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ABSTRACT 
 
Groundnut is a significant oilseed crop in India, with Karnataka being one of the largest 
producers. The agricultural economy of Vijayapura district relies heavily on crop production, 
including groundnut. Understanding the production patterns and forecasting future yields is 
crucial for agricultural planning and economic sustainability. The study aimed to investigate 
the production patterns and forecast the groundnut yield in Vijayapura district, Karnataka. 
The research problem focused on understanding the trends in groundnut area, production, 
and productivity over time and developing a forecasting model for future yields. Secondary 
data from 1966-67 to 2020-21 was collected from various sources. Statistical models 
including linear, quadratic, cubic, exponential, log-logisticand GAM were used to analyze the 
trends. The ARIMA method was employed for forecasting. The models' adequacy was 
assessed using MAPE, R2, AIC, and BIC criteria. The log-logistic model was found to be the 
best fit for groundnut area trends, while the cubic model and GAM were best for productivity 
and production, respectively. Forecasting using ARIMA initially indicated a slight increase in 
groundnut yield, but the GAM model predicted a decrease in future production. The findings 
provide insights for policymakers, agricultural extension services and farmers to make 
informed decisions regarding crop planning, resource allocation and economic sustainability. 
Understanding the production patterns and forecasting future yields is crucial for agricultural 
planning and economic sustainability in Vijayapura district. 
 
Keywords: Groundnut, Production Patterns, Forecasting, Vijayapura District, Karnataka, 
Agricultural Economy, ARIMA Model, Log-Logistic Model, Generalized Additive Model 
(GAM) 
 

1. INTRODUCTION 
 

―Groundnut, also known as peanut, is a significant oilseed crop that plays a crucial 
role in the agricultural economy of India. It is grown in an area of about 85 lakh hectares with 
a total production of 84 lakh tones‖ [12]. ―The crop is primarily cultivated in the states of 
Gujarat, Andhra Pradesh, Tamil Nadu, Karnataka, Maharashtra, Madhya Pradesh, Uttar 
Pradesh, Rajasthan, Punjab, and Orissa‖ [8,3]. ―Groundnut is perfectly grown in well-drained 
sandy loam or sandy clay loam soil. Deep well-drained soils with a pH of 6.5-7.0 and high 
fertility are ideal for groundnut cultivation. The crop rotation of groundnut is very important as 
it helps in efficient nutrient utilization and reduces soil-borne diseases and nematodes‖ [7]. 
―In terms of groundnut cultivation in Karnataka, it is one of the largest producers of 
groundnut‖ [9]. ―The North-Eastern dry zone of Karnataka, comprising Raichur, Gulbarga 
and Koppal, is a predominant groundnut-producing tract with an area of about 1.50 lakh ha, 
a production of 1.14 lakh tones, and a productivity of 742 kg/ha. Groundnut is grown 
throughout the year due to a two-crop cycle harvested in March and October‖ [17,2]. 

Crop patterns in the Vijayapura district the local crop patterns are influenced not only 
by agricultural climate conditions such as rainfall, soil and temperature, but also by 
government programs for crop production such as foundations and the speed of 
improvement of infrastructure. The crops of the district of Vijayapura are divided into the 
following categories.  



 

 

• Food crops: Jowar, corn, red gram, and millets.  
• Commercial crops: sugarcane, cotton, tobacco. 
• Oil seeds: nuts, seeds, sunflowers, etc.  
• Plantations crops: grapes, lemons and bananas. 
 

Groundnuts offer a diverse array of nutrients and bioactive compounds that 
contribute to overall health. Incorporating them into the diet can be beneficial. With respect 
to nutritional composition groundnuts are a rich source of essential nutrients. They contain 
high-quality proteins, dietary fiber, vitamins, and minerals. Proteins in groundnut provide 
essential amino acids, making them valuable for overall health and the dietary fiber in 
groundnut is associated with reducing obesity risk and cardiovascular diseases [5]. 
 

―Agricultural production has seen significant changes over the past few decades. 
The amount of food we grow has increased rapidly due to two main drivers: the expansion of 
land used for agriculture and a rapid rise in crop yields. The past two decades have seen a 
steady upward trend in world agricultural production to meet expanding demand, with 
primary crops production growing by 54 percent between 2000 and 2021, meat production 
growing by 53 percent and milk production by 58 percent‖ [1]. ―In India, agricultural 
production trends have been influenced by various factors. Prior to independence, 
agricultural production declined. However, post-independence, there was a steady rise in 
average yield per hectare, a steady rise in area under cultivation and due to these factors, 
total production of crops recorded a rising trend‖ [11,16]. ―Crop yield forecasting is a critical 
predictive analytics technique in the agriculture industry. It involves accurately predicting the 
potential yield of a specific crop during a particular season in each region. Accurate yield 
predictability requires scientific expertise, local knowledge about the region and crops grown 
there‖ [19]. ―Several factors, including weather vagaries, soil nutrition levels, fertilizer 
availability and cost, pest control and agrometeorological input parameters like temperature 
and rainfall, influence crop yield. Therefore, forecasting crop yield is a challenging task. 
Statistical models are the most used tools to forecast the crop yield. These models should 
be able to take advantage not only of historical data of crop yield but also the impact of 
various driving forces of the external environment‖ [10, 4]. 

 

2. MATERIAL AND METHODS  
 

This section will provide a brief description of material and methods used in addition 
to the important statistical tools and techniques used in the analysis, to deal with the 
necessary database for the study. Method and analytical techniques incorporated in this 
study are listed as follows. 

 

2.1 Description ofThe Study Area 



 

 

Vijayapura, also known as Bijapur, is a district in the state of Karnataka (Fig.1), 
India. The city of Vijayapura is the district headquarters and is located 530 km northwest of 
Bangalore. The district is well known for its historical monuments built during the Adil Shahi 
dynasty [6]. In terms of agriculture, the Department of Agriculture in Vijayapura provides 
Agricultural Extension services to farmers and transfers the latest technical knowledge to the 
farming community. This includes the introduction of high-yielding varieties, laying 
demonstrations and imparting training to farmers to improve skills & knowledge to boost up 

agricultural production and productivity. The major crops grown in Vijayapura include cereals 
like Rice, Ragi, Jowar, Maize, minor millet and pulses like Red Gram, Horse Gram, Green 
Gram, Black gram and Bengal gram. The district is also known for the cultivation of 
vegetables as well as cash crops like sugarcane and cotton [14]. 

 
 
 

 
Fig. 1: Geographical Map Study area 

 

2.2. Nature And Data Sources 

Secondary data on the area, production and productivity of selected crops have 
been collected from the Directorate of Economics and Statistics (GOK), the ICRISAT-Data 
Directorate and the District Administration statistical report, Vijayapura, Karnataka, for the 
55-year period 1966-67 to 2020-21. 
 

2.3. Analytical Tools and Techniques 

In line with the objectives of the study, the following statistical tools and techniques have 
been used. 

2.3.1. Trend Analysis 



 

 

Trend refers to an increase or decline in data over a long period of time. It measures long-
term changes in a time series without causing concern about short-term fluctuations 
between them. To estimate the long-term trend of agricultural area, production and 
productivity of large crops, the methodology of least square estimation was used [15]. In this 
method, the trend of area, productionand productivity was measured by determining the 
mathematical relationship between time and response variables. The mathematical 
expression can be expressed as follows: 

Linear model                                        𝑌𝑡 = 𝛼 + 𝛽𝑡 + 𝜀 

A linear model is one in which all the parameters are linear. The average trajectory for the 
data is a straight line corresponding to increasing or decreasing constant rate of change in 
time [4]. 

Quadratic model                                𝑌𝑡 = 𝛼 + 𝛽𝑡 + 𝑘𝑡2++ ε 

A quadratic function is one having a peak or a trough in the data. (i.e., parabola). The 
average trajectory for the data contains a curve with variable degrees of steepness 
corresponding to rate of acceleration or deceleration.  

Cubic model                                 𝑌𝑡 = 𝛼 + 𝛽𝑡 + 𝑘𝑡2+𝛾𝑡3 +  ε 

The cubic is one having two troughs in the data. The average trajectory for the data behaves 
quadratically until a further curve occurs, which can correspond to an acceleration or 
deceleration with varied degree of steepness [13]. 

Where,    

α: Intercept or Average effect; β, k, γ: Slope or Regression Coefficients (β: linear 
effect parameter, k: quadratic effect parameter and γ: cubic effect parameter); Yt: Area, 
production or productivity in time period t; ε: Error term or disturbance term. 

Exponential model 

If the values of t are arranged in an arithmetic series, the corresponding values of y 
form a geometric series, the relation is of the exponential type. The function of this type can 
be given as 

𝑌𝑡 = 𝛼𝑒𝑐𝑡  + 𝜀 

where, Yt represents area, production or productivity in time period t , α and c are 

parameters, e is the exponential term and ε denotes the error term and α represents the 

value at t = 0, c represents the exponential rate 

 

Log-logistic    Yt =
α

1+exp  −β  log ( t)−log (γ)   
+ ε 

Where, Yt represents area, production, or productivity in time period t, α, β and γ are 
parameters and ε denotes the error term.The parameter ‗β‘ is the ‗intrinsic growth rate‘, while 
the parameter ‗α‘ represents the ‗upper asymptote‘ and ‗γ‘ is the growth range. 

Generalized Additive Model  



 

 

The GAM is a non-linear combination of independent variables. The dependent 
variable can be represented by univariate smooth function of time. GAM is an additive 
modeling technique where the influence of the predictive variables is captured through 
smooth functions which depends on the underlying patterns in the data. 

yt=f(t)+ε 

where, yt represents area, production, or productivity in time t.f(t)=α0+bt (t)α, 
represents the smooth function of the time t, where α is some parameter and bt (t) is the 
basis function. The main assumptions of ‗independence of residuals‘ and ‗normality of 
residuals‘ was examined by using respectively the ‗Run-test‘ and ‗Shapiro-Wilk test‘. 

2.3.2. Test for independence (randomness) of residuals by Run Test 

―Non-parametric Run test was used to test the randomness of residuals. A Run is 
defined as ‗a succession of identical symbols which are followed and preceded by different 
symbols or no symbols at all‘. If very few runs occur, a time trend or some bunching owing to 
lack of independence is suggested and if many runs occur, systematic short period cyclical 
fluctuations seem to be influencing the scores. The significance of any observed value of ‗Z‘ 
computed using the equation may be determined from a normal distribution table‖. [20] 

2.3.3. Test for normality of residuals by Shapiro-Wilk’s (W) test 

―This is the standard test for normality. The test statistic W is the ratio of the best 
estimator of the variance (based on the square of a linear combination of the order statistics) 
to the usual corrected sum of squares estimation of the variance. W may be thought of as 
the correlation between given data and their corresponding normal scores. The values of W 
ranges from 0 to 1. When W=1 the given data are perfectly normal in distribution. When W is 
significantly smaller than 1, the assumption of normality is not met. A significant W statistic 
results to rejection of the assumption that the distribution is normal‖.[20] Shapiro-Wilk‘s W is 
more appropriate for small samples up to n=50 

H_0: Samples x_1, . . .,x_n is from a normally distributed population. 

H_1: Samples x_1, . . .,x_n is not from a normally distributed population. 

Test statistic is given by:  𝑊 =
  𝑎𝑖𝑥 𝑖 

𝑛
𝑖−1  

2

  𝑥−𝑥  2𝑛
𝑖−1

 

where, x_((i) )is the i
th
 order statistic, i.e.,, the i

th
 smallest number in the sample; 

x ̅issample mean and the constants a iis given by 

 𝑎1 , 𝑎2, ⋯ , 𝑎𝑛 =
𝑚𝑇𝑉−1

  𝑚𝑇𝑉−1𝑉−1𝑚 
 

Where 𝑚𝑇 =  𝑚1 , 𝑚2 , ⋯ , 𝑚𝑛 𝑇 and 𝑚1, 𝑚2, ⋯ , 𝑚𝑛are the expected values of the order 

- statistics of independent and identically distributed random variables sampled from the 

standard normal distribution and V is the covariance matrix of those order statistics. Reject 

the null hypothesis if W is too small (near to zero) [15]. 

2.3.4. Model Adequacy Checking 



 

 

A. Coefficient of determination (R
2
) 

The coefficient of determination (R
2
) is a test statistic that will give information about 

the appropriateness of a model. R
2
 value is the proportion of variability in a data set that is 

accounted for the statistical model. It provides a measure of how well the assumed model 
explains the variability in dependent variable. 

𝑅2 =
𝑅𝑆𝑆

𝑇𝑆𝑆
= 1 −

𝐸𝑆𝑆

𝑇𝑆𝑆
 

Where,𝐸𝑆𝑆 is error sum of squares, 𝑅𝑆𝑆 is regression sum of squares; 𝑇𝑆𝑆 is total 
sum of squares. 

Computed R
2
 value lies between zero and one. If R

2
 value is closer to 1 indicates 

that the model fits the data. Adjusted R
2
 and Root Mean Square Error (RMSE) are also used 

for the checking of the fit of model. 
 
B. Adjusted R

2
 

 
The adjusted R-squared is a modified version of R-squared that has been adjusted for the 
number of predictors in the model. The adjusted R-squared increases only if the new term 
improves the model more than would be expected by chance. It decreases when a predictor 
improves the model by less than expected by chance. It is always lower than the R-squared. 

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 =

𝑅𝑆𝑆
𝑑𝑓 

𝑇𝑆𝑆
𝑑𝑓 

 

where,RSS is regression sum of squares; TSS is total sum of squares; df is the 
respective degrees of freedom. 

C. Root Mean Square Error (RMSE) 

The Root Mean Square Error (RMSE) (also called the root mean square deviation, 
RMSD) is used to assess the amount of variation that the model is unable to capture in the 
data. The RMSE is obtained as the square root of the mean squared error hence considered 
as the model prediction capability and is obtained as 

 

𝑅𝑀𝑆𝐸 =    𝑌𝑡 − 𝑌𝑡
  

2𝑛
𝑖=1

𝑛
 

where,Yt= observed value; (Yt ) ̂= predicted value; n= number of observations 

D. Akaike Information criterion  

The Akaike Information criterion (AIC) is a mathematical method for evaluating how 
well a model fits the data. AIC is calculated from the number of independent variables used 
to build the model and the maximum likelihood estimates of the model. The best fit model 
based on AIC is the one that explains the maximum amount of variation using the fewest 
possible independent variables. AIC is most often used for model selection. 

The AIC is calculated using the formula, 
 

AIC=2K-2 ln(L) 
 

where, K = Number of independent variables; L = Log-likelihood estimate. 



 

 

 
E. Bayesian Information Criterion 

The Bayesian Information Criterion (BIC) is a method for scoring and selecting a 
model. BIC is a criterion for model selection among a finite set of models. It is closely related 
to AIC. It is named after the field of study from which it was derived i.e., Bayesian probability 
and inference. Like AIC, it is appropriate for models fit under the maximum likelihood 
estimation. 

The formula for BIC is. 
BIC=Kln(n)-2ln(L(θ)) 

Where, n = sample size, K = Number of independent variables, θ = set of all the 
parameters, L(θ) – Loglikelihood estimate. 

2.3.5.Forecasting using Auto Regressive Integrated Moving Average (ARIMA) Methods 

The Box Jenkins procedure involves the integration of the automatic regression 
Integrated Moving Average (ARIMA) model into a specific data set. The main objective of 
integrating this ARIMA model is to identify the stochastic process of time series and 
accurately predict future values. The ARIMA model with the parameter (p,d,q) was adapted 
with the Box-Jenkins technique (1976). This model includes the autoregressive order p, the 
differentiator to make the stationary series of degree d and the moving average of the order 
q [18].  

A process {Yt} is said to follow an Integrated ARMA model, denoted by ARIMA (p, d, 
q). Then the ARIMA model can be written as 

φ(B) 〖(1-B)dYt= θ(B)εt 

Where, εt~WN(0, σ^2) , WN indicating White Noise. The integration parameter d is a 
nonnegative integer. When d = 0, 

ARIMA (p, d, q) ≡ ARMA (p, q) 

 
3. RESULTS AND DISCUSSION 
 

3.1 To identify the existing patterns in area and production of groundnut 
crops 
 

The data of each time series reflect the appropriate trend towards growth or decline. 
"Tends" refer to this tendency to increase or decrease. To estimate trends in area, 
production, and productivity of some major crops in the Vijayapura district of Karnataka. 
Data are collected for 24 years, from 1997 to 1998 and from 2020 to 2021. The trends were 
estimated using various models such as linear, quadratic, cubic, exponential, log-logistic and 
GAM models. The student t test was used to evaluate the statistical significance of 
parameters in linear models, square models, cubic models, exponential models, log logistics 
and GAM. For the other models, 95 per cent of the estimated parameter's asymptotic 
confidence range was calculated. If the estimated parameter of the adapted model is within 
a 95percent confidence interval, this means that the parameter value is significant at a 
5percent level of significance. The basic assumptions of the randomness and normality of 



 

 

each model residual were examined using the Runs test and Shapiro test, respectively. Only 
models that meet the assumptions of residual independence and residual normality and in 
which all parameters are determined to be significant are considered suitable models. 

Parameter estimates by six models for the annual area under Groundnut in 
Vijayapura district is given in Table 1, along with respective standard errors (in parenthesis). 
The test statistic, probability values, and model adequacy standards are presented in Table 
2.  

According to the results, the estimated parameters of the linear, log-logistic and 
GAM models were significant at 5 per cent level of significance. The results of Table 2. also 
revealed that all fitted models were found to be non-significant by the Run's test and 
Shapiro- Wilk's test statistic. This indicates, the data during the study period for the area 
under groundnut in the Vijayapura district was well fitted to the linear, log-logistic and GAM 
models. 

Table 1. Parametric estimates by different models for the annual area under 
Groundnut in Vijayapura district 
 

Parameters 
Models 

Linear Quadratic Cubic Log- Logistic Exponential GAM 

Intercept  

(𝛼0) 

7,015.4* 

(5,019.3) 

7,926.9*  

(7,242.4) 

57,171.3 

(9,759.5) 

4.58* 

(1.4) 

9080.0  

(5090.0) 

16,524* 

(13,302) 

𝛼 
-1,335* 

(366.1) 

1,806.2  

(1,390.3) 

3,148.3 

(3,800.1) 

63,953.8** 

(3,127.5) 

14.3** 

(0.03) 

20,664**  

(2,866) 

𝛽  
-130.8  

(56.2) 

-365.7  

(363.8) 

22.4**  

(1.7) 
  

𝛾   
10.0  

(9.9) 
   

** and * indicates significant at one and five per cent, respectively. Figures in parentheses indicate 
standard errors of respective coefficients. 

 
Table 2. Test for randomness, normality of residuals and goodness of fit criteria of 
different models for the annual area under Groundnut in Vijayapura district 
 

Criteria 

Models 

Linear Quadratic Cubic 
Log  

Logistic 
Exponential GAM 

Runs test 

(p-value) 

-2.62
 NS 

[0.08] 

-3.05
 NS 

[0.06] 

-3.05
* 

[0.03] 

-3.05
 NS 

[0.82] 

0 
NS 

[1.00] 

-2.62 
NS 

[0.08] 

Shapiro-Wilk 

(p-value) 

0.91 
NS 

[0.48] 

0.95
 NS 

[0.29] 

0.95 
NS 

[0.29] 

0.95 
NS 

[0.37] 

0.63 
NS 

[2.32] 

0.91
NS 

[0.04] 

RMSE 11,127.60 9,871.29 9,868.84 9,650.22 43,757.76 11,127.61 

MAPE 17.36 16.05 25.01 15.58 34.87 17.36 



 

 

AIC 499.86 496.35 498.33 495.30 562.84 499.86 

BIC 503.26 500.89 504.01 499.85 566.25 503.26 

R
2
 0.38 0.90 0.51 0.94 0.56 0.38 

Adj R
2
 0.36 0.88 0.44 0.93 0.53 0.35 

NS: Non-Significant, *Significant at 5 per cent; Values in parenthesis indicate Probability value. 

The model with the lowest MAPE value was identified as the most appropriate 
model. Log-logistic model fitted for the data was found to be best, as shown by the results 
lowest MAPE (15.58) and the other criteria‘s, including highest R

2 
(0.94) and Adjusted R

2
 

(0.93), lowest AIC (495.30), BIC (499.85), and RMSE (9,650.22). This indicates, Fig. 2. from 
1997 to 2020, the data for the Vijayapura groundnut area has a log-logistic trend. 

 

 

Fig. 2: Best fit model for area under Groundnut 

 
Parameter estimates and goodness of fit criteria of selected six models for 

production of Groundnut in Vijayapura district is given in Table 3 The test statistic, probability 
values and model adequacy standards are presented in Table 4. According to the results, 
the estimated parameters of linear, log-logistic and GAM model was significant at 5 per cent 
level of significance. The results of Table 4 also revealed that all fitted models were found to 
be non-significant by the Run's test and Shapiro- Wilk's test statistic. This indicates, the data 
during the study period for the production under groundnut in the Vijayapura district was well 
fitted to the linear and GAM model. 
 
Table 3. Parametric estimates by different models for the annual production under 
Groundnut in Vijayapura district 
 

Parameters 

Models 

Linear Quadratic Cubic Exponential 
Log 

Logistic 
GAM 

Intercept (𝛼0) 
30,639.0* 

(2,428.7) 

24,879.8* 

(3,526.4) 

5,528.3* 

(5,301.4) 

30600.0** 

[2460.0] 

-1.0 

(1.0) 

29,855.1* 

(847.5) 
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𝛼 
-62.7  

(60.6) 

1,266.3* 

(661.34) 

983.5* 

(791.3) 

-0.02 

 [0.01] 

9,147.0* 

(6,430.9) 

-21.1*  

(16.2) 

𝛽  
-53.2  

(25.2) 

-25.4  

(15.73) 
 

4.7 

(4.33) 
 

𝛾   
-4.7  

(4.33) 
   

** and * indicates significant at one and five per cent, respectively; Figures in parentheses indicate 
standard errors of respective coefficients. 

 
Table 4: Test for randomness, normality of residuals and goodness of fit criteria of 
different models for the annual production under Groundnut in Vijayapura district 
 

Criteria 

Models 

Linear Quadratic Cubic Exponential 
Log  

Logistic 
GAM 

Runs test 

(p-value) 

-2.08
NS 

[0.08] 

0 
NS 

[1.00] 

0 
NS 

[1.00] 

-2.82
 NS 

 [0.18] 

-1.38* 

[0.01] 

-0.41
NS 

[0.67] 

Shapiro-Wilk 

(p-value) 

0.89
NS 

[0.06] 

0.93
NS 

[0.11] 

0.93
NS 

[0.13] 

0.89
NS 

[0.32] 

0.96
 NS 

[0.62] 

0.98
NS

 

[0.94] 

RMSE 5,520.16 5,030.71 5,027.15 5,521.25 125,155.70 3,553.32 

MAPE 15.42 13.98 14.00 15.43 88.12 9.20 

AIC 487.68 485.22 487.19 487.69 639.50 475.38 

BIC 491.22 489.94 493.08 491.22 644.21 484.12 

R
2
 0.09 0.67 0.70 0.09 0.13 0.78 

Adj R
2
 0.04 0.66 0.69 0.07 0.11 0.76 

NS: Non-Significant, *Significant at 5 per cent; Values in parenthesis indicate Probability value 
 

The best model was also chosen based on the lowest MAPE value. The GAM model 
fitted for the data was found to be best, as shown by the results lowest MAPE (9.20). And 
the other criteria‘s, including highest R2 (0.78) and Adjusted R2 (0.76), lowest AIC (475.38), 
BIC (484.12), and RMSE (3,553.32). GAM was found to be the best-fit model. This indicates, 
Fig.3 from 1997 to 2020, the data for the Vijayapura groundnut production has a GAM trend. 



 

 

 
Fig. 3: Best fit model for production under Groundnut 

Parameter estimates and goodness of fit criteria of different models for the 
productivity under Groundnut in Vijayapura district is given in Table 5. The test statistic, 
probability values, and model adequacy standards are presented in Table 6 According to the 
results, the estimated parameters of linear, cubic, exponential and GAM models were 
significant at 5 per cent level of significance. The results of Table 6 also revealed that all 
fitted models were found to be non-significant by the Run's test and Shapiro- Wilk's test 
statistic. This indicates, the data during the study period for the productivity under groundnut 
in the Vijayapura district was well fitted to linear, exponential and GAM models. 

Table 5. Parametric estimates by different models for the annual productivity under 
Groundnut in Vijayapura district 
 

Parameters 
Models 

Linear Quadratic Cubic Exponential Log-Logistic GAM 

Intercept  

(𝛼0) 

0.38**  

(0.34) 

0.43** 

(0.33) 

0.49 

 (0.08) 

0.40** 

 [0.27] 

-0.73** 

(0.68) 

0.38**  

(0.20) 

𝛼 
0.15 ** 

(0.42) 

0.26 

(0.21) 

-0.03* 

(0.02) 

0.77** 

[0.40] 

2.32 

(1.15) 

0.54**  

(0.20) 

𝛽  
0.05*  

(0.04) 

0.03  

(0.02) 
 

413.61  

(325.98) 
 

𝛾   
-6.87e-05*  

(6.22e-05) 
   

** and * indicates significant at one and five per cent, respectively; Figures in parentheses indicate 
standard errors of respective coefficients. 

 
Table 6. Test for randomness, normality of residuals and goodness of fit criteria of 
different models for productivity under Groundnut in Vijayapura district. 
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Linear Quadratic Cubic Exponential 
Log  

Logistic 
GAM 

Runs test 

(p-value) 

-0.87
NS

 

[0.38] 

0 
NS 

[1.00] 

0.43
NS 

[0.66] 

0
 NS 

[1.00] 

-1.74* 

[0.01] 

-0.87
NS 

[0.38] 

Shapiro-Wilk 

(p-value) 

0.98
NS

 

[0.96] 

0.96
NS

 

[0.57] 

0.94
NS 

[0.24] 

0.97* 

[0.01] 

0.95
NS 

[0.46] 

0.98
NS 

[0.96] 

RMSE 0.07 0.06 0.07 0.07 0.08 0.09 

MAPE 10.22 9.38 9.18 9.82 13.12 10.22 

AIC 47.25 47.06 46.13 48.33 37.72 47.25 

BIC 43.84 42.52 40.45 44.92 33.18 43.84 

R
2
 0.64 0.67 0.68 0.66 0.50 0.65 

Adj R
2
 0.62 0.63 0.63 0.64 0.48 0.62 

NS: Non-Significant, *Significant at 5 per cent; Values in parenthesis indicate Probability value 

The most appropriate model was selected using the lowest MAPE value. The cubic 
model fitted for the data was found to be best, as shown by the results lowest MAPE (9.18).  
And the other criteria‘s, including highest R2 (0.68) and Adjusted R2 (0.63), lowest AIC 
(46.13), BIC (40.45) and RMSE (0.0714). This indicates, Fig. 4 from 1997 to 2020, the data 
for the Vijayapura groundnut productivity has a cubic trend. 

 

Fig. 4: Best fit model for productivity under Groundnut 

 

3.2. To develop ARIMA model for forecasting production of Groundnut crop 

The selected model is finally used for forecasting yield of groundnut crop of 

Vijayapura district of Karnataka, Box-Jenkin‘s or ARIMA method was used based on the 

data considered for 55 years from 1966-67 to 2020-21. The tables and figures obtained from 

the analysis are presented at the end. The results of forecast yield of groundnut are 

discussed below. The data used of groundnut production for 55 years from 1966-67 to 2020-
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21. Throughout the study, 45 years of training data and 10 years of test data were 

considered. An examination of plot reveals positive trend over time indicating non-stationary 

nature of the series. From Table 7, it is observed that the stationarity in yield of groundnut 

can be obtained after first differencing of the original data as per the augmented Dickey-

Fuller test (Fig. 6). The test statistic was found to be significant at 5 per cent level. 

Table 7.  Augmented Dickey-Fuller statistic for production of groundnut 

District cotton 
Augmented Dickey-Fuller Test 

Differencing Statistic p-value 

Vijayapura Production 1 -4.31 <0.001 

 
Model identification:Based on autocorrelation function and partial autocorrelation 

function of the differenced series, models were fitted as shown in Fig.6. and Fig.7. two 
lagged value was outside the limit in PACF and one lagged value was outside the limit in 
ACF plot, Hence the suitable model was ARIMA (2,1,1). The MAPE and AIC values of the 
model were given in Table 8. and non-significance of L-Jung box test, which indicates the 
absence of auto correlation in the model for future predictions. 

 
 

Fig. 5: Time plot for yield of Groundnut        Fig. 6: Time plot for the differenced series 

 



 

 

 
 

Fig. 7: Partial Autocorrelation at different lags of first differenced series for yield 

 

Table 8: MAPE, AIC and L-Jung-Box Q for ARIMA model for groundnut production 

Model 
Model statistics L-Jung-Box Q 

MAPE AIC Statistic DF p-value 

ARIMA (2,1,1) 25.32 974.74 14.28 15 0.50 

 

Model Ar1 Ar2 Ma1 

ARIMA (2,1,1) -0.19 -0.58** -0.07 

 

Model accuracy:Residual analysis was carried out to check the adequacy of the 
models. The residuals of ACF and PACF were obtained from the identified ARIMA model. All 
the lags were found to be non-significant, and the model fitted over test dataset gives a 
MAPE of 24.36 as indicated in Table 9. it also gives actual and forecasted values for test 
dataset gives satisfactory results to conclude ARIMA (2,1,1) as the suitable model (Depicted 
in Fig. 8). 



 

 

 
Fig. 8: Autocorrelation at different lags of first differenced series for yield of Groundnut 

 

Table 9: Model fitted over test dataset with MAPE for production of groundnut 

Year 

Production (Tones) forecast using ARIMA (0,1,0) 

MAPE 
Actual Forecast 

Lower Confidence 

limit 

Upper Confidence  

limit 

2011 -12 17106 37684.6 8975.6 66393.6 

24.36 

2012 -13 26816 37540.8 1906.4 73175.2 

2013 -14 25194 37528.5 1409.3 73647.8 

2014 -15 27801 37614.4 850.2 76079.0 

2015 -16 9568 37605.0 6053.5 81263.5 

2016 -17 30113 37557.0 8598.2 83712.2 

2017 -18 37112 37571.6 10056.1 85199.3 

2018 -19 8372 37596.7 12541.2 87734.6 

2019 -20 23962 37583.4 15290.1 90456.9 

2020 -21 25629 37571.4 17201.6 92344.4 

 

Forecasting of the Production 

The best fitted ARIMA (2,1,1) was used to forecast groundnut production for the 
period from 2021-2022 to 2025-26 for a five-year period presented in Table 10 and 
visualized in Fig.10. The results (depicted in Fig.9) indicated an increasing trend in yield of 
groundnut. The conclusion from the study is that groundnut production can be increased in 
future. 



 

 

 
Fig. 9: Residual autocorrelation and partial autocorrelation for Groundnut yield 

 

Table 10:  Forecast of groundnut production for the period for a five-years 

Year 
Production (Tons) forecast by ARIMA (0,1,0) 

Forecast Lower Confidence limit Upper Confidence limit 

2021 -22 37581.4 18983.6 94146.5 

2022 -23 37586.5 21091.0 96264.0 

2023 -24 37579.7 23090.3 98249.7 

2024 -25 37578.0 24823.4 99979.5 

2025 -26 37582.3 26564.4 101729.1 

 

Using three linear models and two non-linear models and GAM were fitted to 
estimate the forecast value of production of groundnut crops in Vijayapura district of 
Karnataka. For forecasting, the best-fitted model was used based on the minimum value of 
MAPE among all the fitted models based on the data took of 24 years from 1997-2020 which 
are also used for trend analysis for predicting value in next 5 years from 2021-22 to 2025-26. 
Considering data from the previous 24 years (1997 to 2020), future yearly forecasts of 
groundnut production were generated. Using the MAPE criterion, it was concluded that the 
GAM provided the best fitting among the several models fitted. Using GAM, a forecast for 
the following five years (2021 to 2025) was generated.In the Table11 and in Fig.11, the 
forecasted production of groundnut was shown. The results in Table11 indicated slight 
decreasing trend in groundnut output. 

 



 

 

 

Fig. 10: Predicted values by ARIMA and actual Yield of Groundnut in Vijayapura 

district 

 
Table 11: Forecasted production of groundnut in Vijayapura district 
 

Year Forecasted production (tons) 

2021-22 24305.22 

2022-23 22966.44 

2023-24 21627.66 

2024-25 20288.88 

2025-26 18950.10 
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Fig. 11: GAM Forecasted production of Groundnut in Vijayapura district 
 

4. CONCLUSION 
 

Agriculture has offered a living for a large percentage of people in the state for the 
past few decades. Agriculture plays a significant role in the economy of Karnataka and 
Vijayapura district. Approximately 76 per cent of the working population is employed in 
agriculture and farming. Agriculture accounts for approximately half of the district's revenue. 

The log-logistic model that was found to be the best-fitted model for the area had the 
lowest MAPE value of 15.58. The cubic model with a minimum MAPE value of 9.18 is shown 
to be the best-fitted model for ground nut productivity, followed by the GAM model with a 
minimum MAPE value of 9.20. All the parameters in the selected models were significant 
and met the residuals' assumptions. According to the findings, the area experienced a minor 
growth pattern from 1997 to 2007, followed by a steady upward trend.  Initially, the 
production pattern showed constant increase, but beginning in 2007, there was a major fall 
that lasted until 2019-20. Groundnut productivity first declined somewhat before increasing 
steadily from 2009 to 2020. Despite a fall in production as compared to prior years' trends, 
the ARIMA results indicated a little increase in anticipated values. As a result, ARIMA 
ignored recent trends, causing them to stand out as outliers. Because the ARIMA findings 
were inadequate, forecasting was performed using GAM, which was determined to be the 
best model based on the minimum MAPE value among all fitted models. The generalized 
additive model predicts that groundnut output will decrease somewhat, with production 
reaching 24,305.22 and 18,950.1 tons in 2021-22 and 2025-26, respectively. 

 
To analyze the trend in area, production and productivity of Groundnut in Vijayapura 

district of Karnataka. Using three Linear, two non-linear and GAM models viz. linear, 
quadratic, cubic, exponential, Log-logistic and GAM models were fitted for 24 years. 
Groundnut crop area, production and productivity was fitted with Log-logistic, GAM and cubic 
models found to be the best fit. 

The forecasted production of Groundnut crops for the period of 5 years by using 
ARIMA models and using time series data with the help of GAM. According to recent few 
years, sudden increase or decrease in production was observed. Due to this, ARIMA failed 
to take recent trends into account and therefore it was treated as outliers. Forecasting was 



 

 

performed since the results of ARIMA were inadequate, GAM revealed slight downward 
trend for a groundnut crop. 
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