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Abstract 

 

This study forecasts monthly tea production in Sri Lanka by developing a suitable time series model to 

identify future trends in the national tea industry. The analysis is based on monthly made tea 

production data from January 2000 to June 2025, obtained from the Central Bank of Sri Lanka and the 

Sri Lanka Tea Board. After confirming the non-stationarity of the original series through the 

Augmented Dickey-Fuller test, both first-order and seasonal differencing were applied to achieve 

stationarity. The Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots 

were used to identify potential model structures. Based on model selection criteria such as Akaike 

Information Criterion (AIC), Schwarz Criterion (SC), Hannan-Quinn Criterion (HQC), and log-

likelihood, the  𝑆𝐴𝑅𝐼𝑀𝐴(2,1,1)(1,1,2)12 model was determined as the best-fitted model. Diagnostic tests 

confirmed the model's residuals to be white noise, with no serial correlation, normality, or 

heteroskedasticity. The model was validated using data from early 2025, achieving a Mean Absolute 

Percentage Error (MAPE) below 10%. Forecasted production values from May to August 2025 provide 

useful insights for policymakers and stakeholders in agricultural planning and export strategy. 
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Introduction 

 

The industry spans diverse agro-ecological zones—high-grown, mid-grown, and low-grown regions—

each influencing the volume and quality of tea produced throughout the year. To gain a deeper 

understanding of this dynamic sector, the Central Bank of Sri Lanka (CBSL), in collaboration with the 

Sri Lanka Tea Board, has meticulously compiled a comprehensive dataset (Central Bank of Sri Lanka, 

2025). This dataset provides monthly observations of tea production, spanning from January 2000 to 

June 2025, offering a rich and continuous time series for empirical analysis. This extensive period of 

data captures significant transitions, including climatic anomalies such as prolonged droughts, 

economic fluctuations, and various policy reforms, all of which have left their mark on production 

volumes. The data, officially compiled by CBSL, is considered highly reliable, though minor revisions 

may occur in recent months. It is updated two months after the reference month. 

 

Tea production in Sri Lanka exhibits distinct seasonal patterns, typically peaking in the first quarter of 

each year and experiencing a decline during the third quarter. These fluctuations are influenced by a 

combination of natural factors like rainfall and temperature, and institutional factors such as labor 

availability, input costs, and government regulations. Despite these varied influences, tea remains a 

https://doi.org/10.54389/AJFR6117



    
 
 

76 

 

critical commodity for both domestic economic planning and international competitiveness (Export 

Development Board (EDB), Sri Lanka, 2022). 

 

This study endeavors to develop a forecasting model based exclusively on historical tea production 

data, without incorporating external explanatory variables like weather patterns, global demand, or 

policy changes. By applying robust time series techniques to this extensive and reliable dataset, the 

objective is to unravel the intricate dynamics of production and generate accurate forecasts. These 

forecasts are designed to inform strategic decision-making in key areas, including supply chain 

management, agricultural planning, and the development of effective economic policies. 

Thus, the rresearch question is to what extent can historical time series data, in isolation, accurately 

capture the seasonal and long-term dynamics of Sri Lanka’s tea production and provide reliable 

forecasts for future planning and policymaking. 

 

Secondary Data 

 

The national level monthly made tea production statistics were acquired from the Central Bank of Sri 

Lanka and the Sri Lanka Tea Board under the Real Sector classification, encompassing the period 

January 2000 to June 2025. The data, sourced from formal financial data repositories, incorporates 

revisions publicized two months following the conclusion of each month. The dataset reflects on the 

manufacturing patterns across shifting financial situations, such as post-pandemic recovery stages and 

the impacts of the catastrophic 2022 economic crisis (Sri Lanka Tea Board, 2022). Additionally, insights 

regarding seasonal fluctuations in output were gleaned from discussions with regional agricultural 

experts, providing textured context to the statistical series. Government announcements and high-level 

strategic plans were also surveyed to round out the macroeconomic perspective. 

 

Methodology 

 

The Seasonal Auto Regressive Integrated Moving Average (SARIMA) was used to model and forecast 

the monthly tea production in Sri Lanka. SARIMA is an extension of the ARIMA model that allows for 

seasonal autoregressive (SAR), seasonal differencing (SD), and seasonal moving average (SMA) terms. 

It is utilized in the case that data exhibits regular seasonal variation. The notation for a SARIMA model 

is SARIMA(p, d, q)(P, D, Q)s, where p, d, and q are the non-seasonal ARIMA parameters; P, D, and Q 

are the seasonal parameters; and s is the number of periods in a season (for example, s = 12 for monthly 

data with yearly seasonal periodicity). The general form of the SARIMA model is: 

 (Φ𝑃(𝐵𝑆)𝜙𝑝(𝐵)) (1 − 𝐵)𝑑(1 − 𝐵𝑆)𝐷𝑌𝑡 = (Θ𝑄(𝐵𝑆)𝜃𝑄(𝐵))𝜖𝑡 ---------------- (1) 

 

Where 𝑌𝑡 is the observed tea production at time t, 𝜙𝑝(𝐵) and 𝜃𝑄(𝐵) are the nonseasonal AR and MA 

polynomials, Φ𝑃(𝐵𝑆) and Θ𝑄(𝐵𝑆) [D5.1] are the seasonal AR and MA polynomials, and 𝜀𝑡 is a white 

noise error term with zero mean and constant variance.  

 

The modelling procedure began by dividing the data into training and testing subsets. The period from 

January 2000 to October 2024 was used as the training set, while the period from November 2024 to 

April 2025 was reserved for model validation. The procedure began with testing the series for 

stationarity using the Augmented Dickey-Fuller (ADF) Test. The series was found to be non-stationary, 

then non-seasonal differencing and seasonal differencing were performed. For initial identification of 

the model orders, we used the number of seasonal and non-seasonal lags for which are significant in 

the Autocorrelation Function (ACF) and the Partial Autocorrelation Function (PACF). Several SARIMA 

models were evaluated, and the best-fitting model was selected based on AIC, SC, HQC, and log-

likelihood values. 
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Out-of-sample forecast accuracy was assessed using RMSE and MAPE, ensuring that predictions were 

both statistically sound and practically reliable for planning purposes. The analysis was conducted in 

E-Views 12, with the methodology designed to evaluate whether historical tea production data alone 

can provide accurate forecasts for strategic decision-making in supply chain management, agricultural 

planning, and policy formulation. 

 

 

Results and Discussion 

 

As seen in Figure 1, the temporal variability of the national-level monthly tea production data covers 

the period up to June 2025. Tea production exhibits considerable variation over time, with frequent 

fluctuations, indicating high short-term volatility. There is no clear upward or downward trend, 

indicating that production levels remain relatively constant around an average. 

 

The data varies from a minimum of 12.9 metric tons to a maximum of 39.2 metric tons, with a mean of 

25.41 metric tons and a standard deviation of 3.976. The skewness of 0.213 suggests a slight rightward 

skew, while the kurtosis value of 3.509 indicates a distribution slightly more peaked than normal. Since 

the p-value of the Jarque-Bera test is 0.065 (p > 0.05), it indicates that monthly tea production is not 

significantly deviated from the y normally distribution. The series was tested for the stationarity 

condition using ADF test. As the corresponding test statistic is not significant it can be concluded with 

95% confidence that the original series is non-stationary.  

 

Therefore, the difference series was taken to make the series stationary, and it was found that the p-

value (0.000) of the ADF test is less than 0.05, indicating that the series is stationary at 5% level of 

significance. ACF and PACF plots of the first difference series were taken to confirm the stationarity of 

the series. However, the presence of statistically significant spikes at specific lags, notably at lag 1 and 

at seasonal lags like 12, suggests that the differenced series is not completely stationary. This indicates 

that a more advanced time series model, possibly including seasonal components, will be necessary to 

capture and forecast the remaining patterns in tea production fully. Therefore, the short-term 1st 

difference and the long-term 12th difference of the original series are obtained, and the ADF test is 

carried out. Its correlogram reveals that the short-term 1st difference and the long-term 12th difference 

of the original series is stationary as the test statistic is significant with a corresponding p value (0.000) 

less than 0.05. 

 

Possible models 

 

As seen in Figure 2, the comparison between the observed and theoretical ACF and PACF plots led to 

the identification of five potential SARIMA models. The significance of the 1st and 12th autocorrelations, 

along with the 1st, 2nd, and 12th partial autocorrelations, suggests the presence of both non-seasonal and 
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seasonal dependencies. Accordingly, the following SARIMA models were considered most suitable: 

SARIMA (1,1,1) (1,1,1)12 SARIMA (2,1,2) (1,1,1)12  and ARIMA (2,1,1) (1,1,2)12. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Selecting the best-fitted model 

 

Table 2:  Comparison of the possible models 

 

Table 2 indicates that, based on the significance of the parameters, the lowest Akaike info criterion 

(AIC), the lowest Schwarz criterion (SC), the lowest Hannan-Quinn Criterion (HQC), and the highest 

log likelihood, among the three possible models, the SARIMA (2,1,1)(1,1,2)12 was found to be the best-

fitted model. Thus, the best-fitted model can be derived as, 

(1-0.2695B-0.1610B2+0.2243B12) Yt= -0.0056+(1+0.9995B+0.9989B12+0.3669B24) εt   ----------- (2) 

 

Model Diagnostics 

 

To confirm model stability, the inverse roots of the AR and MA polynomials were examined. It was 

found that the inverse roots of the AR and MA polynomials lie within the unit circle, confirming that 

the SARIMA model is both stationary and invertible. 

 

Residual Diagnostics 

 

The p-value of the Jarque-Bera test was found to be 0.065142, which is greater than the 0.05 significance 

level, indicating that the residuals are approximately normally distributed at the 5% level of 

significance. 

According to Figure 3, the Q statistics of all residual probabilities are not significant at the 5% level of 

significance, as their p-values are greater than 0.05. Thus, it can be concluded with 95% confidence that 

Model Log-Likelihood AIC SC HQC 

ARIMA (2,1,1)(1,1,2)12 -642.15 4.790 4.883 4.828 

SARIMA(2,1,2)(1,1,1)12 -642.68 4.794 4.887 4.832 

SARIMA(1,1,1)(1,1,1)12 -651.07 4.824 4.890 4.850 

Figure 4: ACF and PACF for the seasonality differenced series 
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the residuals are random, independent, and identically distributed.  Table 3 indicates the results of 

diagnostic tests carried out to check for serial correlation and heteroskedasticity in the model residuals. 

The Breusch-Godfrey Serial Correlation LM Test yields a p-value of 0.297, indicating no significant 

autocorrelation. Similarly, the Heteroskedasticity Test shows a p-value of 0.359, suggesting that the 

variance of the residuals remains constant. These results confirm that the model satisfies the 

assumptions of independence and homoskedasticity of residuals. 

 

Table 3: Diagnostic Tests for Residual Autocorrelation and Heteroskedasticity 

Test  t-statistic p -value 

Breusch-Godfrey Serial Correlation LM Test 1.218 0.297 

Heteroskedasticity Test 0.844 0.359 

 

 

Forecast values for the Training Dataset 
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Figure 4: The Forecast and its 95% Confidence Limits for the Training Dataset 

 

As seen in Figure 4, the model forecasts tea production with reasonable accuracy for the training data, 

as indicated by a low Root Mean Square (RMSE) of 2.75 and Mean Absolute Error (MAE) of 2.06, along 

with an MAPE of 8.64%, suggesting that average forecast errors are within an acceptable range of 10% 

(Bobbitt, 2021). Also, Theil’s U statistic is 0.053 with a minute bias (0.0014). Theil’s U being close to zero 

confirms the model’s strong predictive performance (Kolassa, 2021).  

Figure 5: Correlogram of the residuals 
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Validation for the Testing Dataset 
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Figure 5: The Forecast and Its 95% Confidence Limits for the Testing Dataset 

 

As seen in Figure 5, the model forecasts tea production with reasonable accuracy for the testing data, 

as indicated by a low RMSE (2.67) and MAE (2.24), along with an MAPE of 9.85%, suggesting that 

average forecast errors are within an acceptable range of 10% (Bobbitt, 2021). Also, Theil’s U statistic is 

0.0628 and, being close to zero, confirms the model’s strong predictive performance. Although there is 

some bias present, the overall trend and structure of the data are well captured. 

 

Validation Data with Forecasted Values and Percentage Errors 

 

Table 4: Validation Data with Predicted Values and Errors 

Date 

Actual Tea 

Production(Metric 

Tons) 

Predicted Tea 

Production(Metric Tons) 

Percentage 

error 

2024/11 22.3 21.511 0.035 

2024/12 21.7 20.005 0.076 

2025/01 21.5 18.719 0.129 

2025/02 15.6 17.396 0.115 

2025/03 24.4 20.024 0.179 

2025/04 26.4 22.515 0.147 

 

Table 4 indicates that a percentage error below 15% is generally acceptable for real-world forecasting, 

especially in agriculture, where production varies due to external factors (Hyndman & 

Athanasopoulos, 2018). This model is reliable for short-term planning but may need slight adjustments 

to improve accuracy in certain months. 

 

 

Short-Term Forecasting 

 

Table 5: Predicted Values for May 2025 to August 2025 

Date Tea production (Metric Tons) 

2025/05 27.646 

2025/06 21.973 

2025/07 20.101 

2025/08 18.487 

 

Table 5 indicates the monthly tea production for the next four months forecast using the fitted model. 
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Conclusions and Recommendations 

 

The initial analysis, which included a correlogram and the Augmented Dickey-Fuller (ADF) test (p = 

0.2582), indicated that the original tea production series was non-stationary. To address this, both first-

order and seasonal differencing were applied, after which the series was confirmed to be stationary 

(ADF p = 0.000). Among the models assessed, the SARIMA (2,1,1)(1,1,2)₁₂ model proved to be the best 

fit based on the significance of its parameters, as well as the lowest AIC, SC, and HQC values, and the 

highest log-likelihood. The final model met all key diagnostic requirements, showing stable behavior 

(all roots within the unit circle), no residual autocorrelation, and consistent variance. It also 

demonstrated strong forecasting ability, with MAPE under 10% and forecast errors generally below 

15% for both the training and validation sets. These forecasts can support policymakers and 

stakeholders by guiding export planning, labor allocation, and resource management according to 

expected production trends. Monitoring actual production against these predictions can further 

improve short-term planning and operational decisions.  Based on these results, the SARIMA model is 

recommended for short-term forecasting of monthly tea production from May to October 2025. 

However, slightly higher errors observed in March and April suggest that continued monitoring and 

occasional model refinement may help maintain accuracy. For long-term forecasting or atypical 

variations, incorporating external factors such as weather, labor availability, or policy changes could 

further improve accuracy  (Tea Exporters Association, 2024), especially for long-term planning and 

understanding unusual variations in output. 
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