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Abstract

[bookmark: OLE_LINK2][bookmark: OLE_LINK1]In the context of phasing out fossil fuels and limiting global warming, "Peak carbon dioxide emissions" and "Carbon neutrality" have become the global consensus. As a necessary way to achieve the above two  goals about carbon, renewable energy is quiet important. However, due to the randomness and uncertainty of renewable resources, full utilization  and reasonable management of them have become one of the key problems restricting their development. To solve this problem, this paper uses three machine learning algorithms to predict its resources in short term. Firstly, the common renewable energy systems, resources and machine learning algorithms are introduced. Then, based on the previous literature review, the methods adopted in this paper are proposed, namely, support vector machine, artificial neural network and recurrent neural network. Then the historical data of renewable resources of certain place is utilized to conduct case studies, and complete the training, validation, testing and evaluation of machine learning models. Finally, the prediction results obtained by different algorithm models are compared and analyzed. The results show that in the renewable energy field, the recurrent neural network has a good short-term prediction effect.

1. [bookmark: _Toc28948]Introduction 
[bookmark: OLE_LINK3]With the development of industrial society, a large amount of fossil fuels are used, which produce so much carbon dioxide leading to serious warming of the climate. The rise of global temperature leads to the melting of glaciers, the rise of sea level, the occurrence of extreme weather phenomena, and even directly affect human physiology. In this background, "Peak carbon dioxide emissions" and "Carbon neutrality" are proposed to fundamentally solve this problem, which has received the attention of governments around the world [1].
In order to achieve these two carbon-related goals, renewable energy (RE) is now being vigorously developed [2]. As a clean and green energy, renewable energy includes solar energy, wind energy, hydraulic energy, biomass energy, tidal energy, geothermal energy and so on. In the early stages of its development, it is often used on a small scale for hydroelectric power generation and energy supply in remote areas. As the rapid development of wind energy and solar energy in recent years, the application scale of renewable energy is increasing and gradually integrated into the power grid. However, in this process, due to its randomness and uncertainty, RE often cannot be fully utilized, so the prediction and management of renewable resources is particularly important [3].
Renewable energy prediction models are divided into three types, including physical model, statistical model and machine learning (ML) model [4]. Physical models usually refer to a class of models that use computers to solve physical equations, such as numerical weather prediction (NWP). Statistical models refer to predictions made by statistical analysis of different input variables, such as the autoregressive moving average (ARMA) model. ML models, including support vector machine (SVM), artificial neural network (ANN), recurrent neural network (RNN) and so on, is a kind of model that uses a large amount of data to train and get the rules of things. They are similar to statistical model in principle, but they can solve nonlinear problems better. Compared with physical model, they have the advantages of faster calculation and less cost in short-term prediction [5]. Therefore, this paper mainly concentrates on machine learning models to realize the prediction of renewable resources.
In this paper, the renewable resources forecasting related articles are compared and summarized firstly. Then, based on the literature review, the methodology to be adopted in this paper is proposed, namely the machine learning prediction models including SVM, ANN and RNN. After that, the case studies of renewable resources forecasting will be carried out, one for solar energy and another for wind energy. During this process, different ML models will be trained, validated, tested and evaluated. Finally, the obtained prediction results of different machine learning models will be compared and analyzed to draw a general conclusion. It is worth noting that this paper uses a variety of ML methods including deep learning method to predict renewable resources, and makes a comparative analysis of the results, which provides a reference for related work to improve the prediction accuracy of renewable resources.
2. [bookmark: _Toc27210]Literature review
In the field of renewable energy prediction, time series forecasting can be divided into very-short term, short-term, medium-term and long-term prediction according to the time dimension. Very-short-term prediction is usually a period from few seconds to 30 minutes in advance, which is highly practical in electricity market pricing and real-time monitoring [6]. Short-term prediction generally refers to the period from 30 minutes to 24 hours, which is helpful for daily load increase and decrease adjustment and power grid security [7]. Medium-term forecast, which represents a period of time between a few days and a month, can be used to develop maintenance plans to achieve optimal operating costs [8]. Long-term forecast refers to a few months to a year, which will help with bidding, plant selection and annual planning [9]. There is no strict limit to the division of each time dimension, which can be flexibly adjusted according to the actual application situation. Considering the amount of data and future work, short-term time series prediction is chosen as the basic research method in this paper.
The utilization of solar energy has the characteristics of unlimited by regional resources, no moving components and easy installation and maintenance, so it becomes very popular in renewable energy recently. However, the accurate prediction of its generating capacity hinders its further development. ML methods can solve this problem well. Cheng et al. [10] proposed a short-term solar irradiance prediction method based on SVM and modified it for ramp-down events. The result shows that SVM can achieve good prediction effect. It is worth noting that the prediction effect produced by different built-in kernel functions of the algorithm is also different. Ramedani et al. [11] used polynomial and radial basis function (RBF) as kernel function of SVM respectively to forecast the global solar radiation (GSR) in Tehran province, Iran. The experimental results show that the RBF kernel of SVM is more effective in predicting GSR. In addition, ANN have received considerable attention in recent years. Ongsakul et al. [12] took previous intervals of solar irradiation, moving average temperature, moving average relative humidity, time of the day and day of the year index as inputs and solar irradiance as output to train ANN model. The simulation result shows that ANN has higher correlation coefficient and lower prediction error. As an improvement, Sivaneasan et al. [13] proposed an ANN model with fuzzy logic pre-processing to achieve the forecasting of solar irradiance. And this model also included an improved error correction factor, which minimizes the prediction error by incorporating the error of the predicted output in the first 5 minutes into the input layer. Besides, deep learning is also used to improve solar forecasting. Bamisile et al. [14] established a deep artificial neural network model with different hidden layers to predict solar radiation. Jaihuni et al. [15] compared five kinds of RNN including long-short term memory (LSTM), gated recurrent unit (GRU), simple RNN, Bidirectional LSTM (BI-LSTM) and Bidirectional GRU (BI-GRU) in the prediction of solar irradiance. Overall, bidirectional RNN and simple RNN models have high robustness in the case of less data and high time data variability.
On the other hand, wind energy, as a widespread and abundant renewable energy, is rapidly increasing in its installation. It also suffers from randomness and ambiguity, even more than solar energy. Accurate wind speed forecast is the key to achieve its efficient and reasonable application. Zhou et al. [16] used least-squares SVM (LS-SVM) to predict wind speed, and carried out detailed tuning of the model. It is found that in most cases, especially when wind speed has strong temporal variability, the prediction accuracy of LS-SVM is superior to persistence approach. In order to improve the prediction accuracy, Kong et al. [17] used PCA to reduce dimension and introduced particle swarm optimization (PSO) algorithm to optimize the parameters of SVM model. The simulation results verify the effectiveness of the proposed method. However, the prediction accuracy of a single model is difficult to meet the requirements of industry. One solution is to use algorithm to optimize the model. For example, in Ref. [18], the author used variational mode decomposition (VMD) algorithm to process data, and utilized genetic algorithm (GA) to optimize the ANN prediction model. Another method is to adopt hybrid model. Such as Ref. [19], a hybrid method combining adaptive neural fuzzy inference system (ANFIS) and ANN was proposed to improve the accuracy of prediction. In addition, deep learning methods are also proposed for wind speed prediction. Cao et al. [20] used wind data of different heights to train the RNN and achieved good prediction results. Elsaraiti et al. [21] adopted LSTM as a solution to short-term memory, which solved the problem of gradient information disappearing or explosion in the training process of RNN.
In previous studies, solar and wind predictions tended to be isolated. Yet they are the most common renewable energy sources that often appear together. In addition, due to the dependence of wind speed and solar irradiance on large-scale meteorological phenomena, both of them show spatio-temporal correlation [22]. Therefore, some approaches are effective for both wind and solar applications. In literature [23] [24], the same model is applied to predict two different renewable resources at the same time, and a good prediction effect is obtained. Therefore, in this paper, three machine learning methods are used to conduct case studies on solar radiation and wind speed respectively to observe the effects of different models and the differences and connections between the two cases.
[bookmark: _Toc821]3. Methods
[bookmark: _Toc9859]3.1 Machine learning models
[bookmark: OLE_LINK7]Based on the literature review, the three appropriate ML algorithms including SVM, ANN and RNN are proposed to forecast the renewable resources. In the 3.1 part, the definitions, theories and characteristics of these algorithms will be introduced and compared with each others, which lays a solid foundation of methods for this research.
[bookmark: _Toc16221][bookmark: OLE_LINK4]3.2 Data collection and preprocessing
[bookmark: OLE_LINK5][bookmark: OLE_LINK11]In this project, data is obtained from the Prediction of Worldwide Energy Resources (POWER) project, which is supported by Earth Science’s Applied Sciences Program of NASA [25]. 
Dabancheng (latitude 43.36, longitude 88.31), located in Urumqi, Xinjiang, China, is planned to be selected as the object for this analysis, because of its rich renewable resources. Hourly weather data for renewable energy was selected for this site between January 1, 2020 and January 1, 2021, which consists of 8760 records, 28 attributes. 
Some variables are irrelevant to this analysis and are deleted after preliminary screening. This leaves 8760 records each of 25 variables, producing 219,000 data points. Then the data preprocessing, including data cleaning, feature selection and feature scaling, will be conducted.
[bookmark: _Toc17840]3.3 Model training and evaluation
Here, the general process of three algorithms model implementation will be introduced, which is similar with the Figure 1. 
Then, the evaluation parameters like correlation coefficient, mean absolute error (MAE), root mean square error (RMSE), mean absolute percentage error (MAPE) will be presented to evaluate the proposed model.
[bookmark: OLE_LINK6][image: ]Figure 1 The general procedure of ANN model [23]
[bookmark: _Toc29826]4. Results
[bookmark: _Toc17760]4.1 Case A: Wind energy forecasting model 
In the case A, the methodology proposed will be used for wind speed forecasting.
[bookmark: _Toc4791][bookmark: OLE_LINK9]4.2 Case B: Solar energy forecasting model 
In the case B, the method presented will be utilized for solar radiation prediction.
[bookmark: _Toc8977]4.3 Discussion
[bookmark: OLE_LINK10]In theory, the deep learning method will outperform than the others in the accuracy of forecasting. And the differences and connections between the two cases will also be discussed.
[bookmark: _Toc8277][bookmark: OLE_LINK8]5. Evaluation
This paper is still in the early research stage, the feature extraction of data, the selection and tuning of algorithm model are not good enough, which may affect the effect of prediction to a certain extent. Subsequent research can refine these possible problems, choose the more effective algorithms, and use the predicted data as inputs to the renewable energy system for relevant optimization.
6. [bookmark: _Toc5953]Timetable
[image: ]
Figure 2 The gantt chart of this project
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Step 1: Identify input layer and output layer nodes on the basis
of the problem.

Step 2: Determine the number of hidden layer(s) and neurons
in each hidden layers. No standard rules are defined for
selection of neurons and hidden layer number and generally
determined by trial and error.

Step 3: Learning (or training) using input and corresponding
output. In the ANN, training and learning processes are done in
the hidden and output layers. A neural network adjusts its
weights on the basis of error between predicted outputs to
target outputs.

Step 4: Testing of the trained network in step 3. When ANN is
trained properly, the ANN performance is checked via a test set
containing input and output data. The ANN is considered as
fully trained, if the error in the testing phase is in the
acceptable range.

Step 5: Using the trained ANN. Once the ANN is trained and
tested, ANN is used to find the response for a given set of input.
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