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A Study of Machine Learning for Crude Palm QOil Price Prediction
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ABSTRACT - This paper focuses on Thailand's Crude Palm Oil price prediction. By searching
the best model from a comparative study between the Baseline Model, RNN-LSTM, and the Classic
models. The Classic models in this paper are Exponential Smoothing, Linear Regression, Random
Forest, LightGBM Model, and ARIMA. The prediction of crude palm oil prices uses time series.
And for the evaluation uses the Mean Absolute Percentage Error (MAPE) metric to measure the
percentage deviation between the projected price and actual prices in order to provides the insights
performance of the model. This research found that the Linear Regression model has the lowest
MAPE of 5.71. Therefore, the Linear Regression is the best accuracy for forecasting crude palm oil
prices in Thailand.
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Model Description RMSE MSE MAE MAPE R?
Last Month 4.40 19.37 3.15 8.42 0.71
Last Month and Percent Change 3.97 15.78 3.10 8.46 0.77
Last Month and 3 Months Moving Average  4.79 2291 3.55 9.52 0.66

Percent Change

Last Month and 5 Months Moving Average  4.68 2191 3.10 8.13 0.68

Percent Change
3 Month Moving Average (MA) 7.06 49.86 5.15 14.29 0.26

3 Months Exponential Weighted Moving Average  6.22 38.74 4.66 13.00 0.43
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Model Description MAPE
Last month 8.42
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3 Months Exponential Weighted Moving Average 13.00
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No. Model Description RMSE MSE MAE MAPE R?
1 RNN-LSTM 2 Layer 64 Node 11.94 142.48 11.60 33.95 -1.11
2 RNN-LSTM 2 Layer 128 Node 34.04 1158.81 33.03 89.96 -16.14
3 RNN-LSTM 2 Layer 192 Node 30.98 959.53 29.87 80.98 -13.19
4 RNN-LSTM 2 Layer 256 Node 28.51 812.91 27.30 73.67 -11.02
5 RNN-LSTM 2 Layer 320 Node 11.01 121.29 7.33 16.87 -0.79
6 RNN-LSTM 3 Layer 64 Node 18.36 337.15 16.42 42.73 -3.99
7 RNN-LSTM 3 Layer 128 Node 31.31 980.27 30.21 81.95 -13.50
8 RNN-LSTM 3 Layer 192 Node 3272  1070.48 31.67 86.09 -14.83
9 RNN-LSTM 3 Layer 256 Node 16.55 273.88 14.36 36.88 -3.05
10 RNN-LSTM 3 Layer 320 Node 21.44 459.50 19.80 52.33 -5.79
11 RNN-LSTM 4 Layer 64 Node 29.34 861.00 28.17 76.14 -11.73
12 RNN-LSTM 4 Layer 128 Node 31.42 987.31 30.33 82.28 -13.60
13 RNN-LSTM 4 Layer 192 Node 27.60 761.85 26.35 70.96 -10.27
14 RNN-LSTM 4 Layer 256 Node 32.25 1040.01 31.18 84.71 -14.38
15 RNN-LSTM 4 Layer 320 Node 30.05 903.22 28.91 78.24 -12.36
16 RNN-LSTM 5 Layer 64 Node 10.32 106.52 6.25 13.83 -0.58
17 RNN-LSTM 5 Layer 128 Node 3393 115148 32.92 89.66 -16.03
18 RNN-LSTM 5 Layer 192 Node 27.83 774.36 26.58 71.64 -10.45
19 RNN-LSTM 5 Layer 256 Node 26.32 692.78 25.00 67.14 -9.24
20 RNN-LSTM 5 Layer 320 Node 28.34 803.18 27.12 73.16 -10.88

man1siSouieudseanininueauuus1a09 Deep

Learning RNN-LSTM @ figa 1&1n RNN-LSTM $1u2u 5

layer 122 31U2U 64 Node 1% A1 MAPE

=h.

ad '
ANngaod

=h.

13.83

2

] S v 1 a X
umama'lmé’nzmmwm R ﬁﬂWlﬂaUT]ﬂ Architecture “d]ﬁ

1A

A ] i v A 3 {
Usn@Aa R? 9zinegszniang o-1 ualle lsnaunliaanay
¢ ) Ay v Y 9y o od
ke anhiuei lann Tuaaiuldwadninug
' ) A A ' H s A
My daundsnsornmeanu Tuaain1ua vieovsy

9
Tz auivgadoyariug

o & o Y o ¢ a
Iﬂﬂllﬂ‘ui]']a@\iullﬁﬂﬁﬂi']ﬂﬂ'li‘i’]'lu']ﬂi']ﬂ']u']uuﬂ']allﬂﬂslu

woudaly RNN-LSTM Nanga 1dun RNN-LSTM $1u7u 5

JIST Journal of Information Science and Technology
Volume 13, NO 2 | JUL — DEC 2023 | 1-12

layer 1182 64 Node A431/9 5

SimpleRNN-5 Layers of 64 nodes, 100 epochs

12023
a3 |

oz |
22022
a0z
anmiz
a0z |

’ v
FUit 5. pslvinnesanininhduaudenda live

LSTM- 5 layer 91434 64 Node

a ¢ Y
4.3 namsnaaevluaanaradnlumsweInsaisinieiu
d a
thanavlwdszmalne

I}
o a

gaveiimsmuunudiaeslunisnadeviiu@ufoe
- ' 7.
uuuTiaesnaadau e naaauNINeINTel 5111137
Y1duay Tasnuudiaosnaradnlaun Linear Regression
Model, Exponential Smoothing, Random Forest, LightGBM
1ae ARIMA WNWDKIN1TNAT DD Back-Testing 118 ¢
naaeulumana1adn lasisudunminageulaonislsy
a A1 2 A =2 1
Wsiinesnen Lag Taeiruanain 12 Tlaudea 24 uag
NN9A1 Lag nuteiian1siideyadounas awal Lag Tu
' Y A o 9 4 o

nignanlamenisiiuiedeyalueuina eyiinis
o J Y [ 9 Y o o

fruanl Laguaaiinisdoudoeyalddunuudiaea

Vv
o ¥ . o o a <
NAI91INU U Back-Testing AULUUTIADIAAAANUALINL
1 a [ 1 @ 4

waaInuAanaIn Tunnan1sliua Lag Taswaanives
11991 Back-Testing ¥ ® 4 Exponential Smoothing, Linear
Regression Model, Random Forest, LightGBM 16 ARIMA
Idwadnsiar MAPE fillanfesiigalundazuvyuiineuay

A1 Lag A9m1519% 5

A5 199 5 uaaeAl MAPE vedluwaanaiaanlunisviie

v

aniuthdudy

Model Description Lag MAPE
Exponential Smoothing 15 6.92
Linear Regression 16 571
Random Forest 16 6.96
LightGBM 13 10.34
ARIMA 12 5.97
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