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Abstract

:

A solid oxide fuel cell (SOFC) system is a kind of green chemical-energy–electric-energy conversion equipment with broad application prospects. In order to ensure the long-term stable operation of the SOFC power-generation system, prediction and evaluation of the system’s operating state are required. The mechanism of the SOFC system has not been fully revealed, and data-driven single-step prediction is of little value for practical applications. The state-prediction problem can be regarded as a time series prediction problem. Therefore, an innovative deep learning model for SOFC system state prediction is proposed in this study. The model uses a two-layer LSTM network structure that supports multiple sequence feature inputs and flexible multi-step prediction outputs, which allows multi-step prediction of system states using SOFC system experimental data. Comparing the proposed model with the traditional ARIMA model and LSTM recursive prediction model, it is shown that the multi-step LSTM prediction model performs better than the ARIMA and LSTM recursive prediction models in terms of two evaluation criteria: root mean square error and mean absolute error. Thus, the proposed multi-step LSTM prediction model can effectively and accurately predict and evaluate the SOFC system’s state.
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1. Introduction


Human beings are striving to make low-carbonization energy systems and gradually decarbonize them to cope with energy problems and ecological degradation. With the ability to effectively convert chemical energy into electrical energy [1] and the advantages of near-zero emissions, low noise, superior energy efficiency and high power density [2,3,4,5], solid oxide fuel cell (SOFC) technology has huge potential for application in new energy vehicles, distributed power generation and military equipment [6]. Due to the complex coupling relationships in SOFC systems, performance degradation or even failure can easily occur during actual operation, which makes the durability and long-term performance of SOFC system poor, and hinders its large-scale commercialization [7].



To ensure that SOFC systems operate safely and efficiently in the long term, system-level prediction and health management (PHM) is a necessary and effective measure. The prediction and evaluation of the SOFC system operation state is the foundation of the system PHM, which is conducive to control and reduce maintenance costs of the system [8,9]. Therefore, SOFC system state prediction and evaluation is a key prerequisite to extend the working life of the system.



In recent years, there has been an increased interest in the development of prediction strategies for FCs. Various prediction approaches are generally classified into three types: model-based, data-driven and hybrid. As for model-based prognostics, also known as white-box models, mathematical methods are used to establish mechanistic models of FCs to predict the fuel cell states [10,11,12,13,14,15,16]. However, most of these studies are on proton exchange membrane fuel cells (PEMFC) or just SOFC stacks, which are the core component of SOFC systems. No literature, as far as we know, studies prediction methods for SOFC systems. Model-based prediction methods are intuitive and do not require large amounts of experimental data, but it is actually difficult to build an accurate model because the fuel cell is a non-linear, multi-physics (electrochemical, thermal, mechanical, fluidic) and multi-scale (space, time) complex coupled system [17,18,19,20]. Model-based prediction methods are often based on assumptions and approximations, limited by the knowledge of the actual system, which greatly increases the uncertainty of SOFC system prediction, and one system corresponds to one model, making the model poorly adaptable.



In contrast, data-driven prediction is called a black box model. It learns the system behavior from the system’s sensor monitoring data and predicts the future system state without any physical understanding of the system behavior and complex mathematical equations. Data-based prediction models tend to have better adaptability and accuracy and are easy to implement, but they require a large amount of SOFC system monitoring data. Such methods convert historical state-monitoring data into corresponding information and system behavior model through statistical techniques or machine learning techniques, such as the artificial neural network model [21], the hidden semi-Mark model [22], the Elman neural network model [23], the similarity of phase space trajectory [24], and the neural network autoregressive model [25]. From the literature review, the research on data-driven prediction methods for SOFC systems is still limited and far less than that for PEMFC system [26,27,28,29,30,31,32]. Moreover, the data used in many proposed prediction models are simulation data, not actual experimental data, and the prediction is often a one-step prediction, which is often limited to analysis and has little application value.



Hybrid methods are methods that integrate model-based and data-driven approaches. Dolenc et al. [33] used a hybrid approach to estimate the trend of future degradation and the remaining useful life (RUL) of the SOFC. Firstly, the author developed a lumped stack model, and then used an unscented Kalman filter to estimates the current area specific resistance (ASR) value. Then the authors used a linear Kalman filter to recursively identify the drift model, which is used to describe the time evolution in the ASR, to predict the future time evolution in the ASR and finally obtained the RUL. Obviously, the object of this research is only the stack, a core component of the SOFC system.



Based on the above discussion, the main research gaps are as follows:




	
The mechanism of the SOFC system has not been fully revealed. Model-based prediction methods are often based on assumptions and approximations. These methods have low accuracy and are poorly adaptable, and these studies tend to focus on SOFC stacks rather than SOFC systems.



	
Current data-based SOFC prediction studies are often single-step prediction studies, which do not meet the requirements of practical applications. Moreover, many studies use inaccurate simulation data rather than high-quality experimental data.








The SOFC system state prediction problem can be viewed as a time series prediction problem. The recurrent neural network (RNN) is an artificial neural network with the nodes being connected in a directed loop. Its internal state can show dynamic temporal behavior, which is very effective for processing data with sequential features. The Long Short-Term Memory network (LSTM) is a special kind of RNN that avoids the problems of gradient exploding and gradient vanishing of the RNN [34]. The simple LSTM network structure can handle the problem of time series prediction, but it is usually used for one-step prediction and has little application value in SOFC system state prediction. Recursive prediction using LSTM network structure can achieve multi-step prediction, but this operation is more complicated and can only perform single-series prediction single sequence prediction, and the prediction accuracy is not satisfactory.



In this paper, a deep learning model for state prediction of SOFC systems based on LSTM cells is developed. The model adopts a two-layer LSTM structure, which supports multiple sequence feature inputs and flexible multi-step prediction outputs. Firstly, the raw experimental data is simply filtered to remove redundant and invalid features, and the sequence forward selection (SFS) method is used to obtain the best feature subset to reduce the computational complexity, and some preprocessing is performed to fit the prediction model. Then, the multi-step LSTM prediction model is established to predict the state of the SOFC system (such as output voltage value). Finally, specific evaluation criteria are used to evaluate the prediction accuracy of the multi-step LSTM prediction model and compare it with the traditional ARIMA model and the LSTM recursive prediction model. The main contributions of this paper can be listed as follows:




	
A data-based multi-step LSTM state prediction model is proposed for the first time to perform state prediction for SOFC systems.



	
The unique two-layer LSTM structure of the proposed model allows the model to support multiple sequence feature inputs and flexible multi-step prediction outputs.



	
Experiments were conducted on a 1kW SOFC power generation system, and the proposed model was trained and tested with the experimental data.








This paper is organized as follows. Section 2 introduces the structure of the SOFC system in which the experiments are conducted, system experimental scheme and the raw monitoring data. Section 3 puts forward the prediction framework of the multi-step LSTM state prediction of the SOFC system. Section 4 presents the state prediction results and the comparison of different prediction models and the concluding remarks are introduced in Section 5.




2. Experimental Scheme and Data Implementation


2.1. System Structure


The experimental device for this study is a 1 kW SOFC power generation system [35], as shown in Figure 1. The SOFC system, which has a good fuel flexibility, directly uses hydrocarbon fuels to generate electricity [36] and the most common are methane and hydrogen. In this experiment, the fuel for the 1 kW SOFC power generation system is methane, which is reflected in the auxiliary components of the SOFC system. As shown in Figure 2, a complete SOFC system is composed of its core component SOFC stack and other equipment supported by the balance of plant (BOP). There are multiple single cells in a SOFC stack with the anode connected to the fuel and the cathode connected to oxygen or air. The following electrochemical reactions will occur in the single cell to convert chemical energy into electrical energy.


   H 2  +  1 2   O 2  →  H 2  O + heat + electricity  



(1)






  CO +  1 2   O 2  →  CO 2  + heat + electricity  



(2)







The stack used in the system consists of 27 single cells with a size of 15 × 15 cm2 and an effective working area of 13 × 13 cm2. There is a cross-flow structure in the flow field of the stack. The BOP components of SOFC system mainly include reformer, heat exchanger, exhaust burner, water evaporator, blower, electronic load, controller, etc. The SOFC system operates in a high-temperature environment. In the fuel path, part of 99.5% pure methane is mixed with the water vapor at the outlet of water evaporator and enters the reformer reforming chamber for reforming reaction, and the other part is burned with air in the reformer combustion chamber to provide continuous high-temperature conditions of 600–700 °C for reforming reaction. The reforming reaction produces hydrogen (H2) and carbon monoxide (CO), which then enter the fuel–air heat exchanger to control the temperature difference between cathode and anode gas. After that, the fuel gas enters the anode of the high-temperature SOFC stack and reacts, completing the conversion from chemical energy to electric energy, and the unreacted gas enters the exhaust burner. In the air path, part of the air enters the combustion chamber of the reformer, part of the air passes through the tail gas–air heat exchanger to exchange heat with the high-temperature tail gas, which comes out of the exhaust burner, to raise the air temperature, and part of the air directly enters the exhaust burner to ensure full combustion of the unreacted fuel gas. The high temperature air at the outlet of the tail gas–air heat exchanger passes through the fuel–air heat exchanger and enters the cathode of the SOFC stack. Similarly, unreacted air passes into the exhaust burner and is mixed with unreacted fuel gas to generate high-temperature tail gas. The high-temperature tail gas can be directly discharged after passing through the tail gas–air heat exchanger.




2.2. Experimental Scheme and Data Collection


As the SOFC stack temperature rises to a temperature range that can generate electricity, the electronic load is turned on, and the SOFC system starts to generate electricity. With a sudden increase of the load, there may not be enough fuel and heat available to the SOFC system to maintain that it can operate under the new load condition [37]. Therefore, the electronic load is slowly increased, giving the system enough time to react. During this process, the output current of the SOFC system slowly rises and the system output voltage gradually decreases from the open-circuit voltage. During the first current rise phase, the system output current is maintained at 8 A and 26 A, respectively, for a period of time, and then the system enters the hot standby state, which means that the output electrical characteristics behave as open-circuit voltage and 0 A current and that the stack stays at a high temperature. When the hot standby state ends, the system enters the second current rising stage, and the output current is gradually pulled up to 55 A. Then, the load test is performed on the SOFC system and the peak of the system output current rises to 75 A. Then the load test ends, and the system current recovers to 53 A and enters the long-term stable operation phase. The system stack temperature remains relatively stable, while the output current shows a downward trend, and the SOFC stack is in a degradation period. During the whole experiment, the output electrical characteristics of the SOFC system are shown in Figure 3.



During the experiment, a total of 82 original variables were monitored, of which 8 were Boolean variables and 74 were numerical variables. The numerical variables are mainly current, voltage, power, temperature, pressure and gas flow rate, etc. The data acquisition included the SOFC system stack and various BOP components of the SOFC system. The sampling time of each group of data was 1s, and a total of 629,873 groups of data were collected. As one of the most important and valuable state characteristics [38], the output voltage of the SOFC system will be used as a typical demonstration of state prediction in this paper.





3. State Prediction of the SOFC System


3.1. LSTM Architecture


LSTM networks were first proposed in 1997 [39]. Compared to traditional RNNs, each LSTM cell adds a “processor” consisting of a forget gate, an input gate and an output gate [40] to filter the information. The forget gate determines the extent to which the LSTM cell can remember the cell state of the previous moment; the input gate determines the extent to which the input of the current cell affects the cell state; and the output gate determines the extent to which the current cell state affects the output value of the cell. Like the traditional RNN, during the gradient backpropagation of LSTM, the gradient is not only propagated between the neural network layers, but also between the recurrent neurons in the hidden layer. However, the gradient of RNN becomes too large or too small when the time series is too long and the gradient propagates forward in the recurrent neurons of the hidden layer, which is called gradient exploding and gradient vanishing. The unique structure of the LSTM cell can solve the gradient exploding and gradient vanishing problems of RNN effectively.



As shown in Figure 4 and Figure 5, consisting of an input layer, a hidden layer and an output layer, the output of a simple LSTM neural network is either a combination of the outputs of each cell or the output of the last cell. When the LSTM neural network’s output is a combination of the output of each cell, the model structure fixes the time step of the output, that is, the historical features of n time steps are used to predict future n time steps of the outcome. When the LSTM neural network’s output is the output of the last cell, only one-step prediction can be performed, that is, the historical features of n time steps are used to predict future 1 time steps of the outcome. Simple LSTM neural networks are usually used to make single-step predictions and cannot make flexible multi-step predictions.




3.2. Multi-Step LSTM State Prediction Framework


The framework of the multi-step LSTM state prediction model is shown in Figure 6. The specific contents will be introduced in detail below.



3.2.1. Data Preprocessing


The sampling time of the raw experimental data is 1 s, so the data is too dense and will lead to a heavy computational burden. Considering that a sampling time of 1 min does not appear too data-intensive but allows to retain enough experimental data for use, a suitable start-up time should be chosen to collect a valid set of data at one-minute intervals after removing invalid data before the SOFC generation system is started and after it is switched off. In this way, 10,323 groups of data were selected from the raw data. There were 82 monitored variables in the raw data, of which 8 boolean variables were not helpful for system state prediction and should be discarded. The remaining 74 numerical variables also had plenty of invalid variables, especially a large number of redundant temperature variables, because in the experiment, temperature sensors were arranged at the inlet and outlet of almost every component of the SOFC system. Therefore, as shown in Table 1, according to the prior knowledge of the SOFC system and experimental experience, 21 system state variables were preliminarily reserved.



Then, the data need to be divided into three sets: training set (first 7000 groups of data), validation set (next 1000 groups of data) and test set (the rest of the data). For the purpose of adapting to the characteristics of the LSTM neural network, all data need to be normalized by min-max scaling, that is, 21 system state variables should be processed by the following formula respectively.


   X  s c a l e d   =   X − M i n   M a x − M i n    



(3)




where   X  s c a l e d    is the normalized system state variable, X is the raw state variable, and   M a x   and   M i n   denote the maximum and minimum values of the state variable respectively.



Data leakage tends to occur during the data pre-processing phase. Therefore, the   M i n   and   M a x   used for the normalization of the validation set and the test set should be the   M i n   and   M a x   of the training set. Time sequence data cannot be used directly for trainning the model, so it is necessary to convert time sequence data into supervised learning data with input data and output data using a fixed-length sliding time window (Figure 7).




3.2.2. SFS for Feature Selection


Sequential forward selection (SFS) is a search method that generates a subset of features during the feature selection process. In this experiment, the RMSE of the multi-step LSTM prediction model is used as the evaluation criterion, and the search starts with that feature subset as a empty set. Add one feature to this feature subset each time, and use the features in the feature subset to train the multi-step LSTM prediction model until the evaluation function reaches an optimal value. Finally, an optimal feature subset with seven features is obtained and they are output voltage, output current, input methane pressure, cathode air pressure, anode input pressure, anode output pressure and cathode output pressure.




3.2.3. Multi-Step LSTM State Prediction Model


As shown in Figure 8, the multi-step LSTM prediction model adopts a two-layer LSTM structure, in which the output of the last cell of the first LSTM layer is the input of all cells in the second LSTM layer. In this way, the time steps of input and output can be flexibly adjusted to realize flexible multi-step prediction. The prediction model also adds a one-dimensional convolution layer with a kernel size of 1 between the input layer and the first LSTM layer, which is to adjust the input data’s feature dimension of the LSTM layer without changing the time series characteristics of the input data.





3.3. Other Models for Comparison


The Autoregressive Integrated Moving Average Model (ARIMA) is a well-known model for time series forecasting. ARIMA is a model established by eliminating trend and seasonality to obtain time series data that is considered stationary, and then regressing the dependent variable only on its lagged values and the present and lagged values of random error terms [41]. An ARIMA model is usually specified by a tuple (p, d, q), with p being the order of the autoregressive term, q the order of the random error moving average term, and d the number of difference operations when the time series becomes a stationary series. The classical ARIMA model is a single sequence prediction model. Therefore, when the ARIMA model predicts the output voltage of a SOFC system, only the output voltage is valuable, and other variables should be discarded.



While simple LSTM neural network models are usually used for single-step prediction, we can achieve multi-step prediction by recursive prediction. Recursive multi-step prediction is still essentially simple single-step prediction. The recursive strategy is to use the predicted value as a feature and then make a single-step prediction again. Recursive prediction accumulates prediction errors due to the use of predicted values instead of true values. As the prediction time step increases, the predictive performance of the model may rapidly deteriorate. Similar to the ARIMA model, the LSTM recursive prediction model is also a single sequence model.




3.4. Evaluation Criteria of Prediction Performance


In this study we use two evaluation criteria to assess the prediction performance of the SOFC system state prediction model: root mean square error (RMSE) and mean absolute error (MAE). When the values of MAE and RMSE are smaller, we consider that the more accurate the predicted value is and the smaller the error is.


  RMSE =    1 N   ∑  1  N    ( y  ( t )  −  y ^   ( t )  )  2     



(4)






  MAE =  1 N   ∑  1  N   | y  ( t )  −  y ^   ( t )  |   



(5)




where   y ( t )   denotes the measured real value of the SOFC system output voltage,    y ^   ( t )    is the predicted voltage value of the prediction model output, and N is the total number of predicted outputs.





4. Results and Discussion


4.1. Hyper-Parameters of the Multi-Step LSTM Prediction Model


In this experiment, mean squared error (MSE) regression loss and Adam optimizer are used during model training. We set the number of output channels of the 1D convolutional layer to 32 and the hidden size of both LSTM layers to 32. In addition, batch size and learning rate are two important hyper-parameters of the model. We study the effect of these two hyper-parameters on the RMSE and MAE of the validation set when they are set to different values, and the results are presented in Table 2 and Table 3. The number of training epochs for the model is fixed at 30, and the input and output time steps are 20 and 10 respectively.



When the learning rate is 0.0001, the RMSE and MAE are 0.0239 and 0.0136 respectively, which showed the best performance for the validation set prediction. In contrast, when the learning rate is 0.001 or 0.00001, the prediction performance on the validation set decreases. It can be seen that too large or too small a learning rate has a negative impact on the prediction performance of the multi-step LSTM prediction model. When the batch size is varied among 30, 20, 10 and 5, the smaller the batch size, the smaller the RMSE and MAE of the validation set, but also the longer the training time of the model. We consider a learning rate of 0.0001 and a batch size of 10 to be appropriate.




4.2. Performances Analysis Based on Comparison


To evaluate the performance of the multi-step LSTM prediction model on multi-step prediction, we use the model to predict the output voltage of the SOFC system on the test set for 10 time steps, 30 time steps and 60 time steps respectively, that is, to predict the output voltage in the next 10 min, 30 min and 60 min respectively. To eliminate the fortuity of the model prediction results, we train the model five times and take the average of the five prediction results. The predicted results are shown in Figure 9.



As can be seen from Figure 9, the prediction evaluation criteria RMSE and MAE for the test set are both less than 0.5, which shows that there is excellent prediction performance when the multi-step LSTM prediction model is used to predict the output voltage of the SOFC system. However, it is clear from the variation of the performance evaluation criteria that for the multi-step LSTM prediction model the prediction performance decreases as the number of prediction time steps increases.



It can be noticed that the RMSE of the test set is significantly greater than the MAE regardless of the prediction time step. The analysis shows that at approximately 9700 min, the operating conditions change dramaticall, y and there is a significant drop in the output voltage of the system. During the shift in operating conditions, a large error in prediction occurred. Because the RMSE squares each error, some of the larger errors have a greater impact on the RMSE value, which results in the RMSE being significantly larger than the MAE value.



For the purpose of verifying the superiority of the proposed model, we compare its prediction results with those of the LSTM recursive prediction model and the ARIMA model. The results are summarized in Table 4. Figure 10 and Figure 11 show the comparison results based on RMSE and MAE respectively. It should be noted that the ARIMA model parameters are determined using the Bayesian Information Criterion (BIC), with p and q taking values ranging from 0 to 15, and its parameters are finally determined to be (13, 1, 2).



Comparing the performance evaluation criteria of the three models at different time steps, whether RMSE or MAE, the multi-step LSTM prediction model has the lowest value. The comparison results demonstrate the significant advantage of the proposed multi-step LSTM prediction model for the SOFC system state prediction problem.



Although slightly inferior to the proposed multi-step LSTM prediction model, the ARIMA model also performs well on the SOFC system state prediction problem. This is mainly because the operating conditions of the SOFC system do not change frequently in the test set and the system output voltage is generally stable, which is a prerequisite for the ARIMA model to make reliable predictions. However, the disadvantages of the ARIMA model are that it can only perform single-sequence prediction, cannot utilise multi-dimensional features, and can basically only capture linear relationships, not non-linear relationships, which limits the application of the ARIMA model to the SOFC system state prediction problem.



We can notice that when the output time step is 10, the performance of the LSTM recursive prediction model is not significantly inferior to the other two models. However, when the output time step is 60, the RMSE and MAE of the LSTM recursive prediction model increase by 214% and 474% respectively, while those of the multi-step LSTM prediction model increase by 76% and 266% respectively, and those of the ARIMA model increase by 74% and 199% respectively, making the LSTM recursive prediction model’s RMSE and MAE significantly greater than these two criteria for the other two models. The performance of the LSTM recursive prediction model decreases rapidly with increasing prediction time steps because recursive prediction will accumulate prediction errors, incorrectly giving a large upward or downward trend to the generally stable system output voltage in the test set. In addition to the disadvantages caused by recursive prediction, the LSTM recursive prediction model can only perform single-sequence prediction too.



Based on the present findings, the proposed framework of SOFC system state prediction based on multi-step LSTM prediction model can be considered as effective and has application value.





5. Conclusions


Prediction studies of SOFC systems are one of the most important initiatives to ensure their efficient and long-term operation. Unlike common prediction studies based on mechanistic models, in this paper, a state prediction framework of the SOFC system based on the multi-step LSTM prediction model is proposed. Experimental data with 82-dimensional features from a 1kW SOFC system are used to validate the proposed model. Meanwhile, the proposed model is compared with the LSTM recursive prediction model and the ARIMA model. The main conclusions obtained are as follows:




	
RMSE and MAE of the multi-step LSTM prediction model on the test set are both less than 0.5 indicating that the model can learn the state properties of the system and predict system’s future state based on the experimental data;



	
The multi-step LSTM prediction model allows flexible adjustment of the output time step, and the prediction performance of the model decreases as the number of output time steps increases;



	
The comparison results of the three models show that the multi-step LSTM prediction model has excellent prediction performance in the multi-step prediction of SOFC system states, outperforming the other two models.








In this study, the SOFC system output voltage was selected as the predicted state variable. In future studies, other system state variables will be considered as targets for prediction.
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The following abbreviations are used in this manuscript:



	SOFC
	Solid oxide fuel cell



	LSTM
	Long Short-Term Memory network



	ARIMA
	Autoregressive Integrated Moving Average Model



	PHW
	Prediction and Health Management



	PEMFC
	Proton exchange membrane fuel cell



	RUL
	Remaining useful life



	ASR
	Area specific resistance



	RNN
	Recurrent neural network



	SFS
	Sequence forward selection



	BOP
	Balance of plant



	H2
	Hydrogen



	CO
	Carbon monoxide



	RMSE
	Root mean square error



	MAE
	Mean absolute error



	BIC
	Bayesian Information Criterion
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Figure 1. Physical diagram of 1kW SOFC power generation system. 
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Figure 2. The SOFC system structure. 
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Figure 3. The SOFC system output electrical characteristics. 
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Figure 4. The LSTM neural network’s output is a combination of the outputs of each cell. 
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Figure 5. The LSTM neural network’s output is the output of the last cell. 
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Figure 6. Flow chart of multi-step LSTM model for SOFC system state prediction. 
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Figure 7. Using sliding time window to convert time sequence data into supervised learning data. 






Figure 7. Using sliding time window to convert time sequence data into supervised learning data.



[image: Energies 15 03099 g007]







[image: Energies 15 03099 g008 550] 





Figure 8. This is the multi-step LSTM prediction model. 
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Figure 9. Multi-step LSTM prediction model prediction curves for SOFC systems output voltage at different output time steps. (a) Prediction curve for 10 time steps. (b) Prediction curve for 30 time steps. (c) Prediction curve for 60 time steps. 
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Figure 10. RMSE of three models at different output time steps. 
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Figure 11. MAE of three models at different output time steps. 
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Table 1. The preliminarily selected variables of the SOFC system.
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	Variables
	





	Output voltage
	Output current
	Cathode air flow rate



	Bypass air flow rate
	Methane flow rate
	Input methane pressure



	Cathode air pressure
	Bypass air pressure
	Anode input pressure



	Cathode input pressure
	Anode output pressure
	Cathode output pressure



	Reformer temperature
	Anode inlet temperature
	Cathode inlet temperature



	Anode outlet temperature
	Cathode outlet temperature
	Fuel inlet temperature of burner



	Air inlet temperature of burner
	Burner temperature
	Fuel-air heat exchanger temperature
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Table 2. Results of validation set prediction with different learning rates.
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	Batch Size
	Learning Rate
	RMSE
	MAE





	10
	0.001
	0.0290
	0.0233



	
	0.0001
	0.0239
	0.0136



	
	0.00001
	0.0307
	0.0223










[image: Table] 





Table 3. Results of validation set prediction with different batch sizes.
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	Learning Rate
	Batch Size
	RMSE
	MAE





	0.0001
	30
	0.0314
	0.0224



	
	20
	0.0240
	0.0156



	
	10
	0.0239
	0.0136



	
	5
	0.0226
	0.0134
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Table 4. Comparison results of the three models at different output time steps.
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Model

	
10 Time Steps

	
30 Time Steps

	
60 Time Steps




	
RMSE

	
MAE

	
RMSE

	
MAE

	
RMSE

	
MAE






	
multi-step LSTM

	
0.1952

	
0.0462

	
0.2644

	
0.1066

	
0.3444

	
0.1691




	
ARIMA

	
0.2222

	
0.0588

	
0.3272

	
0.1121

	
0.3877

	
0.1756




	
recursive LSTM

	
0.2144

	
0.0941

	
0.4117

	
0.3181

	
0.6731

	
0.5403
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