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The paper made an attempt to forecast the values for area under the ground nut crop based
on the time series data collected for the period 1966-67 to 2015-16 using Auto Regressive
Integrated Moving Average (ARIMA) process. The results revealed that the ARIMA
(2,1,1) was the best fitted model and all the model adequacy tests like stationarity of the
residuals, normality assumption, etc.,were satisfied by the fitted model. The forecasts for
the period 2016-17 to 2025-26 indicated the declining trend in the area under the crop. This
necessitates immediate attention from the policy makers and agricultural scientists to take
appropriate measures to expand the area under the crop considering its importance in the
Indian economy as an important source of edible oil for the majority of the people.
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INTRODUCTION

Oilseeds occupy an important place in the Indian Economy.
India is one of the largest producer of oilseeds in the world.
Different oilseeds have been grown in the country namely
groundnut, soybean, mustard, sunflower, sesame, rapeseed,
safflower, etc. Groundnut is a very important cash crop grown
in the different parts of the country. India accounts for about
18.60 percent of world area and 16.77 per cent of world
production of groundnut next only to China during 2015-16
(Status Paper on Groundnut, 2017). Important states growing
groundnut are Andhra Pradesh, Gujarat, Karnataka, Rajasthan
and Tamil Nadu together accounted for major share of the
groundnut area and production of the country. Groundnut is a
highly valued food crop as it is a source of many nutrients. It is
also known as Indian Almond and consumed by the common
man due to its low price. Major part of the groundnut kernels
is used for oil extraction also. Groundnut helps in maintaining
soil fertility. Despite its importance groundnut also known as
peanut is largely cultivated under rainfed conditions and area
under groundnut crop is declining over a period of time.
Groundnut area which accounted for 46 percent of the total
oilseeds in 1966-67 declined to 18 percent in 2915-16 but that
of groundnut area under irrigation increased from 5 percent to
25 percent during the same period (CMIE data base). In view
of this the present work aimed at forecasting the area under the
ground crop with the help of time series analysis called Auto
Regressive Integrated Moving Average (ARIMA) process.
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The forecasting of the ground nut area will be helpful to policy
makers in formulating appropriate policy measures in order to
ensure increased area under the crop and enhanced production.

LITERATURE REVIEW

In literature we find number studies done on area, production
and yield of groundnut crop and other crops in India and other
countries of the world using various econometric techniques
and some of the relevant studies have been discussed in this
section. The trends in area, production and productivity of
groundnut crop in Telangana was analysed based on the time
series data using exponential function and results revealed that
area and production showed negative trend during the study
period while that of productivity exhibited positive trend and
accordingly relevant implications had been derived from the
results (Shruthi ef al., 2017). Trends in area, production and
productivity of groundnut in India had been analysed using
orthogonal polynomial technique based on the time series data
and results showed that there were negative growth rates in
area but positive growth rates observed in production and yield
of groundnut during the study period (Mishra, 2017). Major
challenges related to production and yield of groundnut were
also discussed and based on the results suitable
recommendations were made. A survey had been made on
area, production and productivity of groundnut at the district
(Anantapur), state (Andhra Pradesh) and national level (India)
during 1996-2000 to 2001-2006 and based on the evidence
collected some recommendations were made for the
improvement of groundnut crop (Madhusudhana, 2017).
Forecasting pulse production in Kenya had been done with the
help of ARIMA model based on the time series data for the
period 1961 to 2012 (Esther & Magdaline, 2017). The study
based on the forecast values suggested for effective policy
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implementation for pulse production enhancement in the
country. Simple exponential smoothing, Double exponential
smoothing, Damped-Trend linear exponential smoothing and
ARIMA models were applied to time series data to predict
crop yield in Ghana and results indicated that the ARIMA
model was better compared to other models in forecasting the
yield (Choudhury & Jones, 2014). The results suggested that
the findings of the study were useful for insurance
underwriters. A study in Bangladesh forecasted the Garlic
production based on ARIMA model and selected ARIMA
(0,2,1) as the best fitted model for forecasting (Hossain &
Abdulla, 2015). Groundnut oil prices were forecasted applying
ARIMA method and Artificial Neural Networks (ANN) and a
comparative analysis of these techniques had been done
(Mishra & Singh, 2013). Forecasting of food grains area,
production and yield had been done at all India level using
ARIMA technique and results showed that ARIMA (2,1,2),
ARIMA (4,1,0) and ARIMA (3,1,3) were best fitted to the data
based on the various statistical criteria (Savadatti, 2017). The
results suggested for timely measures on the part of the
government for enhancement of food grains’ supply to meet
the rising demand in the country. Another study based on the
ARIMA process forecasted the production of Groundnut in
Turkey and the results indicated the increasing trend in the
groundnut production (Celik et al., 2017). It is evident from
the literature review that ARIMA technique is popular in time
series forecasting. The review has given the required
theoretical framework for the present analysis.

RESEARCH METHODOLGY

Theoretical Frame work

The forecasting of time series data using ARIMA technique
involves three stages namely Model Identification, Model
Estimation and Model adequacy tests and lastly Forecasting.
The first step Model Identification requires that the time series
under consideration are stationary if not, they have to be made
stationary through appropriate procedure. The stationarity of
the series can be checked with the help of Autocorrelations
(AC) and Partial Autocorrelations (PAC) of the series. Also
one can resort to statistical tests like Augmented Dicky Fuller
(ADF) test for testing the stationarity. The ADF test requires
estimation of the following regression (Gujarati & Sangeeta,
2007)

AYt = 0(1+ X, t+ Q)Yt'—l + Z?:l BiAYt_i + Et

The number of lagged differenced terms to be included in the
equation is decided based on the Akaike Information Criteria
(AIC) or Shrewaz Information Criteria (SIC). Based on the test
results if the series are stationary one may proceed to the next
stage of model identification if not then, series are made to be
stationary based on the appropriate technique i.e., differencing
the series then series are said to be I(d) where ‘I’ stands for
integration and ‘d’ for number of times the series to be
differenced in order to make them stationary. Once the series
are made stationary then proceed for identification of the
suitable ARIMA model; ARIMA (p,d,q) where p indicates the
number of autoregressive terms, q number of moving averages
terms and d the number of times the series are differenced. The
AR(p) and MA(q) processes may be written as follows
(Gujarati &Sangeeta, 2017)

Y;=8) =Yy -0 +ta,(Y, =8+ +

ap (Yt_p - 6) + U, :AR(p) process ---(2)

Yo = u+ BoUp + B1Ui—1 + BUp—p + - +ﬁqUt—q
(q) process

The identification of appropriate ARIMA model depends on
the pattern identifiable in correlogram of ACs and PACs of
stationary series.Once the appropriate model is identified next
step is to estimate the model with the suitable technique
especially non-linear estimation method is used to estimate the
parameters of the identified model. After estimation next
check whether the estimated model fits data adequately or not
by applying various diagnostic checks like statistical
significance of the estimated parameters, stationarity of the
estimated residuals, etc. If the model is found to be satisfactory
then go to next step otherwise start from step one — model
identification until a suitable model is found as this is an
iterative procedure. The next step is to use the fitted model for
forecasting the series under consideration. Forecasting
accuracy will be checked with relevant tests.

Data

The present analysis is based on the annual time series data at
all India level was collected from the Centre for Monitoring
Indian Economy (CMIE) data source for the period 1965-66 to
2015-16. The area under the groundnut crop is measured in
‘000’ hectares. The data analysis was done with the help of the
e-view 9 software and the results are presented below.

RESULTS AND DISCUSSIONS

The time series modelling requires the series under
consideration have to be stationary. The data are converted to
natural log form. The time series data collected on area under
groundnut crop is tested for stationarity based on the
correlogramof ACs and PACs of the series presented in Figure
1.
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Figure 1 Correlogram of the series at levels

Source: Data Analysis

It can be seen from the above figure that autocorrelations die
down slowly indicating that the series under consideration may
not be stationary. So the series are transformed by differencing
once and the correlogram of the transformed series is
presented in Figure 2. The figure indicates that autocorrelation
cuts off after first lag though the autocorrelation at third lag
appears to be significant and remaining all autocorrelations are
insignificant. Similarly, partial autocorrelations also cut off
after two lags and remaining all are statistically insignificant
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signalling that the series are stationary at first difference. To
get the clear picture Augmented Dicky Fuller (ADF) test has
been used for testing the stationarity of the series and various
specifications have been tried which are presented in Table 1.

Table 1 Stationary Test Results (ADF)

At levels without Constant and Linear Trend

t-Statistic ~ Prob.*

Augmented Dickey-Fuller test statistic -1.664527  0.0903
Test critical values: 1% level -2.616203
5% level -1.948140
10% level -1.612320

At levels with Constant

Augmented Dickey-Fuller test statistic 1.121620  0.9971
Test critical values: 1% level -3.577723
5% level -2.925169
10% level -2.600658

At levels with constant and Linear trend

Augmented Dickey-Fuller test statistic -1.213691  0.8958
Test critical values: 1% level -4.170583
5% level -3.510740
10% level -3.185512

First Difference with Constant

Augmented Dickey-Fuller test statistic -3.388744  0.0011
Test critical values: 1% level -2.616203
5% level -1.948140
10% level -1.612320

*MacKinnon (1996) one-sided p-values.
Source: Data Analysis

The specifications without constant and linear trend, with
constant and with constant and linear trend showed that null
hypothesis of unit root is not rejected as the probability is >
0.05 indicating that the series are non-stationary at levels.
Then the series are differenced once and tested for stationarity
and the probability is < 0.05 hence, concluded that the
differenced series are stationary (Table 1). The next stage is
model identification based on the ACs and PACs of the
stationary series. The correlogram of ACs and PACs are
presented in Figure 2. Based on the observation various
specifications of the ARMA have been tried and the results of
the selected ARIMA model are presented in Table 2. The
confidence intervals for the estimated coefficients of the
ARIMA models are presented in Table 3.

level. R? is also significant at 1% level though the R* value is
low.

Table 2 ARIMA (2,1,1) Results

Variable Coefficient  Std. Error t-Statistic Prob.
C -0.012238**  0.005873 -2.083753  0.0430
AR(1) -0.939154%**  (0.142788 -6.577283  0.0000
AR(2) -0.625376%**  0.119506 -5.233021 0.0000
MA(1) 0.597257***  0.221969  2.690729 0.0100
R-squared 0.366784***
Adjusted R-squared 0.309219
S.E. of regression 0.062781 Akaike info criterion  -2.581166
Sum squared resid 0.173423 Schwarz criterion -2.388123
Log likelihood 68.23857 Hannan-Quinn criter.  -2.507926
F-statistic 6.371638 Durbin-Watson stat 1.970466
Prob(F-statistic) 0.000391

***: indicates significance at 1% level
Source: Data Analysis

Table 3: 95% Confidence Interval for Estimated

Coefficients
Variable Coefficient Low High
C -0.012238  -0.024074 -0.000402
AR(1) -0.939154  -1.226924 -0.651385
AR(2) -0.625376  -0.866225 -0.384528
MA(1) 0.597257 0.149909 1.044605
SIGMASQ 0.003539 0.001951 0.005127

Source: Data Analysis

Secondly, there is need to check the residuals of the estimated
ARIMA model for stationarity. The correlogram of the ACs
and PACs of the estimated residuals is shown in Figure 3.
None of the ACs and PACs of the residuals are significant
hence, concluded that there is no pattern left in the results and
residuals are stationary. Correlogram of the squared residuals
are also presented in Figure 4 showing that there is no problem
of heteroscedasticity among the residuals.  Thirdly, the
presence of multicollinearity among the explanatory variables
of the model is tested with the help of Variance Inflating
Factor (VIF) and the results are presented in Table 4. The VIF
for all the variables is around 3<10 hence, there is no problem
of multicollinearity among explanatory variables (Gujarati &
Sangeetha, 2007).
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Figure 2 Correlogram of the series (First difference)
Source: Data Analysis
The adequacy of the estimated model is tested based on the
various tests and the same is discussed here. First criteria for
model adequacy is the significance of the coefficients
estimated and the results presented in Table 2 showed that the
coefficients of AR(1), AR(2) and MA(1) are significant at 1%

Figure 3 Correlogram of the Residuals

Source: Data Analysis
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Figure 4 Correlogram of the Squared Residuals
Source: Data Analysis

Table 4 Multicollinearity Test for the Estimated Model

Variable VIF*
C NA
AR(1) 3.019902
AR(2) 1.365157
MA(1) 3.406640

*VIF: Variance Inflating Factor
Source: Data Analysis

Fourthly, residuals are also tested for the normality
assumptions and the results are presented in Table 5. The
Jarque-Bera Probability is greater than 0.05 so the normality
assumption is satisfied.

Table 5 Normality Test Results (Residuals)

Tests Test Statistics
Skewness 0.582896
Kurosis 3.656345
Jarque-Bera / 3.654299
Probability 0.160871

Source: Data Analysis

The actual and fitted values of the area under groundnut is
presented in Figure 5 below. It may be observed from the
figure that the estimated model could capture the pattern
present in the time series data.

Figure 5: Actual and Fitted values of Groundnut area
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Source: Data Analysis

From the above analysis it may be concluded that the
estimated ARIMA model is adequate and fits the data well
hence, the model is used for forecasting the values for the area
for the period 2016-17 to 2026-27 and the forecasted values
are presented in Table 6 below.

Table 6 Forecasted Values of Groundnut Area

Year Area (‘000° hectares )
2016-17 8.293079
2017-18 8.280841
2018-19 8.268604

2019-20 8.256366
2021-22 8.244128
2022-23 8.231891
2023-24 8.219653
2024-25 8.207416
2025-26 8.195178
2026-27 8.182941

Source: Data Analysis

The forecast accuracy of the model is tested and the same are
shown in Table 7.

Table 7 Forecast Accuracy Measures

Mean Absolute Error 0.113416
Mean Absolute Percentage Error 1.300417
Theil’s Inequality Coefficient 0.008348

Source: Data Analysis

The results show that forecast accuracy is fairly good as the
Mean Absolute Error is low and Theil’s coefficient is near to
zero. The graph of the actuals and forecasted values are
presented in Figure 6.

Graph 6: Actual and Forecasted valunes of the
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Figure 6 shows that area under the groundnut crop is declining
during the study period and it further displays that the area
tend to decline during the forecasted period as reflected by the
forecasted values. This calls for urgent attention of the all
concerned stakeholders for appropriated action in the matter.

CONCLUSION

The present study based on the time series data fitted the
ARIMA model for forecasting the future values for the
groundnut area in India. The best fitted model is ARIMA
(2,1,1). Model fulfils most of the model adequacy tests hence,
considered for forecasting the values for the period 2016-17 to
2026-27. The forecasts showed the declining trend in the area
under the ground nut crop during the forecast period. It is
observed that the area under groundnut is showing the
declining trend during the study period 1966-67 to 2015-16
also and the same trend is likely to continue during the next
decade also as evidenced by the forecasted values. This calls
for an urgent attention of all the farmers, policy makers and
agricultural  scientists, agricultural extension workers
considering the importance of the groundnut crop which is
known as the Indian Almond. Groundnut is used as seeds, food
and value added products like peanut butter, milk, burfi,
biscuits, etc., (40% of the groundnut kernel) and 60% of the
kernel is used for oil extraction (Status report on Groundnut,
2017). Ground nut has the highest share among oilseeds
exports. Considering all this it is essential to take necessary
measures on priority basis to enhance the area under the
groundnut crop and thus production.
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