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Abstract. %e power generated by wind power plants is unstable so forecasting is needed to
maintain the power balance i] interconnected system. The purpose of this research is to
predict the power gcmatcd at the Sidrap and Jeneponto wind power plants. The method used is
an optimally pruned extreme learning maome (OPELM). The extreme learning machine (ELM)
method is used as a comparison method. The mean absolute percentage error (MAPE) method
is used to assess the level of forecasting accuracy. Forecasting power generation with Sidrap
wind power plant data using the OPELM method is 0.8970% more accurate than the ELM which
is 1.0853%. In general, the OPELM method is more accurate. Forecasting power generation with
data from the Jeneponto wind power plant using the OPELM method is 2.4887% more accurate
than the ELM method is 2.9984%. These results indicate that linear, sigmoid, and Gaussian
activation in the OPELM method can increase accuracy. The OPELM method can be tested in
forecasting the power generation at the Sidrap and Jeneponto wind power plants to maintain a
power balance in the Sulselbar power grid system.
Keywords: OPELM, Forecasting model, Wind power plant.

1. Introduction

In the electric power system, there is a power balance theory where the generated power by generators
is equal to the load power and losses [1], [2], [3], [4]. If the power generated is greater than the load
power, then there is a waste of costs. On the other hand, if the load power is greater than the generating
power, there will be an overload resulting in blackouts. The power generated by wind power plants can
change at any time, so it must be predicted to avoid power imbalances in the system [5]. Estimated
power generated by wind power generat{h can use various methods, including historical data recorded
[6], tree-based learning algorithms [7], varEonal mode decomposition (VMD), convolutional long-
short memory network (ConvLSTM) [8], convolution-basedffpatial-temporal wind power predictor
(CSTWPP) [9], artificial neural network (ANN) [10], [11], heteroscedastic spline regression model
(HSRM). and robust spline regression model (RSRM) [12]. The method used in this research is
optimally pruned extreme learning machine (OPELM) [13]. The advantage of OPELM is that it can
process data that has non-linear patterns quickly and precisely.

1.1. OPELM model
The OPELM method is basgl on the ELM algorithm using SLEN, [13]. The stages of compiling
the OPELM algorithm can be seen in Figure 1 below.
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Figure 1. OPELM algorithm stages

Model

1.2. ELM model
The speed of the feed-forward neural network method is enhanced by ELM [14], with the architectural
design as shown in Figure 2 below.

m input n hidden output
neurons layer neurons neurons

Figure 2. Extreme learning machine model design

1.3. ELM mathematical model
1.3.1. ELM Mathematical models for ELM training

The mathematical model for ELM [13] training can be seen as follows.
1. Initialize Wj, weight randomly.

2. Calculate the hidden layer output with the following formulation
1

) @)
Hinit = Xtrain X (I‘ij)T 2
3. Weight is calculated by:
B=H"xYyqn (3
HY = (H'xH) ' x H! (4
1.3.2. Mathematical models for ELM testing
The mathematical model for ELM testing is as follows.
1. It is known the weight (Wj,) and final weight (f) from the training results.
2. Calculate the hidden layer output using the following formula.
1
H= Tewtino ©)
Hinit = Xtrain X (M/jk)’r (6)
3. Calculate the forecast using the following formula.
Y=Hxp )
14. Calculating forecasting accuracy
Forecasting accuracy is calculated using MAPE with the following formula.
MAPE = i E?:l Ypredicrion_ Ymrgsr x100% (8)
n Yiarget
1.5. MAPE interpretation

The interpretation of MAPE values based on (Lewis, 1982 P.40) in [11], can be seen in Table 1 below.

(5]




The 3rd ICoGEE 2021 T0P Publishing
IOP Conf. Series: Earth and Environmental Science 926 (2021) 012084  doi:10.1088/1755-1315/926/1/012084

Table 1. Interpretation of MAPE Value

MAPE Value Interpretation Result
<10 Highly accurate forecasting
10 - 20 Good forecasting

20-50 Reasonable forecasting
>50 Inaccurate forecasting

2. Materials and Methods

2.1. Materials

2.1.1. Original data

The data used in this study is a power generated by the Sidrap and Jeneponto wind power plants on
Monday, March 2, 2020, as follows (Table 2).

Table 2. Power generated in PLTB Sidrap and Jeneponto

Sidrap wind power plant Jeneponto wind power plant
Time Power Time Power Time P@iyver Time Power

00.30 am 0.0 00.30 pm 4.4 UU.3U 0.2 00.30 pm 0.3
01.00 am 1.7 01.00 pm 79 01.00 am 02 01.00 pm 0.1

01.30 am 1.0 01.30pm @3 01.30 am 02 01.30 pm 6.4
02.00 am 0.0 02.00 pm 10.5 02.00 am 16.1 02.00 pm 9.6
02.30 am 1.1 02.30 pm 15.5 02.30 am 46.6 02.30 pm 34
03,00 am 7.1 03.00 pm 24.6 03.00 am 21.9 03.00 pm 3.5
03.30 am 8.9 03€0 pm 30.8 03.30 am 26.7 03.30 pm 13.5
04.00 am 0.8 04.00 pm 295 04.00 am 13.6 04.00 pm 257
04 .30 am 20 04.30 pm 348 04.30 am 18.2 04.30 pm 0.1

05.00 am 0.0 05.00 pm 30.1 05.00 am 18 05.00 pm 24
05.30 am 0.0 05.30 pm 292 05.30 am 19 05.30 pm 14.3
06.00 am 143 06.00 pm 21.6 06.00 am 12.1 06.00 pm 14.9
06.30 @in 1.7 06.30 pm 220 06.30 am 212 06.30 pm 149
07.00 am 0.2 07.00 pm 26.4 07.00 am 16.4 07.00 pm 119
07.30 am 0.0 07.30 pm 245 07.30 am 9.6 07.30 pm 10

08.00 am 0.0 08.00 pm 248 08.00 am 34 08.00 pm 95

08.30 am 0.2 08.30 pm 239 08 @llam 0 08.30 pm 13.6
09.00 am 22 09.00 pm 220 09 Eam 0 09.00 pm 8@
09.30 am 04 09.30 pm 27.8 09.30 am 0 09.30 pm 8.9
10.00 am 0.1 10.00 pm 244 10.00 am 0 10.00 pm 403
10.30 am 0.5 10.30 pm 27.5 10.30 am 0 10.30 pm 19.6
11.00 am 31 11.00 pm 20.1 11.00 am 0 11.00 pm 221
11.30 am 23 11.30 pm 207 11.30 am 0 11.30 pm 21.6
12,00 am 1.3 12.00 pm 25.1 12.00 am 0 12.00 pm 13.1

Source : PT PLN (Persero) Sulawesi Generation and Distribution Main Unit, UP2B Makassar System

2.1.2. Data of input on OPELM model
Wind power plant data that have been tabulated for input data in the OPELM model can be seen in the
following example data (Table 3).




1
The 3rd ICoGEE 2021 T0P Publishing
IOP Conf. Series: Earth and Environmental Science 926 (2021) 012084  doi:10.1088/1755-1315/926/1/012084

Table 3. Tabulated Ed

AM X1 X2 X3 X4 X5 X6 Y PM X1 X2 X3 X4 X5 X6 Y

0.3 1.0 1.7 1.1 1.0 1.1 7.1 89 03 44 79 73 115 155 246 318
1.0 1.7 1.1 Lo 1.1 71 89 18 1.0 79 73 115 155 246 318 295
1.3 1.1 1o 1.1 7.1 89 18 20 1.3 73 115 155 246 318 295 348
2.0 1o 1.1 7.0 89 18 20 10 20 115 155 246 318 295 348 31.1
23 .1 71 89 18 20 10 10 23 155 246 318 295 348 31.1 292
3.0 7.1 89 18 20 10 10 143 30 246 318 295 348 3111 292 216
33 89 18 20 1.0 10 143 1.7 33 318 295 348 31.1 292 21.6 221
4.0 18 20 10 1.0 143 17 12 4.0 295 348 31.1 292 216 221 264

4.3 20 1.0 10 143 17 12 10 43 348 31.1 292 216 221 264 245
5.0 1o 1.0 143 1.7 12 10 10 50 311 292 216 221 2064 245 248
53 10 143 17 12 10 10 12 53 292 216 221 264 245 248 239
60 143 1.7 12 1.0 10 12 22 6.0 216 221 264 245 248 239 220
6.3 .7 12 1.0 1.0 12 22 14 63 221 264 245 248 239 220 278
7.0 12 10 10 12 22 14 12 7.0 264 245 248 239 220 278 244
7.3 1o 10 12 22 14 12 15 73 245 248 239 220 278 244 275
8.0 1o 12 22 14 12 15 31 80 248 239 220 278 244 275 212
83 12 22 14 12 15 31 23 83 239 220 278 244 275 212 217
9.0 22 14 12 15 31 23 13 90 220 278 244 275 212 21.7 25.1
9.3 14 12 15 31 23 13 44 93 221 264 245 248 239 220 278
100 12 1.5 31 23 13 44 79 100 264 245 248 239 220 278 244
103 15 31 23 13 44 79 73 103 245 248 239 220 278 244 275
110 31 23 13 44 79 73 115 110 248 239 220 278 244 275 212
113 23 13 44 79 73 115 155 113 239 220 278 244 275 212 217
120 13 44 79 73 115 155 246 120 220 278 244 275 21.2 21.7 25.1

2.2. Methods
The §fifecasting method using is OPELM. while the ELM method is used to comparison or validate.
The research flowchart can be seen in Figure 3 below.

Start

/ Ranking of hidden neuron /
/ Data tabulation /
/ Calculate of output weights and target
/ Inputdata / l
/ Output denormalization
Normalization of data

Determine the activation and hidden
neuron functions

Figure 3. Research flowchart

3. Results and Discussion

Training is the first step in forecasting. The model obtained from the training results is used in the testing
process to predict the power generated at the wind power plant. The data used in forecasting the power
generation of PLTB is data dated March 2, 2020. The data are tabulated to avoid errors in the activation
function, where the zero generation power is changed to 1.
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3.1. Sidrap wind power plant

The graph of trainifffiJand testing at forecasting power generated by the Sidrap wind power plant using
OPELM and ELM can be seen in Figure 4 below.

—+—Target
——0PELM Training

© | = ELM Training

as -~ Actual Data
——0OPELM Testing %/

—#— ELM Testing *

Wind Power (MW)
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Figure 4. Results of power forecasting training and testing of Sidrap wind power plant

Figure 4 above shows the difference in the results of (a) training and (b) testing, where the training graph
shows the target value close to the training value. While on the test g##bh, it can be seen that the actual

value is not close to the testing value. The level of training accuracy can be seen in the MAPE value in
Table 4 below.

Table 4. The level of accuracy power forecasting of Sidrap wind power plant

Hidden

Traini st
Activation function Method 2 T8 Testing
neuron MAPE (%) MAPE (%)
6 linear ELM 0.8958 1.0853
linear, sigmoid, gaussian ~ OPELM 0.7263 0.8970

The level of training accuracy shows that the OPELM method is 0.7263% more accurate than

the ELM method is 0.8985. While the level of accuracy of OPELM testing is 0.8970%, and ELM is
1.0853%.

3.2. Jeneponto Wind Power Plant

The results of the training and testing of the Jeneponto PLTB power forecasting can be seen in Figure 5
below.

50
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S 4 —+=OPELM Training 1 t S ‘" —+OPELM Testing 1 1
= —+ ELM Training I\ 5+ ELMTesting |
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Figure 5. Results of power forecasting training and testing of Jeneponto wind power plant

Figure 5 shows several of power generated of the same value (linear). The linear value causes

differences i ween the target and training graphs, as well as the testing graphs. Accuracy of training
and testing can be seen in Table 5 below.
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Table 5. The level of accuracy power forecasting of Jeneponto wind power plant

. Traini o
Hidden Activation function Method e Testing

neuron MAPE (%) MAPE (%)
6 linear ELM 1.9225 2.9984
linear, sigmoid, gaussian OPELM 1.5941 24887

The accuracy of training using the OPELM method is 1.5941%, which is more accurate than
the ELM method of 2.9984%. The level of accuracy of OPELM testing is 1.5941% and ELM is
2.2887%.

4. Conclusion

The results of forecasting power generation at the Sidrap and Jeneponto wind power plants can be

concluded as follows.

1. Forecasting power generation with Sidrap wind power plant data using the OPELM method is
0.8970% more accurate than the ELM which is 1.0853%. In general, the OPELM method is more
accurate.

2. Forecasting power generation with data from the Jeneponto wind power plant using the OPELM
method is 2.4887% more accurate than the ELM method is 2.99849%. These results indicate that
linear, sigmoid, and Gaussian activation in the OPELM method can increase accuracy.

3. The OPELM method can be tested in forecasting the power generation at the Sidrap and Jeneponto
wind power plants to maintain a power balance in the Sulselbar power grid system.

References

[1]  Chen H, Xu D and Deng X 2021 Control for Power Converter of Small-Scale Switched
Reluctance Wind Power Generator /EEE Trans. Ind. Electron. 68 314858

2] Yang T,Mok KT,Ho 88, Tan SC, Lee CK and Hui R S Y 2019 Use of Integrated Photovoltaic-
Electric Spring System as a Power Balancer in Power Distribution Networks IEEE Trans.
Power Electron. 34 5312-24

[3]  Andi Muhammad Ilyas and Rahman M N 2012 Economic Dispatch Thermal Generator Using
Modified Improved Particle Swarm Optimization TELKOMNIKA (Telecommunication
Comput. Electron. Control. 10 459

[4] LiuB.LiJ,Zhang S, Gao M, Ma H. Li G and Gu C 2020 Economic Dispatch of Combined Heat
and Power Energy Systems Using Electric Boiler to Accommodate Wind Power IEEE Access
8 41288-97

[5] Ilyas A M, Suyuti A, Gunadin I C, and Siswanto A 2020 Optimal Power Flow the Sulselrabar
150 KV system before and after the penetration of wind power plants considering power loss
and generation costs JOP Conf. Ser. Mater. Sci. Eng. 850

[6]  SanjariM J,Gooi H B and Nair N KC 2020 Power generation forecast of hybrid PV-Wind system
IEEE Trans. Sustain. Energy 11 70312

(7] Ahmadi A, Nabipour M, Mohammadi-Ivatloo B, Amani A M, Rho S and Piran M J 2020 Long-
Term Wind Power Forecasting Using Tree-Based Leaming Algorithms [EEE Access 8
151511-22

[8]  Sun Z and Zhao M 2020 Short-Term Wind Power Forecasting Based on VMD Decomposition,
ConvLSTM Networks and Error Analysis IEEE Access 8 13442234

[9] HuT.Wu W, Member S, Guo Q. Member S, Sun H, Shi L, Member S and Shen X 2019 Very
short-term spatial and temporal wind power forecasting: A deep learning approach CSEE J.
Power Energy Syst. 1-10

[10] Medina S V and Ajenjo U P 2020 Performance Improvement of Artificial Neural Network Model
in Short-term Forecasting of Wind Farm Power Qutput J. Mod. Power Syst. Clean Energy 8
484-90




The 3rd ICoGEE 2021 T0P Publishing
IOP Conf. Series: Earth and Environmental Science 926 (2021) 012084  doi:10.1088/1755-1315/926/1/012084

[11] Indar Chaerah Gunadi et al 2020 Wind Speed Prediction in the area of PLTB Tolo Jeneponto
Sout Sulawesi Using Artificial Neurol Network International Conference on Information
Technology (ICITAMEE)

[12] Wang Y,Hu Q, Srinivasan D, and Wang Z 2019 Wind Power Curve Modeling and Wind Power
Forecasting With Inconsistent Data IEEE Trans. Sustain. Energy 10 16-25

[13] Sovilj D, Sorjamaa A, Yu Q, Miche Y, and Séverin E 2010 OPELM and OPKNN in long-term
prediction of time series using projected input data Neurocomputing 73 197686

[14] Huang G Bin, Zhu Q Y and Siew C K 2006 Extreme learning machine: Theory and applications
Neurocomputing 70 489-501

[15] Hau E (2013). W T 1981 Wind turbines.




llyas_2021_IOP_Conf._Ser. _Earth_Environ._Sci._926_012084

ORIGINALITY REPORT

19, 16, 13+ 6

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

.

www.pmrslab.cn

Internet Source

3%

o

www.semanticscholar.org

Internet Source

2%

e

Submitted to Politeknik Negeri Bandung

Student Paper

2%

-~

www.dep.state.fl.us

Internet Source

T

o

A M llyas, A Suyuti, | C Gunadin, A Siswanto.
"Optimal Power Flow the Sulselrabar 150 KV
system before and after the penetration of
wind power plants considering power loss and
generation costs", IOP Conference Series:
Materials Science and Engineering, 2020

Publication

T

M. Lennholm, R. McKean, R. Mooney, G.
Tvalashvili et al. "Statistical assessment of
ELM triggering by pellets on JET", Nuclear
Fusion, 2021

Publication

T




N M Asrah, M E Nor, S N A Rahim, W K Leng.
"Time Series Forecasting of the Number of
Malaysia Airlines and AirAsia Passengers",
Journal of Physics: Conference Series, 2018

Publication

T

Yu Lu, Xin Wang, Zhong Li. "Calculation of
Fundamental Frequency Amplitude of
Transformer Surface Vibration Based on ABC-

ELM", Journal of Physics: Conference Series,
2020

Publication

(K

Dan Yang, HongCheng Li, Rong Luo, Yitong
Liu, Huajun Cao. "A data-driven fusion model
for energy consumption prediction of hot
extrusion forming", Journal of Physics:
Conference Series, 2021

Publication

T

| Widiasanti, D Rochadi, A Fridestu, L
Lenggogeni. "ldentification of the inhibiting
factors for skilled labour in the construction
sector to obtain competency certification",
Journal of Physics: Conference Series, 2019

Publication

(K

ikee.lib.auth.gr

Internet Source

T

red.pe.org.pl

Internet Source

T




Zedong Wang, Jiawei Dong, Jing Qiu, Linjun <1 y
Wang. "All-Atom Nonadiabatic Dynamics ’
Simulation of Hybrid Graphene Nanoribbons
Based on Wannier Analysis and Machine
Learning", ACS Applied Materials & Interfaces,

2022
Publication
swflroads.com

Internet Source <1 %
repository.futminna.edu.ng:8080

Intelrcr)wetSourcey g <1 %

Ching-Chih Chang, Tin-Chia Lai. "The <1 y
nonlinear dynamic process of macroeconomic ’
development by modelling dry bulk shipping
market", Applied Economics Letters, 2011
Publication

S Aisyah, M Tafsin. "The effect of vitamin C <'I y
and zinc supplementation on performance ’
and physiology of joper at various density of
cages", IOP Conference Series: Earth and
Environmental Science, 2022
Publication
webx.ubi.pt

Internet Source p <1 %

| C Gunadin, A Suyuti, A M llyas, A Siswanto. <1 o

"Analysis of Transmission Line Stability for
Sulselbar Interconnection System with the



Penetration of Renewable Energy to Prevent
Voltage Collapse", IOP Conference Series:
Materials Science and Engineering, 2020

Publication
gilgnzr;igred to Pittsburg State University <1 o
I <1
et s <1
i nawcom <1
Exclude quotes Off Exclude matches Off

Exclude bibliography On



