Application of Univariate Time Series Models
for Forecasting Area, Production, and
Productivity of Aman Rice in Jalpaiguri

ABSTRACT

Agricultural production is reliant on modern technology and historical information to enhance
the present outcomes and ensure future sustainability. In this study, the area, production,
and productivity of Aman rice in Jalpaiguri district using data from 1977-2022 is modelled by
two popular time series modelling techniques i.e., the Autoregressive Integrated Moving
Average (ARIMA) method and the Generalized Autoregressive Conditional
Heteroscedasticity (GARCH) method. A comparison of the models based on the lowest
values of Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and
Mean Absolute Error (MAE) revealed that ARIMA models performed better in the training
period on all three series. However, in the test period, the GARCH models on area and
production performed better while the ARIMA model performed betteron productivity. The
best-fitted models selected were AR (1) - GARCH (1,1)on Aman rice area, AR (1) - GARCH
(1,2) onAman rice production and ARIMA (0,1,1) onAman rice productivity. Using the chosen
models, forecasts are produced for thesubsequenttenyears.
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1. INTRODUCTION

In agriculture, time. series forecasting is a pathway to assist the decision-making
process. For agricultural management, policy-making, and planning purposes, getting
estimates of future values.is‘beneficial. By harnessing the power of data analytics using
historical data to get advanced estimates, sustainability can be ensured in the face of
uncertainty. Time-series modelling is a productive and reliable tool for forecasting future
outcomes. Time-series.models take historical information to describe the underlying time-
lagged relationships in the variables under study to produce accurate forecasts.

Two of the most popular time series forecasting techniques used are the ARIMA and
GARCH maodelling techniques. The Autoregressive Integrated Moving Average (ARIMA)
modelfitting is a linear modelling technique to ascertain the stochastic process involved in a
univariate series. ARIMA models are populardue to their simplicity and availability in multiple
softwares [1]. The ARIMA technique is an approach to model a time series variable with
cyclical'variation, irregular fluctuations, and trend components. Thistechniqueassumes that
the residual variance is constant.However, in real datasets, changes in variance have been
observedwith trends modelled by non-linear processes. Often, the underlying pattern
isinadequately explained bya linear modelasthe error variance is non-constant over time. In
that case, the Generalized Autoregressive Conditional Heteroscedasticity (GARCH) model
can capture the conditional variance orvolatility present in the dataset. Other than traditional
time series models, agricultural forecasting has proven to be successful by methods such as
naive forecasting [2], remote sensing-based methods [3], crop simulation models [4],
machine learning techniques [5], and deep learning methods [6]. In India,the ARIMA and




GARCH models have been used in agriculture to study crop prices[7,8],area, production and
yield [9, 10].

Rice is a major cereal crop grown under a diverse range of soil and agroclimatic
conditions in different states of India. It is a staple food for more than 60 % of
thenation’spopulation. Rice is grown extensively in West Bengal making it the largest
producer of India. Around 5.29 % of the rice grown in West Bengal is exported (Source:
IBEF,2022). In West Bengal, rice is grown primarily in three seasons, viz., Aus, Aman, and
Boro. Of the three seasons, the area under Aman rice cultivation is the largest and so, the
production is maximum. In the Terai Zone,heavy rainfall favours the growth of Aman rice.
Jalpaiguriaccounts for 2.7 % of the area under Aman rice cultivation and 2.5 % of Aman rice
production in West Bengal (Source: Directorate of Agriculture, Govt. Of W.B., 2021). There
is an emerging need to forecast the area, production, and productivity of Aman rice to help
formulate policy to narrow the gap between supply and demand. An efficient and reliable
method to produce forecasts is the time series approach.This study aims to model the area,
production, and productivity of Aman rice using the univariate ARIMA and GARCH modelsfor
generating forecasts for the Jalpaiguri district of West Bengal.

2. MATERIAL AND METHODS

2.1 STUDY AREA

Study Area Map - Jalpaiquri
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Fig. 1 Geographical map of Jalpaiguri district



Jalpaiguri is an Indian district in the state of West Bengal. As illustrated in Fig.1, it is
situated in the northern portion of West Bengal at latitudes 26° 16' to 27° 0' North and
longitudes 88° 4' to 89° 53' East. The gross cropped area of Jalpaiguri is 329544 ha of which
Aman rice is grown in 111502 ha (Source: Directorate of Agriculture, Govt. of W.B., 2021).

2.2 DATA COLLECTION

Annual data from 1977 to 2022 on area (‘000 ha), production (‘000 tonnes), and
productivity (kg/ha) of Aman rice of Jalpaiguri district were collected from Statistical Abstract,
Govt. of W.B. from 1977-2014 and Directorate of Agriculture, Govt. of W.B. from 2015-2022.
The dataset is divided into the training dataset consisting of the first 80% i.e. 1977 to 2013
for building the model while the rest 20% i.e., 2014 to 2022 is used for approving the
selected model. The analysis was carried out in R Studio IDE.

2.3 METHODS OF DATA ANALYSIS

2.3.1 Trend Analysis

A time series displaying a clear pattern, either an upward.or a downward, is called a
trend. The nonparametricMann—Kendall (MK) test[11,12]and Sen’s- slope Test [13] were
employed for trend analysis. The MK test is a statistical test employed for quantifying the
significance of trends and Sen’sslope for measuring the:magnitude of the trend [14].The t of
the MK test is the coefficient of correlation ranging between *1 [15] with positive values
indicating a positive trend and negative values indicatinga decreasing trend. The Sen’s slope
assumes a linear trend in a time series representediby . Positive § values indicate an
upward trend while negative values indicate a downward trend [16].

2.3.2 ARIMA

The ARIMA [17] model predicts future values based on a linear function of past
values of the time series and its error values. The Moving Average (MA) and Autoregressive
(AR) terms make up the ARIMA model. The Autoregressive terms are time-lagged values of
that variable with its immediate past value. The Moving average terms, on the other hand,
are time-lagged errors resultingfrom previously made estimates. An important criterion for
ARIMA models is that the series should be stationary i.e. the autocorrelation, mean and
variance should. be unchanging across time. If a series is nonstationary, it implies the
presence of a seasonal, cyclical, or trend component. To make it stationary, the series
should be differenced d times. This combination of the AR, MA, and differenced terms is
called the ARIMA model. The ARIMA (p, d, q) model is expressed as follows:

K(B)(1 = B) 'z, = A(B) w,
Where;.. k(p) = (1 — Ky =K f = — Kpﬁp)!l(ﬁ) = (1 — B =B — - _/lqﬁq); B s

known as the backshift operator; fz, = z,_,; zs the t*" time series value; w, is the t*"* white
noise assumed to be independently distributed; d is the order of differencing; p is the AR
order; q is the MA order; k's are the AR coefficients and 1's are the MA coefficients.

The Box Jenkins procedure of ARIMA modelling consists of the following stages:
Model Identification, Parameter Estimation, and Diagnostic Checking.

2.3.2.1 Model Identification



The identification stage is a stage of determining the orders of the AR, differencing,
and MA process i.e. p, d, and q respectively. For an ARIMA model, a time series should be
stationary. Non-stationary data is made stationary by differencing the series or sometimes,
by transforming the data using logarithmic transformations [18].A differenced series is
obtained by subtracting values from the current period from its last. The Augmented Dickey-
Fuller (ADF) Test is employed to test the stationarity of a series. The results of the ADF test
determine the order of d. To determine the p and g orders, one must visualize the ACF and
PACF plots. The lag at which the PACF plot has a significant spike and the lag at which the
ACF plot has a significant spike, determines the order of the AR and MA process,
respectively. The tentative models are examinedand the model with the smallest Information
Criteria values is selected.

2.3.2.2 Parameter Estimation

When the series is stationary, i.e. d =0, then, a constant term is_ included in the
model, and when d =1, a constant is included if it improves the AlCc value. Ford > 1, the
constant term is omitted as higher-order trends are harmful to forecasts [19]. After the model
is identified, the parameter coefficients of the AR and MA order.are estimated using the
maximum likelihood function [17].The forecast performance(ofthe models is assessed by
accuracy metrics like- RMSE, MAE, and MAPE.

2.3.2.3 Diagnostic checking

In this stage,residuals are screened for their departure from white noise. White noise
is characterized by residuals that are independently and normally distributed. The Normality
assumption is visualized by the histogram and checked using the Shapiro Wilk’s statistic.
The residual ACF plot and Ljung Box, test are employed to check the independence of
residuals.

Ljung-Box Test- The Ljung Box test [20]«is a lack-of-fit test. It is employed to test the
absence of serial autocorrelation up to lag k. The null hypothesis states that data is
distributed independently. The alternate hypothesis is the data are not independently
distributed.

h
Q=t(t+2) ) (-4},
k=1

Where, h is the total number of lags being tested, t is the sample size,p, is the sample
autocorrelation. at lag k, and. Q is distributed asymptotically as X(Zh) with h degrees of
freedom.

The:null.hypothesis of independence is rejected when the value of Q is greater than
the selected critical value of the y? distribution with h degrees of freedom.

Table 1: Model Evaluation Metrics

Statistics Formula

Akaike Information Criteria 2f —2In(L)

Bayesian Information Criteria In(T)f - 2 In (L)

Akaike Information Criteria with correction AlC + 2f% + 2f
T—f-1




Mean Absolute Percent Error T
100 x T~ x Z|@|/Zt

t=1

Mean Absolute Error L

T %) @]

t=1

Root Mean Square Error

T
(T—l Z @2)1/2
t=1

Where, T = no. of observations; f = no.of parameters; L = maximized value of the*maximum
likelihood function of the estimated model,@; = z, — p;, @; = estimated white noise at time 't',

@;°= squared value of estimated white noise at time ‘t, z, = original value at time ‘t,
p: =predicted value at time ‘t’.

2.3.3GARCH

The GARCH[21] model is a generalization of the ARCH [22] model. It is used for
modelling a series possessing conditional heteroscedasticity or _non-constant variance.
Totest the presence of ARCH effects, the ARCH L-M Test is used:The ARCH (q) process for
the residual series ¢, is defined by the conditional distributionof &.|y,_,, where ,_, is the
information about volatility up tot — 1.Here, & |y, -4#N(0, v,)

q

& = w N, andv, = @, + Z a;g_;?
i=1

Where, w, is white noise and w,~i.i.d. (0;1), &g = 0,a; = O,Z?zlai < 1V ito ensure positive
and unconditional variance of the stationary &, series.It means that ¢, is serially uncorrelated
with zero mean and changing cenditional variance of v, over time.

The unconditional ACF ofisquared residuals of the ARCH model, if it exists declines
rapidly, excepting the case when themaximum lag is large. While the unconditional ACF of
squared residuals of the. GARCH model decays slowly which gives a more parsimonious
model of the conditional variance [1].The conditional variance of the GARCHmodel
represents an ARMA process:[23] which is a linear function of its lagged terms as well and is

given as
q p
— 2
Ve = O +Zai£t—i +Zﬁj Vt—j
i=1 j=1

Where, ., >0,0; 208 20X, « +Z§.’=1ﬁj < 1Vijtoensure  positive  conditional
variance.g,_;%is the squared residual of t-i period from the mean equation and v,_; is the
forecast variance of t-jperiod.

Such models are called GARCH (p, q) where pdenotes the GARCH order
andqdenotes the ARCH order.The model parameters are estimated by the method of
maximum likelihood estimation.Here, («; + f;) is the measure of volatility persistence. This
sum values closer to 1 indicate a longer duration of persistence [7].

2.4 Test for stationarity and normality
1)Augmented Dickey Fuller Test - The ADF test[24] checks the stationarity of a series. The

test is applied to the following model:
Azp =a+pt+Wz, y + @0z, + o+ @pAz,, + &



Where, «a is a constant, g is the coefficient of time trend, Az, = z, — z,_4, Zle @;Az,_; are lag
terms up to order p; W is the coefficient of interestand ¢, is the error term

The null hypothesis is ¥ = 0, i.e., the presence of unit root indicating that the series
is non-stationary. The alternate hypothesis is that the time series is stationary.

DF; = i
T SE(®)

If DF; calculated <the critical value, the null hypothesis is rejected. If it is not

stationary, we travel further and test the series at first and second differences sequentially.

2)Wilk’s Shapiro Test- The Wilk’'s Shapiro test [25] is a goodness-of-fit test to check the
departure from normality. The null hypothesis is the time series y;,y,,...,¥:S normally
distributed. The alternative hypothesis is the series is not normally distributed.

_ (Zfﬂ kiJ/(i))2

Zf:1(3’i - 37)2

Where, k; are coefficients generated from variance, covariance and mean ‘of the sample
order statistics; y; is the ithorder statistic and Y¢_, (v; — 37)2 is the error sum of squares.
The null hypothesis is rejected when W statistic> the selected critical value.

2.5Test for ARCH Effect

ARCH L-M Test- Engle’s [22] ARCH test is askagrange. Multiplier test to evaluate the
presence of conditional heteroscedasticity in the squared residuals. The null hypothesis is
a; =0, j=12,..,m and the alternative hypothesis is at least one of the a; coefficients is
significant which is tested by the F-test-indicating the presence of autocorrelation in the
squared residuals of the regression:

&’ =@yt g PR F U gy 0,

Where, ¢,2%is the squared residuals, t =m +1,..n,w,is the white noise term, m is the
number of lags being tested, and niis the total sample size.

The null hypothesis'is rejected when the value of the F statistic is larger than the
selected critical value of the x2 distribution with mdegrees of freedom.

3. RESULTS AND DISCUSSION
3.1 Data Description

Descriptive statistics for Aman rice data between 1977-2022 are presented in Table
2.The area has decreased from 212.00 ‘000 ha to 111.34 ‘000 ha, production has increased
from 224.30000 tonnes to 299.23 ‘000 tonnes, and productivity has increased from 1058
kg/ha to 2687 kg/ha during the study period. Theaverage yearly area of Aman rice is 175.44
‘000 ha;"production is 269.59 ‘000 tonnes, and productivity is 1624.28kg/ha. Kurtosis value
(0.84) ofarea indicates a leptokurtic nature, 0.50 of production suggestsa mesokurtic nature
and -1.00 of productivity indicates platykurtic distribution. Negative skewness value (-1.33) of
area implies that area decreased continuously and positive skewness values 0.762 and
0.626 indicatean increase in the Aman rice production and productivity respectively.The CV
and SD explain variability. The CVs of area, production and productivity are 18.60%,
25.28%, and 37.08%, respectively and SDsare 32.63, 68.15, and 602.35, respectively.

Table 2 Descriptive statistics of Aman rice area, production, and productivity in Jalpaiguri



Maximum | Minimum Mean S.D. C.V. (%) | Kurtosis | Skewness
Area 220.70 99.74 175.44 32.63 18.60 0.84 -1.33
Production 433.90 138.40 269.59 68.15 25.28 0.50 0.76
Productivity | 2794.00 751.00 1624.28 602.35 37.08 -1.00 0.63

3.2 Trend analysis

The Mann—Kendall testand Sen'’s slope test (Table 3)are used for trend analysis.The
results of the MK-Test indicatethatthe area shows a significant negative trend while both
production and productivity show a significant positive trend and the same was established
by the Sen’s slope method at 0.1 % significance level.Sen’sslope for area, production, and
productivity are-1.24 ‘000 ha, 3.37 ‘000 tonnes, and 42.02kg/ha. The existence of trends
observed in the study encourages us to adopt time series models for forecasting.

Table 3Mann Kendall test and Sen’s Slope Test of area, production, and productivity of
Aman rice in Jalpaiguri

Parameters Mann Kendall Test Sen’s Slope Test
Kendall’'s p- MK test V4 p- Sen’s Slope p-
T value | statistic (S) value | estimator (8) | value
Area -0.59%** 0.00 -614.00%*** -5.80 0.00 -1.24%** 0.00
Production 0.60*** 0.00 617.00*** 5.83 0.00 3.37%xx 0.00
Productivity | 0.82*** 0.00 842.00*** 7.96 0.00 42.02%** 0.00
3.3 ARIMA

The primary step in ARIMA modelling is to determine the stationarity of the dataset.
For this purpose, the ADF test was employed. P > 0.05 of ADF statistic (Table 4) of the
original series for Aman rice area, production and productivity depict that the series are non-
stationary. To achieve stationarity; the above series are differenced. As shown in Table 4,
differencing operations of-the order'd = 1 result in a stationary dataset for Aman rice area,
production, and productivity.Once the stationarity condition is met, the AR and MA orders (p
and q) were determined from the ACF and PACF plots of the differenced series shown in Fig
2. Since the ACF<and PACEF, plots of the Aman rice area, production, and productivityare
significant at lag=1 each, the ARIMA model combinations of Aman rice is of the order p =
0,1, and g =0,1. To determine the best-performing model, the models-ARIMA (0,1,1),
ARIMA (1,1,0),-and ARIMA (1,1,1) are fitted to the training set and evaluated using the
lowest values of AlCc, AIC, and BIC. From the order analysis, ARIMA (0,1,1) for Aman area,
ARIMA (0,1,1) with a constant for production, and ARIMA (0,1,1) with a constant for
productivity are selected forJalpaiguri district which is presented in Table 5.

Table 4; ADF Stationary test of the time series variables for different differencing orders

Time series d=0 d=1

ADF statistic P value ADF statistic | P value
Area -2.70 0.30 -5.22 0.01
Production -2.58 0.34 -6.08 0.01
Productivity -2.52 0.37 -7.37 0.01
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Fig. 2: ACE.plot and PACF plots of the differenced series of Aman rice area, production and
productivity in:Jalpaiguri

Table 5:Selection criteria for the plausible model identification in Jalpaiguri

Aman Rice Area

ARIMA (p.d,q) Model AlCc AIC BIC
ARIMA (0,1,1) 286.069 285.7053 288.8724
AR (m) - GARCH (p.q) AIC BIC LLH
model
AR (1) - GARCH (1,1) 285.40 293.46 ~137.70

Aman Rice Production

ARIMA (p,d,q) Model \

With constant




AlCc AIC BIC
ARIMA (0,1,1) 363.5239 362.7739 367.5244

AR (m) - GARCH (p,q) AIC BIC LLH

model
AR (1) - GARCH (1,1) 388.98 397.04 -189.49
Aman Rice Productivity
With constant

ARIMA (p,d,q) Model Alce AlC e
ARIMA (0,1,1) 479.95 479.20 483.95

AR (m) - GARCH (p,q) model AIC BIC LkH
AR (1) - GARCH (1,1) 510.77 518.83 =250.39

The parameters of the selected models are tested for their statistical significance
which is given in Table 6. The MA components of all the series are negative:and statistically
significant at a 0.1% level of significance implying that previous period shocks have a crucial
role in describing Jalpaiguri's area, production, and productivity:Then, the residuals from the
models are analyzed for independence and normality to ascertain.that they are white noise.
There is no serial autocorrelation in the residuals as observed.in ACF plots (Fig. 3) and the
Q-statistic's p-value is P>0.05, meaning that every series is independent (Table 7). To detect
the presence of normality, the Shapiro Wilk's Test presented:in.Table 7 and the histogram
(Fig. 3) explain thatthe residuals for area are non-normal (P<0.05) while production and
productivity are normal (P>0.05). Ultimately, ARIMA (0,1,1) for area, ARIMA (0,1,1) for
production with a constant, and ARIMA (0,1,1) with/a constantfor productivity are selected as
best-fitted models.

Table 6:Estimated parameters of Aman.rice Area, Production, and Productivity for the
chosen models

Area
ARIMA (0,1,1) Parameters Coefficient | Std. error | z- statistic P value
MA1 -0.65*** 0.12 -5.44 0.00
Mean Equation
Parameters Coefficient | Std. error | t statistic P value
AR (1()if31,)ARCH Constant 180.17*** 2.28 78.98 0.00
AR1 0.54*** 0.15 3.67 0.00
Variance Equation
Parameters Coefficient | Std. error | t statistic P value
Constant 0.00 0.01 0.00 1.00
a, 0.16 0.16 0.99 0.32
By 0.76%** 0.14 5.32 0.00
(a; + 1) 0.92
Production
Parameters Coefficient | Std. error | z- statistic P value
ARIMA (0,1,1) MA 1 -0.66*** 0.13 -5.06 0.00
Constant 5.70%** 2.07 2.75 0.01
AR (1) - Mean Equation




GARCH (1,1) Parameters | Coefficient | Std. error | t statistic P value
Constant 255.81%* 37.87 6.76 0.00
AR1 0.87*** 0.14 6.31 0.00
Variance Equatio
Parameters Coefficient | Std. error | t statistic P value
Constant 6.049 206.02 0.03 0.98
a, 0.00 0.04 0.00 1.00
B 0.991%*=* 0.12 8.03 0.00
(ay + B1) 0.991
Productivity
Parameters Coefficient | Std. error | z- statistic P.value
ARIMA (0,1,1) MA1 -0.62*** 0.12 -5.09 0.00
drift 34.23*** 11.37 3.01 0.00
Mean Equation
Parameters Coefficient | Std. error | t statistic P value
Constant 1057.91*** 238.59 4.43 0.00
AR1 1.00%*=* 0.08 11.87 0.00
AR (1) - Variance Equatio
GARCH (1,1) Parameters Coefficient | Std. error | t statistic P value
Constant 168.09 9199.60 0.02 0.99
a, 0.00 0.04 0.00 1.00
By 0.995#** 0.01 73.23 0.00
(a, + 1) 0.995

P <0.1;* P<0.05; * P < 0.01; ** P < 0.001

Table 7. Tests of Normality, and Independence for the residuals of the selected models for
Aman rice in Jalpaiguri

Model Shapiro Wilk’s Test Ljung- Box (Q) Test

W statistic | p value | Q statistic | df p value
Area: ARIMA (0,1,1) 0.87 0.00 241 6 0.88
Production*ARIMA (0,1,1) 0.98 0.58 8.96 6 0.18
Productivity; ARIMA (0,1,1) 0.99 0.94 6.82 0.34
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Fig. 3: Residual plots, ACF plots, and distribution of ARIMA (0,1,1), ARIMA (0,1,1), and
ARIMA (0,1,1) for Aman rice area, production, and productivity in Jalpaiguri

3.4GARCH:



Like ARIMA models, GARCH models also undergo the identification, estimation and
diagnostic checking procedure. The first step of GARCH modelling is to fit a suitable
autoregressive (m) process by examining the PACF plot. From the PACF plots given in
Fig.4, it is seen that 1% lag for area, production, and productivity has a significant spike. It
can be concluded that the model for the conditional mean is AR (1). To test the
heteroscedasticity of the residuals obtained from the AR (1) process, we looked at the ACF
plots of the squared series of area, production, and productivity and their standardized
squared residuals. The ACF plots depict dependency in both the squared series as well as
squared residuals (Fig. 5). The ARCH-LM Test is tested on the squared residuals. The result
of the test shows thatP <0.05 (Table8) indicatingthe presence of conditional
heteroscedasticity. Hence, we can proceed to build a GARCH model.

Table 8. Test of heteroscedasticity for the residuals of the AR (1) models

ARCH - LM Test
Model —
Statistic p-value
Area: AR1 404.89 0.00
Production: AR1 30.32 0.00
Productivity: AR1 22.57 0.00
PACEF plot of Area PACEF plot of Production PACEF plot of Productivity
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Fig. 4: PACF plot of Aman rice area, production, and productivity in Jalpaiguri
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Fig. 5: ACF plot'of squared series, standardized residuals, and standardized squared
residuals of Amanirice area, production, and productivity in Jalpaiguri

To establish- a GARCH (p,q) model, the orders of p and g must be determined.
Generally;:GARCH models of the order p=,1,2 and q=1,2 are formulated on the training set.
The different specification models are compared and AR (1) - GARCH (1,1) is found to be
the best' model for area, production, and productivity based on theleast value of AIC and BIC
criteria which are given in Table 5. The estimated model parameters and their statistical
significance are given in Table 6. The constant, AR (1) of the mean equation and f;of the
variance equation are statistically significant at 1 % level of significance for area, production,
and productivity. Significant AR (1) coefficients indicate significant conditional mean effect
andp; coefficients indicate strong GARCH effects. However, there are no significant ARCH
effects in all three series. This implies that there is no significant error variance, however,
thereis conditional variance in the lagged innovations.The sum of « and § coefficients give a
measure of the volatility persistence. The results given in Table 6 indicate that there is
persistent volatility in the Aman rice area (0.9173), production (0.9911) and productivity
(0.9954) in Jalpaiguri. It is seen that f; values are high indicating persistent volatility that
takes a longer duration to change [26].
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Once the presence of volatilityis confirmed, residual diagnostics are employed to
detectthe presence of any systematic pattern in the data. The standardized residualtime plot
in Fig. 7shows no noticeable patterns. The Ljung-Box statistic for the standardized residuals
and standardized squared residuals is given in Table 9. The values indicate the absence of
serial autocorrelation in the standardized squared residuals for area, production and
productivity at different lags (Table 9) demonstrating that it is suitable for describing the
dynamic volatility. The ACF plot of the standardized residuals (Fig. 7) andsquared
standardized residuals (Fig. 5) depict no departure from the model assumptions.The
residuals of area are non-normal while production and productivity are normal as observed
from the histogram (Fig. 6) and the p-values(P > 0.05) of the W-S statistic (Table 9). The
P > 0.05 of the ARCH L-M Test show no ARCH effect exists in the standardized squared
residuals.
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Fig. 6: ACF plots of standardized squared residuals of AR (1) - GARCH (1,1) models for
Aman rice area, production, and produgtivity:in Jalpaiguri
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Fig. 7:Residual plots, ACF plots, and distribution of standardized residuals of AR (1) -
GARCH (1,1) modelsfor Aman rice area, production, and productivity in Jalpaiguri

Table 9: Standardized residual tests for AR (1) — GARCH (1,1) models of Aman rice area,
production, and productivity in Jalpaiguri

Area

Residual Test | Test statistic Variable Test value p-value

Shapiro Wilk W Residual 0.91 0.01
Ljung Box Q (1) Residual 3.05 0.08
Ljung Box Q (2 Residual 3.14 0.03
Ljung Box Q (5) Residual 4.61 0.14
Ljung Box Q1) Residual® 1.09 0.30
Ljung Box Q (5) Residual? 1.45 0.75
Ljung Box Q (9) Residual? 1.90 0.92
ARCH L-M x%(3) Residual? 0.17 0.68

Production

Residual Test | Test statistic Variable Test value p-value

Shapiro Wilk W Residual 0.98 0.69
Ljung Box Q1) Residual 3.49 0.06
Ljung Box Q(2) Residual 3.58 0.01
Ljung Box Q (5) Residual 8.31 0.01




Ljung Box Q1) Residual® 0.39 0.53
Ljung Box Q (5) Residual® 1.51 0.74
Ljung Box Q (9) Residual® 5.75 0.33
ARCH L-M x%(3) Residual? 0.11 0.74
Productivity

Residual Test | Test statistic Variable Test value p-value

Shapiro Wilk w Residual 0.98 0.64
Ljung Box Q (1) Residual 10.68 0.00
Ljung Box Q (2) Residual 10.87 0.00
Ljung Box Q (5) Residual 15.11 0.00
Ljung Box Q1) Residual® 1.46 0.23
Ljung Box Q (5) Residual® 4.41 0.21
Ljung Box Q(9) Residual® 10.59 0.04
ARCH L-M x? (3) Residual® 0.03 0.85

3.5 Validation and Forecasting

Table 10 presents the actual versus predicted Area, production and productivity
values from 2014-2022. The predicted values are close to-the actual values indicating that
the fitted model is appropriate. A two-way validation of the training and testing set is done to
select the best forecasting model. The selected ' models are compared and the model with
the lowest accuracy statistics is selected (Table 11).It can be seen that ARIMA models
perform best in the training series of all three series. In the case of Aman rice area, the AR
(1) - GARCH (1,1) outperformed ARIMA (0,1,1) in the test period. The performance of Aman
rice production reveals that AR (1) - GARCH (1,1)is better due to lower values of evaluation
metrics in the test period. From the results of the accuracy statistics of the test set, the linear
ARIMA (0,1,1) model performed.better for Aman rice productivity due to its lowest values of
all forecasting accuracy statistics. Eventually, the models AR (1) - GARCH (1,1), AR (1) -
GARCH (1,1), and ARIMA (0,1,1) performed better during the testing period.Hence, these
models are chosen for forecasting Aman rice area, production, and productivity since they
have better performance. inithe new dataset. The forecast values along with their 95 %
confidence interval for the next ten years from 2023 to 2032 are presented in Table 12 and
Fig. 7.
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Table 10: Actual vs. predicted values for validation set

Year Area (‘000 ha) Production (‘000 tons)

Productivity (kg/ha)




Actual | ARIMA | AAFF;(':H Actual | ARIMA | AAFF;(':H Actual | ARIMA | - AAS(':H
2014 | 176.40 | 176.22 | 123.97 433.9 | 433.68 | 403.29 | 2460.00 | 2458.84 | 2460.00
2015 | 167.78 | 175.01 | 152.36 | 425.33 | 437.26 | 429.90 | 2535.00 | 2500.38 | 2460.00
2016 | 103.43 | 167.79 | 147.69 | 249.33 | 426.45 | 422.45 | 2411.00 | 2543.98 | 2535.00
2017 | 104.95 | 142.02 | 112.85 | 263.93 | 361.98 | 269.46 | 2515.00 | 2523.61 | 2411.00
2018 | 99.74 | 128.24 | 113.67 | 278.70 | 331.89 | 282.15 | 2794.00 | 2556.15 | 2515.00
2019 | 104.68 | 118.05 | 110.85 | 276.90 | 318.77 | 294.99 | 2645.00 | 2681.31 | 2794.00
2020 | 105.29 | 113.33 | 113.53 | 277.91 | 309.90 | 293.43 | 2640.00 | 2701.68 | 2645.00
2021 | 111.50 | 110.51 | 113.86 | 296.18 | 304.55 | 294.30 | 2656.00 | 2712.51 | 2640.00
2022 | 111.34 | 110.86 | 117.22 | 299.23 | 307.37 | 310.18 | 2687.00%.2725.34 | 2656.00
Table 11: Model accuracy statistics for validation of Aman Rice in Jalpaiguri
Training set Testing set
Model RMSE MAE MAPE | RMSE MAE MAPE
Area: ARIMA (0,1,1) 7.77 11.85 0.04 17.80 27.13 0.17
Area: AR (1) - GARCH (1,1) 9.57 13.49 0.05 17.40 24.38 0.14
Production: ARIMA (0,1,1) 26.82 33.61 0.12 47.88 72.17 0.18
Production: AR (1) - GARCH (1,1) 33.91 40:65 0.14 29.30 59.31 0.11
Productivity: ARIMA (0,1,1) 131.74 |-169.49 0.11 67.56 97.37 0.03
Productivity: AR (1) - GARCH (1,1) | 171.194] 210.25 0.13 87.00 121.61 0.03

Table 12: Forecasted values of best-fitted models of Aman rice Area, Production, and

Productivity for Jalpaiguri

Year Area (‘000 ha) Production (‘000 tons) Productivity (kg/ha)

low 95 Point high 95 | low 95 Point high 95 low 95 Point high 95

forecas forecas forecast
t t

2023 | 85.26 | 11144 137.62 205.21 290.47 375.74 2421.41 2749.61 3077.82
2024 | 85.37 | 111.54 137.72 198.40 283.67 368.95 2431.54 2787.74 | 3143.94
2025 | 85.47 | 111.64 137.81 193.11 278.40 363.68 2443.72 2825.87 3208.01
2026 | 85.57 ] 111.74 137.91 189.00 274.30 359.60 2457.55 2863.99 3270.43
2027 | 85.67 |111.84 138.01 185.81 271.12 356.43 2472.76 2902.12 3331.48
2028 | 85.77 | 111.94 138.11 183.33 268.65 353.98 2489.12 2940.25 | 3391.37
2029, | 85.87 | 112.04 138.21 181.41 266.74 352.07 2506.49 2978.37 3450.25
2030 | 85.97 | 112.14 138.31 179.91 265.25 350.60 2524.74 3016.50 | 3508.26
2031 | 86:07 | 112.24 138.41 178.74 264.10 349.45 2543.75 3054.62 3565.49
2032 | 86.16 | 112.34 138.51 177.84 263.20 348.57 2563.46 3092.75 | 3622.04

4. CONCLUSION

The production of Aman rice is the highest among all the three seasons-
Aus, Aman, and Boro in Jalpaiguri district. Aman rice is an indispensable crop as it is the
major rice contributor providing extensive employment and income. It is imperative to study
the scenario of the crop area, production, and productivity and make predictions of the future
outcomes to ascertain that the demands are met for feeding the Jalpaiguri populace. The




model AR (1) - GARCH (1,1) for Aman rice area, AR (1) - GARCH (1,1) for production, and
ARIMA (0,1,1) for productivity is found to be a parsimonious model for Aman rice in
Jalpaiguri. It is unsuitable to comment on the supremacy of either of the models since both
ARIMA and GARCH models can be used for forecasting. The forecast estimates suggest
that the Aman rice areais increasing at a slow ratewhile production is likely to decrease and
productivity is projected to increase. Rice production decreases due to several reasons such
as lack of infrastructure, investment, poor seed quality, deficiency of technological
advancement, diseases [27], poor condition of farmers, poor irrigation facilities,
transportation challenges,absence of a proper market [28],pest attack, and climate
change.Over time, the decline in production could be severe, threatening the livelihoods of
poor farmers. In the long run, to maintain the sustainability of rice production, it is vital to
save natural resources such as soil flora, fauna, land, and water that support the production
of rice [29]. As natural resources and labour are getting scarce, rice will be severely affected
since its water and manpowerrequirementsare highest. It is recommended that the social
and practical obstacles to such advancements be overcome with the use of existing
resources, research, and expertise[30].This research thus suggestsmaking -policies to
increase Aman rice area and production in Jalpaiguri toensure nutritional security.

Disclaimer (Artificial intelligence)
Option 1:

Author(s) hereby declare that NO generative/Al technologies such as Large Language
Models (ChatGPT, COPILOT, etc) and text-to-image generators have been used during
writing or editing of manuscripts.

(We have not used any Al tools in the preparation of the manuscript)
Option 2:

Author(s) hereby declare that generative Al technologies such as Large Language Models,
etc have been used during writing or editing of manuscripts. This explanation will include
the name, version, model, and source of the generative Al technology and as well as all
input prompts provided to the generative Al technology

Details.of the Al'usage are given below:
1.
2.

3.
REFERENCES

1. Shekhawat RS, Singh KN, Kumar A, Sarkar KP, Doni R, & Gurung B. Stochastic volatility
in mean model for capturing the conditional variance in volatile time series data. The Indian



Journal of Agricultural Sciences. 2018; 88(10): 1644-
1647. https://doi.org/10.56093/ijas.v88i10.84258

2. Yusof ZM, Masnita M, Nur FB, Mohammad FY, Nur ABAA, and Nur HBS. Projection of
Paddy Production in Kedah Malaysia: A Case Study. Asian Journal of Advances in
Agricultural Research.2019; 10 (3):1-6. https://doi.org/10.9734/ajaar/2019/v10i330030

3. Mosleh MK, Hassan QK, Chowdhury EH. Application of Remote Sensors in Mapping Rice
Area and Forecasting Its Production: A Review. Sensors. 2015; 15: 769-
791.https://doi.org/10.3390/s150100769

4. Horie T, Yajima M, and Nakagawa H. Yield forecasting. Agricultural Systems: 1992; 40(1-
3); 211-236.

5. Shakoor MT, Rahman K, Rayta SN and ChakrabartyA. Agricultural production output
prediction using Supervised Machine Learning techniques. 2017 1st International
Conference on Next Generation Computing Applications (NextComp), Mauritius 2017; pp.
182-187.doi: 10.1109/NEXTCOMP.2017.8016196

6. Bali N, and Singla A. Deep Learning Based Wheat Crop Yield Prediction Model in Punjab
Region of North India. Applied Artificial Intelligence. 2021 35(15); 1304-1328.
https://doi.org/10.1080/08839514.2021.1976091

7. Sahu CR, Basak S, and Gupta DS. Modelling long memory in volatility for weekly jute
prices in the Malda district, West Bengal. Int J.Stat-/Appl Math. 2023; 8(3): 118-124. DOI:
10.22271/maths.2023.v8.i3b.997

8. Bhardwaj SP, Paul RK, Singh DR, & Singh KN. An empirical investigation of ARIMA and
GARCH models in agricultural price forecasting. Economic Affairs. 2014; 59(3): 415-428.

9. Viswajith KP, Dhekale BS, Sahu PK, Mishra P, and Noman MD. Time series modeling
and forecasting of pulses production in India. Journal of Crop and Weed. 2014; 10(2): 147-
154.

10. Viswajith KP, Sahu PK; Srivastava AB, and Gautam R. Modeling and Forecasting of
Lentil in India. Journal-of Agriculture, Biology and Applied Statistics. 2023; 2(1): 25-44.

11. Kendall. MG. Rank correlation methods. New York: Oxford University Press; 1975.

12. Mann HB:-Nonparametric tests against trend. Econometrica. 1945; 13, 245-259. https://
doi. org/. 10:.2307/ 19071 87

13. Sen PK. Estimates of the regression coefficient based on Kendall’s tau. Journal of the
American Statistical Association, 1968; 63, 1379-1389. https:// doi. org/ 10. 1080/01621
459. 1968. 10480 934

14. Banakara KB, Sharma N, Sahoo S, Dubey SK, Chowdary VM. Evaluation of weather
parameter-based pre-harvest yield forecast models for wheat crop: a case study in
Saurashtra region of Gujarat. Environ Monit Assess. 2022; 195(1): 51. doi: 10.1007/s10661-
022-10552-4. PMID: 36316588.



15. Paudel A, Basnet KB, Paudel A, Gurung B, Poudel U. Trend Analysis of Area,
Production, Productivity, and Supply of Potato in Sindhuli District and Nepal: A Comparative
Study. Malaysian Journal of Sustainable Agriculture. 2022; 6(1): 29-37.

16. Diress S A, &Bedada TB. Precipitation and Temperature trend analysis by Mann Kendall
test: The case of Addis Ababa methodological station, Addis Ababa, Ethiopia. African
Journalon Land Policy and  Geospatial  Sciences, 2021; 4(4): 517-
526.https://doi.org/10.48346/IMIST.PRSM/ajlp-gs.v4i4.24086

17. Box GEP and Jenkins GM. Time Series Analysis: Forecasting and Control. 2nd ed.
Holden-Day, San Francisco; 1976.

18. Ravichandran S and Yashvanath BS. ARIMA Vs VARMA - Modelling and:Forecasting of
India’s Cereal Production. J Indian Soc Agric Stat. 2020; 74(2):121-128.

19. Hyndman R, and Athanasopoulos G. Forecasting: principles-and practice. 2nd ed.
OTexts: Melbourne, Australia; 2018. OTexts.com/fpp2.

20. Ljung GM and Box GEP. On a measure of lack of fit in“time series models.
Biometrika.1978; 65:297-303.

21. Bollerslev Tim. Generalized autoregressive conditional=heteroskedasticity. Journal of
Econometrics.1986; 31(3): 307-27.

22. Engle RF. Autoregressive Conditional Heteroskedasticity with Estimates of the Variance
of United Kingdom Inflation. Econometrica.©1982; 50:987-1007.

23. Pahlavani M and Roshan R. The Comparison'among ARIMA and hybrid ARIMA-GARCH
Models in Forecasting the Exchange,Rate of Iran. International Journal of Business and
Development Studies. 2015; 7(1): 31-50.

24. Said SE & Dickey DA. Testing far Unit Roots in Autoregressive-Moving Average Models
of Unknown Order. Biometrika. 1984; 71(3):599-607. https://doi.org/10.2307/233657013.

25. Shapiro SS and Wilk:MB. An Analysis of Variance Test for Normality (Complete
Samples). Biometrika.:1965; 52:591-611. https://doi.org/10.1093/biomet/52.3-4.591

26. Uwilingiyimana C, MUNGA'TU J, &Harerimana JD. Forecasting Inflation in Kenya Using
ARIMA-GARCH Models.International Journal of Management and Commerce Innovations.
2015;.3(2):15-27.

27. Bashir, Bilal, Bilal Nawaz, and Saira Sattar. 2019. “An Economic Analysis of Rice
Production in Pakistan: A Case Study”. Asian Journal of Agricultural and Horticultural
Research 4 (3):1-13. https://doi.org/10.9734/ajahr/2019/v4i330025

28. Bhattacharya U. Rice Cultivation in India- Challenges and Environmental Effects.
Proceedings of the Workshop on NLP in Agriculture and Livestock Management. 2022; pp.
1-4.

29. Balasubramanian V, Sie M, Hijmans RJ, Otsuka K. Increasing rice production in sub-
Saharan Africa: challenges and opportunities. Advances in agronomy. 2007 Jan 1;94:55-
133.



30. Prasad R, Shivay YS, Kumar D. Current status, challenges, and opportunities in rice production. Rice
production worldwide. 2017; 1-32.




