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Abstract: The influence of many climatic variables such as NDVI, minimum and maximum humidity, rainfall, 

minimum and maximum temperature, and solar radiation make tea production volatile. The clustering of low and 

high volatility periods values makes determining a suitable GARCH and ARIMA model difficult. Climatic 

variables are risk measures useful in understanding tea production data. A proper understanding of variables to 

help monitor and forecast the volatility in tea production output is paramount in applied statistics. The existence of 

affirmative consent on the standard performance of GARCH(1,1) can be misguiding due to variation in data 

volatility. The nonlinear nature of tea production and climatic variables creates everlasting interest to scholars to 

model a forecast of future tea production based on the volatile climatic conditions. We use Box and Jenkins model 

to outline 63 combinations of ARMA(m,n)-GARCH(p,q) models in tables with m and n are either o, 1, or 2. We use 

AIC, BIC, and LogL criteria to select the best model. The results based on the rubric indicated that the 

ARMA(1,1)-GARCH(2,2) is the suitable model. 
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I.   INTRODUCTION 

Tea production is volatile due to influence from many factors such as climatic variability, among other factors [9]. Tea 

production yield presents volatile clusters representing high and low periods of volatility. Identification of generalized 

autoregressive condition heteroscedasticity (GARCH) order of tea production and climatic variability is a challenge due to 

data fluctuation in tea production and climatic conditions. GARCH model has predominantly been used in finance to 

model conditional volatility of the stock in time series. 

Volatility is a measure of risk [7, 13]. Thus, volatility is a measure of conditional standards of underlying asset return in 

finance. In line with this notion, we can estimate volatility given the condition of success on some set standards [13, 

p.~5]. Thus, modeling volatility of given variables requires a proper understanding of yield like tea production given 

various climatic conditions for a period. 

In order to monitor and forecast the volatility in tea production output with interest in climatic variable data requires 

modeling to help us understand the data. The selected models help us decide on the volatile cluster. Many GARCH 

models exist, with many giving affirmative consent on the performance of GARCH(1,1), hence making it a standard 

model. This can be misguiding due to variation in data volatility. Thus, the ARIMA model has been proposed by many 

existing studies based on Box and Jenkin to address the forecasting problems [8]. However, the ARIMA models are 

limited to identifying linear relationships based on the current and past time-series data. Tea production and climatic 

variables are nonlinear, which creates scholars’ interest, prompting further research to model a forecast of future tea 

production based on the volatile climatic conditions. 
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This article therefore proposed the selection and approximation of the GARCH model to predict future tea production. 

The full text is organized as follows: Section 1 presents a brief introduction. Section 2 summary of the methodology. 

Section 3 presents model fitting, analysis and results. Section 4 concludes the research. 

II.   METHODOLOGY 

Three-time series models exist, Autoregressive Moving Average (ARMA), GARCH, and Autoregressive Conditional 

Heteroscedasticity (ARCH). Box and Jenkins [3] in the mid      century proposed ARIMA(m,D,n) models where 

autocorrelation term is m, differencing elements is D and moving average term is D. The I in ARIMA differentiates when 

the series is not stationary. An assumed stationary series is model via three classes of time series process: autoregressive 

(AR), moving-average (MA), and mixed autoregressive and moving average (ARMA). The latter has found usage in the 

proposed works. AR(m) is expressed as [6];   

                         (1) 

 MA(n) is expressed as  

                         (2) 

 where            is white noise disturbance term such that         and           . 

A combination of AR(m) and MA(n) model forms ARMA(m,n) model. AR(m) and MA(n) models require many data 

structures when modeling separately; thus making these models complex. Box, Jenkins and Reinsel [12] introduced 

ARMA model as a combination of AR(m) and MA(n) models to handle the dependencies in the series. ARMA(m,n) 

model is represented as [6]  

                                            (3) 

 

We summarize Eq. (3) to Eq. (4) as 

 

      ∑   
          ∑   

          (4) 

    is the dependent variable, which in the proposed work is tea production,    are the autoregressive parameter 

components of order  ,    are parameters of moving average component of order   and    is error time at time  .   and   

are non-negative integer.  

ARCH and GARCH model are popular two time-varying volatility models among researchers. ARCH models predicts the 

conditional variance of dependent variable return series and is given by 

 

 
       
       

 (5) 

 

where    is the observed dependent variable data series,   is a constant value,    is residual,    is the standardized residual 

with independently and identically distributed with              √            . The ARCH model is not 

described in detail in this work since it did not inform the analysis of the tea production and climatic variables. The 

ARCH model’s need for estimating a large number of parameters makes it unsuitable in this work [2, 10]. Instead, the 

GARCH model is used due to its need for few parameters compared to ARCH model [10]. The general form of the 

GARCH(p,q) model is written as 

 

   
    ∑  

 
         

  ∑  
 
         

  (6) 
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where    and    are defined in (5),   is the long-run volatility and is such that    ,              and        

     . Suppose        , the GARCH(p,q) model becomes stationary and yields no results as covariance is 

stationary. 

GARCH models have found numerous usage in determining conditional volatility in financial data. Thus, researchers 

used GARCH to inform them on financial decisions [1, 2]. Combination of ARMA-GARCH models have also found 

numerous usage in many areas highlighted in the following existing state-of-the-art scholarly works [4, 5, 11, 14, 15]. 

However, non of the existing literature has presented ARMA-GARCH model forecasting volatility of tea production 

based on climatic variables in tea zones in Kenya. 

III.   EXPERIMENT AND FINDINGS 

GARCH processes model the volatility, and ARMA process models series of Tea production and climatic variables. 

GARCH process alone assumes the series data has no autocorrelation, no seasonal effect, and no drift. ARMA model 

incorporates all these, that is, assumes data has seasonality, drift, and autocorrelation. We use both GARCH and ARMA 

since the data contains all the three characteristics based on the previous work [8]. We try different models such as 

ARMA(0,0), ARMA(1,0), ARMA(0,1)   ARMA(m,n). The GARCH analysis is performed in the order listed in Table 1 

using the R language code. However, we noted that for        , the GARCH order ARMA(m,n) GARCH(p,q) 

becomes singular (see Test Code     in Table 2). 

Table  1: Garchorder and armaorder combination for GARCH analysis presented in Tables 

Test Code Armorder Garchorder Test Code Armorder Garchorder 

1 0 0 0 0 33 0 2 1 2 

2 0 0 0 1 34 0 2 2 1 

3 0 0 1 0 35 0 2 2 2 

4 0 0 1 1 36 2 0 0 0 

5 0 0 1 2 37 2 0 0 1 

6 0 0 2 1 38 2 0 1 0 

7 0 0 2 2 39 2 0 1 1 

8 0 1 0 0 40 2 0 1 2 

9 0 1 0 1 41 2 0 2 1 

10 0 1 1 0 42 2 0 2 2 

11 0 1 1 1 43 1 2 0 0 

12 0 1 1 2 44 1 2 0 1 

13 0 1 2 1 45 1 2 1 0 

14 0 1 2 2 46 1 2 1 1 

15 1 0 0 0 47 1 2 1 2 

16 1 0 0 1 48 1 2 2 1 

17 1 0 1 0 49 1 2 2 2 

18 1 0 1 1 50 2 1 0 0 

19 1 0 1 2 51 2 1 0 1 

20 1 0 2 1 52 2 1 1 0 

21 1 0 2 2 53 2 1 1 1 

22 1 1 0 0 54 2 1 1 2 

23 1 1 0 1 55 2 1 2 1 

24 1 1 1 0 56 2 1 2 2 

25 1 1 1 1 57 2 2 0 0 

26 1 1 1 2 58 2 2 0 1 

27 1 1 2 1 59 2 2 1 0 

28 1 1 2 2 60 2 2 1 1 

29 0 2 0 0 61 2 2 1 2 

30 0 2 0 1 62 2 2 2 1 

31 0 2 1 0 63 2 2 2 2 

32 0 2 1 1      

. 
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A. Model Fitting  

After defining the ARMA-GARCH order, we proceed to specify the model. We generate 63 models based on the 

conditional variance specification in ARMA(m,n)-GARCH(p,q) models where m and n are either 0,1 or 2 and a similar p 

and q. We generated and compared the models based on criteria; AIC and BIC, and LogL to select the best model. We 

highlighted these comparisons in Table 2. We provide a summary of the best models in Table 3. The ARMA(1,1)-

GARCH(2,2) model presented the best model based on AIC, and LogL, while ARMA(1,0)-GARCH(1,2) provided the 

best model based on BIC. Overall, the ARMA(1,1)-GARCH(2,2) is the suitable model based on the rubric investigated in 

Table 3. The ARMA(1,1)-GARCH(2,2) has the lowest AIC with the highest LogL; its BIC is also very low due to a lack 

of significant difference between those presented in the same table. 

Table  2: Garch analysis for the Armaorder and Garchorder in the test code 1 to 64 in Table 1. Lower AIC and 

BIC are desirable since it shows the model is closer to the truth. Maximum Log-likelihood (LogL) is desirable since 

it shows superior performance.   is Singular 

Test Code IC LogL Test Code IC LogL 

 AIC BIC   AIC BIC  

1 - - -     

2 31.743 31.770 -10280.68     

3 31.497 31.525 -10201.14 24 29.898 29.939 -9680.954 

4 30.864 30.899 -9995.023 25 28.993 29.041 -9386.607 

5 30.844 30.886 -9987.523 26 28.973 29.028 -9379.204 

6 30.868 30.909 -9995.227 27 28.996 29.051 -9386.563 

7 30.847 30.896 -9987.523 28 28.969 29.032 -9377.081 

8 - - - 29 - - - 

9 30.788 30.823 -9970.44 30 30.378 30.420 -9836.597 

10 31.120 31.154 -10077.85 31 31.013 31.054 -10042.18 

11 30.210 30.251 -9782.026 32 29.968 30.016 -9702.563 

12 30.214 30.262 -9782.191 33 29.971 30.026 -9702.564 

13 30.214 30.262 -9782.192 34 29.971 30.026 -9702.563 

14 30.217 30.272 -9782.191 35 29.974 30.036 -9702.563 

15 - - - 36 - - - 

16 29.339 29.374 -9500.963 37 29.346 29.388 -9502.265 

17 29.973 30.008 -9706.365 38 29.943 29.984 -9695.53 

18 28.995 29.036 -9388.288 39 29.001 29.049 -9389.265 

19 28.973 29.021 -9380.255 40 28.980 29.035 -9381.561 

20 28.998 29.046 -9388.262 41 29.004 29.059 -9389.255 

21 28.971 29.027 -9378.711 42 28.978 29.040 -9379.716 

22 - - - 43 
      

23 29.335 29.376 -9498.525   
    64    

Table 2 shows the value of the Akaike information criterion (AIC) monotonically decreases when moving from the 

simpler model (standard GARCH) to the more complicated ones. We investigate three test codes whose results suggest 

the lowest AIC, BIC, and LogL in the Table 3. 

Table  3: Rubric of the desirable AIC and BIC and LogL in red. 

    Test Code   AIC   BIC   LogL   Desirable  

 19 [          ]   28.973   29.021   -9380.255   No  

21 [          ]   28.971   29.027   -9378.711   No  

28 [          ]   28.969   29.032   -9377.081   Yes 

We found that the ARMA(1,1)-GARCH(2,2) is the best model. Now we present the optimal parameters for the 

ARMA(1,1)-GARCH(2,2) model for the tea production and climatic variables as summarized in Fig. 1. We present these 

optimal parameters in Table 4. 



                                                                                                                                                                    ISSN  2350-1022 
 

International Journal of Recent Research in Mathematics Computer Science and Information Technology  
Vol. 8, Issue 2, pp: (25-32), Month: October 2021 – March 2022, Available at: www.paperpublications.org 

 

 Page | 29 
Paper Publications 

 

Figure  1: The conceptual framework showing independent variables(climatic variables) and dependent variable 

(Tea Production) 

B. GARCH analysis for tea production and climatic variables  

Table  4: Summary of GARCH analysis based on the ARMA(1,1)-GARCH(2,2) selected as the best model fit 

presented in Table 3 for climatic variables and tea production 

Item NDVI           Rainfall           Solar R 

  2.129e+06 

  4.122e+09 

   2.417e-01 

   1.523e-01 

   1.000e-06 

   6.050e-01 

LogL -9377.081 

AIC 28.969 

BIC 29.032 

Table 4 indicate that the optimal parameters, LogL and AIC and BIC based on model fit the ARMA(1,1)-GARCH(2,2) 

remain constant for all the GARCH analysis of Tea production and independent variables. We conducted the analysis 

independently, that is, Tea production   NDVI, Tea production   Humidity    , Tea production   Humidity    , Tea 

production   Rainfall, Tea production   Temperature    , Tea production   Temperature    , and Tea production   

Solar radiation. The observation indicates a lack of change in the effect of climatic variables on the volatility of tea 

production. Therefore, Eq. (7) presents the volatility relationship between tea production and climatic variables. 

         ∑           
  ∑                           (7) 

C. GARCH analysis based on counties  

Table  5: Summary of GARCH analysis based on the ARMA(1,1)-GARCH(2,2) model presented in Table 3 for 

climatic variables and tea production for Counties. 

Counties LogL IC 

  AIC BIC 

Embu -1518.919 28.295 28.518 

Kakamega -1362.474 25.398 25.621 

Kericho -1673.635 31.160 31.383 

Kisii -1539.018 28.667 28.891 

Meru -1573.647 29.308 29.532 

Nyeri -1573.647 29.308 29.532 

Table 5 indicate Kakamega county has the desirable change effect of climatic variables and tea production on the 

volatility. Kericho has the most undesirable change effect of climatic variables and tea production on the volatility. 
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Table  6: Summary of GARCH analysis based on the ARMA(1,1)-GARCH(2,2) model presented in Table 3 for 

climatic variables and tea production for Embu county 

Item NDVI           Rainfall           Solar R 

  8.769e+05 

  1.278e+08 

   0 

   0 

   9.989e-01 

   6.700e-05 

LogL -1518.919 

AIC 28.295 

BIC 28.518 

Table 6 suggest that we transform Eq. (7) to (8) to show the volatility relationship between tea production and climatic 

variables in Embu as 

         ∑                              (8) 

Table  7: Summary of GARCH analysis based on the ARMA(1,1)-GARCH(2,2) model presented in Table 3 for 

climatic variables and tea production for Kakamega county 

Item NDVI           Rainfall           Solar R 

  1.073e+06 

  3.895e+08 

   3.014e-01 

   1.000e-06 

   6.976e-01 

   0 

LogL -1362.474 

AIC 25.398 

BIC 25.398 

Table 7 suggest that we transform Eq. (7) to Eq. (9) to show the volatility relationship between tea production and 

climatic variables in Embu as 

         ∑           
                        (9) 

Table  8: Summary of GARCH analysis based on the ARMA(1,1)-GARCH(2,2) model presented in Table 3 for 

climatic variables and tea production for Kericho county 

Item NDVI           Rainfall           Solar R 

  6.021e+06 

  2.622e+09 

   0 

   0 

   9.99e-01 

   5.200e-05 

LogL -1673.635 

AIC 31.160 

BIC 31.383 

Table 8 suggest that we transform Eq. (7) to Eq. (10) to show the volatility relationship between tea production and 

climatic variables in Kericho as 

         ∑                           (10) 
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Table  9: Summary of GARCH analysis based on the ARMA(1,1)-GARCH(2,2) model presented in Table 3 for 

climatic variables and tea production for Kisii county 

Item NDVI           Rainfall           Solar R 

  1.965e+06 

  1.909e+08 

   1.953e-02 

   1.076e-01 

   0 

   8.719e-01 

LogL -1539.018 

AIC 28.667 

BIC 28.891 

Table 9 suggest that we transform Eq. (7) to Eq. (11) to show the volatility relationship between tea production and 

climatic variables in Kisii as 

         ∑           
                        (11) 

Table  10: Summary of GARCH analysis based on the ARMA(1,1)-GARCH(2,2) model presented in Table 3 for 

climatic variables and tea production for Meru county 

Item NDVI           Rainfall           Solar R 

  1.9582e+06 

  4.7431e+08 

   6.5291e-0 

   0 

   0 

   9.337e-01 

LogL -1573.647 

AIC 29.308 

BIC 29.532 

Table 10 suggest that we transform Eq. (7) to Eq. (12) to show the volatility relationship between tea production and 

climatic variables in meru as 

               
          (12) 

Table  11: Summary of GARCH analysis based on the ARMA(1,1)-GARCH(2,2) model presented in Table 3 for 

climatic variables and tea production for Nyeri county 

Item NDVI           Rainfall           Solar R 

  1.9582e+06 

  4.743e+08 

   6.5291e-0 

   0 

   0 

   9.337e-01 

LogL -1573.647 

AIC 29.308 

BIC 29.532 

Tables 10-11 post similar results, suggesting the GARCH volatility effect of data were unchanged between the two 

counties (Meru and Nyeri). Table 11 suggest that we transform Eq. (7) to Eq. (13) to show the volatility relationship 

between tea production and climatic variables in Nyeri as 

               
          (13) 
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IV.   CONCLUSION 

The influence of many factors such as climatic variables (NDVI, minimum and maximum humidity, rainfall, minimum 

and maximum temperature, and solar radiation) make tea production volatile. The clustering of low and high values of 

volatility periods makes a suitable GARCH and ARIMA model difficult. Predominantly, volatility is used to measure risk 

in financial time series data. However, the underlying factors of tea production, like climatic variables, are risk measures 

useful in understanding production data. A model of these variables requires a proper understanding of variables to help 

monitor and forecast the volatility in tea production output. The existence of many GARCH models with affirmative 

consent on the standard performance of GARCH(1,1) can be misguiding due to variation in data volatility. The ARIMA 

model, which is limited to identifying linear relationships, has been proposed by many existing studies. The nonlinear 

nature of tea production and climatic variables creates everlasting interest to scholars to model a forecast of future tea 

production based on the volatile climatic conditions. We use Box and Jenkins model to outline 63 combinations of 

ARMA(m,n)-GARCH(p,q) models in tables with m and n are either o, 1, or 2. AIC, BIC, and LogL criteria select the best 

model. The results based on the rubric indicated that the ARMA(1,1)-GARCH(2,2) is the suitable model since it has the 

lowest AIC and BIC with the highest LogL. 
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