
Smart Grid and Renewable Energy, 2012, 3, 214-221 
http://dx.doi.org/10.4236/sgre.2012.33030 Published Online August 2012 (http://www.SciRP.org/journal/sgre) 

Thermal Energy Collection Forecasting Based on Soft 
Computing Techniques for Solar Heat Energy Utilization 
System 

Atsushi Yona, Tomonobu Senjyu 
 

Department of Electrical and Electronics Engineering, University of the Ryukyus, Nishihara, Japan. 
Email: yona@tec.u-ryukyu.ac.jp, b985542@tec.u-ryukyu.ac.jp 
 
Received May 28th, 2012; revised June 28th, 2012; accepted July 4th, 2012 

ABSTRACT 

In recent years, introduction of alternative energy sources such as solar energy is expected. Solar heat energy utilization 
systems are rapidly gaining acceptance as one of the best solutions to be an alternative energy source. However, thermal 
energy collection is influenced by solar radiation and weather conditions. In order to control a solar heat energy utiliza-
tion system as accurate as possible, it requires method of solar radiation estimation. This paper proposes the forecast 
technique of a thermal energy collection of solar heat energy utilization system based on solar radiation forecasting at 
one-day-ahead 24-hour thermal energy collection by using three different NN models. The proposed technique with 
application of NN is trained by weather data based on tree-based model, and tested according to forecast day. Since 
tree-based-model classifies a meteorological data exactly, NN will train a solar radiation with smoothly. The validity of 
the proposed technique is confirmed by computer simulations by use of actual meteorological data. 
 
Keywords: Neural Network; Tree-Based Model; Thermal Energy Collection Forecasting; Solar Heat Energy 

Utilization System 

1. Introduction 

Solar heat energy utilization systems and photovoltaic 
(PV) systems are rapidly gaining acceptance as one of 
the best solutions to be an alternative energy source in 
Japan especially. Since solar radiation is not constant, 
these systems are influenced by solar radiation and 
weather conditions. Using storage battery is one feasible 
measure to stabilize power output of PV systems. How-
ever, it requires additional costs. And when we use the 
storage battery, loss of electric power due to power con-
version will occur as a result. In hybrid power systems, 
solar radiation forecasting is an important tool for utiliz-
ing the hybrid power systems with storage battery, PV 
system, solar heat energy utilization, solar cells, etc. Pre-
diction for the state of the storage battery is one of solu-
tion. But there are other approaches. For example, since 
the state of charge for battery depends on other electric 
power resource, the amount of energy stored in the bat-
tery is easily decided by forecast data such as wind 
power and PV power output. These decisions are benefi-
cial for effective operation of hybrid power systems and 
consequently, their profitability. From the point of view 
of reducing the cost by thermal demand, there should be 
an estimation of thermal energy collection of solar heat 

energy utilization system as accurately as possible. 
Therefore, it is necessary to develop more accurate 
method of solar radiation prediction. Although the tech-
nique to forecast the generating thermal energy collection 
based on weather prediction data is regarded as an effec-
tive method, the implementation of these techniques re-
sults in a fragile technique. Because meteorological agen- 
cies or weather services will provide prediction data, 
which are mostly gathered over a wide area by weather 
report. Therefore it becomes rather difficult to determine 
the hourly data at the installation site of solar heat energy 
utilization. To overcome these problems, we need a fore- 
casting technique, which to be inexpensive and easy-to- 
use. Application of neural network (NN) is known as a 
convenient technique for forecasting [1-3]. It is possible 
to forecast solar radiation with only meteorological data. 
In recent years, many researchers report as for the solar 
energy, e.g., analytical solar radiation models [4-5], es-
timating method [6-10], and daily forecast methods [11- 
13]. Apart from these studies, this paper proposes the 
forecast technique of one-day-ahead hourly thermal en-
ergy collection forecasting of solar heat energy utiliza-
tion system based on solar radiation forecasting by using 
three different NN models. Selected models are feed- 
forward neural network (FFNN), radial basis function 
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neural network (RBFNN), and recurrent neural network 
(RNN). RBFNN is chosen for its structural simplicity 
and universal approximation property [14,15]. Since 
RNN is known as a good tool for time-series data fore-
casting [16,17], RNN is chosen in this paper. A great 
deal of effort has been made on solar radiation forecast-
ing method by using NN in any other paper [3,14]. Nev-
ertheless, it is important how to select the training data 
according to forecast day. Since a solar radiation fluctu-
ates depending on weather conditions, training process of 
NN tends to be unstable. The proposed technique for 
application of NN is trained by weather data based on 
tree-based model, and tested according to forecast day. 
Random forest (RF) is used as the pattern classifier in 
this paper. RF is a combination of tree-based model such 
that each tree depends on the values of a random vector 
sampled independently (see e.g. [18]). Since the RF clas-
sifies the meteorological data exactly, NN will train the 
solar radiation with smoothly. The thermal energy col-
lection of solar heat energy utilization system is calcu-
lated by the forecasted solar radiation data. The validity 
of the proposed method is confirmed by comparing the 
prediction abilities of above mentioned technique on the 
computer simulations at one-day-ahead 24-hour thermal 
energy collection forecasting for solar heat utilization 
system. 

This paper is organized as follows. Section 2 describes 
the application models. The proposed methodology and 
input data for one-day-ahead electricity thermal energy 
collection forecasting are included in Section 3. The 
simulation results are presented in Section 4. Section 5 
concludes this paper. 

2. Application Model 

The concept of the solar radiation forecast technique is 
shown in Figure 1. In this paper, on the assumption that 
2005 is the forecast period of the solar radiation fore-
casting, RF and NN are constructed by making use of the 
meteorological data of from 2003 to 2004 year. FFNN, 
RBFN and RNN are constructed respectively in regard to 
the application of NN. Concerning the decision of the 
final output of NN, it utilized the mean value of those 
three outputs of NN models as the last output of NN. As 
shown in Figure 1, RF is constructed making use of the 
meteorological data in 2003. This RF classifies the level 
of the amount of solar radiation from each meteorologi-
cal data, and this RF is used for in 2004 and 2005. RF 
and each NN are explained in next section. 

2.1. Tree-Based Model and Random Forest 

Tree-based model is the one method of nonlinear regres-
sion analysis and discrimination analysis, and is called 
“regression tree” on the regression problem. On the other 

hand, in the classification problem, it’s called “classifica-
tion tree” or “decision tree”. As shown in Figure 2 in 
order to divide a dataset of node into 2 node groups, a 
condition of largest decreased error ΔR is determined as 
the branch rule to make a three-based model. ΔR is rep-
resented by  

       , i i LR s t R t R t R t    R      (1) 

where, s is dividing condition, t is the number of node, 
tL(R) is left(right) node, R(.) is error at node ti. An error 
R(ti) at node ti is represented by 
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where, Nti is the number of data at node ti , yk is output of 
data k, iy  is mean value of output for node ti. And the 
relationship of under node is followings. 

  
1

LN

L Lk L
k

R t y y


              (3) 

  
1

RN

R Rk R
k

R t y y


              (4) 

 

Similar day data 
           from 2004.

Classification with RF.
 (using 2003 year data)

Trainnung (off-line)

2003 2004 2005

Similar day data 
           from 2003.

Actual data in 2004.

Now Forecasting.

FFNN

NN

RBFN

 RNN

 

Figure 1. The concept of the solar radiation forecast tech- 
nique. 
 

 

Figure 2. Example of tree-based model. 
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where,   tL R
 is error of left(right) node, NL(R) is num-

ber of left(right) node, yL(R)k is number of left(right) node, 
R

 L Ry  is mean value of output for left(right) node. In 
each node, largest decreased error ΔR is determined for 
the best branch rule. In the result of analysis of tree- 
based model, a brief rule (similar the IF-THEN rule) can 
be made from data. This rule can be illustrated with trees 
structure and it is easy to understand. RF is a combina-
tion of tree-based model such that each tree depends on 
the values of a random vector sampled independently. 
Since it is known that the RF classifies the meteorological 
data exactly, RF is used as classification tree in this paper. 
More detail techniques for application of tree-based-model 
and RF are mentioned in reference [18]. 

2.2. Feed-Forward Neural Network Adapted 
Back Propagation Method 

Figure 3 shows the FFNN having l and m units in input 
layer and hidden layer, and n unit in output layer. These 
units are connected with linear coupling, and from x1 to xl 
are input data to NN. There are connection weights be-
tween each unit. Outputs of hidden layer units are con-
verted to nonlinear values by the hyperbolic tangent 
sigmoid-function. That function is as follows: 

   
2

1
1 exp 2

f x
x


 
           (5) 

where, x is the input data. Back Propagation (BP) method 
is adopted for learning the NN. Generally, BP is ex-
plained as follows. To begin with, outputs of hidden units 
Hm are transmitted to output layer units On. Then, the 
outputs of output unit are compared with target signal Tn 
as shown in Figure 3. Finally, to minimize the mean 
square error margin, each connection weights and the 
output value of each unit are changed in direction of 
straight line from output layer to input layer. In this paper, 
Levenberg-Marquardt algorithm is adopted for updating 
each connection weights of units [19]. The momentum 
coefficient and learning coefficient are the learning pa-
rameter of NN. The momentum coefficient promotes 
learning speed acts rapidly by changing each connection 
weights of units. The learning coefficient is preferred to 
large. However, if it is too large, network becomes un-
stable. We assume that the mean square error margin of 
NN model should not be unstable. The authors decide 
these parameters by trial-and-error method. 

2.3. Radial Basis Function Neural Network 

Figure 4 shows the RBFNN and the explanation shown 
below is summarized [14]. Output of hidden units Hm are 
converted by radial basis function. Consider a mapping 
from d-dimensional input space x to one-dimensional 
target space t. The data consists of N input vectors px , 

together with corresponding target pt . The goal is to 
find a follow function 

   ,   p ph x t p N   1,          (6) 

The RBFNN approach introduces a set of N basis 
functions, one for each point, which take the form 
φ  px x . Thus, the p-th such function depends on the 

Euclidean distance between x and px . The output map-
ping is then taken to be a linear combination of the basis 
function 

   px

t

p ph x w x           (7) 

The interpolation condition given by Equation (7) can 
then be written in matrix form as 

1W                   (8) 

If the weight wp in Equation (7) are set to the value 
given by Equation (8), the function h(x) represents a con-
tinuous differentiable surface that passes exactly through 
each data point. Several forms of basis function have 
been considered as following equation, 
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Figure 3. Feed-forward neural network. 
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Figure 4. Radial basis function neural network. 
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 
2

2
exp

2
p

j
j

x
x



 

 


           (9) 

where, σ is a parameter whose value controls the 
smoothness properties of the interpolating function φ(x). 
Training the RBFNN aims to minimize the sum-of- 
squares of error function defined by equation (10), its 
minimum can be found in terms of the solution of a lin-
ear Equation (11). 
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       (10) 

T T TW                 (11) 

The formal solution of the weights are given by 
†  TW                  (12) 

where, P is pattern index, T(= dpk) is target signal, pk  
is output, W is weight matrix, and Φ† is the pseudo in-
verse of Φ. Thus, the weight can be found by fast, linear 
matrix inversion techniques [14]. 

o

2.4. Recurrent Neural Network 

Figure 5 shows RNN model of Elman type NN. Unit 
characteristic of RNN is same as that of FFNN, and it 
learned by BP. However, RNN has a Context layer. 
These layer contain copy of hidden layer with time-delay 
lines, and added as feedback structure. The context layer 
reflects both input and output layers information to the 
structure of RNN, by intervening the feedback structure 
by hidden layer. In consequence, the past information is 
maintained to RNN with the progress of learning. In 
Figure 5, Yt is the output of the hidden layer, and Ytn is 
the output of the context layer. Ytn is the following equation: 

2 1
1 2 3     n

tn t t t t nY Y rY r Y r Y
           (13) 
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Figure 5. Recurrent neural network (Elman type model). 

where, r is called a residual ratio. The value of r varies 
between 0 and 1. As a result of learning RNN, past in-
formations are reflected to RNN. In time-series data 
forecasting, it is difficult to maintain the past information 
by using simply FFNN. But, the composition of RNN 
that has the feedback structure is said to be effective [16]. 

3. Methodology and Input Data 

The meteorological data in 2004 is used for training the 
NN. The input data shown in Table 1 indicate the input 
pattern of NN. In training process of NN, output data 
T1-T24 are used for actual solar radiation data in 2004. 
Solar radiation data in 2003 are used for input data x1-x24. 
It is better that the relationship between x1-x24 and T1-T24 
is high correlation. If similarity data (this paper call 
similar day data) is used for between input and output of 
NN, training process will be smooth. In this paper, 
Euclidean norm with weighted factors are used in order 
to evaluate the similarity between forecast day and 
searched previous day. Therefore, x1-x24 data are selected 
by Euclidean norm with RF from 2003 data correspond- 
ing similar day in 2004. In this process, we note that RF 
will determine the pre-forecast result (i.e. similar day 
data). At the time of forecast in 2005, input x1-x24 for NN 
are selected from solar radiation data in 2004. So, output 
data of NN will be solar radiation forecast results in 2005. 
According to forecasting method in Figure 1, since the 
RF classifies the meteorological data exactly, NN will 
train the solar radiation with smoothly. In addition, since 
the classification results of RF are compensated by NN, 
forecast ability will be more accurate. Table 2 shows the 
learning parameters of the NN. The number of hidden 
layer units is decided to minimize the output error of 
NNs by simulation result with using the training data. 
There are some methods for obtaining the number of 
hidden layer units, however there is no general solution 
for this problem [17]. In this paper, a trial-and-error 
method has been used to determine the appropriate num- 
ber of hidden layer units. Based on our conventional re- 
search, the authors think that it is convenient to make 
 

Table 1. Input of meteorological data for NN. 

Input 
x1-x24 Similar day solar radiation at 1 - 24 hours ahead 

Output (Teaching signal) 
T1-T24 Actual solar radiation at 1 - 24 hours ahead 

 
Table 2. Learning parameters of the NN. 

Number of input layer units l 24 
Number of hidden layer units Hm 59 
Number of output layer units n 27 
Learning coefficient 0.2 
Momentum coefficient 0.4 
Learning time 1000 

Copyright © 2012 SciRes.                                                                                SGRE 



Thermal Energy Collection Forecasting Based on Soft Computing Techniques for Solar Heat Energy Utilization System 218 

forecast model by trial-and-error approach. For example, 
all of training results were checked when the number of 
hidden layer units (=10 - 60) are changed for training 
data. After the training results, the number of hidden 
layer units which shows the best training result is deter-
mined as an optimal number. As shown in Figure 6 for 
this study, the optimized number of hidden layer units is 
59. In the next paragraph, the meteorological data which 
is used for the decision of similar day, the variable im-
portance and the Euclid norm with weighted factors are 
explained. 

3.1. Meteorological Data 

Naha City, Okinawa Prefecture in Japan is chosen as 
forecast area. The training data of NN is used ground- 
observation data and Grid Point Value (GPV) data that 
are “Japan meteorological business support center” has 
issued [20]. Numerical Prediction Division of Japan Me-
teorological Agency (NPD/JMA) produces many kinds 
of aviation weather forecast products which are derived 
from numerical weather prediction (NWP) output data. 
In this paper, meso-scale NWP model (MSM) data is 
used for 24 hours ahead forecasting simulations. The 
following explaining variables are used for classifier the 
solar radiation level in this paper. dy: Date, t: Daily mean 
temperature [˚C], we: Weather, c: Daily mean all cloud 
amount, ap: Daily mean atmospheric pressure [hPa], r: 
Daily mean relative humidity [%], ws: Daily mean wind 
speed [m/s], p: Daily mean precipitation [mm], (total 8 
types data). 

3.2. Variable Importance 

The concept of the RF is to boost the accuracy by inte- 
grating simulation. First data sets are branched by classi- 
fication tree like IF-THEN rules. Remaining data sets are 
branched by next classification trees repeatedly [18]. 
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Figure 6. Learning error to number of hidden layer units. 

Last remaining data sets are called terminal node. Also 
previous nodes belong in the data sets. The importance of 
these characteristics is called “Variable importance”. 
Table 3 shows the variable importance determined by 
using meteorological data in 2003. It indicates that solar 
radiation is supposed as explained variable and maxi- 
mum importance value is 100. 

3.3. Euclidean Norm with Weighted Factors 

A Euclidean norm with weighted factors is used to 
evaluate the similarity between the forecast day xi and 
searched previous day pix . In general, the following 
equations are used as Euclidian norm with weighted fac-
tors for selection of similar days:  

  2

1

n

i i pi
i

EN a x x


 
　

         (14) 

where variable importance which obtained from RF is 
used for the weighted factors ai. In (14), n represent the 
numbers of variable, I = 1 - 24. If the Euclidean norm 
weighted factors will be smaller, the evaluation of similar 
days is better. 

4. Simulation Results 

This section shows the simulation results of one-day- 
ahead 24-hour solar radiation forecasting. In addition, 
determination method from the solar radiation data to the 
solar heat energy collection for solar heat utilization sys-
tem is indicated. The result of forecast error was calcu-
lated after forecasting time. 

4.1. Solar Radiation Classification Results 

Tables 4-7 show the simulation results of one-day-ahead 
24-hour solar radiation classification in 2003-2005. 
These results indicate that all similar day data is selected 
by RF. Although RF made a classification of solar radia-
tion level on the basis of Table 4 in 2003 (Table 5), RF 
made some error of classification in 2004 (Table 6) and 
2005 (Table 7). Therefore, these errors of similar day 
data classification should be compensated to get higher- 
accuracy forecast results by use of NN mentioned above. 
 
Table 3. Variable importance VI of each explaining variable 
for solar radiation. 

VIdy (date) 47.65680 

VIt (temperature) 45.54285 

VIwe (weather) 39.41296 

VIc (cloud amount) 38.26488 

VIap (air Pressure) 36.21668 

VIr (relative humidity) 29.96555 

VIws (wind speed) 29.65870 

VIp (precipitation amount) 17.53832 
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Table 4. Solar radiation level for 24 hours. 

I01 I ≥ 20.14 MJ/m2 

I02 20.14 MJ/m2 > I ≥ 15.07 MJ/m2 

I03 15.07 MJ/m2 > I ≥ 10.00 MJ/m2 

I04 10.00 MJ/m2 > I ≥ 5.05 MJ/m2 

I05 5.05 MJ/m2 ≥ I 

 
Table 5. Classification result of RF (2003, percentage of 
correct = 100%). 

RF 
Actual 

I01 I02 I03 I04 I05 

I01 90 0 0 0 0 
I02 0 74 0 0 0 
I03 0 0 83 0 0 
I04 0 0 0 79 0 
I05 0 0 0 0 39 

 
Table 6. Classification result of RF (2004, percentage of 
correct = 68.77%). 

RF 
Actual 

I01 I02 I03 I04 I05 

I01 77 11 4 0 0 

I02 23 54 7 5 2 

I03 4 11 66 6 0 

I04 6 1 13 30 9 

I05 0 0 2 10 24 

 
Table 7. Classification result of RF (2005, percentage of 
correct = 52.60%). 

RF 
Actual 

I01 I02 I03 I04 I05 

I01 63 21 4 2 0 

I02 22 27 21 4 0 

I03 11 3 13 49 7 

I04 3 2 24 36 14 

I05 0 0 4 18 17 

4.2. Forecasting Result of Thermal Energy  
Collection of Solar Heat Utilization System 

The method of calculating the thermal energy collection 
of solar heat utilization system from the obtained solar 
radiation forecasting values by proposed NN models are 
shown in this section. In the thermal energy collection of 
solar heat utilization system, per unit area of thermal 
energy collection Qa is represented by: 

2
  cal ma a cQ I nA            (15) 

where, α is 0.24 cal/J, η is the conversion efficiency of 
thermal solar collection (%), Ia is the solar radiation 
(MJ·m−2), n is the number of thermal solar collection, Ac 
is collection area (m2). If the above equation of solar heat 
utilization system is used, the thermal solar collection 
can be forecasted by using only weather data. In this pa-
per, assume that sum total solar radiation will be falling 

on the thermal solar collection, and it does not consider 
the incidence angle of solar radiation and thermal solar 
collection. Moreover, assume that the conversion effi-
ciency η is 60%, collection area Ac is 1 m2. Figures 7-9 
show the forecasting results of 24-hour-ahead thermal
energy collection for solar energy utilization system on 
June in 2005. It should be noted that classification error 
of similar day data is compensated by use of NN. In the 
below of the Figure 7, dashed line is fore cast result by 
using proposed method. At the 3900 - 4000 hour, it 
shows that the similar day data are compensated by use 
of NN. Figures 8 and 9 show the Mean Absolute Error 
(MAE) Qer between actual data and forecast data. MAE 
is represented by: 
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Figure 7. Prediction of 24 hours ahead thermal energy col-
lection for solar energy utilization system (2005/June). 
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Figure 8. The forecast error of the solar heat utilization 
system (2005, mean absolute error). Mean absolute error 
(thermal energy collection). 
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Figure 9. Mean absolute error with an hourly (thermal en-
ergy collection). 
 
where, N is number of data, Pf is forecast value, Pa is 
actual value, and i is number of forecasting time. Since 
the simulation result in Figures 8 and 9 show that MAE 
is decreased by use of RF and NN in hourly and in each 
month, it can be seen the validity of the proposed method. 

5. Conclusion 

This paper proposes the thermal solar collection fore-
casting of solar heat utilization system based on solar 
radiation forecasting at one-day-ahead 24-hour-ahead by 
using three different NN models. The proposed technique 
for application of NN is trained by weather data based on 
tree-based model, and tested according to forecast day. 
The merit of the proposed method is that it requires only 
meteorological data. In fact, it is possible to forecast pre-
ferred results by using only meteorological data in short 
time. The validity of the proposed method is confirmed 
by the computer simulations at one-day-ahead 24-hour 
thermal solar collection forecasting. In next stage, our 
future work is comparing the proposed forecast models 
with the other method on various cases. 
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