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Abstract: Short-term wind power forecasting is essential for wind farm management and reliable grid 

operations. However, the accuracy of turbine-specific forecasting is often compromised by limitations 

in sequence modeling and misleading information from the surrounding wind turbines. To address 

these challenges, we proposed a novel DVTransformer (DTW-VARIMA-Transformer) framework for 

turbine specific forecast integrating Transformer neural networks and a predictive strategy. This 

approach integrates spatio-temporal dynamics using wind speed from the surrounding turbines to 

forecast the wind power of the target turbine in a wind farm. Wind turbines were selected using 

dynamic time warping (DTW) based metrics, which calculate the dynamic distance between wind 

speed time series, ensuring the reliability of spatial information. Additionally, we incorporated 

predicted wind speeds of surrounding turbines using vector autoregressive integrated moving     

average (VARIMA), alongside historical data, to better capture the influence of future wind conditions 

on the target turbine power output. The DVTransformer performance was assessed against parallel 

models under various metrics, including mean absolute error (MAE), mean squared error (MSE), and 

correlation coefficient (R), demonstrating significant improvements in a multi-step ahead forecasting 

task. The proposed DVTransformer was first validated on two representative turbines to assess 

turbine-specific forecasting performance. For 3-step-ahead forecasting, DVTransformer achieved an 

average MSE of 0.085 for turbine T01, corresponding to reductions of 34.92%, 24.77%, 2.20%,         

and 27.34% compared to the Fast Fourier Transformer (FFTransformer), Informer, Spatio-temporal 

Long Short-Term Memory (ST-LSTM), and Spatio-temporal Multi-Layer Perceptron (ST-MLP), 

respectively. Similarly, for turbine T05, the proposed model attained an average MSE of 0.090, 
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achieving MSE reductions of 38.45%, 23.08%, 2.93%, and 25.96% against the same benchmark models, 

demonstrating robustness across turbines. To further evaluate computational efficiency and scalability, a 

training-budget sensitivity analysis was conducted by comparing a DVTransformer trained for a single 

epoch against a fully trained Transformer. The results showed that the DVTransformer achieved 

comparable prediction accuracy across all turbines while reducing significant computational time. 

Evident from incorporating reliable spatial information, employing predictive wind conditions and 

using Transformer to capture long and short-term dependencies within time sequences increased the 

overall performance of the proposed method.  

Keywords: wind power forecasting; dynamic time warping (DTW); spatio-temporal correlation; 

projected wind conditions; Transformer neural network 

 

1. Introduction 

In recent years, wind power has become vital in the transition to low-carbon energy systems, 

driven by the global effort to mitigate climate change [1,2]. According to International Renewable 

Energy Agency (IRENA) 2024 statistics, global wind power capacity reached 1017.19 GW in 2023, 

and is continuing its steady growth [3]. However, despite its growing importance, the intermittent 

nature of wind and the unpredictability of local atmospheric conditions introduce volatility in power 

generation and complicate large-scale grid integration [4,5]. This variability poses significant 

challenges for maintaining grid stability and reliability [6,7]. To address these issues, the development 

of accurate and robust wind power forecasting techniques is essential for ensuring reliable integration 

of wind energy into the power grid [8–10].  

Wind power forecasting models operate across time scales [11], including very short-term (a few 

seconds to 30 minutes ahead) [12], which assists in real-time turbine control and load tracking [13], 

short-term (30 minutes to 6 hours ahead) [14,15], which is used for load dispatch planning [16], 

medium-term (6 hours to 1 day ahead) [17] ,which supports energy trading and power system 

management, and long-term (1 day to 1 week or more ahead) [18] aids in optimizing maintenance 

scheduling [19,20]. Accurate short-term forecasts of wind turbine power outputs are particularly 

crucial to prevent power grid disruptions caused by abnormal fluctuations in energy sources [8,9]. 

Forecasting models can be divided into four categories:  physical, statistical, machine learning 

and hybrid models [21]. Physical models forecast by considering meteorological factors (e.g., air 

pressure, humidity, and temperature), geographic information, but tend to be complex and less accurate 

for short-term forecasts [22]. On the other hand, statistical forecasting methods, such as the 

autoregressive integrated moving average (ARIMA) models [21], exponential smoothing [23,24], and 

grey model [25], rely on historical wind power data to identify potential correlations with future wind 

power. These statistical models are easier to build and generally offer higher accuracy for short-term 

forecasting compared to physical approaches, but their accuracy degrades as the prediction horizon or 

steps increase [22], which can be crucial for long-term forecasts.  

Machine learning models like the artificial feed-forward neural network [26], Kalman filter [27], 

random forests [28], support vector machines [29], the fuzzy logic method [30], extreme learning 

machines [31], and the elman network [32] have been increasingly applied in wind power forecasting. 

These models offer improved accuracy by learning complex patterns in wind power generation. With 

the advancements in deep learning technology, deep neural networks (DNNs) are widely employed in 
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wind power forecasting due to their superior capability in dealing with complex nonlinear problems, 

which greatly enhance the time series feature learning capability [8]. Notably, long short-term   

memory (LSTM) networks [33] are favored for their ability to analyze time-series data and have been 

widely adapted for forecasting tasks. They have been further extended through hybrid neural      

network (HNN) models integrating convolutional neural network (CNN) for feature extraction [34]. 

Attention-based models, particularly Transformer neural networks [35], have risen to prominence in 

time series forecasting due to their superior performance for addressing the long-term dependencies in 

the time series data more effectively in recent years. Niu et al. [36] utilized an attention-based gated 

recurrent unit (GRU) network for wind power forecasting. Compared with the single forecasting model, 

integrating forecasting approaches constitute hybrid models with the goal to enhance prediction 

accuracy, though the hybridization does not always guarantee better performance [9].  

In terms of forecasting objective, models are categorized into two types: Wind turbine forecasting, 

which predicts the power output of an individual turbine [37,38], and wind farm forecasting, which 

aggregates data from multiple turbines to predict the total output of the farm [39,40].  

The operation of large-scale wind turbines necessitates forecasts with higher spatial resolution 

than traditional farm-level predictions. Turbine-level forecasting is particularly beneficial for 

improving operational strategies in complex wind farms, where the spatial variability of wind across 

turbines can significantly impact power generation and operational efficiency [41]. Moreover, precise 

turbine-level predictions can assist in turbine-specific operations such as power curve analysis [42] 

and estimation [43], structural health monitoring for turbines [44], damage-mitigating control [45], 

load alleviation [46], wake steering and turbine-to-plant power optimization [47], turbine degradation 

modeling [48], and maintenance scheduling [49]. In [41], turbine-specific short-term wind speed 

forecasting is performed considering within-farm wind field dependencies and fluctuations. Studies on 

single wind farm multi-turbine forecasting have demonstrated that aggregating turbine-level 

predictions can outperform direct farm-level models, as individual turbines experience heterogeneous 

wind conditions across large wind farms. Browell et al. [50] showed that wind farm power forecasts 

based on a conditional weighted aggregation of turbine-level predictions achieve superior accuracy 

compared to direct farm-level forecasting for horizons up to 48 hours. Similarly, Yakoub et al. [51] 

reported that aggregated turbine-level modeling improves wind power forecasting accuracy by 

approximately 10% and 15% in terms of root mean square error (RMSE) and mean absolute  

error (MAE), respectively, relative to conventional farm-level approaches. Ezzat [41] proposed a 

turbine-tailored probabilistic forecasting framework that couples spatio-temporal wind speed modeling 

with a power curve-based power conversion, achieving about 9% improvement over persistence 

forecasts and 7–9% over autoregressive and Gaussian process-based methods. Zhang et al. [37] 

demonstrated that LSTM-based wind turbine power forecasting, coupled with Gaussian mixture  

model (GMM) uncertainty modeling, can effectively support turbine-level power dispatching in 

modern grid operations. Deng et al. [52] proposed a turbine-level hybrid self attention-based deep auto 

regressive recurrent neural network (SA-DeepAR) model that corrects Supervisory Control and Data 

Acquisition (SCADA) wind speed with LSTM and uses self-attention to capture input correlations, 

achieving 44% improvement in short-term wind power prediction accuracy. Su et al. [53] proposed a 

spatio-temporal hybrid model combining CNN, bidirectional long short-term memory (BiLSTM), and 

graph convolutional networks (GCN) to capture turbine correlations and multivariate meteorological 

patterns while using Wasserstein Generative Adversarial Networks (WGAN) to handle missing data, 

significantly improving multi-turbine wind power forecasting accuracy. Furthermore, Sopeña et al. [54] 

https://www.sciencedirect.com/topics/chemical-engineering/structural-health-monitoring
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highlighted that high-resolution SCADA-based turbine-level wind speed and power measurements can 

significantly enhance short-term forecasting performance through turbine-tailored models; however, 

such fine-grained modeling incurs substantial computational overhead, motivating the need for 

approaches that balance forecasting accuracy and computational efficiency. 

Spatial information plays a crucial role in wind power forecasting, as wind dynamics are 

inherently influenced by interactions among neighbouring turbines and wind farms. Understanding 

spatial dependencies among turbines can further refine forecasts and better account for spatial 

variability [7]. The spatial correlation between wind speed and direction was exploited in [55] by 

performing regression on spatial information conditioned on wind direction and in [56] through the 

application of vector autoregressive models. Dowell et al. [57] utilized spatial information by modeling 

the location parameter as a vector-valued spatio-temporal process, enabling the capture of spatial 

dependencies alongside temporal dynamics. Tastu et al. [58] demonstrated that leveraging multiple 

wind farms as spatial sensors significantly improves wind power forecasting accuracy at a target site. 

Yu et al. [59] developed a spatiotemporal wind speed prediction model based on graph attention 

networks (GAT) and GRUs to capture complex spatial and temporal dependencies. Zhen et al. [60] 

proposed BiLSTM-CNN considering temporal-spatial feature extraction for wind power forecasting. 

Yu et al. [61] introduced a regional wind power prediction approach employing spatiotemporal 

clustering and a hybrid neural network to effectively learn latent spatial-temporal dependencies among 

wind farms. 

Despite the progress in wind power forecasting, some gaps remain unaddressed. First, there is 

limited exploration of integrating predicted wind speeds alongside historical data to enhance        

turbine-specific forecasts. Second, models often aggregate wind power predictions across farms, 

overlooking the unique spatial characteristics and interactions between individual turbines. Moreover, 

while studies emphasize sophisticated deep learning models, simpler yet effective architectures can be 

equally competitive if spatio-temporal information is effectively utilized [62,63]. 

To address these gaps, we propose a novel DVTransformer approach that utilizes temporal and 

spatial features between wind turbines along with the projected wind conditions to enhance forecasting 

accuracy. This is achieved by analyzing the spatial distribution, dependence of data in similar wind 

conditions, and dynamic contextual information between the wind turbines to elevate wind power 

forecasting. Instead of aggregating predictions across wind farms, the proposed DVTransformer 

approach focuses on individual turbines using wind speed and wind power data to model spatial 

correlations. Spatial information reliability is ensured using Dynamic Time Warping (DTW). 

Incorporating predicted wind speeds from neighboring turbines, alongside historical data, enhances 

wind power predictions for a target turbine.  

The contributions of this paper can be summarized as follows: 

1. Integration of projected wind conditions in a spatio-temporal forecasting framework: The 

proposed method utilizes a novel approach of wind speed predictor to project the prevailing wind 

conditions of the surrounding turbines and utilize it in spatio-temporal transformer attention 

architecture to forecast the wind power of a target turbine. By integrating these predicted values, 

the model can better anticipate future wind conditions for the target turbine and its impact on 

power production, leading to more precise forecasting outcomes. 

2. Spatial information is analyzed to capture long-term dynamic spatial characteristics: 

DTWis used to evaluate the similarity of wind-speed patterns among turbines, ensuring that only 
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relevant spatial information contributes to forecasting. This reduces interference from unrelated 

or noisy spatial data, enhancing prediction reliability.  

3. Efficiency-focused forecasting with minimal training: The proposed DVTransformer achieves 

competitive multi-step wind power predictions while training for only a single epoch, 

demonstrating that high accuracy can be achieved under constrained computational budgets, 

which highlights the framework’s efficiency and practicality.  

The effectiveness of the DVTransformer is validated through multi-step wind power predictions 

on a real-world dataset, demonstrating its competitive performance against state-of-the-art models in 

comparative analyses. 

The rest of this paper is structured as follows: In Section 2, we provide an overview of the 

proposed methodology, along with a comprehensive description of the techniques employed. In 

Section 3, the datasets used in the study are presented. In Section 4, we briefly describe the evaluation 

metrics and experimental setup. In Section 5, we deliver a thorough analysis of the experimental 

findings and discuss the performance comparison between state-of-the-art forecasting models. In 

Section 6, we summarize the key conclusions of this work and suggest avenues for future research 

in Section 7. 

2. Framework of the proposed method 

In this section, we provide fundamental details on which the proposed novel method for short-term 

multi-step wind power forecasting, using spatio-temporal information and predicted wind conditions 

based on Transformer neural network, is formulated. 

To enhance the accuracy of spatial information and alleviate the risks associated with inadequate 

long-term dependency modeling, a novel method for multi-step wind power forecasting is proposed, 

illustrated in schematic Figure 1. Historical wind speed and power data are collected from wind 

turbines and undergo pre-processing steps to normalize amplitude and address any missing data issues. 

To enhance the reliability of wind condition assessments, spatial information is evaluated using DTW. 

This approach aims to improve forecasting accuracy by integrating valid measurements from 

neighboring wind turbines and employing predictive strategies. 

Figure 1. Framework of the proposed DVTransformer.  
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Additionally, Transformer-based neural networks [64] are utilized to effectively capture the 

intrinsic relationships between wind conditions and power outputs. Specifically, latent features from 

the wind speeds of surrounding turbines are extracted via encoders and then processed through 

cascaded decoders. The encoders and decoders employ a multi-head attention mechanism to model 

dependencies within sequences, regardless of distance, thereby addressing the challenge of long-term 

dependencies. Once the neural networks are developed and trained, real-time multi-step wind power 

predictions can be conducted using wind condition observations and power output data. The details of 

the proposed method are elaborated in the following subsections. 

2.1. Data acquisition & pre-processing 

The collection of wind power and wind speed data is done through SCADA and is typically 

averaged over ten-minute intervals to support short-term forecasting. With industrial internet of    

things (IIoT) advancements, this data is transmitted to central systems [65], but it may contain 

anomalies due to technical and environmental issues such as an absence of wind during run-up, 

anemometer defect, icing on anemometer, frequency converter error, tower resonance, sensor error, 

manual brake, and safety stop. It is mandatory to remove these anomalies by applying data pre-

processing techniques. 

Three variations of anomalies are reflected in the dataset in terms of (i) missing values (ii) outliers 

and (iii) negative power values. Missing values are usually represented in the form of NaN values. 

With relatively low proportion of missing entries, the affected instances are discarded. However, when 

the proportion is higher, it becomes necessary to identify the nature of the data loss and apply advanced 

data correction techniques. In this study, the missing data constitute only a small percentage of the 

total measurements and, therefore, these instances are removed. Furthermore, the Inter-Quartile 

Regression (IQR) method [66] is applied to the data, which enhances the accuracy of the dataset 

statistics by dropping outlying points. Moreover, negative power values are also removed from the 

dataset. The dataset is further standardized by removing the mean and scaling to unit variance for each 

feature, as given in Eq (1), where 𝝁 is the mean and 𝝈 is the standard deviation of the training samples. 

𝑧 =
𝑥−𝜇

𝜎
                                                                     (1)  

From the pre-processed data, selection criteria of surrounding turbines for a particular target 

turbine wind power forecast are discussed in the subsequent subsection. 

2.2. Reliability of spatial information using DTW 

Wind generation is driven by the movement of air masses from high-pressure to low-pressure 

regions, resulting in similar wind patterns at various turbines within a farm due to meteorological 

inertia [67,68]. For example, if the wind is blowing southwest, the wind at turbine T6 will reach T4 

and T5, leading to strong correlations in wind speed among these turbines, as illustrated in Figure 2. 

However, real-world environmental factors like terrain, surface roughness, and vegetation can alter 

airflow, causing variability in wind conditions at the target turbine [69]. Such uncorrelated wind data 

may introduce noise into the spatial information, and it is difficult to directly assess the significance 
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of each wind turbine in forecasting performance. Therefore, it is essential to assess the correlations 

between the target wind turbine and surrounding turbines.  

 

Figure 2. Example layout of a wind farm with multiple turbines. 

2.2.1. Dynamic Time Warping (DTW) 

In the proposed method, DTW is utilized to evaluate these correlations and serves as an indicator 

to determine the relative significance of the surrounding wind turbines with the target turbine. DTW 

is an algorithm that measures the similarity between two time series by aligning them in a non-linear 

fashion, enabling time shifts and distortions [70]. DTW is therefore employed to measure the similarity 

of dynamic characteristics, using the wind speed time series, of surrounding wind turbines.  

For two wind speed time series 𝑿 = {𝑥1, 𝑥2, . . . , 𝑥𝑚} and 𝒀 = {𝑦1, 𝑦2, . . . , 𝑦𝑛}, where (𝑚 ≤ 𝑛), 

DTW computes the optimal alignment by evaluating the distance 𝑑(𝑖 ≤ 𝑗)  =  |𝑥𝑖 , 𝑦𝑖|𝑃 between their 

elements, with |. |𝑃 representing the P norm. A distance matrix 𝐷𝑚𝑥𝑛 is constructed, with each element 

representing the distance between corresponding points in 𝑿  and 𝒀 . The DTW then identifies a 

warping path 𝑾𝐷𝑇𝑊 as represented by Eq (2), defines the optimal alignment sequence by minimizing 

the cumulative distance metric 𝑑(𝑖, 𝑗). The final distance reflects the accumulated cost of the optimal 

alignment path. 

𝑾𝐷𝑇𝑊 = {𝑤1, 𝑤2, . . . , 𝑤𝑘},   (𝑚𝑎𝑥(𝑚, 𝑛) ≤ 𝑘 ≤ 𝑚 + 𝑛 − 1)                    (2) 

The warping path must adhere to the following constraints: 

i. Boundary: 𝑤1 = (1,1),  𝑤𝑘 = (𝑚, 𝑛) 

ii. Continuity: Path can move only to adjacent points 

iii. Monotonicity: Adjacent points on the warping path must satisfy: 

 𝑤𝑖+1 −  𝑤1 ∈ {(1,0), (0,1), (1,1)}, (𝑙 = 1,2, . . . , 𝑘 − 1) 

The DTW uses dynamic programming to find the optimal path known as the warped path that 

minimizes cumulative costs through the cost matrix, aligning sequences by moving right, up, or 

diagonally, as shown by Eq (3). 
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𝐷𝑇𝑊(𝑖, 𝑗) = 𝑑(𝑖, 𝑗)  +  𝑚𝑖𝑛 {

𝐷𝑇𝑊(𝑖 − 1, 𝑗)
𝐷𝑇𝑊(𝑖, 𝑗 − 1)

𝐷𝑇𝑊(𝑖 − 1, 𝑗 − 1)
                                         (3) 

DTW evaluates the distance between the wind speeds of surrounding turbines and the least 

metrics score, which reveals the maximum correlation of wind conditions between wind turbines. To 

mitigate the interference from uncorrelated data of the surrounding wind turbines, adjacent 

neighboring wind turbines with minimum DTW scores are selected for the target wind turbine. By 

integrating data from these shortlisted wind turbines, we can gain a more comprehensive understanding 

of wind conditions compared to using single-turbine measurements. 

2.3. Modeling projected wind conditions 

Consider a farm with multiple wind turbines, where the objective is to predict the power output 

of a specific target turbine for instance T2 as in Figure 2. The target turbine T2 is influenced by wind 

conditions from multiple upstream or lateral turbines, such as T4, T5, and T6, and other surrounding 

turbines. Therefore, the wind speed is predicted for the upstream or correlated turbines, as it is valuable 

for the target turbine power prediction, since wind energy is highly correlated to wind speed at the 

wind site [71]. The future predicted wind data of these turbines supplement the wind power prediction 

of target turbine. 

Therefore, a predictor is employed to predict the wind speed for the turbines shortlisted by DTW 

to understand local wind field and its evolution in a broader perspective with the help of historical 

wind conditions. By modeling this wind field evolution, the proposed method can better account for 

wind flow patterns and their collective impact on the power output of the target turbine. 

2.3.1. Vector Autoregressive Integrated Moving Average (VARIMA) 

This predictor is modeled by applying the VARIMA model. It extends the traditional ARIMA [72] 

framework to support multivariate time series data by capturing the dynamics between them, 

addressing limitations of univariate analysis where significant external variables are overlooked [73]. 

Furthermore, this multivariate approach enables a more comprehensive representation of variable 

relationships, leading to more robust predictions [74,75]. Mathematically, it can be expressed as in Eq (4): 

𝚽(𝐵)(1 − 𝐵)𝑑𝒚𝒕 =  𝜹 +  𝚯(𝐵)𝜺𝒕                                                (4) 

where 

𝒚𝒕: 𝑛 variables at 𝑡 time − (𝑛 𝑥 1),  

𝚽: coefficient matrix of Vector Autoregressive (VAR) − (𝑛 𝑥 𝑛),  

𝜹: vector averages (𝑛 𝑥 1), 

𝚯: coefficient matrix of Vector Moving Average (VMA) − (𝑛 𝑥 𝑛), 

(1 − 𝐵)𝑑: differencing components,  

𝜺𝒕: error vector (𝑛 𝑥 1),  

𝐵: backshift operator. 

VARIMA modeling generally follows three major steps. First, model identification is performed 

by examining the stationarity of the multivariate time series and determining the appropriate 

differencing order (d). The autoregressive order (p) and moving-average order (q) are then selected 
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using autocorrelation analysis in conjunction with information criteria such as the Akaike Information 

Criterion (AIC) and Bayesian Information Criterion (BIC). Second, parameter estimation is carried 

out to jointly learn the coefficients of the vector autoregressive and moving-average components across 

all variables, typically using maximum likelihood or least-squares methods, enabling the model to 

capture temporal dynamics and cross-variable dependencies. Finally, diagnostic checking is conducted 

through residual analysis to ensure independence and white-noise behavior, after which the validated 

VARIMA (p, d, q) model is employed for multi-step-ahead forecasting. 

Based on the assumption that precise future wind speed data enhances power prediction accuracy, 

a VARIMA (p, d, q) model is employed as a “wind speed predictor” for surrounding turbines, given 

that true future wind speeds are unknown in advance. The model is fitted using historical wind speed 

data from the selected neighboring turbines. The optimal model orders (p, d, q) are determined using 

AIC and BIC. A rolling-window strategy with a window size of 32-time stamps is employed to update 

the model periodically with the latest observations. The window advances with a slide of a one-time 

step, such that each new input sequence is formed by discarding the oldest observation and appending 

the most recent available value, as shown in Figure 3(a). To prevent data leakage, the VARIMA model 

is trained using only historical observations available to each prediction time point. Forecasts are 

generated in a strictly forward-chaining manner, ensuring that no future information is used during 

model estimation. Multi-step-ahead wind speed forecasts are subsequently generated in a recursive 

manner using the fitted model. Specifically, for each input sequence length, the VARIMA model 

forecasts wind speeds 3-steps ahead for DTW based selected turbines. The sequence is then updated 

by embedding these predicted values at the end and discarding the initial three wind speed values. For 

instance, historical wind speed sequence data from 00:30 to 05:10, including VARIMA predicted wind 

speeds from 05:20 to 05:40, is used to predict the wind power output from 05:20 to 05:40 using 

DVTransformer with a temporal resolution of 10 mins, as shown in Figure 3(b). 

 
(a) 

 
(b) 

Figure 3. (a) Rolling mechanism with a window size of 32; and (b) Historical and 

VARIMA predicted wind speeds for multi-step wind power forecasting using 

DVTransformer. 
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2.4. DVTransformer for wind power modeling 

The objective of DVTransformer is to estimate the relationship between surrounding wind 

behaviors and power production. The updated wind speed matrix (𝑾𝒔), as shown in Eq 5, serves as 

the encoder input for wind power modeling, containing the historical and predicted wind speeds of 

three surrounding wind turbines (𝒘𝒔,𝑻𝑨
, 𝒘𝒔,𝑻𝑩

, 𝒘𝒔,𝑻𝑪
) along with a date-time feature (𝒙𝒅𝒕). As wind 

conditions are highly sensitive to daily weather variations, the date-time feature for the target turbine 

is derived from the sampling intervals of SCADA data. The updated sequence is then fed into the 

encoder, which extracts relevant information from this sequence for accurate power forecasting. The 

process is repeated for every sequence length during the training and inference of the Transformer 

neural networks. 

𝑾𝒔  =  {𝒙𝒅𝒕, 𝒘𝒔,𝑻𝑨
, 𝒘𝒔,𝑻𝑩

, 𝒘𝒔,𝑻𝑪
}                                                  (5) 

In the decoder stage, current wind power measurements are also employed to represent the initial 

state of sequences. The output of encoder-decoder Transformer neural network is the power vector 𝒑𝑳, 

as represented in Eq (6), containing the multi-step ahead wind power of the target turbine that is 

intended to be forecasted, and 𝑳 =  {𝟏, 𝟐, 𝟑, . . . , 𝑳}  ∈ ℝ is the forecasting horizon. 

𝒑𝑳  =  {𝑝1, 𝑝2, 𝑝3, . . . , 𝑝𝐿}  ∈ ℝ                                              (6) 

The conversion from wind conditions to wind power is achieved by the transformer employing 

𝑁 number of encoders (𝑁𝑒𝑛𝑐𝑜𝑑𝑒𝑟𝑠) and decoders (𝑁𝑑𝑒𝑐𝑜𝑑𝑒𝑟𝑠). The encoder module is a fundamental 

component of Transformer-based architectures, consisting of an input embedding layer, a positional 

encoding layer, and encoding layers. As shown in Figure 4, the input historical wind conditions 

undergo several transformations. Initially, the sequence is projected into a higher-dimensional space 

through the input embedding layer. At each time step 𝑡, the historical values of the wind matrix are 

mapped to 𝑑-dimensional vectors via a fully connected layer. To preserve the temporal order of the 

sequence, the positional encoding 𝑃𝐸  module is employed, which encodes positional information 

using 𝑠𝑖𝑛 and 𝑐𝑜𝑠 functions as defined in Eqs (7) & (8). In this formulation, 𝑝𝑜𝑠 refers to the position 

within the sequence, 𝑖 indicates the dimensional index of the embedded vector, and 𝑑𝑚𝑜𝑑𝑒𝑙 represents 

the embedding dimension. The position encoding is then combined with the input embeddings, which 

are subsequently passed to the encoder. 

𝑃𝐸 (𝑝𝑜𝑠, 2𝑖) =  𝑠𝑖𝑛 (
𝑝𝑜𝑠

10000

2𝑖
𝑑𝑚𝑜𝑑𝑒𝑙

)                                                      (7) 

𝑃𝐸 (𝑝𝑜𝑠, 2𝑖 + 1) =  𝑐𝑜𝑠 (
𝑝𝑜𝑠

10000

2𝑖
𝑑𝑚𝑜𝑑𝑒𝑙

)                                               (8) 

Each encoder layer contains a multi-head attention mechanism and a feedforward neural network. 

The multi-head attention mechanism, a critical component of Transformer neural networks, facilitates 

the flexible mapping between input and output sequences through a process analogous to dictionary 

look-up. By employing multiple attention heads, the model can simultaneously focus on various 

segments of the input sequence, enabling each head to capture unique temporal or contextual 
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relationships. This enhances the model’s ability to learn complex dependencies, improving prediction 

performance and robustness. The multi-head attention mechanism applies three projection matrices, 

𝑾𝑸,  𝑾𝑲,  𝑾𝑽 , to the input vectors, generating the query 𝑸, key 𝑲, and value 𝑽 matrices, as described 

in Eq (9), which are subsequently utilized in the decoder module.  

{   

𝑸 =  𝑾𝒔,𝑸𝑃𝑖𝑛𝑝𝑢𝑡_𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔,

𝑲 =  𝑾𝒔,𝑲𝑃𝑖𝑛𝑝𝑢𝑡_𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔,

𝑽 =  𝑾𝒔,𝑽𝑃𝑖𝑛𝑝𝑢𝑡_𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔.
                                                  (9) 

The attention weights are computed using a 𝑠𝑜𝑓𝑡𝑎𝑚𝑥 function, as shown in Eq (10), which 

determines the relevance of each input with the output prediction, where 𝑑𝑘  =  𝑑𝑚𝑜𝑑𝑒𝑙. 

𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉                                               (10) 

The 𝑠𝑜𝑓𝑡𝑚𝑎𝑥  function plays a crucial role by transforming the raw attention scores into a 

normalized probability distribution that reflects the relative importance of each input element with 

respect to the current query. Specifically, it amplifies larger similarity scores while suppressing less 

relevant ones, ensuring that highly correlated input positions receive greater emphasis in the attention 

output. This normalization enables stable training and enables the model to selectively aggregate 

information from the most relevant temporal contexts. 

Mathematically, the 𝑠𝑜𝑓𝑡𝑚𝑎𝑥  function converts a vector of real numbers into a probability 

distribution, with each element rescaled to lie between 0 and 1, and the total sum of elements equal    

to 1, where 𝑥𝑖 is the 𝑖-th element of the input vector, and the denominator ensures normalization across 

all elements.  

𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (𝑥𝑖)  =  
𝑒𝑥𝑖

∑ 𝑒
𝑥𝑗

𝑗
                                                          (11) 

Through this mechanism, the Transformer effectively assigns adaptive weights to time steps, 

enabling dynamic focus on the most informative parts of the input sequence during prediction. 

The decoders, which are interconnected in a cascade, utilize these latent features alongside 

historical data to produce the predictions. This methodology enables the model to effectively combine 

the temporal and spatial patterns learned by the encoders with the historical wind data, thereby 

enhancing the accuracy and reliability of the wind power forecasts. 

In the encoders and decoders, a multi-layer perceptron (MLP) is incorporated to improve the 

model capability. Layer normalization is employed to mitigate the impact of varying data magnitudes 

on wind power modeling, ensuring more stable and accurate predictions. Moreover, using the 

developed DVTransformer neural network, the process of wind power modeling is facilitated through 

the transformation of sequential wind condition data into forecasts of future power outputs. 
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Figure 4. Wind power modeling with the DVTransformer neural network. 

3. Data description 

In this study, Penmanshiel wind farm is selected. It is located at Scottish Borders (Scotland), 

United-Kingdom, having the following geographic coordinates: latitude 55°52'16.8"and longitude 

−2°21'16.2". Penmanshiel wind farm consists of fourteen Senvion MM82 wind turbines, each having 

a rated power of 2050 KW and hub height of 59 m. These turbines have been commercially operating 

since September 2016. The spatial representation of the turbines’ positions within the wind farm is 

shown in Figure 5, and the geographic coordinates of each wind turbine is provided in Table 1. Two 

turbines, ‘T01’ and ‘T05’, are selected arbitrarily for experimentation purposes, as depicted on the 

right-side in Figure 5.  

Table 1. Wind turbines’ geographic coordinates and their IDs. 

Title ID Latitude Longitude Elevation (m) 

Turbine 01 T01 55.902502 −2.306389 212.26 

Turbine 02 T02 55.900008 −2.301268 200.46 

Turbine 04 T04 55.905943 −2.302690 208.91 

Turbine 05 T05 55.903294 −2.298367 201.38 

Turbine 06 T06 55.900951 −2.293967 199.03 

Turbine 07 T07 55.898741 −2.289856 180.24 

Turbine 08 T08 55.907915 −2.297314 200.13 

Turbine 09 T09 55.904990 −2.291806 187.04 

Turbine 10 T10 55.903032 −2.287585 186.88 

Turbine 11 T11 55.900852 −2.282371 204.84 

Turbine 12 T12 55.908703 −2.290986 219.31 

Turbine 13 T13 55.907026 −2.285887 220.00 

Turbine 14 T14 55.905050 −2.281650 219.46 

Turbine 15 T15 55.902463 −2.277329 228.15 

https://www.thewindpower.net/zones_en_8_722.php
https://www.thewindpower.net/country_en_8_united-kingdom.php
https://www.thewindpower.net/manufacturer_en_154_senvion.php
https://www.thewindpower.net/turbine_en_464_senvion_mm82-2050.php
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Figure 5. Penmanshiel wind farm with highlighted target turbines ‘T01’ and ‘T05’. 

(Source: Google Maps). 

The SCADA data collected systematically at ten-minute intervals is obtained from [76]. This data 

includes external and internal variables, which are crucial for accurately representing the operational 

status of the wind turbines. From the dataset, wind power and wind speed data are used for the period 

January 2021 to June 2021. After applying data pre-processing techniques mentioned in Section 2.1, 

the dataset is split into a training, validation, and test set with a ratio of 3:1:1 in chronological order. 

4. Experimental setup 

In this section, we focused on the training configuration and experimental setup. The model was 

trained using the mean squared error loss function with a learning rate of 𝜏 = 0.0001 and a dropout rate 

of 𝑟 = 0.05. A batch size of 32 was used, and training was conducted for a single epoch, during which 

multiple optimization iterations were performed over mini-batches. A sliding-window mechanism 

with a window size of 32 and a step size of 1 was applied to generate temporally overlapping samples, 

enabling the model to learn effectively from the available data. The encoder received historical      

wind-speed sequences together with projected wind speeds of selected surrounding turbines, while the 

decoder was fed historical wind power to generate multi-step predictions. The key architectural 

parameters of the VARIMA and Transformer components are summarized in Table 2. A Transformer 

architecture consisting of two encoders and a single decoder was employed. This configuration has 

been widely adopted across applications such as short-term load forecasting [77], Time Series 

Forecasting [78], day-ahead photovoltaic power forecasting [79], tropical cyclone track, and intensity 

predictions [80,81]. 

The wind power forecasting experiments in this study were conducted on a PC with 12th Gen 

Intel(R) Core (TM) i9-12900K 3.20 GHz CPU, 32 GB RAM, and NVIDIA GeForce RTX 4070 GPU. 

The implementation utilized PyTorch deep learning framework version 1.10.0 + cu102 and Python 

version 3.9.13.  
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Table 2. Key parameters of the VARIMA and Transformer components. 

Component Parameter Value/Strategy Description 

VARIMA Model order (p, d, q) selected via AIC/BIC Lag orders chosen on training data 

Forecast horizon 3 steps Multi-step wind speed prediction 

Rolling mechanism Sliding window Model updated using recent observations 

Window length 32 Length of historical wind-speed input 

Transformer Encoder layers 2 Spatial-temporal feature encoding 

Decoder layers 1 Multi-step power forecasting 

Hidden dimension 512 Embedding and attention dimension 

Attention type Multi-head self-attention 
Captures spatial and temporal 

dependencies 

Activation function Gaussian Error Linear Unit 

(GELU) 
Nonlinear transformation 

Input sequence 

length 
32 Past wind-speed time steps 

Decoder label 

length 
16 Historical wind power input 

Output horizon 3 steps Multi-step wind power prediction 

4.1. Evaluation metrics 

The performance of the prediction models was assessed using the following metrics:  

i. Mean squared error (MSE): A measure of deviation of differences between the measured and 

model predicted values. 

𝑀𝑆𝐸 =
1

𝑀
∑ (𝑦̂𝑖 − 𝑦𝑖)2𝑀

𝑖=1
                                                   (12) 

ii. Mean absolute error (MAE): The measure of absolute summation of total differences between the 

measured and model predicted values.  

𝑀𝐴𝐸 =
1

𝑀
∑ |𝑦̂𝑖 − 𝑦𝑖|𝑀

𝑖=1                                                        (13)    

iii. Correlation coefficient (𝑅): Measures the relative strength of the linear relationship between the 

measured and model predicted values.     

𝑅 =
∑ (𝑦̂𝑖− 𝑦̂𝑖)(𝑦𝑖− 𝑦𝑖)

𝑀

𝑖=1

√∑ (𝑦̂𝑖− 𝑦̂𝑖)
2

(𝑦𝑖− 𝑦𝑖)2

𝑀

𝑖=1

       ,                                               (14) 

where 𝑦𝑖  denotes the true value, 𝑦̂𝑖  denotes the predicted value, and 𝑀 denotes the number of data 

samples. It should also be noted that 𝑅  is unaffected by the normalization of wind speed and 

consistently remains the same. MSE and MAE are frequently employed metrics to quantify the 

https://www.google.com/search?q=Gaussian+Error+Linear+Unit&rlz=1C1CHNY_en-GBPK1170PK1170&oq=GELU&gs_lcrp=EgZjaHJvbWUyDggAEEUYORhDGIAEGIoFMgcIARAAGIAEMgcIAhAAGIAEMgcIAxAAGIAEMgcIBBAAGIAEMgcIBRAAGIAEMgcIBhAAGIAEMgcIBxAuGIAEMgcICBAAGIAEMgcICRAuGIAE0gEHMzM4ajBqOagCBrACAfEFhcZN_qaXDxU&sourceid=chrome&ie=UTF-8&ved=2ahUKEwjbmZT4vK-TAxU3V6QEHdZbLSIQgK4QegYIAQgAEAQ
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differences between predicted and actual values, whereas R-metric evaluates the model goodness of 

fit, indicating how well the model predicts the observed data. 

5. Results and discussion 

In this section, we cover the results and discussion considering different scenarios. This is 

initiated first by establishing the temporal Transformer (TT) model. The significance of effective 

selection of spatial information is established through two separate experiments, i.e., spatio-temporal 

Transformer (STT) and DTW based spatio-temporal Transformer (DTW-STT). Once the latter 

approach outperforms the previous one, we update wind speed sequence with VARIMA predicted 

wind speeds to conform the superiority of DVTransformer. We conclude this section with a thorough 

comparison of DVTransformer with the state-of-the-art Fast Fourier Transformer (FFTransformer), 

Informer, Spatio-temporal Long Short-Term Memory (ST-LSTM), and Spatio-temporal Multi-

Layer Perceptron (ST-MLP). In the following subsections, we provide details of these experiments. 

5.1. Temporal Transformer (TT) model 

The Temporal based model employs the features (wind speed and wind power) of the same 

turbine for model development and evaluation. Evaluation metrics for TT-based models from the 1-

step to 3-steps forecast is provided in Table 3. The trend of error suggests that the accuracy of the 

model is improving as we are moving from 3-steps to 1-step prediction, since the proposed framework 

is predicting multi steps simultaneously with no accumulated error. Moreover, average MSE and MAE 

for the 1- to 3- steps ahead prediction are 0.093 and 0.222 for turbine ‘T01’ and 0.096 and 0.219 for 

turbine ‘T05’, respectively. These errors will be subsequently compared with STT models and 

DVTransformer to signify the underlying spatial information dependencies among wind turbines. 

Table 3. Error metrics for temporal, spatio-temporal, and DVTransformer methods. 

Turbine 

ID 

Variations  1 step ahead forecast 2 steps ahead forecast 3 steps ahead forecast Average 

Epochs MSE MAE R MSE MAE R MSE MAE R MSE MAE 

T01 TT 1 0.066 0.181 0.951 0.100 0.240 0.908 0.114 0.244 0.902 0.093 0.222 

STT 1 0.177 0.364 0.812 0.245 0.430 0.701 0.262 0.441 0.675 0.228 0.412 

DTW-STT 1 0.061 0.170 0.956 0.089 0.214 0.925 0.111 0.238 0.904 0.087 0.207 

DVTransformer 1 0.060 0.170 0.957 0.087 0.210 0.929 0.109 0.234 0.913 0.085 0.205 

T05 TT 1 0.068 0.183 0.936 0.102 0.235 0.888 0.118 0.240 0.882 0.096 0.219 

STT 1 0.271 0.465 0.627 0.346 0.528 0.454 0.369 0.535 0.399 0.329 0.509 

DTW-STT 1 0.070 0.191 0.945 0.094 0.213 0.913 0.116 0.238 0.892 0.093 0.214 

DVTransformer 1 0.066 0.181 0.950 0.091 0.210 0.920 0.114 0.235 0.902 0.090 0.208 

5.2. Spatio-temporal Transformer (STT) model 

The temporal-based Transformer model, which is trained using the wind speed and power data of 

the target turbine, demonstrates limited accuracy in forecasting wind power. To address this limitation, 

spatio-temporal-based Transformer models are developed. These spatio-temporal models incorporate 
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features extracted from surrounding turbines to enhance the prediction accuracy of wind power for the 

target turbine. 

Two spatio-temporal modeling approaches are evaluated in this study. In the first approach (STT), 

historical wind speed data from all surrounding turbines apart from the target turbine, along with the 

wind power data of the target turbine, are utilized to predict the future wind power output of the 

target turbine.  

In the second approach (DTW-STT), we employ historical wind speed data from the selected 

turbines, chosen based on ascending DTW distance metrics, in conjunction with the target turbine wind 

power data for prediction purposes. Initially, to identify the number of neighboring turbines 

empirically, a sensitivity analysis is conducted by varying the number of neighboring turbines ‘k’. The 

value of ‘k’ varies from 2 to 13, and the corresponding forecasting performance is evaluated. The 

results are presented in Table 4 for turbines T01 and T05. It is observed that selecting three surrounding 

turbines (k = 3) yields the lowest error values across MSE and MAE metrics. This indicates that 

including a moderate number of nearby turbines provides sufficient contextual information while 

avoiding overfitting or noise from less correlated turbines.  

Table 4. Error metrics by varying the number of surrounding wind turbines (k). 

Turbine 

ID 

Error k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8 k = 9 k = 10 k = 11 k = 12 k = 13 

Turbine 

T01 

MSE 0.090 0.085 0.110 0.100 0.090 0.110 0.100 0.090 0.090 0.130 0.092 0.184 

MAE 0.220 0.205 0.250 0.250 0.220 0.260 0.230 0.210 0.224 0.290 0.211 0.265 

Turbine 

T05 

MSE 0.100 0.090 0.100 0.130 0.090 0.110 0.110 0.110 0.098 0.110 0.095 0.323 

MAE 0.240 0.208 0.230 0.280 0.220 0.240 0.250 0.230 0.229 0.240 0.217 0.506 

Figure 6 presents a heatmap of the DTW distance metrics computed from the turbines’ wind speed 

data, revealing varying degrees of spatial correlation among the turbines. Based on the DTW scores, 

target turbine ‘T01’ has neighbors ‘T02’, ‘T04’, and ‘T05’, while for target turbine ‘T05’, the selected 

neighbor turbines are ‘T01’, ‘T04’, and ‘T06’. 

 

Figure 6. DTW scores heatmap between the wind turbines using their wind speeds. 
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5.2.1. STT 

As given in Table 3, the STT based model shows a significant increase in error metrics compared 

to the temporal based Transformer model. This indicates that superfluous spatial information is 

provided to predict the wind power of a target wind turbine and it might not be relevant. This may be 

overcome by providing only the most relevant spatial information. This is achieved by shortlisting the 

surrounding wind turbines, which becomes the second scenario of the spatio-temporal based model. 

5.2.2. DTW-STT 

In the second scenario of the spatio-temporal based Transformer model with selected neighbor 

turbines, the average MSE and MAE errors are improved to 61.84% and 49.75% for turbine ‘T01’, 

respectively, and 71.73% and 57.95% for ‘T05’, respectively, compared to the STT case. The error 

trends demonstrate a significant reduction compared to the STT model, enhancing the accuracy of the 

spatio-temporal model. This also signifies the importance of an appropriate spatio-temporal based 

model. Compared with the TT model, the MSE and MAE improve by 6.45% and 6.75% for turbine 

‘T01’, respectively, and by 3.12% and 2.28% for turbine ‘T05’, respectively. This indicates that there 

is significant information hidden in the surrounding turbines’ wind speed time series that cannot be 

extracted completely when considering only the temporal model. The comprehensive comparison 

reveals that the particular surrounding atmospheric conditions are critical to the wind power to a greater 

extent. This further confirms that wind blows in space and passes with the subsequent wind turbines 

in the wind farm. However, not all the information from the surrounding wind turbines are useful in 

predicting the wind power, and excessive irrelevant information may degrade the model performance.  

5.3. DVTransformer (proposed spatio-temporal method) 

To investigate the performance of the proposed method, wind turbines ‘T01’ and ‘T05’ are 

selected for uniform comparison. The proposed model is developed, trained, and evaluated on the same 

dataset. The results indicate that DVTransformer exhibits superior forecasting accuracy compared to 

the temporal and spatio-temporal models.  

Table 3 presents the evaluation metrics of each forecasting model across 1-step to 3-step 

forecasting horizons. The error metrics indicate that there is significant improvement in wind power 

forecasting for the wind turbines using the proposed methodology compared to the TT, STT, and 

DTW-STT models. For turbine ‘T01’, MSE and MAE are improved by 2.29% and 0.96%, respectively, 

compared to DTW-STT. Similarly, MSE and MAE are improved to 3.22% and 2.80%, respectively, 

for turbine ‘T05’, which reveals a good agreement between the forecasted and actual wind power. 

Even though the proposed model reports similar performance in terms of MAE for the single-step 

forecast compared to DTW-STT for turbine ‘T01’, it shows significant improvement in MSE. Due to 

the heavier penalty on larger errors, the MSE indicates that the DTW-STT method has fewer minor 

errors on average but a higher incidence of substantial mispredictions compared to the proposed 

method for single-step forecasts. However, for turbine ‘T05’, all metrics demonstrate effective 

performance from the DVTransformer.  

The improvement in accuracy can be attributed to three major factors. First, the parallelized input 

structure enhances the efficiency of model training while improving the capacity to internally capture 
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more distant correlations between sequences. Second, the implementation of multi-head attention in 

the Transformer effectively captures the correlations between the time series of surrounding wind 

turbines, which is crucial for accurate predictions. Finally, the key reason for the superior performance 

of the DVTransformer is the augmentation of predictive strategy through the inclusion of forecasted 

wind speed time series. 

The actual and forecasted time series for turbine ‘T05’ of the temporal and DVTransformer for 

the complete test dataset is shown in Figure 7(a), whereas Figure 7(b) shows arbitrary 200 

timestamps for better visibility and comparison. Since the proposed model performs multi-step ahead 

forecasting, 2-steps and 3-steps predicted values are compared with actual time series and are shown 

in Figure 7(c) and (d), respectively. From these figures, it is evident that in the peak and trough regions 

of the wind power curve, there is a noticeable deviation between the predicted values and the actual 

values for the temporal based Transformer model. In contrast, DVTransformer comprehensively 

captures dependencies among wind turbines, resulting in forecasted values that closely align with 

the actual output curve. This is also reflected from improved R scores, demonstrating superior 

forecasting accuracy.  

  

(a) (b) 

 

 
 

(c) (d) 

 

Figure 7. Performance of models for Turbine T05 (a) on the test data; (b) 1-step ahead 

prediction; (c) 2-steps ahead prediction; and (d) 3-steps ahead prediction. 
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Following the outlined procedure for selecting the surrounding wind turbines and providing 

forecasted wind speeds of these turbines at the encoder to forecast the wind power of the target turbine, 

the predicted future wind powers achieve higher accuracy compared to the original values. In general, 

incorporating these predicted future wind speeds into historical data has notably enhanced the 

forecasting performance of the model. 

5.4. Comparative analysis with other baselines 

To validate the superiority of DVTransformer, the comparative analysis is conducted with 

baselines and state-of-the-art methods of spatio-temporal forecasting, which includes the 

FFTransformer [82], Informer [83], ST-LSTM [82], and ST-MLP [82]. For uniform comparison, the 

same wind turbines are selected to examine the performance of the proposed method. Moreover, 

comparative models are trained and evaluated on the same dataset with the identical data splitting ratio 

as the proposed method. Regarding hyperparameters, the decomposition level is set to 4 for 

FFTransformer. Moreover, ST-LSTM is used in the encoder-decoder setting for multi-step forecasting 

with 2 encoders and 1 decoder. The comparative models are trained under the 1-epoch and 10-epochs 

training regime, while the DVTransformer is restricted to 1-epoch of training. For completely       

trained (10-epochs training) models, an early stopping criterion is utilized up to a patience level of 3.  

Table 5 illustrates the experimental results for the proposed method and other state-of-the-art 

baseline models with the best results highlighted in bold. For 3-step-ahead forecasting, the 

DVTransformer attains an average MSE of 0.085 for turbine T01, yielding performance improvements 

of 34.92%, 24.77%, 2.20%, and 27.34% over FFTransformer, Informer, ST-LSTM, and ST-MLP, 

respectively. Likewise, for turbine T05, the proposed approach records an average MSE of 0.090, 

corresponding to MSE reductions of 38.45%, 23.08%, 2.93%, and 25.96% for FFTransformer, 

Informer, ST-LSTM, and ST-MLP, respectively. It is evident from these results that DVTransformer 

consistently achieves the most accurate results across all forecasting horizons, demonstrating its 

competitive performance in multi-step wind power forecasting. This success can be attributed by the 

incorporation of spatial information through a DTW-based metric, which enables the integration of 

valuable data from surrounding wind turbines, ensuring a reliable understanding of wind conditions. 

Additionally, the multi-head attention mechanism enables Transformer neural networks to effectively 

learn short- and long-term dependencies within temporal sequences. Moreover, the inclusion of future 

knowledge of surrounding wind conditions further enhances the model performance. In general, the 

effective spatial and temporal modeling provided by the proposed method leads to superior wind power 

forecasting compared to traditional approaches. 

From Table 5, it can be observed that under 1-epoch of training, DVTransformer significantly 

outperformed the FFTransformer model for all forecasting horizon. For target turbine T01, the 

proposed model reduces the MSE by 26.22%, 35.82%, and 38.22% and MAE by 17.97%, 20.97%, 

and 23.02% in the 1-, 2-, and 3-step ahead predictions, respectively. The same pattern is observed for 

turbine T05, with a reduction in MSE by 53.51%, 32.21%, and 30.59% and a reduction in MAE            

by 43.28%, 22.47%, and 23.71% in the 1-, 2-, and 3-step ahead prediction, respectively. Considering 

the computational time, the FFTransformer is significantly slower than other models since it relies on 

computing FFTs, which are fairly slow and take longer to compute forecasts. 

DVTransformer achieves noteworthy improvements and outperforms the Informer model across 

all forecasting horizons under the 1-epoch training regime, as listed in Table 5. For turbine T01, it 
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reduces the MSE by 19.02%, 30.90%, and 22.31%, and the MAE by 21.80%, 28.12%, and 23.50% in 

the 1-, 2-, and 3-step ahead predictions, respectively. A similar trend is observed for turbine T05, with 

MSE reductions of 19.83%, 30.89%, and 17.60%, and MAE reductions of 22.16%, 26.53%, and 19.23% 

for the 1-, 2-, and 3-step ahead predictions, respectively. In general, DVTransformer attains better 

results under the 1-epoch training regime than the other variants of Transformer-based models; i.e., 

FFTransformer and Informer models for the multi-step forecasts. 

Table 5. Comparison of error metrics with other baselines. 

 

 

 1 step ahead forecast 2 steps ahead forecast 3 steps ahead forecast Average 

Turbine 

ID 

Method Epochs MSE MAE R MSE MAE R MSE MAE R MSE MAE 

T01 DVTransformer 1 0.060 0.170 0.957 0.087 0.210 0.929 0.109 0.234 0.913 0.085 0.205 

FFTransformer 1 0.081 0.207 0.940 0.135 0.266 0.856 0.177 0.304 0.790 0.131 0.259 

Informer 1 0.074 0.218 0.930 0.126 0.292 0.843 0.141 0.306 0.832 0.113 0.272 

ST-LSTM 1 0.062 0.184 0.944 0.089 0.215 0.919 0.111 0.251 0.887 0.087 0.217 

ST-MLP 1 0.090 0.220 0.933 0.116 0.247 0.906 0.146 0.297 0.856 0.117 0.255 

FFTransformer 10 0.056 0.165 0.955 0.091 0.213 0.923 0.112 0.240 0.902 0.086 0.206 

Informer 10 0.056 0.164 0.956 0.092 0.219 0.917 0.112 0.245 0.897 0.087 0.209 

ST-LSTM 10 0.062 0.180 0.948 0.090 0.213 0.923 0.111 0.247 0.896 0.088 0.213 

 ST-MLP 10 0.076 0.201 0.942 0.104 0.231 0.916 0.125 0.256 0.892 0.102 0.230 

T05 DVTransformer 1 0.066 0.181 0.950 0.091 0.210 0.920 0.114 0.235 0.902 0.090 0.208 

FFTransformer 1 0.141 0.319 0.854 0.134 0.270 0.891 0.165 0.307 0.854 0.147 0.299 

Informer 1 0.082 0.232 0.909 0.131 0.285 0.850 0.139 0.290 0.838 0.117 0.269 

ST-LSTM 1 0.069 0.191 0.934 0.095 0.220 0.908 0.115 0.254 0.874 0.093 0.222 

ST-MLP 1 0.090 0.211 0.931 0.115 0.246 0.897 0.161 0.305 0.845 0.122 0.254 

FFTransformer 10 0.060 0.167 0.947 0.095 0.217 0.910 0.115 0.241 0.885 0.090 0.208 

Informer 10 0.057 0.163 0.950 0.102 0.225 0.907 0.119 0.245 0.888 0.093 0.211 

ST-LSTM 10 0.069 0.182 0.941 0.097 0.216 0.913 0.116 0.243 0.888 0.094 0.213 

ST-MLP 10 0.087 0.204 0.933 0.108 0.230 0.910 0.128 0.254 0.885 0.108 0.230 

For wind power time series forecasting, Long Short-Term Memory (LSTM) networks are 

generally considered an effective method. Consequently, the DVTransformer is also experimentally 

compared with the ST-LSTM model. Compared to the ST-LSTM model, the DVTransformer shows 

marginal improvements for the multi-step forecasts under the 1-epoch training regime. For turbine T01, 

it reduces MSE by 4.04%, 2.22%, and 1.15%, and MAE by 7.54%, 2.44%, and 6.89% in the 1-, 2-, 

and 3-step ahead forecasts, respectively. Turbine T05 also follows this pattern, with MSE reductions 

of 4.89%, 3.88%, and 0.99%, and MAE reductions of 5.43%, 4.68%, and 7.50% in the 1-, 2-, and 3-

step ahead forecasts, respectively, confirming the superiority of the DVTransformer over ST-LSTM. 

Additionally, the ST-LSTM model shows superior performance than the ST-MLP model for the 1-, 2-, 

and 3-steps forecasts. This indicates that the ST-LSTM architecture is better at encoding the useful 

information, resulting in the improved performance of the ST-LSTM model compared to the ST-MLP. 

DVTransformer also demonstrates superior performance over the ST-MLP model across all 

forecasting horizons. For turbine T01, MSE is lowered by 33.53%, 25.20%, and 25.22%, while MAE 

decreases by 22.62%, 14.82%, and 21.38% for 1-, 2-, and 3-step ahead predictions, respectively. 
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Turbine T05 exhibits a similar trend, with MSE reductions of 26.83%, 21.22%, and 28.87%, and MAE 

reductions of 14.31%, 14.85%, and 23.21% for 1-, 2-, and 3-step ahead predictions, respectively.  

As shown in Table 5, the DVTransformer trained for only a single epoch achieves an accuracy 

comparable to that of the fully trained (10-epoch) baseline models, thereby demonstrating its superior 

learning efficiency. Figures 8 and 9 illustrate representative predictions for 1-step and 3-step 

forecasting horizons at arbitrarily selected timestamps for turbine T05. In the multi-step forecasting 

setting, the proposed model generates more diverse and accurate temporal patterns that closely follow 

the actual wind power trajectory across all time steps, compared to the competing models. Furthermore, 

the results indicate that the performance of the competing models degrades as the forecasting horizon 

increases (see Figure 9). In contrast, the DVTransformer consistently outperforms the other models 

across all prediction intervals. This behavior highlights the robustness of the proposed approach and 

its strong generalization capability, particularly in longer-term forecasting scenarios. 

To evaluate the physical implications of forecasting results in the context of wind energy 

production, an inverse transformation is applied to actual and predicted wind power outputs, followed 

by the calculation of MAEs. The results yield rough estimates of average power errors across models. 

As shown in Table 6, these findings are consistent with those discussed in Table 5, providing enhanced 

interpretability regarding the effects of differing predictive performances and the associated risks 

linked to alternative models. 

 

Figure 8. One step ahead prediction result for turbine T05 using 1-epoch training: (a) 

DVTransformer, (b) FFTransformer, (c) Informer, (d) ST-LSTM, and (e) ST-MLP. 
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Figure 9. Three-steps ahead prediction results for turbine T05 using 1-epoch training: (a) 

DVTransformer, (b) FFTransformer, (c) Informer, (d) ST-LSTM, and (e) ST-MLP. 

Table 6. Performance evaluation in KW and percentage improvement. 

     1-step ahead (10 mins) 2-steps ahead (20 mins) 3-steps ahead (30 mins) 

Turbine 

ID 

Method Epochs MAE [kW]  % 

Improve 

MAE [kW] % 

Improve 

MAE 

[kW] 

% 

Improve 

T01 DVTransformer 1 122.24 -- 150.89 -- 167.92 -- 

FFTransformer 1 149.02 17.97 190.95 20.98 218.15 23.03 

Informer 1 156.33 21.81 209.94 28.13 219.56 23.52 

ST-LSTM 1 132.21 7.54 154.67 2.45 180.35 6.89 

ST-MLP 1 157.98 22.63 177.16 14.83 213.59 21.38 

FFTransformer 10 118.52 -3.13 153.28 1.56 172.11 2.44 

Informer 10 117.99 -3.60 157.52 4.21 175.70 4.43 

ST-LSTM 10 129.44 5.56 153.16 1.48 177.20 5.24 

 ST-MLP 10 144.56 15.44 166.30 9.27 183.78 8.63 

T05  DVTransformer 1 128.87 -- 149.34 -- 167.06 -- 

FFTransformer 1 227.23 43.29 192.64 22.47 219.01 23.72 

Informer 1 165.57 22.17 203.28 26.53 206.85 19.24 

ST-LSTM 1 136.28 5.44 156.68 4.69 180.62 7.51 

ST-MLP 1 150.40 14.31 175.40 14.85 217.57 23.22 

FFTransformer 10 118.90 -8.38 154.36 3.25 171.74 2.72 

Informer 10 116.26 -10.85 160.20 6.78 174.73 4.39 

ST-LSTM 10 129.52 0.50 153.71 2.84 172.79 3.31 

ST-MLP 10 145.33 11.32 164.09 8.99 181.19 7.80 
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The DVTransformer consistently demonstrates superior stability in forecasting across all time horizons compared to the baseline models. 

This empirical evidence highlights the improved effectiveness of the multi-head attention mechanism integrated into the Transformer 

architecture, particularly in our problem. The proposed enhancement of projected wind conditions significantly increases the model ability to 

capture and process temporal and spatial data across points in time and space. 

To ensure fairness in evaluating convergence and performance, a training-budget sensitivity analysis comparing DVTransformer trained for 

a single epoch with a completely trained Transformer is performed. As shown in Table 7, the DVTransformer achieves prediction accuracy 

comparable to the trained Transformer across all turbines while reducing the computational time by 6-7 times. This indicates that the proposed 

model rapidly converges to a sufficiently optimal parameter region within one epoch. 

These findings suggest that additional training epochs provide limited accuracy gains relative to their computational cost, thereby validating 

the single-epoch protocol. 

Table 7. Training-budget sensitivity analysis. 

Model Evaluation metrics T01 T02 T04 T05 T06 T07 T08 T09 T10 T11 T12 T13 T14 T15 

Transformer 

(Completely trained) 

MSE 0.085 0.083 0.083 0.087 0.086 0.082 0.080 0.084 0.080 0.079 0.089 0.088 0.080 0.081 

MAE 0.203 0.202 0.203 0.206 0.203 0.195 0.202 0.198 0.194 0.196 0.212 0.211 0.201 0.199 

Training time (s) 280.4 197.2 174.4 236.4 248.1 199.4 180.0 205.4 230.4 248.7 195.1 234.7 180.7 224.5 

DVTransformer 

(1-epoch trained) 

MSE 0.085 0.083 0.087 0.090 0.090 0.090 0.086 0.089 0.095 0.082 0.104 0.102 0.090 0.095 

MAE 0.205 0.203 0.210 0.208 0.209 0.208 0.211 0.208 0.228 0.200 0.231 0.232 0.216 0.221 

Training time (sec) 38.78 38.21 38.34 39.46 38.00 37.73 37.45 37.46 39.89 37.62 38.87 38.46 37.86 38.79 

5.5. Ablation study 

To systematically evaluate the factors contributing to the predictive performance of our framework, an ablation study is conducted to evaluate 

the contribution of VARIMA predicted wind speeds. Table 8 summarizes the results for seven selected turbines (T02, T04, T09, T11, T12, T13, 

and T14). Across these turbines, the inclusion of VARIMA consistently reduces both error metrics. As shown in Figure 10, the consistency across 

turbines highlights that even short-horizon VARIMA forecasts provide informative temporal indications that enhance the transformer’s ability to 

capture turbine-level dynamics.
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Table 8. Error metrics for the Transformer (without VARIMA) and DVTransformer. 

  Penmanshiel Wind Turbine IDs (with k = 3) 

Model Error T02 T04 T09 T11 T12 T13 T14 

DTW + Transformer (Without 

VARIMA) 

MSE 0.086 0.089 0.096 0.084 0.105 0.114 0.098 

MAE 0.207 0.214 0.218 0.203 0.234 0.254 0.232 

DVTransformer (Including 

VARIMA) 

MSE 0.083 0.087 0.089 0.082 0.104 0.102 0.090 

MAE 0.203 0.210 0.208 0.200 0.231 0.232 0.216 

This ablation study validates the tangible benefits of integrating short-term statistical forecasts 

into a deep learning-based wind power prediction model. 

 

Figure 10. MAE and MSE scores by removing and considering VARIMA predictions. 

6. Conclusions 

In recent years, Transformer-based models have dominated sequence-based deep learning, but 

their application in wind forecasting remains limited. In this study, we introduce a novel 

DVTransformer framework for multi-step wind power forecasting, demonstrating superior 

performance compared to baseline models. The method incorporates a DTW-based evaluation scheme 

to optimize the selection of influential turbines for spatial information, rather than using data from all 

surrounding turbines. The model effectively integrates historical and predicted wind conditions using 

VARIMA, achieving highly accurate predictions in experiments with real-world wind farm data. 

Additionally, the model flexibility enables easy adaptation to forecasting applications.  

7. Limitations and future work 

Despite the promising results, this study has certain limitations that provide directions for future 

research. The proposed framework employs a fixed set of three surrounding wind turbines to model 

spatial dependencies; however, the optimal number of contributing turbines may vary across wind 

farms depending on factors such as farm layout, terrain complexity, wind direction, upstream-

downstream interactions, and prevailing meteorological conditions. Therefore, in future work, we will 
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focus on developing dynamic turbine selection strategies that adaptively determine the number and 

identity of relevant surrounding turbines using spatial proximity, correlation strength, or data-driven 

relevance measures. In addition, the Transformer layer configuration and hyperparameters could be 

further optimized through systematic approaches, such as greedy line search, as performed in [35]. 

Finally, the integration of additional exogenous variables, including atmospheric pressure, temperature, 

and turbulence intensity, will further enhance forecasting accuracy and robustness under diverse 

operating conditions.  
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