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ABSTRACT

This research introduces Smart Harvest, a data-driven forecasting system developed to predict the yield of
key crops such as sugarcane, wheat, rice, and maize. By combining historical yield records with rainfall
statistics, the model captures the intricate relationship between crop production and climatic variation. The
study evaluates several predictive techniques, including ARIMA, ARIMAX, Support Vector Regression (SVR),
Random Forest, and Artificial Neural Networks (ANN). Through a comparative performance analysis us-
ing metrics like RMSE, MAE, and MAPE, the results highlight the effectiveness of rainfall-integrated mod-
els in improving forecasting accuracy. The findings provide a robust foundation for enabling timely, in-
formed agricultural planning and risk management strategies.
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INTRODUCTION

Agriculture continues to be the lifeblood of
India’s economy, employing over 50% of the
nation’s labour force and contributing signifi-
cantly to GDP, food security, and rural develop-
ment. As a sector deeply influenced by seasonal
variability, agriculture in India is both vital and
vulnerable. Among the key metrics used to as-
sess agricultural performance, crop yield stands
as a fundamental indicator of productivity, effi-
ciency, and sustainability. Yield not only impacts
a farmer’s income but also plays a crucial role in
determining national food stock levels, commod-
ity pricing, and trade policies. Consequently, en-
suring accurate and timely crop yield forecasts
phrase is essential for effective decision-making

at both micro and macro levels.
However, predicting crop yield is an inher-

ently complex task. Yield is influenced by a broad
spectrum of variables—ranging from biological
and genetic factors to soil health, pest incidence,
farming practices, and environmental conditions.
Among these, rainfall remains one of the most
dominant and unpredictable elements, particu-
larly in a country like India, where nearly 60% of
agriculture is rain-fed. The timing, amount, fre-
quency, and geographical distribution of rainfall
during the growing season have a direct impact
on crop health, germination rates, flowering, and
harvest potential. Different crops exhibit varied
responses to rainfall patterns. For instance, rice
requires consistent water availability and is highly
sensitive to monsoon variability.

In contrast, wheat is generally grown in
cooler, drier conditions and is more sensitive to
temperature shifts than rainfall quantity.
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Crops like maize and sugarcane are moder-
ately resilient but still depend heavily on rainfall
during critical growth phases. Understanding the
specific relationships between rainfall trends and
crop-specific yield outcomes is crucial to devel-
oping effective forecasting systems that can adapt
to India’s agricultural diversity.

In the past, crop forecasting has largely re-
lied on traditional statistical techniques or farmer
intuition. Methods like historical average or
simple linear regression, while straightforward,
often fail to capture the nonlinear, lagged, and
multidimensional nature of climate-yield interac-
tions. Moreover, these models typically lack
adaptability, cannot account for real-time fluctua-
tions, and are not easily generalizable across mul-
tiple crop types or regions. With the increasing
impact of climate change, such limitations have
become even more pronounced, necessitating a
shift toward more intelligent, flexible, and scal-
able prediction tools.

To address these challenges, there has been a
growing interest in applying advanced analyti-
cal methods—such as time series modeling, ma-
chine learning (ML), and artificial intelligence
(AI)—to agricultural forecasting. These models
can process large volumes of historical and real-
time data, recognize hidden patterns, and learn
from complex, nonlinear relationships between
variables. Tools like ARIMA (AutoRegressive In-
tegrated Moving Average) can model temporal
trends in yield, while ARIMAX extends this ca-
pability by including exogenous variables such
as rainfall. Support Vector Regression (SVR) and
Random Forest Regression (RFR), on the other
hand, offer the flexibility to handle high-dimen-
sional inputs and capture intricate dependencies
among features. Additionally, Artificial Neural
Networks (ANN) simulate human-like learning
and are capable of modeling complex functions
when properly trained.

In this research, we present Smart Harvest, a
unified forecasting system that evaluates and
compares the performance of these models for
four major crops: sugarcane, wheat, rice, and
maize. Using historical yield and rainfall data, the
study builds individual predictive models for
each crop and compares them using key metrics
such as Root Mean Square Error (RMSE), Mean

Absolute Error (MAE), and Mean Absolute Per-
centage Error (MAPE). The results aim to iden-
tify the most accurate and generalizable model,
offering a foundation for smarter agricultural
planning and risk mitigation.

Furthermore, the Smart Harvest framework
serves as a scalable and adaptable platform that
can be extended to additional crops, locations, and
climatic variables. It demonstrates how data-
driven insights can be translated into actionable
strategies, not only for farmers but also for
policymakers, researchers, and agribusiness
stakeholders. By aligning agricultural practices
with predictive intelligence, this system seeks to
reduce uncertainty, enhance productivity, and
contribute to sustainable and climate-resilient
agriculture.

MATERIALS AND METHODS

This section outlines the materials and step-
by-step methodology adopted to forecast crop
yields using machine learning and time series
models. The methodology ensures reproducibil-
ity, clarity, and transparency in the predictive
modeling process, spanning data acquisition to
model evaluation.

Fig. 1. Data Flow Diagram for the Predictive Analytics
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 Data Collection: Historical crop yield data for
sugarcane, wheat, rice, and maize was col-
lected from government agricultural reports
and institutional databases such as Agricultural
statistics at a glance and IITM. Corresponding
rainfall data, which serves as the exogenous
variable, was compiled for the same years and
regions. The selected data includes 20+ years
of annual observations to ensure time-based
learning.

To gather and preprocess comprehensive
datasets including crop yields and rainfall over
multiple years for four major crops
(SUGARCANE,WHEAT, MAIZE, RICE).

1.(Agricultural Statistics AtAGlance)  1950-
2016/2020

h t t p s : / / a g r i w e l f a r e . g o v . i n / e n /
Agricultural_Statistics_at_a_Glance

2.(Indian Meteorological Department) 1950-
2016/2020

https://mausam.imd.gov.in/
Datasets were pre-processed to make them

consistent in time index (e.g., transforming “1950-
51” into a single representative year such as
“1950”) and merged with respect to the year. Han-
dling missing values was done via interpolation
techniques, and data was normalized where nec-
essary for machine learning models.This Study
was done in the year 2025-26.
 Data Integration and Preprocessing: After en-

suring chronological alignment, the yield and
rainfall datasets were merged using the com-
mon “Year” column. Rows with missing val-
ues were removed or imputed using linear in-
terpolation. The dataset was further standard-
ized to reduce scale differences across variables.
Lag features were engineered to allow models
to learn from historical patterns.

 Feature Engineering: Lagged variables of
yields (up to 4 years) were constructed as in-
put features to capture temporal dependencies.
For ARIMAX, rainfall was incorporated as an
exogenous input variable. These engineered
features allowed models to forecast not just
based on recent performance but also based on
trends and climate variability.

 Model Training: All models—ARIMA,
ARIMAX, SVR, Random Forest, and ANN—
were trained individually. ARIMA and

ARIMAX models were optimized using AIC/
BIC criteria to determine the best order param-
eters. SVR used a linear kernel with fixed C and
epsilon values. Random Forest was trained us-
ing 100 trees, while ANN was trained for 100
epochs with early stopping.

 Evaluation Metrics: Model performance was
evaluated on both training and test datasets
using RMSE, MAE, and MAPE. These metrics
helped to compare prediction accuracy and
consistency across models. Train-test splits were
done chronologically to avoid data leakage and
mimic real-world forecasting.

Predictive Models and Equations

This section outlines the mathematical foun-
dations and practical use cases of the six predic-
tive model used in the study. These models were
selected for their effectiveness in time series fore-
casting, regression capabilities, and ability to cap-
ture both linear and nonlinear patterns within
agricultural yield data. Each model was trained
using preprocessed historical yield and rainfall
data, and tested using standard evaluation
metrics.

LINEAR REGRESSION

Linear Regression is a basic yet powerful sta-
tistical technique used to model the relationship
between input features and a target variable. It
assumes a straight-line relationship and is ideal
for baseline comparison. In this project, it is used
to forecast crop yields based on lagged historical
values.

Equation: Y = 0 +1X + 
• Y is the dependent variable (target output),
• X is the independent variable (input fea-

ture),
• 0 is the intercept,
• 1 is the slope coefficient,
•  is the error term

ARIMA

ARIMA is a classical time series model that
combines autoregression, differencing, and mov-
ing average components. It is effective for datasets
with strong temporal patterns. In this project,
ARIMA is used to model crop yields without ex-
ternal variables. Equation:
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Yt = c + 1Yt–1 + 2Yt–2 + ...+ pYt–p + 1t–1 + 2t–2 + ...
+_qt–_q +t

where:
Yt = Actual value at time t
i = Coefficients of the autoregressive series
j= Coefficients of the moving average series
t= Random error (or white noise)

ARIMAX

ARIMAX extends the ARIMA model by in-
corporating external features, such as rainfall,
which can influence crop output. By integrating
these exogenous variables, ARIMAX is able to
model cause-effect relationships beyond the
autoregressive nature of time series data. This
model was found to be particularly effective for
crops like rice and sugarcane, which are highly
climate-sensitive.

Equation:
Yt = c + 1Yt–1 + ... + pYt–p + 1t–1 + ... + _qt–_q

+1X1t + 2X2t + ... + kXkt + t

• Xkt are exogenous input variables
• All other terms are similar to ARIMA

SVR

Support Vector Regression (SVR) uses kernel
functions to model complex, non-linear relation-
ships between input features and target values.
It’s particularly useful for small- to medium-sized
datasets with strong feature dependencies.

Equation:
f(X) = wtX + b

•  is the margin of tolerance (epsilon-insen-
sitive tube)

• SVR tries to fit as flat a function as possible
within  deviation.

Random Forest

Random Forest is an ensemble technique
based on decision trees. It builds multiple trees
using bootstrapped datasets and aggregates their
predictions. This model performs well with non-
linear data and is robust against overfitting. Ran-
dom Forest consistently delivered the best results
across all crops due to its capacity to handle high-
dimensional and noisy data.

y= (1/T)ht(x)
where:
y = Final predicted value

T = Decision tree count
ht(X) = Prediction from the t-th tree
Each tree is trained on a random sample (boot-

strap) from the data

Artificial Neural Network (ANN)

ANNs simulate the learning mechanism of the
human brain by passing input through intercon-
nected layers of artificial neurons. With sufficient
training, ANNs can model highly complex and
nonlinear relationships. In this study, the ANN
model achieved strong performance, particularly
for maize and wheat, where multiple input pat-
terns interact nonlinearly.

y = f( wj  ( vij xi + bj) + b)
where: xi = Input variables (rainfall, previous

yield, etc.)
vij, = Weights between input and hidden layer
wj, = Weights between hidden and output

layer
 = Activation function (e.g., sigmoid or ReLU)
f = Output function (e.g., linear or SoftMax)
bj, b = Biases

Model Comparison

To select the most appropriate model for crop
yield prediction, all models that were put into
practice—ARIMA, ARIMAX, SVR, ANN, and
Random Forest—were tested and compared on
the basis of both quantitative measures and quali-
tative factors. All the models were trained on 80%
of data and tested on the other 20%, while assess-
ment was done using Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE) and
Mean Absolute Percentage Error (MAPE). The
accuracy measures are defined as follows:

All the analyses were conducted in Python
(v3.x) with the help of libraries such as
statsmodels, scikit-learn, TensorFlow, and Keras
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for machine learning and time series modelling,
and pandas and matplotlib for data handling and
plotting.

RESULTS AND DISCUSSION

To evaluate model effectiveness, each algo-
rithm was applied to the same cleaned dataset of
historical crop yields and rainfall. The key metrics
used were Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and Mean Absolute Per-
centage Error (MAPE), which provide a compre-

hensive view of both bias and variance in model
predictions.

The table below presents the performance of
each model on both training and test datasets.
From the results, it is evident that Random For-
est achieved the lowest RMSE and MAE across
most crops, indicating its robustness and predic-
tive power. ARIMAX also performed strongly,
particularly in modeling rainfall-dependent crops
like rice and sugarcane. ANN produced competi-
tive results with strong generalization ability,

Fig. 2. Model comparison of RMSE, MAE & MAPE
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while SVR and Linear Regression had compara-
tively higher error margins.

These results emphasize the importance of
model selection based on the nature of the data
and complexity of relationships. Machine learn-
ing models like Random Forest and ANN, which
can capture nonlinearities and interactions, are
more suited for agricultural yield forecasting than
linear or univariate time-series models.

Based on the comparative analysis, Random
Forest and ARIMAX models emerged as the most
effective models for crop yield forecasting.
 Random Forest achieved the lowest predic-

tion errors in terms of RMSE (Train: 1300.39,
Test: 2470.54) and MAPE (Train: 2.10%, Test:
3.08%). This indicates exceptional accuracy
and consistency in both training and test
datasets. Its ability to handle high-dimen-
sional data and capture complex interactions

contributed to its superior performance.
 ARIMAX demonstrated strong results in gen-

eralizing predictions to unseen data. With a
Test MAPE of 2.88%, it closely followed Ran-
dom Forest. By incorporating rainfall as an
exogenous factor, ARIMAX effectively mod-
eled the climatic dependencies crucial to yield
outcomes.

 ANN also performed well and showed poten-
tial in modeling nonlinear patterns, especially
in crops like maize and wheat. While not out-
performing Random Forest, it proved to be a
strong competitor.

 SVR and Linear Regression, while useful for
benchmarking and comparison, showed
higher errors and lacked the complexity han-
dling required for multi-variable agricultural
datasets.

Table 1. Performance Summary of All Models

Fig. 3. Model performance comparison across all metrics
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CONCLUSION

This research successfully developed and
evaluated a predictive framework for crop yield
forecasting using historical yield and rainfall data.
Multiple models, i.e. (ARIMA, ARIMAX, SVR,
ANN, and Random Forest) were tested to assess
their forecasting power for key crops like sugar-
cane, wheat, rice and maize. The study applied
structured preprocessing, feature engineering and
a consistent evaluation framework using metrics

such as RMSE, MAE, and MAPE to ensure fair
comparison.

Among all the models evaluated, Random
Forest emerged as the most robust and accurate
model across both training and test datasets. It
consistently achieved the lowest RMSE and MAPE
values, showing strong generalization and resis-
tance to overfitting. The model’s ensemble-based
nature and ability to capture nonlinear interac-
tions make it highly suitable for complex agricul-
tural datasets influenced by numerous variables

Fig. 4. ANN model: Actual vs. predicted yields in maize, sugarcane wheat and rice.



108 Chauhan et al

like climate, rainfall, and seasonal lags.
While ARIMAX also demonstrated competi-

tive performance, particularly by integrating ex-
ogenous variables like rainfall, it did not outper-
form Random Forest in most scenarios. SVR and
Linear Regression had higher error rates, and

ANN showed promise but was outmatched by
Random Forest in consistency. In conclusion, Ran-
dom Forest stands out as the best-fit model for practi-
cal deployment in smart agriculture platforms, of-
fering high accuracy, flexibility, and ease of inte-
gration into decision-support systems.
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