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Abstract: The Imbalance Cost Pass-Through (ICPT) is a flexible component of the Incentive
Regulation (IBR) that empowers power producers to adjust tariffs in response to variable fuel prices,
thereby enhancing the economic resilience of electricity generation. However, the cost of electricity
generation is significantly influenced by the volatility of commodity prices, including coal, gas and
LNG. In Malaysia, the Energy Commission has conducted biannual reviews of fuel and other
generation costs. Any cost savings or increases identified during these reviews will be passed on to
customers in the form of rebates or surcharges. Due to that reason, this study proposes ICPT price
forecasting for the electricity market in Peninsular Malaysia. The study aims to construct an ICPT-
related baseline model for the peninsular generation data by employing three forecasting methods.
The forecasting performance is analysed by a Mean Absolute Percentage Error (MAPE). In findings,
the ARIMA method is one of the most accurate forecasting methods for fuel prices compared to the
Moving Average (MA) and LSSVM methods. The observed price differences between the ARIMA
and LSSVM models for ICPT are minimal. The ICPT price for July-December 2022 and January-June
2023 is MYR 0.21/ kWh for ARIMA and MYR 0.18/kWh for LSSVM, which are close to the actual
TNB’s ICPT tariff. As for the forecasting, the ICPT price is expected to drop for the next
announcement. The findings of this study may contribute to a positive impact on the sustainability
of the energy sector in Malaysia.

Keywords: electricity price; incentive based regulation; electricity market; forecasting; time series;
machine learning

1. Introduction

Malaysian Electricity Supply Industry (MESI) 1.0, which took place from 2010 to 2014, was
approved by the government in 2009. The objectives were to improve the tariff mechanism, fuel
supply, and security and achieve effective governance in power sector management. The ring-fenced
single-buyer model was established due to those initiatives [1]. Additionally, the Single Buyer (SB)
and grid system operator (GSO) divisions joined the MESI following their separation from Tenaga
National Berhad (TNB). In 2015, the Energy Commission launched the New Enhanced Dispatched
Agreement (NEDA) to provide the opportunity for the power sector to increase its efficiency and be
more cost-effective in generating electricity. The new method can reduce power production costs
while benefiting consumers in the long run. NEDA regime has implemented short-run competition
in daily generating dispatch among Independent Power Producers (IPPs) with Power Purchase
Agreements (PPA), TNB generation with Service Level Agreements (SLA), and merchant generators
without PPA. The System Marginal Price (SMP) has been used to be referred by all generation
players. The introduction of MESI and NEDA has resulted in some positive industry impacts. Still,
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more is needed to sustain the tariff, as the efficiency of operations needs to be improved to protect

against exposure to fuel price volatility.

Thus, in 2018, MESI 2.0 was introduced with the core idea of redesigning MESI 1.0 [2]. The MESI
2.0 reform was designed to be more efficient, transparent, sustainable, and competitive to be effective
[3]. In addition to managing Power Purchase Agreements (PPAs) and settlements, the SB department
oversees the least-cost dispatch scheduling and managing the forecasting of electricity demand and
planning generation capacity. Whereas the Energy Commission (EC) is entrusted explicitly with
acquiring additional generation capacity identified previously by SB [4]. In all cases, power plants
will sell energy to the SB at the PPA pricing. The producing company will be compensated in two
ways: the capacity payment and the energy payment [5]. Besides, GSO is a ring-fenced department
within TNB accountable for operational planning, real-time rescheduling, dispatch, and management
of the grid system following grid code requirements. GSO is also responsible for coordinating all
parties involved in the grid system, including electricity generation, transmission, and distribution
networks across multiple countries or continents [6].

However, fuel and generating expenses have increased around 70% of overall tariff costs paid
by consumers, with the remaining 30% is made up of operations and maintenance costs [7]. TNB and
the government cannot prevent changes in electricity tariffs because the adjustment depends on
global fuel price changes, including coal and natural gas prices. Around 70% of the coal is bought
from Indonesia, and the remaining is imported from Australia, South Africa and Russia [8]. Due to
that reason, MESI reform initiatives began has introduced incentive-based regulation (IBR) which are
consist of two types of fundamental tariff, a) base tariff and b) the imbalance cost pass-through (ICPT)
mechanism, which has helped keep electricity tariffs stable through Malaysia's single-buyer model.
The base tariff was set at 39.45sen/kWh and remain the same price until now. Fuel price assumptions
are used to calculate the base tariff. For instance, if coal would cost US$87.50 (MYR337.3)/ton, LNG
would cost MYR 41.68/mmBtu, and regulated gas would cost MYR15.20/mmBtu. The Energy
Commission (EC) continues to audit and review past performance while accommodating new utility
company requests. The utility must provide its expected revenue requirement for the next three to
four years based on forecasted capital expenditure (CAPEX), operational expenditure (OPEX) and
expected return. The three to four years is known as a regulatory period (RP), during which the utility
must operate within the allowed CAPEX and OPEX to deliver the required service. The cost of coal
was about MYR 250 per metric ton when the ICPT was introduced. The cost of coal had risen to more
than MYR 370 per metric ton at the beginning of 2018 [9]. That indicates a 47% increase in price. Since
the ICPT price depends on the fuel price and other generation costs, the Energy Commission will
conduct biannual reviews with any cost savings or increases identified during these reviews will be
passed on to customers in the form of rebates or surcharges. The ICPT charge on electricity bills
differs for each consumer as the ICPT charge is based on monthly energy consumption (kWh) [10].
Thus, Figure 1 illustrates the complexity of the MESI in peninsular Malaysia where the integrity and
transparency of the electricity market has been set to be main objective for the framework design.

Unfortunately, the forecasting of the ICPT charge is not available to be referred by the
consumers. As the ICPT forecasting approach that the EC adopted is not publicly available, it is a
crucial need for an ICPT forecasting mechanism so that consumers are able to manage energy
consumption and operation cost-efficiently. Hence, in this study, the forecasting model has been
introduced based on Time Series (Moving Average), ARIMA Model, and LSSVM to reflect the most
popular techniques in the past literature that will be explained detail in next section. There is list of
the contribution for the paper:

1. Presents the novel of the forecasting formulation model for the ICPT regime in Malaysia where
the accuracy of the model has configured and tested with time series and machine learning
techniques.

2. Provides comprehensive analysis of the data collected from the real generation system while
putting much widespread discussion on the three-baseline model for the ICPT main component.

3. Contributes to provide valuable forecasting ICPT price information for the electricity consumers
in Peninsular Malaysia where the sustainable electricity market can be enhanced significantly.
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The remainder of the paper is organized as follows. In Section 2, the related previous work of
forecasting model is introduced. In Section 3, formulation of the ICPT based on IBR regime is
explained while Section 4 demonstrates the implementation of the forecasting techniques. Section 5
discusses the findings and last conclusion section will be section 6.
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Figure 1. The general description of the MESI structure in Peninsular Malaysia comes with two types
of tariffs which are ICPT and base under IBR.

2. Related Previous Work of Forecasting Model

The ARIMA forecasting model is the most common type of linear time series model based on
Box-Jenkins methodology as presented in [11]. In most cases, the methodology does not require the
estimation of many parameters to make the final choice of model [12]. As an adaptation of this model,
the author in [13] has applied it for short-term forecasting of Spanish day-ahead electricity market
prices. Meanwhile, using the Reference Price Data (RPD) from the UK energy market, the authors in
[14] describe and analyses the ARIMA and ANN models for predicting the price of electricity up to
three steps (1.5 hours) ahead. Based on the root-mean-square error (RMSE), the results show that the
ARIMA (4,1,2) model was more accurate when compared to the ANN model. Hence, the application
of the ARIMA model had able to investigate the dollar-per-day price of gold during short-term and
long-term periods [15]. It is observed that ARIMA is deemed the most effective result for predicting
gold dollar prices and in other related electricity pricing forecasting as explained in [8]. On the other
hand, the well-known statistical test of analysis of variance (ANOVA) was conducted in [16] and [17]
for forecasting electricity prices one day and is based on the best possible synthesis of a few univariate
and multivariate approaches. Even though the ANN model was less accurate, the improvement
model was able to predict better as explained in [14] where the application of it in predicting long-
term oil and real-time electricity prices was able to fulfil the standard accuracy percentage [18] and
[19]. Instead of the time series forecasting method, the machine learning method has been applied in
various fields including in the electricity market. The study in [20] and [21] explores the application
of a hybrid forecasting model known as Grey Wolf Optimizer-Least Squares Support Vector
Machines (GWO-LSSVM) in the context of price prediction. Authors in [22] and [23] proposes a novel
method for forecasting electricity prices that combines clustering and Least Squares Support Vector
Machines (LSSVM). There was proposed methodology that combines the advantages of clustering
and LSSVM to improve the precision of electricity price forecasts. These advancements are crucial for
consumers to manage energy consumption and operation cost-efficiently [24], [25].

In Malaysia's context, the application of the forecasting method in the electricity market has been
explored and discussed in various studies. These studies have focused on developing more accurate
and efficient forecasting models rather than considering the ICPT charge. Hence, to the best of our
knowledge, there are no presented findings that have been published in a past study to discuss the
ICPT prediction for the IBR regime in Malaysia. Even though Asia countries may have different
electricity markets the formulation of ICPT in this study can benefit them to manage a single buyer-
based market where the southern ASEAN countries are able to enhance their generation market too.
Therefore, the findings of this study are significant to the body of knowledge since they provide a
method of forecasting ICPT pricing. Electricity consumers can use this information to make more
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informed decisions regarding their energy consumption. The findings of the study may also help
power consumers become more aware of the volatility of ICPT costs. This data can assist consumers
in making more informed financial decisions about their energy consumption and operation costs.
Thus, this paper aims to establish a baseline model for the peninsular generation data while
comparing the performance of Mean Absolute Percentage Error (MAPE) by using Time Series
Forecasting (Moving Average), ARIMA and Least Square Support Vector Machine (LSSVM)
techniques. Meanwhile, at the end of the study, the ICPT price prediction for peninsular Malaysia
under the IBR regime is proposed congruently.

3. Formulation of ICPT

The single buyer tariff has two components: (1) the Single Buyer Generation, which accounts for
all generation costs, including fuel, capacity payments, and other expenses related to the terms and
conditions of PPAs, SLAs, and other fuel procurement contracts, and (2) SBO component, which
accounts for all other operational and capital costs associated with SB operations and allocates joint
costs (if any). The SB will forecast the generation cost for the generation-specific component using the
current gas and coal prices. The profitability of the generation utility may be impacted by the
extremely volatile nature of fuel prices. Therefore, an adjustment to the fuel price is permitted to
protect TNB from this inconsistency. The ICPT is made up of two parts: Fuel Cost Pass-Through
(FCPT) accounts for changes in gas and coal costs due to changes in fuel prices, availability, foreign
exchange rates, etc. And other Generation Specific Cost Pass-Through (GSCPT) accounts for changes
in other fuels (such as distillate and medium fuel oil (MFO)) and all costs incurred by the Single Buyer
under PPAs and SLAs (incentive or bonus payments, liquidated damages, savings, etc.). Hence,
Figure 2 describes the components considered for ICPT tariff.

P
Fuel Price Foreign s
Change Exchange ‘ ?f‘t:i?:ég
(gas/coal/oil) Rate e
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Figure 2. Considered ICPT components under IBR.

Every six months, SB will evaluate the generation-specific component of its actual revenue
against the cost of electricity acquisition. SB will have to provide thorough analysis and supporting
evidence to prove the fuel price changes. Customers will be informed of any overage or under
abundance of the actual figure within the ensuing six months by the government through energy
commission.

The formulation of the electricity tariff in Malaysia has adopted (Ir), Incentive Based-Regulation
(IBR) as in Equation (1):

Iy = B, + Cy 1)

where B, is base tariff and C, is Imbalanced Cost-Pass Through (ICPT). Meanwhile, ICPT has two
components which are generation cost adjustment for the six-month period (cent/kWh) (G,) and
fund contribution for the six-month period (cent/kWh) (Fs) as described in Equation (2).

Co =G+ Fs (2
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For the Part 1 of Equation (2), the details of G, consideration can be expressed by the following

equations:
Gy=(A+B)X (1 +I_1)" + (A4 +B) x (1 +_)" (3)
A =IFUCs + AFULp 4)
IFUCs = (ZM=T4Cn + Zm="6 D)/ Em="h B + Z=28 Em) ®)
AFLs = (S i) (P maci) ©
B = 1GSC; — AGSCp (7)
IGSCs = (EM="4Gm + Zm="o Hm)/ CM="4 Fn + ZmZ"8 Em) ®)
4650s = (Bermincey) (2 mwices) ®
Ay = {[IFUCs_y X (Zm=200Fn + Zm=213 Em)] —2m="12 Din}/Es—4 (10)
By, ={[IGSCs_y X (R="10 Fn + =213 Em)] —Xm="72 Hm}/Es—1 (11)

where, A is the first fuel cost pass-through adjustment in the six-month period (cent/kWh). IFUCs is
interim fuel cost pass-through adjustment for the six-month period(cent/kWh); AFULr is the average
Fuel Cost for Regulatory Period ‘P’ (cent/kWh). Meanwhile, m represents month, which the ICPT
adjustment takes effect; Cm is estimated total fuel cost for month ‘m’ (MYR); Dm is the actual total fuel
cost for month ‘m’ (MYR); Fnm is estimated total qualifying sales (kWh); and Em is an audited total
qualifying sales month ‘m’ (kWh). The FFULs is forecast fuel cost for six-month period ‘s’ (MYR);
WACCris an allowed weighted average cost of capital of RBE for the Regulatory Period ‘P” (%); FSAL:
is forecasted total electricity sales in year 't' as made at the time of setting the Base Average Tariff (in
kWh).

On the other hand, B is the first other generation cost pass-through adjustment in the six months’
period ‘s’ (cent/kWh). In conjunction to the interim other generation cost past-through adjustment,
the symbol IGSCs is demonstrated in the six-month period ‘s’ (cent /kWh); AGSCris an average other
generation cost for Regulatory Period ‘P’ (cent/kWh) that finally contribute to the second fuel cost
and other generation costs pass-through adjustment in the six-month period (cent/kWh), Al and B1,
congruently. Meanwhile, Gm and Hm represent estimated total other generation cost for month, m
(MYR) and actual total other generation cost for month, m (MYR), respectively. On the other hands,
for the Part 2 of Equation (2), the details of F, consideration can be expressed by the following
Equation (12):

E. = Ym=2o(FUNPy, — FUNTy)/ Y23 Fn (12)

where, the FUNTm is an approved payment from the Electricity Industry Fund (EIF) to the Single
Buyer, related to the ICPT adjustment, for month, m (MYR) while FUNPn is the Payment by the
Single Buyer into the EIF, related to the ICPT an adjustment, for month, m (MYR). The amount of the
calculation has been divided to estimated total qualifying sales (kWh), Fm accordingly. Basically, the
value of the Fx was considered fix during the adjustment and really depending on the banking
announcement, especially on the overnight policy rate (OPR) values.

Since introducing the ICPT mechanism, consumers have received rebates worth MYR 6.3 billion
[3]. Successfully implementing sixteen (16) ICPT cycles since 2015, the government has protected
MYR 11.7 billion from the effects of rising fuel prices. That includes the most recent MYR 5.8 billion
in subsidies for the ICPT implementation period of July to December 2022. In addition, all Peninsular
Malaysia consumers received an MYR 9.35 billion ICPT cost rebate from the government. The average
price of coal has risen dramatically, which has led to this ICPT surcharge. Since coal is used for 59%
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of Peninsular Malaysia's generation, the increase in coal prices between January 2022 and June 2022
has significantly impacted the overall cost of generation [15]. From 1st July until 31st December 2022,
all residential customers received their current rebate of 2.00 cent/kWh. However, from 1st February
2019 through 30th June 2022, all non-domestic customers were subjected to an ICPT surcharge of 3.70
cent/kWh. Details ICPT tariff is illustrated in Figure 3 (green colour indicates rebate while red colour
indicates surcharge). Since the July 2023, the surcharge to commercial and industrial consumers has
been increased to 20 cent/kWh.

RPI RP RP2 EXTENSION RP3
2015 2016 017 2018 2019 2020 021 w | an
Jan-Jun July-Dis Jan-Jun‘July—Dis Jan-Jun |July-Dis Jan-Jun‘ July-Dis |Jan-Jun|July-Dis| Jan-Jun |July-Dis| Jan-Jun| July-Dis Jan-Jun‘July-Dis|Jan-Jun July-Dis
25 2 (sl s [ ws2 [ s [es2 [ 135 (205255 [ 200 | 200 [200 [ 200 [370] 370 370

Figure 3. Previous ICPT price.

4. Methodology
4.1. Forecasting Formulation

The formulation of those forecasting method with objective function of MAPE are presented in
the following Equation (13)-(18) accordingly. However, for the ARIMA model, the equation contains
three terms:

(1) Auto Regression (AR): Regression analysis is used to compare the time series to its prior values,
such as y(t-1), y(t-2) etc. The letter p stands for the lag order.

(2) Integration (I): Differencing is used to make the time series stationary. The difference's order is
indicated by the letter d.

(3) Moving Average (MA): Regression is performed on the time series using residuals from
previous observations, such as error &(t-1), error &(t-2) etc. The error lag order is indicated by the
letter g. In the equation above, y"' is the differenced series, (1 is the first AR term's coefficient,
p is the AR term's order, 011 is the first MA term's coefficient, q is the MA term's order, and et
is the error.

The performance evaluation of MA, ARIMA, and LSSVM models was conducted using the mean
absolute percentage error (MAPE). MAPE is frequently used to display the error percentage of a
prediction result as in Equation (18).

MA,
-
D, =2 (13)
Y, =S, X I, XT, (14)
ARIMA,
VYV =c+pl*y't—1D+-+¢p*y' (t—p)+ 01"t —1)+--+0q"c(t—q) + ¢t (15)
. max(xq)+min(x;) 16
X ) (16)
X(norm) - (max(xl)—min(xi))
2
FS=y(x)=Xk=1 @K (x, %) + b 17)
MAPE,
MAPE = 2y 2=l o 100 (18)
N |Yal

where, D, is seasonalize component, Y; is moving average, S; is seasonal component, I, is
irregular component, and T, is trend component. Meanwhile, the FS is LSSVM output, b is a scalar
threshold, N is number of the data and X(norm) is data normalization.
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4.2 Data Set Collection

The dataset utilized in this study comprises fuel price data for coal, gas, and LNG. The objective
is to employ this dataset to forecast the fuel prices for a three-year period. The dataset utilized for
modelling and model validation spans from January 2012 to December 2022. The data were acquired
from the Energy Commission and online sources pertaining to fuel prices. In this study, the modelling
techniques of MA, ARIMA and LSSVM were employed to forecast three-year out-of-sample data
points for the purpose of calculating the ICPT price. This section provides a comprehensive overview
of the implementation process for fuel price forecasting. There are many available methods in the
relevant literature for price forecasting. The most common models for this purpose are the
autoregressive integrated moving average (ARIMA), and LSSVM models.

4.3. Implementation of Techniques

The standard procedure for fuel price forecasting using the MA method is illustrated in Figure
4. The flowchart illustrates the procedure for time series forecasting using the MA method in
Microsoft Excel. The forecasting process commenced by gathering historical data. The primary data
utilized for forecasting fuel prices include coal, LNG and gas prices. The data is subsequently
visualized during the pre-processing stage. Consequently, the data appears to be random or irregular
in nature. MA was utilized as a data preparation technique due to its ability to decrease random
variation in observations and reveal the more accurate structure of the underlying causal processes.
The calculation involves determining the average of the most recent 12 data points. The smoothness
of the trend cycle prediction is determined by the order of the moving average (MA). The subsequent
phase involves identifying the seasonal component. The data is subsequently subjected to a process
of di-seasonalized order to eliminate irregularities and seasonal patterns. This is achieved by dividing
the actual data by the seasonal value. The application of simple linear regression is subsequently
employed to identify the trend component, which is then utilized for forecasting the future price of
fuel. When evaluating the model outputs that were acquired, the mean absolute percentage error
(MAPE) for the time series model was employed as evaluation criteria.

Different to MA, the goal of the LSSVM algorithm is to locate a hyperplane that best separates
or fits the data that has been provided for training. To learn the underlying patterns and relationships
that exist between input variables and output variables (forecasted), LSSVM makes use of past data.
After that, it builds a model that, based on the observed patterns in the training data, can be utilized
to make accurate predictions regarding future values. The process of predicting using the LSSVM
approach is illustrated in Figure 4.

It is necessary to perform the necessary preprocessing on the historical data pertaining to fuel
prices in order to train the LSSVM model. After it has been collected, the data must then undergo
preprocessing, during which any outliers or inconsistencies must be resolved. In order to guarantee
that the data is presented in a format that is suitable for the LSSVM method, the data must first be
normalised. Data normalisation was conducted prior to training by employing Min Max
Normalisation, a technique that normalises each feature component to a specific range [26]. This
ensures that larger input values do not overpower or overshadow the smaller ones. Following that
step, the dataset is segmented into a training set and a testing set. The LSSVM model will be trained
using the training set, and the testing set will be used to evaluate the model's performance in terms
of predicting. The whole dataset of 132 sample points for coal, gas, and LNG is split into two sub-
sets: (a) the training dataset, which includes 84 sample points necessary for training the model; and
(b) the testing dataset, which includes 48 sample points to evaluate the performance of a model. There
is a distinction in performance between the LSSVM when being tested and when being trained.
Because of overtraining, LSSVM typically displays superior performance during the training phase
as compared to the testing phase. Training for the LSSVM model is done with the help of historical
data. The LSSVM method determines which hyperplane is the most accurate prediction based on the
training data and then optimises that hyperplane. The strategy of least squares is used to solve a
constrained optimisation issue, which enables this result to be obtained. After the model has been
trained, the performance of the model is evaluated using MAPE [27]. The LSSVM model that has
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been trained is given the input variables for the upcoming time periods, and the model then gives
forecasts for the years 2023, 2024, and 2025.
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Figure 4. Flowchart of (a) LLSVM and (b) Moving Average process.

On the other hand, the ARIMA model takes historical data and divides it into three components,
autoregression (AR) which shows a changing variable regress on its own lagged, integrated (I), which
represents linear or polynomial trends and Moving Average (MA), which represents dependency
between and observation and residual error. As a result, the model has three model parameters:
AR(p), I(d), and MA(q), which are all combined to form the ARIMA (p, d, q) model parameters:
AR(p), I(d), and MA(q), where, p is autocorrelation order (lag), d is differencing order, q is moving
average order.

The ARIMA model attempts to ensure that the future value of time series data has a practical
connection with the current and historical values. ARIMA model building consists of four major
steps, which are identification, estimation, diagnostic and forecasting [28]. With the help of these four
steps, the tentative model parameters are first identified using graphs of the auto-correlation function
(ACF) and partial auto-correlation function (PACF) after which the coefficient is calculated, and the
likely model is determined. The model must then be validated and to assess the forecast's veracity
and monitor the model's performance, simple statistics were applied. The time series must be
stationary before using ARIMA or any of its extensions. If a time series possesses all three of the
following characteristics which are constant mean, variance, and covariance, it is said to be stationary.
There are two methods to check for stationarity which are i) The autocorrelation to check the
stationary and ii) The autocorrelation to check the stationarity.

Based on the analysis of Figures 5-7, it can be observed that the autocorrelation function (ACF)
for coal, gas, and LNG exhibits a positive value with a consistent and gradual decrease over time.
The lagging issues extend beyond the designated blue highlighted area. This suggests that there is a
lack of zero correlation between observations at different lags for all fuel types. The presence of
additional spikes beyond the blue range indicates that the series does not exhibit characteristics of
'White Noise'. An illustration of a stationary time series is the phenomenon known as "White Noise'.
Based on the analysis, it can be inferred, that the time series data for coal, LNG, and regulated gas
exhibits non-stationarity.
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Another method for assessing stationarity is the Augmented Dickey Fuller Test (ADF Test). This
statistical test belongs to the subcategory of Unit Root tests. The analysis aims to determine the
presence of non-stationarity and the existence of a unit root in the time series. The assumptions are
a) Null hypothesis b) Ho is the time series is non-stationary and there is a unit root. And, Alternate
Hypothesis H1 is the time series is stationary and there is no unit root.

The ADF assessment is carried out using the original dataset. The p-value from the ADF test is
0.951480 for coal and 0.267107 for gas, both of which are greater than 0.05. At 5% significance, the
null hypothesis cannot be rejected. As a result, the test does not reject the null hypothesis. According
to ADF, the series has a unit root and is non-stationary. The p-value for LNG is 0.012868, which is
less than 0.05. As a result, the null hypothesis was rejected, and the series was determined to be
stationary. The differential was done on non-stationary data, and the smoothness of the data was
then assessed using the ADF test. The d-value in the ARIMA (p, d, q) model was chosen after passing
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the stationary test [29]. The next step is to identify a suitable model. The p and q values of the ARIMA

model must be determined. Using the auto ARIMA function to examine the range of the best model,

the values of p and q were obtained by observing the sample's auto correlation function (ACF) and
partial auto correlation function (PACF). For coal, LNG, and gas, the selected ARIMA models are

(1,1,1), (1,0,1), and (2,0,1). An autoregressive order of 1 for coal and LNG, and an autoregressive order

of 2 for gas, specify the value of the series one and two time periods in the past to be used to predict

the current value. Predictions are made and compared with the testing data set to validate the model
after fitting input data with a suitable ARIMA model.

Thus, the Imbalance Cost Pass-Through (ICPT) is a mechanism employed to transfer the
expenses associated with fuel and other generation-related costs to consumers of electricity. The
ICPT, or the Imbalance Cost Pass-Through, is assessed biannually to determine whether a rebate or
a surcharge is applicable. This determination is based on a comparison between the actual fuel costs
and the scheduled fuel costs. The ICPT is typically calculated on a semi-annual basis. The adjustment
for each type of cost is divided into two components. The initial segment utilises the current data for
the two most recent months that are available, along with estimated data for the subsequent four
months. The second part corrects for differences between actual outcomes and the estimated data
used to calculate the first adjustment. The process for calculating the ICPT for commercial customers
involves the following steps:

1) The initial step in calculating ICPT involves determining the interim fuel cost pass through
adjustment for a six-month period (IFUCs) using Equation (6). The estimated and actual total
fuel costs (Cm, Dm) were derived from the projected fuel cost using the ARIMA and LSSVM
models. The data for Dm was not accessible due to limited resources. As a result, forecasted data
was utilised instead. The estimated total qualifying sales (Fm) were acquired from websites of
Single Buyers (SB). The audited total qualifying sales, to which the ICPT adjustment is applied,
was obtained from the Grid System Operator (GSO) website. By using Equation (5), the average
fuel cost for was calculated. The total forecasted fuel cost (FFULSs) for six months is derived from
the previously forecasted fuel cost. The weighted average cost of capital of Regulatory Period 3
(RP3) is set by the government at 7.3%. The forecasted total electricity sales in year 2021 as made
at the time of setting the Base Average Tariff was obtained from SB.

2)  Then, using Equation (6), the first fuel cost pass-through adjustment (As) was determined.

3) Next, Equation (7) was used to determine the interim other generation cost pass-through
adjustment (IGSCs). System marginal pricing (SMP) at SB websites was used to determine the
estimated and actual total other generation cost (Gm, Hm).

4)  To determine the average other generation cost (AGSCs) using Equation (8), the forecasted other
generation cost is obtained by subtracting the generation margin (Gm) from the forecasted fuel
and fuel-related costs (FFULs).

5) Equation (7) is then used to compute the first other generation cost pass-through adjustment (Bs)
in the six-month period.

6) The next part involves calculating the secondary fuel and additional generation cost pass-
through adjustment within the designated six-month timeframe. This can be achieved by
utilising Equation (10)-(11).

7)  The remuneration rates for ICPT adjustment, specifically IARRs-1 and IARRs-2, are constantly
set at 2.8738 and 2.86, respectively.

8) The six-month generation cost adjustment was determined using Equation (3).

9) Equation (12) was used to compute the fund contribution (FUNDs). The approved payment
(FUNPm) from the Electricity Industry Fund (EIF) and the payment by the Single Buyer (FUNTm)
into the EIF are fixed at MYR 1.6 billion and MYR 1.3 billion, respectively.

10) The ICPT price was then determined using Equation (2).

Even though, the ICPT is a controversial mechanism, but it is an important part of the electricity
market. The ICPT helps to ensure that consumers pay the true cost of electricity, and it can help to
protect consumers from large fluctuations in fuel prices. Thus, the summary of the method process
flow to find the forecast ICPT is demonstrated as in Figure 8 congruently.
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5. Results and Discussion

This section presents an analysis of different fuel price forecasting methods, specifically the
implementation of MA, ARIMA, and LSSVM. This section also covers an analysis of MAPE for
different forecasting methods, as well as the implementation of ARIMA and LSSVM models in
estimating the ICPT price for commercial customers.

5.1 Moving Average (MA) Forecasting Profile

One approach for predicting fuel prices is through the implementation of the moving average
method. The data is smoothed by calculating the average of 12 data points as depicted in Figure 9 (a-
c). The moving average method for predicting fuel prices has proven to be unreliable. For coal, the
actual price in January 2012 was MYR 9.18/mmBtu, nearly double the predicted MYR 4.50/mmBtu.
This trend of significant differences continued until December 2022. For gas, the predicted price in
January 2012 was MYR 8.65/mmBtu, slightly higher than the actual MYR 7.78/mmBtu. The largest
discrepancy was in August 2022, with the actual price being MYR 40.71/mmBtu, more than double
the predicted MYR 17.74/mmBtu. For LNG, the predicted price in January 2012 was MYR
37.05/mmBtu, slightly higher than the actual MYR 35.9/mmBtu. The largest difference was in
November 2015, with the actual price being MYR 69.89/mmBtu, more than double the predicted MYR
30.95/mmBtu.
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Figure 9. MA fuel price forecasting (a)-coal price; (b) gas price; (c) LNG price.

5.2 LSSVM Forecasting Profile

LSSVM forecasting method, as depicted in Figure 10 (a-c), shows significant disparities between
predicted and actual prices. In the coal market (Figure 10 (a)), the January 2022 prediction of MYR
13.55/mmBtu was notably lower than the actual MYR 25.53/mmBtu, with this trend persisting until
December 2022. The actual coal price reached MYR 44.62/mmBtu, whereas the prediction was only
RM 16.26/mmBtu, resulting in a substantial MYR 28.36 difference. These findings cast doubt on the
reliability of the LSSVM model for coal price forecasting. Figure 10 (b) presents gas price variations,
mirroring the coal market's discrepancy. In January 2022, the actual gas price was MYR 20.71/mmBtu,
contrasting with the predicted MYR 10.76/mmBtu, a 9.95/mmBtu difference. May 2022 saw a
substantial gap, with the actual price at MYR 36.05/mmBtu and the predicted at MYR 10.8/mmBtu.
Figure 10 (c) illustrates LNG prices, with January 2022 predictions surpassing actual prices by MYR
0.88/mmBtu. The actual prices then surged, reaching MYR 36.42 in February 2022, while predictions
stood at MYR 22.23/mmBtu. October 2022 saw a significant spike to MYR 65.47/mmBtu, far exceeding
the predicted MYR 25.50/mmBtu, resulting in a MYR 39.97 difference. By December 2022, the
predicted price was MYR 43.09, but the actual price was MYR 54.23.
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5.3 ARIMA Forecasting Profile

The second method of forecasting involves the implementation of the ARIMA model. According
to Figure 11 (a-c), the forecasted fuel price are closely aligned with the actual trend. Coal price
predictions closely matched actual prices, with minor deviations starting in February 2012. For
example, in December 2012, the forecasted gas price was MYR 7.18/mmBtu, nearly matching the
actual MYR 7.21/mmBtu. However, in March 2019, a slight overestimation occurred with a predicted
price of MYR 21.13/mmBtu compared to an actual MYR 20.99/mmBtu. The forecast for December
2022 closely aligned with the actual MYR 44.62/mmBtu. Gas prices showed discrepancies between
predictions and actual outcomes. From January 2012 to November 2013, predicted prices consistently
exceeded actuals. Notably, in January 2012, the actual gas price was MYR 7.78/mmBtu, while the
prediction for November 2013 reached MYR 12.64/mmBtu. The highest recorded gas price in August
2022 was MYR 40.71/mmBtu, whereas the prediction was MYR 37.66/mmBtu. LNG price predictions
exhibited disparities, with occasional overestimations and underestimations compared to actual
prices. In January 2022, the actual price stood at MYR 35.9/mmBtu, slightly higher than the predicted
MYR 35.24/mmBtu. Predictions began at MYR 28.67/mmBtu in May 2015, peaking at MYR
35.68/mmBtu in November 2021. However, predictions fell below actual prices afterward. December
2022 presents an actual price of MYR 54.23/mmBtu, while the expected price settled at MYR
50.87/mmBtu.
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Figure 11. ARIMA fuel price forecasting (a)-coal price; (b) gas price; (¢) LNG price.
5.4 Analysis of the MAPE

The performance of the MA, LSSVM, and ARIMA models in predicting is presented in Table 1.
The ARIMA model demonstrated superior performance compared to the MA and LSSVM models.
As the forecast horizon extends, the predictive accuracy of both the MA and ARIMA models
diminishes. The findings suggest a decrease in error (MAPE) and an improvement in prediction
accuracy when utilizing the ARIMA model. The Mean Absolute Percentage Error (MAPE) values
obtained from the ARIMA model for coal are 1.63%. This is in contrast to the MA value of 29.79% and
LSSVM value of 26.28%. The MAPE values for the gas dataset are 32.94%, 5.47%, and 34.46% for the
MA, ARIMA and LSSVM models, respectively. The ARIMA model demonstrates the lowest error
percentage at 5.09% in comparison to the MA model with an error percentage of 39.78% and the
LSSVM model with an error of 36.9%.

Based on the observed trend, it can be concluded that the ARIMA model outperforms both the
MA and LSSVM models in the current case. This conclusion is drawn from the fact that the relative
error of the model prediction increases as the forecast period extends. The ARIMA model
demonstrated superior performance compared to the LSSVM model, potentially attributed to the
limited amount of data available to train the LSSVM model. The limitations of the ARIMA model lie
in its ability to predict fuel prices solely based on its own time series data. Consequently, the model's
validity is contingent upon the absence of significant changes in the external factors that influence
fuel prices. The analysis and forecasting of fuel pricing, specifically coal, gas, and LNG, are influenced
by a range of factors [30]. These factors include supply and demand dynamics, currency exchange
rates, regulatory frameworks, and international political situations. Furthermore, these factors exhibit
interdependencies and exert a substantial influence on the fuel expenditure.
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Table 1. Comparison of MAPE for price forecasting method.

Year Fuel Type MAPE (%)

MA ARIMA LSSVM
2022 Coal 29.79 1.63 26.28
2022 Gas 32.94 5.47 34.46
2022 LNG 39.78 5.09 36.90

5.5 Discussion of the Forecast ICPT

The prices of ICPT are measured using the ARIMA and LSSVM forecasting models because these
two models have minimal MAPE values. A smaller MAPE value indicates a more accurate model.
The ARIMA model is slightly more accurate than the LSSVM model in the present case. The ICPT
pricing for commercial customers in Malaysia is displayed in Figure 12 for the period spanning July—
December 2022 through January—June 2024 as predicted by ARIMA and LSSVM. Both ARIMA and
LSSVM predict that the ICPT price will decline in 2024. From July 2022 to June 2023, according to the
ARIMA forecast, the ICPT tariff for commercial customers is anticipated to remain unchanged at
MYR 0.21/kWh. This price is roughly the same as the price determined by the energy commission at
MYR 0.20/kWh. The ICPT price is anticipated to increase to MYR 0.23/kWh in July-December 2023.
According to the LSSVM forecast, the ICPT price will increase from MYR 0.18/kWh in Jul-Dec 2022
to MYR 0.21/kWh in July-Dec 2023.

The anticipated ICPT for July-December 2023, however, is not close to the government-set ICPT
price of MYR 0.17/kWh. This is partly, due to the limited number of resources in determining the
ICPT price. According to the ARIMA and LSSVM forecasts, the ICPT price is expected to decline in
2024. In Jan-Jun 2024, the ARIMA forecast predicts the ICPT surcharge price will decrease to MYR
0.07/kWh, while the LSSVM forecast predicts the ICPT surcharge price will decrease to MYR
0.06/kWh. A number of factors, which includes the continuous decline in fuel prices and the
government's efforts to reduce the cost of energy for consumers, are predicted to contribute to the
ICPT price decline in 2024. In the upcoming years, the ICPT price for commercial customers is
anticipated to fluctuate. As the government continues to intervene in the energy market and
implement policies to reduce fuel prices, the long-term trend is anticipated to be downward.
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Figure 12. ICPT price for commercial customer.
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6. Conclusion

In conclusion, this study introduces Imbalance Cost Pass-Through (ICPT) price forecasting as a
critical tool within Malaysia's incentive-based regulation (IBR) framework, allowing power
producers to adapt tariffs to variable fuel prices, thus enhancing economic resilience in electricity
generation. Emphasizing the influence of commodity prices, such as coal, gas, and LNG, on
generation costs, the study highlights the need for proactive forecasting to aid large consumers,
eliminating dependency on semi-annual ICPT price releases. Employing ARIMA, Moving Average
(MA), and LSSVM methods, the research finds that ARIMA outperforms in fuel price forecasting,
with minimal differences from LSSVM for ICPT prices. Notably, the ARIMA and LSSVM models
closely align with actual ICPT tariffs for specific periods, predicting a decrease in ICPT prices for
January-June 2024, offering valuable insights for budgeting and planning. This study implicates the
extension for future research, particularly in refining the forecasting methods. These will ultimately
be benefiting consumers through more predictable and stable electricity prices, fostering economic
growth, and enhancing energy security in the region. The future research can also explore the latest
powerful forecasting method that appropriate to be applied.
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