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Abstract

Wind energy has great potential for electricity generation, but its variability makes accurate wind speed forecasting essential for efficient
integration. This study explores the application of a transformer-based deep learning model for wind speed forecasting. The model features
an encoder-decoder architecture with multi-head attention, feed-forward layers, and normalization functions. By leveraging a self-attention
mechanism, the transformer model effectively captures temporal dependencies in time series data through weighted relationships among
input sequences, leading to improved forecasting accuracy. To evaluate its effectiveness, we collected and pre-processed wind speed data
from the Hong Phong 1 wind power plant, cleaned the data by removing outliers and addressed missing values. The processed data was then
embedded and added positional encoding to prepare for model input. The model was trained, and its performance was benchmarked against
other models, including Long Short-Term Memory, Convolutional Neural Networks, and Artificial Neural Networks. The obtained RMSE is
quite low, with 0,26 m/s for single-step forecast, 0,73 m/s for 4-step forecast and 1,70 m/s for 16-step forecast. These results demonstrated
that the transformer model achieved superior predictive performance, suggesting it as a powerful alternative to traditional forecasting

methods, with significant potential for enhancing the accuracy of wind speed predictions.
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Abbreviations
CNN Convolutional Neural Network
ANN Artificial Neural Network
LST™M Long Short-Term Memory
FF Feed-forward layer
MSE Mean Square Error
MAE Mean Absolute Error
RMSE Root Mean Square Error
NRMSE Normalized Root Mean Square Error

1. Introduction

Energy demand continues to rise in the modern era, yet
traditional sources like coal, oil, and gas are not only depleting
but also major contributors to environmental pollution.
Therefore, developing sustainable energy alternatives is
essential. Wind energy, a clean and abundant resource,
addresses pollution concerns while offering notable economic
advantages. The Global Wind Power Report 2022 notes that
by the end of 2021, global wind power capacity reached 837
GW [1]. By 2040, wind power is expected to generate
approximately 8,300 TWh, surpassing solar PV at 7,200 TWh
and hydropower at 6,950 TWh [2]. However, the variability
and intermittency inherent to wind power pose challenges for
balancing supply and demand. Accurate wind speed
forecasting is crucial for reliable wind power output
prediction, reducing uncertainty, enhancing system stability,
and ensuring power quality. Thus, precise wind speed
forecasting has emerged as a critical area of research.

The wind speed forecast discussed in this paper focuses on
predicting future wind speed values at specific points. It

mainly includes physical forecasting models, statistical
models and artificial intelligence (AI) models. Physical
methods, often based on lower atmospheric dynamics or
numerical weather prediction (NWP), use weather-related
data like temperature, pressure, surface roughness, and local
obstacles [3]. These models are particularly effective for
medium- and long-term forecast [4], but may not perform well
when dealing with real data that involves complex
relationships. Statistical models, which include time series
models like autoregressive (AR), moving average (MA),
autoregressive moving average (ARMA), autoregressive
integrated moving average (ARIMA), predict wind speed
based on historical data. AR model uses linear functions to
predict values from historical data, while the MA model
represents the current value of the time series as a function of
past noise terms. Meanwhile, the ARMA model combines two
main components: AR and MA [5], ARIMA is made up of
AR and MA along with an integrated component (I).
However, these models, with their focus on linear analysis and
stable data inputs, are often less suitable for highly nonlinear
time series data [6]. Additionally, statistical models also face
limitations such as reduced accuracy in long-term forecasting,
poor performance with seasonally dependent time series, and
reliability concerns. Recently, AI methods have gained
prominence due to their ability to handle complex systems and
improve prediction accuracy [7]. Machine learning, deep
learning, and fuzzy logic offer significant flexibility, with
techniques like neural networks being effective for modeling
nonlinear data and identifying complex relationships [8].
Nevertheless, these models demand considerable
computational power, pose training challenges, and are
susceptible to overfitting. Deep Learning (DL), a subset of
machine learning, exhibits advanced learning capabilities,
with models such as Deep Neural Networks (DNN),
Recurrent Neural Networks (RNN), and Convolutional
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Neural Networks (CNN) demonstrating notable success.
However, these models often face challenges in capturing
long-term dependencies. While models like Long Short-Term
Memory (LSTM) and Gated Recurrent Units (GRU) can
address these challenges, they struggle with efficient feature
extraction and often have slower training times [9]. Artificial
Neural Network (ANN) is capable of handling the modeling
of complex systems [10]. However, the disadvantages of
ANN network are that it requires large amounts of data and is
at risk of overfitting.

The transformer is an advanced deep learning model that has
gained significant prominence in forecast area [11]. Built on
the attention mechanism, it serves as a highly effective
sequence transcription tool, adept at overcoming many
limitations found in traditional approaches [12]. Unlike
sequential models, the transformer processes input sequences
in parallel, enhancing both computational efficiency and
accuracy [13]. The encoder captures and encodes these
intricate patterns, while the decoder produces predictions
based on the information learned by the encoder. The
transformer has demonstrated its potential across various
fields, including natural language processing, computer
vision, and energy forecasting, marking it as a promising tool
for both industrial applications and academic research [14].
In this paper, we used a transformer model for wind speed
prediction using data from the Hong Phong 1 power plant. The
primary aim was to forecast future wind speed values and
evaluate the transformer model’s performance against
traditional models like LSTM, CNN, and ANN. This model
was selected for its strength in modeling long-term
dependencies and complex temporal patterns, which are
essential characteristics of wind speed time series. The model
configuration, including the number of attention heads and
layers, was carefully adjusted to fit the time series data and
the specific requirements of wind speed forecasting. To
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enhance model generalization and mitigate overfitting, we
applied dropout after each key sub-layer, especially when
integrating positional encoding. This approach helped reduce
positional dependence, improving the model’s adaptability
and robustness for forecasting tasks.

The remainder of the paper is organized as follows. Section 2
covers the methodology used in this study. The results and
discussion are presented in Section 3. And finally, Section 4
provides the conclusion.

2. Methodology

2.1. Transformer structure

The transformer architecture, as illustrated in Figure 1 [15],
consists of an encoder on the left and a decoder on the right.
The encoder is composed of two primary sub-layers: a multi-
head attention mechanism and a feed-forward neural network
[16]. Similar to the encoder, the decoder also includes these
two layers but incorporates an additional layer called masked
multi-head attention. Between each of these layers, there is an
"add & normalize" component.

2.1.1. Input embedding

First, the data undergoes embedding. In wind speed dataset,
information about position of the data in the set is important
because it indicates the level of wind speed during that
specific time period. However, the transformer model lacks
an inherent mechanism to represent the positional information
of the input sequence. Therefore, positional information must
be incorporated by adding positional encoding to the
embedded input. Both the input embedding and positional
encoding share the same dimension dmodel. The positional
encoding is represented as follows:
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Figure 1: Architecture of transformer model
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where pos is the position of the data in the sequence data, i is
the i-th dimension of positional encoding. Equation (1) is used
when 1 is even and equation (2) if i is odd. The i value of
positional encoding is determined as shown in Figure 2.

2.1.2. Encoder

Suppose the set of input vector is X={Xi, Xz, X3,...Xy), the
encoder maps X to head H={H, H», Hs,...Hs}. The encoder
consists of two primary sub-layers: a multi-head attention
mechanism and a feed-forward neural network. The multi-
head attention layer is combined with dropout. Each sub-
layers uses a residual structure and then the output data is
layer-normalized [17]. They can be expressed as:

(x+ outsublay(x))—pu

zZ=y X
14 Votte

+B G3)
where x is the input of a sublayer and Outsublay (x) is the
output of the sublayer with input x, pu is the mean of
(x+Outsublay(x)), o*> is the standard deviation of
(x+Outsublay(x)), € small constant to avoid division by zero,
vy and B are the learnable parameters (scale and shift) of
normalization layers, z is the normalized output.

2.1.3. Multi-head attention layer

How the multi-head attention mechanism works is illustrated
in Figure 3. The input vectors are combined into a matrix of
size (n, dmodel) With n is number of input vectors, then vector
X is multiplied with the weight matrices Wq, Wk, Wy of size
(dmodel, dmodet) to get matrix Q, K, V has size (n, dmodel). Then
the vectors will be divided into h representing h heads Q;, K,
Vi of size (n, dmoder/h) by multiplying with the matrices W',
Wi, Wi of size (dmodet, dmode/h). Then perform the attention
calculation for each head [18]:

Attention(h;) = softmax (Q‘T;k‘r) 4
head; = Attention(h;).V; 5)

Where dkzdmode|/ h.
Then group the outputs of the heads together via the concat
function [19]:

Multihead = Concat (heady, ..., heady) (6)

2.1.4. Feed- forward layer (FF)

The FF network uses two linear transformation matrices along
with a Rectified Linear Unit (ReLU) activation function.
Because of the existence of two linear transformation
matrices, the dimension of the output of this layer is kept
equal to dmodet While the dimension can be adjusted for
calculation within the layer. The formulation is as follow [20]:

FF(x) = max(0,zW, + by )W, + b, @)

where z is the output of add & normalization layers, W is the
linear transformation matrix with size (dmodel, dsr) and W> is
the matrix with size (der, dmoder).

2.1.5. Decoder

The final input of the encoder input serves as the starting for
the decoder input. The transformer’s decoder consists of
several decoder blocks, each block is made up of the same two
sub-layers as the encoder blocks, with an extra sub-layer
called the masked multi-head attention layer. Similarly to
encoders, decoders also feature residual connections and
normalization layers following each sub-layer [21]. Multi-
attention and feed-forward layers operate in the same way as
two layers of the same name in the encoder but in multi-head
attention layer the matrix which multiple with Wx, Wy to get
matrix K, V is the output of encoder. The special thing here is
that the way mask-multihead attention layers operations is
similar to how multi-head layer works but, but the input here
is the output target sequence and:

Mask Scores = Attentions + Mask (8)
Head = softmax(Mask Scores).V 9)

Where Mask is a main diagonal matrix with the upper half
having a value of —co and the lower half having a value of 0.

2.2. Experimental details
2.2.1. Dataset collection

In this experiment, the historical wind speed dataset from
Hong Phong 1 wind power plant was collected during the
period from February Ist, 2022, to December 31st, 2022,
which includes actual measurements of wind speed (m/s) with
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sampling time of 15 minute. Hong Phong 1 wind power plant
is located in Binh Thuan province, Vietnam. Binh Thuan
province is located on the coast of the South-Central Coast
region, has a sub-equatorial tropical monsoon climate, not
much influenced by the Northeast monsoon, so it is a province
with lots of sunshine, lots of wind, many storms and has quite
high humidity. That area has two distinct seasons: the rainy
season lasts from May to October, and the dry season lasts
from November to April of the following year. Binh Thuan
possesses diverse wind regimes and is one of the locations
with the greatest potential for wind power development in
Vietnam. The Northeast monsoon is common during the dry
season and the Southwest monsoon blows heavily during the
rainy months. Additionally, 80% of the dataset was used as
the training set, the next 10% acted as the validation set, and
the rest was the test set.

2.2.2. Data preprocessing

The experimental data may have outliers or missing values
and needs to be preprocessed. The outliers were found and
replaced, missing values eliminated if not needed or filled in
by interpolation technique. After processing outliers and
missing values, having too many large data values in the data
set can impact the results of data analysis. To rescale different
features, min-max normalization was used [22]:

x* = (high—low)(x—min)

max—-min (10)
Where max, min are, respectively, the largest and smallest
value of data set. The data scaled down to a range [0,1] so
high euqualed to 1 and low equaled to 0. Normalization
ensures that input variables have similar ranges and
distributions, which may contribute to the models learning.

2.2.3. Model hyper-parameters

In order to evaluate the forecasting performance, four models
of transformer, LSTM, CNN and ANN were built and utilized
to predict the wind speed with different horizons of single-
step, 4-step and 16-step. The transformer model adds
positional information to the embedded input using positional
encoding. The self-attention layers enable the model to learn
and analyze relationships between data in a set, without
considering the distance between them. To learn many types
of relationships between data, the model uses multi-head
attention layers with many self-attentions. Then the outputs of
multi-head attention layers pass through a series of FF layers.
By using these layers, the model can learn complex non-linear
relationships between the input and output and FF layers also
help enhance the model's capacity [23]. The decoder of the
transformer model for time series forecasting uses a mask to
make the model learn to predict the future data without
information about the following data. We used the prediction
horizon of single-step, 4-step and 16-step. The
hyperparameters set for the transformer model as well as the
compared models are shown in Table 1. These
hyperparameters were tuned via Optuna framework to obtain
the most optimal hyperparameter sets.

2.2.4. Evaluation

In this paper, three metrics were used for evaluation: Mean
square error (MSE), mean absolute error (MAE) and root
mean square error (RMSE). The MSE measures the average
squared difference between the predicted and actual values,
the lower the MSE, the higher the model's accuracy. The
MAE calculates the absolute of the average differences
between the predicted values and the actual values. And it
indicates the distance between the forecast value and the
actual value. The RMSE demonstrates the magnitude of the
average error between actual and forecasted values and offers

Table 1: Important parameters of the all models

Model Hyper-parameter 1-step 4-step 16-step
Embedding dimension (dmoder) 32 40 64
Number of heads (h) 2 4
Transformer Number of layers 1 1
Dropout 0,1 0,1 0,15
Learning rate (Ir) 0,0025 0,0014 0,002
Hidden layers 2 3
Neurons in layer 80 150 233
Activation ReLU ReLU ReLU
LST™M Optimizer Adam Adam Adam
Dropout 0,1 0,16 0,11
Learning rate (Ir) 0,003 0,0036 0,0012
Hidden layers 3 3
Neurons (each layer) (48,128,64,1) (48,200,100,4) (48,334,208,16)
ANN Activation ReLU ReLU ReLU
Dropout 0,1 0,1 0,12
Learning rate (Ir) 0,0015 0,001 0,0051
Activation shape Activation shape Activation shape
Input (64,48,1) (68,48,1) (64,48,1)
Convl (64,43,50) (64,46,83) (64,46,55)
Conv2 (64,42,100) (64,44,206) (64,44,214)
CNN MaxPooling (64,21,100) (64,22,206) (64,22,100)
Flatten (64,2100) (64,4532) (64,4708)
Output (64,2100,1) (64,4532,1) (64,4708,1)
Dropout 0,1 0,1 0,018
Learning rate (Ir) 0,0015 0,0004 0,0022
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the same measurement scale as the actual results. They can be
expressed as:

2

MSE =13t (p-p) (n
MAE =15 |p-p| (12)
RMSE = [*3!_, (p - fz)z (13)

where p denotes the actual value, p denotes the predicted
value, I denotes the length of predicted series.

Moreover, NRMSE was also used to normalize RMSE,
allowing comparison of error levels between different models
on data sets with different scales. It can be expressed as:

RMSE

NRMSE = ) —min )

(14)

where max (y) is the max value of actual set, min (y) is the
min value of actual set.

3. Results and Discussion

The results provided a comparative evaluation of transformer,
LSTM, CNN, and ANN models in the forecasting task, which
aimed to predict a sequence of future values based on current
data. Four performance metrics were reported: MSE, MAE,
RMSE and NRMSE. All four models were trained on the
same training set with different forecast steps, using the same
computational environment with identical hyperparameters
for their training. We fine-tuned the proposed model, and the
models used for comparison to ensure that the models
performed with the best-fit set of hyperparameters. Table 2
presents the detailed performance evaluation metrics for the
transformer, LSTM, CNN, and ANN models.

3.1. Single-step forecasting

For single-step forecasting, it is clear from Table 2 that the
transformer model has better performance than the other
models when the transformer shows quite low errors, with
values such as MSE at 0,07, MAE at 0,18, RMSE at 0,26, and
NRMSE at 0,02. Compared to ANN (the model with the
largest MSE error in single-step forecasting), the value of
MSE error of the transformer model is 0,07, which is only
16,28% of the equivalent value of the ANN model. The
corresponding ratios compared to the LSTM and CNN models
are 17,95% and 16,28%, respectively. Since the MSE
indicator highlights the effect of large errors, the fact that the
proposed model has a small MSE value indicates that the
model has no or a negligible amount of error between the
actual value and the predicted value. The MAE value of the
transformer model is 0,18, which is also the lowest while the
MAE value of the ANN model is still the highest. This means
that on average, the model's wind speed forecast only differs
by about 0,18 unit from the actual value, which shows that the
forecast value fits reality quite precisely. This indicator of the
transformer model is only about half of that of the other
models. The same is seen in the RMSE and NRMSE
indicators, where the values of the transformer model are still
lower than all three models LSTM, CNN and ANN. These
results demonstrate that the transformer model performs very
well in single step forecasting and outperforms the compared
models. Figure 4 shows the single-step wind speed
forecasting results of four models.

3.2. Multi-step forecasting

A similar trend is also seen in multi-step forecasting. Multi-
step forecasting is performed including 4-step forecasting and
16-step forecasting. Although the difference between the
values of indicators of the models decrease, in general the
indicators of the transformer model still have the lowest value.
The MSE error of the transformer model in 4-step forecasting

Table 2: Performance evaluation indicators of LSTM, CNN, ANN and transformer model

Step Model MSE (m/s)? MAE (m/s) RMSE (m/s) NRMSE
LSTM 0,39 0,41 0,63 0,04
CNN 0,43 0,44 0,66 0,04
Single-step

ANN 0,43 0,42 0,65 0,04
Transformer 0,07 0,18 0,26 0,02
LSTM 1,08 0,72 1,04 0,07
CNN 1,09 0,75 1,04 0,07

4-step
ANN 1,06 0,72 1,03 0,07
Transformer 0,23 0,33 0,49 0,03
LSTM 2,76 1,25 1,66 0,11
CNN 2,75 1,25 1,66 0,11

16-step
ANN 2,88 1,27 1,69 0,12
Transformer 0,59 0,49 0,77 0,05
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is only about 21% of other models while the MAE, RMSE and 0,49 m/s and RMSE of 0,77 m/s, significantly lower than
NRMSE errors only fluctuate within 40-50% of the corre- LSTM, CNN and ANN (all above 1,2 m/s). These indicate
sponding values for the other models. In the 16-step forecast-  that transformer model is better even in multi-step forecast-
ing problem, the transformer model still achieves the best re-  ing. Figure 5 and Figure 6 present the results of 4-step and 16-
sults despite the significant increase in steps with MAE of
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Figure 4: Single-step wind speed forecast results at Hong Phong 1
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Figure 6: 16-step wind speed forecast results at Hong Phong 1

step wind speed forecasting results of the four models, respec-
tively.

3.3. Discussion

In every instance, the transformer model outperforms the
other models across various prediction intervals. As expected,
the CNN and ANN models perform worse than both the
LSTM and transformer models. Even when unusual data are
present in the dataset, the performance of the transformer
model only drops slightly compared to other models. This
demonstrates that the proposed model exhibits better
adaptability to weather changes and excellent generalization
capability, making it applicable to diverse datasets.

4. Conclusion

In this paper, we examined the structure and operational
principles of the transformer model and compared its
performance with LSTM, CNN, and ANN models. Utilizing
historical wind speed data from the Hong Phong 1 wind power
plant, we forecasted future wind speeds with both the
proposed transformer model and the comparative models. The
results demonstrated that the transformer model consistently
outperformed the other models for both single-step and multi-
step predictions. Specifically, the transformer model achieved
the lowest values for MSE, MAE, RMSE, and NRMSE
among all models with NRMSE only around 0,02 for 1 step,
0,03 for 4 steps and 0,05 for 4-hour ahead forecast. Although
forecasting errors increased with the prediction horizon, the
transformer model remained robust and reliable. Overall, the
transformer-based approach demonstrated superior accuracy
and effectively addressed the limitations of traditional
forecasting methods.
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