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NOMENCLATURES

P : Power in Watts (&%)

p ¢ Air Density in kg/m’ [about 1.225kg/m’] (&712 %)
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Z, : Wind speed measurement altitude(%< 4 i1%)
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y; © Average value (33 %h)

t : Observation time(#3 A1)
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F : Forecasting power generation(ol|= dH74 =)

vi



SUMMARY

When climate change accelerates due to continuous carbon emissions, the
Earth’s surface temperature rises 1.5°C compared to pre—industrial times, and
the frequency of abnormal weather will be doubled. When 2°C rises, 20% to
30% of the world will be deserted and 54% of species will disappear.
Accordingly, it is inevitable to increase the power generation ratio from
renewable energy to decline carbon emission. In the matter of renewable
power, however, the importance of predicting power generation is increasing
because of the nature of renewable power generation that depends on

uncontrollable weather environments.

In the case of wind power generation by new and renewable energy, it is
the most important to predict wind speed and direction depending on
topographical conditions. However, it is difficult to secure accurate weather
information in an area where meteorological tower i1s not installed and

operated that require expensive cost.

In this study, a wind power prediction model using machine learning
techniques based on weather values of AWS and ASOS, which are ground
weather observation equipment near the wind power generator, i1s developed and

evaluated.

In order to select weather data for wind power prediction model, the
Pearson correlation coefficient, between the wind power generation amount
and the wind speed values by the observed region, was calculated. As a
result of the calculation, the values were 0.67 for Yeonggwanggun ASOS,
0.72 for Yeomsan AWS, and 0.8 for prediction by Kriging interpolation. The
result shows that the wind speed value predicted by Kriging interpolation

was most related to the power generation.
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In order to improve the accuracy of the model’'s learning, the meteorological
values predicted by the kriging interpolation method were pre-processed. By
using the wvalues, four decision tree and ensemble-based learning models
(decision tree, random forest, XGBoost, and LGBM) were learned and tested.
As a result, the LGBM algorithm showed the highest correlation(R2_score)
with the actual value and the lowest root mean square error(RMSE)
compared to other algorithms. Additionally, hyperparameter optimization was
performed to improve the predicted value of the model, allowing error value

to reduce by 6.1%.

Finally, based on the measurement of Yeomsan AWS, Yeonggwanggun
ASOS, and prediction value using Kkriging interpolation, the LGBM-based
power generation prediction model was learned and tested, resulting in that

the model using kriging had higher performance.

Based on the experience of this study, development and utilization or a
wind power prediction model are intended, that can be used by collecting and
utilizing local forecast model (LDAPS) information along with actual wind

power generation, weather, and operation information.
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Table 1. Application of wind power generation prediction over Time Range
category range application
- Electric market clearing
Utra short - Real-time power grid operation
seconds/minutes - Regulation actions
term - Active wind turbine control
- Grid frequency stabilization reference
+ Economic load supply plan
short term hourly - Rational load determination
- Support for operation in the power market
- Determining the plan to shut down the
middle term weekly/monthly generatp T
- Determination of reserve power
- Determination of additional input of generator
- Establishment of maintenance plan
- Operation management
- Determination of optimized operating price
logn term annual - Feasibility study for wind power complex
design
- Reviewing the effects related to climate
change
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Table 2. Feature and formulas of semi-veriogram

Model

Describe

Linear

A simple model

Assuming that the correlation of d
ata changes linearly, there is a li
mit to the explanation of the distri
bution.

Spherical

Commonly utilized models.

It is expressed in the form of a t
hird-order polynomial and the half
variance value matches the thresh
old.

Exponential

In the Spherical model, the positio
n where the tangent line drawn at
the separation distance d=0 interse
cts the Sill value is located at 2/3
of the correlation.

As the separation distance increas
es, it converges to the Sill value.

Gaussian

Used to indicate a strong correlatio
n of small separation data or to us
e a model with strong continuity.
Use the separation distance of 9
5% of the threshold as the actual
correlation

A7t 234 (Ordinary Kriging)ol A+ 53 A

(6)
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A71= Uike] U-113(2.

ofl

SMW) 2dz 2 A2 Table 2.9 2.

Table 3. Wind turbine(Unison U113 model) datasheet

Category Description
Type Horizontal axis, Upwind, Variable speed
Rated power 2.300kW
Rotor diameter 112.8m

Hub height

80m, 100,. Tubular steel tower/ 140m Hybrid tower

Power regulation

Pitch control

Rotational speed 6715.4rpm
Cut-in/Cut-out wind speed | 3m/s / 20m/s
Rate wind speed 10.5m/s
Extreme wind speed(V_ex0) 595 m/s
Design type class IEC S(7.5m/s(avg), TI: 17%)
Design life time 20years

Temperature range

Operation: -10T to 40C, Standstill: 20 to 50C

(Source: UNISON 25MW-U113 Catalog)

i

AzE ALS Ao st =2ststd [Fig. 5]¢F 22 =3 4 (Power
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Fig. 5. Wind turbine(Unison U113 model) power curve
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Table 4. Evaluation of Ordinary kingering prediction value by semi-veriogram models

Linear Spherical Exponential Gaussian

count 500 500 500 500
mean 1.065526 1.070682 1.058981 1.164915
std 0.404643 0.408866 0.394642 0.480338
min 0.337527 0.330709 0.33777 0.285731
25% 0.800472 0.809634 0.803176 0.849567
50% 0.988486 1.003386 0.983177 1.053762
75% 1.251541 1.263565 1.238478 1.392713
max 3.291128 3.378518 3.351625 4.020546
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Fig. 16. Pearson’s correlation heat map for kriging interpolation dataset

Table 5. Pearson correlation coefficient between major variables and power generation

Yeonggwanggun Yeomsan Ordinary Kriging

ASOS data AWS data interpolation data
Wind speed 0.67 0.72 0.80
Wind direction 0.37 0.39 0.44
Temperature -0.062 -0.056 -0.069
Humidity -0.2 -0.22 -0.23
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Table 6. Performance evaluation of learning models

MODEL
Decision Tree
Random Forest
XGBoost
LGBM




KA wA435E 3 oS 27, LGBM &ug5o= st oS Hdo] A4
Az ABAAAE YEWE R2 Score®= T2 41 F9 o3 23 |
7V e AuaAE BAow AAg dSatae] AolE & 4 U= RMSER

=}

o WE AFT LARe nanh

3-5. HHHS 2H3HE B3 o5 =Y u=a}
LGBMZ& Eg 7|8ke] e daugse JAF A 2 2de] Hge
FAE et EY 279 ddE 2uUlEsY &2 BEE] HgEE A
& 5 3l
category parameter default description
learning_rate 0.1 learru.ng rate
range: 0 to 1
n_estimators 100 Number of weak learners to create
max_denth 3 Tree Maximum Depth
—ep Apply values from 3 to 15
Minimum number of records to be the final
min_child_samples 20 leaf node
Parameters for overfitting control
p BOOStt num_leaves 31 Maximum number of leaves a tree has
aratneter Data Sampling Ratio to Avoid Overfitting
subsample 1 If the ratio value is 0.5, half of the data is
P used to create the tree
Range: 0 to 1
colsample. bytree 1 Randpm sampling of variables required for tree
creation
reg_alpha 0 L1 Regulazation Applied Value
reg_lambda 1 L2 Regulazation Applied Value
objective reglinear | Definition of loss function
Learning
Task . rmse, Defining a Learning Test
eval_metric
Parameter error rmse, mae, logloss, merror, mlogloss, auc
eval_set None Defining a Learning Test

Table 7. Types and definitions of hyperparameters of LGBM
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HAste 2wj7iE e g2 Table 8.3 ZTh
hyperparameter range result
num_leaves 2 71024 82
colsample_bytree 07~ 1.0 0.9536815308567923
reg_alpha 071 0.3216202770873735
reg_lamdba 0710 2.064957108666877
max_depth 3715 13
learning_rate 1%10°% ~ 1102 0.006273748227133646
n_estimators 10073000 1,719
min_child_samples 57100 15
subsample 0471 0.5065056702148196
Table 8. Hyperparameter optimization range and result values
HAstE 2/l S 3E 7IFo2 LGBMEE S AstFstal 59 o5 717k
N EE dE F A3gs Rlug 23 HAH3s mde] RMSE g2 277.61605
13685799= 7] LGBM ¢ 1g|& A& o5 EdET 6.1%(18.01)7HF 3+
qsE BATh
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Optimizing Hyperparameters
based on weather data

55l 3719] mde] R2 Score?t RMSEES w4)d Az

Evaluation of power generation prediction model

Fig. 24. Evaluation process of the prediction model
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Table 9. Performance evaluation of predictive model based on weather data(AWS,
ASOS, kriging interpolatied data)

MODEL R2_Score RMSE

Yeomsan AWS data based

LGBM Model 0.803854371647911 316.217502788815
Younggwanggun ASOS
data based LGBM Model 0.745002967415126 360.54862077901055

Ordinary Kriging

interpolated data based 0.8488192153689325 277.6160513685799

LGBM Model

202081 202303 02303 07 005 0311 02181
datetime

Fig. 25. Chart of hourly power generation prediction result based on weather
data of Yeomsan AWS

000

[ (8

202581 w28 202053 it = HRGES 0011 202101
dsfetime

Fig. 26. Chart of hourly power generation prediction result based on weather
data of Yenggwanggun ASOS

202008 2ee0a1 202101
datetime

Fig. 27. Chart of hourly power generation prediction result based on ordinary
kriging interpolated weather data
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