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Abstract

:

This study explores investigation of applicability of impact factors to estimate solar irradiance by four machine learning algorithms using climatic elements as comparative analysis: linear regression, support vector machines (SVM), a multi-layer neural network (MLNN), and a long short-term memory (LSTM) neural network. The methods show how actual climate factors impact on solar irradiation, and the possibility of estimating one year local solar irradiance using machine learning methodologies with four different algorithms. This study conducted readily accessible local weather data including temperature, wind velocity and direction, air pressure, the amount of total cloud cover, the amount of middle and low-layer cloud cover, and humidity. The results show that the artificial neural network (ANN) models provided more close information on solar irradiance than the conventional techniques (linear regression and SVM). Between the two ANN models, the LSTM model achieved better performance, improving accuracy by 31.7% compared to the MLNN model. Impact factor analysis also revealed that temperature and the amount of total cloud cover are the dominant factors affecting solar irradiance, and the amount of middle and low-layer cloud cover is also an important factor. The results from this work demonstrate that ANN models, especially ones based on LSTM, can provide accurate information of local solar irradiance using weather data without installing and maintaining on-site solar irradiance sensors.
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1. Introduction


Information on solar irradiance and activity is one of the major challenges facing the efficient use of solar power, because solar irradiance has a significant impact on the Earth’s energy system [1]. The use of renewable energy sources has been increasing, such that renewable energy accounted for 18.2% of total global energy consumption in 2016 [2]. Besides the 7.8% of final consumption from traditional biomass, 10.4% of total energy consumption comes from modern renewables consisting of wind, solar, biofuels, ocean power, and others. Moreover, total renewable power capacity reached 2195 GW in 2017 [2]. From the viewpoint of investment, solar energy generation accounted for more than 55% of all newly installed renewable power capacity in 2017, with wind accounting for 29% [2]. Naturally, solar energy generation and building energy consumption have been increasing, especially in China [3,4]. Specifically, building energy consumption has increased with the increase in urbanization throughout the world, and building energy consumption in China is expected to increase drastically by 35% [3]. Hence, effective solar energy generation has become a very important renewable energy source, and the energy provided by increased solar panel installations in buildings can meet this increasing demand for energy, together with traditional fossil energy sources [5,6]. The amount of solar irradiance which passes through walls, the roof, and window materials strongly impacts the thermal energy consumption of buildings. Moreover, electricity energy generated from solar panels is quite reliant on local solar irradiance [7].



The main hypothesis of this study is that this study can estimate long-term solar irradiance using data-driven ANNs methodology based on environmental elements, e.g., temperature, humidity ratio, wind direction, velocity, atmospheric pressure, and amount of cloud cover rate from a meteorological station. Using data processing neural network (NN) structure has an advantage to obtain nonlinear results, which can be obtained through training previous data. Even though the result cannot guarantee the solution of chaotic change of circumstance, the output performance has been proved with relevant performance. Additionally, impact factors are analyzed by four different machine-learning algorithm results, and it has the effect of increasing the accuracy. The impact factor determines how much each input node element value can affect the target result values based on an adjusted value after training with input elements and real target values. In order to forecast future solar irradiance level, the impact factors affected by climatic elements such as local environments or air pollutions can improve, to accurately predict solar irradiance and power generation using photovoltaic (PV) systems [8,9,10,11], and aid the prediction of thermal loads in buildings and can design systems to optimize smart grid networks in urban areas. Moreover, accurate modeling reduces the uncertainty in control algorithms used for battery storage and optimization of electricity usage [8]. However, direct measurement of solar irradiance from irradiance devices has been limited to deduce energy balance of smart grid energy networks and to design the scheduling of power generation. Finally, an accurate model of deduced solar irradiance can also illicit economic benefits in the energy networks and industrial sectors.



There is a rich array of literature describing many methods of predicting solar irradiance with artificial neural networks (ANNs) [12,13,14,15,16,17,18,19,20]. Kamadinata et al. [12] predicted solar irradiance based on sky image data. Cao, J. and Cao, S. developed a method of prediction of solar irradiance using a neural network with sample data by wavelet analysis [21]. Voyant et al., Ahmand et al., and Monjoly et al., presented prediction models based on numerical and hybrid autoregressive moving average (ARMA)/ANN models [13,22]. Watanabe and Nohara studied solar irradiance prediction using one-granule cloud property data [14,23]. Cheng and Yu used predictive modeling based on cloud classification [24]. Sharma et al., showed short term solar irradiance predictions using a mixed wavelet neural network [25]. Dong et al., proposed a model combining satellite image analysis with a hybrid ESSS/ANN model [26]. Further, Mellit et al., evaluated the performance of an adaptive model for forecasting solar irradiance in comparison with a feed-forward neural network model [27]. Some reports have also demonstrated the short- and long-term prediction of solar irradiance with statistical models [28,29,30,31]. Joshi et al., evaluated the accuracy of solar irradiance forecasting using the Australian Bureau of Meteorology’s ACCESS models [32]. Ruiz-Arias and Gueymard used a reference physical radiative transfer model [33]. Murata et al., evaluated solar irradiance modeling uncertainty with the estimation of multiple confidence intervals [34]. Miller et al., presented a short-term forecasting method with satellite model coupling [35]. Ong et al., showed a prediction method using ray-tracing techniques [36]. Aggarwal and Saini presented a solar energy prediction method using linear and non-linear regularization models [37]. Qing and Niu also presented a solar irradiance prediction method using weather forecasts [8]. This study explored deduction strategies for solar irradiance and sensitivity analysis based on actual local climatic parameters using four prediction algorithms: linear regression, support vector machines (SVM), a multi-layer neural network (MLNN), and a long short-term memory (LSTM) network. The comparison is illustrated through impact factor and addressed. We evaluated the performance of these four models using weather data collected over eight years (70,080 hourly data points) as a training set, and one year of data (8760 hourly data points) as a test set. The obtained deduction results were compared with real solar irradiance values. Therefore, this study hypothetically estimates that if weather condition is predictable, solar irradiance is also deduced using ANNs methodologies. To investigate how each environmental element influences the solar irradiance in a city depending on seasonal changes, we also analyzed the performance sensitivity using the four prediction models. From impact factor analysis, we could determine which climate factors strongly influence the solar irradiance, and which factors can be neglected when considering solar irradiance prediction. This study shows the relationship between climate factors and solar irradiance in the four models examined. In this paper, we aim to predict solar irradiance with environmental parameters. Solar irradiance is mainly affected by the angle of incidence and is also influenced by cloud coverage and seasonal changes such as temperature and humidity ratio. This means that machine learning (ML) using an artificial neural network (ANN) structure makes it possible to estimate solar irradiance using satellite data [38,39]. Some previous reports have already discussed the prediction of building energy using environmental elements as inputs [40,41]. Further, it has been reported that the most influential factors for determining electricity usage are temperature and working day information [4]. However, getting information on solar irradiance is limited because the available information is not decisive. This study collected weather data from Seoul, which is the capital and a mega city in South Korea, from the Korea Metrological Administration (KMA) [42] for research purposes. The location of observatory station in Seoul is Songwol-dong, Jongno-gu, Seoul. We used long-term historical hourly weather data for a period of nine years (2008–2016) and the main elements of the weather conditions are temperature, humidity ratio, air pressure, global horizontal irradiance (GHI), cloud data, and wind speed and direction. ANNs training with long term eight-year historical data and solar irradiance data will estimate one-year solar irradiance and the results will be analyzed. Additionally, this study evaluates accuracy of the deducted solar irradiance compared with measured solar irradiance by variable linear and nonlinear data-driven approaches. In the results, this study could define which of the weather elements can significantly impact on the solar irradiance and which elements could be neglected to obtain the information of solar irradiance. Therefore, using the considered weather elements, ANNs can be used to show how each weather parameter or climate changes impact on amount of solar irradiance in the future. Weather is chaotic and in principle not reliably predictable, however there are several works whose solar irradiance prediction based on weather forecasts [8,14]. This study would also point out that due to difficulty in weather forecasting, we consider as many climate elements as possible in the current work. Even when the forecasting is not reliable, the estimation of solar irradiance based on historical climate data could be useful in assessing and planning the solar production, often before the beginning of new construction or installation of solar panels on existing houses and buildings.



This study proposes an estimation strategy to investigate impact factors estimating local solar irradiance based on local weather parameters. We also present a comparison of different methods to deduce solar irradiance including linear regression, SVM, MLNN, and LSTM. This study explores which of the local weather parameters could significantly impact the solar irradiance depending on seasonal changes and local environments if input data are from weather forecasting. The analysis through numerical estimation comprises the following aspects:




	
Collecting hourly nine year local weather data and solar irradiance values



	
Estimation of one year solar irradiance using the data with the four different methods: linear regression, SVM, MLNN and LSTM



	
Analysis of impact factors of each weather parameter



	
Comparison of the results and validation of the four estimation methods









2. Methodology


2.1. Linear Regression


Linear regression analysis attempts to model the relationship among variable elements by fitting a linear equation. This approach is based on combinations that can be summarized by a few equations [43]. Linear regression seeks to find a vector such that the function  f  is a matrix multiplication between  x  and  β  as follows:


  f =  β 0  +  x 1     β 1  +  x 2     β 2  +  x n     β n  + ε  



(1)




where,    β 0    is the constant,    β 1  ,    β 2  … ,    β n    are called the regression coefficients,   x     denotes the transpose and predictor,   x =  (   x 1  ,  x 2  ,  x 3  … ,  x n   )   , and n is the number of variables. The sum of the squares of all the distances between each    x i      and      β i    is calculated and the goal is to minimize this sum.  ε  is the error therm. This gives a hyper-plane, and the outputs of  f  are mapped onto this plane.




2.2. Support Vector Machines


While linear regression performs well with a dataset that has a linear relationship between its inputs and outputs [44], we need more advanced methods to address datasets with non-linear relationships. SVM is an effective tool for non-linear regression problems, and it is suitable for predicting solar irradiance and energy consumption [45]. It is a machine learning algorithm [46] and typically used to solve regression problems [47]. SVM is mainly based on statistical learning theory, where the goal is to reduce structural risk by ensuring an upper bound of generation error [46].



SVM uses a kernel  K  to map the original space onto a higher dimensional space to find a better hyperplane with a certain margin. The margin is defined as the distance between the hyperplane and the closest    x i    vectors. SVM not only finds the hyperplane, but also seeks to maximize the margin. Let  Φ  be a map from the original space to the higher dimensional space. Then, a kernel is the dot product of pairs of   Φ  (   x i   )    and   Φ  (   x j   )   , that is,   K  (   x i  ,    x j   )  = Φ  (   x i   )  · Φ  (   x j   )   . Given the kernel  K ,  f  is defined by


  f  ( x )  =   ∑   j = 1  n   α j  k  (   x j  ,   x  )  + b  



(2)




for some variables    α i    and  b . The goal of SVM is to minimize


  λ     | |   ∑   i = 1  n   α i  Φ   (   x i   )   | |  2  +  1 n    ∑   i = 1  n  L  (   y i  ,   f  (   x i   )   )   



(3)




where  λ  influences the margin size and  L  is a loss function between an output of    x i    and    y i   . In this paper, we use a popular kernel which is the radial basis function (RBF) kernel [48], that is,


  K  (   x i  ,  x j   )  = exp  (  − γ     | |  x i  −  x j  | |  2   )   



(4)




for   γ > 0  . The RBF kernel results in 1 when    x i  =  x j    and approaches zero as    x j    moves farther away from    x i   .




2.3. Artificial Neural Networks (ANNs)


As the amount of accessible data has increased and computers have become faster, more advanced machine learning techniques have emerged. One of the most popular machine learning techniques is deep learning [49], which is the set of methods that use a neural network with multiple layers from the input to the output so that the neural network is able to learn both high- and low-level features. Diverse neural network architectures are used in accordance with learning goals. Feedforward neural networks (MLNNs) are useful for both classification and regression tasks [50,51]. Convolutional neural networks (CNNs) are powerful tools for image classification [52] while recurrent neural networks (RNNs) are well-suited to working with time series data [53]. Other than these architectures, various other types of architectures have also been studied [54,55,56].



2.3.1. Multi-Layer Neural Network (MLNN)


MLNNs, which are also called feedforward neural networks, have been successfully applied to many research areas for optimization problems because of their improved generalization performance [57,58].



A node in an MLNN is a unit that takes values from the previous layer and calculates a sum of weighted values to produce an output. A layer consists of a number of nodes, and an MLNN has at least three layers: the input layer, one or more hidden layers, and the output layer. During training, an input vector    x i    passes through the hidden layers to the output layer. The layer structure is shown in Figure 1.


   h k  =  f k   (   z k   )  ,    



(5)






   z k  =      w   k  ·  h  k − 1   ,  



(6)






   h 0  =      x   i  ,    



(7)




where   k = 1 , ⋯ , l  , and    w k    and    f k    are the weight vector and the activation function in the k-th hidden layer, respectively, such that    h l    is the output of the output layer. Then, the loss between the outputs of the MLPs and    y i    is calculated and the MLNN proceeds through the backpropagation phase in which it calculates     ∂ L   ∂  w k i      and     ∂ L   ∂  h k i     , partial derivatives of loss with respect to each weight    w k i    and input    h k i   , respectively.




2.3.2. Recurrent Neural Network


Another type of neural network is the recurrent neural network (RNN), which is designed for time series data [53]. These networks have loops so that they consider time dependencies between elements in time-series data. Unlike an MLNN, which takes all elements at once, elements in the time-series data are fed to an RNN sequentially. At each step, an inserted element is concatenated with the output of the previous step, and a new output is computed. This structure is illustrated in Figure 2. Given a time-series data set    (   x 0  ,      x   1  ,   ⋯ ,    x n   )   , the equations governing an RNN can be written as follows:


   y t  = g  (   h t   )  ,  



(8)






   h t  = f  (   x t  ,  h  t − 1    )  ,  



(9)




where x, y, and h refer to the input, the output, and the hidden state at time step t, respectively.



While RNNs seem to be capable of capturing all dependencies, training an RNN can be unstable due to the problems of exploding gradients or vanishing gradients [49,59]. These problems can be solved using a modification of RNNs, which is called the long short-term memory (LSTM) network [49,59]. An LSTM network is a type of advanced recurrent neural network prediction model, which has achieved remarkable results in many research areas [8,60]. It has a good structure for learning temporal patterns, which makes it useful for various tasks related to time-series analysis [61]. LSTMs have an advantage over conventional modeling using RNNs as they can much more efficiently learn long-term data through their memory cells and gates [62,63]. An LSTM consists of a cell and three kinds of gates. The cell connects the first element to every element in the middle and to the final output. Three gates—forget gate, input gate, and output gate—contribute to updating the cell. The forget gate determines which information the cell forgets. The input gate determines which information the cell updates. Finally, the output gate results in an output at each step based on the input and the cell in the current step.





2.4. Meteorogical Data Collection


The data used in this work was collected from hourly weather data pertaining to Seoul (capital of South Korea), collected over nine years (from 2008 to 2016) by the Korea Metrological Administration. The main elements of the weather conditions are temperature, humidity ratio, global horizontal irradiance (GHI), which is the total amount of shortwave radiation received by a surface horizontal to the ground including direct normal irradiance and diffused horizontal irradiance, cloud data (the amount of total cloud cover, the amount of middle and low-layer cloud cover), air pressure, and wind velocity and direction. Plots of each weather parameter for nine years are shown in Figure 3 and Figure 4.



Figure 3, Figure 4 and Figure 5 present historical climatic factors for nine years: temperature (°C), humidity ratio (g/kg), air pressure (mbar), wind velocity (m/s), wind direction (0–360°), amount of total cloud cover (0–10), amount of middle and low-layer cover (0–10), and global horizontal irradiance (GHI, MJ/m2). Over nine years, 78,840 hourly measurements were collected. As shown in Figure 3, temperature, humidity, and air pressure values had shown periodic patterns regularly with time series analysis every year, and these have similar patterns with solar irradiance variations in Figure 5. However, wind speed, direction, middle layer cloud cover rate and total cloud cover rate have shown a non-periodic pattern. In the training process, ANNs combine periodic and non-periodic pattern parameters. With good structure for learning temporal patterns, it makes it useful for various tasks related to time-series analysis. Therefore, this estimated that ANNs could have more advantages compared with conventional linear or non-linear modeling as they can much more efficiently learn long-term time series data [60,61,62,63].




2.5. Training and Estimation


Features are normalized to have zero mean and unit variance and then each hour of data is set as an input    x      such that   x =  (   x 1  ,  x 2  ⋯ ,    x 7   )    and solar irradiance is set as the output  y . For an RNN designed for time-series data, the times-series data are constructed as follows:


  xs =  (   x 1    T  ,    x 2    T  , ⋯ ,    x s    T   )  .    



(10)




where     s     is the number of consecutive hours for an input and T is time step index.



We used the weather data for eight years (from 2008 to 2015) as a training set and predicted the solar irradiance value in 2016 as a test set.



To evaluate the accuracy of the simulation results, this study used calibration standards: the mean square error (MSE), widely accepted by ASHRAE Guideline 14-2002 [64]. The corresponding equation is as follows:


     [  1 n    ∑   i = 1  n     (   y i  −   y ¯  i   )   2  ]   1 / 2    



(11)




where n is the number of data points,    y  i       is the actual value, and     y ¯  i    is the predicted value.



The network training process is shown in Figure 6.



Generally, in machine learning, SVM, MLNN, and LSTM models require a hyper-parameter whose value is set before the training process can begin. For SVM, we chose a gamma value of 0.1 before learning process. For MLNN, the network used in this study was composed of an input layer, 64 nodes for hidden layer 1, 32 nodes for hidden layer 2, and an output layer. The learning rate was 0.005 and training was conducted for 200 epochs. For the LSTM, we used the same number of layers as the MLNN, and the same learning rate of 0.0005.



To determine the correlations among the weather parameters that impact solar irradiance, we used impact factors, where the magnitude of each value represents the impact and positive or negative values illustrate the direction of the impact. The impact factor evaluation method calculates the impact of each input node element based on an adjusted value after training with input elements and real solar irradiance values. The process used to calculate the impact factor is as follows. After training and testing with all-weather parameters, the test node values are varied between −10% and +10% with an interval of 1% of their original values, to form new testing samples. In order to determine the number of hidden layer nodes, the formula suggested following Equation (12) [40,65]:


  p <   n + m   + a    



(12)




where p is in the range of numbers, n is the input number, m is the output node number, and a is a positive integer that is less than 10 [40,65].



Subsequently, the new adjusted testing nodes are simulated and compared with the values obtained without adjusting the nodes. Then, each algorithm is used to fit 21 points to a linear functional, and then the gradient of the linear functional is obtained. The gradient is used as the impact of the feature because the gradient describes a linear relation between two variables. The impact values of the features for each machine learning algorithm are illustrated by Equation (13).


    min  Γ    ∑   i = 1  k     (   q i  − f  (   p i  , Γ  )   )   2   



(13)




where min denotes minimizing, qi and pi are input values which include 21 data points, and  Γ  is a set of coefficients.





3. Illustrative Simulation and Analysis


In this study, we used four methods—i.e., linear regression, SVM, MLNN, and LSTM—to deduct local solar irradiance (GHI, MJ/m2). The models were trained using 70,090 hourly data points collected over eight years, consisting of temperature (°C), humidity ratio (g/kg), air pressure (mbar), wind velocity (m/s), wind direction (0–360°), amount of total cloud cover (0–10), amount of middle and low-layer cover (0–10) and were tested using 8760 hourly data points collected over one year. This study explores the accuracy of each model algorithm, and also evaluates how each weather parameter significantly impacts the local solar irradiance. We can estimate long-term solar irradiance without actual radiance sensors based on local weather data and variations. This study used four estimation methods, with weather parameters as the input data and solar irradiance as the output. Based on eight years of training data and one year of testing data, the solar irradiance values were estimated and evaluated by comparison with real values. The performances of the four models were also evaluated based on accuracy and error rate. The results of one-year (January–December) hourly prediction outputs compared with real values are shown in Figure 7. In general, compared to the linear regression and SVM methods, the two ANN models, MLNN and LSTM, exhibited significantly better performance and higher accuracy in deducing solar irradiance. The LSTM model especially showed higher accuracy than the other models. Figure 7 shows that the output of the two ANN models agreed well with the real data; however, the GHI values estimated by linear regression and SVM are even higher than zero during the nighttime. These two algorithms had overshot the estimation values at nighttime. Therefore, these two methods are not suitable for estimating solar irradiance because of their high error rates. Compared with other algorithms, LSTM had relatively overestimated the predicted values in daytime, however, it had good accuracy and the overestimating impact is small.



The mean relative error and mean square error (MSE) results for each model are shown in Figure 8. The MSE results for the linear regression and SVM models were 0.3718 and 0.0932, respectively, and these models showed low accuracy and high error rates compared to those of the two ANN methods. The MLNN and LSTM models achieved MSE values of 0.0324 and 0.0221, respectively. The estimation MSE using LSTM showed a 31.7% increase in accuracy compared to MLNN. Thus, the two ANN models showed higher performance with good accuracy and stability when estimating local solar irradiance. Based on the results, the LSTM showed the best estimation performance out of the four models even though it had regularly overestimated in daytime. The ANN models showed significantly better estimation performance because having multiple layers between the input and output nodes allowed them to learn to activation functions and network configuration parameters to determine the best value and to minimize the error rate.



Figure 9 presents how much each weather parameter impacts on the local solar irradiance, as determined using four prediction algorithms. Temperature and amount of total cloud cover (Tcc) significantly dominate the local solar irradiance because temperature variations represent seasonal changes, and the total cloud cover can directly affect how much solar irradiance can reach the ground surface. However, the linear regression method did not clearly show the impact factor of each parameter. The results obtained using MLNN and LSTM models indicated that four main parameters mainly affect the actual solar irradiance: temperature, amount of total cloud cover, amount of middle and low-layer cloud cover (MLcc), and the humidity ratio. Moreover, other parameters, including air pressure, wind velocity, and wind direction, could be neglected when considering the main environmental influences for estimating solar irradiance.



Figure 10 and Table 1 present how much each climate factor impacts upon the local solar irradiance depending on the season, as determined using two ANN algorithms (MLNN and LSTM). Amount of total cloud cover (Tcc) mainly dominated local solar irradiance. Usually amount of Tcc includes amount of middle and low-layer cloud cover (MLcc) as well, therefore, MLcc is not an independent element and the element information, amount of Tcc could be enough to deduct local solar irradiance. For example, if there is same amount of Tcc but only changed amount of MLcc, the impact is relatively small, because amount of Tcc mainly dominates the local solar irradiance.



Both temperature and amount of Tcc significantly dominate local solar irradiance in the summer season. Temperature and total cloud cover have relatively less impact on the GHI in other seasons. Changes in the humidity ratio impact the solar irradiance, because it also represents seasonal changes. However, during the summer season, the humidity ratio influences the solar irradiance inversely. It is estimated that a high humidity ratio in the summer season is highly related to the amount of total cloud cover and precipitation, because Seoul is located in a hot and humid climate; hence, it experiences heavy rains in the summer season. Other climate factors (such as wind velocity and direction, and air pressure) can be neglected when estimating solar irradiance, because their impact factors are relatively small compared to the major impact sources (temperature, total cloud cover, middle and low-layer cover, and humidity ratio). The major context of this research is the application of ANNs to solar irradiance estimation based on weather parameters which could prove several advantages, e.g., ability to work with insufficient data/ knowledge and higher performance in a broad range of applications over classical techniques like linear regression and principal component analysis (PSA).



The results presented suggest that local solar irradiance in urban or rural areas could be estimable by artificial neural networks based only on weather reports without the need for actual solar irradiance sensors. However, this study is limited, and more factors should be explored via further research. Solar irradiance can also be affected by variable factors such as geomagnetic storm activity with sunspot numbers increased, ozone, aerosols, and pollutants. Future studies should consider additional environmental factors to increase the accuracy of prediction results. Additionally, more regular training with recently updated weather data can efficiently response from future climatic changes unprecedently. Future studies should consider additional environmental factors to increase the accuracy of prediction results with unprecedent climatic data.




4. Discussions


In this research, the methods with linear regression, SVM, MLNN, and LSTM have been applied to deduct local solar irradiance. Weather information prediction is not easy and hard to get precise information. Even such a difficulty happened, it needs irradiance information to energy scheduling. Hence, the artificial intelligence approach is considered by training precious data such as temperature (°C), humidity ratio (g/kg), air pressure (mbar), wind velocity (m/s), and wind direction (0–360°) over eight years. Additionally, cloud cover, middle and low-layer cover were also tested with over one year of data. As a result we estimated long-term solar irradiance, which can be obtained without actual radiance sensors. From the results, MLNN and LSTM show better performance and higher accuracy. As mentioned before, LSTM model and LSTM were not always illustrated to be superior to other methods from an accuracy and impact point of view. From the MSE results, two ANN models showed good performance due to reliable information by NN training. From the impact point of view, this was how much each weather parameter impacted upon the local solar irradiance. Temperature and cloud cover (Tcc) significantly dominated. Then, the results with MLNN and LSTM models showed four main parameters affecting the actual solar irradiance. Additionally, it was shown in Figure 10 and Table 1 that the total cloud cover (Tcc) affects solar irradiance mostly. As a result, temperature and amount of Tcc significantly dominate local solar irradiance in the summer season. However, it is a reverse situation during the summer season because the humidity affects in reverse the solar irradiance. Specifically, the high humidity ratio in the summer is highly related to the total cloud cover and precipitation in Seoul, Korea, because of the climate. To be simplicity; data availability and small impact, wind velocity and direction, and air pressure could be neglected.



The obtained results suggest the estimation of local solar irradiance by artificial neural networks based on weather reports. It helps to plan energy generation scheduling, but it still needs to improve from the limited information. Specially, more variable factors such as geomagnetic storm activity, ozone, aerosols, and pollutants affect solar irradiance; hence, future studies should consider additional environmental factors to increase the accuracy of prediction results.




5. Conclusions


In this study, we explored investigation of applicability of impact factors to estimate solar irradiance using climatic elements including temperature, humidity ratio, the amount of total cloud cover, the amount of middle and low-layer cloud cover, wind velocity and direction, and air pressure. The strategies were based on four machine learning algorithms: linear regression, SVM, MLNN, and LSTM. We evaluated the performance of the four models using eight years of weather data as a training set, and one year of data as a test set. The estimation results were then compared with real solar irradiance values. The results showed that the ANN models provided more accurate estimations of solar irradiance than conventional techniques (such as linear regression and SVM). Among the two ANN models, LSTM provided better performance, improving estimation accuracy by 31.7% compared to MLNN. To investigate the effect of each climate factor on the solar irradiance in a city, we also carried out impact factor analysis with the four estimation models. The results of the impact factor analysis revealed that temperature and the amount of total cloud cover are the dominant factors affecting the solar irradiance, and the amount of middle and low-layer cloud cover is also an important factor. The results from this work demonstrate that ANN models, especially those based on LSTM that consider time correlations in the data, can accurately estimate local solar irradiance using weather data without installing and maintaining on-site solar irradiance sensors. Hence, they can provide a cost-effective method of accurately estimating solar power generation, thermal heat gains, and thermal energy consumption rates in buildings and urban and rural areas. In future works, a study could define the differences of weather conditions between a meteorological station and a local place using ANNs methodologies, and then we could know how local surrounding environments such as high-rise buildings and mountains near a building located impact on solar irradiance. Additionally, we could denote how much air pollutants, such as PM 2.5, PM 10, could impact on solar irradiance using ANN methodologies.
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Figure 1. Multi-layer neural network structure. 
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Figure 2. Recurrent neural network structure. 
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Figure 3. Historical data for 9 years (2008–2016): temperature, humidity ratio, and air pressure. 
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Figure 4. Historical data for 9 years (2008–2016): wind velocity, wind direction, amount of middle, low-layer cloud cover (MLcc) and amount of total cloud cover (Tcc). 
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Figure 5. Historical data for 9 years (2008–2016): Global Horizontal Irradiance (GHI). 
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Figure 6. Training process for artificial neural network. 
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Figure 7. Estimation output of four models compared with real values (January–April–July–October). 
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Figure 8. Comparison of four modeling error. 
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Figure 9. Impact factor of input climate elements determined by four methods. 
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Figure 10. Impact factors of input climate elements determined by ANN models in four seasons. 
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Table 1. Impact factors of input climate elements determined by MLNN and LSTM models in four seasons.
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Impact Factor

	
Temperature

	
Wind Speed

	
Wind Direction

	
Air Pressure

	
Tcc

	
MLcc

	
Humidity Raito






	
MLNN

	




	
Spring

	
0.0065

	
0.0010

	
0.007

	
−0.003

	
−0.14

	
0.02

	
0.064




	
Summer

	
0.33

	
−0.017

	
0.00008

	
−0.0167

	
−0.234

	
−0.004

	
−0.2116




	
Fall

	
0.078

	
−0.0084

	
0.0035

	
−0.0006

	
−0.1367

	
0.0011

	
0.00222




	
Winter

	
−0.029

	
0.0045

	
0.0054

	
0.026

	
−0.073

	
0.0059

	
0.1948




	
LSTM

	




	
Spring

	
0.08877

	
0.012

	
0.0092

	
0.00128

	
−0.090

	
−0.0213

	
0.0467




	
Summer

	
0.201

	
0.0023

	
0.0136

	
−0.0158

	
−0.1622

	
−0.0399

	
−0.0403




	
Fall

	
0.1303

	
−0.0084

	
0.00082

	
−0.00432

	
−0.097

	
−0.00957

	
−0.0040




	
Winter

	
0.04

	
0.0023

	
0.0040

	
0.0035

	
−0.064

	
−0.0149

	
0.0602
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