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ABSTRACT The expansion of wind power generation facilities, a form of variable renewable energy (VRE), has increased the need
for accurate wind power generation forecasting to mitigate instability in power grids. With advances in computational technology,
machine-learning-based approaches for wind power prediction have gained significant attention, with ensemble models demonstrating
notably high prediction accuracy. Among these, stacking models are particularly effective, as they enhance prediction performance by
integrating the strengths of multiple individual models. However, the downstream effects of wind turbines can create differences in
output between upstream and downstream units, highlighting the importance of evaluating prediction performance at both the
individual turbine and wind farm levels to improve overall power system stability. Accordingly, this study assessed the power
generation prediction performance of 15 individual turbines and the aggregate wind farm using four base stacking models namely,
support vector machine, random forest, XGBoost, and artificial neural network and three combined stacking models.
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Fig. 1. Information on study site: (A) is location of DBWF in
Jeju Island, South Korea and (b) is layout of Wind
Turbine in the DBWF and The surrounding terrain
information

Table 1. Information of wind turbine in DBWF

Description Value
Type 3 blades, upwind
Cut—in wind speed [m/s] 3.5
Rated. wind speed [m/s] 12.5
Cut—out wind speed [m/s] 25
Pitch control collective pitch control
Rated power [MW] 2
Hub height [m] 30
Rotor diameter [m] 87
Blade length [m] 42.2
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Fig. 2. LDAPS wind resource information. (a) shows the wind
speed distribution for a 93 m layer (green) and 60 m
layer (blue). (b) shows a 60 m layer LDAPS wind
direction as the wind roses
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Fig. 3. Available and filtered data. The red color data is
applied filtering method 1—3. The blue color data is
used. The green range represents a 4.5 MAD range
of pitch angle for each 0.5 m/s wind speed bin
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Fig. 4. The structure of stacking model. In stacking model,
The base model#1—#4 is ANN, SVM, RF, XGB and
meta model is SVM
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Table 2. Grid search list for hyper—parameter optimization.
Each model parameter applies the optimal value
from the grid search list. SVM was used as the base
model and meta model of the stacking model, and
a new HPO was applied when it was applied as the

dulgEe ofvlsi

meta model

Model | Parameters | default List of grid search
mma scalo [0.001, 0.01, 0.1, 1, 10,
& 100, 1000]
SVM o 10 [0.001, 0.01, 0.1, 1, 10,
: 100, 1000]
kernel rbf [linear', 'rbf', 'sigmoid’]
[(50), (50, 25), (50, 25, 5),
hidden laver (100), (100, 50), (100, 50, 25),
siz_esy = (100,) |(150), (150, 75), (150, 75, 35),
ANN (200), (200, 100),
(200, 100, 50)]
activation relu [‘relu’, ‘tanh’]
n estimators | 100 [100, 300, 500, 700]
max_depth | None [5, 10, 15, 20]
max_features | auto [1, 5,9, 13]
RF :
min samples 1 1. 5 9. 13]
leaf
rmnfsarpplesﬁ 9 1. 5 9. 13]
split
n estimators | 100 [100, 300, 500, 700]
max_depth | None [5, 10, 15, 20]
xgB | cosample 1o [0.25, 0.5, 0.75, 1]
bytree
subsample | None [0.25, 0.5, 0.75, 1]
learning rate | None [0.01, 0,05, 0.1, 1]
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