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ABSTRACT

This work introduces Smart Harvest, a predictive analytics model for predicting rice, wheat, jowar, and
bajra crop yields. The model investigates the rainfall impact on yield through the use of historical produc-
tion and climatic data. ARIMA, ARIMAX, SVR, ANN, and Random Forest models are considered and com-
pared for performance and accuracy. The findings indicate the robustness of rainfall-integrated models in
enhancing prediction accuracy. This method facilitates data-driven farm planning and risk management.
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INTRODUCTION

Agriculture is the pillar of the Indian
economy, providing jobs to over 50% of India’s
workforce and contributing significantly towards
food security and rural prosperity. Crop yield, as
the quantity of agricultural produce per unit of
land area, is one of the most important key per-
formance indicators in agriculture. Crop yield
does not only determine farm-level income but
also national food availability, inflation, trade, and
policy choice. Yet crop yields are naturally vari-
able, subject to a multifaceted interplay of biologi-
cal, environmental, and socio-economic variables.

One of the most important environmental
determinants of crop yield is rain. In India, where
almost 60% of cultivable land is rain-fed, rainfall
becomes a major determinant of crop prosperity
or failure. The monsoon season, which provides
most of the yearly rainfall, is a keystone of the
crop cycle. The intensity, frequency, duration, and
pattern of rainfall can all have a considerable im-
pact on soil moisture, plant health, and nutrient
uptake. Insufficient rainfall can result in drought

stress, whereas unseasonable or too much rain-
fall can trigger flood or pest infestation leading
to huge drops in crop yields.

Staple food grains in India, such as rice, wheat,
jowar, and bajra, have differential sensitivities to
rainfall. Rice, for example, needs standing water
and is very much reliant on regular and sufficient
rainfall. Wheat grows well in cooler and dryer
conditions, where excess moisture is not benefi-
cial. Millets such as jowar and bajra tend to be
more drought-resistant but are still impacted by
climatic extremes and erratic rainfall patterns.
Consequently, knowledge of rainfall variability
effects on the yields of these particular crops is
essential for guaranteeing stable agricultural pro-
duction in a changing climate.

Increased uncertainty in rainfall patterns as a
result of climate change has further exacerbated
the urgency for reliable crop yield forecasting sys-
tems. Historical average or manual estimate-
based conventional methods of yield estimation
are generally found to be inadequate in captur-
ing the dynamic and non-linear dependencies
between climatic factors and plant growth. To
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improve this, contemporary techniques employ
data analytics, machine learning (ML), and time
series forecasting models for simulating the intri-
cate dependencies and making more precise and
timely estimations.

This research proposes to create a compara-
tive model framework that uses past yield and
rainfall data to predict rice, wheat, jowar, and
bajra production. The research is about compar-
ing a series of predictive models consisting of sta-
tistical models like ARIMAX (AutoRegressive In-
tegrated Moving Average with Exogenous Vari-
ables) and machine learning algorithms like Sup-
port Vector Regression (SVR), Artificial Neural
Networks (ANN), and Random Forest. All these
models have different features of how they treat
data, how they address nonlinearities, and how
they deal with external variables like rainfall
(Panwar, 2017).

The overall objective of this research is two-
fold:

1. For analyzing the influence of rainfall over
crop yield across various crops.

2. For determining the best predictive model
for each crop out of the most important per-
formance indicators like Mean Absolute Er-
ror (MAE), Root Mean Squared Error
(RMSE) and Mean Absolute Percentage Er-
ror (MAPE).

Through comparison of these models, Smart
Harvest intends to develop a trustworthy and scal-
able yield forecasting instrument that can benefit
farmers, researchers, and policymakers. Precise
yield forecasting has the capability to facilitate
efficient agricultural planning, risk management,
and resource allocation, hence enhancing resil-
ience in the context of climatic uncertainty. Over-
all, the project is a step toward the eventual goal
of sustainable and data-informed agriculture in
India.

MATERIALS AND METHODS

Data Description

The research draws on two main datasets

Crop Yield Data: Crop yields of rice, wheat,
jowar, and bajra from past years were obtained
from the Ministry of Agriculture & Farmers Wel-
fare, Government of India. (2020) and Agricultural

Statistics at a Glance. The data comprises yearly
production (in tonnes) between 1950 to 2020,
which provides a wide time horizon to analyse
trends accurately.

(Source: https://agriwelfare.gov.in/en/
Agricultural_Statistics_at_a_Glance)

Rainfall Data: Annual rainfall data for the
same time frame was collected from the Indian
Meteorological Department (IMD) [2020]. The
figures are provided in millimetres and represent
the total annual rainfall in the entire nation.

(Source: https://www.tropmet.res.in)
Datasets were preprocessed 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.

Stochastic Models

Stochastic models make use of time series
properties and are applied extensively in forecast-
ing because they are capable of describing tem-
poral dependencies.

Autoregressive Integrated Moving Average
(ARIMA) Model

ARIMA is a model for forecasting time series
that captures autocorrelations in past crop yields
data. It takes three parameters to capture trends
and patterns:

 p (autoregression)
 d (differencing)
 q (moving average)
The model has the assumption of future val-

ues as a linear combination of previous values and
residuals. It is applicable for univariate data and
does not take external factors such as rainfall into
account. Parameter tuning was performed by grid
search with Akaike Information Criterion (AIC)
as the criterion for choosing parameters. The
model was separately fit on rice, wheat, jowar, and
bajra yield data.

Yt = c + (i Yt - i) + (j -t-i) + t

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

differencing, and moving average respectively
c = Constant term

ARIMAX (ARIMA with Exogenous Variables)

ARIMAX extends ARIMA to incorporate ex-
ogenous variables here being annual rainfall as
predictors. This model captures the effect of cli-
matic variables on crop production. Similar to
ARIMA, it involves p, d, q parameters in addi-
tion to the coefficients for the exogenous input. It
is especially suitable when crop yield is heavily
influenced by external trend like variability in
rainfall. The model was tested for every crop us-
ing rainfall as input and measured based on AIC
and forecasting performance measures.

Yt = c + (i Yt - i) + (j -t-i) + Xt + t

where:
Xt = Exogenous variable (for example, rainfall

during time t)
 = Coefficient for the exogenous input
Keeping the remaining terms as defined in

ARIMA model

Machine Learning Models

Some machine learning models were used to
identify nonlinear relationships between rainfall
and crop yield.

Support Vector Regression (SVR)

SVR is a supervised learning algorithm that
seeks out a hyperplane to fit the data best within
a tolerance margin (epsilon). SVR performs well
in identifying non-linear relationships between
features such as rainfall and crop yield. RBF ker-
nel functions were utilized in coping with com-
plicated patterns. The algorithm was trained and
optimized via grid search and tested on each crop
alone.

f(x) = wW�x + b
Under constraint:
|yi�–f(xi)|d
Kernel (in case of nonlinear SVR):
K (xi, xj) = exp(–|xi–xj|²)
where:
w = Weight vector

b = Bias
 = Tolerance margin
 = Kernel coefficient in RBF kernel

Artificial Neural Network (ANN)

Artificial Neural Networks (ANNs) are ma-
chine learning models that are heavily influenced
by the neural structure of the brain and are able
to learn complex and nonlinear relationships
within data. An ANN has an input layer, hidden
layers, and an output layer and has its neurons in
each of these layers connected by weighted links.
Each neuron applies inputs to a weighted sum and
feeds the output through an activation function
such as ReLU or sigmoid in order to add
nonlinearity. Training of the network is performed
using a method known as backpropagation,
which updates weights depending on the differ-
ence between predicted and real outputs. ANNs
in crop yield prediction are extremely efficient at
capturing the complex relationships between vari-
ables such as past yield and rainfall. Because they
are flexible, ANNs are able to capture variations
in yield patterns between crops and seasons more
adequately than conventional statistical models.
They are, however, sensitive to large amounts of
data, careful hyperparameter tuning, and the use
of regularization to prevent overfitting. In this
research, ANN was shown to be highly accurate,
especially for rain-sensitive crops such as rice and
wheat. That it can learn from complicated patterns
makes it a very useful tool for data-based agri-
cultural planning.

y = f ( Wj( Vij, Xi + bj) + b)

where:
xi = Input variables (rainfall, previous yield, etc.)
Vij= Weights between input and hidden layer
Wi, = Weights between hidden and output layer
 = Activation function (e.g., sigmoid or ReLU)
f = Output function (e.g., linear or SoftMax)
bj, b = Biases

Random Forest

Random Forest is an ensemble learning algo-
rithm that constructs a number of decision trees
and combines their outputs to make more accu-
rate predictions. It is good at dealing with non-
linearities and eliminating overfitting. The model
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was trained on rainfall and yield data, with hyper
parameters optimized by cross-validation. It
made stable forecasts for all crops because of its
stability to data noise and variability.

 = (1/T)  ht ‰)
where:

 = Final predicted value
T = Decision tree count
h(x) = Prediction from the t-th tree
Each tree is trained on a random sample (boot-

strap) from the data

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, Tensor Flow, and Keras
for machine learning and time series modelling,
and pandas and matplotlib for data handling and
plotting.

RESULTS AND DISCUSSION

The relative performance of crop yield fore-
cast models—tested on both the training and test-
ing datasets using RMSE, MAE, and MAPE—
demonstrate the obvious dominance of machine

learning over conventional time-series models in
this research. Of all the models used for the four
leading crops (Rice, Wheat, Jowar, and Bajra) to
forecast yield, the Artificial Neural Network
(ANN) provided the overall optimal performance.
It recorded the lowest MAPE values on the test
set, for example, 3.21% for rice and 4.12% for
wheat, indicating significantly its capacity to iden-
tify and learn from intricate nonlinear relation-
ships present in agricultural datasets. Its perfor-
mance being relatively stable across all the crops
and metrics is evidence of ANN’s capacity to gen-
eralize impressively from training to unseen data,
hence highly dependent for yield forecasting
tasks. The second-best model in performance was
the Random Forest model. The model also had
excellent predictive abilities with test MAPE val-
ues of 4.93% for rice and 9.39% for wheat, and
moderately high performance for jowar and bajra.
Random Forest, being an ensemble learning tech-
nique, takes advantage of the combination of
many decision trees, preventing overfitting and
enhancing the robustness of the model. It was es-
pecially useful for dealing with high-dimensional
data and extracting variable importance, which
is essential in crop prediction where several cli-
matic and agronomic variables interact. Support
Vector Regression (SVR) was third, showing fairly
good prediction accuracy. It showed low values
of MAPE for rice (8.71%) and wheat (4.24%) but
lagged behind for bajra (14.29%) and jowar
(8.71%). This indicates that even though SVR is
effective for some crop yield patterns, it can fail
when dealing with datasets with high variance
or nonlinearities outside of its kernel’s capacity.
However, it was more consistent than the statisti-
cal models and can be a good model for certain
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well-behaved data cases. Conversely, ARIMAX,
which is a variation of ARIMA that accounts for
exogenous variables (rainfall in the present sce-
nario), did better than the simple ARIMA because
it could consider external factors. For instance,
ARIMAX generated MAPE values of 3.91% for
wheat and 16.95% for rice, which are less com-
pared to ARIMA’s respective values. But both the

models had high errors in crops such as bajra and
wheat because of their own linearity and
stationarity assumptions, which do not capture
the dynamic nature of agricultural data entirely.
The ARIMA model ranked the lowest of them. It
had very high errors in test data—e.g., wheat
MAPE of 12.60% and bajra MAPE of 24.49%—
pointing towards its incapability to deal with sea-
sonal effects and external variables. Overall, the
assessment firmly deems that machine learning
models, particularly ANN and Random Forest,
are much more effective for crop yield prediction
tasks because they are flexible, capable of non-
linear modelling, and possess higher accuracy.
They can efficiently handle the variability and
multivariate nature of real-world agricultural
data, performing better than conventional statis-
tical models such as ARIMA and ARIMAX. Hence,
for the future decision support and predictive
models in precision agriculture, the incorporation
of superior machine learning models should be

Fig. 3. Comparison of Test RMSE, MAE, and MAPE Across models

Fig. 2.  Model-wise MAPE comparison across crops

Fig. 1.  Model ranking based on performance
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given precedence to enable greater reliability and
actionable information (Paul, 2024).

CONCLUSION

The graphical comparison of MAPE values for
various models and crops evidently shows that
machine learning models, specifically ANN and
SVR, are more accurate than conventional time-
series models such as ARIMA and ARIMAX. ANN
performed the lowest MAPE in three out of four
crops, which suggests superior generalization and
flexibility to the hidden data patterns. SVR also
provided very competitive results, particularly for
Rice and Wheat, validating its capability for han-
dling non-linear relationships. Random Forest
was the second-best overall and performed well
across all crops but at slightly lower accuracy than
ANN. ARIMA and ARIMAX, on the other hand,
provided much larger MAPE values, particularly

for Bajra and Rice, indicating the inability to
handle complexity in modelling as well as exter-
nal factors. Overall, the visual trends confirm that
ANN is the most dependable model, followed by
SVR and Random Forest, which makes them bet-
ter fit for precise crop yield prediction in data-
intensive and non-linear agricultural systems.

The following bar chart compares the error
value of all five models for three different mea-
sures i.e. RMSE, MAE, and MAPE. It clearly il-
lustrates that SVR and ANN have the lowest er-
ror values, proving greater accuracy. ARIMA per-
forms worst in all measures of error.

The following graph shows the overall rank-
ing of every model with lower values reflecting
greater performance. ANN ranked first (Rank 1)
and then Random Forest and SVR. The ranking
was combined evaluation using RMSE, MAE, and
MAPE.
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