Forecasting of Gram Production in Bundelkhand region: A time series analysis using ARIMA model

ABSTRACT
[bookmark: _GoBack]Gram, also known as Chickpea, is an important pulse crop in India, with a long history of cultivation dating back to ancient times. It is a rich source of protein, fiber, nutrients and plays a crucial role in providing food security also income for farmers. This study will help to farmers and the policymakers in developing strategies to improve the livelihoods of farmers, ensure food security and to decide the MSP of gram also help to the farmers to receive good prices for their commodities in the agricultural markets. For forecasting, specifically, the ARIMA time series model was utilized. Autoregressive Integrated Moving Average (ARIMA) made forecasting of gram production in Bundelkhand region by using 21 yearly observations. The model ARIMA (1, 0, 0) had the lowest normalized value, so this model was chosen. A 10 year ahead production of gram has been predicted. The forecasted value of production will be ranged from 0.06310282 to 0.05428918 MT and the lower and upper confidence interval at 95 percent will be in between 0.01050582 to 0.10055329 MT, respectively from 2022 to 2031. The result showed that the negative growth in production of gram in the Bundelkhand region because of shift in area from this crop to other competitive crops. Thus, there is a need to give more emphasis on concerted research efforts, technological aspects as well as policy aspects (extension services and more remunerative prices) and also suggest appropriate remedial measures for correcting this undesired trend so that increase in area, production, and productivity of gram.

Keywords Gram production, forecasting, time series analysis, ARIMA model.



Introduction
We should aim towards "Household Nutritional Security" once we have achieved "Household Food Security". A vital part of the agricultural economy is played by pulses. Pulses can be grown anywhere in the world and play a significant role in human food. Pulses, also referred to as "Poor Man's Meat" and "Rich Man's Vegetable," are vital sources of proteins, vitamins, and minerals and considerably contribute to the nation's nutritional and food security (Singh et al., 2016). The Indian Institute of Pulses Research's Vision Document (2030) estimates that India's population would reach 1.68 billion by 2030 and that 32 MT of pulses will be needed, with a predicted annual growth rate of 4.2 percent. Presently, India produces over 23 MT of pulses yearly, and it is anticipated that India will produce 39 MT of pulses to achieve self-sufficiency (IIPR Vision- 2050). Gram, also known as Chickpea, is an important pulse crop in India, with a long history of cultivation dating back to ancient times. It is a rich source of protein, fiber, nutrients and plays a crucial role in providing food security also income for farmers (Ali and Kumar, 2005).
India and Turkey are the top two producers of gram in terms of both acreage and production. India contributes 68 per cent of the world's gram production and about 65 per cent of its area. In the world scenario, the production of the gram is 14.25 MT. The leading producer of the gram is India (11.99 MT), Turkey (0.63 MT), and Russia (0.506 MT). The productivity of gram is highest in Mexico (21.17 tons/ha) and lowest in Pakistan (4.735 tons/ha) among the major gram-growing countries in the world, and the productivity of India is 10.41 tons/ha (FAO, 2022). The total area under cultivation of gram in India is 9.85 Mha and production is around 11.99 MT (DES, 2021-22). Furthermore, Madhya Pradesh produces the most gram in Indian states (nearly 24 per cent of the nation's total gram production), followed by Maharashtra (16 per cent), Rajasthan (14 per cent), Gujarat (10 per cent), Uttar Pradesh (7 per cent), and Andhra Pradesh (6 per cent), which together contribute about 77 per cent of the nation's total gram production. The remaining 23 percent is contributed by Karnataka, Chhattisgarh, Bihar, Odisha, and Jharkhand (Mahto and Patil, 2023).
The Bundelkhand region, one of the Uttar Pradesh's nine agro-climatic zones, has the largest area dedicated to major pulses (44.5 per cent), followed by the Madhya Pradesh region (20.5 per cent). These two areas constitute approximately 65 percent of the particular geographical region covered by pulses (Singh et al. 2012). The Bundelkhand region, which contributes for about 46.6 percent of the state's total gram production, can be referred to as the "bowl of gram" of Uttar Pradesh. Uttar Pradesh's Bundelkhand region provides 0.121 Mha area and 0.135 MT to the state's overall production of pulses. In comparison to the national average (7.81 q/ha), the average productivity of pulses in this region (14.7 q/ha) is higher. In the Bundelkhand region of Uttar Pradesh, the area, production, and productivity of gram are 0.044 Mha, 0.063 MT, and 14.3 q/ha, respectively (Sah et al. 2021). This research paper aims to forecast the production of gram in Bundelkhand region of Uttar Pradesh. ARIMA model is used to forecast the production. The study findings will help to the policymakers in developing strategies to improve the livelihoods of farmers, ensure food security and to decide the MSP of gram also help to the farmers to receive good prices for their commodities in the agricultural markets, production forecasting is essential to the greater economic development of agriculture.   
Data and methodology
Time Series Models
A time series is a group of observations that are compiled and arranged in time order. The variables being studied in the present research have been subjected to ARIMA modelling.
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Auto Regressive Integrated Moving Average (ARIMA) Model 
Box and Jenkins created the ARIMA model concept (1976). The order of the AR terms (p), the order of the differencing (d), and the order of the MA terms (q) are the three constants that the ARIMA model primarily requires for their identification.
After analyzing the Auto Correlation Function (ACF) and Partial Auto Correlation Function (PACF), Box and Jenkins (1976) determined that these parameters can be acquired through a trial-and-error methodology. The analysis of the data for stationarity is the first stage in creating an ARIMA model. The Auto Correlation Function (ACF) of actual data can be used to determine this. The data are nonstationary if the auto correlation function does not rapidly decay. The auto correlation for the majority of lags is statistically significant in this scenario. So, the data is transformed by taking first order differences (d=1) in order to reduce the data to stationarity. It can be inferred that the transformed data is stationary if the auto correlation functions of the differenced data show a sharp decline. If not, second order differences (d=2) must be taken in order to convert the data once more. It is possible to discover the order of differencing, or d, by continuing in a manner identical to that of d=1.
After determining the differencing order‘d’, the order of auto regressive (p) and moving average (q) components, can be obtained as follows: 
The characteristics of p and q are determined using the PACF and ACF of the stationary data if the auto correlation function corresponding to the transformed data decays after the qth lag is taken to be the MA (q) model, and vice versa if the partial auto correlation function indicates a decaying after the pth lag is taken to be the AR (p) model. Formulation of the ARIMA (p, d, q) model is as follow:
Zt - b1 Zt-1 - ….. - bp Zt-p = Ut - Ø1 Ut-1 - …. - Øq Ut-q
Where, Zt = Yt -[image: ]  (deviation of Yt from mean Y).
The formulation of ARIMA model requires Auto Correlation Function (ACF) and Partial Auto Correlation Function (PACF). The ACF can be generated on the basis of auto correlation coefficients ([image: ] ) corresponding to different lags (j), defined as;
;		j = 1… K
The PACF can be obtained through the Yule-walker’s equations on the basis of   ’s. The Yule-walker’s equations can be described as:
· = Ø k1  +…. + Ø k (k-1)  + Ø kk   ; 		j = 1… K
Where, 
               Ø’s 	= Partial Auto Correlation coefficients 
                 [image: ]  	= Auto correlations corresponding to the jth lag. 


Fitting of ARIMA model: 
It is a four steps procedure. 

Step 1: Identification 
Identification of stationarity, differencing order (d), and the order for AR (p) and MA (q) models are all required in this. They can be obtained utilizing the earlier specified criteria in conjunction with ACF and PACF graphs, which are referred to as correlograms and partial correlograms, respectively.

Step 2: Estimation  
The Grid-Search approach recommended by Box and Jenkins can be used to estimate the ARIMA model's parameters (p, d, and q) (1978). Together with the AR coefficients, this iterative process would also aid in calculating the MA coefficients (which is not possible with the ordinary least squares method).

Step 3: Diagnostic checking 
The following stage, after fitting multiple time series models, is to determine whether the selected model fits the data relatively well. This is because another ARIMA model might perform well in this situation. Hence, a variety of factors, including R-square, RMSE (Root Mean Square Error), MSE (Mean Square Error), and MAPE (Mean Absolute Percentage Error), will be used to determine which model to use.

R2 -Criteria 
The coefficient of determination (R2) provides some details regarding a model's goodness of fit. R2, also known as the coefficient of determination, is a statistical indicator of how closely the regression line resembles the actual data points in regression. The regression line perfectly matches the data, as shown by the R2 value of 1.0. It gives an indication of how accurately the model is likely to anticipate future events.

Where, 
Yt	 = the actual value 
Ŷt	 = the predicted value
  	 = the mean value

Mean Squared Error (MSE) 
It is a measurement of the projected values' average squared deviation. MSE provides a broad overview of the forecasting error. MSE stresses that huge individual errors have a significant impact on the overall forecast error. The best model is regarded as having the lowest MSE.



Where, 
Yt 	= the actual value 
Ŷt 	= the predicted value 
n 	= total observations

Root Mean Squared Error (RMSE)  
The square root of the determined MSE is what defines RMSE. It is a commonly used metric for determining the discrepancies between sample and population values predicted by a model or estimate and the values actually observed. The sample standard deviation of the variances between the anticipated and observed values is represented by RMSE. The ideal model has the lowest RMSE value.

   Where, 
Yt 	= the actual value 
Ŷt 	= the predicted value 
 n 	= total observations 

Mean Absolute Percentage Error (MAPE) 
This measurement shows the average absolute error's percentage of occurrence. Accuracy is typically expressed as a percentage and is determined by the formula. The ideal model is thought to have the lowest MAPE.

 Where, 
Yt 	= the actual value 
Ŷt 	= the predicted value 
  n 	= total observations   
 
Bayesian Information Criterion (BIC) 
That is a crucial factor that results in a more severe punishment. The model is better the lower the BIC value. The BIC is an increasing function of the error variance as well as a rising function of k.
The BIC is stated as follows in terms of the residual sum of squares (RSS):

  Where, 
‘k’	= Number of regressors (including the intercept)  
‘n’	= the number of observations  

Step 4: Forecasting 
The best suited model was chosen based on the diagnostic criteria that were previously mentioned. The variable's projection for the tth year (Yt) in the ARIMA model is based on its historical values. The estimated ARIMA model could be used to provide future predictions for the variables under consideration.
Result and discussion
Model Identification
Autoregressive Integrated Moving Average model is projected only after converting the series of observations (sample data) considered for forecasting into a stationary series. According to the stationary series, there is only a small change in the mean and variance of the observations over time. First it was ascertained whether the series of observations of the sample data was stationary or not. Figure-1 indicate that the stationarity of the series. The stationarity of the series was examined through unit root test, the ADF (Augmented Dickey Fuller Unit Root Test) was obtained here. The estimated ADF test results are shown in Table-1.
[image: ]
Fig. 1: Production of Gram (At first difference) from 2001 to 2021, Bundelkhand region
Table 1: Dickey-Fuller test for unit root
	Dickey-Fuller
	-4.0699

	p-value
	0.02082



Then plots the auto correlation function (ACF) and partial autocorrelation function (PACF) respectively of the sample of observations at first difference.
[image: ]
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Fig. 2: ACF and PACF of Production of Gram observation in first difference
From Figure-2, it was found that the Auto Correlation Function is tailing off and Partial Auto Correlation Function cutoff with the order 1. So conferring to the identification principle clarified the model was AR (1). By iterative process, various ARIMA models were fitted, the model with minimum AIC and BIC value was chosen. The model ARIMA (1, 0, 0) has the lowest AIC and BIC value. Table-2 reports all the ARIMA model generated.

Table 2: ARIMA (p, d, q) with AIC and BIC value
	Model
	AIC
	BIC

	ARIMA (2,0,2)
	Inf
	Inf

	ARIMA (0,0,0)
	-98.07444
	-95.985

	ARIMA (1,0,0)
	-104.5519
	-101.42

	ARIMA (0,0,1)
	-103.0702
	-99.937

	ARIMA (2,0,0)
	-102.9844
	-98.806

	ARIMA (1,0,1)
	-102.83
	-98.652

	ARIMA (2,0,1)
	Inf
	Inf



Model estimation
Autoregressive Integrated Moving Average model fitting was done where there exists some coefficients which show significant coefficient. All parameters are generated as significant by the test outcomes. The model was thus formulated as of in Equation:
Xt (-0.0952) = (-0.0026) Xt-1 + Et
Diagnostic Checking
In the process of diagnostic checking, the nature of methodical pattern of the residuals was examined. This scrutiny was done through ACF and PACF of the residuals, in various lag order. The Figure-3 shows the absence of autocorrelation in the residuals forecasted. It was evident that the ACF of the residuals are well within the significant bounds. Similarly all the PACF of the residuals are within significant limits. So the projected residuals have no autocorrelation. Thus, the ARIMA model fitted was a good fit. Again the Box –Ljung test statistic presented in Table-3 suggest the acceptance of null hypothesis of zero autocorrelation.
[image: ]
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Fig. 3: PACF and ACF of Forecast Error (Residuals)

Table 3: Box-Ljung Test Statistics
	Test
	X2
	p-value

	Box-Ljung
	13.022
	0.4461


Table 4: Statistical value of the observation
	Statistic
	Value

	Alpha
	0.126

	Beta
	0.125

	Gamma
	0.001

	MASE
	1.646

	SMAPE
	0.596

	MAE
	0.022

	RMSE
	0.026


Forecasting
After performing the diagnostic checking, the task was to forecast ARIMA (1, 0, 0) model. Forecasting can imply making predictions for the observations within the sample period alternatively, it can imply making predictions beyond the sample period of the observations i.e. making the post sample period forecasts. Table-5 indicate the forecasted value of production for next 10 years with their upper and lower confidence interval (95). Figure-4 shows the graphical representation of forecasted value with the confidence interval of production of gram for Bundelkhand region.

Table 5: Forecasted value of the production of Gram for next 10 years with confidence interval
	Year
	Forecast
	Lower limit
	Higher limit

	2022
	0.06310282
	0.02759996
	0.09860568

	2023
	0.05941751
	0.01828174
	0.10055329

	2024
	0.05726076
	0.01436546
	0.10015606

	2025
	0.05599856
	0.012517
	0.09948013

	2026
	0.05525989
	0.01157934
	0.09894043

	2027
	0.05482759
	0.0110791
	0.09857608

	2028
	0.0545746
	0.01080286
	0.09834633

	2029
	0.05442654
	0.01064684
	0.09820623

	2030
	0.05433989
	0.01055746
	0.09812231

	2031
	0.05428918
	0.01050582
	0.09807253



[image: ]
Fig. 4: Graphical presentation of the production forecast of Gram for next 10 years

Conclusion
The study has examined the production behaviour of gram in Bundelkhand region. As can be seen from the results, different ARIMA models were fitted iteratively, and the model with the fewest AIC and BIC value was chosen. So, ARIMA (1, 0, 0) was used for the forecasting of gram production for this region, because after the estimation, this model had lowest AIC and BIC value. After applying this model, it indicate that there will be also decline trend in the production of gram in future just like declined in the previous years in this region. The study proposes the ARIMA (1, 0, 0) as the best model for forecasting for next 10 years gram production. The forecasted value of production will be ranged from 0.06310282 to 0.05428918 million tons and the lower and upper confidence interval at 95 percent will be in between 0.01050582 to 0.10055329 million tons, respectively from 2022 to 2031.
According to the study, there is an opportunity to increase the area planted by gram during the Rabi season because, in this region with little water and other resources, the crop has a lower cost per hectare and a greater net return than major competitors such as lentils and mustard. As a result, the Bundelkhand region of Uttar Pradesh offers excellent potential and greater possibilities for the production of gram and other pulses.
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