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ABSTRACT. Crop yield modeling and forecasting have been an essential step in determining agricultural and
economic policy decisions in India. Planning and policy decisions on distribution, price, export-import, storage, and other
issues are critically dependent on it. This study aimed to develop a trustworthy crop yield prediction system for rice yield
by analyzing the relationship between crop yield and several weather variables. Weather indices, an assimilation of the
weekly weather effects on crop yield, were used to study the impact of weather factors on rice yield. Several statistical
and neural network models have been developed based on the linearity and non-linearity pattern of the data. The results
of statistical models demonstrated that both linear and non-linear patterns were present in the data and the effects of
rainfall, minimum temperature, and time variable t were significant. The neural network models outperformed statistical
models in terms of accuracy, and the study found hybrid models with three and four hidden nodes were the best-fit
models in the districts of Birbhum and Burdwan, respectively. A reliable rice yield estimate can be obtained six to eight
weeks before harvest by using the best-fit models for various policy decisions.

Key words — Hybrid models, Neural networks, Rice, Weather indices, Yield forecasting.

The modeling of crop yield and the development of
forecasting models for crop yield have been a crucial
research area in recent years. It is crucial to have accurate
crop yield forecasts for various planning and policy
decisions relating to storage, procurement, distribution,
pricing, marketing, and export-import (Setiya et al.,
2023). There have been various approaches for crop yield
modeling and forecasting that utilize data on crop
biometrical characters, farmers' eye estimates, the input of
crop production, agrometeorological variables, remotely
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sensed crop reflectance observations, regression based
weather variables, and time series analyses. The
traditional methods of crop yield prediction may not
always provide accurate results and the timeliness and
accuracy of conventional agricultural yield forecasting
techniques, such as field surveys and statistical
regressions, are limited, especially in light of the more
unpredictable weather patterns (Singh et al., 2021).
Moreover, climate change has made it even more
challenging to predict crop yields with a high degree of
certainty. Therefore, there is a need for more robust and
data-driven approaches to crop yield prediction
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considering various factors contributing to the crop vyield.
This study utilizes the enhanced capabilities of statistical
methods like ARIMAX and machine learning models in
combination with regression models and time series
analyses to develop a pre-harvest crop yield forecast
model.

The use of weather-based models for crop vyield
forecasting has recently been studied, and these models
can offer more accurate and timely information to enhance
decision-making throughout the agricultural value chain
(Stone and Meinke, 2005; Schauberger et al., 2020; Singh
et al., 2021). Although growing season-averaged weather
indices and crop yields have been the subject of prior
research, a more thorough understanding of the effects of
weather extremes on vyields and the application of
advanced modeling techniques to enhance predictive
capabilities are still needed (Lacasa et al., 2023). Data-
driven  techniques that integrate  high-resolution
meteorological data at daily or weekly timeframes can
improve the precision of in-season crop production
estimates (Joshi et al., 2020). These methods are more
effective at capturing the nonlinear effects of
meteorological factors, such as temperature and
precipitation, on crop development and growth.

In recent years with the evolution of advanced
computing technology, techniques such as Machine
Learning and Artificial Intelligence are being extensively
used in different research areas. Artificial neural networks
(ANN) fall under the umbrella of machine learning
techniques. Jha and Sinha (2013) defined ANN as a
multivariate, non-linear, non-parametric data-driven self-
adaptive algorithmic method. The main advantage of
neural networks is their flexible functional form as fitting
a given data set doesn’t require specifying a particular
model. Inspired by biological systems, ANN can learn
from experience and update solutions at different steps.
Currently, ANNs are used for a wide variety of problems
arising in many different fields of study such as business,
industry, science, agriculture, and others.

The use of ANN and other machine-learning
techniques has increased immensely in agricultural
research in recent years. Klomplenburg et al. (2020) did a
systematic literature review of the research work done on
the application of machine-learning techniques in crop
yield prediction and found that the important independent
variables for crop vyield prediction are temperature,
rainfall, and soil type, and the most used technique for
crop yield modeling is Artificial Neural Networks. Jain et
al. (1980) developed weather indices to develop a crop
yield forecast model for rice, which was subsequently
used by Kheda, Bhulsar (Chauhan et al., 2009), Budwan
& Birbhum (Gupta et al., 2023), Rapeseed & Mustard in
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Faizabad (Azfar et al., 2021), and Potato in West Bengal
(Gupta et al., 2022b). Laxmi and Kumar (2011) developed
neural network-based forecast models for crop yield at the
district level. Similar efforts have been made to develop
crop yield prediction models for potato (Gupta et al.,
2022), rice (Das et al., 2018), coconut (Das et al., 2020),
and cashew (Das et al., 2022).

2. Data and methodology

2.1. Data

Rice (Oryza sativa L.) is the most dominant crop in
India, and West Bengal is the largest producer of rice in
India (Agricultural Statistics at a Glance, 2020). In this
paper, the Kharif rice yield data in the two districts viz.
Burdwan and Birbhum with the highest yield rate of rice
in West Bengal have been used. District-wise yearly yield
data of the Kharif rice were collected from the released
issues of yield estimates of the Bureau of Applied
Economics and Statistics (BAES), Department of
Statistics and Programme Implementation, Government of
West Bengal for 43 years from 1977-78 to 2019-20.

Data on the different weather variables for the
districts mentioned here were collected from the NASA
Power Data Access Viewer (Das et al., 2018, 2022; Setiya
et al., 2023) from 1977 to 2020. For this study, weather
data on the minimum temperature, maximum temperature,
rainfall, and relative humidity were considered. Daily data
were first converted into weekly data per standard
meteorological weeks. The weather during the pre-sowing
period affects the field preparation, sowing, and
germination of the crop. Heavy rainfall or drought during
this period can delay sowing or severely damage the sown
crop, adversely affecting the crop establishment and,
ultimately, crop yield. The weather data from the pre-
sowing period, that is, the 23" standard meteorological
week through to the harvesting period, that is, the 41%
standard meteorological week, were considered.

2.2. Methodology
2.2.1. Weather indices & multiple linear regression

Weather variables have varying effects on crop
growth and development at different stages. As a result,
the volume and distribution pattern of weather variables
throughout the crop season determines the extent to which
they influence crop yield. Furthermore, the influence of a
specific  meteorological variable on  agricultural
productivity varies dramatically among weeks. Using the
weekly data for each weather variable, a weighted variable
is generated concerning each weather variable for each
year under consideration. The weights assigned to weekly
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weather data for a certain weather variable are
simple  correlation  coefficients  calculated  over
time between crop yield (adjusted for time trend) and
weekly weather data for the ™ weather variable.
The weight assigned to a meteorological variable's
m" week is determined by the association between
yield and m" week weather data across time. These
weighted variables are referred to as weather indices. The
weather indices of a particular weather variable in a
specific year which is the representative of the weather
variable value for that year obtained by combining the
weekly influence of weather variable in the following
manner

Ze(iy = Zw=1"{yeX o} Xew®/ Zw=1Typxpey (1)
where m denotes the number of weeks in any particular
crop season, and p denotes the number of weather
variables taken in the study. Let Xiy (i=1, 2, ..., p; w=1,
2, ..., m) denote the value of i"" weather variable in wt"
week and y: denote the crop yield for the year t (t=1,2, ...,
43). Gupta (2023) has developed an R package to obtain
weather indices from weekly weather data and yearly
yield data.

The multiple linear regression model was fitted by
taking weather indices and time variable t as independent
variables, and the final model was obtained through a
stepwise variable selection technique by selecting
significant variables. The regression model takes the form
as follows:

p
yt=a+2biZt(i)+ct+s

i=1

)

2.2.2. ARIMAX model

The ARIMAX models are similar to ARIMA models
with an added layer of complexity, which can incorporate
exogenous variables in the expression of ARIMA (p,d,q).
The crop vyield is a real-world time series data that
possesses auto-correlation properties; therefore, an
ARIMAX model utilizes the auto-correlation of yield and
effects of exogenous variables. In this study, a version of
ARIMAX (Hyndman, 2021) was used, which can be
termed regression with ARIMA errors. Pandit et al., 2023)
used a similar model to develop yield forecast models for
rabi crops, and Alam et al., (2018) for rice in India. In this
case, the g coefficients can be interpreted as typical
regression coefficients. It is defined below as

k
Ve = Z Bixtqiy + Me 3)
i=1

593

where
®(B)(1 - B)*n, = 6(B)E,

Therefore, the ARIMAX model becomes

Ve = Z .tht(t)

O(B)(1 - B)'y, = D(B)(1 - B)" Z Boxuy + OB,

i=1

0(B)E,
4:(3)(1 o(B)(1 - B)?

(4

If the drift term p is included in the model, the above
expression is modified to
ut?
dr

= (B)(1 - B mem—) + O(B)E:
i=1

»(B)(1 - B)? ()’t -

)

The value of p is close to the actual value mean of
the time series when d=0 and it is equal to the mean of
(1 — B)%y, for d>0.

2.2.3. Artificial neural network

A completely connected network composed of
several fully connected layers that link every neuron in
one layer to every other layer's neuron is known as a
multilayer ~ feed-forward  neural network (MLP)
architecture. There are no loops in a feed-forward
network, and it has a one-way flow. For a wide range of
applications, including forecasting, the multilayered
perceptron (MLP) architecture is the most often used
neural network architecture (Zhang et al., 1998). An input
layer, hidden layers, and output layer constitute this
network. Neurons, which are also known as nodes, are
nonlinear components that make up each layer. Neurons
of the succeeding hidden layers receive input from the
preceding layers, and the nodes in the input layer accept
the values of the input (predictor) variables. Neurons in
every layer are completely coupled to neurons in every
other layer. As a result, the neurons in the following layer
receive input from the outputs of the neurons in each
layer. After all the processing in the hidden levels, the
final layer, known as the output layer, provides the output
value. Using an activation function or transfer function,
each neuron processes the input value locally before
transforming the output and sending it to neighboring
neurons. The number of hidden layers in the MLP
architecture can vary, as can the number of neurons in
each layer. In a causal connection problem, predictor
variables are sent to neurons in the ANN input layer and
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the predicted response variable value is received from the
neurons in the output layer of ANN.

The functional relationship estimated by the ANN
can be written as y=f(xi, Xz,...,Xp), Where xi, X,..., X, are
predictor variables and y is the response. The output of j"
node in the neural network is given by

12
yi=49 <6j + Z Wl-jxl->,
i=1

where g is a transfer or activation function, g; is the bias of
the node j, wyj, ...,wp are weights of node j and X
(i=1,2,...,p) are the input variables. The most important
aspect to consider when creating a multilayer feedforward
neural network architecture for a prediction problem is the
number of hidden layers and nodes in each hidden layer.
Neural networks can perform complex nonlinear mapping
between input and output variables by detecting and
capturing features and patterns in the data through the use
of hidden layers and nodes within them. As Zhang et al.,
(1998) pointed out, there is currently no theoretical
foundation for selecting these parameters. Determining
hidden layers and nodes is most commonly accomplished
through trial and error.

(6)

The activation function and learning algorithm are
two crucial components of an ANN. The activation
function and learning algorithm set the neuron’s weight in
the hidden layer. The robust backpropagation (Riedmiller
and Braun, 1993) technique, which is a quicker and better
version of the widely used backpropagation training
process, was utilized in this study together with a sigmoid
(logistic) activation function (f(x) = 1/(1 +e™*)). The
sigmoid (logistic) function as an activation function has
been used only for hidden layers, whereas for output
nodes, the linear activation function has been used, as
suggested by Rumelhart et al., (1995) for forecasting
problems. Before training the ANNs and hybrid models,
the data were scaled on a scale of [0, 1].

2.2.4. Regression-ANN hybrid approach

The variable studied in this paper, rice yield, is real-
world time series data, which are not necessarily fully
linear or nonlinear. These data often contain both linear
and nonlinear components. Then, data y; can be expressed
as:

)

where 9, represents the linear component of the data, is
the predicted value obtained from the linear regression
models, and &, is the residual term from the linear
regression model, which represents the nonlinear
component of the data.

Ye =Vt &,
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If the data are truly a combination of linear and
nonlinear patterns, neither linear regression nor ANNSs can
adequately capture and model the overall pattern in the
data because linear regression cannot deal with the
nonlinear relationship between a dependent variable and
independent variables, whereas ANNs alone may be
unable to adequately model both linear and nonlinear
components of the data. To better model complicated data,
it is recommended that linear and nonlinear models be
combined. Zhang (2003) proposed this approach for the
first time and Ray et al., (2016) applied it for wheat yield
forecasting and recently, Gupta et al., (2022 a) applied the
same for potato yield modeling.

The hybrid modeling approach is essentially a two-
step procedure in which the regression model deals with
linear patterns of data and the ANN model deals with
nonlinear patterns of data. The findings of both models are
then integrated to generate the hybrid model. More
precisely, in the first phase, a linear regression model, is
applied to the data under consideration, and the residuals
of this model, which contain the nonlinear pattern of the
data, are modeled using the ANN method. The fitted
values from the linear regression model estimate the linear
pattern, whereas the fitted residuals from the ANN model
will estimate the nonlinear pattern of the data. The final
combined estimated model can be given as

(8)

where 9, are the fitted values from the linear regression
model, and &; is the fitted values of the residuals from the
ANN maodel.

PN n
Ve =¥V t &,

The Modus Operandi of the study was to fit a
multiple linear regression at first and ultimately obtain a
final regression model after variable selection. Two
approaches were considered for the ANN models: first,
only the significant weather variables were used as inputs,
and second, all the independent variables (four weather
indices and time variable t) were used as inputs. The
number of hidden nodes was varied from one to five. The
hybrid MLR-ANN model was fitted with the same
procedure as ANN, except that the output variable in this
approach was the residuals obtained from the regression
model. All analyses were performed in the R statistical
package (R Core Team, 2024).

3. Results and discussion

3.1. Multiple linear regression and ARIMAX models

The multiple regression model with four weather
indices and time variable t was fitted for rice yield and the
variable selection was employed to get the final models
which are represented in Table 1.
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TABLE 1(a)

Parameter estimates of multiple linear regression models for rice yield

TABLE 2

Non-linearity test results of rice yield

District Model structure
Y=-35.17-0.07" Zyrep+2.14 Zin+0.417"t

e Ly (26.36) (0.02) (1.02) (0.04)

Birbhum Y(=-30.07"-0.02"" Zyyep+1.89™ Zupin+0.42°'t

(14.41) (0.004) (0.59) (0.03)

TABLE 1(b)

Parameter estimates of ARIMAX models for rice yield

District  Model structure  drift  ar; Znint  Zprep

041 -0.92™ 071" 155 -0.05™
(0.28) (0.13) (0.243) (0.90) (0.014)

038 —0.44" 1.88™ - 0.02"
(0.20) (0.17) (0.54) (0.004)

Figures in the parentheses represent the standard errors and the symbols *, **, and *** represent the significance

may

Burdwan ARIMA (1,1,1)-X

Birbhum ARIMA (1,1,0)-X

of estimates at 5%, 1%, and 0.1%, respectively.

The final multiple regression models for Burwan
and Birbhum were found to be highly significant with
F=78.88"" and F=170.1"" respectively. Furthermore, it
was revealed that the time variable (t), minimum
temperature, and precipitation have a significant effect on
the yield of rice in both districts and therefore were
retained in the model after variable selection. These
significant weather variables were then used as exogenous
variables in ARIMAX models.

The ARIMAX models were identified using Box and
Jenkins (2015) methodology for the rice yield data in both
districts. Various tentative ARIMAX models of several
order combinations were fitted, and finally, selected
models are presented in Table 1(b). The training and
testing accuracy measures of ARIMAX models are
presented in Table 3 for comparison purposes.

3.2. Non-linearity of Data

The residuals obtained from the regression model in
Table 1 were subjected to the BDS test and the results in
Table 2 show most of the p-values were less than 0.05 but
not all. These results indicate the presence of both linear
and non-linear components in the rice yield of the
Burdwan and Birbhum districts. Pandit et al. (2023) and
Ray et al. (2016) also used BDS test to check the non-
linearity in the data and reported presence of non-linearity
in the yield data.

3.3. ANN & MLR-ANN hybrid models
The BDS test results of MLR residuals in Table 2

indicated the presence of both linear and non —
linear patterns in the rice yield. Therefore, several neural
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Embedding Burdwan Birbhum
dimension .—0 55 ¢=0.5¢ e=c &=1.56 £=26 &=0 &=1.5¢ &=20
236 8758 114 056 240 296 -1.26 -2.46

M=2 " 0.018) (0.000) (0.255) (0.573) (0.016) (0.008) (0.208) (0.014)

355 8912 239 237 324 673 21 057
(0.000) (0.000) (0.017) (0.018) (0.001) (0.000) (0.036) (0.565)
Figures in the parenthesis represent the p-values of the test statistics

network models and hybrid models with varying numbers
of inputs and hidden nodes were fitted. The Zpep, Zmin,
and time variable t were taken as inputs and yield as
output. The model structures and accuracy measures of
various ANNSs and hybrid models are given in Appendices
1 and 2. These rice yield prediction models were subjected
to scrutiny for better accuracy among different models
within their approach and the models with lower errors
from each approach are presented in Table 3.

The models in Table 3 were compared for accuracy
to find out the best-fit model. Among all the approaches,
the hybrid MLR-ANN model with three and four hidden
nodes was found to be the best-fit model having the
lowest training and testing errors among all models. These
models combine the linear result of MLR and the non-
linear result of artificial neural networks.

Khan et al., (2024) in their study also reported that it
can be inferred that the hybrid model, PCA-ANN,
outperformed the individual models. Saravanan &
Bhagavathiappan (2024) also found hybrid deep learning-
based crop yield prediction model were successful in
modeling the crop yield data. A structural presentation of
fitted neural fitted with weights at each neuron is given in
Fig. 1.

Furthermore, actual values, predicted values, and
their corresponding percentage errors for the period of
testing data i.e. 2015-16 to 2019-20 have been presented
in Table 4. Fig. 2 represents the actual values, the training
set fitted values and the testing set predicted values of the
best-fit models. In addition, Table 5 represents the 6-8
weeks before pre-harvest forecasts by best-fit models.
These forecasts are very close to the actual yield values in
both districts.

3.4. Model diagnostics

The assumption of no autocorrelation among
residuals was tested using the “Ljung-Box™ test, which
yielded a test statistic value of x°=16.75 (p-value=0.669)
for Burdwan and y°=23.54 (p-value=0.263) for Birbhum,
indicating no autocorrelation among residuals. In addition,
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TABLE 3
Comparison of prediction models for rice yield
District Model Structure Training Testing
RMSE MAE MAPE RMSE MAE MAPE

MLR Y1=-35.17-0.07Zpep +2.14Z i +0.41t 1.82 1.50 6.81 1.56 1.03 3.06
- ARIMAX ARIMA (1,1,1)-X 1.86 1.45 6.32 1.42 1.23 3.87
g ANN.5 3:5:1 1.82 1.50 6.81 1.44 0.98 2.96
E ANN.9 5:4:1 147 127 5.71 150 1.13 3.34
HANN.3 3:3:1 1.34 1.03 4.65 0.80 0.65 1.92
HANN.6 5:1:1 172 142 6.43 1.46 1.00 3.02
MLR Y =-30.07-0.02Zyrep +1.89Z i +0.42t 1.45 1.23 5.90 1.30 0.97 3.02
c ARIMAX ARIMA (1,1,0)-X 1.72 1.36 6.23 1.06 0.84 2.64
2 ANN.3 3:3:1 131 111 5.22 1.06 0.79 2.43
£ ANN.9 5:4:1 1.33 1.07 4.96 1.18 0.90 2.78
@ HANN.4 3:4:1 1.13 0.84 3.75 0.84 0.80 247
HANN.8 5:3:1 127 1.03 473 1.01 0.79 245

the assumption of normality of residuals was tested using
the Shapiro-Wilk test, which yielded a test statistic value
of W=0.96 (p-value=0.163) for Burdwan and W=0.96 (p-
value=0.724) for Birbhum.
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These results indicated that the residuals did not
deviate significantly from normality, and the same was
reflected in the QQ plot in Fig. 3, where most of the points

are on the normal QQ line.
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TABLE 4
Predicted values and percentage prediction errors for rice yield
District Model 2015-16 2016-17 2017-18 2018-19 2019-20
Actual yield 34.00 33.30 28.60 32.20 35.50
MLR 30.67(10.85) 32.41(2.74) 28.73(-0.44) 32.76(-1.70) 35,74(-0.68)
S ARIMAX 31.85(6.76) 32.44(2.65) 30.6(-6.53) 32.97(-2.35) 35.88(-1.05)
% ANN.5 30.96(9.81) 32.55(2.31) 28.96(-1.23) 32.91(-2.16) 35.45(0.15)
a ANN.9 31.09(9.37) 32.6(2.13) 28.64(-0.15) 31.55(2.07) 34.13(4.00)
HANN.3 32.53(4.52) 32.64(2.03) 28.62(-0.08) 32.73(-1.6) 36.05(-1.53)
HANN.6 30.94(9.89) 32.63(2.06) 29.02(-1.45) 33.03(-2.52) 35.51(-0.04)
Actual yield 33.30 32.30 32.20 30.00 33.60
MLR 32.06(3.87) 29.81(8.36) 31.91(0.92) 30.74(-2.42) 33.51(0.26)
£ ARIMAX 32.64(2.02) 30.36(6.39) 32.43(-0.71) 31.18(-3.77) 33.79(-0.58)
g ANN.13 32.44(2.65) 30.19(6.99) 32.44(-0.75) 29.86(0.47) 33.00(1.83)
[ ANN.19 31.75(4.89) 30.25(6.79) 32.00(0.61) 30.5(-1.65) 33.4(0.60)
HANN.4 32.34(2.97) 31.35(3.04) 33.28(-3.26) 29.43(1.95) 33.18(1.26)
HANN.8 32.64(2.02) 30.3(6.60) 32.9(-2.11) 30.45(-1.47) 33.46(0.43)
Figures in the parenthesis represent the % error of predicted values.
TABLE5
Pre-harvest forecasts by best-fit models in both districts
District Model 2015-16 2016-17 2017-18 2018-19 2019-20
= Actual yield 34.00 33.30 28.60 32.20 35.50
é 6 Weeks before 28.82(17.98) 29.98(11.09) 24.63(16.09) 32.17(0.09) 35.54(-0.11)
@ 8 weeks before 28.87(17.75) 30.62(8.74) 25.97(10.14) 32.09(0.33) 35.72(-0.61)
c Actual yield 33.30 32.30 32.20 30.00 33.60
g 6 Weeks before 32.63(1.44) 32.63(1.44) 32.63(1.44) 32.63(1.44) 32.63(1.44)
[ 8 weeks before 32.48(2.52) 32.48(2.52) 32.48(2.52) 32.48(2.52) 32.48(2.52)

Figures in the parenthesis represent the % error of predicted values
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TABLE 6

Prediction accuracy test of models for rice yield

Burdwan Birbhum
Model pairs DM statistic P-value Model pair DM statistic P-value
HANN.3-MLR 4.66 0.000 HANN.4-MLR 2.80 0.004
HANN.3-ANN.5 4.74 0.000 HANN.4-ANN.3 2.45 0.009
HANN.3-ANN.9 2.08 0.022 HANN.4-ANN.9 1.79 0.041
HANN.3-HANN.6 3.61 0.000 HANN.4-HANN.8 0.64 0.264
3.5. DM test among models hot and cold, can negatively impact crop yields. Optimal
temperatures are essential for rice growth and
The model performance results in Table 3 development (Peng et al., 2004). Excessive heat can lead

established that the HANN.3 and HANN.4 models have
the lowest error measures among other approaches. Also,
Fig. 3 indicates that the fitted values of the hybrid model
are very close to the actual values. However, to further
validate the difference in accuracy of the models, the
statistical significance of the difference in the accuracy of
the models was tested by the DM test. The prediction
accuracy of the best fit hybrid model has been compared
with all other models and the DM test results are given in
Table 6.

The results in Table 6 revealed that the hybrid model
has significantly different prediction accuracy as
compared to other approaches except for HANN.8 model
in Birbhum. It indicates that the hybrid models HANN.3
in Burdwan and hybrid model HANN.9 in Birbhum have
significantly better prediction accuracy than other models.
Hence, on combining the results of Table 3, Table 4,
and Table 6 the hybrid MLR-ANN models with three
and four hidden nodes are the best-fit prediction model for
rice yield in the Burdwan and Birbhum districts
respectively.

Weather variability, driven by climate change,
significantly impacts rice production. Numerous studies
have demonstrated the profound influence of weather
variables on rice yield. Temperature, rainfall, and relative
humidity are among the most critical factors.
Precipitation, especially rainfall during the growing
season, is a critical factor affecting the growth and yield of
crops, particularly Kharif monsoon rice (Bowden et al.,
2023; Maiti et al., 2024). We found that there was a
highly significant negative effect of rainfall on rice yield.
This may be caused by the inundation following the flood
situation in the Ganges region and rainfall received during
the rice harvesting period which has adverse effects on the
rice yield. Asada and Matsumoto (2009) reported a similar
result of a negative correlation between rice production
and rainfall in districts of the lower Ganges region. Tack
et al., (2015) highlighted how extreme temperatures, both
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to sterility and reduced grain filling (Xu et al., 2021),
while cold temperatures can delay germination and growth
(Hussain et al., 2019). The effect of minimum temperature
was found to be positive in this study. Furthermore,
Nemoto et al., (2016) highlight the need for forecasting
models to consider not just the magnitude of weather
events but also their timing within the crop's growth cycle
which is accounted for by weather indices used in this
research.

Accurately forecasting rice yield is crucial for global
food security, especially in regions where rice is a staple
crop. Ghosh et al. (2015) showcased the development of a
rice yield prediction system in India, combining extended-
range forecasts with crop models. This approach
underscores the potential of integrating meteorological
data with crop modeling to enhance forecasting accuracy.
However, Mosleh et al. (2015) remind us that many
existing forecasting methods are empirical and require
further calibration and validation before being applied to
different geographical locations. This highlights the need
for robust and adaptable forecasting models that can
account for regional variations in climate and rice
varieties.

4. Conclusions

The minimum temperature and rainfall are the most
important weather variables for rice yield in West Bengal.
Interestingly, the effect of rainfall on rice yield came out
to be negative while the effect of minimum temperature
was positive on rice yield. It is concluded that neural
network models with proper tuning of hyperparameters
perform better than linear models for forecasting
purposes. However, the importance of statistical models
cannot be marginalized as they can contribute in the sense
of choosing the right inputs for the neural network
models. The selected best-fit models can be used to obtain
a reliable forecast of crop yield 6-8 weeks before harvest
for various policy decisions at various levels.
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