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Accurate forecasting is difficult since palm oil prices are consistently highly nonlinear. It is
important to choose the right forecasting models since there are several available. The grey
model has proven to be a good forecasting model. Nevertheless, the majority of extant grey
models are fundamentally linear models, which limits their ability to capture nonlinear
trends. This paper introduces a nonlinear extended parametric grey model known as the
kernel grey model (KGM). However, the prediction of the KGM model is dependent on the
kernel function and the KGM parameters. This study presents a genetic algorithm-based
enhanced KGM model and verified it with data on Malaysia’s palm oil prices from 2000
to 2019. The multivariable linear regression (MLR) and support vector machine (SVM)
forecasting models were chosen for comparison based on mean absolute percent error and
root mean square percent error. The results reveal that KGM outperforms the other two
models in training and testing data performance, and it can significantly enhance forecast
accuracy.

Keywords: multivariable linear regression, kernel grey model, support vector machine,
palm oil.
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1. Introduction

The palm oil industry has become one of the most important sectors in Malaysia due to the volume of
production and the number of exports to other nations. The price of palm oil is a significant factor in
the palm oil industry. This price has been employed to determine the nation’s revenue and for numerous
decision-making processes [1]. Palm oil, like many other economic commodities, has a fluctuating and
changing price due to its complicated interaction with other economic elements such as demand and
supply rates, substitute product prices, and crude oil prices. Policymakers, dealers, and farmers are just
a few of the industry participants who can benefit from an accurate palm oil price forecasting model.
However, forecasting palm oil prices is quite challenging because of the complex and dynamic nature
of the underlying elements that influence the pricing. In the last three decades, numerous studies
have been conducted to forecast palm oil prices using statistical and machine learning methodologies.
Statistics methods such as the autoregressive moving average (ARIMA) model [2-4], the generalised
autoregressive conditional heteroscedasticity (GARCH) model [5,6], the linear regression (econometric)
model [7], the autoregressive distributed lag (ARDL) model [8], and the Holt-Winters method [9].
Although statistical models are highly versatile, their main limitation is the presumed linear form of the
model. The approximation of linear models to complicated real-world problems is not always successful.
For machine learning methods, artificial neural networks (ANN) [10,11], fuzzy-ruled based [12], random
forest method [13] and support vector machine (SVM) [14] have been widely explored in palm oil
forecasting, which has considerable advantages in dealing with complex nonlinear situations. Even
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though these models are capable of producing more accurate results, they have certain limitations in
certain situations. For example, selecting a large number of parameters experimentally through trial
and error is difficult and require complex calculations in order to achieve good forecasting accuracy [15].
Recently, the grey system theory has been utilized in various disciplines [16-20]. The classical grey
prediction model, GM(1,1), has been utilized for decades, and numerous updated variants of the
model have been proposed [19-23]. Kernel learning is another major method in the machine learning
model. The grey model combined with the kernel approach to create a kernel grey model (KGM),
demonstrating that the KGM model can improve grey model performance [24-26]. Although the
KGM model is an acceptable forecasting model, selecting the kernel function and parameters is a
critical issue in KGMs. Ouly the grid search approach [24,26], the try-and-error method [27] and the
grey wolf optimizer (GWO) [28] have been investigated as methods for optimizing KGM parameters.
To improve the forecasting performance of the KGM model, this paper proposes the optimal parameter
estimation approach based on the optimal theory of genetic algorithms (GA). The GA considered in
this article is one of the most used algorithms for solving numerous optimization problems [29].

2. Some existing palm oil price forecasting models

In this section, a few Palm Oil Price forecasting models that will be employed in the application section
are briefly reviewed.

2.1. Multivariable linear regression

Let y%o)(k‘) = (ygo)(l),yg])@), e ,y%o) (n)) be the actual dataset for the dependent variable (primary
factor), and let XZ-(O) = (3}50)(1),2172(-0)(2), . ,:EZ(-O) (n)) for i = 2,3,..., N be the related factors. Then,
the definition of the multivariable linear regression (MLR) model is

N
ygo)(k) =b + Zbﬂfl(-o)(k‘), k=1,2,3,...,n (1)
i=2
where by,bs,...,by are computed using the ordinary least squares (OLS) technique,
;)" = (B"B) ' BTY. (2)

The MLR model’s estimated values can be represented as

N
@%O)(k) :bl+zbiw§-0)(/€)a k=1,2,3,...,n. (3)
=2

2.2. Support vector machines

Support vector machine (SVM) can be divided into two parts known as support vector classification
(SVC) and support vector regression (SVR) [30]. The main principle of SVM is to map the original
data into a high-dimensional feature space via nonlinear mapping. Supposing the training data are
{(z1,91), (T2,92), -, (Tn,Yn)}, the SVR formula can be expressed as

i=1

where w; are the weights, b is the threshold value, and ¢; are the nonlinear mapping functions. The
weights w; can be obtained by minimizing the following quadratic programming problem:

1 - \
min 3w + O Y (6 + )
i=1
subject to
’yl_wq)(xz)_b‘gg—i_flu 6275:207 121727777‘7
where C' > 0 is the penalty factor, & and & are the slack variables, and € is the intensive loss function.
By solving the optimization problem, the estimation function of SVR can be obtained as follows:

Mathematical Modeling and Computing, Vol. 12, No. 2, pp.490-497 (2025)



492 Shabri A.

n

y=Y (ai—af) K(zi,z;) +b, (5)
=1
where «;, o] are positive and solve the quadratic programming problem
n n n
mnin & Z;(Oéi + o) - 2; yiloy — ) + 5 ‘ZI yi (o] — ai) (of — o) K (2, ;) (6)
1= 1= 7,,7,’:

subject to
n

Z(ai —o;)=0, >0, o <C,

i=1
where K(z;,z;) = ZZD: 1 &(x;) - ¢(x;) is a kernel function. Examples of kernel functions include poly-
nomials, Radial Basis Functions (RBF), sigmoid, and linear functions. The RBF kernel function is
employed in this paper because it is computationally simple and reliable when dealing with nonlinear
data. The RBF is defined mathematically as

L2
Koy = e (1220,

202

where 02 is the width of the RBF, and ||z; — z;|| is the Euclidean distance between two points z;
and z;.

2.3. Kernel grey model
The kernel grey model (KGM) is represented by

" (k) + az) (k) = w6 (k) +u, (7)
where w is a weight vector, u is a bias, and zgl)(kz) = O.5x§1)(k) + 0.53331)(19 —1), k > 2. For estimating
the parameters of the KGM model, the following regularized problem is considered:

a2 w? O
minJ(a,w,u,e):7+7+§Zei (8)
k=2

subject to
er = 9\ (k) + az" (k) — wT (k) — u,

where C' is the regularization parameter. The solution of the KGM can be written as

5O = ¥ DeD0) 4 3 (000) + ) o) (9)
=2
where " ] n
e s oo ERERE g
w " = (BTB)"'BTY,
T 1
b (0 ). e S R 1
1,1 Q-+ "Cl /\n 1

Q= (K(i2)) - 21" ()" ()
The forecast value of KGM is computed using the formula:
~(0 ~(1 ~(1
it (k) = 91" (k) — 41" (k — 1), (10)

Two important parameters, C' and o2, which directly affect KGM'’s ability, are provided by Eq. (7).
To identify the optimum options, the Genetic Algorithm (GA) is employed as a parameter search

(n—1)x(n—1)"
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Table 1. GRA between the price of crude palm oil and all variables.
GRA PPO | SPO | PSO | PCO
r(x® x©) | 0.671 | 0.683 | 0.724 | 0.623

technique. To improve modeling accuracy, the objective function with the lowest Mean Absolute
Percentage Error (MAPE) is chosen. The basic procedures for applying the GA to an optimization
problem are as follows.

Step 1: Construct the fitness function and generate a random population of chromosomes with
both C' and ¢? within acceptable limits.

Step 2: The MAPE of reference points and check points evaluates an individual’s fitness based on
a set of parameters C' and o2.

Step 3: During the selection process, chromosomes with a high degree of fitness are more likely to
be chosen.

Step 4: After the genetic procedure, the fitness of the new offspring would be determined once
more. Then, a new generation would be formed by the best N outcomes of parents or offspring.

Step 5: Steps 1-4 should be repeated until the end condition is satisfied or the predefined maximum
number of iterations has been met. If the requirements for termination are satisfied, the procedure is
completed. The KGM parameters with the highest fitness (C' and o?) are the outcome of the process.

2.4. Evaluation of the model performance

Root mean square error (RMSE) and mean absolute percentage error (MAPE), two widely used model
evaluation indicators, were utilized to assess the predicted accurateness of the proposed model. These
model evaluation indicators can be calculated using the following formulas:
N 1,0 _ ~(0)
_ 1 Y Y,
MAPE = N ; e Ut

0

and

N
_ 1 0) _ ~(0))2
RMSE = N;(yi —47)"

3. Case study

This study uses five variables: the price of crude palm oil (in Malaysian Ringgit per ton) as the
dependent variable, the price of soybean oil (PSO), the price of crude oil (PCO), and the production
of palm oil (PPO) as the independent variables. There are 240 observations in the data, comprising
from January 2000 to December 2019. This study’s data comes from the Malaysian Palm Oil Council’s
official website and the United States Energy Information Administration. A correlation measure
based on Malaysian palm oil and the factors influencing palm oil has been created using grey relational
analysis (GRA). GRA is used to quantify the relationship between the price of crude palm oil and each
of the independent variables. When the GRA is close to one, the dependent and associated independent

variables show a strong relationship. The GRA is calculated using the following formula:
m

r(x?, x0) = = 37 (x(7, %), (1)
k=1
where min [ @ x© 0 _ 5O
mglmgn!Xl -X; ‘—I—O.5maxml?x‘X1 -X; !
(X7 x") = 2

' X~ 7] + 0.5 max max | X{” — x|
i€tk

J€L

Lin et al. [31] state that if the GRA is greater than 0.5, associated independent variables are
considered correlated with the dependent variable.

Mathematical Modeling and Computing, Vol. 12, No. 2, pp.490-497 (2025)



494 Shabri A.

Table 1 displays the GRA between palm oil price and related variables, with palm oil price having
the greatest correlation with PSO, followed by SPO, PPO, and PCO. The training data were calculated
from January 2000 to December 2019, while the testing data or forecast value were calculated from
January 2020 to December 2020.

Evaluation of the model performance
The following displays the predicted results of three models that use these data. The models for MLR
and KGM are developed using MATLAB. The MLR model can be written as follows:

yr = 1552.823 — 0.0001z1 — 0.0004z2 + 2.1121x3 — 4.1719x4.

The RBF kernel is utilised for the SVM model because, in comparison to other kernels, it provides
the best prediction performance [14]. The SVM model’s performance is affected by the hyperparameters
C, o,and €. To determine the most optimal combination of modelling parameters (C, o, ¢), values for C
were chosen to be between [10°,103], o within [1073,10%] in steps of 10%, and ¢ set at 0.1. The optimal
values are determined using the tune_svm function from the R package, which can be found in e1071.
After standardising the sample set to [0, 1], the SVR prediction results were renormalized in order to
create the testing models. The ideal combination of (C,o,e) parameters is chosen by minimizing the
mean square error (MSE) via the ten-fold cross-validation procedure. The optimal SVM values are
C =10, 02> =0.1, and € = 0.1.

The optimal KGM parameters using GA are u = 0.9998, 02 = 12.1558, C = 94.1439, and \ =
[—0.016,—0.0101,...,0.0031, —0.0030]. The MAPE and RMSE of the MLR, SVM, and KGM models
for training and testing data are shown in Figure 1.

121
7.8

MLR

MAPE
18.9

4.3

SVM

M Training M Testing

13

KGM

5.7

364.9
244.8

MLR

RMSE
530.6
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243.6

43.7
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Fig.1. The MAPE and RMSE of the MLR, SVM, and KGM models for training and testing data.
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Fig. 2. The curves of real values and forecast of MLR, SVM, and KGM models.
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According to Figure 1, MLR, SVM, and KGM had MAPEs of 7.8%, 4.3%, and 1.3% during training
data and 12.1%, 18.9%, and 5.7%, respectively, during testing. Figure 1 illustrates that the proposed
KGM model has a significantly smaller RMSE than the MLR and SVM models. As can be observed
from Figure 1’s results, MLR and SVM have significant RMSEs in both training and testing data,
suggesting that these two models are not suitable for palm oil price prediction.

Figure 2 shows the trend of palm oil prices in the training and testing data of the three types of
forecast models. It is interesting to observe that the KGM model’s predicted values are quite close to
the actual values when compared to the two other models.

4. Conclusions

A relatively successful advancement in grey models is represented by kernel grey models (KGM). The
intelligent optimisation of the KGM was the primary focus of this paper. In order to create a KGM
model based on intelligent optimisation, we proposed in this paper that the optimal parameter based
on a kernel grey model be determined using the GA algorithm. When compared to MLR and SVM
models, the results of our experiments showed that this model performed well and predicted the price
of palm oil more accurately. In order to use the model in other situations, more research is required. In
future research, researchers can investigate approaches for improving prediction stability. Furthermore,
because the primary focus of this paper was medium-term prediction, our next study will concentrate
on combining this model with deep learning-based algorithms for medium- and long-term prediction.
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AaepHa cipa Mmogesnib 3 reHeTUYHUM aJIrOPMTMOM onTUMiI3auil Ta 11
3aCTOCYBaHHA B MPOrHO3yBaHHI UWiHM HAa NanbmoBy onito B Manaiisii

Tabpi A.

Kagedpa mamemamuru, Parxyasvmem npupodrusux Hayx,
Ynisepcumem mexnoroziti Manatisii,
81310, /Isicoxop, Manraiisia

Toune nporHo3yBaHHS € CKJIAJHUM, OCKIJIbKU IIHU Ha MAJbMOBY OJIIO MOCTIHHO Ty2Ke
weJtiHiitHi. BaxkanBo BubpaTu npaBmiibHI MOIE/Ti TPOTHO3YBaHHS, OCKIJIBKH 1X iCHYE KiTbKa.
Cipa Moesib 3apeKoMeH 1yBaJjia cebe siKk XOPOoIa MOJE/ b IPOTHO3YBAHHS; TPOTE OLIBIIMCTH
icayroumx cipux Mojesneit € pyHIaMeHTaIbHO JIHITHUME, 0 00OMEXKYE IXHIO 3/IaTHICTh
dikcyBaTu HemiHiifiHi TeHAeHIHT. Y Il cTATTI IpeACTaBICHO HEMHITHY PO3MUpPEHY Hapa-
METPUYHY Cipy Mojesib, Bimomy sik sijepHa cipa mozenb (KGM). Opnak mporosyBaHHsT
vozemi KGM samexurs B dyuKil sapa ta napamerpis KGM. V mpomy mocsimkensi
3aIIPOIIOHOBAHO BIIOCKOHAJIeHY Mozeahb KGM Ha OCHOBI M€HETHYHOTO AJTOPUTMY Ta IIe-
peBipeHo i1 Ha OCHOBI JAHUX PO IIHK HA MaJbMOBY oJiio B Masmaiizii 3 2000 mo 2019 pik.
st mopiBHsAHHS Oy 06paHi MOe i MPOrHo3yBaHHs 6araTodaKTOPHOI JiHIIHOT perpecil
(MLR) ta mamuna onopanx BekTopis (SVM) Ha 0CHOBI cepemHboi abCOTIOTHOT BiICOTKO-
BOI TIOXUOKH Ta CEPEIHBOKBAIPATUYIHOI BiICOTKOBOI moxubKu. Pe3yibraTn mokasyooTh, 10
KGM mnepesepiirye 1Bl iHmm Mozesri 3a MpOAYyKTUBHICTIO HABYAJIBHAX Ta TECTOBUX JAHUX,
i e MOXKe 3HAYHO IIiIBUIIUTH TOYHICTH IIPOTHO3YBAHHS.

Kntouosi cnosa: 6bazamogarmopra ainiling pezpecia; A0EPHA Cipa MOJEAd; MAULUHA
ONOPHUT 8EKMODIB; NAABMOBE ONLA.
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