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ABSTRACT: The paper presents the development and comparison of the forecasting models for sugar and
raw sugar products export volumes of Thailand. This approach has been developed based on wavelet-
nonlinear autoregressive neural network (WNAR) and comparisons results with the nonlinear autoregressive
neural network (NAR) method. The results show that the developed model provides accuracy prediction
solutions with the minimum mean absolute percentage error (MAPE) values of 8%, 6% and minimum root
mean square error (RMSE) values of 6,745; 6,720 tons for the sugar and raw sugar products, respectively.
Therefore, the related stakeholders in Thai sugarcane and sugar industry should be used the models to set
the appropriate policies and manage supply chains, to maximize overall benefits, to maintain and increase

overall competitiveness.
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Source: Sugarcane production annual report 2018/2019, Office of the Cane and Sugar Board

Figure 1 Location of sugarcane growing areas and sugarcane mills in Thailand (2018/2019)
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TAssU1sUszamuiion 19y Multi-layer perceptrons (MLP) with backpropagation, Wavelet neural networks,
NAR wag WNAR tJufy Lﬁadﬁnﬂﬁmmﬂ%%ﬁaLLazTﬁmmuﬂuﬁwqﬁ (Li et al., 2020; Hamzacebi et al., 2019;
Mehdizadeh et al., 2019; Kummong & Supratid, 2019; Nourani & Farboudfam, 2019; Huang & Wang, 2018)
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Thailand's Export Volumes of Sugar Thailand's Export Volumes of Raw Sugar
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Figure 2 Box plots of Thailand’s monthly export volumes of sugar (a) and raw sugar (b) from January 1998

to February 2020 (in 1,000 tonnes)
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Table 1 Descriptive statistics of data sets used in this study

Time series Data set Obs. Mean Std. Skew. Kurt. Max. Min.
data set
Sugar Training 186 163,000 6,607 0.48 -0.40 434,062 12,496
Test 80 280,954 10,626 0.83 0.13 518,510 133,703
Entire 266 198,475 6,517 0.55 0.12 51,8510 12,496
Raw Sugar Training 186 203,432 10,501 1.29 2.04 753,633 1,829
Test 80 309,829 15,627 0.24 -0.18 665,307 55,232
Entire 266 235,431 9,203 0.84 0.53 753,633 1,829
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Schmidt-Shin test (KPSS test) wu3n %agaﬂfﬂaawﬁmﬁé’ﬂwmzﬁﬂ (Stationary) 33a111501135 Autoregressive-
moving average (ARMA) 1nUszendldla wiilesanaudded Wenualalumsimundauvunennsalselase
Uszamifioneelniinsadsilii@aduiauuusssunuasuuunmidn eswmnduisnsfiduueumsiunsa (Non-
parametric) fau Felaifiaudnduiisrdosdimamaasuniodguuuurasdoyalag doutidrgnisia wduuy
wenTal Im&ﬂ%lﬁadLLﬁSﬁaaﬂaiuaamLﬁammmitﬁﬁﬂuamﬂm (Benmouiza & Cheknane, 2016).
Tassvguszamiisueslnsinsa@nluii@edu (Nonlinear autoregressive neural network, NAR)
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Figure 3 Thee-level wavelet decomposition tree

maudasavidauuulaidaios (Discrete wavelet transform)
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Figure 4 Wavelet decomposition for the original export volumes of sugar (a) and raw sugar (b) with level3

using Daubechies Wavelet No. 5 (db5)
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fuuunensaivsunadeesnailslassineussamiisnsslnsinsadnldiBadunuuanian (Wavelet-
nonlinear autoregressive neural network model, WNAR)

75 WNAR fihiauelunuideiifunistds DWT way NAR inuszgndldusutuiiomasneinsaiviuna
a'qaamfwmamwuamfwmaﬁmwLﬁaumunsauLLmﬁmﬁUwqﬂﬁmmmm%a‘j’waq Kummong and Supratid
(2019) TnefiUuuumswennsalsauansly Figure 5 Fsldnsuvamidauuulsiseidos 3 sefudmsumsiwion
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Figure 5 An overall framework of the proposed WNAR
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Table 2 The performance indices of the NAR and WNAR models developed for the sugar and raw sugar

data sets with 6 time lags

RMSE MAPE (%)
Data sets Method Training Test Entire Training Test Entire
Sugar NAR 6.02 61,633.74 15,878.08 30.09 27.55 29.44
WNAR 0.36 6,745.31 1,737.95 5.48 7.96 6.12
Raw Sugar  NAR 37.07 79,952.30 20,575.58 101.52 32.73 83.79

WNAR 0.57 6,719.65 1,731.18 6.47 5.65 6.26
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Figure 6 Box plots of the monthly forecast error statistics for export volumes of sugar (a) and raw sugar

(b) with NAR and WNAR models
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Figure 7 The monthly forecast error statistics of the raw sugar export volumes by using NAR model
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Table 3 A comparison of results using the NAR and WNAR models with different forecasting horizons on

the test set data

Sugar Raw Sugar
Forecasting NAR WNAR NAR WNAR

horizon RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE
1 44,619.51  24.15 3,213.76 17.12 29,083.10 30.70 27584  23.00

3 56,371.55  25.57 7,432.78 8.19 56,398.04 31.15 3,721.64 9.02

6 61,633.74  27.55 6,745.31 7.96 79,952.30 32.73 6,719.65 9.16

9 69,196.12  33.24 6,413.83 7.49 48,308.07 33.33 64.71 5.65

12 4493352  29.08 3,568.47 6.05 43,953.02 32.26 9,281.49 1146
15 38,005.57  23.42 13,041.53 8.79 45,448.64 30.79 4,505.07 7.49
18 33,516.79  23.47 13,962.73 6.87 52,842.86 32.30 2,561.78 8.62
21 12,090.83  25.07 8,218.83 7.10 52,480.61 3458 18,753.93 11.34
24 19,167.31  23.82 10,311.72 9.51 59,436.53 33.39 65.23 9.44

36 18,082.00 23.30 16,009.20 9.44  45,012.06 2778 13,44893 13.03
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