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Abstract: Accurate wind speed prediction is crucial for managing wind power generation systems. 
However, the stochastic nature of wind complicates the estimation of optimal intervals. This work 
analyzes the performance of hybrid machine learning techniques for modeling wind speed. Two deep 
learning models, Large Language Memory Long Short-Term Memory and Large Language Memory 
Convolutional, are proposed, along with two hybrid models from the literature, Bidirectional LSTM 
and Convolutional LSTM, for four-season forecasting in the Bodele low-pressure area. 
Meteorological data come from the NASA Power/Dav site. Data processing includes removal of 
outliers and imputation of missing values by mean, median, or predictive models, performed with 
Python. The four hybrid models use the Adam algorithm to optimize predictions. The predicted 
values calculate wind turbine power, efficiency, and storage energy. Results show that performance 
indicators vary: MAE from 0.020 to 0.586, RMSE from 0.027 to 0.848, and R² from 0.902 to 0.966. 
Energy predictions for a 5 MW wind turbine range from 4.91 MWh in winter to 0.89 MWh in summer. 
The CL-LSTM and LLM-LSTM models give high wind speeds in summer and winter, providing 
insights for developing efficient models for similar applications, both for researchers and companies. 

Keywords: analysis; alorithme adam; machine learning; prediction; modeling; bodele of triangle 
 

1. Introduction 

In recent years, with fossil fuels in short supply and environmental problems on the increase, 
the scale of clean energy production has expanded rapidly [1].  Wind power generation has become 
one of the most important renewable energy production methods due to its clean, economic and 
sustainable advantages [2]. By the end of 2019, total wind power capacity worldwide stood at over 
651 GW, of which 60.4 GW of wind power capacity had been installed worldwide [3]. Although wind 
power generation technology is becoming increasingly mature, the stability, security, and economics 
of wind power and the electricity grid are affected by its intermittency, randomness, and the 
uncertainty of wind power generation [4]. At the same time, the uncertainty of wind power 
generation will also have impacts on electricity market design, wind system planning and 
deployment, power grid dispatch, transmission capacity upgrades and other issues [5]. Therefore, 
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accurate and efficient wind energy forecasting technology is indispensable and of great importance 
for safe, stable and economical operation. 

Currently, many researchers around the world have conducted extensive research into wind 
energy forecasting methods. According to different forecasting principles, wind energy forecasting 
methods can be summarized into three main categories: the physical model, the statistical model and 
the machine learning model [6,7]. Of these methods, the physical model relies on meteorological and 
wind speed information from numerical weather prediction, which requires big data modeling. This 
method is suitable for large-scale, long-term forecasts and is not applicable to small areas and short-
term forecasts [8]. Statistical methods produce forecasts based on the spatial and temporal analysis 
of search data, including the Kalman filter [9], regression methods [10,11], exponential smoothing 
methods [12] and time series analysis methods [13]. Although statistical models perform well in 
simple time-series forecasting and short-term forecasting, they are inadequate in handling non-linear 
data and can accumulate errors in long-term forecasting [14]. In general, statistical methods 
outperform physical models in short-term wind energy forecasting [15]. 

1.1. Motivations 

LLM-LSTM, BiLSTM, LLM-CNN and CL-LSTM methods for wind speed prediction applied to 
wind energy management systems are crucial for optimizing energy production. These models are 
capable of capturing long-term dependencies, improving forecast reliability by handling non-linear 
relationships, taking into account multiple variables and processing large datasets.  

1.2. Literature Review 

Wind speed prediction is an important field for renewable energy and meteorology. Hybrid 
deep learning models have been used to improve the accuracy of wind speed prediction. Table 1 
presents a literature review of the different models used to predict wind speed.  

Table 1. Literature review results. 

Model MAE (m/s) RMSE (m/s) R2 
BiLSTM-CNN [16] 1.7344 2.5492 0.9929 
CL-LSTM [17] 1.8983 2.7343 0.9918 
CNN-LSTM [18] 1.8296 2.6307 0.9924 
BiLSTM [19] 1.6500 2.3000 0.9960 
CNN-BiLSTM [20] 0.1042  0,1309 0.9413 
Bi-GRU [21] 0.0122 0.0187 0.9887 
LSTM-DBN [22] 0.872 1.1055 0.8170 
CNN-LSTM [23] 0.512 0.703 0.7030 

Table 1 shows the results of the literature review. In 2020, Zhen, H., et al, [16] used the BiLSTM-
CNN model, which performed well, with very low MAE and RMSE values, indicating high forecast 
accuracy. The very high coefficient of determination (R²) suggests that the model explains almost all 
variations in wind speed data. The joint use of BiLSTM to capture temporal characteristics and CNN 
for spatial characteristics was decisive for these results. Although the CL-LSTM model performed 
slightly less well than BiLSTM-CNN, it remained competitive, with a high R². MAE and RMSE values 
indicate good predictive capability, but performance could be improved by optimizing model 
parameters or integrating additional data. This model is particularly useful for applications where 
computational complexity needs to be reduced [17]. The CNN-LSTM also performed well, with a 
high R², indicating good forecast adequacy. However, it performs slightly less well than BiLSTM-
CNN in terms of MAE and RMSE. The CNN-LSTM approach is effective in capturing temporal and 
spatial relationships, but perhaps less robust than the BiLSTM-CNN model in complex scenarios [18]. 
In 2023, Khan et al [19] used the BiLSTM model to demonstrate its effectiveness in wind speed 
prediction through several studies. The results show that BiLSTM, particularly when combined with 
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other techniques such as CNN or feature engineering, can achieve very high levels of accuracy (R² > 
0.995). In 2023, Khan et al [19] used the BiLSTM model for wind speed prediction, their result showing 
excellent performance with an R2 that explains 99.60% of the data variance. Although MAE and RMSE 
are relatively higher than those of other models, BiLSTM's ability to capture temporal relationships 
makes it a robust choice for prediction. In 2022 Han et al [20] also used the hybrid CNN-BiLSTM 
model, offering very low prediction errors in MAE and RMSE. Although the R2 is slightly lower than 
that of BiLSTM, it still performs very well, indicating that this model is effective in capturing complex 
features in wind data.  In 2024, Singh et al, [21] used the Bi-GRU model has very low errors, making 
it extremely accurate. Although its R2 is somewhat lower than that of BiLSTM, its ability to reduce 
the prediction error is remarkable, indicating that it is also very effective for the forecasting task. In 
2020, Liu et al, [22] shows less impressive performance compared to the others, with a relatively low 
R2. This means that it explains only 81.70% of the data variance, and prediction errors are higher, 
suggesting that other models may be more appropriate. In 2023, Zhang et al [23] combines CNNs and 
LSTMs, and performs less well than the other models. With an R2 of 70.30%, it is less able to explain 
the variance in the data, suggesting that it could be improved or optimized for better performance. 

1.3. Contribution 

The main contributions in this study are: 

− Development of two hybrid deep learning models (LLM-LSTM and LLM-CNN) that integrate 
the LLM and LSTM methods, and CNN using the Adam optimization algorithm; 

− Comparison of proposed LLM-LSTM and LLM-CNN models with the hybrid methods already 
in the literature review, namely BiLSTM and CL-LSTM; 

− Determination of wind direction during different seasons of the year; 

2. Material and Methods 

2.1. Materials 

2.1.1. Presentation of Study Sites 

The Bodele depression is located in Chad's Djourab desert, in the triangle formed by the 
Angamma, Tibesti and Ennedi massifs. The Bodele depression is the deepest part of the ancient Paleo-
Chadian Sea and the country's lowest point above sea level, home to around 40,000 inhabitants [24]. 
This region, with a surface area of 35,000 km2 and is known as the dustiest area on the planet [25]. 
Additionally, it is considered to be the world's largest source of minerals [26]. This dust emission 
represents around 20% of global emissions, and these particles can reach the Amazon basin in ten 
days, contributing to the fertilization of this region. Historically, the depression was the bottom of a 
lake, the mega-lake Chad, which shrank as it dried up due to climatic conditions. The Bodele Low 
Level Jet, an air current specific to this region, favors the emission of dust. Although this phenomenon 
is unique to this region, the installation of wind turbines in the Bodele triangle could offer energy and 
environmental benefits, but it also poses logistical, environmental and social challenges. The Bodele 
depression is a unique location, both because of its role as a source of dust and its potential for wind 
energy, requiring a balanced approach to maximize benefits while minimizing negative impacts [27]. 
The geographical coordinates of the Bodele depression are 17° N and 18° E. Figure 1 shows the 
location of this area on the map. 
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Figure 1. View of the study site. 

2.1.2. Processing of Variables Used 

The forecasting methods, including those used in this study, come from the NASA POWER 
website [28], a NASA-funded project aimed at improving understanding of the world's energy 
resources. The processing of input variables for wind speed forecasting is a crucial step aimed at 
preparing the data so that they are suitable for the prediction models. After data collection, processing 
involves removing outliers, imputing by mean, median, and using predictive models to estimate 
missing values. In general, the aim of processing registration errors, outliers and missing values is to 
guarantee the quality and reliability of the data before it is used in analyses or predictive models. 
This helps to improve the accuracy of results and to make informed decisions based on reliable data. 

Figure 2. Box-whisker plot of (a) untreated and (b) treated values. 
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This box plot shows the distribution of each variable after the extraction, transformation and 
loading process used in this study. These boxes illustrate the distribution and implementation of data 
quality improvements, such as handling missing values, detecting outliers and applying logarithmic 
transformations. This graphical representation serves to highlight the effectiveness of data pre-
processing techniques in improving the distribution and quality of variables, which is a crucial step 
in guaranteeing the robustness and reliability of our subsequent machine learning models. 

2.2. Methods 

2.2.1. Determination of Input Variables and Normalizations 

This subsection aims to determine which input variables are most correlated with the output 
variable.  The correlation coefficient is calculated using formula (1) [29]. 

( ) ( )( )
( ) ( )2 22 2

n xy x y
R

n x x n y y

−
=

   − −      

  
   

   (1) 

By calculating the correlation coefficient, we can identify the different variables that influence 
wind speed. It is important to note that a correlation coefficient close to 1 indicates better forecasting 
ability. This indicator varies between -1 and 1: a value of 1 means perfect agreement between the 
measured value and the output variable, while a value of -1 indicates perfect disagreement. A value 
of 0 suggests that there is no influence of the input variable on the output variable. Analysis of the 
correlations between the input variables and the output variable reveals relationships between them. 
To ensure accurate estimation and verification of prediction methods, data are divided into three sets. 
In the context of predictive models based on deep learning, the first step in data preparation is to 
check the stationarity of the data, which is carried out using the Dickey-Fuller (DF) test. The results 
indicate that the null hypothesis is accepted, meaning that the input variables are considered 
stationary. The second step consists of a correlation analysis to identify the relevant input variables. 
The autocorrelation function (ACF) is used to determine the inputs to the wind speed prediction 
model, identifying those with high correlation. As shown in Table 2, the time series data from all the 
study sites reveal a strongly elevated ACF. Considering x as the time series variable, this vector is 
then used to predict the y(i+1) value in the next step. Before integrating the data into the network, it 
is essential to normalize them. Equations (2) and (3) present the normalization formulas [30]. 

( )min
min max min

max min

iX XXp X X X
X X

−= + −
−

          (2) 

( )min
min max min

max min

iY YYp Y Y Y
Y Y

−= + −
−  

(3)

Table 2. Correlation coefficients of inputs variables. 

Variables Correlation Coefficient 
Temperature 0.73 
Wind direction -0.64 
Relative humidity -0.55 
Atmospheric pressure 0.78 

Table 2 details the correlation coefficient between the various model input variables and wind 
speed. More specifically, it shows that wind direction and relative humidity display negative 
correlations with wind speed, meaning that an increase in either of these variables is associated with 
a decrease in wind speed. On the other hand, temperature and atmospheric pressure show positive 
correlations, indicating that an increase in these two parameters is associated with an increase in wind 
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speed. These results suggest complex interactions between climate variables and wind dynamics, 
essential for a thorough understanding of weather patterns. 

2.2.2. The Bidirectional Long Short-Term Memory (BiLSTM) Model 

The BiLSTM model is a variant of the LSTM model, designed to capture temporal dependencies 
in time series, in both forward and reverse directions. This makes it a powerful model for tasks 
requiring the understanding of past and future relationships in data sequences. An LSTM is a type 
of recurrent neural network (RNN) that improves on the classic RNN by incorporating memory cells 
to store long-term information. LSTM is capable of better retaining relevant information while 
forgetting unnecessary information. This makes it effective for long-duration sequences where simple 
RNNs fail due to the gradient problem disappearing. Unlike a conventional LSTM, which processes 
sequences in a single direction from past to future, a BiLSTM processes sequences in both directions. 
From the first to the last data of the sequence. From the last to the first data item in the first sequence. 
Each LSTM cell therefore learns two distinct representations: one that takes into account past 
information and one that takes into account future information. This enables the model to understand 
both past and future context, which can be crucial in time-series prediction tasks where future and 
past values can influence the current prediction. A sequence of temporal data. For example, a series 
of sensor values at different times. Each sequence passes through two LSTM layers, one processing 
the data in the forward direction, the other in the reverse direction. The two outputs are then 
combined to form the final output. It is often a dense layer for generating the final prediction, which 
may be a single value in the case of regression, or several categories in the case of classification. The 
model takes into account past and future information, which can improve prediction accuracy. For 
tasks where the future context is as important as the past, BiLSTM better captures these dependencies. 
Bidirectional processing adds computational complexity, increasing the computation time and 
memory required. LSTM models, in particular BiLSTMs, often require a large amount of data to 
properly generalize and learn significant dependencies in sequences [31]. The architecture of a 
BiLSTM is illustrated in Figure 3. 

 

Figure 3. Architecture of the BiLSTM model. 

To better understand BiLSTM, it is useful to start with the formulation of a classical LSTM, as 
described by equations (4) to (11) for a unidirectional LSTM.  

Input gate: [ ]1( , )t i t t ii W h x bσ −= × +      (4) 

Forget gate: [ ]1(W , )t f t t ff h x bσ −= × +     (5) 

Output gate: [ ]1(W , )t o t t oo h x bσ −= × +     (6) 

Memory cell: [ ]1 1tanh( , )t t t t C t t CC f C i W h x b− −= + × +    (7) 

Hidden state: tanh( )t t th o C=       (8) 

Forward LSTM: 1( , )t f t th LSTM x h −=
 

    (9) 

Backward LSTM: 1( , )t b t th LSTM x h +=
 

    (10) 

Concatenated output: ,t t th h h =  
 

     (11) 

th  Combining the two hidden forward and reverse states to form the output at each time step t. 
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2.2.3. Large Language Memory LSTM Model (LLM-LSTM) 

The LLM-LSTM model is a hybrid prediction model proposed in this study. It combines the LLM 
model and the LSTM model. This combination combines the strengths of each component to provide 
a better prediction. The LLM model is based on a transform network architecture, which is designed 
for text processing tasks, but is adapted here for time series prediction. The role of LLM is to capture 
long-term trends in the input data, based on its ability to process long sequences. It extracts global 
characteristics from data over long periods thanks to its attention mechanisms. The LSTM model is a 
type of recurrent neural network designed to process time series. This model is given by equation 
(12). 

( )i LLM LSTM t LLM LSTMy w c w h b bσ= × + × + +
   (12) 

The proposed model improves predictive accuracy by capturing trends, temporal dependencies 
and the flexibility to integrate additional data. Its architecture is shown in figure 2. 

In figure 4, the input data are time series. On the embedding layer (LLM), the input data are 
passed through the embedding layer to obtain vector representations of size (d). Each element of the 
input vector is associated with an embedding vector. The vector representations obtained from the 
embedding layer are passed through the LSTM layer. The LSTM layer consists of L layers, each with 
h units. Each vector unit of the previous layer and produced an output of size (h) the output of the 
LSTM layer are merged with the vector representations of the embedding layer (LLM). Merging can 
be performed using operations such as concatenation or addition. The output of the fusion layer is 
passed through the prediction layer to obtain the final prediction.  

 

Figure 4. LLM-LSTM model configuration presentation. 

2.2.4. The Convolutional Neural Networks and Long Short-Term Memory (CL-LSTM) Model 

The hybrid CL-LSTM model is a combination of two neural network architectures. The formula 
is presented by equation (13) [32,33]. Figure 5 shows the architecture of the model. 

( ( ) ( ) )i h h hy w x t U h t bδ= × + × +      (13) 

 
Figure 5. Architecture of the CL-LSTM hybrid model [34]. 
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Figure 5 shows the convolutional neural network and the recurrent neural network LSTM. The 
CNN layers capture the spatial structures of the data, while long-term temporal dependencies are 
captured by the LSTM network. In the hybrid CL-LSTM model, convolutional layers are used 
upstream to extract relevant spatial features from the input data, while LSTM layers are used to 
process temporal sequences and capture long-term dependencies in the data. 

2.2.5. The Large Language Memory Convolutional Network (LLM-CNN) Model 

The LLM-CNN model is a deep learning architecture that combines the advantages of 
convolutional neural networks and memory mechanisms to process sequences of data, particularly 
in the field of natural language processing and other applications requiring efficient management of 
contextual information. The convolution layer uses convolutional layers to extract local features from 
input data. This enables the capture of patterns and relationships in data, whether text, images or 
other types of structured data. Memory integrates memory mechanisms to manage long-term 
dependencies. This enables the model to remember relevant information over long sequences, which 
is crucial for tasks such as machine translation or text generation. The combination of CNN and 
memory mechanisms benefits from the strengths of both approaches, improving the model's ability 
to process sequences while maintaining computational efficiency. Equations (14) to (22) present the 
different stages of the model. 

LLM layer formula 

( 1)( ) ( ( ) )i i t ii t w x t u h bσ −= × + × +
     (14) 

( 1)f( ) ( ( ) )f f t ft w x t u h bσ −= × + × +
     (15) 

( 1)( ) ( ( ) )o o t ot w x t u h bσ σ −= × + × +
     (16) 

( 1)g( ) tanh( ( ) )g g t gt w x t u h b−= × + × +
    (17) 

Memory update:  

( 1)( ) ( ) ( ) ( )tc t f t c i t g t−= × + ×
      (18) 

h( ) ( ) tanh(c ( ))t o t i t= ×        (19) 

Convolution layer formula  

c cy( ) (w h(t)) bt σ= × +        (20) 

Pooling formula: 

( 1) ( )z( ) max( ( ), ,..., )t t pt y t y y− −=
     (21) 

Output layer formula 
( ) ( ( ) )i s sy t w z t bσ= × +        (22) 
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Figure 6. Representation of LLM-CNN model architecture. 

The input to our model is the time series. The CNN layer extracts features and patterns in the 
data, and the LLM layer captures long-term dependencies and contextual relationships in the 
sequences. But beforehand, the data are normalized to improve model convergence. Then divided 
into windows to create input samples. The time series data are organized into windows, where each 
window represents a segment of the time series. The two layers are then concatenated to create an 
enriched feature vector. Pass this vector through fully connected layers to make predictions.  

The following diagram shows the process from data collection to wind speed prediction. 
Figure 7 provides a detailed illustration of the various steps involved, from data collection to 

wind speed prediction. This process includes the initial collection of meteorological data, its 
processing and analysis, as well as the statistical or modeling methods and optimization algorithm 
used to make the forecast. Each step is crucial in ensuring the accuracy of the final results and the 
reliability of the predictions. 
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Figure 7. Study diagram. 

2.2.6. Advantages and Disadvantages of the Different Models 

Table 3 summarizes the advantages and disadvantages of different deep learning models for 
solar radiation prediction. 

Table 3. Advantages and disadvantages of each study model. 

Model Advantages Disadvantages 

CNN-LSTM 
Combines the feature extraction benefits 
of CNNs and LSTMs for temporal 
modeling. 

 Complex to implement and difficult to 
optimize. 

BiLSTM 
Captures dependencies in both forward 
and reverse directions; less sensitive to 
variations and noise in the data. 

Computationally more complex and 
time-consuming than simple LSTMs. 

Cl-LSTM 

Incorporates convolutional layers to 
extract local features before temporal 
modeling. 
Effective for data with both spatial and 
temporal structures. 

More complex to train and tune than 
simple LSTM models. Computationally 
time-consuming; may require 
significant computational resources. 

LLM-LSTM Ability to handle large data sequences; 
good for long-term forecasting. 

Very demanding in terms of data 
resources; complex to implement. 
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2.2.7. Model Performance Evaluation 

To evaluate the performance of four hybrid machine learning models, hold-out and k-fold cross-
validation techniques were applied. These methods provide a reliable estimate of model performance 
using different data partitions. The results of these evaluations are summarized in Table 3, providing 
an overview of the comparative performance of the models analyzed. 

Table 4. Summary of statistical measures for evaluation. 

Metrics Equation Description 

MAE 
1

1 n

i
i

MAE y y
n =

= − 
    (23) 

The mean absolute error is a quantity 
often used to measure the deviation 
between observed and predicted values. 
Its mathematical formula is given by 
equation (23) [35]. 

RMSE ( )2

1

1 n

i i
i

RMSE y y
n =

= − 
  (24) 

RMSE is a measure of the variation of 
predicted values around measured 
values. The smaller its value, the better 
the model. The square root of the mean 
square error is defined according to 
formula (24) [35]. 

R2 
( )

( )

2

2 1

2

1

1

n

i i
i
n

i i
i

x y
R

x x

=

=

−
= −

−




       (25) 

The coefficient of determination R² is a 
statistical measure of how closely a 
model's predictions match the actual 
values [36,37]. It is defined by formula 
(25). 

2.2.8. Wind Speed Modeling 

2.2.8.1. Weibull Parameters 

The Weibull distribution is a continuous probability distribution used to model reliability-
related phenomena. The Weibull distribution is defined by two main parameters: Scale parameter 
(λ): this parameter determines the scale of the distribution. It is related to the median value of the 
distribution. Shape parameter (k): this parameter determines the shape of the distribution. It plays an 
important role in modeling failure rates. Variations in wind speed are characterized by the 
distribution of two functions: the probability density function and the distribution function. The 
probability density function is given by equation (26) [38]. 

1

(v) exp
k kk v vf

c c v

−     = × −    
           (26) 

The Weibull distribution function f(v) gives the probability that the wind speed is less than or 
equal to v in equation (27) [39]. 

0
( ) ( ) 1 exp

k
v vf v f v dv

c
  = = − −  
   


     (27) 

The mean wind speed according to the Weibull distribution is given by formula (28).  

0
( )mv v f v dv

∞
= ×         (28) 

The Weibull distribution is very important for describing the statistical properties of wind speed. 
There are several methods for determining the parameters k and c from site wind data. The most 
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common are: the graphical method, the moment method, the maximum likelihood method, the 
modified maximum likelihood method and the standard deviation method. The wind variability 
method is defined by equation (29) [39,40]. 

0.5

0.5

0.5

1.05 3
0.94 3 4
1.05 4

v ifv
k v if v

v ifv

 ×


= ×
 ×


 


       (29) 
The factor c is given by equation (30) 

11

vc

k

=
 Γ + 
 

         (30) 

( )xΓ  is a function that characterizes the shape of the frequency distribution and the 
asymmetry of the velocity frequency distribution, and is given by relations (31) and (32). 

    
( )( )( )1 2 31 1 139( ) 2 1 ...

12 288 51840
X Xx x X e X X Xπ − −  Γ = + + − + 

   (31) 
31X
k

= +          (32) 

2.2.8.2. Extrapolation of Wind Speed as a Function of Height 

In order to obtain adequate speeds for the operation of Gamesa G128-5.0MW wind turbines, 
extrapolations are made to increase the wind speed at 100 m height. Since wind speed measurements 
are taken at 10 m above ground level, the characteristics given in the data sheet for our wind turbine, 
presented in Table 7, indicate that it is necessary to install the turbine at a well-defined height. 
Equations (33-34) are used to calculate this speed [41].  

1
1 0

0

( ) ( ) zv z v z
z

α
 

= × 
         (33) 

( )0

0

0.37 0.088ln

1 0.00881ln
10

zv
z

α
−

=
 −  
         (34) 

2.2.8.3. Extrapolation of Weibull Parameters as a Function of Height 

From the parameters k and c calculated at 10 metres above ground level, we extrapolate to the 
height at which we wish to install the wind turbines. Equations (35- 37) [42,43] are used. 

( )100.37 0.088ln(C )n = −        (35) 

0

1 0.00881ln( /10)
z

z

k
k

z
=

−
       (36) 

0 10( / )nz zC C z z= ×
        (37) 

2.2.8.4. Power Density of a Wind Turbine 

Equation (38) can be used to estimate the recoverable power at a site [39].  
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3( ) 1( ) ( )
2

P vWPD p v c x
S

ρ= = = × × Γ
    (38) 

WED (Wind Energy Density) quantifies the energy produced over a time T. The time T depends 
on the availability factor and the load factor. This is expressed by equation (39).  

3( ) 1( ) T ( )
2

P vWED p v T v x T
S

ρ= = = × × Γ
   (39) 

2.2.8.5. Wind Turbine Power Calculation 

Obtaining power in W from the values obtained when predicting wind speed using Weibull 
parameters is done by equation (40 or 41) [44]. 

( )
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3
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1 ( ) ( , ; ) ( , k, c) dv
2
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start

v

u n
v

P c x f v k c dv P f vρ
∞

= Γ +    (41) 

u nP P FC= ×          (42) 

The production of a given amount of energy by a wind turbine depends on the complex choice 
of suitable turbines, and it is essential to calculate the load factor to correct this problem, using 
formula (42).  

2.2.8.6. Balancing Production with Demand 

To integrate wind power into the grid, it is essential to balance production and demand using 
equation (43) [40,41]. 

réseau éolien demandeP P P= −
       (43) 

2.2.8.7. Management of High and Low Production Periods 

To manage periods of high production, it may be necessary to implement energy storage 
systems, such as batteries [47]. 

stocké produit consomméE E E= −
       (44) 

During surplus production, energy can be stored. When production is low, stored energy can be 
used to meet demand. 

In figure 8, wind turbines convert the kinetic energy of the wind into electrical energy. This stage 
involves turbines that capture the wind and generate electricity. The electricity generated can be used 
immediately to power homes and businesses, or fed into the electricity grid. It can also be used to 
power specific systems such as pumps or electrical appliances. When electricity production exceeds 
demand, excess energy can be stored. This is usually done using batteries or other storage 
technologies, enabling later use when production is low or demand is high. 
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Figure 8. Wind energy management system. 

2.2.8.8. Wind Turbine Reliability Analysis 

A wind turbine's load factor is an indicator of its efficiency and performance in converting wind 
energy into electricity. Expressed as a percentage, it compares the energy actually produced by the 
turbine with its theoretical maximum capacity. To calculate the load factor (LF), five parameters are 
taken into account: two are site-dependent (form factor k and scale factor c), while three are supplied 
by the turbine manufacturer (starting speed VD, nominal speed VN and stopping speed VA) [48]. 

exp exp
exp

KK
ND

K
A

K K
N D

VV
C C VFC

CV V
C C

     − − −                  = − −             − − −                  (45) 
When the load factor exceeds 25%, it can be concluded that this site can generate electrical energy 

using wind speed [49]. 

Table 5. Characteristics of the Gamesa G128-5.0MW wind turbine. 

Manufacturer Gamesa 
Rated power 5 MW 
Starting speed 4 m/s 
Nominal wind speed 14.0 m/s 
Disconnection speed 27. 0 m/s 
Hub height 81 à 120 m 
Rotor diameter 128.0 m 
Area swept by blades 7 854 m² 

3. Validation of Results with Similar Hybrid Models 

Numerous studies have explored the use of recurrent neural network models for wind speed 
forecasting, due to their ability to capture complex temporal dependencies.  

Case 1: In 2024 Li et al [50] investigated a spatio-temporal graph neural network based on 
attention and short- and long-term memory (ASTGNN-LSTM) for wind speed prediction, obtaining 
an MAE of 0.757, an RMSE of 1.003 m/s and an R² of 0.261. In our study, the LLM-CNN model 
produced an RMSE of 0.752 m/s and an R² of 0.943, demonstrating competitive performance against 
literature results.  

Case 2: In 2022, Johnson et al, explored the use of BiLSTM models for wind speed prediction in 
a variety of climatic conditions. Their research revealed an RMSE of 0.600 m/s in summer and an 𝑅2 
of 0.940, reinforcing the idea that LSTM-based models are particularly suited to capturing temporal 
variations in wind data. This study is in line with the second proposed model, LLM-LSTM, which 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 April 2025 doi:10.20944/preprints202504.1299.v1

https://doi.org/10.20944/preprints202504.1299.v1


 15 of 28 

 

displayed an RMSE of 0.629 m/s in summer and an R² of 0.933, confirming trends observed in other 
research, where LSTM models and their variants are often found to perform best for wind speed 
forecasting. 

Case 3: In 2021, Lawal et al [51] used a CNN-BiLSTM model to predict wind speed. They 
obtained the best results, with minimum values of MAE = 0.298, RMSE = 0.428 m/s. In comparison, 
the results obtained with the BiLSTM model in our study obtained an RMSE of 0.745 m/s in spring 
and an R² of 0.944, which is in line with the performance observed in the literature. 

Overall, the results of the study confirm the trends observed in the literature: LLM-LSTM and 
BiLSTM models perform best for wind speed forecasting, outperforming more conventional 
architectures. However, significant variations exist between seasons, indicating that specific 
adjustments to seasonal conditions could improve the performance of some models. These results 
underline the importance of model selection and hyperparameter optimization in maximizing the 
accuracy of wind speed forecasts. 

4. Results and Discussion 

The work carried out so far presents the steps taken to analyze the performance of hybrid 
automatic learning techniques of four models for wind speed prediction and modeling. The same 
data set is used to predict wind speed for the four seasons. The results obtained were analyzed using 
the statistical evaluation indicators described in section 2 and led to the following findings. 

4.1. Presentation of Forecast Curves for Different Seasons 

The wind speed forecast curves generated by the various hybrid deep learning algorithms for 
spring, winter, autumn and summer are presented in the following paragraph. 

Figure 9 shows the predicted curves in comparison with actual test data for all four seasons, 
obtained from the LLM-LSTM, BiLSTM, LLM-CNN and CL-LSTM models. It is notable that the 
outputs of the different models follow very closely the same trend as the real data, with minimal 
deviation between the curves. This indicates an excellent ability of the models to adjust to variations 
in real data. In other words, these results testify to the robustness of the models, which were able to 
predict accurately without exaggerating or underestimating the values observed in the test data. This 
performance suggests that the models are well suited to forecasting wind generation, offering 
appreciable reliability for practical applications. 
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Figure 9. Wind speed forecast curves for different seasons. 

4.2. Presentation of Performance Statistics Values 

This section examines the performance results obtained on the basis of the machine learning 
models developed in the previous areas. 

Table 6 shows how the performance of each model varies with the different seasons. This allows 
us to observe how specific climatic conditions influence the results, offering an in-depth 
understanding of model behavior in varied seasonal contexts. 
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Table 6. Overview of evaluation performance values. 

Models Metrics Spring Summer Autumn Winter 

LLM-LSTM 
MAE 0.556 0.442 0.435 0.469 
RMSE 0.820 0.629 0.647 0.689 
R2 0.932 0.933 0.939 0.940 

BiLSTM 
MAE 0.502 0.494 0.586 0.535 
RMSE 0.745 0.686 0.812 0.740 
R2 0.944 0.920 0.904 0.931 

LLM-CNN 
MAE 0.503 0.500 0.523 0.566 
RMSE 0.752 0.689 0.766 0.830 
R2 0.943 0.919 0.914 0.914 

CL-LSTM 
MAE 0.636 0.531 0.628 0.020 
RMSE 0.848 0.679 0.811 0.027 
R2 0.927 0.922 0.902 0.966 

The LLM-LSTM model’s MAE (mean absolute error) results for the four seasons are shown in 
Table 6. In spring, the MAE is 0.556, indicating a moderate error and suggesting that predictions are 
fairly close to actual values. In summer, the MAE improves to 0.442, reflecting better model 
performance, indicating increased accuracy in wind speed prediction during this season. In autumn, 
the MAE reaches 0.435, representing the lowest error, underlining excellent forecast accuracy. In 
winter, the MAE is 0.469, slightly less accurate than in autumn, but the model still performs well. 
With regard to RMSE (root mean square error), which penalizes larger errors and is therefore 
sensitive to outliers, the results are as follows: in spring, RMSE is 0.820, indicating greater variability 
in predictions, suggesting that some forecasts may be less reliable. In summer, the RMSE improves 
to 0.629, showing greater consistency in forecasts. In autumn, the RMSE is 0.647, slightly lower than 
in summer, but still within an acceptable range. Finally, in winter, the RMSE increases to 0.689, which 
could indicate more variable wind conditions. The coefficient of determination (R²), which measures 
the proportion of data variance explained by the model, shows the following results: in spring, R² is 
0.932, meaning that 93.2% of variance is explained by the model, an excellent result. In summer, R² is 
0.933, indicating a stable performance close to that of spring. In autumn, this metric rises to 0.939, 
showing a slight improvement and increased model efficiency for this season. In winter, R² reaches 
0.940, representing the best performance, with 94% of variance explained, indicating a very strong 
fit. The LLM-LSTM model demonstrates robust performance in predicting wind speed across 
seasons. The errors (MAE and RMSE) remain relatively low, while the coefficient of determination 
(R²) is high, indicating that the model is able to effectively capture variations in wind speed. 

BiLSTM model: In spring, the MAE is 0.502, indicating a relatively low error and suggesting that 
predictions are fairly close to actual values. In summer, the MAE improves further, reaching 0.494, 
representing the best performance of the four seasons. This indicates that the model is particularly 
effective during this period. In autumn, the MAE increases to 0.586, showing a reduced accuracy 
compared to the other seasons. Finally, in winter, the MAE is 0.535, indicating a lower error than in 
autumn, but higher than in spring and summer. As for the RMSE, it shows a value of 0.745 in spring, 
reflecting moderate variability in predictions, suggesting that some estimates may be less accurate. 
In summer, the RMSE decreases to 0.686, indicating an improvement and more consistent 
predictions. In autumn, the RMSE climbs to 0.812, the highest value, suggesting that the model 
encounters difficulties in predicting wind speed during this season, leading to greater errors. In 
winter, the RMSE shows a value of 0.740, indicating an intermediate performance, slightly better than 
in autumn, but less effective than in spring and summer. As for the coefficient of determination, it is 
0.944 in spring, meaning that 94.4% of the variance is explained, indicating an excellent fit. In 
summer, the R² is 0.920, which remains very good at 92% of variance explained, showing the model's 
effectiveness. In autumn, this performance statistic decreases slightly to 0.904, indicating a reduced 
performance compared to other seasons. In winter, the R² reaches 0.931, representing 93.1% of the 
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variance explained, indicating a strong fit. Overall, the BiLSTM model demonstrates robust 
performance in wind speed prediction, with relatively low errors (MAE and RMSE) and a high 
coefficient of determination (R²), underlining its ability to effectively model wind speed variations 
across seasons. 

LLM-CNN model: In spring, the MAE is 0.503, indicating a relatively low error and predictions 
close to actual values. In summer, the MAE reaches 0.500, representing the best performance among 
the seasons, suggesting that the model is particularly effective during this period. In autumn, the 
value is 0.523, slightly higher than in spring and summer, but still within an acceptable range. In 
winter, the MAE is 0.566, the highest error, indicating reduced prediction accuracy during this season. 
In spring, the RMSE is 0.752, reflecting moderate variability in predictions, meaning that some may 
be less accurate. In summer, the RMSE shows a value of 0.689, indicating an improvement on spring 
and more consistent predictions. LLM-CNN model: In spring, the MAE is 0.503, indicating a 
relatively low error and predictions close to actual values. In summer, the MAE reaches 0.500, 
representing the best performance among the seasons, suggesting that the model is particularly 
effective during this period. In autumn, the value is 0.523, slightly higher than in spring and summer, 
but still within an acceptable range. In winter, the MAE is 0.566, the highest error, indicating reduced 
prediction accuracy during this season. In spring, the RMSE is 0.752, reflecting moderate variability 
in predictions, meaning that some may be less accurate. In summer, the RMSE shows a value of 0.689, 
indicating an improvement on spring and more consistent predictions. In summer, this metric is 
0.919, meaning that 91.9% of the variance is explained, and testifying to the model's effectiveness. In 
autumn, the R² is 0.914, showing a slight drop compared with previous seasons, indicating reduced 
performance. In winter, R² remains stable at 0.914, although errors are higher. Overall, the LLM-CNN 
model demonstrates solid performance in wind speed prediction, with relatively low errors (MAE 
and RMSE) and a high coefficient of determination (R²). 

CL-LSTM model: In spring, the MAE is 0.636, indicating a relatively high error and suggesting 
that predictions are less accurate during this season. In summer, the MAE improves to 0.530, 
indicating better model efficiency during this period. In autumn, the MAE is 0.628, similar to that of 
spring, indicating moderate performance. In winter, the value drops to 0.020, revealing extremely 
low error and high accuracy in wind speed predictions. The RMSE in spring is 0.848, showing 
significant variability in predictions, suggesting that some estimates may be less reliable. In summer, 
the RMSE decreases to 0.679, indicating greater consistency in predictions. In autumn, the RMSE rises 
to 0.811, suggesting that the model has difficulty predicting wind speed during this season. In winter, 
the RMSE reaches 0.027, the lowest value, indicating a remarkable performance, with minimal errors. 
As for the coefficient of determination (R²), in spring it is 0.927, meaning that the model explains 
92.7% of the variance, which is excellent. In summer, the R² is 0.922, still very good with 92.2% of 
variance explained, underlining the model's efficiency. In autumn, the R² drops slightly to 0.902, 
indicating a reduced performance compared to other seasons. In winter, the R² reaches 0.966, 
representing the best performance, with 96.6% of variance explained, demonstrating a very solid fit. 
The CL-LSTM model shows variable performance in wind speed prediction, with particularly poor 
results in spring and autumn, but notable effectiveness in winter, where errors (MAE and RMSE) are 
relatively low. 

The CL-LSTM model performed best in winter, while the BiLSTM and LLM-CNN models 
proved more effective in spring and summer. All models, however, struggled in autumn, posting 
higher errors, indicating that specific seasonal factors could affect prediction accuracy. 

The results of the MAE, RMSE and R² metrics for the different models LLL-LSTM, BiLSTM, 
LLM-CNN, CL-LSTM over the spring, summer, autumn and winter seasons can be interpreted as 
follows. 

4.3. Linear Regression and Residuals Graph 

The models were trained on the same data set for all four seasons. The results show that these 
models are able to accurately predict the test dataset, as illustrated in Figure 10. This figure shows 
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linear regression plots for the different methods. By analyzing these plots, we found that the CL-
LSTM method offers the best prediction performance, with an R² value of 0.966, followed by the LLM-
LSTM models, which is much more stable over the different seasons, and the BiLSTM model. 
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Figure 10. Graphical representation of statistical coefficients of determination. 

Figure 11 shows the scatterplots of predicted values against the linear line, representing the 
errors between predictions and actual wind speed values. The scatterplots show a high concentration 
of predictions around the perfect line, i.e. actual and predicted values, with less dispersion. We can 
see that the scatterplots of predictions are very close to the actual values for the different models for 
the different seasons of the year.  

  

  

Figure 11. Linear regression plots for the different methods between actual and predicted values. 

For Figure 12, it shows the residuals of the actual and predicted values against the indices or 
predicted values for each model. Good model accuracies can be observed. This is because the point 
clouds are randomly dispersed around the identity line. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 April 2025 doi:10.20944/preprints202504.1299.v1

https://doi.org/10.20944/preprints202504.1299.v1


 21 of 28 

 

  

 

Figure 12. Presentation of residues from different models for different seasons. 

4.4. Descriptive Statistical Analysis of Wind Speed Values 

The descriptive analysis of wind speed values obtained during forecasting using the different 
models (LLM-LSTM, BiLSTM, LLM-CNN, CL-LSTM) for the autumn, spring, winter and summer 
seasons is presented below. Values are expressed in meters per second (m/s) and include maximum 
values, quartiles (Q1, Q2, Q3) and minimum values. 

The descriptive statistical analysis in Table 7 shows that during spring, maximum wind speeds 
are highest in almost all models, reaching up to 28.65 m/s for LLM-LSTM and 28.39 m/s for LLM-
CNN. This indicates that spring is a favorable season for optimal wind turbine operation, probably 
due to storms and unstable weather systems. Maximum values remain high, with peaks around 27.67 
m/s for BiLSTM, which also suggests frequent windy conditions during winter. In summer, 
maximum wind speeds are significantly lower, reaching 19.54 m/s for LLM-LSTM, which is typical 
of more stable summer weather conditions. Q1 values (25th percentile) are relatively low in summer, 
indicating that 25% of wind speeds are below 2.36 m/s. The LLM-LSTM summer model shows low 
wind activity. The median (Q2) varies seasonally, with higher values in winter and spring, indicating 
that wind speeds are generally higher in these seasons. The 75th percentile values (Q3) are also higher 
in winter and spring, indicating that stronger winds are more frequent in these seasons. Minimum 
values are very low, especially in summer, when they reach 0.09 m/s for LLM-LSTM. This underlines 
the stability of summer weather conditions, with periods of calm winds. 
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Table 7. Descriptive statistical values for prediction. 

Models  Autumn Spring Winter Summer 
  V(10m/s) V(100m/s) V(10m/s) V(100m/s) V(10m/s) V(100m/s) V(10m/s) V(100m/s) 

LL
M

_L
ST

M
 Max 15.70 24.88 18.08 28.65 17.36 27.51 12.33 19.54 

Q3 12.11 19.19 12.48 19.78 13.23 20.97 8.48 13.44 
Q2 8.53 13.01 8.52 13.50 9.10 14.42 4.64 7.35 
Q1 4.46 7.07 3.74 5.93 4.75 7.53 2.36 3.74 
Min 0.40 063 0.59 0.94 0.87 1.38 0.09 0.14 

Bi
LS

TM
 

Max 15.94 25.26 17.49 27.72 17.46 27.67 12.22 19.37 
Q3 12.16 19.27 11.99 19.00 13.13 20.81 8.54 13.53 
Q2 8.33 13.20 8.15 12.92 8.80 13.95 4.87 7.72 
Q1 4.53 7.18 3.48 5.52 7.75 7.53 2.70 4.28 
Min 0.67 1.06 0.46 0.73 0.70 1.11 0.53 0.84 

LL
M

_C
N

N
 

Max 15.29 24.23 17.91 28.39 18.87 29.91 12.27 19.45 
Q3 11.96 18.96 12.21 19.35 14.07 22.30 8.54 13.53 
Q2 8.08 12.81 8.19 12.98 9.27 14.69 4.63 7.34 
Q1 4.48 7.10 3.33 5.28 4.63 7.34 2.43 3.85 
Min 0.33 0.52 0.17 0.27 0.98 1.55 0.23 0.36 

C
L_

LS
TM

 

Max 15.52 24.60 17.58 27.86 17.76 28.15 12.31 19.51 
Q3 11.88 18.83 11.97 18.97 13.36 21.17 8.56 13.57 
Q2 8.09 12.82 8.50 13.47 8.95 14.18 5.96 9.45 
Q1 4.38 6.94 3.96 6.28 4.65 7.37 2.79 4.42 
Min 0.52 0.82 1.55 2.46 0.36 0.57 0.77 1.22 

4.5. Energy Prediction from Selected Model 

Table 8 shows the electrical output of the wind turbine at the site in different seasons. This 
energy is highest in winter, spring and autumn. It is low in summer. The balance of high energy 
production is 4.91MWh minimum and 0.89 MWh. 

Table 8. Presentation of different values fo V0, K0, C0, FC and E. 

Seasons V0 K0 C0 (m/s) FC E (MWh) 
Spring 8.34 3.03 9.34 0.68 4.25 
Summer 5.025 2.38 6.76 0.55 0.89 
Autumn 8.42 3.05 9.42 0.68 4.10 
Winter 8.95 3.14 10.00 0.69 4.91 

The reference wind speed (V0) is highest in winter (8.95 m/s) and autumn (8.42 m/s), indicating 
that these seasons are conducive to stronger winds. In summer, on the other hand, the reference wind 
speed is significantly lower (5.025 m/s), which is typical of the calmer weather conditions of this 
season. K0 values are highest in winter (3.14) and autumn (3.05), indicating that wind speeds are more 
predictable and less dispersed during these seasons. In summer, the K0 value is lower (2.38), 
suggesting greater variability in wind speeds, consistent with more unstable weather conditions. 
Higher C0 values in winter (10.00 m/s) and autumn (9.42 m/s) indicate that turbines can operate 
efficiently at higher wind speeds during these seasons.  In summer, the cut-off speed is lower (6.76 
m/s), which may mean that turbines are less stressed due to lower wind speeds. FC values are highest 
in winter (0.69) and autumn (0.68), suggesting that turbines operate more efficiently in these seasons. 
In summer, FC is lowest (0.55), consistent with low wind speed and reduced energy production. The 
highest power values are observed in winter (4.91 MW/m2) and spring (4.25 MW/m2), indicating 
higher wind energy production during these seasons. In summer, power levels are significantly lower 
(0.89 MW/m2), reflecting low wind speeds and reduced energy production. In general, autumn and 
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winter are the most favorable seasons for wind power generation, while summer production is very 
low, requiring another alternative source to make up the energy shortfall during this period. 

4.6. Determining Wind Direction 

To optimize the orientation of the wind turbine so that it effectively captures the prevailing 
wind, it is essential to determine the wind speed direction. To this end, we use a wind rose diagram, 
which illustrates the distribution of wind directions over a given period. This diagram was generated 
using WRPLOT software, a tool renowned for its efficiency in analyzing wind data. Figure 10 shows 
the corresponding diagrams for the different seasons of the year, highlighting seasonal variations in 
wind directions. This not only helps to identify the periods when the wind is strongest, but also to 
understand how wind direction changes over the seasons, which is crucial for maximizing wind 
energy production. 

 

Figure 13. Four-season wind rose diagram. 

Interpretation of the wind roses for the different seasons, i.e. autumn, winter, spring and 
summer in the Bodele depression zone, is essential for assessing the wind potential of this region at 
various times of the year. As shown in Figure 10, during autumn, winter and spring, the dominant 
wind direction is north-northeast, with maximum frequencies of 55%, 54.5% and 30.4% respectively. 
In summer, the main wind direction changes to north-east, with a maximum frequency of 26.7%. The 
absence of calm winds in autumn is particularly promising for the development of wind energy, as 
it indicates a consistency in wind conditions, which is ideal for the installation of wind turbines. On 
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the other hand, we observe a certain presence of calm winds in winter and spring, with frequencies 
of 0.09% and 0.31%, respectively, as well as 0.84% in summer. Although these calm winds are 
significant, they do not call into question the wind potential of winter and spring, which remain 
favorable, even if slightly less optimal than autumn. The installation of wind turbines must take 
account of prevailing wind directions to maximize their efficiency.  In autumn, winter and spring, 
the prevailing wind direction is north-northeast. To optimize the capture of this wind, wind turbines 
should be oriented towards the north-northeast. This will ensure that they are positioned to capture 
the wind when it blows in this direction. Analysis reveals that wind conditions during autumn, 
winter and spring are favorable for wind energy projects, thanks to their reliability and consistency. 
In summer, the prevalence of calm winds is an obstacle to the installation of wind turbines. Thus, we 
can conclude that wind energy potential is acceptable in autumn, winter and spring, while it is less 
favorable in summer. These results underline the importance of a seasonal assessment to optimize 
the deployment of wind infrastructure in the region. 

5. Conclusion and Outlook 

This study evaluated the performance of four hybrid machine learning algorithms during 
different summers, springs, autumns, and winters in forecasting wind speed.  The work takes into 
account various input data (temperature, relative humidity, velocity direction and solar radiation) 
from the NASA website.  To evaluate the performance of machine learning algorithms, three metrics 
(RMSE, MAE, and R2) are examined in this research. Some important results can be drawn on the 
basis of current findings. In terms of R2, we can say that all the algorithms used gave good results. 
Indeed, algorithms in this research ranged from 0.902 in autumn to 0.966 in winter. For all the 
statistical measures for the seasons, the best results were obtained in winter. It can be seen that the 
majority of the values obtained are acceptable. This means that the majority of prediction results can 
be classified as reasonable or good predictions. However, by analyzing all the error magnitudes of 
the randomly determined observations in this research, it is deduced that the error magnitudes when 
using the CL-LSTM algorithms and the proposed LLM-LSTM model are very low compared to those 
of the other algorithms used. These results can help the Chadian government to make better decisions 
regarding the integration of wind energy as one of the main sources of electricity in the future. Future 
work will focus on the analysis of different wind speed profiles and the characteristics of data 
collected from meteorological stations. The aim will be to develop more effective prediction models. 
In addition, combined machine learning algorithms will be applied to improve forecast accuracy. 
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Abbreviations and Acronyms 
WED Wind Energy Density 
V Wind speed, m/s 𝒇(𝒗) Probability of observing wind seed 𝒑(𝒗) Wind power, kwh 
VC Cut-in wind speed, m/s 
CF Capacity Factor, % 
N The number of data pairs 
X The values of the first variable 
Y The values of the second variable ∑𝒙𝒚∑𝒙𝒚 The sum of the values of the first variable ∑𝒙∑𝒙 The sum of the values of the first variable ∑𝒚∑𝒚 The sum of the values of the second variable 
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∑𝒙𝟐∑𝒙𝟐 The sum of the squares of the values of the first variable 
∑Y2∑Y2 The sum of the squares of the values of the second variable 𝒌 Shape factor 𝒄 Scale factor (m/s) 𝒛𝟏, 𝒛𝟐, 𝒛𝟑 Heights 𝒗(𝒛) Reference speed 𝒏 Total number of trees in the ensemble 𝒇(𝒛) Activation function 𝒘 Weight associated with each connection 𝒉(𝒙) Specific regression model 
ƛ Bias or intercept of the model 𝒚ෝ𝒊 Predicted value 𝜶 Pegularization parameter 𝜷𝒋 Associated coefficient 
J(Β) Cost function to minimize 

1th −  
previous hidden state 

tx  
input at time t 

σ  Sigmoid function. 
  Element by element product (Hadamard product). 

tC  
Cell status at time t. 

iW ,
Wf , CW ,

Wo , ib , fb , Cb , ob  are the weights and biases learned by the network 

th


  Hidden state of front LSTM encoder. 

th


 Hidden state of rear LSTM encoder 

( )x t  is the word at time t ; 

( )x t  is the embedding of the word x(t) 

h( )t  is the hidden state of the LSTM layer at time 

( )iy t  is the output of the convolution layer 

( )z t  is the output of the pooling layer at time t 
σ  is the sigmoid activation function 
tanh  is the hyperbolic tangent activation function 

iw , fw , ow , gw , cw  sw  are the weight matrices 

ib , fb , ob , gb , sb , cb  are the bias vectors 

iu , fu , ou , gu  are the weight matrices for recurrent connections 
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