
Experimental validation of an LSTM-based solar irradiance forecasting model 1 
 2 

Byung-ki Jeon 1, Eui-Jong Kim 2  3 
 4 

1 Department of Smart City Engineering, Graduate School of Inha University, Incheon, 22212, 5 
Republic of Korea 6 

2 Department of Architecture, Inha University, Incheon, 22212, Republic of Korea 7 
 8 
 9 
 10 

Abstract 
Establishing a foundation for the application of a new 
predictive model in small- and medium-sized buildings, 
where it is difficult to install measurement equipment, is 
associated with several challenges. In recent years, for the 
predictive control of buildings, research has been 
conducted on the development of a solar irradiance 
forecasting model that is capable of predicting solar 
irradiance at local sites using simple weather information 
and global data based on the LSTM machine-learning 
algorithm; however, in this previous study, tests were 
performed using simulation data only. Therefore, in this 
study, the solar irradiance on a target building was 
measured, and the effectiveness of this previously 
proposed model was examined using real-world data. The 
model was verified and categorized into three cases based 
on the type of data used for the LSTM learning. Cases 1 
and 2 involved the prediction of the solar irradiance on a 
local building based on the use of global data 
corresponding to five and nine regions, respectively, and 
Case 3 involved the prediction of solar irradiance based 
on the learning of local solar irradiance data only. It was 
observed that Case 3 showed the best performance with 
an RSME of 32 W/m2, followed by Case 2, which showed 
a similar predictive performance, with a RMSE of 39 
W/m2. These results can be used for the predictive control 
of buildings, and it is expected that the error will improve 
further as more global data becomes available for learning 
in future. 
 
Key Innovations 

· An LSTM-based simple solar irradiance 
forecasting model that predicts local building 
solar irradiance by learning global data was 
verified experimentally. 

· The prediction error (RMSE) of the model was 
68 W/m2, which is indicative of an acceptable 
level of performance as a solar irradiance 
forecasting model for predictive control. 

· When the volume of global data used for 
learning increased, the predictive performance 
of the model further improved to RMSE = 
39W/m2, which is similar to the performance in 
Case 3, which involved the learning local data. 

Introduction 
Reportedly, 60% of the energy that is supplied to 
buildings is used for heating, ventilation, and air 
conditioning (HVAC) operations (Zhuang et al. 2018), 
which can be optimized to reduce energy consumption 
(Henze et al. 2012). In this context, there has been an 
increasing number of studies related to model predictive 
control (MPC), which operates HVAC systems according 
to a planned strategy by establishing an optimal control 
strategy. There has also been an increasing number of 
studies on energy management systems that provide 
optimal energy benefits by linking solar power generation 
and energy storage in residential buildings (Ferreira et al. 
2012; Huang et al. 2015). Although these studies use solar 
irradiance information predicted for the next day as 
essential input data (Khanmirza et al. 2016; Nguyen et al. 
2017), current weather forecasting systems rarely predict 
the solar irradiance for the next day by the hour. In a few 
previous studies on MPC, different strategies by which 
solar irradiance can be predicted have been proposed. 
Most of these proposed methods use data provided by 
energy analysis programs, or assume that the solar 
irradiance corresponding to the next day has been 
perfectly predicted based on existing solar irradiance 
forecasting models, which could be physical- or data-
based (Aggarwal and Saini 2014). Specifically, physical-
based models typically construct a correlation equation 
between weather parameters and past solar irradiance data 
collected from an observation area based on solar 
geometry, while data-based models predict solar 
irradiance by training data using machine learning 
techniques, such as artificial neural networks (ANN) and 
deep learning, without considering the physical 
characteristics of the working environment. The latest 
solar irradiance forecasting models were reviewed by Li 
and Lou (2018). 
Further, the use of such solar irradiance forecasting 
models for control purposes in residential buildings or 
small- and medium-sized buildings is limited owing to the 
high costs associated with the installation of the 
equipment needed to collect weather data, which must be 
operated for a long period of time (Qing and Niu 2018). 
Therefore, it is necessary to improve existing solar 
irradiance forecasting models that are meant for use in 
predictive control algorithms, such as MPC. In this regard, 
Jeon and Kim (2020) proposed a next-day solar irradiance 
prediction model for MPC based on a simple weather 
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forecast that can be easily be obtained. In particular, given 
that global solar irradiance data can be learned for the 
prediction of solar irradiance at a local site, this proposed 
method has the advantage that it can be applied even to 
local buildings for which previously collected weather 
data are unavailable. Furthermore, compared with similar 
solar irradiance forecasting models, this previously 
proposed model shows improved prediction performance 
even with the use of limited data. However, in their study, 
they used well-calibrated typical meteorological year 
(TMY) weather data, i.e., their model was not tested using 
real-world data. Therefore, in this study, the effectiveness 
of this proposed model in providing significant prediction 
results for MPC applications via data collection through a 
solar irradiance measuring system was verified for the 
first time. 
 
LSTM networks 
Jeon and Kim (2020) proposed a solar irradiance 
forecasting model with a deep learning structure. In deep 
learning, there are various ANN algorithms that perform 
learning. In this study, a long short-term memory (LSTM) 
network, which can accurately depict the time-series 
characteristics of solar irradiance, was employed. Given 
this characteristic of the LSTM algorithm, a number of 
previous studies have proposed an LSTM-based solar 
irradiance forecasting model; this has been confirmed in 
a review paper on LSTM solar irradiance forecasting 
models (Rial et al, 2020). Further, the LSTM network is 
composed of one input layer, multiple hidden layers, and 
one output layer as is the case with other ANN 
architectures. Further, the main feature of the LSTM 
model lies in the hidden layer, which includes the memory 
cell, which maintains and updates the cell state through 
three gates, i.e., each memory cell is composed of an input 
gate(), an output gate(), and a forget gate(), which 
have as function to specify what information is added to 
the cell state, to specify what information from the cell 
state is used as output, and to define what information is 
removed from the cell state, respectively. 
The equations below show the process of updating the 
memory cells in the LSTM layer at a given time step, t.  = σ, + ,ℎ +   (1)  = σ, + ,ℎ +   (2)  = σ, + ,ℎ +   (3)  =  ℎ, + ,ℎ +   (4) 
where  represents a weight matrix,  represents a bias 
vector,   represents a candidate cell state value, ℎ 
represents the coefficient vector corresponding to the 
outputs of the LSTM layer, σ  represents the sigmoid 
function, and  represents the input vector at time step, t. 
Finally, the present cell state is calculated as a product of 
the active tanh function and used as the coefficient of the 
output layer. Additionally, details regarding the equations 
and main contents of the LSTM network can be found in 
previous studies (Cortez et al. 2018; Hochreiter and 
Schmidhuber, 1997; Graves et al. 2013; Fischer and 

Krauss, 2018; Salman et al. 2018). Further, in the LSTM 
model, various parameters and algorithms that determine 
the learning performance need to be specified. In this 
study, the LSTM learning environment was identical to 
that proposed by Jeon and Kim (2020) as outlined in Table 
1. 

Table 1: Setting of LSTM Model Parameters. 
PARAMETER VALUE PARAMETER VALUE 
Opt. algorithm Adam Hidden layer 3 
Initial learn rate 0.001 1layer Hidden 

unit 
300 

Execution 
environment 

GPU Max epochs 200 

 
Previous Studies and Experimental 
Verification Method 
The difference between the conventional machine 
learning-based solar irradiance forecasting model and the 
method proposed by Jeon and Kim (2020) is that in the 
forecasting stage, the conventional model predicts the 
solar irradiance corresponding to the next day (i.e., Day + 
1) using the weather forecast information for the next day 
(Day + 1) only; however, in the method proposed by Jeon 
and Kim (2020), the weather data corresponding to the 
previous day (Day) is used in learning, thereby improving 
the predictive performance. Reportedly, the weather data 
corresponding to Day is highly correlated with the solar 
irradiance corresponding to Day + 1. Additionally, when 
the pattern of the occurrence of solar irradiance is 
normalized, similar solar irradiance patterns can be 
observed on Day and Day + 1. In this study, the same 
learning strategy was adopted; the input and output 
parameters of the LSTM model are illustrated in Figure 1. 
The input parameters of the model included ambient 
temperature, sky cover, humidity, wind speed, and solar 
irradiance on the target building on Day. The output 
parameter were the horizontal irradiance corresponding to 
Day + 1, which represents the prediction target of the 
model. Further, sky cover indicated the level of clarity of 
the sky, and in South Korea, sky cover forecasts are 
classified based on four categories, namely, very clear, 
clear, cloudy, and very cloudy, which were labeled 1 to 4, 
respectively, and used for learning in this study. 
Additionally, to perform learning, the data used in this 
study were grouped into 24-h units taking into 
consideration the periodic characteristics of solar 
irradiance.  
In this case, given that the target model (the Jeon and Kim 
model) uses TMY2 weather data obtained from a 
simulation program, it was possible to easily utilize 
hourly information corresponding to various weather 
parameters. However, the level of the actual forecast was 
simpler than that of TMY2 and provided only minimal 
information. Since the Korea Meteorological 
Administration (KMA) provides weather forecast 
information for the next day (Day + 1) every 3 h, at 23:00 
the day before (Day), these data were recreated as hourly 
data via linear interpolation. However, precipitation 
forecasting was performed on average precipitation over 
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a period of 6 h only. These data were not used in the 
development of the test model because it was thought that 
their applicability as learning data was lower considering 
the characteristics of the LSTM algorithm that learns the 
data generation pattern of the previous hour and its 
correlation with other weather parameters that occurred 
within the same hour used for learning. 

 
Figure 1: Input/Output of reference and Jeon and Kim 

models  
 
Another advantage of the target model is that given its 
ability to learn normalized data from global sites, with 
plenty of data available, and perform solar irradiance 
forecasting for a local site when the availability of local 
data is limited, this model can be useful. In the proposed 
study, solar irradiance forecasting corresponding to the 
applicable region (local) was performed by learning the 
data corresponding to five regions (non-local) in South 
Korea. However, in this study, the target model was 
verified using a total of three cases. Specifically, in Case 
1, local solar irradiance was predicted by learning weather 
data corresponding to five global regions as was the case 
in the previous study (Jeon and Kim 2020). In Case 2, the 
performance of the target model was analyzed by 
extending the global weather data used for learning to 
nine regions. Finally, in Case 3, only weather data 
corresponding to the local site were used for learning to 
the end of realizing solar irradiance forecasting. Thus, the 
difference between global and local data as learning data 
was analyzed. The data used for learning were 2019 
weather data corresponding to various cities in South 
Korea, provided by the KMA. For the determination of 
the solar irradiance on the target building, which was the 
target of prediction, the values measured on the Inha 
University building, in Incheon, South Korea as the local 
site, were used (Figure 2). The measurement period was 
from November 3 to 17, 2020, and the geographical 
characteristics of the weather data for each region used in 
this study are outlined in Table 2. The solar irradiance 
meter that was used for the measurement was the 
LP471PYRA10.5 device manufactured by Delta ohm, 
and the sensor used was the secondary standard class, 
which has the highest grade according to sensor 
specification classification based on ISO9060. 

 
Figure 2: measurement of solar irradiance on target 

building 
 

Table 2: comparison of geographic characteristics of 
training data by case. 

 Latitude Longitude 
GLOBAL 

Kangnung (Case1,2) 37.7 128.8 
Kwangju (Case1,2) 35.1 126.8 
Mokpo (Case1,2) 34.8 126.3 
Seoul (Case1,2) 37.5 126.9 

Kyungju (Case1,2) 35.8 129.2 
Daejoen (Case2) 36.3 127.3 
Busan (Case2) 35.1 129.0 

Cheongju(Case2) 36.6 127.4 
Suwon (Case2) 37.2 127.0 

LOCAL 
Inchon (Case3) 37.4 126.6 

TARGET BUILDING 
Inha Univ in Inchon 37.4 126.6 

 
Simulation results and analyses 
In the simulation, the input data were updated at 24-h 
intervals assuming daily data communication, and the 
prediction was performed via sequencing for 15 days, i.e., 
from November 3 to 17, 2020. The results were evaluated 
using the root mean square error (RMSE), which is a 
general error evaluation method, as shown in Equation (5). 

RMSE =∑ ( , ,)    (5) 
where  , represents the measured value corresponding 
to time, t and  ,  represents the solar irradiance 
corresponding to the next day of prediction by the model. 
The LSTM model describes the strength of the connection 
between neurons and layers to best represent the pattern 
of occurrence of learning data and target data. Therefore, 
the learning performance of the model was analyzed 
before performing the prediction. Figure 3 shows the 
learning performance of Case 1 as a scatter plot, which 
indicated that the model is accurate, given that most of the 
points were distributed around the grey diagonal. The 
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RMSE of the learning was only approximately 15.5 W/m2. 
This error was similar to that reported by Jeon and Kim 
(2020) (22 W/m2). In this case, the learning performance 
of the model could be improved by reinforcing the hidden 
layers; however, overfitting could occur if an excessive 
learning performance was set. Further, Cases 2 and 3 
showed similar learning performances, with RMSE 
values of 17.3 and 14.6 W/m2, respectively. 

 
Figure 3: LSTM performance of LSTM model(Case1) 

 
Figure 4 shows the predictive performance corresponding 
to the target building in Case 1, which learned the local 
data based on five global regions. The prediction was 
performed on a daily basis from November 3 to 17, 2020, 
and only results corresponding to the November 5–11 
period are represented in the graph. Here, “Target” 
indicates the solar irradiance forecasting model proposed 
from Jeon and Kim (2020), and the “Reference” legend 
indicates a general solar irradiance forecasting model 
without weather information corresponding to the 
previous day (Day) as an input value. In the reference case, 
a RMSE of 85.6 W/m2 was observed; however, in the 
target model, the error improved to 68.5 W/m2, indicating 
that simply learning weather forecast data corresponding 
to the previous day can improve the performance of the 
solar irradiance forecasting models to some extent. 
However, the model proposed by Jeon and Kim (2020) 
showed a RMSE that was only 18 W/m2, which was 
attributed to the use of TMY2 simulation data and not 
real-world measurement data. Regarding the target model, 
according to a previous study in which the effect of the 
accuracy of weather data on the building load was 
analyzed, a horizontal irradiance of 79 W/m2 brought 
about approximately 2% of the building load error in the 
Energy Plus single residential building template. Based 
on this information, we judged that the proposed model 
provides a prediction result that is suitable for use in MPC 
control (Jeon et al, 2019). 
 However, most forecasting days showed some error at a 
certain level, and it was thought that improving the model 
is necessary. In the graph, the “Target with perfect 
forecast” legend indicates solar irradiance prediction 

performance assuming that the forecast from KMA is 
accurate. The error of the model reduced to 54 W/m2; 
however, an error with a pattern similar to that of the 
target still persisted. In the graph, sky cover ratings close 
to 1 indicated a clearer sky, and when comparing the 
accuracy of the weather forecast on the day the test was 
conducted, it was difficult to identify a clear correlation 
between the two. Particularly, on November 6 and 7, 2020, 
relatively accurate weather forecasts were made at the 
time of solar irradiance occurrence. However, regardless 
of this accuracy, it was confirmed that as the difference 
between the solar irradiance occurrence pattern of the 
previous day and the next day increased, the error of the 
model also increased, i.e., the result indicates that the 
solar irradiance occurrence pattern of the previous day 
(Day) exerted more impact than necessary in the 
prediction of the solar irradiance occurrence pattern of the 
next day (Day + 1). Further, when an appropriate layer 
arrangement and hidden unit correction were applied to 
the target model consisting of only LSTM layers, it was 
expected that the performance of the model will improved. 
 

 
Figure 4: Forecasting performance of the target model 

(case1) 
 
Figure 5 shows the result of solar irradiance prediction 
using the target model after increasing the volume of the 
learning data. The global data used for learning in a 
previous study were obtained from five regions; however, 
considering the general characteristics that the 
performance of deep learning model show improvement 
with an increase in the data volume, the global data was 
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expanded to include data corresponding to nine regions 
(Case 2). The error thus obtained was 39.2 W/m2, which 
is indicative of an improvement by 29.3 W/m2 compared 
with Case 1. Further, the errors corresponding to 
November 6 and 7, due to the large difference in the 
patterns of solar irradiance occurrence between the 
previous day and the next day, also improved. This 
indicates that as more data becomes available for learning 
in future, the error of the model can be expected to show 
further improvement. 
 

 
Figure 5: Forecasting performance of the target model 

(Case2) 
 
Figure 6 shows the result of the prediction of the solar 
irradiance on the target building based on the use of 
learning of data corresponding to the local site only in the 
target model (Case 3). In this case, the local site was the 
Incheon area, where the target building is located. First, 
when local site data for the previous year (from January 
to December 2019) were learned, the error of the model 
was approximately 60 W/m2. Further, when the local data 
used for training was expanded to include those 
corresponding to the last three years (2017 to 2019), the 
error of the model decreased to 34 W/m2. This is a slight 
improvement in performance compared with Case 2, in 
which global data corresponding to nine regions were 
learned. In Case 2, 16,425 24-h vector datasets were used 
for learning, while in Case 3, only used 5475 datasets 
were used. Thus, the results indicate that learning local 
site weather data can achieve excellent predictive 
performance even with a relatively small amount of data. 
However, when the local data available for learning is 
insufficient, learning a sufficient amount of global data 
can lead to a similar solar irradiance prediction 
performance even without the learning local data. This 
indicates that when weather data corresponding to the 
local site are difficult to obtain for application in the target 
model, as is the case with small-to medium-sized 
buildings or new buildings, for which no previous 
measurement data exists for MPC application, global data 
that is available online can be learned so as to derive 
meaningful solar irradiance prediction results. 

Additionally, if the measure of global data used for 
learning increases, the error will be further reduced. The 
details regarding the performance of the target model are 
listed in Table 3.  
  

 
Figure 6: Forecasting performance of the target model 

(Case3). 
 

Table 3: Target model performance by case 
CASE Prediction perfect 

weather 
forecasted 

case 

learning 
data set 

RMSE (W/m2) Number 
of vector 

sets 
Reference 85.6 96.7 9125 

Case1 68.5 54.0 9125 
Case2 39.2 39.1 16425 
Case3 

(used 1year 
data) 

60.2 58.3 1825 

Case3 
(used 3year 

data) 

34.9 32.4 5475 

 
Conclusion 
In a previous study, based on the simulation data provided 
by a detailed analysis program, a solar irradiance 
forecasting model was developed for the predictive 
control of small and medium-sized buildings, for which 
historical data is unavailable, or where it is difficult to 
install complex measuring instruments. The results of a 
previous study indicated that the solar irradiance on a 
local site can be predicted by learning global data using a 
deep learning algorithm, such as LSTM algorithm, 
implying that this algorithm can be effectively applied by 
small- and medium-sized power generation companies to 
realize solar irradiance prediction as well as building 
predictive control. However, the data that was used for the 
verification of this previously reported model were TMY 
data, and in the actual application stage, the error could 
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further increase depending on the level of weather 
forecast accuracy and the randomness of the target 
building; thus, it was necessary to verify the model using 
real-world data. Therefore, in this study, the usability of 
the target solar irradiance forecasting model was verified 
by comparing the actual prediction performances based 
on the use of actual measured solar irradiance data. Thus, 
it was observed that the RMSE was approximately 68.5 
W/m2, which is less than 2% considering the building load 
model when referring to the previous study. This indicates 
that the model could be used for predictive control. 
Further, the results obtained also confirmed that the 
performance of the model improved as the volume of 
weather data used for learning increased. Furthermore, 
with the target model, when local site data were available, 
improved solar irradiance prediction performance could 
be achieved based on the learning of a small amount of 
data compared with the case that involved the learning of 
global data. However, in the previous study, the objective 
was to develop a solar irradiance forecasting model that 
can be used when the local site data are not sufficiently 
available; therefore, if global data from various regions 
provided online are used, the target model that shows a 
performance that is similar to that involving the use of 
local site data only, can serve as a practical model for 
predictive control in buildings. 
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