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Abstract — In order for small wind turbines to operate safely and to prevent possible damage due to sudden
gust, one needs short time prediction of wind velocity in the near future. In this research, we compare several
machine learning models to forecast wind speed using wind speed data obtained at wind turbine site. The wind
data that is used for the analysis is resampled at 1 Hz. In this study we used three artificial neural networks in
making a time series forecast. Three models are recurrent neural network (RNN), long sort-term memory
(LSTM), and gated recurrent unit (GRU). All models are implemented using TensorFlow and Keras. To train
models 500 epochs are used with batch size 32 for most of the cases. Adams optimizer is used. And the loss
is based on root mean square error and mean absolute error. 20% dropout is applied. Wind data are segmented
into 120 seconds intervals and the first 110 seconds are used for training data and final 10 seconds are used
for test data. All three models can forecast short-term wind speeds. Among them, RNN model can predict wind
speed relatively better than other models when the wind speed is changing rapidly in a short duration.

Keywords: Wind speed forecasting(3-<5 ¢l 5;), Machine leaming(7] 7| <5), Artificial neural network(Q]3-21
737, Times Series forecasting(AZ|€<|%), Recurrent neural network(=3H2174h)

1. Introduction

Corresponding author: dykim@hongik.ac.kr Renewable energy is derived from natural sources, and it is

This paper is expanded and revised version based on conference paper becoming an important part of energy policy worldwide to pro-
in TEAM 2023, October 10-13, 2023, Busan, South Korea.

(©] =2 TEAM 2023, October 10-13, 2023, Busan, South Korea.
b =58 2 s g Mol ious renewable energy sources, wind turbines play a significant

tect our environment and alleviate climate change. Among var-
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role in renewable energy programs. However, wind turbines
are subject to variations in wind speed. Wind turbines are sus-
ceptible to possible damage on the wind turbines structures and
grid system due to sudden increase of wind speed. For large
scale turbines, controller on nacelle can be used to make con-
trol depending on the wind speed. But this is not economically
feasible for small wind turbines.

Short-term wind speed forecasting is therefore critical for
improving operational safety and reliability. Very short-term and
short-term predictions ranging from seconds to several min-
utes are especially important for turbine control, real-time grid
operation, and damage prevention, as forecasting uncertainty
grows significantly with increasing time horizons (Hanifi et al.,
[2020]).

So, an accurate prediction of wind speed is significant for the
operation of power system safely and efficiently (Hong et al.
[2018]; GWECI [2019]; Yang ef al. [2019]; Zhang et al. [2019]).
In this research, we aim to make short-term prediction on wind
speed using wind speed data obtained at wind turbine site. Pre-
dicted wind speed can be used for small wind turbines to oper-
ate safely and prevent possible damage due to sudden gust.
Machine learning techniques are used to predict waves and
wind speed in the oceans (Kim [2020]).

Wind forecasting methods are commonly classified into
physical, statistical, and hybrid approaches. Physical models rely
on numerical weather prediction (NWP) and detailed atmospheric
modeling to estimate wind conditions at turbine hub height.
While these methods can achieve good accuracy for medium-
and long-term forecasting, they are computationally intensive
and less suitable for real-time short-term applications (Lange &
Focken [2006]). Statistical and machine learning—based approaches,
in contrast, use historical measurements to learn patterns in

wind behavior and are widely favored for short-term prediction

A=Y

due to their lower computational cost and adaptability (Zhao et
al. [2011]; Hanifi et al. [2020]).

Among statistical approaches, artificial neural networks have
received substantial attention for wind speed and wind power
forecasting. These models are capable of capturing nonlinear
relationships between input features and target variables with-
out requiring explicit physical modeling. Recurrent neural net-
work—based architectures, including recurrent neural networks
(RNNs), long short-term memory (LSTM) networks, and gated
recurrent unit (GRU) networks, are particularly effective for
time-series forecasting because they can model temporal depen-
dencies and sequential correlations in wind data (De Giorgi et
al. [2011]; Zhang et al. [2019]). Prior studies have shown that
such models often outperform conventional time-series tech-
niques, especially under rapidly changing wind conditions (Hanifi
et al. [2020]).

Motivated by these findings, this study focuses on short-term
wind speed prediction using high-frequency wind data col-
lected at a wind turbine site. Three recurrent neural network—based
models—RNN, LSTM, and GRU—are implemented and eval-
uated for their forecasting performance. By systematically com-
paring their predictive accuracy during periods of rapid wind
variation, this research aims to identify an effective and com-
putationally efficient approach for short-term wind speed fore-

casting that can enhance the safe operation of small wind turbines.

2. Wind Data

The wind data was measured at the wind turbine sites. Each
data file stores wind data for 24 hours for a specific date. Wind
data contained wind speed, wind direction, temperature, humidity
and air pressure and were sampled at 1 Hz. Among the data set,

we pick up wind data on 2023-09-23. The maximum wind
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Fig. 2. Boxplots of wind speed grouped by hour.

speed in this data is 17.2 m/s. The wind speed changes rapidly
from average of 2.5 m/s to over 15 m/s within 20 minutes.
There are 86,400 data lines and there are no null data. Figure 1
shows the wind velocity on September 23, 2022. Wind speed
does not change much until 09:00, but wind speed starts to
fluctuate as of 09:30. Wind speed rapidly increases after 13:00
and shows high wind speeds and high variability. In this region,
we need to control pitch of the blades so that the power gener-
ated are maintained under a certain level to protect the wind
turbine system.

Figure 2 shows the box plots of wind speed grouped by
hour. Until 8:00 the average wind speed is under 5.0 m/s, the
IQR (inter quartile range) is less than 1, and there are not many
outliers. For time range 9:00~12:00, average wind speed is
less than 5 m/s, but IQR becomes higher, and many outliers
are appearing. Around 13:00, maximum wind speed occurred,
and the average wind speed is over 10 m/s and IQR is about
2.3 m/s.

11 12 13 14 15 16 17 18 19 20 21 22 23

Hour

Wind data may be categorized as following four groups. 1)
Wind speed is less than 5 m/s. No power control is needed; 2)
Wind speed is less than 5 m/s. But variation of wind speed starts
increasing; 3) Wind speed rapidly increases and reaches above
10 m/s in 10 to 15 minutes. Control of power is needed.; 4)
Average wind speed is over 10 m/s, so power control is needed

continuously.

3. Data Preparation

For the time series forecasting, we chose two regions from
the four groups mentioned in the previous sections. Figure 3
and 4 show wind speed of the two regions. Time span of region
1 is from 12:57 to 13:02, where wind speed changes rapidly and
reaches above 10 m/s. In this region, the highest instantaneous
rate of wind speed change occurs. Time span of the regions 2 is
from 13:05 to 13:10. In this region, the average wind speed is

over 10 m/s, and the highest wind speed occurs.
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Fig. 3. Wind speed in region 1 (12:57~13:02).
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Fig. 4. Wind speed in region 2 (13:05~13:10).

4. Forecasting Models

Neural Networks automatically can learn input data’s complex
mappings and provide inputs and outputs. Among artificial neural
networks, RNN (Recurrent Neural Network) uses hidden layer’s
output based on the previous input. Based on these character-
istics, RNN is used for language and time-series data process-
ing (Simplilearn [2025]). LSTM (long short-term memory) is
one type of RNN that has the characteristic of being able to
extract patterns of sequences that were processed over a long
time (MATLAB [2025]). GRU is also a type of RNN that is
abbreviated as Gated Recurrent Unit. GRU has fewer parame-
ters than LSTM due to having no output gate, but it shows sim-
ilar characteristics with LSTM in terms of speech recognition
(Techopedia [2025]). These models can provide decent time-
series forecasting with proper change and update of informa-
tion that is processed with the time-series data.

RNN is a neural network that uses memory from the hidden
state to update the memory. RNN has an internal hidden state
(h,) at the current time ¢. Previous hidden state (4,,) contains
previous inputs that allow to process information of the current
input (x,) into hidden state. Information of the current and pre-
vious inputs then uses tanh activation from previous hidden
state to the internal hidden state. RNN also uses the gradient
descent that allows to determine weight (W) values in order to

calculate and minimize the loss values [9].

ht = tanh(Wih Xt + bih + Whh ht—l + bhh)

(M

where
h,: hidden state at the current time ¢
h,.: previous hidden state at the current time #-1
X, input at time ¢
W: Weight
b: bias
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LSTM is a specific type of RNN that has a strong advantage
of long-term prediction and is also widely used for time-series
data. Like RNN, LSTM also has the cell state (C,) that allows
to process previous information that is sent from previous state.
This type of RNN can process addition and multiplication of
the information that needs to be entered and deleted from the
input gates. In order to maintain and process necessary infor-
mation, LSTM has three types of gates. First is input gate (i,)
which makes the information to process from the previous cell
state. Second is forget gate (f;) which allows to determine which
information that can be forgotten. Third is output gate (4, o,),
which allows to decide where the next information should be.
LSTM uses two types of function (tanh activation and sigmoid
function) in order determine which information should be in
each cell state for each gate. Sigmoid function allows the input
values to be close to either 0 or 1 (Lazzerii [2020]). Due to these
attributes, LSTM has a benefit of not leaving critical informa-
tion that is needed to pass just in case the gradient value is too

small.

it = o(Wypxe + by + Wyihe_q + bpi) @
fe = o(Wip x¢ + bip + Wig he_y + byg) @
g¢ = tanh(Wygx; + big + Wighe_y + bpg) @)
0r = 0(Wioxt + bio + Wiohe 1 + bpo) ()
Ct = [t Ct—1 T it * g¢ ©)
h; = o; tanh(c;) Q)

where
i, input gate
- forget gate
¢, cell state
h,, o, output gate

o: sigmoid function
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GRU is also a type of RNN, but GRU has a simpler struc-
ture and design than LSTM. For GRU, it just uses the hidden
state to transfer information without the cell state. GRU also
has three types of gates. Update gate (z,) determines how much
past information has to be passed. Second, reset gate (r,) decides
how much past information should be forgotten. Third, current
gate allows to reset without a big impact from past information
(Lazzerii [2020]). Due to simpler structure, GRU has a faster
and efficient process than LSTM.

= J(M/irxt + bir + Whrht—l + bhr) (8)

Zt = O-(M/izxt + biz + thht—l + bhz) (9)

n, = tanh(Wix, + by + 1 (Winhe—y + bpy)) (10)

he =1 —2z)* ngx zg* hy_y (11)
where

h,: new hidden state
h,,: previous hidden state
r,. reset gate

z,: update gate

]

: sigmoid function

5. Construction of Recurrent Neural Networks

The recurrent neural network models are constructed using
TensorFlow and Keras and contain following process.

- Define sequential class

- Split features and targets

- Split train and test data
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- Create models
- Training models

- Validation of models

For an optimizer Adam optimizer is used. Two evaluation
metrics is used for the loss calculation. They are root mean
square error (RMSE) and mean absolute error (MAE). We are
adding a dropout layer which has 20% dropout rate. Table 1
shows setups of each model. Table 2 shows output shapes and
parameter numbers to be trained in each layer. Each model has

following setups.

6. Results

In each region, 120-seconds data segmented are selected and
they are split into the training and test data. Total of 25 simu-
lations are made for this case. The data set is normalized using
standardization. After computation, the results are inversely
transformed to the original scale for presentation. The first 110
seconds are used for training and the last 10 seconds are used
for testing. Among 25 simulations, 8 cases are presented in Figure
5~Figure 12. In each figure, the training data and the fitted
results are shown for 40 seconds before forecasting and the actual
and forecasting results for 10 seconds are shown.

In all cases, three artificial recurrent neural networks can be

fitted into the training data well. Forecasting results generally

Table 3. RMSE of Test Evaluation

Table 1. Parameters setups

Parameters Settings
Epoches 500
Batch size 32
Dense 1
Optimizer adam
Loss: Root Mean Squared Error (),
Mean Absolute Error ()
Dropout rate 0.2

Table 2. Output shapes and parameter numbers of each layer

Layer Output shape Parameter Numbers
RNN (None, 128) 16,640
LSTM (None, 128) 66,560
GRU (None, 128) 50,304

Drop out (None, 128) 0
Dense (None, 1) 129

RNN LSTM GRU
Case 1 0.6846 1.0658 0.7001
Case 2 0.9662 0.9866 0.9767
Case 3 0.3734 0.9601 0.6460
Case 4 0.6452 1.5352 1.2577
Case 5 0.5838 1.6955 0.5940
Case 6 0.2440 0.2477 0.3153
Case 7 0.6785 1.1010 0.9780
Case 8 0.8278 1.2322 1.0224

Table 4. MAE of Test Evaluation

RNN LST™M GRU
Case 1 0.5132 0.8456 0.5402
Case 2 0.8744 0.8880 0.8378
Case 3 0.2999 0.8500 0.6027
Case 4 0.5413 1.0884 1.0263
Case 5 0.5263 1.5969 0.5301
Case 6 0.1836 0.1468 0.2737
Case 7 0.5527 0.8921 0.7663
Case 8 0.6742 1.0648 0.7888
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Fig. 5. (a) Case 1. Test Evaluation (Forecast at 12:58:50), (b) Case 1. Test Evaluation (Forecast at 12:58:50), (c¢) Case 1. Test Evaluation
(Forecast at 12:58:50).

follow the changing pattern of the wind speed. In overall, RNN  sometimes overpredict (Case 3) or underpredict (Case 5) the
model gives the good estimate of wind velocity. LSTM models  results.
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Model: RNN (train 2), RMSE=0.9662, MAE=0.8744
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Fig. 6. (a) Case 2. Test Evaluation (Forecast at 13:00:30), (b) Case 2. Test Evaluation (Forecast at 13:00:30), (c) Case 2. Test Evaluation
(Forecast at 13:00:30).

Table 3 compares root mean square errors (RMSE) of the  and the highest error occurs in case 2 where the wind speed
test evaluations. For RNN, RMSE results are less than 1.0 m/s,  changes most rapidly. But the RNN error is less than errors of
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Fig. 7. (a) Case 3. Test Evaluation (Forecast at 13:00:50), (b) Case 3. Test Evaluation (Forecast at 13:00:50), (¢) Case 3. Test Evaluation
(Forecast at 13:00:50).

LSTM or GRU. For LSTM, the highest error occurs in case 5.
For GRU, case 4 is the highest. Table 4 compares mean absolute

errors (MAE). For RNN, MAE results are less than 0.9 m/s, and
the highest error occurs in case 2. In case 2, GRU gives slightly
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Fig. 8. (a) Case 4, Test Evaluation (Forecast at 13:06:40), (b) Case 4, Test Evaluation (Forecast at 13:06:40), (c) Case 4, Test Evaluation
(Forecast at 13:06:40).

less MAE. Generally, results of RSME and MAE of RNN are

less than

results of other models. Based on this error estimate,  error bound less than 1.0 m/s.

average wind speed prediction of RNN can be made within
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Fig. 9. (a) Case 5. Test Evaluation (Forecast at 13:07:00), (b) Case 5. Test Evaluation (Forecast at 13:07:00), (c) Case 5. Test Evaluation
(Forecast at 13:07:00).

In this research, we compare several machine learning mod-

els to make short-term predictions on wind speed using wind

7. Conclusion

speed data obtained at wind turbine site. This prediction is to
operate safely and prevent possible damage due to sudden gust.
We implemented artificial neural networks in making a time

series forecast. Three models that we used are recurrent neural
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network (RNN), long sort-term memory (LSTM), and gated
recurrent unit (GRU). All models are implemented using Ten-

sorFlow and Keras.

The wind data that is used for the analysis is resampled at 1 Hz.
To train models 500 epochs are used with batch size 32 for

most of the cases. Adams optimizer is used. And the loss is
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Fig. 11. (a) Case 7. Test Evaluation (Forecast at 13:09:10), (b) Case 7. Test Evaluation (Forecast at 13:09:10), (c) Case 7. Test Evaluation
(Forecast at 13:09:10).

based on root mean square error and mean absolute error. 20% 110 seconds are used for training data while the final 10 sec-
dropout is applied. We used 128 hidden layers for computation.  onds are used for test data.

Wind data are segmented into 120 second intervals. The first Numerical computations were made on two regions that
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Fig. 12. (a) Case 8. Test Evaluation (Forecast at 13:09:20), (b) Case 8. Test Evaluation (Forecast at 13:09:20), (c¢) Case 8. Test Evaluation
(Forecast at 13:09:20).

include rapidly changing wind speed span and the maximum wind  fitted with the training data well. Forecasting results generally
speed span. Eight cases of prediction results from two regions  follow the wind speed and the changing pattern of the wind
were presented. All three artificial neural network models were  speed. Among the three models, the RNN model predicts wind
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speed relatively better than other models when the wind speed
is changing rapidly in a short duration. This is likely because
the RNN structure is simpler than other models, allowing it to
respond more immediately to wind speed predictions that change
in a very short period of time. The RNN model is the most effi-
cient model in computing time since the number of parameters

to fit is less than other models.
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