine learning meth-
ods. In order to understand which AI/ML model truly best
helps farmers predict crop yields, I used seven different meth-
ods, four of which are standard ML methods, and three of
which are deep learning methods.

Linear Regression

Linear regression is a statistical modeling technique that es-
tablishes a linear relationship between an independent vari-
able (or multiple independent variables) and a dependent vari-
able by minimizing the difference between predicted and ac-
tual values. It is commonly used for predictive analysis and
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trend forecasting but assumes a linear relationship and is sen-
sitive to outliers.

Decision Trees and Random Forest

Decision trees are a machine learning model that use a tree-
like structure to make predictions by recursively splitting data
into branches based on feature values, leading to decision
nodes and final outcomes. They are widely used for classi-
fication and regression tasks due to their interpretability, but
they can be prone to overfitting if not properly pruned or reg-
ularized.

Random Forest is an ensemble learning method that com-
bines multiple decision trees to improve predictive accuracy
and reduce overfitting by averaging their outputs or using a
majority vote. It enhances decision trees by introducing ran-
domness during the training process, making it less sensitive
to the quirks of individual trees and more robust overall.

Artificial Neural Network (ANN)

The Artificial Neural Network (ANN) used in this study con-
sisted of:

• Input layer: 1 input layer with 10 neurons (corresponding
to the dataset features)

• Hidden Layer: 2 layers with 50 and 25 neurons, respec-
tively, using ReLU activation

• Output Layer: 1 neuron with linear activation to predict
continuous crop yield

The network was trained using the Adam optimizer with
a learning rate of 0.001 and Mean Squared Error (MSE) as
the loss function. Dropout (0.2) and batch normalization were
applied to reduce overfitting and stabilize training. This ANN
configuration was selected to capture non-linear relationships
in tabular agricultural data, allowing the model to generalize
across different crop types and growing seasons.

Deep Neural Network (DNN)

The Deep Neural Network (DNN) is an extension of the ANN,
with additional hidden layers to capture more complex feature
interactions.

The architecture used:

Input layer: 10 neurons

Hidden Layer: 4 layers with 128, 64, 32, and 16 neurons,
using ReLU activation

Output Layer: 1 neuron with linear activation

Training was performed using the Adam optimizer (learn-
ing rate 0.001) and MSE Loss function. Dropout of 0.3 was
applied to hidden layers, along with batch normalization. The
deeper architecture allows the DNN to model complex depen-
dencies between features, particularly when interactions be-
tween crop type, growing season, and cultivation area are non-
linear.

Although CNNs and RNNs are traditionally used for im-
age and sequential data, respectively, they were applied in an
exploratory manner to this tabular dataset.

Convolutional Neural Network (CNN)

CNN configuration:

• Tabular features were reshaped into a 2× 5 pseudo-grid
to allow convolutional filters to capture local feature in-
teractions.

• Architecture: 1 convolutional layer (16 filters, kernel size
2, ReLU) → 1 fully connected layer (32 neurons, ReLU)
→ 1 output layer (linear).

• Adam optimizer, MSE loss, dropout 0.2, and batch nor-
malization were used.

Recurrent Neural Network (RNN)

RNN configuration:

• Data sequences were constructed by ordering yearly cul-
tivation data for each crop-region pair. Padding was ap-
plied where temporal continuity was absent.

• Architecture: 1 LSTM layer with 32 units → 1 dense
output layer (linear activation).

• Trained using Adam optimizer, MSE loss, dropout 0.2,
and batch normalization.

Both CNN and RNN were included to explore their per-
formance on tabular features, though simpler models may be
more appropriate for non-spatial, non-sequential data. The
CNN component was applied experimentally by reshaping the
tabular features into a 2× 5 pseudo-grid, allowing convolu-
tional filters to capture local feature interactions. The RNN se-
quences were constructed by ordering yearly cultivation data
for each crop-region pair, with padding applied where tem-
poral continuity was absent. No actual image data or addi-
tional synthetic spatial features were used, and the results of
this exploratory approach should be interpreted with these lim-
itations in mind. It should be noted that the year of cultivation
was one-hot encoded, which removed true temporal ordering.
As a result, the RNN model did not receive genuine sequen-
tial data, and its application here is exploratory. Future studies

© The National High School Journal of Science 2026 | 3



with sequential time-series data would allow the RNN to cap-
ture temporal dependencies more effectively.

Model Training, Evaluation, and Preprocessing

All models were trained using an 80/20 train-test split to eval-
uate performance on unseen data, with K-fold cross-validation
applied within the training set during hyperparameter tun-
ing. Only regression-appropriate metrics (RMSE, MAE, and
R2) were used; all references to classification accuracy have
been removed. Neural network models (ANN, DNN, CNN,
RNN) were trained iteratively over a specified number of
epochs, while non-iterative models (Linear Regression, De-
cision Trees, Random Forest) were trained once after hyper-
parameter selection. Grid search and random search strate-
gies were applied to determine optimal hyperparameters for
each model, with search ranges and final selected values doc-
umented to ensure reproducibility. The preprocessing pipeline
was minimal, relying on mean imputation for missing values
and batch normalization for numerical features, while more
advanced preprocessing steps such as outlier over detection,
skew correction, or categorical embedding were intentionally
omitted to maintain consistency across models. Validation
curves for representative deep learning and tree-based mod-
els were generated to illustrate model convergence and guide
hyperparameter selection. The target variable, crop yield, is
expressed in kg/ha, and all RMSE and R2 values reported are
based on normalized data to ensure comparability across mod-
els.

Experiments & Results

Experimental Setup:

This section details the experiments conducted to compare 7
state-of-the-art AI/ML methods and their accuracy in predict-
ing crop yields. The experiment was designed to assess model
accuracy and efficiency based on the dataset and its features.
For each model, the data was split into 80% training and 20%
testing. Cross-validation was used to ensure robustness of the
models. Model performance was evaluated using Root Mean
Squared Error (RMSE) for regression models. Hyperparam-
eter tuning was conducted using grid search for exhaustive
optimization and random search for broader parameter explo-
ration, depending on model complexity. Each deep learning
model was trained for 100 epochs in a Kaggle notebook. An
epoch represents one complete pass of the dataset during the
training phase. Additionally, to ensure a fair comparison, all
models were executed on the same hardware configuration,
using identical evaluation metrics, and runtime conditions to
ensure consistency.

In this experiment, we used seven different AI/ML models

along with four different evaluation metrics which helped us
better understand how well a model is predicting crop yields.

The metrics:

• Root Mean Square Error (RMSE): Measures the model’s
average prediction error in the same units as target.

• R2 Score: Represents model’s explained variance; a
higher number means better fit.

• Mean absolute Error (MAE): Measures the average abso-
lute difference between predicted and actual values.

• Mean Squared Error (MSE): Calculates the average
squared differences between predicted and actual values.

Dataset & Pre-processing

The dataset used in this study is publicly available and pro-
vided by Akshat Gupta, a well-known researcher from In-
dia. It contains crop yield data from India, including features
such as crop type, cultivation area, year of cultivation, and
growing season. Prior to training the models, missing values
were handled using mean imputation, numerical features were
standardized, and batch normalization was applied exclusively
within the neural network models.

The dataset comprises over 20,000 records and approxi-
mately 10 features after encoding, ensuring a comprehensive
representation of agricultural patterns. Key features in the
dataset include both categorical and numerical variables. The
categorical variables, such as crop type and growing season,
were one-hot encoded to facilitate model processing and es-
tablish a common baseline for all data points.

The growing season feature was particularly important for
capturing seasonal trends, while the crop type feature pro-
vided necessary categorical differentiation to accurately pre-
dict which crop yields flourish in specific growing seasons.
The numerical variables include cultivation area and year of
cultivation. These features were normalized to ensure con-
sistency and improve the model’s ability to learn from pre-
existing data. These preprocessing steps helped enhance the
quality and interpretability of the dataset, enabling more pre-
cise predictions.

Results & Discussion

Each model’s performance was evaluated using RMSE and
R² for regression tasks. Table 1 presents the evaluation re-
sults for all the models. Decision Trees performed strongly,
while Random Forest achieved the lowest RMSE and high-
est R². CNNs showed competitive performance even at 100
epochs (R² = 0.86), while RNNs performed moderately (R² =
0.78) due to the lack of true temporal structure.
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Model RMSE MSE MAE R²
Linear Regression 390 152,100 300 0.81
Decision Tree 235 55,225 175 0.93
Random Forest 151 22,801 115 0.97
ANN 304 92,416 230 0.86
DNN 785 616,225 600 0.62
CNN 636 404,496 480 0.86
RNN 690 476,100 520 0.78

Table 1 Main results for RMSE, R2 score of all the seven models

It is worth mentioning that Linear Regression, Decision
Tree, and Random Forest machine learning models do not
train in epochs as they are non iterative models.

Feature Importance Analysis

To evaluate the contribution of individual features to model
predictions, feature importance was assessed using SHAP val-
ues for tree-based models and weight analysis for neural net-
works. Across all models, cultivation area and crop type con-
sistently emerged as the most influential features, reflecting
their critical role in determining crop yield. Although the
RNN was designed for temporal data, true temporal depen-
dencies were not present due to one-hot encoding of the year
feature. These findings align with established agricultural un-
derstanding, highlighting the factors most strongly associated
with yield outcomes.

Comparative Analysis of Model Performance

A deeper analysis of model predictions revealed clear differ-
ences in the effectiveness of traditional machine learning mod-
els compared to deep learning architectures. As shown in Fig-
ure 1, which presents the change in R2 values between 100-
epoch and 250-epoch training runs, the performance of deep
learning models is highly sensitive to training duration.

Simpler models such as Linear Regression struggled to cap-
ture the nonlinear structure of crop yield patterns, resulting in
higher RMSE values and weaker predictive accuracy. This
outcome is expected, as linear models assume additive rela-
tionships and cannot effectively model complex interactions
between features such as crop type, cultivation area, and grow-
ing season.

Tree-based models—particularly Decision Trees and Ran-
dom Forest—demonstrated substantially stronger perfor-
mance. Their ability to model nonlinear relationships, auto-
matically identify informative feature splits, and dynamically
incorporate feature importance allowed them to achieve lower
prediction errors and higher R2 values. Random Forest, in par-
ticular, consistently produced the most accurate predictions
across all evaluation metrics, even without iterative training.

Artificial Neural Networks (ANNs) also performed well,
capturing nonlinear interactions that linear models could
not. However, the deeper architectures—DNN, CNN, and
RNN—showed a distinct pattern: their accuracy at 100 epochs
was moderate, but their performance improved significantly
when trained for 250 epochs, as illustrated in Figure 1.
This trend highlights a key distinction between model fami-
lies. While tree-based models converge quickly and perform
strongly even with limited data, deep learning models require
extended training to extract meaningful representations from
tabular agricultural data.

The improvement from 100 to 250 epochs underscores that
deep learning models benefit from longer optimization cycles
and larger datasets. CNNs and RNNs, although not inher-
ently designed for tabular data, demonstrated notable gains
with extended training, suggesting that their architectures can
still capture useful feature interactions when given sufficient
time. In contrast, Random Forest provides robust, immediate
predictions with far lower computational cost, making it more
practical for real-time or resource-constrained agricultural ap-
plications.

Overall, the comparative trends indicate that while deep
learning models can eventually achieve high precision, tradi-
tional ensemble methods remain more efficient and reliable
for structured agricultural datasets.

Fig. 1 Comparison of R2 values for deep learning models trained
for 100 and 250 epochs.

Discussion on Limitations and Future Improvements:

While deep learning models exhibit strong performance, they
require significantly more computational resources and data
for training. Although the dataset is characterized by a rel-
atively small feature space (10 features)2,3, the large sample
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size of over 20,000 records ensures that the models are trained
on a diverse and representative population, thereby enhancing
generalizability. All 20,000 records were utilized in the final
analysis after preprocessing, as no significant outliers necessi-
tated removal, ensuring maximum data utility.

Too many features without a sufficient number of samples
often reduces generalizability; however, the high sample-to-
feature ratio in this study minimizes the risk of overfitting. Fu-
ture work should explore even larger datasets and fine-tuned
hyperparameter adjustments to further enhance model accu-
racy. Moreover, integrating external factors such as weather
conditions, soil quality, and market trends could refine predic-
tions and provide more practical applications for farmers.

Conclusion & Future Directions

In this paper, we evaluated the performance of several ma-
chine learning models for predicting crop yields in India. Each
model’s performance was assessed using RMSE and R2, with
the Random Forest model outperforming all other models in
both metrics, indicating its effectiveness at capturing com-
plex relationships within the data. The Decision Tree model
also performed well, though the deep learning models initially
had lower accuracy. However, with extended training over
250 epochs, these models demonstrated significant improve-
ments in accuracy, suggesting that deep learning models ben-
efit from longer training periods to capture intricate patterns.
Feature importance analysis revealed that cultivation area and
crop type were the most influential factors for yield prediction,
which is consistent with known agricultural insights.

Overall, after carefully training and testing each model, we
can conclude that Artificial Intelligence (AI) is immensely
helpful in accurately predicting crop yields, which was the
end goal of this research. By optimizing yield prediction, AI-
driven models can enhance resource allocation, reduce waste,
and support more sustainable agricultural practices. These
improvements are key to addressing food security challenges
and ensuring efficient agricultural production in the face of
climate change and population growth. In India, traditional
farming methods often rely on inconsistent monsoon patterns
and outdated techniques, such as flood irrigation and manual
soil testing, leading to low productivity and financial strain on
farmers. Integrating AI into Indian agriculture can help bridge
these gaps by providing data-driven insights, improving yield
efficiency, and ensuring more sustainable farming practices.

Despite the strong performance of the deep learning mod-
els, their high computational requirements and the limited
dataset size present challenges that should be addressed in fu-
ture work. Moving forward, further improvements could be
made by expanding the dataset and fine-tuning model hyper-
parameters. Additionally, incorporating external factors such
as weather conditions, soil quality, and market trends could

further enhance the predictive power of these models, mak-
ing them more practical for real-world agricultural applica-
tions. Future research could also explore more advanced deep
learning techniques, such as reinforcement learning or trans-
fer learning, to improve model accuracy and reduce train-
ing times. Collaborating with agricultural experts to inte-
grate domain-specific knowledge into the models could yield
more actionable insights for farmers, making predictions more
context-aware and valuable.
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