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Abstract

Accurately predicting the wind power output of a wind farm across various time scales utilizing Wind Power
Forecasting (WPF) is a critical issue in wind power trading and utilization. The WPF problem remains unresolved
due to numerous influencing variables, such as wind speed, temperature, latitude, and longitude. Furthermore,
achieving high prediction accuracy is crucial for maintaining electric grid stability and ensuring supply security.
In this paper, we model all wind turbines within a wind farm as graph nodes in a graph built by their geographical
locations. Accordingly, we propose an ensemble model based on graph neural networks and reinforcement learning
(EMGRL) for WPF. Our approach includes: (1) applying graph neural networks to capture the time-series data
from neighboring wind farms relevant to the target wind farm; (2) establishing a general state embedding that
integrates the target wind farm’s data with the historical performance of base models on the target wind farm; (3)
ensembling and leveraging the advantages of all base models through an actor-critic reinforcement learning
framework for WPF.

Keywords: Wind power forecasting, ensemble learning, reinforcement learning, graph neural network,

EMGRL

1 Introduction

With the development of the economy and science, human demand for energy is increasing daily. Over the
past few decades, humans have heavily relied on fossil fuels for energy. However, the extensive use of fossil fuels

has significantly harmed nature and humanity, contributing to the greenhouse effect and global warming. Currently,



almost 99% of the world's population breathes air of a quality below World Health Organization standards.
Approximately 8 million people die annually from household (indoor) and ambient (outdoor) air pollution. The
World Health Organization estimates that in the Western Pacific region alone, 2.2 million individuals die each year
due to air pollution (WHO, 2022). Consequently, as a clean, cheap, and renewable energy compared to traditional
fossil fuels, wind power has attracted wide attention from governments and research institutions. According to the
Global Wind Report 2022, the year 2021 is one of the best on record for the wind energy industry, with 93.6 GW
of new capacity installed globally. At present, the total global wind power capacity stands at 837GW. The use of
wind energy can help people avoid emitting carbon dioxide equivalent to South America's annual carbon emissions,

about 1.2 billion tons (Council, 2022).

As a significant component of smart grids, wind power plays a crucial role in the generation and supply of
energy (Wang et al., 2021). Wind power forecasting (WPF) is essential for the rational scheduling and optimization
of wind power in one or more wind farms. Due to the significant instability and unpredictability of wind power
supply, it has always been a complex challenge for researchers to achieve high-precision wind prediction.

Based on the time scale of prediction, WPF can be broadly categorized into four types (Chang et al., 2014;
Wang et al., 2011):

® Very-short-term forecasting: The time range is a few minutes to an hour.

® Short-term forecasting: The time range is a few hours to a day.

® Standard-term forecasting: The time range is a few days to a week.

® [ ong-term forecasting: The time range is a few weeks or more ahead.

Very-short-term forecasting is mainly used for the regular cleaning of the electricity market and real-time
operation of the grid. Short-term forecasting plays a significant role in financial market scheduling and informed
load decision-making. Standard-term forecasting is employed for energy valuation and grid system control, while
long-term forecasting mainly guides optimal cost assessment and feasibility method design for the wind farm
planning.

From a modeling perspective, wind power forecasting methods can be subdivided into traditional methods
(Sideratos & Hatziargyriou, 2007; Shi et al., 2011) and machine learning methods (Demolli et al., 2019; Jorgensen
& Shaker, 2020). Although current methods have achieved significant success for WPF, numerous variables
(temperature, altitude, position, humidity, pressure, etc.) could influence the results.

Each methods has its advantages in specific aspects. Therefore, leveraging and ensembling these models to

optimize prediction accuracy for WPF is a promising method.



In this paper, we model all wind turbines within a wind farm as graph nodes in a graph constructed based on
their geographical locations. Consequently, we propose an ensemble model based on graph neural network and
reinforcement learning (EMGRL) for WPF. Our approach includes: (1) applying graph neural networks to capture
the time-series data from neighboring wind farms relevant to the target wind farm; (2) establishing a general state
embedding that integrates the target wind farm’s data with the historical performance of base models on the target
wind farm; (3) ensembling and leveraging the advantages of all base models through an actor-critic reinforcement
learning framework for WPF. We demonstrate that the EMGRL model outperforms state-of-the-art (SOTA)
baselines by up to 12.89% in comparison trials on open datasets for WPF.

The remainder of this paper is organized as follows: Section 2 introduces related works on WPF, including
traditional and machine learning methods. Section 3 summarizes the basic technologies and depicts the problem
definition of this paper. Section 4 proposes the ensemble model based on graph neural networks and reinforcement
learning (EMGRL). Section 5 reports the results of comprehensive experiments on real-world wind farms datasets,

comparing EMGRL with baseline methods. Finally, conclusions are presented in Section 6.

2 Related Works

2.1 Traditional Methods

Compared to machine learning methods, traditional methods emphasize wind power prediction through rule-

based modeling. These traditional approaches can be classified into persistence, physical, and statistical methods.

2.1.1 Persistence Methods

The general idea of persistence forecasting is to use the average value of historical wind power to predict that
future wind power will be the same as the current value. Persistence forecasting is typically used as a baseline
measure of the accuracy of other prediction methods rather than as a practical method, especially for short-term
forecasts (Bludszuweit et al., 2008).

Prise = Py €))

where the wind power P, s, at a future time step 8t is predicted to be the same as the current wind power P;.

Since the persistence method pays little attention to parameters, it is not reasonable to use it when the forecast

duration is longer than a few hours.

2.1.2 Physical method

The physical method typically uses historical weather data from the wind farm, such as temperature, surface

pressure and the number of obstacles, etc., to forecast wind speed and create wind power maps using wind turbine



power curves (Santhosh et al., 2020). The most widely used physical approach is Numerical Weather Forecasting
(NWP). NWP predicts future weather phenomena at a specific time by solving mechanical equations that describe
the evolution of weather under certain initial conditions. The major NWP models currently used in the industry
include the GRAPES model (published by the China Meteorological Administration), the WRF model (published
by the National Meteorological Research Department), and the IFS model (published by the European

Meteorological Forecasting Agency) (Wu et al., 2022).

Pelikan et al. used mesoscale resolution NWP to study wind power prediction as early as 2010. After
validating with actual electricity data in the Czech Republic, they found that the model could make accurate
predictions within 72 hours (Pelikan et al., 2010). To address the low performance of the NWP prediction algorithm,
Wang et al. (Wang et al., 2019) proposed an NWP speed correction algorithm based on the Sequence Transfer
Correction Algorithm (STCA). This algorithm demonstrated excellent generalization ability for a variety of models,
proving the physical method's applicability.

The results obtained by the physical method are consistent with physical laws and relatively accurate, which
may be the best method for standard and long-term wind power prediction (Hanifi et al., 2020). However,
implementing physical methods requires excessive computational time and system resources, making them

unsuitable for short-term forecasting.
2.1.3 Statistical method

Statistical methods for wind power forecasting include the autoregressive integrated moving average model
(ARIMA) (Nelson, 1998), Kalman filter (Welch, 2020) and Bayesian model (Pole et al., 2018), which aim to

determine the relationship between input variables and output using historical datasets.

The ARIMA technique is commonly utilized in time series forecasting tasks, including wind power
forecasting. The usual steps of ARIMA include (1) model identification, (2) model ordering, (3) parameter

estimation, and (4) prediction (Kavasseri & Seetharaman, 2009).

Yatiyana et al. (Yatiyana et al., 2017) used the ARIMA model to establish a wind power forecasting model in
Western Australia, significantly improving the reliability and quality of the wind power system. Although ARIMA
accurately captures the conditional mean, it excludes the time-varying variations of wind power generation. Tian
etal. (Tian et al., 2018) proposed a novel wind power forecasting algorithm based on the ARIMA-LGARCH model,
considering the impact of random wind power volatility on prediction accuracy. To analyze the non-stationary and
autocorrelation aspects of wind power time series data, the ARIMA and Logarithmic Generalized Autoregression

Conditional Heteroscedasticity (LGARCH) models were utilized. The model's feasibility and efficacy were



confirmed by comparing the predicted and actual wind power values in the wind farm. The prediction model's
validity was enhanced to estimate and predict the parameters more precisely. Gupta et al. (Gupta et al., 2019)
studied the advantages of the Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model and
proposed a hybrid ARIMA-GARCH model for wind power prediction. This model combines ARIMA-based
conditional mean prediction with GARCH-based conditional variance prediction. Simulation results from three
wind farms in Australia, evaluated using MAE and RMSE, show that the proposed model outperforms the classic

ARIMA model.

The kalman filter is a state estimation algorithm that combines prior experience with measurement update,
widely used in prediction tasks. Bossanyi et al. (Bossanyi, 1985) was the first to use the Kalman filter for wind
forecasting. Salgado et al. (Salgado et al., 2018) devised a method to calculate the average hourly wind speed over
a 24-hour period using a multimodal Kalman filter. A clustering algorithm was used to obtain the wind speed
characteristic curve of the submodel. After verification, the proposed prediction model outperformed other
statistical methods in terms of accuracy. The Kalman filter method uses the linear system state equation to process
observed data and optimally estimate the system state. However, when there is nonlinear fluctuation in the data,

the prediction effect of the model is not ideal.

Wang et al. (Wang et al., 2017) proposed a generalized multi-core regression model and introduced the
variational Bayes method to improve the model. This was done to address the shortcomings of traditional wind
power prediction models, which are not sensitive to high-resolution data and have assumptions inconsistent with
error distribution. Research findings in China suggest that the proposed model can estimate probability more
accurately and has high potential for adoption in modern power systems. Wang et al. (Wang et al., 2020a)
developed a hybrid wind power prediction method based on Bayesian Model Averaging and Ensemble Learning
(BMA-EL). Firstly, training sets with the same distribution are imported into three basic learners to train the model.
The combined policy is then trained based on the validation set output. Finally, BMA-EL generates the wind power
prediction result through this output. Compared to other algorithms, BMA-EL is shown to estimate wind power

output with high accuracy and stability across various environmental situations.

Statistical methods are easier to model and less expensive to develop than physical methods. However, as the
forecasting time increases, the error increases sharply, making most statistical methods suitable only for short-term
predictions. Another disadvantage is that these statistical models do not account for the influence of time delays,

making the integration of wind power time series into the forecasting model problematic (Deng et al., 2020).



2.2 Machine Learning methods

Machine learning methods can be further classified into traditional and deep learning approaches. Traditional
machine learning methods focus on modeling and predicting wind power through feature engineering. In contrast,

deep learning methods primarily use neural networks to directly output prediction results based on big data.
2.2.1 Traditional Machine Learning methods

The goal of machine learning is to create algorithms that learn from data and generate predictions and allow
computers to update themselves. Because machine learning algorithms can accurately characterize the behavior of
datasets, input features are modeled based on expected outputs, and output features are predicted based on previous

data. Hence, machine learning is one of the effective methods for wind power prediction (Demolli et al., 2019).

The SVM method performs well in wind power prediction tasks. Zeng et al. (Zeng & Qiao, 2011) proposed
a statistical method for wind power prediction based on SVM. The model predicts the wind speed first, and then
the wind power is expected using the wind turbine's power and wind speed characteristics. According to simulation
findings based on data from the National Renewable Energy Laboratory (NREL), this model has higher accuracy
for very short-term and short-term WPF compared to models based on the continuous model and radial basis
function neural network. Many scholars have proposed improved SVM methods for wind power forecasting. Liu
et al. (Liu et al., 2020) proposed a support vector machine (JAYA-SVM) short-term wind speed prediction model
based on the JAYA algorithm. The hyperparameters of the SVM are optimized using the JAYA optimization

algorithm using the most representative features in the input data.

In addition to SVM, traditional machine learning algorithms such as KNN (Mahaseth et al., 2022), XGBoost
(Jiading et al., 2022) and Random Forest (RF) (Lahouar & Slama, 2017; Shi et al., 2018) have also been used in
wind power prediction tasks. However, traditional machine learning methods require manual extraction and
cleaning of data, followed by feature engineering. The selection of features largely determines the model's
effectiveness. Therefore, traditional machine learning methods have significant limitations in the application of

flexible wind power prediction scenarios.
2.2.2 Deep Learning methods

Deep learning can refine data using representation and machine learning models without the need for
preprocessing steps such as feature selection, dimension compression, and format conversion. The primary
advantage of deep learning over traditional methods is its ability to automatically extract features. Advances in

modern computing power and neural network theory have provided extensive application potential for deep



learning models.

Convolutional neural networks (CNNs) can be combined with radial basis function neural networks
(RBFNNSs) for wind power generation prediction (Hong & Rioflorido, 2019). CNNss are used to extract wind power
features through convolution, kernel, and pool operations, while supervised RBFNNs handle uncertain features.
Testing has shown that this method consistently achieves excellent wind power forecasts, with values exceeding
0.9 in both winter and summer, indicating outstanding 24-hour-ahead predictions. Devi et al. (Devi et al. 2020)
introduced an enhanced long short-term memory network, the Augmented Forgetting Gate Network (LSTM-EFG),
to forecast subsequence data extracted using Ensemble Empirical Pattern Decomposition (EEMD). The cuckoo
search optimization algorithm (CSO) was incorporated into the parameter design process. Experimental results
demonstrate that this model significantly improves prediction accuracy and avoids the defects of traditional models.
Kisvari et al. (Kisvari et al., 2021) proposed a method based on a gated recursive deep learning model combined
with traditional machine learning hyperparameter tuning. They successfully developed a novel gated recurrent unit
(GRU) neural network, which includes 12 features such as generator temperature, gearbox temperature, and wind
speed at different heights. In practical tests, the GRU's prediction accuracy surpassed that of LSTM and was less
sensitive to noise in SCADA datasets. The attention mechanism also proves valuable in wind power prediction.
Niu et al. (Niu et al. 2021) introduced an attention-based gated recurrent unit sequence model (AGRU) to improve

prediction performance, using hidden GRU modules to connect and activate tasks across different prediction steps.

A new data-driven model based on the principles of deep learning-convolutional long short-term memory
(CLSTM), evolutionary algorithms, a neural architecture search process, and integrated deep reinforcement
learning (RL) strategy was proposed by Jalali et al. (Jalali et al., 2021). Initially, mutual information is used to
extract features from unprocessed wind power time series data. The architecture of the deep CLSTM model is then
optimized through the neural architecture search procedure. Finally, the RL algorithm-based Al model is integrated
to minimize the wind power prediction gap between two datasets. This algorithm demonstrates excellent seasonal
performance when compared to 14 state-of-the-art models. Chen et al. (Chen et al., 2021) proposed a dynamic
integrated wind speed forecasting model based on deep reinforcement learning, considering the time-varying
characteristics of wind speed series. The first part involves using real-time wavelet packet decomposition enhanced
deep echo state network to construct the basic model with different vanishing moments. The second part
determines the weight allocation of the basic learner using a multi-modal optimization method. The third part
embeds the non-dominated solution of combined weights in a deep reinforcement learning environment, enabling

dynamic selection. By carefully designing the reinforcement learning environment, a dynamic non-dominated



solution can be selected in each prediction round according to the time-varying properties of wind speed.

Additionally, combining various models to improve prediction performance through ensemble methods
integrates the advantages of different models and offers good generalization ability (Du et al., 2019; Dong et al.,

2021; Jaseena & Kovoor, 2021; Duan et al., 2022).
3 Problem Preliminary

3.1 Ensemble learning

Ensemble learning first extracts the characteristics of the data through a series of prescribed mathematical
methods. Based on the obtained data characteristics, various algorithms are selected to generate weak prediction
results. Finally, ensemble learning acquires new knowledge and achieves better prediction results through an

adaptive voting scheme (Dong et al., 2022).

The comprehensive structure of ensemble learning is illustrated in Figure 1. Ensemble learning methods can
generally be subdivided into Bootstrap aggregating (Bagging), Boosting, and Stacking. The bagging method
randomly samples training subsets from the training set and then uses these subsets to perform parallel training
while integrating the base learners into the ensemble model. The Boosting method first trains a basic learner with
better performance from the initial training set, then adjusts the sample distribution according to the performance
of the basic learner to increase the weight of the samples incorrectly predicted by the basic learner in the previous
training. This process is repeated for the next basic learner with the optimized sample distribution, and the
operations continue until completion. Finally, a weighted combination of the basic learners is performed. The
Stacking model builds a meta-model using predictions from multiple base models to generate the final forecast.
The Stacking model is composed of multiple layers, with each layer consisting of several machine learning models.

The predictions from these models are used to train the next layer model.
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Figure 1: The overall framework of ensemble learning.



3.2 Graph neural network

Graph Neural Network (GNN) is an emerging framework that uses deep learning to directly learn from graph-
structured data. Its excellent performance has attracted significant attention and in-depth exploration from scholars.
By formulating specific strategies for the nodes and edges of the graph, GNN transforms the graph data into a
standardized representation, which is then input into neural networks for training. This approach has achieved

remarkable results in information aggregation, action recognition, and time series prediction.

GNNSs are typically built on the message-passing neural network framework. As shown in Figure 2, the GNN

message-passing process can be divided into three stages:
(1) Message Computation

In the Message Computation stage, function MC' is used to calculate the information value m!, of node u in

layer [
W =MCH(h] 2
my” = ( u) ( )
(2) Message Aggregation

In the Message Aggregation stage, the function MA' is used to integrate the information of node u; in the

neighborhood of node ¥ located in layer [
all = MA'({m},, u; e Nv)}) 3)
(3) Message Update

In the Message Update stage, the function MU! updates node ¥ at layer I based on the neighborhood

aggregation information a, and its own information m,

h* = MU' (al, mb) (4)

ﬁjz WHNN

l

Figure 2: The Message aggregation process in GNN for node v.



3.3 Reinforcement learning

Reinforcement learning is a field within machine learning (Sutton et al., 1998). It encompasses a class of
learning methods that learn by interacting with the environment and using feedback from it. With the recent
development of artificial intelligence (Al), reinforcement learning has emerged as one of the three main machine
learning paradigms, alongside supervised learning and unsupervised learning, due to its powerful autonomous
learning capabilities.

The core of reinforcement learning is to study the interaction between the agent and the environment. By
continuously learning the optimal policy, the agent makes sequential decisions based on the current state of the
environment to maximize cumulative reward. This process can be described as a Markov Decision Process (MDP),

as shown in Figure 3.
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Figure 3: Markov Decision Process (MDP)
The parameter space of an MDP can be represented as a tuple (S, 4, P, R,y), where: S is a finite set of states
with s; € S, where s; is the state at time ¢; A is a finite set of actions, with a, € A, where a, is a specific action; P
represents the state transition probabilities, Pr(S;41 | S, @; ), predicting the next state s, based on the current
state s; and action a;. Py indicates the possibility that action a, will transition the state from s, to 5., 4; R is the
reward fuction, with 7, € R, where 1; is the immediate reward received after taking an action; y is the discount
factor. The policy m(s;) represents the possibility of taking action a, based on the current state s,. The agent's

value function, V (s;), and action value function, Q(s;, a;), evaluate the expected long-term reward the agent can



receive in the state s;.

3.4 Problem definition
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Figure 4: Ensemble learning model decision process.

The main objective of wind power prediction is to forecast wind power over a period based on historical wind
power data from a specific area (wind farm) and the wind power characteristics of neighboring areas. For time
series data, as shown in Figure 4, different base models often perform differently at the same stage of the data.
Therefore, identifying the model that performs best at a certain stage is more valuable and easier to implement
than directly using a single learner for predictions. This strategy allows us to find the best model to adapt to
changing data distributions and make accurate predictions.

We aim to solve two problems: (1) What is the next value in the time series data? (2) Which base model is
better at predicting the next value? For problem (1), we use various time series prediction methods as base models
to make simultaneous predictions. For problem (2), we use reinforcement learning to assign weights to each base
model, reflecting their respective contributions to the prediction results in ensemble learning. In this prediction
task, it is necessary to splice and embed the data of each wind farm and the loss data of each learner, then calculate
the weight of each base learner using reinforcement learning, and finally make the prediction.

Wina = Predict(by, by, by -+ b,),n € N (5)

where Predict stands for the prediction function, b; stands for base model i in an ensemble model, and N

represents the number of base models selected.

4 Methods

In this section, we introduce and detail an ensemble model for wind power forecasting (WPF) based on a



graph neural network and reinforcement learning (EMGRL).

4.1 The overview of EMGRL
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Figure 5: The overall framework of EMGRL model.

The overall framework of the EMGRL model is shown in Figure 5. Firstly, we propose a method for
generating state embeddings that integrates temporal data and spatial features of wind farms using a dilated
convolutional neural network and a graph neural network, further combined with model loss to generate
embedding vectors. Secondly, we input the obtained embedding vector into an actor-critic reinforcement learning
model, which outputs the weight of each base model in the ensemble model through iterative training to achieve

optimal results.

4.2 State embedding generation
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Figure 6: A flowchart for generating state embedding vectors.



The state embedding consists of two parts: spatio-temporal sequence embedding and model loss embedding.
For the spatio-temporal sequence embedding part, we obtained each wind farm's compressed time sequence data
vector through a dilated convolutional neural network (as shown in Figure 6). Based on time series data, we further
consider the spatial characteristics of wind power. We input the timing vectors of all wind farms, including
geographical location information, into the GNN network. As shown in Figure 6, we compute the embedding of
wind farm A among wind farms (A, B, C, D, E, F). Through training, the GNN network can simultaneously
integrate the information of neighboring wind farms into wind farm A’s time sequence data vector, obtaining the
spatio-temporal sequence embedding of wind farm A. The computation of the spatio-temporal sequence
embedding for other wind farms follows the same process as for wind farm A. We denote the space-time
embedding vector of wind farm A as STSE, , which represents the raw input data of the wind farm. The following
expression shows the relationship between the two:
STSE, = GNN({ Dilated — CNN(t;)}),k € {A,B,C,D,E,F} (6)
For the mode loss embedding part, we integrate all the basic models in the learning model, conducted training
on the historical data of all wind farms, and learned the internal parameters of each basic model. Using wind farm
A as an example, we obtained the predicted losses of all basic models on wind farm A in each training session,
spliced the losses, and compressed them through a dilated convolutional neural network to obtain the model loss
embedding of wind farm A. Let L} _, represent the loss of basic model i on the time sequence data of wind farm A
at time t — 1, and let N represent the number of basic models. The computation of this method is shown in the

formula:
MLEA, = MLP({LL_,},i € {1,--,N}) (7)
Hence, we obtain the embedding vector SE, of wind farm A through splicing:

SE, = (STSE,, MLE{ ) (8)



4.3 Training and Prediction Pipeline
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Figure 7: Reinforcement learning model training process

We outline the following processes for the training and prediction phases of the reinforcement learning model
(as shown in Figure 7). Our reinforcement learning algorithm is based on the Actor-critic framework. At timestep
t, the state s, describes the information of the input time series and the historical performance of the base models,
represented as SE,, k € {A,B,C,D,E,F}. We input SE, into Actor module, which selects and outputs the
appropriate actions according to a predetermined policy. The output value of the actor is a, = (th, ) W?]), and
each element of the vector corresponds to the weight of the N base models in the wind power prediction results.
Based on the weight a,, we can output the ensemble prediction y, of wind farm k through the ensemble model.
The reward 1; is calculated by comparing y, with the real data. Meanwhile, we also obtain the next state s; after
the EMGRL model takes action a,. We then save the transition (s;, a;, 13, s¢) into the replay buffer for later training.
We update the actor A(s;) and critic Q(s, a,) using the sampled transitions from the replay buffer. Through

continuous iterative training, highly accurate wind power prediction results for each wind farm can be achieved.

4.4 Algorithm

The EMGRL algorithm is:



Algorithm 1 The EMGRL Algorithm

Input SE, as state s for wind farm A:
Initialize 6 for actor, w for critic

1: for t=1to T do:

2: Sample batch transitions (s;, a;, 13, S¢) from replay buffer
3: Sample action a; = Ty (s, a)
4: Update critic:

2
w = argmin Ey (Qn(e)(st. ar) — Qu(se at))

5: Update actor:

0 =0+ alogmg (54, a.)Q, (st ar)
7 a, =a;;S; = S,
8: end for

5 Experiment

In this section, we conduct numerical experiments to demonstrate the performance of the EMGRL in wind

power forecasting (WPF).

5.1 Dataset

5.1.1 NREL Dataset

In this experiment, we use an open-source dataset from the National Renewable Energy Laboratory (NREL)
(Draxl et al., 2015). The NREL dataset contains wind data from 2010 to 2011 for four offshore wind farms (A, B,
C, and D) located on the east coast of the United States. The data is sampled at 10-minutes intervals, with the wind
turbine output power ranging from 0 to 16MW. We use the wind power data from 2010 for model training and the

wind power data from 2011 for testing. The specific locations of the wind farms are shown in Fig. 8.
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Figure 8: Abstract map of wind farm location in NREL Dataset.

5.1.2 GEFC Dataset

The second Dataset we use is from Global Energy Forecasting Competition (GEFC) 2012 - Wind Forecasting.
The GEFC dataset includes three years of historical data from seven wind farms, spanning from the first hour of
July 1, 2009 to the 12th hour of June 28, 2012. The historical data consists of hourly wind power measurements
for each wind farm and forecasts of zonal and meridional wind components, wind speed, and direction for the next
1 to 48 hours. In this dataset, the period from July 1, 2009 to December 31, 2010, is used for model training, and
the period from January 1, 2011 to June 28, 2012 is used for model testing. The wind power values are normalized
to the interval between 0 and 1 to ensure that the original data features of the wind farm cannot be identified (Li

& Chiang, 2016).

Figure 9: Abstract map of wind farm location in GEFC Dataset (Taking Wind Farm 1 as an example).



5.2 Baseline methods

® Autoregressive Integrated Moving Average (ARIMA) (Wang & Hu, 2015)
® Support Vector Regression (SVR) (Dhiman et al., 2019)

® LightGBM (Ren et al., 2022)

® [ong short-term memory network (LSTM) (Ko et al., 2020)

® Superposition Graph Neural Network (SGNN) (Yu et al., 2020)

® COBRT (Guo & Chiang, 2016)

® SDAE (Yan et al., 2018)
5.3 Settings

In this paper, our integration model contains four basic models: ARIMA, LightGBM, LSTM, and SGNN.
ARIMA is adept at thoroughly learning the linear characteristics of historical data, while LightGBM excels at
handling the nonlinear aspects of time series data. LSTM can retain long-term data elements and learn data patterns,
whereas SGNN analyzes data from a graph perspective to extract spatial features more effectively. Each of these
four basic learning models brings unique strengths to wind power prediction. By leveraging their respective
advantages and allocating weights reasonably, our integrated learning model aims to achieve the best

comprehensive prediction results.

5.4 Evaluation
In this paper, we use Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) as the evaluation
metrics for the proposed model.

® MAE: Mean Absolute Error calculates the average of the absolute error between the predicted value ¥,

and the true value y;, and is less sensitive to outliers.
n
1 o
MAE == |y, - 3 O
i=1

® RMSE: Root Mean Square Error is the square root of the ratio of the square of the deviation between the
real value y; and the predicted value ¥, and the number of observations n, which can calculate the

deviation between the predicted value and the real value. RMSE is sensitive to outliers in the data.



RMSE = (10)

5.5 Results

We compare the EMGRL model with seven baseline models (ARIMA, SVR, LightGBM, LSTM, SGNN,
SDAE, and COBRT) under both datasets. For the NREL dataset, we compute the RMSE of the model on the data
from four wind farms (A, B, C, and D) through multiple average calculations. For the GEFC dataset, we compute
the MAE and RMSE of the model on the data from seven wind farms through multiple average results.
® Algorithm performance in NREL Datasets

As shown in Table 1, the EMGRL model achieves the lowest RMSE values for the four wind farms in the
NREL dataset. Compared to SGNN, which performs the best among the basic models, EMGRL outperforms
SGNN by approximately 9.62%, 10.44%, 6.57%, and 6.34% for wind farms A, B, C, and D, respectively. We
visualize the RMSE values of EMGRL and each base model in Figure 10 and compared RMSE values of EMGRL

and SGNN in Figure 11.

Table 1: MAE values of different baseline methods and EMGRL models on NREL Datasets.

Model Wind Farm A Wind Farm B Wind Farm C Wind Farm D
ARIMA 1.5465 1.4618 1.4594 1.3982
SVR 1.2954 1.2235 1.2300 1.1832
LightGBM 1.1698 1.1214 1.1283 1.0847
LSTM 1.3846 1.2982 1.3034 1.2750
SGNN 1.1520 1.1416 1.1184 1.0722
SDAE 1.3326 1.2143 1.1905 1.1761
COBRT 1.2517 1.1949 1.2109 1.1074

EMGRL 1.0509 1.0337 1.0494 1.0082
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Figure 10: MAE performance comparison between EMGRL and multiple baseline methods on NREL Datasets.
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Figure 11: Improvement of EMGRL model on RMSE compared to the best-performing benchmark model SGNN in NREL

Dataset.
® Algorithm performance in GEFC Datasets
As shown in Table 2, the EMGRL model also significantly outperforms other models in terms of MAE value,
with the MAE for wind Farm 4 reaching a low of 0.1423. The MAE value of the EMGRL model is approximately
7.74% better than that of the best-performing model, SDAE, across the seven wind farms. We visualize and
compare the MAE values for each model in Figures 12 and 13. Similarly, on the GEFC dataset (Table 3, Figure 14

and 15), the RMSE of the EMGRL model also achieves optimal results. These findings again demonstrate the



superiority of our model, which performs well across multiple datasets.

Table 2: MAE values of different baseline methods and EMGRL models on GEFC Datasets.

Model

ARIMA

SVR

LightGBM

LSTM

SGNN

SDAE

COBRT

EMGRL

Wind

Farm 1

0.2215

0.1887

0.1666

0.1754

0.1792

0.1650

0.1734

0.1505

Wind

Farm 2

0.2087

0.1772

0.1702

0.1668

0.1622

0.1582

0.1821

0.1492

Wind

Farm 3

0.2150

0.1891

0.1630

0.1768

0.1795

0.1663

0.2073

0.1605

Wind

Farm 4

0.2073

0.1760

0.1661

0.1637

0.1761

0.1496

0.1784

0.1423

Wind

Farm 5

0.1969

0.1712

0.1637

0.1523

0.1655

0.1717

0.2029

0.1628

Wind

Farm 6

0.1986

0.1682

0.1550

0.1545

0.1617

0.1501

0.1685

0.1435

MAE Performence

Wind Farm 1

Figure 12: MAE performance comparison between EMGRL and multiple baseline methods on GEFC Datasets.
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Figure 13: Improvement of EMGRL model on MAE compared to the best-performing benchmark model SDAE in GEFC

Dataset.

Table 3: RMSE values of different baseline methods and EMGRL models on GEFC Datasets.

Model

ARIMA

SVR

LightGBM

LSTM

SGNN

SDAE

COBRT

EMGRL

Wind

Farm 1

0.2215

0.1887

0.1666

0.1754

0.1792

0.1650

0.1734

0.1505

Wind

Farm 2

0.2087

0.1772

0.1702

0.1668

0.1622

0.1582

0.1821

0.1492

Wind

Farm 3

0.2150

0.1891

0.1630

0.1768

0.1795

0.1663

0.2073

0.1605

Wind

Farm 4

0.2073

0.1760

0.1661

0.1637

0.1761

0.1496

0.1784

0.1423

Wind

Farm 5

0.1969

0.1712

0.1637

0.1523

0.1655

0.1717

0.2029

0.1628

Wind

Farm 6

0.1986

0.1682

0.1550

0.1545

0.1617

0.1501

0.1685

0.1435

Wind

Farm 7

0.1976

0.1593

0.1469

0.1564

0.1502

0.1522

0.1794

0.1473
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Figure 14: RMSE performance comparison between EMGRL and multiple baseline methods on GEFC Dataset.
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Figure 15: Improvement of EMGRL model on RMSE compared to the best-performing benchmark model SDAE in GEFC

Dataset.

6 Conclusion

In this paper, we model all wind turbines within a wind farm as graph nodes in a wind farm graph constructed
based on their geographical locations. We propose an ensemble model based on graph neural networks and
reinforcement learning (EMGRL) for wind power forecasting (WPF). Our approach includes: (1) setting up a

graph neural network to extract the spatial features of wind farm data; (2) generating an embedded vector that



integrates model loss and Spatio-temporal data; and (3) obtaining effective wind power prediction results through
ensemble learning. Comparative experiments on open datasets for WPF show that the EMGRL model outperforms

the state-of-the-art (SOTA) baseline by 12.89%.
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