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Abstract:  Accurate short-term wind power forecasting plays a critical role in enhancing the reliability 

and efficiency of wind farm operations, especially in regions with high wind variability such as coastal 

Vietnam. This study investigates the application of three advanced artificial intelligence (AI) Long short-
term memory (LSTM), Gated recurrent unit (GRU), and Xtreme gradient boosting (XGBoost) for wind 

power prediction using real-world SCADA data collected from the WT01  turbine -4MW at the wind farm 

Ninh Thuan over a 360-day period. The forecasting performance of these models is evaluated under three 
feature scenarios: (i) wind speed only, (ii) wind speed combined with rotor speed, and (iii) a comprehensive 

set of five features including wind speed, rotor speed, pitch angle, vibration level, and internal temperature. 

Model performance is assessed using standard metrics such as RMSE, NMAPE, and training time. Results 
show that LSTM achieved the highest accuracy, with RMSE and NMAPE of 654.15 kW and 12.82%, 

respectively, when trained with all five features. GRU delivered comparable results with shorter training 

time, while XGBoost exhibited superior computational efficiency but slightly lower accuracy. These 

findings highlight the importance of feature richness in enhancing prediction accuracy and suggest that the 
choice of forecasting model should consider both accuracy requirements and computational constraints. 

The study offers practical insights for AI-based forecasting system design tailored to the operational needs 

of wind power facilities in Vietnam and similar regions. 
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1. Introduction  

Vietnam possesses substantial potential for wind energy development. According to national 
projections, the total installed wind power capacity is expected to reach 19 GW by 2030 accounting for 

13.8% of the national energy mix and increase to 60 GW by 2045, representing 21.8% (Dinh et al.,  2021; 

Do, 2018). Wind energy is therefore anticipated to become a pivotal component of the national power 

system. Owing to Vietnam’s tropical monsoon climate, extensive coastline, steep terrain, and diverse 
topography, selecting appropriate forecasting models for wind power output is of scientific and practical 

significance in ensuring the efficient deployment of wind energy technologies. 

Wind power forecasting has garnered considerable attention in recent years, with numerous studies 

investigating the application of artificial intelligence (AI) techniques. For instance, studies (Tejas et al.,  

2022; Mladen et al., 2025) demonstrated the effectiveness of AI-based approaches. In (Tejas et al.,  2022), 
a combination of polynomial regression and Long Short-Term Memory (LSTM) networks was utilized for 

long-term wind power prediction using a three-year dataset from the National Institute of Wind Energy 

(NIWE). Study (Mladen et al., 2025) emphasized the necessity of further experimentation and validation 

of AI algorithms to enhance the reliability and performance of wind energy forecasting systems. 

In study (Ömer, 2023), various neural network models including Artificial Neural Networks (ANN), 
Recurrent Neural Networks (RNN), Convolutional Neural Networks (CNN), and LSTM were evaluated. 

The LSTM model showed superior performance in estimating wind energy output. However, the study only 

compared basic deep learning models and did not include more advanced approaches such as Gradient 
Boosting frameworks (e.g., Xtreme gradient boosting (XGBoost), Light Gradient Boosting Machine 

(LightGBM), limiting the generalizability of its conclusion that LSTM is the optimal choice. 

Study (Shezeena et al., 2023) compared a statistical model, AutoRegressive Integrated Moving 

Average (ARIMA), with a deep learning model, Gated recurrent unit (GRU), using wind power data 

collected from a plant in Jhimpir, Pakistan. The GRU model achieved the lowest error metrics and highest 
accuracy, outperforming the ARIMA model in short-term prediction tasks. Meanwhile, studies (Hossain et 
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al., 2021; Wen et al., 2023; Yang et al., 2024) emphasized the growing adoption of hybrid AI approaches, 

citing their improved adaptability and performance. These studies also stressed the critical influence of 

input feature selection on forecasting accuracy, underlining the need for well-engineered features tailored 

to specific forecasting contexts. 

Study (Kübra, 2023) proposed a short-term wind power forecasting framework using ANN models 
enhanced by swarm intelligence algorithms. Three approaches were compared: standard ANN, ANN 

combined with the Firefly Algorithm (ANN-FA), and ANN with Particle Swarm Optimization (ANN-

PSO). While swarm intelligence-based methods outperformed traditional techniques, the study lacked 
comparisons with more sophisticated AI models such as LSTM, GRU, or XGBoost thereby limiting the 

robustness of its findings. 

Moreover, a number of studies have focused on region-specific wind forecasting (Fadare, 2010; 

Tayeb, 2019; Vinod & Nikhil, 2022; Shezeena et al., 2023), showing that regional meteorological and 

geographical characteristics play a vital role in determining model performance. For example, study 
(Shezeena et al., 2023) found the GRU model suitable for the wind patterns in Jhimpir, Pakistan. In Tayeb 

(2019), five machine learning models were compared using meteorological data from Saudi Arabia, with 

ANN yielding the highest accuracy. Similarly, Fadare (2010) investigated different configurations of a 

three-layer feedforward ANN for forecasting in Nigeria, while (Vinod & Nikhil, 2022) utilized Himalayan 
region features and confirmed the reliability of ANN for wind speed prediction. However, these studies 

also share the common limitation of not evaluating more advanced models such as LSTM or GRU, which 

are known to effectively capture temporal dependencies in time series data. 

Several studies have also investigated wind power forecasting in the context of Vietnam (Dinh et al., 

2021; Nguyen & Do, 2023; Huynh et al., 2025; Nguyen et al., 2025). However, a common limitation of 
these works lies in their reliance on relatively simple forecasting models and basic input features. Most of 

the studies employed conventional approaches without exploring the potential of more advanced techniques 

such as LSTM, GRU, or XGBoost. Furthermore, the lack of consideration for complex input features such 
as meteorological, topographical, and temporal dependencies may limit the forecasting accuracy of these 

models when applied to real-world scenarios involving high-dimensional or nonlinear data. As a result, the 

effectiveness of these models remains restricted, particularly in situations where input data exhibit complex 

patterns and variability. Analysis and selection of wind speed forecasting models. 

A review of the existing literature reveals that LSTM, GRU, and XGBoost are among the most 
promising and widely adopted approaches for modern wind speed forecasting. The performance of these 

models is strongly influenced by the unique characteristics of each region. Within this context, the present 

study evaluates and compares the performance of LSTM, GRU, and XGBoost models for a coastal wind 
power plant in southern Vietnam. The primary objective is to identify the most suitable model that best 

captures the distinct climatic and topographical features of this region. 

2. Analysis and selection of wind speed forecasting models 

2.1. Forecasting model Model of asynchronous motor 

2.1.1.  LSTM model 

The LSTM is a variant of Recurrent Neural Network (RNN) designed to capture long-term 

dependencies in sequential data, making it particularly well-suited for time series forecasting tasks with 
temporal lags and delayed correlations (Ivan et al., 2024). The internal architecture of an LSTM network 

includes memory cells and gating mechanisms that control the flow of information over time, effectively 

addressing the vanishing gradient problem commonly encountered in traditional RNNs. The standard 

structure of an LSTM cell is illustrated as follows (Fachrizal et al., 2023): 
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Fig. 1. Structure of LSTM model 

The LSTM model consists of six main components: the forget gate (ft), the input gate (it), the 

candidate cell state (𝐶̃𝑡), the cell state update (Ct), the output gate (ot), and the hidden state output (ht). 

These gates and states collaboratively control the information flow within the LSTM cell across time steps. 

Their behaviors are defined by the following equations (Aslam et al., 2021): 

𝑓𝑡 = 𝜎(𝑊𝑓 . [ℎ𝑡−1 , 𝑥𝑡] + 𝑏𝑓) (1) 

𝑖𝑡 = 𝜎(𝑊𝑓 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (2) 

𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝐶 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) (3) 

𝐶𝑡 = 𝑓𝑓 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶̃𝑡  (4) 

𝑜𝑡 = 𝜎(𝑊𝑜. [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (5) 

ℎ𝑡 = 𝑜𝑡 ⊙ tanh⁡(𝐶𝑡) (6) 

Where: xt - input at time step t; ht-1  hidden state from the previous time step; Ct-1 - previous cell state; 

 - sigmoid activation function; tanh - hyperbolic tangent activation function; Wf, Wi, WC, Wo - weight 

matrices for each gate; bf, bi, bC, bo - bias vectors; ⊙ - denotes element-wise product. 

2.1.2. GRU model 

The GRU is a simplified variant of the Recurrent Neural Network (RNN), designed to reduce 

computational complexity while preserving the ability to capture long-term dependencies in time series 

data (Kyunghyun et al., 2014). The structure of GRU shares several similarities with LSTM. However, it 
does not utilize a separate cell state. Instead, it maintains a single hidden state to represent memory. In this 

study, the GRU-based model is constructed by replacing the LSTM layer in the deep learning architecture 

with a GRU layer, while keeping the training parameters unchanged (Saeed, 2023). 

 

Fig. 2. Structure of GRU model 
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The GRU model consists of the reset gate (rₜ), update gate (zₜ), candidate hidden state (ĥₜ), and the 

final hidden state (hₜ) (Rajagukguk et al., 2020): 

𝑟𝑡 = 𝜎(𝑊𝑟. 𝑥𝑡 +𝑈𝑟 . ℎ𝑡−1 + 𝑏𝑟) (7) 

𝑧𝑡 = 𝜎(𝑊𝑧. 𝑥𝑡 +𝑈𝑧 . ℎ𝑡−1 + 𝑏𝑧) (8) 

ℎ̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊ℎ. 𝑥𝑡 +𝑈ℎ. (𝑟𝑡 ⊙ ℎ𝑡−1) + 𝑏ℎ) (9) 

ℎ𝑡 = (1 − 𝑧𝑡) ⊙ ℎ𝑡−1 + 𝑧𝑡⨀ℎ̃𝑡 (10) 

where xt -  input vector at time step t; ht-1 - hidden state at the previous time step;  σ -  activation 

function; tanh - hyperbolic tangent activation function; Wr, Wz , Wh and Ur, Uz , Uh - weight matrices for 

each gate; br, bz , bh - bias vectors associated with each gate. ⊙ - denotes element-wise product. 

The hyperparameters of the GRU model are configured to be identical to those of the LSTM model 

to ensure consistency in the performance comparison 

2.1.3. XGBoost model 

XGBoost is a modern boosting algorithm based on decision trees, specifically designed to efficiently 
handle non-sequential regression problems. Unlike traditional boosting methods, XGBoost is 

computationally optimized through the incorporation of techniques such as tree pruning, parallel 

processing, and regularization to control model complexity (Bae et al., 2022). The predicted output of the 

XGBoost model is computed using Equation (Chen & Guestrin, 2016). 

𝑦̂𝑖 = ϕ(𝑥𝑖) = ∑fk(x𝑖), fk ∈ ℱ

K

k=1

 (11) 

where: 𝑦̂𝑖 ⁡- the predicted power output at the forecasting time; fk - denotes the k decision tree in the 

ensemble; xt - represents the input features at time t; k - the total number of trees in the ensemble; and ℱ -

the functional space containing all possible regression trees.  

This formula expresses how the XGBoost model generates predictions as the sum of the outputs from 

individual decision trees, with each tree contributing to the final forecast. The objective function in the 

XGBoost regression model includes a regularization term and is defined by the following equation: 

ℒ(ϕ) =∑l(y𝑖 , 𝑦̂𝑖) +∑Ω(fk)⁡⁡

K

k=1

⁡⁡

n

t=1

 (12) 

where: ℒ(ϕ) - the objective function to be optimized; yi - denotes the actual value at time t; 𝑦̂𝑖 ⁡- the 

predicted value at time t; K - the number of leaves in each decision tree; fk  - the k decision tree in the 

ensemble; l(y𝑖 , 𝑦̂𝑖)⁡- the loss function measuring the discrepancy between the actual and predicted values; 

and Ω(fk) - the regularization term associated with the k decision tree.  

This formula indicates that the objective of the XGBoost model is to minimize the total loss over the 
training dataset along with the cumulative regularization terms of all decision trees. This helps control 

overfitting and improves the model’s generalization to unseen data. The regularization function Ω in the 

XGBoost model is defined as follows 

Ω(f) = γT +
1

2
λ‖𝜔‖2 (13) 

where: f - the decision tree to be regularized; γ - the regularization parameter that penalizes the total 

number of leaves (T) in the tree; λ - the parameter that controls the magnitude of the leaf weights; T- denotes 

the number of leaves in the decision tree f; ω - represents the leaf weights. The regularization function Ω(f)  

consists of two main components: the term γT⁡penalizes the complexity of the tree by limiting the number 

of leaves, while the term 1
1

2
λ‖𝜔‖2  penalizes large leaf weights by summing their squared values scaled 

by λ. The purpose of this regularization is to prevent the model from becoming overly complex, thereby 
enhancing its stability and generalization ability on unseen data. The parameters γ and λ are typically tuned 

to achieve an optimal balance between training performance and model generalization. 

To adapt the model for time series forecasting, the look-back sequences are transformed into flattened 

input vectors comprising 48 input features. The XGBoost model is configured with 100 decision trees, a 
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maximum tree depth of 4, and a copper loss learning rate of 0.1. 

2.2. Evaluation and selection of forecasting Models 

After training, the models are evaluated using three main performance metrics: Root Mean Square 
Error (RMSE), Mean Absolute Percentage Error (MAPE), and Normalized Mean Absolute Percentage 

Error (NMAPE). These error metrics are defined as follows (Meng et al., 2019): 

RMSE = √
1

n
∑(ŷi − yi)

2

n

i=1

 (14) 

RMAPE =
100

n
∑

|Pi
db − Pi

tt|

Pi
tt

n

i=1

 (15) 

NMAPE =
100

n
∑

|Pi
db − Pi

tt|

Pdm

n

i=1

 (16) 

where:⁡ŷi⁡- the predicted power output (kW), yi - the actual power output (kW), Pi
db - the predicted 

power generation  (MW), Pi
tt⁡- the actual power generation (MW), Pdm - denotes the rated (installed) 

capacity of the power plant (MW), n - the number of forecasted instances evaluated within the considered 

forecasting period. 

3. Wind speed prediction results 

The output power P(W) generated by each wind turbine is described by the following equation (Oscar 

et al., 2023; Farzad & Jalal, 2020). 

P =
1

2
. 𝐴. 𝐶𝑝. 𝑁𝑝. 𝑁𝑔 . 𝑁𝑏 . 𝑉

3 (17) 

where ρ - the air density (kg/m3), A - the rotor swept area (m2), Cp - the power coefficient, V - the 

wind speed (m/s), Ng - the generator efficiency, Nb - the gearbox efficiency 

ρ =
353

T + 273
𝑒

−ℎ

29.3(𝑇+273) (18) 

where, T - enotes the ambient temperature (0C), h - represents the elevation of the wind turbine above 

sea level 

In this study, the data used for forecasting were collected from the SCADA system at the Wind Farm 

– Ninh Thuan, over a period of 360 days from January 1, 2024, to December 31, 2024. The samples were 
continuously recorded every 30 minutes, 24 hours a day, from turbine WT01 - 4MW at the wind farm. Each 

day, a total of 144 data records were gathered, each including the following input features: power output, 

wind speed, rotor speed, pitch angle, vibration level, and internal temp. The structure of the dataset is 

illustrated in Table 1. 

Tab. 1. Structure of the collected dataset with a 30-minute sampling interval 

Datetime 
Wind 

speed 

power 

output 

Rotor 

speed 

Pitch 

angle 

Vibration 

Level 

Internal 

Temp 

01/01/2024 0:00 3.84 182.08 5.71 0 0.13 15.38 

01/01/2024 0:30 5.39 650.5 7.33 0 0.13 16.7 

01/01/2024 1:00 4.43 229.3 5.96 0.11 0.11 15.2 

01/01/2024 1:30 5.24 601.67 7.59 0.41 0.07 17.23 

…… …… …… …… …… …… …… 

12/31/2024 21:30 4.6 371.56 6.41 0.68 0.06 20.29 

12/31/2024 22:00 2.96 0 4.32 0 0.07 19.66 

12/31/2024 22:30 2.45 0 3.29 0 0.13 18.12 

12/31/2024 23:00 1.96 0 3.48 0 0.09 15.35 

12/31/2024 23:30 4.73 385.75 6.36 0 0.1 16.96 

The data used for this forecasting model were collected at 30-minute intervals and split into training 
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and testing sets with a ratio of 70% for training and 30% for testing. Additionally, a separate forecasting 

dataset—comprising data from February 1 to February 3, 2025 was constructed and excluded from the 

training phase, the algorithm is implemented as follows: 

Step 1: Data Preprocessing: Raw data collected from wind farms often contain outliers and missing 

values due to various reasons such as system errors, scheduled maintenance, and unexpected faults. 
Therefore, unprocessed data cannot be directly used for model training. Several methods and software tools 

have been developed for data cleaning and preprocessing, including SPSS, STATA, EViews, and R. 

In this study, the Orange software (Outliers  Orange Visual Programming 3, Documentation, n.d.) 

was used to detect and eliminate outliers. Various outlier detection algorithms available in Orange were 

employed, such as: Support Vector Machine (SVM): A supervised learning algorithm that views input data 
as vectors in space and classifies them into distinct classes, Local Outlier Factor (LOF),  Isolation Forest, 

and others. To enhance data quality, additional domain-specific filtering was applied by integrating the cut-

in, cut-out, and the characteristic power curve of the EN141-4MW wind turbine. After preprocessing, the 

dataset achieved a fit accuracy of 0.98, and its distribution is illustrated in Figure 3. 

Step 2: Data Input and Splitting: The preprocessed dataset was divided into 70% for training and 
30% for testing. Additionally, an independent forecast dataset comprising three days (from February 1 to 

February 3, 2025) was constructed for model validation. 

Step 3: Model Development: Three forecasting models were developed: LSTM, GRU, and XGBoost 

(Tab. 2). 

 

Fig. 3. Wind data distribution 

Step 4: Model Training and Evaluation: Each model was trained using appropriate algorithms, and 

performance was evaluated based on Mean Squared Error (MSE) and training time. 

Step 5: Forecasting and Performance Comparison, The trained models (LSTM, GRU, and XGBoost) 

were then applied to the forecast dataset. Both training time and forecasting time for each model were 

recorded to assess computational efficiency. A visual comparison chart was created to illustrate the 
differences between the actual power output and the forecasted results from each model, highlighting their 

effectiveness and behavioral characteristics. 

Hyperparameters of the model First Layer: Number of Neurons: 100 First Dropout Layer: Dropout 

Rate: 20% Second Layer: Number of Neurons: 100 Second Dropout Layer: Dropout Rate: 20% Dense 

(Output) Layer: Number of Neurons: 1 (to predict a single value) Training configuration of GRU: 
Optimizer: adam Loss function: mean_squared_error (MSE) Epochs: 50 used with EarlyStopping to avoid 

overfitting batch size: 64. 

The objective of employing multiple models is to compare forecasting performance using the Mean 

Absolute Percentage Error (MAPE) metric. The model with the best performance is selected as the most 

suitable for wind power generation forecasting applications. 
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Tab. 2. Forecasting results of models using five input features 

Timestamp Actual (kW) LSTM (kW) GRU (kW) XGBoost (kW) 

2025-02-01 00:00:00 1075.82 452.1499515 479.4420898 621.0938215 

2025-02-01 00:30:00 916.39 494.8174417 534.7190559 483.05621 

2025-02-01 01:00:00 543.72 505.9791103 553.9602757 731.3117355 

2025-02-01 01:30:00 896.9 528.4619451 558.0401838 604.0853173 

2025-02-01 02:00:00 0 551.4071882 587.5385642 601.0202855 

2025-02-01 02:30:00 611.13 535.0481272 596.5555429 550.935486 

2025-02-01 03:00:00 556.13 607.4391782 658.2754344 544.9719608 

2025-02-01 03:30:00 373.16 663.5638565 688.5131299 717.8195626 

2025-02-01 04:00:00 406.78 714.2494082 723.2103109 712.8933817 

2025-02-01 04:30:00 1825.96 818.8114643 791.1657214 660.5091512 

…………………     

2025-02-03 20:30:00 423.23 935.4496479 1015.757185 1059.476852 

2025-02-03 21:00:00 803.38 870.6641614 926.4260352 953.7259966 

2025-02-03 21:30:00 331.15 713.93736 774.6011317 456.1531305 

2025-02-03 22:00:00 305.84 672.2841829 719.5964098 562.5763983 

2025-02-03 22:30:00 898.67 556.0559928 644.3487346 295.0683251 

2025-02-03 23:00:00 628.59 529.4738173 611.2916529 342.5491869 

2025-02-03 23:30:00 231.2 531.1252445 591.2136734 437.6347661 

To further assess the correlation between input features and wind power output, as well as the 

effectiveness of machine learning algorithms under real-world operational data, this study investigates three 

training scenarios with varying feature sets: 

(i) using wind speed only, 

(ii) using wind speed combined with rotor speed, and 

(iii) using five features: Wind Speed, Rotor Speed, Pitch Angle, Vibration Level, and Internal 

Temperature. 

Table 3 presents the forecasting performance of the LSTM, GRU, and XGBoost models under each 

scenario, evaluated by performance metrics including Root Mean Square Error (RMSE), Normalized 
RMSE (NRMSE), Mean Absolute Percentage Error (MAPE), Normalized MAPE (NMAPE), and both 

training and forecasting time. This comparison aims to determine how the inclusion of additional input 

features affects prediction accuracy and computational efficiency across different models. 

Tab. 3. Accuracy assessment of forecasting models under different feature scenarios 

Use a characteristic called wind speed 

Evaluation indicators LSTM GRU XGBoost 

Training and forecast time(s) 638.31 762.79 6.4 

RMSE (kW) 656.86 661.96 688.55 

NRMSE (%) 16.42 16.54 17.21 

MAPE (%) 88.27 90.05 89.41 

NMAPE (%) 12.97 13.11 13.44 

Using two characteristics: wind speed and rotor speed 

Evaluation indicators LSTM GRU XGBoost 

Training and forecast time(s) 638.31 762.79 6.4 

RMSE (kW) 656.86 661.96 688.55 

NRMSE (%) 16.42 16.54 17.21 

MAPE (%) 88.27 90.05 89.41 

NMAPE (%) 12.97 13.11 13.44 

Using five characteristics: Wind Speed, Rotor Speed, Pitch Angle, Vibration Level, Internal Term 

Evaluation indicators LSTM GRU XGBoost 

Training and forecast time(s) 737.9 776.63 10.67 

RMSE (kW) 654.15 657.25 686.35 

NRMSE (%) 16.35 16.43 17.15 

MAPE (%) 84.5 87.5 92.35 
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NMAPE (%) 12.82 12.95 13.4 

Based on the experimental results summarized in Table 3, a clear trend emerges: as the number of 

input features increases, the accuracy of the models improves across various metrics particularly for deep 

learning models such as LSTM and GRU. In the first scenario, where only wind speed is used, the LSTM 

model achieved the lowest RMSE of 656.86 kW, followed closely by GRU with 661.96 kW, while 
XGBoost exhibited slightly higher error values. When rotor speed was added as a second feature in the 

second scenario, a modest improvement in accuracy was observed, especially in the GRU model. However, 

an increase in MAPE was recorded across all three models, indicating that rotor speed alone may not 

sufficiently enrich the input information to significantly enhance forecasting performance. 

The most notable improvement occurred in the third scenario, where all five features Wind Speed, 
Rotor Speed, Pitch Angle, Vibration Level, and Internal Temperature were used. The LSTM model 

achieved the best performance, with an RMSE of 654.15 kW and an NMAPE of 12.82%. While GRU and 

XGBoost also showed improvements in RMSE and NRMSE, their MAPE and NMAPE remained slightly 

higher than those of LSTM. In terms of training and forecasting time, XGBoost consistently completed 
both tasks hundreds of times faster than LSTM and GRU. However, this gain in speed came at the cost of 

slightly higher forecasting errors. Therefore, XGBoost may be better suited for systems requiring rapid 

response times, such as ultra-short-term forecasts (5–10 minutes), whereas LSTM and GRU models are 
more appropriate when accuracy is the top priority. To visually illustrate the forecasting performance of the 

models, Figure 4 below presents the prediction results of the LSTM, GRU, and XGBoost models when 

trained with all five input features. 

 

Fig. 4. Comparison of wind power forecasting results of LSTM, GRU and XGBoost models using 5 features 

Figure 4 clearly illustrates the forecasting performance of the three models LSTM, GRU, and 

XGBoost when trained on a dataset comprising five features: wind speed, rotor speed, pitch angle, vibration 

level, and internal temperature. The actual power output curve exhibits sharp fluctuations with numerous 

peaks and deep troughs, reflecting the highly volatile nature of wind energy during the observation period. 

All forecasting models generally follow the overall trend of the actual data quite well, with LSTM 

and GRU showing particularly strong alignment. These two deep learning models captured the high power 
peaks with relatively high accuracy in both temporal location and amplitude, although some sudden spikes 

were smoothed out or slightly underpredicted. XGBoost, while occasionally providing quicker and more 

detailed responses at certain time points, demonstrated less stability during transitional phases and tended 

to under-represent the amplitude of fluctuations. This suggests that XGBoost is more adaptable to linear or 

near-linear patterns but struggles with the strong nonlinear dynamics commonly present in wind power data 

4. Conclusions 

This study evaluated the effectiveness of three machine learning models LSTM, GRU, and XGBoost 
in short-term wind power forecasting using real SCADA data from a coastal wind turbine in Vietnam. By 

designing three training scenarios with increasing feature complexity, the study systematically investigated 

the influence of input variables on model accuracy and generalization capability. The results indicate that 
the LSTM model achieved the highest prediction accuracy when utilizing all five input features, with RMSE 

and NMAPE values of 654.15 kW and 12.82%, respectively. The GRU model yielded comparable accuracy 

with reduced training time, making it a suitable alternative in resource-constrained environments. XGBoost, 

while slightly less accurate, outperformed both deep learning models in terms of computational speed, 
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completing the training and forecasting process in under 11 seconds. 
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