Content List Available at Thailo UAUNGEAT

JOURNAL ¢

KA]J?

Khon Kaen Agriculture Journal

-ﬁiﬁ{’i‘j"g Journal Home Page : https://li01.tci-thaijo.org/index.php/agkasetkaj

61"3LLUU‘Wemmiﬂ‘%mmdaaanﬁqmamﬁauazﬁ']maawaaﬂizmﬁlwa
Tngldlaseinguszamiisusalnsinsadnlii@adunuuinian

Sugar and raw sugar products export volumes forecasting models
based on wavelet-nonlinear autoregressive neural network
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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).
Tassvreuszamiisueslnsinsa@nlui@edu (Nonlinear autoregressive neural network, NAR)
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Figure 3 Thee-level wavelet decomposition tree

maudasavidauuulaidaiies (Discrete wavelet transform)
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Nourani & Farboudfam, 2019; Huang & Wang, 2018; Wei et al., 2012) LiJau&mmuﬂsmau%a;&aaﬁéﬂmLaaﬂﬂa
FusansosnwAe (L) wasanudgs (H) Tusedudl 1 Aeglsdulsznounmidavioneulmuud A1 way D1 N
thaeulniuud Al lUusnduusznevlusedudl 2 deluaunsunnsedy Figure 3 uaninisudasldnuuylsl

foLin 3 seaunazazleradnsidumaulniuud A3, D3, D2 way D1

(a) Sugar (b) Raw Sugar
<105 <105
w5 T T = M = T T —T N T z T
£ \ \ £5f i W A A AL
= N A A ,—u W 'v l\ A Wy =) ) TR, O A T A A WY
g i V\L. M/ ‘\m Y ‘\ & /\L\NY‘ M \ f f v’ = ; . )‘-\:’\w" \ ‘V/. | N RV VAU My "‘/\“’N.\) \J Wy nur'\\w IV
0 50 100 150 200 250 300 0 50 100 150 250 300
p <10° g «10°
o, ~ SN i o \\m,/ \/ \ ) - 2 Wi I ¥ o
2 = N/ ~—~— N\ N 1 < Sy —~ PR N -
% 50 100 150 200 250 300 0 50 100 150 200 250 300
<10 o x10°
10F k 1
- 4 - w A A
a 8% A ,JP e */"WN“M‘ A \JMM\VV,WVM waf‘,m "»'AI‘NJ“M“ W ﬂ',',,‘}.\ N"fv ] 5 0fpwhavier \ﬁ«wvli'wjrwv& PO YN [ N-\ W“"Nﬂvﬂn\w‘\ Vil M\mﬂ‘\r
5 ]
2
50 100 150 200 250 300 g . 50 100 150 200 250 300
5 x
1 "10 T : . 210 ; . -
oY 1S Yo an . SRR o pilaa g /
8 0'\'V ‘\lv AN Ju \1 \,W sl M”k \ MV‘ A M k/\/ﬂ "V"u",ﬁ\"’\,‘,‘ \ J a o‘u_‘\y‘\;\,wv"‘fv ‘V(vwmm,:\/\/v\,& VWA v Wi/ \/‘-"'V‘«"v
\ \
0 50 100 150 200 250 300 0 50 100 150 200 250 300
B <10° x10° - - T
T 2F
N oA @ Ao e mR / \
2 o)\ /\ m\,\/ N \/\/ \/L«f N /«/\/ N Y - I AT AV A VATATAY AN
2F j : J
-2 =
0 % 00 150 20 250 300 o 50 100 M 150h! 200 250 300
lonthly

Monthly

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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fuuunensaivsunadeeanailelassineussamiiisusalnsinsadwladiBadunuuavian (Wavelet-nonlinear
autoregressive neural network model, WNAR)
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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




winuas 49 atudl 1: 179-191 (2564)./doi:10.14456/kaj.2021.15. 190

sal

nMawaLazUTsuBuRLUUNENSaiUInudsea i manssazimai uresseinAlned e
WNAR uay NAR Tnelddeyadioundslusin 6 iou 435 WNAR Tinadnéfifinuusiuginit wazannisvenena
ilennasummamdouvdslusiniivmnzauuonnienn 6 Wou Afinmuinis WNAR Tinadwsifnmusiue
nhiiandlunswennsaiuasdanuusiugfiininsliteyadeundufivnus 6 wouwhiy iWownniisfiiiaue
Aldmsudasavldndiunismanmnsaiinsgiiemsuuuu maiedoulmuaz msdsuulasmesteyaluudas
Pranaldininiinsuuudaiy TnsanzessBmansiieudisugiuuuneinsaidldideundslusind oy
vannuaeta Ry srdulUIuResrerUIunana (1, 3, 6,9, 12, 15, 18, 21, 24 waw 36 Liew) Hufuandlifiii
fesrAvsnmasnsidadundssgndldidaunseinnginsedeulmestoyalditstu diaenndosfiy
foasuresiifonatsq Fudeunihifuandiifiuinnisussgndldmaudasmidnsufulasesdssamiion
ﬂduw‘iﬂﬁ@hLL‘U‘U‘W&Hﬂizﬁauﬂiunmﬁﬂszﬁw%mmasﬁmmLL@JueT’]LﬁaJ:J,J’m%u (Li et al., 2020; Bento et al.,, 2019;
Hamzacgebi et al., 2019; Mehdizadeh et al., 2019; Kummong & Supratid, 2019; Nourani & Farboudfam, 2019;
Huang & Wang, 2018; Puchalsky et al.,2018; Wei et al., 2012) ag14lsAinu n1swaudwuunensallusuian

=

9193gsalinsUsuUsslulszunswUslayanieds Kfold cross-validation for time series uaziilosiiedoyadl

anwaizlu Stationary Fsasiinisuszandldiznismeatifndus 1w ARMA, ARMAX, GARCH tdusiu 1iunyssgnd

$3AUTT NAR wag WNAR euSudsslidnuuinnuusiugiiaasy

R

unmnuiiiiauenansimudauuunennsaielaseUssaniieneelndinsadwlidadunuuian
dmsulSunadseaniimanseuaziinanuresUsymalne ndeutauTeufiounanmsneinsaiiuidlasee
Ussamifiouoslafinsadwlidady Se8nsiivantunlfanuudugrgalumaneinsal Taglunswennsais
wuuiiwaundunduannsavimsnensaldreiuuunatsgaaa (multi-step-ahead forecasting) RIUUT
svovdunazsvavenladndae fuiu Muuufiduaueddiaumanzaniiasilulddwndewdiolunisnensal
Uinadsoonifielymenuiifetenillieaivayumsdadulslumsimumilsuiguasmsuimsdanisly
q‘dmuﬁaaLLazﬁwmaiﬁﬁwaﬂsziaﬁuﬁgqqm WU MINUHUMTMIEUgnUuaziuAgIEey ASKAMIAIAaNTIBLaY
¥madu waznssamsiuladaindsneg Retesely Lﬁamauauaﬁﬁiammﬁaqmimmqﬂﬁﬂmﬂ@hwizmwﬂé’

pgafiuseansan Feasaiindnennlunisuusdulituauadsswazinnaveslsemalnesaly

LaNE1581984

WANNA NN Way WA quUsziEsy. 2559. MuuunensanardnuazUSinudweang s vesUsEnalne.
WAUNYAT. 44(2): 219 - 228.

yayvis yUsEvg uaziannn Fefiving. 2561. fuuunensaluiinunsdieenuzsiisessemelng. 115ans
WATIMIRBULIANS: Inenaansuasinalulad. 26(2): 74 - 85.

Uaglas. wndadaya : http://www.bonsucro.com fuidle 11 wwew 2563.

15190000 ASAIYAL. 2557. MsnensaltununsdsesngeaeUNIf. M3ENTIMEIMEnT W Inede
ASUASUNTILIAL 30(2): 41 - 56.

159000 Bouans waztnden Gdu. 2560. manensaiUiiansdsoonliulszy. 1sansnTinedeusens:

Inenranswazinalulad. 25(2): 140 - 152.



KHON KAEN AGRICULTURE JOURNAL 49 (1): 179-191 (2021)./d0i:10.14456/kaj.2021.15. 191

dtinnuANENIIINTSosLaLINAG. 2562, smmuﬁuﬁﬂqﬂﬁaaﬂmmam 2561/2562. unastaya:
http://www.ocsb.go.th/upload/journal/fileupload/923-9040.pdf fudle 11 wwiew 2563.

dnanuasugiansinums. uwastoya: http://www.oae go.th Auiile 21 fiuas 2563.

Baser, U., M. Bozo8lu, N.A. Ero8lu, and B.K. Topuz. 2018. Forecasting chestnut production and export of
Turkey using ARIMA model. Turkish Journal of Forecasting. 2(2): 27 - 33.

Benmouiza, K. and A. Cheknane. 2016. Small-scale solar radiation forecasting using ARMA and nonlinear
autoregressive neural network models. Theoretical and Applied Climatology. 124: 945 - 958.

Bento, P.M.R., JAN. Pombo, M.R.A. Calado, and S.J.P.S Mariano. 2019. Optimization of neural network with
wavelet transform and improved data selection using bat algorithm for short-term load forecasting.
Neurocomputing. 358: 53 — 71.

Hamzacebi, C., H. Avni Es, and R. Cakmak. 2019. Forecasting of Turkey’s monthly electricity demand by
seasonal artificial neural network. Neural Computing & Applications. 31: 2217 — 2231.

Huang, L. and J. Wang. 2018. Forecasting energy fluctuation model by wavelet decomposition and
stochastic recurrent wavelet neural network. Neurocomputing. 309: 70 — 82.

Jallal, MA., A. Gonzalez-Vidal, A.F. Skarmeta, S. Chabaa, and A. Zeroual. 2020. A hybrid neuro-fuzzy
inference system-based algorithm for time series forecasting applied to energy consumption
prediction. Applied Energy. 268: 114977.

Khosravi, A., L. Machado, and R.O. Nunes. 2018. Time-series prediction of wind speed using machine
learning algorithms: A case study Osorio wind farm, Brazil. Applied Energy. 224: 550 — 566.

Kummong, R. and S. Supratid. 2019. Long-term forecasting system using wavelet-nonlinear autoregressive
neural network conjunction model. Journal of Modeling in Management. 14(4): 948 - 971.

Li, R., P. Jiang, H. Yang, and C. Li. 2020. A novel hybrid forecasting scheme for electricity demand time
series. Sustainable Cities and Society. 55, 102036, 11 pages.

Mehdizadeh, S., F. Fathian, and J.F. Adamowski. 2019. Hybrid artificial intelligence-time series models for
monthly streamflow modeling. Applied Soft Computing. 80: 873 — 887.

Nourani, V. and N. Farboudfam. 2019. Rainfall time series disaggregation in mountainous regions using
hybrid wavelet-artificial intelligence methods. Environmental Research. 168: 306 - 318.

Puchalsky, W., G.T. Robeiro, C.P. da Veiga, R.Z. Freire, and L.S. Coelho. 2018. Agribusiness time series
forecasting using wavelet neural networks and metaheuristic optimization: An analysis of the
soybean sack price and perishable products demand. International Journal of Production
Economics. 203: 174 - 189.

Tealab, A., H. Hefny, and A. Badr. 2017. Forecasting of nonlinear time series using ANN. Future Computing
and Informatics Journal. 2(1): 39 - 47.

Wei, S., D. Zuo, and J. Song. 2012. Improving prediction accuracy of river discharge time series using a
wavelet-NAR artificial neural network. Journal of Hydroinformatics. 14(4): 974 - 991.

Zanotti, C., M., Rotiroti, S. Sterlacchini, G. Cappellini, L. Fumagalli, G.A. Stefania, M.S. Nannucci, B. Leoni,

and T. Bonomi. 2019. Choosing between linear and nonlinear models and avoiding overfitting for

short and long term groundwater level forecasting in a linear system. Journal of Hydrology.
578: 124015.



