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Abstract
The aim of this study is to analyze the trends in sugarcane output in Bangladesh, China, India, Nepal, Pakistan, and Sri Lanka 
by employing three different models, i.e., the autoregressive integrated moving average (ARIMA), ARIMAX, and the last 
one Holt linear trend. The study based on secondary data spanning from FAO 1961 to 2020 was utilized for forecasting up 
to 2030. Comparative analysis revealed that the ARIMAX model outperformed the other models, exhibiting higher R2values 
and lower values of MAPE, MPE, RMSE, and MAE. The findings indicated that the ARIMAX model (1,1,5) was most 
suitable for forecasting sugarcane production in Bangladesh, China, India, Nepal, Pakistan, and Sri Lanka with a 95% accu-
racy level. By the year 2030, the projected sugarcane production is expected to be 3806.84 thousand tonnes in Bangladesh, 
124,936.77 thousand tonnes in China, 421,559.43 thousand tonnes in India, 4467.87 thousand tonnes in Nepal, 78,084.75 
thousand tonnes in Pakistan, and 943.67 thousand tonnes in Sri Lanka. Furthermore, the study observed a decreasing trend 
in instability across all countries, except for China where instability was found to be increasing. This research is of utmost 
importance as it contributes to understanding the future dynamics between sugarcane production and demand, thereby 
addressing the potential gap in the coming years.
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Introduction

Belonging to the grass family, sugarcane is a perennial plant 
growing mostly in the hot to tropical temperate region of 
Asia. The plant’s mass composition consists of 57 percent 
water and the remaining being straw, bagasse, and sugar 
(Matos et al. 2020). About 8 percent of world’s sugarcane 
production comes from Southeast Asia (FAOSTAT, 2021). 
Economy of Southeast Asian countries depends heavily on 

agriculture with sugarcane being one of the most significant 
cash crops grown (Zhai and Zhuang 2012). Since ancient 
times, conventional uses of sugarcane include production of 
sugar and alcohol fermented from its juice (de Souza et al. 
2014). Ethanol produced from sugarcane is used to produce 
low-carbon biofuel (Formann et al. 2020). Ethanol produced 
from sugarcane has substituted over one percent of gasoline 
used in the world (Goldemberg and Guardabassi 2009). This 
has led to improvement in air quality as unlike gasoline, 
ethanol does not produce lead, thereby reducing the harmful 
emissions (Goldemberg et al. 2008). Sugar prices witness 
maximum fluctuations among all agricultural commodities 
throughout the world (Elobeid and Beghin 2006; Maitah 
and Smutka 2019). The market forces of demand and sup-
ply mainly govern the prices of sugar (Kotyza et al. 2021). 
Having the demands for sugar nearly stable, the fluctuation 
in supply or production of sugar makes the prices volatile. 
Predicting sugarcane production in upcoming years will 
act instrumental in controlling sugarcane prices as well as 
ensuring continuous supply of bioethanol.
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If past data are available, then future statistics can be 
predicted. Many studies have been carried out to forecast 
sugarcane production by employing varied methodology. In 
a study carried out in Pakistan, five distinct yield models 
were industrialized for sugarcane area forecasting and one 
model for yield forecasting by using ordinary least square 
technique. Sugarcane production was further predicted by 
multiplying yield and area forecasts (Masood and Javed 
2004). Ali et al., (2015) attempted to forecast production and 
yield of sugarcane by employing both autoregressive mov-
ing average (ARMA) and autoregressive integrated mov-
ing average (ARIMA) and found ARMA (1,4) and ARMA 
(1,1) as most suitable for predicting sugarcane production 
and yield, respectively. Hossain and Abdulla (2015) pre-
dicted sugarcane production in Bangladesh by employing 
ARIMA (0,2,1) model. Vishwajith et al. (2016) used data 
from 1950–2012 to forecast sugarcane area, production and 
yield and found ARIMA (2,1,1) model as most appropriate 
for the same. ARIMA (2,1,1) model was used to predict 
sugarcane production data in Pakistan from 2019–2030 
by utilizing data from 1947–2017 (Mehmood et al. 2019). 
Hussain (2023) predicted sugarcane production in Pakistan 
by employing ARIMA model and found ARIMA (2,1,6), 
ARIMA (1,1,2), ARIMA (4,1,8), ARIMA (1,0,3), and 
ARIMA (4,1,2) as most suited models for Punjab, Sindh, 
KP, Baluchistan, and Pakistan, respectively. Forecast-
ing in sugarcane has also been done by using data mining 
approaches (Everingham et al. 2009; Beulah and Punithav-
alli 2016) and crop simulation models (Hammer et al. 2020).

Many researchers have used hybrid ARIMA and ANN 
models to predict sugar cane production (Bhardwaj and 
Sanjeev 2022; Paswan et al. 2022). Joint prediction model 
of Markov and the logistic growth curve has been used to 
forecast sugarcane production of Guangxi province in China 
(Li and Qiu 2012). Mishra et al. (2022) applied ARIMA and 
ETS (exponential smoothing) models for forecasting sugar-
cane production in South Asian countries. Tyagi et al. (2023) 
employed various models such as to forecast yearly sugar-
cane production in India using 63 years of data from 1960 
to 2022, and five different models were used: the mean fore-
cast model, the nave model, the basic exponential smoothing 
model, Holt’s model, and the ARIMA time series models. 
The current study employs hybrid time series analysis and 
instability analysis in sugarcane production in South East 
Asia. For this purpose, sugarcane production data of Bang-
ladesh, China, India, Nepal, Pakistan, and Sri Lanka from 
1961 to 2020 have been used.

Materials and Methods

The primary approaches to the research problem, together 
with their methodologies, are as follows:

Source of Data

The information gathered is entirely secondary. The FAO 
was consulted for information on sugarcane production from 
1961 to 2020 (www.​fao.​org).

Descriptive Statistics

A rational and understandable framework for numerical data 
is provided by descriptive statistics. To evaluate a big num-
ber of participants in a research study, we may use a variety 
of procedures or only one measure. Large volumes of data 
can be interpreted more easily with descriptive statistics. 
Each descriptive statistic condenses a lot of data into a man-
ageable quantity of language. Researchers employed maxi-
mum, minimum, mean, skewness, and kurtosis studies to 
describe the pattern of the series across India, Bangladesh, 
China, Nepal, Pakistan, and Sri Lanka.

Instability and Its Measure

For assessing the instability in the production, the index cer-
tain by Cuddy and Della (1978) and Srivastava et al., (2022) 
was used: CVt = (CV) x 

√

1 − R2.

where σ = standard deviation; X = mean ; R2 = coefficient of 
determination for linear trend model; and CVt = CV around 
trend

Modeling and Forecasting

The statistics in this paper relate to the production of sug-
arcane in six distinct South Asian countries: Bangladesh, 
China, India, Nepal, Pakistan, and Sri Lanka from 1961 
to 2020. For modeling and predicting sugarcane produc-
tion, Holt’s model, ARIMA, and ARIMAX were utilized. 
Because they are straightforward to use and generate pre-
cise estimates, these three models are the most frequently 
employed for modeling and forecasting. ARIMAX used 
FAO data to compile information on fertilizer use for sugar-
cane farming in a number of South Asian region.

(ARIMA) Autoregressive Integrated Moving Average 
Model

The (ARIMA) model, often known as the Box–Jenkins 
approach, was put forth by Box and Jenkins in 1976. An 
autoregressive (AR) and a moving average (MA) model 
(ARMA) is combined to form the ARIMA model. While the 
other models work well with stationary data, the ARIMA 
model is used with non-stationary data (Tekindal et al. 2020). 

C.V . =
𝜎

X̄
× 100

http://www.fao.org
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The data differences for the stabilization process are subtracted 
from the d degree to create the ARIMA (p, d, q) model, which 
is then added. In the ARIMA (p, d, q) model, p denotes the 
degree of the AR model, q the degree of the MA model, and 
d the number of differences that must be taken into account in 
order to stabilize the data (Supriya et al. 2023). The ARIMA(p, 
d, q) model equation is as follows:

where ϕp denotes the AR operator’s parameters, including 
their values; αq denotes error term coefficient; θq denotes 
the parameter value for the MA operator, and Yt represents 
the data with dth differences of the actual data (Brockwell 
et al. 2016; Gujarati and Porter 2012). The steps listed below 
can be used to fit time series data to an ARIMA model 
(Ahmadzai et al. 2019)

Identification Stage

The series’ seasonality was identified, the variables’ station-
ary nature was established, and the autoregressive or moving 
average was calculated using the augmented Dickey–Fuller 
(ADF), the auto-correlation function (ACF), and the partial 
auto-correlation function (PACF) of the series.

Estimation Stage

Using computer methods, find the coefficients that match the 
chosen ARIMA model the best.

Diagnostic Stage

One way to determine whether the projected model satisfies 
the requirements of a stationary univariate process is to look at 
the residuals’ independence from one another and their persis-
tence in mean and variance over time. Insufficient assessment 
forces us to start over and attempt to build a more precise 
model.

Estimation of Parameter of ARIMAX Model

The ARIMAX model is a generalization of the ARIMA 
model, and it has the capability of including an additional 
input variable. Estimation of the ARIMAX model parameters 
was accomplished using the non-linear least square method. 
The preceding equation can be rewritten as follows if one 
refers to Bierens (1987);

Yt =�1Yt − 1 + �2Yt − 2 +…+ �pYt − p + �1 − ��t − 1

− �2 − �2�t − 2 −…− � − �q�t − q,

Yt = �(�) +

∞
∑

i=1

n2(�)Zt−x + et

Diagnostic Checking

ARIMAX model diagnostic checking is the same as ARIMA 
model diagnostic testing by visualizing ACF and PACF 
residual graphs. If the residuals calculated from this model 
are white noise, one can accept the particular estimate fit.

Holt’s Linear Trend Method

A smoothing random variability average, the exponentially 
weighted moving average, offers the following advantages: It 
was highly noteworthy that (1) the weight of older data was 
reduced; (2) the assessment was quite simple; and (3) most 
critically for the data set, only a little amount of data were 
needed. The following is a summary of these advantages: A 
reduction in the weight of older data was highly significant, 
rather straightforward to quantify, and—most significantly 
for the data set—only required a little amount of data. For 
determining level, trend, and forecast, Holt (1957) used the 
model of his three equations (Mishra et al. 2021a, b a and b).

Level Equation: Lt = �Yt + (1 − �)(Lt−1 + Tt−1)

Trend Equation: Tt = �
(

Lt − Lt−1
)

+ (1 − �)Tt−1
Forecast Equation: Yt+1 = Lt + (h)Tt
where Lt is an estimate of the level of series at time t, Tt 

denotes for an estimate of its trend at time t, α is the smooth-
ing value for level, ranging from 0 to 1, and β is the smooth-
ing parameter for trend also ranging from 0 to 1.

Model Selection Criteria

On the basis of maximum R2, minimum RMSE, minimum 
mean absolute percentage error (MAPE), and minimal mean 
percentage error (MPE), the optimal Box–Jenkins ARIMA 
model is chosen above ARIMAX and Holt’s model. Any 
model that has largely complied with the aforementioned 
requirements is chosen. In this section, the goodness-of-fit 
metrics used in time series modeling are defined.

The data sets were split into two parts: 80 percent for 
model training and 20 percent for model testing, respec-
tively. The Gretl software and Microsoft Excel were used to 
model, validate, and project the data.

Augmented Dickey–Fuller Test

The augmented Dickey–Fuller test is a type of unit root test, 
which is a statistical evaluation. When using time series 
models, the statistical inference procedure may be ham-
pered by unit root test, a characteristic of various stochastic 
walks (such as random processes) in probability concept and 
statistics. Simply expressed, the unit root process had non-
stationary but not always trend-driven. When doing an ADF 
test, the following assumptions are made:
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Null Hypothesis (HO): The series with unit root process.
Alternative Hypothesis (HA): The series had no unit root 

process.
This test may show that the series is not stationary if the 

null hypothesis cannot be proved.
Conditions for Rejecting the Null Hypothesis. If the p 

value is less than 0.05 and the time series does not have a 
unit root, this suggests that the time series is stationary. Its 
structure does not change constantly.

Results and Discussion

In the initial stage, we conducted an exploratory analysis of 
the data to gain insights into the predicted sugarcane produc-
tion across different countries. Table 1 presents descriptive 
statistics outlining key observations. It is evident that India 
leads in sugarcane production, producing approximately 
3.5 times more than China, the second-largest producer. 
Notably, Nepal and Sri Lanka experienced the most sig-
nificant changes in sugarcane production during the period 
1961–2020, as indicated by the maximum and minimum 
values. In terms of average production, India stands out with 
the highest value of 225,367.76, whereas Sri Lanka has the 
lowest average production at 640.48. Analyzing the standard 
deviations of sugarcane output reveals that India exhibits the 
highest variability with a standard deviation of 91,219.14. 
The positive skewness observed in all countries, except for 
Bangladesh, along with the difference between the maxi-
mum and minimum values, suggests a consistent increase 
in sugarcane production from 1961 to 2020. Moreover, the 
kurtosis values in all countries indicate a platykurtic distri-
bution, implying that the presence of outliers in the data is 
insignificant. The measures of central tendency, specifically 
the order of mean > median > mode for positive skewness 
and mean < median < mode for negative skewness, further 
support the asymmetric nature of the data. Similar results 
were reported by Mishra et al. 2022.

Measure the Instability of Sugarcane Production

Then, assess the volatility of the sugarcane crop over the 
period depicted in Table 2. In this analysis, nonlinearity had 
to be introduced into the trend model. The R2 (coefficient 

Table 1   Descriptive statistics of 
sugarcane production data

Country Maximum Minimum Mean Standard deviation Skewness Kurtosis

Bangladesh 8200.00 3141.92 6197.97 1297.47  − 0.69  − 0.73
China 128,735.14 9829.31 64,106.21 36,924.37 0.16  − 1.35
India 405,416.18 91,913.01 225,367.76 91,219.14 0.20  − 1.26
Nepal 4346.75 93.00 1390.15 1178.93 0.57  − 0.92
Pakistan 83,332.74 11,640.00 40,347.04 17,586.42 0.51  − 0.44
Sri Lanka 1528.84 112.00 640.48 383.38 0.19  − 0.84

Table 2   Instability of total sugarcane production

Country Statistics Period 1 Period 2 Period 3 Overall

Bangladesh R2 0.13 0.04 0.92 0.22
CV 18.01 4.41 22.52 20.93
CVt 16.79 4.31 6.35 18.45

China R2 0.85 0.79 0.20 0.94
CV 26.96 22.62 13.01 57.60
CVt 10.32 10.45 11.65 14.00

India R2 0.61 0.89 0.60 0.93
CV 17.77 21.30 14.43 40.48
CVt 11.11 6.91 9.08 10.83

Nepal R2 0.89 0.95 0.73 0.92
CV 38.19 48.05 19.80 84.81
CVt 12.72 10.68 10.23 23.85

Pakistan R2 0.73 0.66 0.70 0.91
CV 22.46 18.53 19.66 43.59
CVt 11.64 10.88 10.84 12.88

Sri Lanka R2 0.80 0.60 0.44 0.55
CV 39.03 39.65 17.07 59.86
CVt 17.30 24.94 12.76 40.21

Table 3   Augmented Dickey–Fuller test

Particulars Bangladesh China India Nepal Pakistan Sri Lanka

t-ratio (p value) At level 1.0709 (0.9973)  − 1.3430 
(0.6116)

 − 5.8688 
(0.8339)

0.8983 (0.9956)  − 1.42919 
(0.9992)

 − 1.8203 
(0.3710)

At first differ-
ence

 − 3.2018 
(0.0199)

 − 3.022 
(0.0328)

 − 3.345 
(0.0390)

 − 2.6564 
(0.0255)

 − 3.1741 
(0.0252)

 − 3.8156 
(0.0419)
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Sugarcane China Model ARIMA (1,1,5) 
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Sugarcane Bangladesh Model ARIMAX (1,1,5) 
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Fig. 1   ACF and PACF graphs of residuals for the best-fitted models of sugarcane production for South Asian countries
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of determination) that was derived from the model that fit 
the data the best was used to determine the CVt value for 
each of the sequences. We refer to the model that was used 
by Srivastava et al., 2022 as the improved Cuddy and Della 
model. During the process of analyzing instability, the de-
trend coefficient of variation is computed for three unique 
time periods: period 1, which spans the years 1961 to 1980; 
period 2, which spans the years 1981 to 2000; period 3, 
which spans the years 2001 to 2020; and overall period, 
which spans the years 1961 to 2020 in its entirety.

With the exception of China, Period I showed the most 
instability in another country. The coefficient variance 
around trend (CVt) decreased slightly in Bangladesh, India, 
Nepal, Pakistan, and Sri Lanka, from 16.79 in Period I to 
6.35 in Period III, 11.11 in Period I to 9.08 in Period III, and 
12.72 in Period I to 12.76 in Period III. Therefore, the pro-
duction of sugarcane is now more unstable as a result of the 
introduction of new technology. It affects farmers’ incomes 
and choices to invest in lucrative agricultural technologies 
by raising the risk of farm production. In addition to this, it 
has an effect on the general level of price stability and the 
susceptibility of households with low incomes. Agriculture 
production is at greater risk due to instability, which has 
an effect on farmers’ income and choice to invest in high-
paying tools (Chand and Raju, 2009).

Modeling and Forecasting

Before employing the ARIMA (autoregressive integrated 
moving average) model, it is essential to ensure that the time 

series data are stationary, meaning its statistical properties 
do not depend on the specific time point. Stationarity can be 
associated with a white noise series with a constant mean 
(µ) and constant variance (σ). Therefore, in this study, the 
first step involved conducting the augmented Dickey–Fuller 
(ADF) test on the sugarcane production time series data 
from different South Asian countries. The results of the 
ADF test indicated that almost all series were non-station-
ary (p > 0.05), implying the need for further processing. To 
address this, first differencing was applied to the original 
data, which successfully transformed all the series into sta-
tionary ones, with constant mean and variance, as evidenced 
in Table 3. Subsequently, different ARIMA models ranging 
from (0, 1, 0) to (1, 1, 5) were considered suitable for mod-
eling and forecasting the behavior of sugarcane production. 
However, to ensure the adequacy of the selected models, 
a diagnostic check was performed on the residuals using 
the ACF and PACF graphs, as depicted in Fig. 1. This step 
aimed to verify the models’ appropriateness and identify 
any remaining patterns or autocorrelations in the residuals.

After that, we used three different techniques—ARIMA, 
ARIMAX, and Holt’s linear trend—to model and predict the 
time series data for sugarcane output in South Asian nations. 
The model was chosen after the performance was assessed 
using a variety of metrics, including the highest value of R2 
(coefficient of determination) criteria for each country and 
the lowest value of root mean squared error (RMSE), mean 
absolute error (MAE), mean percentage error (MPE), and 
mean absolute percentage error (MAPE).

Table 4   Model fitting for 
sugarcane production in South 
Asian countries

Bold values indicate the crietiria for best model selection

Country Model R2 RMSE MAPE MAE MPE

Bangladesh ARIMA(1,1,5) 0.862 475.280 6.452 382.780  − 0.179
ARIMAX (1,1,5) 0.885 430.440 5.775 343.340 0.008
Holt’s (α = 0.1048, β = 0.0965) 0.842 519.580 6.142 386.762  − 0.007

China ARIMA(1,1,5) 0.983 4732.900 7.254 3765.300  − 0.672
ARIMAX(1,1,5) 0.983 4945.800 7.066 3705.600  − 0.680
Holt’s (α = 0.134, β = 0.111) 0.972 6.218 7.145 4.619  − 0.010

India ARIMA(1,1,5) 0.962 17,670.000 5.988 12,692.000  − 1.174
ARIMAX (1,1,5) 0.963 17,583.000 5.803 12,511.000  − 1.819
Holt’s (α = 0.1448, β = 0.0433) 0.926 2.505 7.906 1.849  − 0.011

Nepal ARIMA(1,1,5) 0.974 190.110 17.805 120.890  − 11.442
ARIMAX (1,1,5) 0.975 186.810 17.221 117.200  − 12.158
Holt’s (α = 0.982, β = 0.1387) 0.970 205.185 7.766 127.353  − 0.008

Pakistan ARIMA(1,1,5) 0.936 4329.100 9.434 3647.800  − 1.344
ARIMAX (1,1,5) 0.940 4197.800 9.221 3544.500  − 1.424
Holt’s (α = 0.1064, β = 0.064) 0.915 5.158 11.320 3.926 0.005

Sri Lanka ARIMA(1,1,5) 0.861 142.630 12.679 85.607  − 1.768
ARIMAX (1,1,5) 0.866 140.670 13.627 90.595  − 1.802
Holt’s (α = 0.7702, β = 0.0661) 0.849 148.99 13.355 84.956  − 0.002
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Upon fitting the models for each series, we compared 
the results to determine the best forecasting model. The 
analysis revealed that the ARIMAX model outperformed 
the other approaches in all six South Asian countries, as 
presented in Table 4. Having identified the best forecasting 
model, we proceeded to estimate the values of sugarcane 
production from 2017 to 2020, as displayed in Table 5.

Based on these forecasts, sugarcane production is antic-
ipated to witness an upward trend in Bangladesh, China, 
India, Nepal, Pakistan, and Sri Lanka in the coming years. 
By the year 2030, the projected sugarcane production is 
expected to be 3806.84 thousand tonnes in Bangladesh, 
124,936.77 thousand tonnes in China, 421,559.43 thou-
sand tonnes in India, 4467.87 thousand tonnes in Nepal, 
78,084.75 thousand tonnes in Pakistan, and 943.67 thou-
sand tonnes in Sri Lanka, as shown in Table 6. These 
predictions are further supported by the forecast visuals 

presented in Fig. 2. The key factors contributing to this 
positive trend in sugarcane production include agricul-
tural finance, price support programs, improved manage-
ment practices, and research advancements, among oth-
ers. These factors collectively contribute to the long-term 
sustainability and growth of sugarcane production in the 
region.

The results of this research have important repercus-
sions for the agriculture sector and the various parties 
involved in that sector. The projected increase in sugarcane 
production highlights the importance of implementing 
appropriate measures to support and sustain this growth. 
Factors such as agricultural finance, price support pro-
grams, improved management practices, and research ini-
tiatives will play crucial roles in maintaining the upward 
trend in sugarcane production. It is important to note that 
the forecasts are based on historical data and the assump-
tion that current trends and factors influencing sugarcane 
production will continue in the future. However, unfore-
seen events, changes in agricultural policies, and other 
external factors can influence actual production levels. 
Therefore, regular monitoring, evaluation, and adjustment 
of strategies based on updated information are necessary 
to make sure the accuracy and relevance of these fore-
casts. Overall, this study delivers valuable understandings 
into the future dynamics of sugarcane production in South 
Asian countries. The use of advanced forecasting models 
like ARIMAX can assist policymakers, researchers, and 
agricultural stakeholders in making informed decisions 
to meet the growing demand for sugarcane and address 
potential gaps in the coming years.

Conclusion

The findings to antedate sugarcane production from 2021 
to 2030 reveal that production will increase in all six coun-
tries. India would have the highest predicted value in 2030, 
according to the study’s findings, which are conclusive. 
ARIMA, ARIMAX, and Holt’s linear trend models were 
employed to model and forecast sugarcane production in 
South Asian countries. The models were evaluated based 
on various metrics such as RMSE, MAE, MPE, MAPE, 
and R2 values. The ARIMAX model was initiated to be the 
best-performing model for forecasting sugarcane produc-
tion based on fertilizer consumption in all six countries, 
and various factors such as agricultural finance, price sup-
port programs, and improved management practices will 
play crucial roles in sustaining this growth. However, it 
is important to continually monitor and adapt strategies 
to account for potential changes and uncertainties in the 
agricultural sector.

Table 5   Validation of predicted value of sugarcane production for 
South Asian countries (‘000 tons)

Year Observed Predicted (ARIMAX) Predicted (Holt’s)

Bangladesh
2017 3863 4207.11 4076.50
2018 3639 3676.84 3705.10
2019 3142 3241.46 3481.60
2020 3682 3542.23 2937.00
China
2017 104,906 110,375.30 114,906.10
2018 108,719 105,866.40 104,974.10
2019 109,963 105,259.20 110,657.70
2020 108,121 106,210.00 110,250.10
India
2017 306,069 323,702.40 344,058.00
2018 379,905 351,713.90 289,917.70
2019 405,416 412,700.60 426,862.80
2020 370,500 374,711.30 400,994.30
Nepal
2017 3235 3688.16 4564.70
2018 3558 3503.41 3315.80
2019 3558 3492.73 3644.80
2020 3400 3343.38 3638.50
Pakistan
2017 83,333 83,314.01 77,871.10
2018 67,174 74,746.15 85,893.10
2019 66,880 72,369.76 66,880.00
2020 81,009 77,178.86 67,796.10
Sri Lanka
2017 655 723.74 801.30
2018 645 687.69 677.80
2019 653 610.51 640.20
2020 855 782.43 638.60
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Table 6   Point forecasts of 
sugarcane production for South 
Asian countries (‘000 tons)

Year Bangladesh China India Nepal Pakistan Sri Lanka

2021 3590.49 103,679.08 355,280.78 4342.16 74,947.64 844.14
2022 3606.38 103,210.66 387,825.46 3976.81 66,049.92 841.06
2023 3740.50 108,179.85 389,354.83 3975.05 69,388.64 866.58
2024 4041.56 113,221.28 392,085.31 4073.79 73,278.92 874.75
2025 3957.90 116,251.85 396,978.77 4160.07 73,619.57 861.90
2026 3906.81 118,221.76 401,883.48 4216.11 74,368.26 897.63
2027 3872.50 119,949.16 406,795.95 4280.51 75,253.89 886.93
2028 3846.87 121,621.11 411,713.79 4342.59 76,185.50 920.61
2029 3825.70 123,280.39 416,635.33 4405.32 77,132.54 911.87
2030 3806.84 124,936.77 421,559.43 4467.87 78,084.75 943.67
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Fig. 2   Observed and forecasting of production of sugarcane in South Asian countries
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This study delivers valuable understandings into the 
future dynamics of sugarcane production in South Asian 
countries. The use of advanced forecasting models like ARI-
MAX can assist policymakers, researchers, and agricultural 
stakeholders in making informed decisions to meet the 
growing demand for sugarcane and address potential gaps 
in the coming year. Also, the examination of sugarcane pro-
duction instability across various periods and states yielded 
noteworthy outcomes. Instability was assessed using the 
coefficient of variance around the trend (CVt), where lower 
values denoted higher stability. The findings indicated a 
slight decline in CVt over time in Bangladesh, India, Nepal, 
Pakistan, and Sri Lanka, except for China, which displayed 
the highest instability during Period III.

Implications and Policies

Agricultural Finance

Ensuring access to adequate financial resources and invest-
ment opportunities for farmers and agricultural enterprises 
is vital. Establishing financial mechanisms that support 
sugarcane cultivation, such as loans, subsidies, and credit 
facilities, can enable farmers to expand their operations and 
adopt modern farming techniques.

Price Support Programs

Implementing price support programs can provide stability 
and incentives for sugarcane farmers. Guaranteeing mini-
mum prices for their production or offering subsidies dur-
ing periods of market fluctuation can encourage farmers to 
increase production and invest in the crop.

Improved Management Practices

Promoting and disseminating best practices in sugarcane 
cultivation, including efficient irrigation methods, integrated 
pest management, and soil conservation techniques, can 
enhance productivity and sustainability. Training programs 
and extension services should be developed to educate farm-
ers on these practices.

Research Initiatives

Continued research and development efforts are essential 
to address challenges in the sugarcane sector. Investing in 
research to develop disease-resistant varieties, enhance crop 
productivity, and improve post-harvest technologies can con-
tribute to long-term growth. Collaboration between research 

institutions, agricultural experts, and industry stakeholders is 
crucial in driving innovation and finding solutions.
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