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Abstract: Accurate wind power forecasting is critical for system integration and stability as renewable energy reliance grows. Traditional approaches frequently struggle with complex data and non-linear connections. This article presents a novel approach for hybrid ensemble learning that is based on rigorous requirements engineering concepts. The approach finds significant parameters influencing forecasting accuracy by evaluating real-time Modern-Era Retrospective Analysis for Research and Applications (MERRA2) data from several European Wind farms using in-depth stakeholder research and requirements elicitation. Ensemble learning is used to develop a robust model, while a temporal convolutional network handles time-series complexities and data gaps. The ensemble-temporal neural network is enhanced by providing different input parameters including training layers, hidden and dropout layers along with activation and loss functions. The proposed framework is further analyzed by comparing state-of-the-art forecasting models in terms of Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE), respectively. The energy efficiency performance indicators showed that the proposed model demonstrates error reduction percentages of approximately 16.67%, 28.57%, and 81.92% for MAE, and 38.46%, 17.65%, and 90.78% for RMSE for MERRA Wind farms 1, 2, and 3, respectively, compared to other existing methods. These quantitative results show the effectiveness of our proposed model with MAE values ranging from 0.0010 to 0.0156 and RMSE values ranging from 0.0014 to 0.0174. This work highlights the effectiveness of requirements engineering in wind power forecasting, leading to enhanced forecast accuracy and grid stability, ultimately paving the way for more sustainable energy solutions.
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1  Introduction

Wind power forecasting models have traditionally focused on technical elements such as data analysis and algorithm development. However, providing well-defined requirements that correlate with the model’s intended aims and operational environment is an important step that is sometimes overlooked. To define the functional and non-functional needs for the forecasting model, this article takes a rigorous requirement engineering approach, actively incorporating stakeholders in the process. In addition to offering precise forecasts, this assures that the model satisfies the practical requirements and limitations associated with Wind farm operations and grid stability. According to a study proposed [1], game-based methods present a viable way to improve novices’ requirements for engineering learning. This research suggested Log analysis is useful for evaluating service performance and capturing changing user needs [2].

Energy is an essential component of socio-economic growth in all countries and enhances economic expansion, however, if it is not handled properly, it poses a severe threat to the ecosystem and could have adverse environmental effects [3]. This is because energy production, transmission, and utilization contribute to global warming, in addition to other environmental issues like depletion of the ozone layer, destruction of forests, air pollution, and the release of toxic and other hazardous gases and solid pollutants into the environment [4,5]. The reduction of Carbon dioxide emissions, the transition to renewable energies from fossil fuels, and the increase in energy efficiency are the key developments that need to be made to achieve a long-term energy transition [6]. The ability to obtain advanced, renewable sources of energy can help with human welfare, healthcare, and poverty eradication. The use of sustainable power will minimize global warming. In comparison to traditional and non-renewable power sources, renewable sources are supposed to be cleaner since they generate less waste and have a minimal impact on the environment [7].

One of the energy industries with the greatest growth is a renewable source of energy, which would produce 29% of the world’s electricity in 2020. Furthermore, between 2010 and 2040, energy usage will rise by 56% globally [8]. The use of sustainable power to generate power has gained a great deal of attention on a worldwide platform. The growth of renewable energy in the past has been influenced by many issues, such as global warming, environmental effects, supplies of energy, cost reductions, and decreased carbon emissions. In the term, this is expected that the trend toward RE transformation will only expand. Therefore, in this regard, RESs, such as wind and solar energy, are suggested to generate 50% of the globe’s total electricity by 2050 [9]. Due to advancements in technology and concerns about environmental impacts from traditional fossil-fueled production, the production of electricity from sustainable sources, like wind energy, significantly surged annualized [10].

Every country around the globe is seeing reasonably rapid growth in the wind power sector. The globe can be provided with 100% sustainable energy by 2050, with 40 percent of that coming from Wind farms [11,12]. The installation of approximately 94 GW of new capacity made 2021 the second-best year ever for the global wind sector, according to a statement from the Global Wind Energy Council (GWEC). The overall global Wind farm capacity has expanded by 94 GW, reaching 837 GW. With an installed capacity of 837 GW, wind energy globally contributes to an annual reduction in carbon emissions of more than 1.2 billion tonnes, which is approximately equivalent to Latin America’s total CO2 emissions. Furthermore, this expansion should quadruple through the end of this decade to remain on course for a 1.5 C route and net zero by 2050. The world needs to implement wind energy three times quicker over the next 10 years in addition to maintaining a net-zero route and preventing the worst impacts of global warming [13]. This suggests that in the coming, wind power could gradually replace other renewable energy sources as the primary source. Although wind energy technologies are very advanced now, it is still somewhat unpredictable because climatic factors such as temperatures and wind fluctuations have a big impact on wind speed. Additional wind energy being connected to the network creates issues for the operations of the wind turbines as well as the management and control of the electricity network [14,15].

Due to its unpredictable features and poor controllability, wind energy brings up the issue of instability and fluctuations in an electrical network. However, apart from that, the potential for risky behaviors and postures may also have an impact on wind. Furthermore, for transmission purposes and to address the need for electricity production, an efficient electricity management system is essential. To analyze and evaluate renewable wind energy, a variety of estimation strategies have been developed and categorized [16]. The four basic techniques for predicting wind energy are statistical techniques, physical techniques, intelligent techniques, and hybrid techniques. While every individual approach does have inherent problems (e.g., statistical techniques struggle with non-linear issues, several important parameters in optimization techniques are challenging to select, and physical techniques require further computational power), hybrid approaches that combine the best features of individual models are increasingly popular.

1.1 Motivation

In the growing field of renewable energy, the increasing integration of wind power into the global energy system presents a critical challenge, how to reliably forecast wind power for effective grid management and stability. Wind energy production is essential for meeting global energy needs, but its inherent variability presents challenges for efficient utilization. Precise wind power forecasting is critical for realizing wind energy’s maximum potential and limiting the impact of its unpredictability on power output. This research article is motivated by the significance of wind power forecasting and the necessity for innovative methods to enhance its accuracy.

This article introduces a new hybrid approach incorporating ensemble learning with a temporal neural network to improve wind power forecasting efficiency, based on the identification of limitations in existing models. The study assesses and processes data from Modern-Era Retrospective Analysis for Research and Applications (MERRA2) devices, highlighting the importance of enhancing input quality for reliable forecasting by identifying key factors that impact wind power output. The purpose of enhancing the ensemble-temporal neural network is to explore alternative input parameters, recognizing the multidimensional nature of wind power forecasting and the necessity for an adaptable model that captures various influencing variables related to wind energy. The collection and classification of wind turbine data from across Europe aim to assess the proposed approach across diverse terrains, ensuring its applicability and resilience by identifying variations in wind patterns. Evaluating the proposed model with state-of-the-art techniques using Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) demonstrates its superiority, with a significant reduction in error values demonstrating the hybrid model’s potential to enhance wind power forecasting performance. The quantitative results, illustrating error reduction percentages for different MERRA2 Wind farms, enhance the research motivation and highlight significant improvements in forecasting accuracy, confirming the proposed model’s efficacy as a solution to challenges in wind power forecasting. This research article is driven by the goal of improving the accuracy of wind power forecasting, thereby global wind energy resources can be used more efficiently and precisely.

1.2 Key Contributions and Novelties

The contribution and novelty of this article is the utilization of a novel hybrid Temporal Convolutional Ensemble learning strategy for forecasting wind power data. The wind data characteristics are obtained using an ensemble learning technique, thereafter a temporal convolutional network is suggested to analyze wind power forecast probability. Such probabilities are quite useful in predicting important aspects of wind speed’s unpredictable dynamic characteristics.

The following are this article’s key contributions and novelties:

•   Hybrid Ensemble learning is used to combine multiple models to improve the forecasting accuracy and robustness of the proposed model on a large scale of real-time-series data. It is also utilized to aggregate the actual wind characteristics

•   Temporal Convolution Network is employed to improve time-series analysis by capturing the missing information and has the ability to handle complex data, has the ability to train data at different time horizon which make it adaptable to existing techniques.

•   The proposed approach leads to improved accuracy, and increased robustness and performs more accurately than other methods.

•   The MAE and RMSE performance indicators used to assess the forecasting precisions and reliability of the hybrid Temporal Convolutional Ensemble learning model.

1.3 Paper Organization

This paper is organized in the following order: Latest reviews of the literature are presented in Section 2. The Hybrid Ensemble-Temporal Convolution Network Framework is discussed in Section 3. The results of the suggested approach are presented in Section 4, and a brief overall discussion is in Section 5. Finally, in Section 6, the conclusion and further research are presented.

2  Literature Review

In the field of requirements engineering, there is a growing interest in comprehending various needs and aspects of machine learning application systems. Research areas are focused on non-functional requirements elicitation and quality assurance for machine learning models and applications, especially those differing from conventional information systems development. For instance, crucial acceptance criteria for the viability of specific machine learning algorithms in particular contexts involve performance metrics like precision, recall, F-measure, and receiver operating characteristic (ROC) curve. These metrics also guide the ongoing optimization of machine learning models. Additionally, other extensively discussed topics include the interpretability of machine learning models [17], the equity and impartiality of predictive analysis results [18], and the legal and ethical compliance requirements of machine learning-intensive systems.

Wind power, as a renewable energy source, has enormous potential for generating sustainable electricity. However, its inherent fluctuation brings significant risks to the stability of power systems. Accurate forecasting emerges as a critical solution, ensuring that the unpredictability of wind power does not impede its smooth integration into the power system [19,20].

The greatest obstacle to using wind power as a dependable, independent source of electricity is its fluctuating nature. Large-scale wind integration needs solutions to multiple issues, including competitive business strategies, real-time network functions, regulations of interconnections, additional customer requirements and expenses, the performance of electricity, the capability of the transmission network and its future improvements, safety, and reliability of the network, and optimum decreases in carbon dioxide emissions of the overall power network, generally determined by the optimum quantity of wind integration into the network [19,20]. Addressing these challenges requires effective solutions, and enhanced wind forecasting emerges as a promising method. Beyond its role in competitive energy markets, precise wind forecasts contribute to the development of hourly or daily markets, enhancing overall system efficiency [21].

Power forecast techniques are classified fall into two categories: Data-driven artificial intelligence (AI) methods, strong in learning complex patterns, but weak in interpretability; and time-series approach, strong in interpretability, but limited in a learning capacity. Previous studies have proposed various wind power forecasting techniques [22–24]. However, wind energy forecasting is a complex nonlinear issue influenced by environmental factors like temperature, wind speed, and direction. Data-driven forecast approaches have emerged as a primary focus in short-term wind energy forecasting due to their inherent complexity [25–28]. Deep learning models using a combination of convolutional neural networks (CNN) and long-short-term memory (LSTM) neural networks techniques have been proposed to improve wind power forecast ability [29]. Other studies have explored multi-scale assessments of historical wind data and the use of LSTMs for wind speed forecasting [30]. To address the impact of climate conditions on wind turbines, a short-term wind energy forecasting method based on wave division (WD)- improved grey wolf optimizer based on fuzzy C-means clusters (IGFCM)-LSTM has also been proposed [31]. Accurate wind power forecasts (WPFs) are crucial for mitigating adverse effects. Researchers have developed various techniques to improve WPFs, including artificial neural networks (ANNs) [32,33], quantile regression [34,35], and methods that consider geographical and temporal complexities [36–38]. However, enhancing the stability of probabilistic wind power forecasting (PWPF) and wind power forecasts (WPF) techniques remains essential due to the challenges posed by fluctuating wind speeds and geographical variations. Short-term wind power forecasting (WPF) techniques have received significant attention [39,40]. However, these methods fall short of addressing the increased operational needs of wind-reliant systems [41–43] and capturing geographical correlations between Wind farms. Various approaches have been proposed to address these limitations, including random forests [44], the authors propose effective Temporal-spatial convolutional residual network architectures for decoding electroencephalogram (EEG) signals in spinal cord injury individuals [45]. Hybrid clustering-based probabilistic decision trees [46], temporal convolutional networks (TCNs) [47], and hybrid wind energy forecasting strategies utilizing gated recurrent units (GRUs) and TCNs [48]. The article presents an intelligent vehicular node using a Deep Q-Network (DQN) algorithm for dynamic Multiple-Choice Decision (MCW) prediction in IEEE 802.11-based V2I communications, demonstrating improved age fairness [49].

Convolution Neural Network (CNNs) and their advancements, like TCN, have shown promise in time series forecasting due to their ability to handle large amounts of historical data [50–52]. CNNs benefit from parallel processing and an expansive receptive field, allowing them to extract more information from historical data compared to traditional Recurrent neural networks (RNNs). This paper introduces a novel gated temporal-separable attention network for EEG-based depression recognition [53]. TCN, a specific type of CNN, has demonstrated superior time series forecasting capabilities due to its ability to extract historical data using expanded temporal convolution. Despite the effectiveness of TCNs, their limitations in capturing local data remain an unaddressed issue [54,55]. This limitation stems from the inherent nature of CNNs, which focus more on global patterns and less on local details. As a result, TCNs may struggle to capture nuanced changes in time series data that are important for accurate forecasting. However, these enhancements primarily focus on improving computational efficiency and dispersing the weighting of historical data, while the fundamental issue of local data capture remains largely unexplored. Further research is needed to develop TCN variants that can effectively capture both global patterns and local details in time series data. This would significantly enhance the capabilities of TCNs in time series forecasting and make them even more valuable for various applications.

The challenges in wind power forecasting, stemming from the ambiguous nature and weak controllability of wind characteristics, necessitate a reliable strategy for steady energy production and cost reduction [16]. Three main categories of wind power forecast approaches exist: Numeric Weather Predictions (NWP), statistical-based, and hybrids [56,57]. Mathematical methods aim to accurately forecast genuine NWP over longer time frames, but their precision relies on thorough examination of materials research and the environment. Statistical-based approaches, employing past wind data and descriptive components, are effective for forecasting relationships between different aspects [58]. Among statistical methods, machine learning techniques like Artificial Neural Network (ANN), CNN, Support Vector Regression (SVR), and Back Propagation Neural Network (BPNN) are commonly used [59–61]. ANN processes complex data through input samples and specific operations as output, CNN uses a perceptron in supervised learning, and BPNN employs the chain rule to determine gradient values in a multilayer neural network’s feed-forward approach. The Hybrid Temporal Convolutional Ensemble Learning model is crucial for Wind Power Forecasting, combining elements of different algorithms to address challenges posed by wind power’s characteristics and uncertainties. Key aspects of this model are detailed in Table 1, offering insights into the methodology and components utilized in the forecasting process.
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3  Hybrid Ensemble-Temporal Convolution Network Framework

The overall methodological behavior of the proposed hybrid ensemble-TCN model for enhancing accurate wind power forecasting for large-scale wind data is represented in Fig. 1. The data is gathered from different Wind farms located in multiple locations in European territory (MERRA2). The database Modern-Era Retrospective Analysis for Research and Applications (MERRA2) is used in the study, which covers windfarm data from many European countries. This database has an abundance of information for the analysis. The MERRA2 database is used to build three actual datasets. These datasets cover wind power generation by region for European countries.
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Figure 1: The suggested approach framework’s basic flow of procedures

The wind power production data is generated from MERRA2 reanalysis records spanning the years 1980 to 2018. The dataset’s Wind farm selection is intended to represent the state of the wind energy industry as of 2017. First, ensemble learning is employed to extract the best features from complex wind power data and create robust forecasts for a wider range of factors. The data is then fine-tuned to filter out noisy information in trying to find significant features of the hybrid ensemble-TCN model. In order to assess a series of historical wind power measurements, the TCN model is employed, which captures both short- and long-term fluctuations, and uses this information to produce accurate predictions of oncoming wind power. Finally, the calculation of the prediction errors, such as MAE and RMSE, for all three kinds of MERRA2 Wind farms demonstrates the validity of the proposed model in comparison to existing methods in terms of accurate wind power predictions.

3.1 Temporal Convolutional Network (TCN)

To increase the effectiveness of CNNs, TCN was initially suggested for time series modeling and forecasting [52]. Temporal Convolutional Networks (TCN) are a customized model that outperforms recurrent systems for forecasting applications. TCNs can capture long-term patterns utilizing dilated causal convolutions and residual blocks, and they are additionally more effective in the sense of processing time. The design of TCN includes three key features: Zero padding ensures that the output duration is equal to the duration of the inputs; causal convolutions prevent data from leaking from the future to the past; and dilated causal convolutions search deeply into the past to do forecasting. TCN also consists of two primary components: Stack residual blocks for establishing the routing protocols of TCN and dilated causal convolutions for extracting historical information.

3.1.1 Dilated Causal Convolution

According to the term causal relationship, only data from the past and present should have an impact on the outcome. In Fig. 2, an illustration of dilated causal convolution is shown, with the filter size defined as 3 as an example. For example, x1+1 will be forecasted using the input {x1,...,xt}, that has no constraints on the future data {xt+1,xt+2,...} Causal convolutions can accomplish this. The description of the causal convolution is

q(X)=∏t=1Tq(xt|x1,....,xt−1).(1)

[image: images]

Figure 2: A schematic diagram of the dilated casual convolution

Because causal convolution has no recurrent connections, it can be trained more quickly than RNNs. To solve this problem, dilated convolution is added to casual convolution to create dilated causal convolution, which can enhance the dynamic range with a negligibly increased network level and variable count. Additionally, the relationship between the receptive field of dilated causal convolution and causal convolution is described using the following formulation:

kl  ′=(d−1)* (kl−1)+kl.(2)

where d stands for the rate of dilatation and kl and kl  ′ are the dimensions of the causal convolution’s receptive field and dilated causal convolution at layer l, accordingly. Additionally, the receptive fields continually overlap, and as a result, the most recent layer’s receptive field belongs closely to the previous layers. An association between the receptive fields of the current layer and the preceding layer is shown below:

rl=rl−1+(kl−1)* jl−1=rl−1+((kl  ′−1)* ∏i=1l−1Si)(3)

where rl denotes the level of the receptive field at layer l, rl−1 denotes the level of the receptive field at layer l−1, and Si denotes the stride at layer i(i=1,...,l−1). Fig. 2 illustrates the two options available for boosting the receptive field: Choosing a bigger filter size k or raising the dilatation rate d.

3.1.2 Residual Block

The initial feature data in the input can be kept because the residual block only permits a partial modification of the input. Fig. 3 depicts the structure of the residual block. The outcome o of a transition g is combined with the input x in the residual block as shown in:

o=Activation(x+g(x))(4)
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Figure 3: Residual block structure diagram

The activation function is represented by Activation (·).

The residual block used in TCN has two layers of dilated causal convolutions [52], employs weight normalization to make the weights uniform [62], and utilizes ReLU as an activation function [63]. Additionally, a spatial dropout is used for regularization after each activation function [64]. After performing a 1 × 1 convolution operation, the outcome of the second dilated causal convolution is given to the input, and the function of 1 × 1 convolutions is employed to assure a smooth tensor shape.

3.2 Ensemble Learning Approach

Ensemble learning is a method of machine learning which includes combines several models to enhance the reliability and resiliency of forecasts. The fundamental idea behind the ensemble approach is to develop different base learners to be members of an ensemble and combine their forecasts to a single outcome that, on average, should produce better outcomes than any other ensemble members with statistically independent errors on the specified datasets. By utilizing the strengths of various models that capture multiple aspects of the challenging wind energy framework, ensemble learning can be utilized to improve the forecast’s precision in the context of wind power generation. First, the data is pre-processed to eliminate the outliers and extreme values to solve the overfitting issues. An additional objective of pre-processing is to reduce bias by eliminating sensitive features, eliminating high variance of data, and executing sequential classification for accurate Wind farm forecasts. then the data can perform the sequential classification subsequently, the data is fed into an ensemble model that combines a diverse set of models, selects the variables with high probability, and discards the variables with low probability. The final probability will be selected based on voting criteria, to acquire the best wind power forecasts. The ensemble learning technique is depicted in Fig. 4.
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Figure 4: Ensemble learning the basic flow of procedures

3.3 Performance Evaluation

To assess the inaccuracy and robustness of the suggested model, the two most widely used statistical indices, Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are utilized. A collection of forecast values’ MAE represents the mean value of the forecasted errors. This value represents the absolute variation in weight comparing expected and actual findings. The MAE defined in Eq. (5).

MAE=1n∑j=1n⁡|Pj−Pj^|(5)

where Pj and Pj^ are respectively show the real and forecasted amount for wind power at j time. The samples of observed data points are n. The RMSE defines a quadratic expression of the mean squared variation between the expected and real amounts. The RMSE is presented in Eq. (6).

RMSE=1n∑j=1n⁡(Pj−Pj^)2(6)

Further comparisons were made between the suggested algorithms’ forecast MAE and RMSE errors and many of the modern methods are shown in Table 1. In terms of overall effectiveness, the suggested technique performed better than the alternative techniques.

4  Results

The suggested hybrid strategy is thoroughly examined on several datasets for accurate forecasting of wind energy. The primary data is gathered from various Wind farms and arranged on an hourly, monthly, and annual basis. The valuable parameter was chosen from the enormous amount of wind data that contains valuable information. Because the datasets are of various magnitudes, large-magnitude parameters may overwhelm smaller-magnitude ones. As a result, it could impact the reliability of all predictions. The ensemble learning approach is employed to ensure equal opportunity by transforming all parameters. The standardized characteristics are then utilized to make forecasts. subsequently utilized a temporal convolutional network to categorize the associated standardized wind data characteristics.

4.1 Windfarms Datasets

The Modern-Era Retrospective Analysis for Research and Applications (MERRA2) database, which includes different Wind farm data from European countries shown in Fig. 5, is used to gather three actual datasets. The region-aggregated wind power production for European nations has been calculated using MERRA2 reanalysis records (1980–2018) using a distribution of Wind farms that are thought to be reflective of the current situation (2017). An associated daily time series of the total electrical consumption across the nations is also given. The data sets were created to look into how the three weather-related electricity grid components varied between years.
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Figure 5: Average wind speed in the European continent [65]

The performance of the suggested forecasting approach was evaluated using three Wind farm datasets. For testing and training purposes for every dataset of a Wind farm, data were divided based on a specific distribution. The data is divided into two categories: Training data for the forecasting approach that is being suggested and testing data for confirming accuracy and dependability. This suggested framework contains three phases.

4.2 Results Discussions

The raw data is gathered and arranged from various Wind farms in European terrain. The suggested forecasting approach was developed for every windmill farm. For all data sets, the comparability of actual and forecast Wind power for all three separate European Wind farms is shown in Figs. 6–8. The actual Wind power is presented by the blue curve, while the predicted wind power is depicted by the red curve. All three Wind farms have minor variations among their actual and predicted power, as demonstrated by these figures, although Wind farm 1 has a slightly better forecasting accuracy than the other two Wind farms. Consequently, the prediction evaluation showed that the suggested forecast algorithm is fairly efficient for predicting wind energy. Overall, the evaluations of the predictions demonstrated that the suggested hybrid ensemble-TCN model is more effective at enhancing forecasting results by using less training on challenging wind data. In order to deeper evaluate the forecast’s reliability, forecast errors like MAE and RMSE were employed. The suggested approach that has a reduced rate of error can accurately estimate wind energy, whereas an approach with larger error rates is inefficient in its present state. The minimal RMSE value was around 0.08 and 0.20, and the minimal MAE value for wind power plants was around 0.01 and 0.10. The approaches suggested in this article are quite accurate for local Wind farms, according to the MAE and RMSE analyses. A smaller error percentage represents better precision and reliability.
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Figure 6: Actual and forecast wind power output at dataset Wind farm 1
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Figure 7: Actual and forecast wind power output at dataset Wind farm 2
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Figure 8: Actual and forecast wind power output at dataset Wind farm 3

Table 2 utilizes various training data ratios, such as 20%, 40%, 60%, and 80%, to analyze the MAE and RMSE in all three Wind farms. The residual ratio for each period is the testing ratio needed to complete 100% of the overall. For illustration, 20%, 40%, 60%, and 80% of the testing ratio are, correspondingly, 80%, 60%, 40%, and 20%. While a better training ratio yields improved prediction scores, a minimal training ratio yields inferior forecasting scores. For instance, with a 20% training ratio, all three windfarm datasets possess the lowest MAE and RMSE values, however when we raise the training data, these attributes rise. It is demonstrated that the MAE and RMSE scores are significantly higher with the maximum training ratio, such as 80%, than with the lowest training ratio. This indicates that the training ratio should be at the optimal level, which is 80%, for implementing the predictive model.
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In Table 2, the suggested model is contrasted with cutting-edge methods for three windfarms utilizing MAE and RMSE. Because Wind farm 2 has a larger dataset, it produces better results. Big data is where the proposed model shines; for all three Wind farms, it produces forecasts with reduced forecasting errors and higher accuracy when it comes to wind power estimation. The proposed model is further evaluated in two scenarios: Comparing it with the most recent deep learning algorithms and examining error ratios between actual and forecast wind power. In adherence to previous research, the proposed model utilized RMSE and MAE to assess performance in the present study.

Table 3 shows a neural network with layers for handling sequential data—Temporal Convolutional Network (TCN)—and then dense layers for prediction. Dropout layers are inserted across the TCN layers to avoid overfitting, and dilated causal convolutions are used to capture temporal patterns. Finally, the network uses ReLU activation to create a sequence of dense layers that get smaller. Each layer’s number of trainable weights is shown in the parameter’s column. Using the advantages of dense layers for decision-making and TCNs for temporal understanding, this configuration is made to analyze sequence data efficiently.

[image: images]

The adaptive forecasting plotting for the three Wind farms is illustrated in Figs. 9–11 in the context of training and validations lost. For all three Wind farms, the epoch is given on the x-axis, while the loss is indicated on the y-axis. The blue curve represents the training loss, whereas the red curve reflects the validation loss. In Wind farm 1, the training and validation loss curves begin from various ranges on the y-axis; however, by epoch 25, both curves exhibit the same behavior on the x-axis without any overfitting or underfitting issues. Therefore, the lowest train and test MAE values for Wind farm 1 are 0.012 and 0.011, respectively.
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Figure 9: Training and validations loss for dataset Wind farm 1
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Figure 10: Training and validations loss for dataset Wind farm 2
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Figure 11: Training and validations loss for dataset Wind farm 3

Additionally, the validation loss begins at 0.02 in Wind farm 2, whereas the training loss curve commences with a significant span on the y-axis. Both curves are in a linear direction with the least and most reliable loss after around 40 epochs. However, for Wind farm 2, the minimal train MAE and test MAE are 0.005 and 0.004, accordingly.

Moreover, for Wind farm 3, the train and validation loss curves originate with identical ranges on the y-axis, and after around 5 epochs, both curves begin to behave linearly toward the x-axis with negligible loss. As a result, Wind farm 3 has a test MAE score of 0.027 and a train MAE value of 0.026. The proposed model’s performance on the dataset utilized for both training and testing sets is indicated by the linear variation among these curves with reduced error losses. Minimal training and validation losses imply that the foresting model is more robust over various epoch spans.

Table 4 represents the comparison between our suggested approach and other well-known existing algorithms, which include random forest, M5P, random tree, REP tree, MLP regression, and linear regression, based on the MAE and RMSE scores for three Wind farms. In Wind farm 1, The MAE and RMSE outperform other contemporary techniques. Employing our approach, random forest produced effective MAE and RMSE values for Wind farm 1. Correspondingly, the MAE and RMSE deliver better outcomes than other approaches for the Wind farm 2. Implementing our suggested strategy, random forest achieved superior MAE and M5P provided effective RMSE scores for Wind farm 2. Additionally, in comparison to other classifiers, our suggested model demonstrated greater for the Wind farm 3. Similarly, The MAE and RMSE scores of the MPL regressor are enhanced in Wind farm 3 as a result of our suggested methodology. Overall, it is demonstrated that our suggested strategy is more precise than existing methods for anticipating loss.
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The Table 5 represents the estimated Training Time, Prediction Time, and Total Computational Time for a Hybrid Ensemble Temporal Convolutional Network using an AMD Ryzen 6000 Series 8-core 5 GHz Processor, 32 GB RAM, and Nvidia RTX3060 6 GB GPU:
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5  Discussion

This research paper addresses the critical issue of wind power forecasting accuracy in the context of the growing importance of renewable energy sources. Also demonstrates the efficacy of using a rigorous requirements engineering methodology to design an innovative wind power forecasting model. The proposed effort ensures that the solution is in line with the unique requirements and limits of Wind farm operations by actively incorporating stakeholders in identifying key requirements and directing the model development process. It introduces a novel hybrid approach that combines ensemble learning and temporal convolution networks to improve the precision of wind power forecasting. The proposed approach begins with rigorous data pre-processing, including the elimination of outliers and extreme values, ensuring that the data used for forecasting is of high quality. The identification of significant features further enhances the model’s predictive power. By incorporating ensemble learning, the proposed approach effectively combines multiple models to boost accuracy and the model’s robustness, especially when dealing with real-time-series data. The use of temporal convolution networks strengthens time-series analysis, allowing the model to handle complex data and fill gaps in the time-series effectively.

A standout aspect of this research is the thorough comparative analysis with state-of-the-art forecasting models, which conclusively demonstrates that the proposed approach outperforms existing methods in terms of accuracy and error reduction. Moreover, our research extends beyond empirical findings, as the proposed work outlined future research directions, such as the application of the hybrid approach to Wind farm clusters and the exploration of different prediction interval assessment criteria for optimization. These suggestions set a clear path for further research, showing a commitment to refining and expanding this research in the future. In summary, this paper provides a valuable and innovative contribution to the field of wind power forecasting, offering a potential solution to the challenges associated with the integration of wind power into the energy grid while significantly enhancing accuracy and sustainability. Also sets the basis for future solutions that will be more sustainable and successful by bridging the gap between theoretical research and practical implementation.

6  Conclusions

This study illustrates how to develop a robust and precise wind power forecasting model by using a comprehensive requirements engineering hybrid ensemble learning method. The suggested framework makes sure the model is in line with the particular requirements and operating environment of wind farms by carefully gathering and outlining stakeholder requirements. In ultimately, this results in a more sustainable energy future by significantly reducing errors and improving grid stability. This work further highlights the need of requirements engineering in creating accurate and useful forecasting solutions for the renewable energy industry. In addition, both the MAE and RMSE have been determined, and their related error ratios are assessed by comparing them to the comprehensively investigated advanced technology wind energy forecast methods. The approach effectively reduces forecasting errors and demonstrates superior performance compared to existing methods. This study underscores the importance of incorporating human-centered approaches into wind power forecasting, paving the way for more accurate, reliable, and sustainable energy predictions.

Although the suggested hybrid technique offers encouraging results for data from actual wind turbines, A few concerns remain to be addressed in future studies. In the future, our major research focus will be on how the suggested approach is utilized in Wind farm clusters. Furthermore, to further sustainable energy prediction and management, future research can investigate expanding this method to other renewable energy forecasting difficulties and examining the integration of requirements engineering with cutting-edge AI and machine learning technology.
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Table 1: Overview of the research study on wind power forecasting with hybrid model
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Neural network
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Utilizes temporal convolutional layers
to capture temporal dependencies in
the data.
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for improved forecasting accuracy.
Data obtained from the MERRA2
dataset provides historical
meteorological information.

Focuses on predicting wind power
generation.

Uses metrics such as RMSE and MAE
to evaluate forecasting model
performance.

Compares the proposed model with
existing forecasting methods.

Aims to enhance the accuracy of wind
power forecasting for optimal resource
utilization.

Describes the structure of the hybrid
temporal convolutional ensemble
learning model.

Identifies key features crucial for
accurate wind power forecasting.
Validates the model across different
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Table 3: Architecture parameters of wind power prediction model

Layer Type Shape or filters Parameters Activation
function
TCN_I Dilated causal 30 filters 4530 None
conv
dropout_1 Dropout Same as TCN_1 0 None
TCN_2 Dilated causal 30 filters 2730 None
conv
dropout_2 Dropout Same as TCN_2 0 None
dense_1 Dense 80 2480 ReLLU
dropout_3 Dropout 80 0 None
dense_2 Dense 40 3240 ReLLU
dropout_4 Dropout 40 0 None
dense_3 Dense 20 820 ReLLU
dropout_5 Dropout 20 0 None

dense_4 Dense 3 63 RelU
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Table 4: The comparison of the proposed technique to several well-known existing algorithms
Datasets Errors Random MS5P Random REP Tree = MLP Linear Proposed
forest tree regressor  regression  model
MERRA MAE 0.0012 0.002 0.0015 0.0021 0.0038 0.0045 0.0010
Wind farm 1 g MSE 0.0026 0.0041 0.0035 0.004 0.0051 0.0061 0.0016
MERRA MAE 0.0007 0.0011 0.001 0.0011 0.0017 0.0019 0.0005
Wind farm 2 g MSE 0.0018 0.0017 0.0024 0.0022 0.0023 0.0025 0.0014
MERRA MAE 0.0861 0.1464 0.0537 0.1382 0.0747 0.4118 0.0156
Wind farm3 g MSE 0.1753 0.2291 0.2317 0.3055 0.1711 0.4555 0.0174
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Table 2: The analyzes of the MAE and RMSE in all three Wind farms using different training data
ratios

Datasets Errors 20% 40% 60% 80%
MERRA MAE 0.0402 0.0249 0.0046 0.0021
Wind farm 1 RMSE 0.0511 0.0314 0.0064 0.0053
MERRA MAE 0.018 0.013 0.0019 0.001
Wind farm 2 RMSE 0.0277 0.0171 0.0024 0.0014
MERRA MAE 0.4756 0.4076 0.1157 0.079

Wind farm 3 RMSE 0.5065 0.463 0.3402 0.166
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Table 5: Windfarm dataset statistics and computational performance metrics

Wind farm datasets Dataset size Training Prediction Total
(Measurements) time (s) time (s) computational
time (s)
MERRA Wind farm 1 1500 80 s 9s 95s
MERRA Wind farm2 6000 316s 14s 341s
MERRA Wind farm 3 4000 207 s 11s 246 s
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