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Abstract - Coal-Fired Steam Power Plant (PLTU)
Rembang is an important power plant in the Central Java
electricity system. Like other coal-fired steam power
plants, fuel cost is the most significant expense when
operating the PLTU Rembang. During the 2019-2021
period, the average fuel cost was 73.88% of total costs. One
of the ways to reduce fuel costs is by improving the
accuracy of fuel demand planning. Fuel procurement
planning is very dependent on the projected amount of
electricity sales from power plant, which is largely
determined by the power plant's Capacity Factor (CF).
However, PLTU Rembang does not have any CF
prediction modeling. This research developed and
compared four prediction models: random forest
regression, support vector regression, multiple polynomial
regression, and multiple linear regression. Based on the
comparison of validation from the four prediction model
with MAPE and R-squared parameters, the multiple
linear regression models is the best model, with the lowest
MAPE of 7.83% and the highest R-squared of 0.8814. This
multiple linear regression model can be used to predict the
CF of PLTU Rembang in the future so that fuel demand
planning is more accurate.
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I. INTRODUCTION

Coal-fired steam power plant (PLTU) Rembang is a
crucial power plant in the Central Java electricity subsystem.
It maintains voltage stability and provides active power
sources in the eastern area of Central Java. Before the
operation of PLTU Rembang, the Northern Coastal Area of
Java, spread along Central Java Province from Kudus — Jekulo
— Pati — Rembang — Blora - Cepu, constituted a ‘weak area’ in
the Java-Bali electricity system due to rare active power
sources and relative voltage fluctuation between normal load
periods and peak load periods [1].
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PLTU Rembang utilizes both medium-rank coal and low-
rank coal as fuel. During the period of 2019-2021, the fuel
cost expense in PLTU Rembang was notably high, as depicted
in Figure 1.

Operating Cost Pareto of PLTU Rembang 2024-2049

70.33%
Fuel 74.80%
76.51%
16.80%
Fixed Asset Depreciation 15.41%
13.03%
12.92%
Maintenance Cost 9.85%
10.45%

0.05%
Others  -0.05%
0.02%

Figure 1: Pareto of Operating Cost 2019-2022

According to the Financial Report of PLTU Rembang
from 2019-2021, shown in figure 1, fuel cost in 2021was Rp.
1,456 billion, or about 70.33% of total cost. During 2019-
2021, average fuel cost was about 73,88% of total cost [2].
This average fuel cost is still considered very high. A small
saving in fuel demand planning will significantly reduce
PLTU Rembang’s operational costs.

The coal purchasing plan is very dependent on the
projected electricity sales. The projection of electricity sales is
determined by the power plant’s Capacity Factor (CF)
prediction. CF is a ratio between the actual and maximum
electricity produced in a certain period [3]. Currently, coal
demand planning relies on annual operation planning (ROT)
published by the load dispatcher, PLN P2B, for annual
planning, and previous CF for monthly coal demand planning.

During 2016-2021, the CF gap between PLN's Annual
Operation Plan (ROT) and actual CF is quite large. In 2017-
2022, CF gap was -18,22%, -4,99%, -34,48%, 1,39%, and
14,3% respectively. A negative CF gap condition means that it
needs additional coal demand. Additional fuel costs that had
not been budgeted for at the beginning of the year need to be
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allocated. A positive CF gap condition means that electricity
sales decrease by less than the initial sales plan. It will have a
significant impact on the company's financial performance.
One of the causes of these CF gaps is that PLTU Rembang
does not have accurate CF predictions. Currently, PLTU
Rembang only uses the CF ROT plan and CF Monthly
Operation Plan (ROB) in predicting CF.

In this research, four regression models will be developed
for CF prediction, namely random forest regression, support
vector regression, multiple linear regression, and multiple
polynomial regression. This research aims to obtain the best
prediction model by comparing the four CF prediction models
based on the Mean Absolute Percentage Error (MAPE) and R-
squared criteria.

Il. MATERIAL AND METHOD

This research utilizes both primary and secondary data.
Primary data are obtained from field observations and field
data inventory, specifically at the Rembang Coal-Fired Steam
Power Plant (PLTU Rembang). Primary data are sourced from
the Business Production Report of PLTU Rembang. These
data consist of CF (Capacity Factor), SOF (Scheduled Outage
Factor), and EFOR (Equivalent Forced Outage Rate) of PLTU
Rembang. SOF (Scheduled Outage Factor) is the ratio of the
total planned outage and maintenance outage hours of the
generating unit to the total hours in a given period, while
EFOR is the ratio of the total unplanned outage hours (forced
outage) to the total hours in a given period[4].

Secondary data consist of the Java-Bali load, Central Java
load, Net Capability (DMN) of Java-Bali, Net Capability
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Figure 2: Research Flowchart

Based on Figure 2, the research begins by collecting data
from 2015 to 2023. This data is presented in Table 1.

Table 1: Data for CF Prediction Modeling

(DMN)of Central Java, sourced from PLN P2B load IFC Java- | Central | Java- | Central
monitoring website, and merit order data and Incremental Fuel | pontn |Me™| (g | EFOR|SOF | Bali | Java | Bali | Java | CF
Cost (IFC) sourced from monthly releases by PLN P2B. DMN order) wny | () | (%) | Load | Load | DMN | DMN | (%)
- . (MW) | (MW) | (MW) | (MW)

represents the net capability of power plants according to the o
power purchase agreement between the generating companies o015 | 2 | 305 | 272| 0 122375| 3608 | 31189 | 5193 |94.24
and PLN and may be revised with a declaration letter from the Feb
Regional Operations Division of PLN [4]. Merit order is the 2015 | 2 | 298 | 4831 0 |21755) 3570 | 31189 | 5193 | 85.2
simplest method in economl_c dispatch, or_derlng power plants Mar [ o | oer | ost | o l223ssl 3730 | 31189 | 5193 [03.31
from the lowest to the highest operating costs [5]. IFC | 2015
(lncremental Fuel COSt) is defined as the Change in fuel cost 2'22; 1 270 156 0 22953| 3730 | 31166 | 5193 |95.41
resulting from changes in generated power output [6].

_The process of developing the CF predlctlon _model S | o0 | 463 | 076 | 0 |20975| 4996 | 43349 | 11004 19053
consists of several stages: data preprocessing, selection of 2023
significant variables, model development, and model Oct 13 422 1.08 | 0 [31082| 5203 | 43351 | 11096 |95.31
validation. These process stages are carried out using the 2’\?23

. . . ov

Python programming language. This research utilizes the oopz | 11| 434 | 114 | 0 31515 5248 | 43489 | 11096 |94.75
P}/thon progr.ammmg language because its simple synta.x Dec
yields exceptional results [7]. The flow of process stages is | pgp3 | 17 | 48 | 023 |32.03 30905 5086 |44368.7| 11096 64.01
illustrated in Figure 2.
© 2024-2017 IRJIET All Rights Reserved www.irjiet.com 52




International Research Journal of Innovations in Engineering and Technology (IRJIET)

7/
/n.un

Data is further subjected to initial preprocessing to detect
any missing data. For missing data, imputation is carried out
using linear interpolation method. The next process involves
selecting significant variables using hypothesis testing in the
form of F-test and t-test [8]. The t-test process is performed
using the backward elimination method. Significant variables
are those with p-value < 0.05 based on the t-test results [9].
Using these selected variables, prediction modeling is
conducted. There are four models developed, namely random
forest regression, support vector regression, multiple
polynomial regression, and multiple linear regression. These
four regression models are among the seven most commonly
used methods[10].

Validation of the model is conducted using the MAPE
(Mean Absolute Percentage Error) and R-squared parameters.
The best model is the one with the smallest MAPE and the
largest R-squared. MAPE is the average absolute difference
between the predicted and actual values, expressed as a
percentage of the actual value. MAPE can be calculated using
equation (1)[11].

100 |4, — F;|
MAPE——Z' il (1)

Where
A, = actual value at time t
F, = forecasted value at time t
n =number of data points

R-squared, or the coefficient of determination, is a
statistical measure indicating the influence exerted by the
independent variable (X) on the dependent variable (Y). The
equation (2) for the coefficient of determination is as follows
[12].

g RS ZO = f@)? )
i — ¥ LOi— ¥
Where
RSS = sum of squared residual
Vi = actual value at i-th observation
y = mean of actual values

f(x) = predicted value at i-th observation
I11. RESULTS AND DISCUSSIONS

The results of this research include the selection of
significant independent variables and the development and
validation of the model.

3.1 Significant Variables Selection
Hypothesis testing is conducted to obtain significant

variables influencing CF, including the F-test and the t-test.
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The first hypothesis testing performed is the F-test. The F-test
is a hypothesis test aimed at determining whether there is a
relationship between the independent and dependent variables
[8]. This test has two hypotheses: HO (null hypothesis) and Ha
(alternative hypothesis). HO states that there is no relationship
between the independent variables and the dependent variable,
while Ha states that at least one independent variable affects
the dependent variable[9].

The F-test is conducted by gathering all data of independent
and dependent variables and forming a regression equation.
The result of the F-test is a p-value with the following
interpretations:

a) If the p-value < 0.05, HO is rejected. It means that there
is at least one independent variable that influences the
dependent variable.

b) If the p-value > 0.05, HO is accepted. This means that the
independent variables do not influence the dependent
variable.

In this F-test, data from all variables suspected to
influence CF are collected. These data include merit order,
IFC, EFOR, SOF, Java-Bali DMN, Central Java DMN, Java
Bali load, and Central Java load. The results of the F-test are
obtained by running linear regression using the Python
programming language, as shown in Figure 3.

OLS Regression Results

Dep. Variable: CF_PLTU R-squared: 0.908
Model: OLS Adj. R-squared: 0.5%00
Method: Least Squares F-statistic: 122.0
Date: Sun, 17 Mar 2024 Prcb (F-statistic): 9.33e-48
Time: 11:52:35 Log-Likelihood: -341.15
No. Observations: 108  AIC: 700.3
Df Residuals: 99 BIC: 724.4
Df Model: ]
Covariance Type: nonrobust

coef std err t P>|t] [0.025 0.975]
const 72.6242 17.772 4.087 0.000 37.362 107.887
Peringkat Merit -0.7252 0.219 -3.310 0.001 -1.160 -0.290
Fuel Cost 0.04860 0.024 1.880 0.063 -0.003 0.094
EFOR —0.9067 0.070 -12.868 0.000 -1.046 -0.767
SOF -0.8637 0.032 -26.713 0.000 -0.928 -0.800
Beban_Jamali 0.0018 0.001 1.208 0.230 -0.001 0.005
Beban Jateng 0.0062 0.011 0.573 0.568 -0.015 0.028
DMN Jamali -0.0017 0.001 -1.592 0.115 -0.004 0.000
DMN Jateng -0.0001 0.001 -0.083 0.934 -0.003 0.003
Omnibus: 24.836 Durbin-Watson: 1.801
Prob (Omnibus) : 0.000 Jarque-Bera (JB): 39.629
Skew: -1.033 Prob (JB) : 2.48e-09
Kurtosis: 5.130 Cond. No. 1.41e+06

Figure 3: Result of F-test obtained from the linear regression output

Based on Figure 3, the probability (F-statistic), the p-
value, is obtained to be 9.33 x 10, This value is significantly
below the p-value threshold of 0.05, thus rejecting the null
hypothesis (Hp). It means that at least one significant variable
influences CF.

The second hypothesis test after the F-test is the t-test.
The t-test aims to determine whether there is a partial
(individual) effect of each independent variable on the
dependent variable[13]. The t-test is combined with the
backward elimination technique in selecting influential
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independent variables. The t-test results yield the p-value for
each independent variable. The independent variable with the
highest p-value and its p-value is more than 0.05 is eliminated.
Subsequently, another t-test is conducted on the remaining set
of independent variables, and elimination is repeated for the
independent variable with the highest p-value and more than
0.05. This process continues until all independent variables
have p-values less than 0.05 [9]. The results of the t-test
combined with the backward elimination technique are shown
in Table 2.

Table 2: Results of the backward elimination process

p-value
In{jlzr;ie:bdlznt Elimination | Elimination | Elimination | Elimination
Stage 1 Stage 2 Stage3 Staged
Merit Order 0,0013 0,0011 0,0011 0,0014
IFC 0,0631 0,0598 0.0821
EFOR 741x10% | 4,32x10% | 3,73x10%® | 9,43x107%
SOF 4,74x10% 1,65x10 7,9x10% 5,58x10™®
Ja‘ﬁf)a%a“ 0,2299 01667 | 859x10° | 1,02x10°
Ce”ﬁg"; j"’“’a 0,5679 0,4009
Java Bali 5 5
DMN 0,1146 0,0004 6,45x10 3,16x10
Central Java
DMN 0,9337

Based on Table 2, there were three rounds of elimination
of independent variables until all variables had p-values below
0.05. In the first iteration, the Central Java DMN variable,
which had a p-value of 0.9337, was eliminated. The Central
Java load variable, which had a p-value of 0.4009, was
eliminated in the second iteration. The IFC variable, which
had a p-value of 0.0821, was eliminated in the third iteration.
In the fourth iteration, no variable was eliminated, so the
significant variables influencing the CF of the PLTU
Rembang are merit order, EFOR, SOF, Java-Bali DMN, and
Java-Bali load.

3.2 Model Development and Validation

In order to obtain the best CF prediction model, four
regression models were developed: random forest regression,
support vector regression, multiple polynomial regression, and
multiple linear regression. Before running the models, the data
is divided into two sets: 80% for training data and 20% for
testing data. This composition of splitting is one of the
commonly used compositions[14]. The data included in the
model are the significant independent variables and dependent
variables.
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3.2.1 Regression model development
a) Random Forest Regression

Random forest is a machine learning algorithm that falls
under supervised learning techniques, which combines the
output of multiple decision trees to achieve a result. Random
forest can be used for regression and classification tasks.
Random forest regression consists of many trees that depend
on random vectors, so predictor trees take numeric values
instead of class labels [15]. In this research, the random forest
regression model uses 100 estimators. The validation results
are shown in Figure 4.

b) Support Vector Regression

Support Vector Regression (SVR) is an application of
Support Vector Machines (SVM) in regression analysis[16].
The basic idea of SVM is to map the training data from the
input space to a higher-dimensional feature space through a
function and then construct a separating hyperplane with
maximum margin in the feature space[17]. In this research, the
SVR model is developed with a linear kernel. The validation
results of the model can be seen in Figure 5.

¢) Multiple Polynomial Regression

A regression can be called a polynomial regression if the
relationship between the dependent and independent variables
can be described by a curve [18]. Multiple polynomial
regression is a polynomial regression with more than one
independent variable. With more than one independent
variable, the regression equation is a combination of predictor
degrees and interactions between predictors [12]. In this
research, multiple polynomial regression model is developed
with a second order. The validation results of the model are
shown in Figure 6.

d) Multiple Linear Regression

Multiple linear regression is essentially an extension of
simple linear regression that involves more than one predictor
variable [19]. The equation for multiple linear regression is
essentially the same as the equation for simple linear
regression, but with multiple independent variables[19]. The
general equation for multiple linear regression is as equation

@)z

y=Botx1+foxyte+ BoXo 3)

Where y is dependent variable. S, is intercept. S1, 52, Bp
are independent variable coefficients. x;, x,, dan x, are

independent variables.

In this study, multiple linear regression model was
developed using five independent variables. The validation
results of the model are shown in Figure 7.
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3.2.2 Model Validation

The validation of the models was conducted by
calculating the MAPE and R-squared for each regression
model. The comparison of the validation results of these four
models can be seen in Figure 4 through Figure 7.

Random Forest Regression

MAPE =
12,54

R-squared
=0,7503

N
]
Il

o 20 a0 60 80 100
Period

Figure 4: Random Forest Regression Model Validation

Figure 4 shows that the MAPE of the random forest regression
model is 12.58, and the R-squared is 0.7488.

Support Vector Regression

100 MAPE =
90 |
9,53

BO
70
60 R-squared
50 = 0,8240
=

0 20 40 perind 60 80 100

Figure 5: Support Vector Regression Model Validation

CF (%)

Figure 5 shows that the MAPE of the support vector
regression model is 9.53, and the R-squared is 0.8240.

Polynomial Regression (Order 2)

" MAPE =
20 10,11
5 70
o R-squared
a0 = 0,8380
30
0 80 100

0 20 40 60
Period

Figure 6: Multiple Polynomial Regression Model Validation

Figure 6 shows that the MAPE of the multiple
polynomial regression model is 10.11, and the R-squared is
0.8380.

Multiple Linear Regression

MAPE =
" 7,83

§ 60

& R-squared
40-

=0,8814

[ 20 10 60 80 100
Period

Figure 7: Multiple Linear Regression Model Validation

Figure 7 shows that the MAPE of the multiple linear
regression model is 7.83, and the R-squared is 0.8824. A
summary comparison of the MAPE and R-squared for all
regression models is presented in Table 3.
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Table 3: Comparison of MAPE dan R-squared from four regression

models
Regression Model MAPE R-squared
Random Forest Regression 12,54 0,7503
Support Vector Regression 9,53 0,8240
Multiple Polynomial Regression 10,11 0,8380
Multiple Linear Regression 7,83 0,8814

Based on Table 3, the best regression model for
predicting CF is the multiple linear regression model with a
MAPE of 7.83 and an R-squared of 0.8814 because this model
has the smallest MAPE and the largest R-squared among the
four prediction models. The equation (4) for multiple linear
regression that can be used to predict CF of PLTU Rembang is
as follows.

y= 70,1714 - 0,2887x; - 0,9191x, - 0,8960 X3 4

+ 0,0035x, - 0,0018x5

Where,
y  =CFof PLTU Rembang
X, = Merit Order
X, =EFOR
X3 =SOF
X, =Java-Bali Load
Xs =Java-Bali DMN

This regression model is beneficial for accurate coal
demand planning of PLTU Rembang. Accurate coal demand
planning is expected to support the financial performance of
the company.

IV. CONCLUSION

The prediction of CF is crucial in power plant operations
as it helps estimate the fuel requirements of the power plant.
In this research, four regression models were developed:
random forest regression, support vector regression, multiple
polynomial regression, and multiple linear regression, to
predict the CF of PLTU Rembang. Significant variable
selection was performed using hypothesis testing, including F-
test and t-test, combined with the backward elimination
method. By comparing the MAPE and R-squared of the four
models, the multiple linear regression model emerged as the
best model with the smallest MAPE of 7.83 and the largest R-
squared of 0.8814. This regression model is beneficial for
accurate coal demand planning of PLTU Rembang.
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