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Abstract – The customer side operation is getting more complex in a smart grid environment because 
of the adoption of renewable resources. In performing energy management planning or scheduling, it is 
essential to forecast non-controllable resources accurately and robustly. The PV system is one of the 
common renewable energy resources in customer side. Its output depends on weather and physical 
characteristics of the PV system. Thus, weather information is essential to predict the amount of PV 
system output. However, weather forecast usually does not include enough solar irradiation 
information. In this study, a PV system power output prediction model (PPM) under limited weather 
information is proposed. In the proposed model, meteorological radiation model (MRM) is used to 
improve cloud cover radiation model (CRM) to consider the seasonal effect of the target region. The 
results of the proposed model are compared to the result of the conventional CRM prediction method 
on the PV generation obtained from a field test site. With the PPM, root mean square error (RMSE), 
and mean absolute error (MAE) are improved by 23.43% and 33.76%, respectively, compared to CRM 
for all days; while in clear days, they are improved by 53.36% and 62.90%, respectively. 
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1. Introduction 
 
Due to the spread of smart grid, adoption of various 

distributed resources such as photovoltaic (PV) systems, 
wind power, energy storage systems, and others are all 
expected. Accordingly, operation and management 
methods for power market and power system considering 
such resources are being studied [1-4]. For effective 
operation and management of these, the prediction 
methods of the distributed resources are needed, and 
studies are being conducted in relation to these [5-8]. 
Among those distributed resources, the PV system is one of 
the most common distributed resources for consumers to 
participate. In general, a PV system power output depends 
on solar irradiation as well as its physical environments. 
Solar irradiation and the temperature applied to a PV 
module, which are mostly dependent on the weather, are 
the major factors that determine the PV system output. 
Therefore, accurate weather information is essential in 

order to predict the amount of PV system power output 
accurately. 

Representative studies on the solar irradiation prediction 
have been based on imagery based model, statistical based 
model and physical based model. Imagery based model is 
to predict the solar irradiation by using the specific region’s 
image such as cloud imagery, ground based sky image and 
satellite [8-10]. Statistical based model using past solar 
irradiation data can be divided into the regression based 
model, stochastic learning based model and statistics 
equation based model. Firstly, regression based models are 
the method for predicting the solar irradiation through 
regression analysis. For example, the autoregressive (AR), 
the auto regressive moving average (ARMA) are being 
used [11,12]. Secondly, stochastic learning based model is 
the method for predicting the solar radiation through 
learning based on the past data of solar radiation such as 
the artificial neural network (ANN), the k-nearest neighbor 
(KNN) and the wavelet method [13,15]. Finally, the 
statistical equation based model is using the equations 
derived based on the past statistical solar irradiation data. A 
representative study of statistical equation based model is 
the cloud-cover radiation model (CRM) [16-18]. CRM is a 
model for calculating solar irradiation using constants 
that reflect regional characteristics. Recent researches on 
CRM have derived CRM constants suitable for regional 
characteristics based on historical data and conducted a 
study on performance evaluation by comparing with other 
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solar irradiation calculation models of solar radiation [19-
21]. Physical model is predicting a solar irradiation using 
the meteorological data (aerosols, atmospheric pressure 
etc.). A representative study of physical model is the 
meteorological radiation model (MRM) [18,22]. Since the 
1980s, research on the performance improvement of MRM 
has been continuously carried out. Recent studies related to 
MRM have proposed MRM v6 with improved aerosol 
model, which is one of the parameters of MRM, and MRM 
v6.1, which considers sunshine duration and cloud product 
[23,24].

The studies of imagery based model have a very high 
temporal resolution (a few sec to 15min). Therefore, it is 
suitable for intra-hour (prediction horizon: 15min to 2hour) 
predictions such as ramping event and variability related to 
operations [9,10]. However, it requires equipment that 
observes sky and cloud imagery. For this reason, it has 
limitations on the equipment costs or data access for 
satellite. The statistical based model has a high temporal 
resolution (a few min to 6hour). Therefore, it is suitable for 
the intra-hour or the intra-day (prediction horizon: 1hour to 
6 hour) predictions such as the load following forecasting 
[9,10]. However, to predict the solar irradiation using the 
regression based model and stochastic learning based 
model, it needs past solar irradiation data collected. For 
this reason, it has limitations in the new PV installation 
regions or the existing PV regions having no solar 
irradiation (or PV power output) collecting equipment. 
The solar irradiation prediction considering the seasonal 
meteorological characteristic in a region has limitations 
because of the requirement for predicting the horizontal 
solar radiation using altitude of the sun and the regional 
factor of the CRM. The solar irradiation in a region can 
be predicted without the historical solar irradiation data
because of the MRM based on the meteorological data. 
However, the solar irradiation prediction considering the 
cloud effect has limitations because the cloud types and 
the cloud transmittances are not included in the weather 
forecast. Recently, the solar irradiation models in hybrid 
forms are studied in order to compensate for the limitations 
of existing solar irradiation models [25-27]. These studies 
are effective in enhancing prediction accuracy of solar 
irradiation and improving the prediction/temporal resolution. 
However, the improvement is limited due to the use of 
observation equipment and past solar irradiation data. 
Therefore, depending on the characteristics of small-
scale distributed PV system, a solar irradiation prediction 
model with limited information is required for a new PV 
installation region or an existing region without any solar 
radiation collecting equipment.

This paper proposes a PV system power output 
prediction model (PPM) based on the MRM and the CRM 
by considering both the weather forecast and the historical 
meteorological information in a prediction region. When 
predicting the solar irradiation, PPM combines the two 
methods to compensate for the limitation on seasonal 

meteorological characteristics of the CRM and the 
limitation on cloud effect of the MRM. Because of this, 
the PPM can predict the solar irradiation considering 
both the meteorological characteristics and cloud effect 
in the prediction region. In addition, the weather forecast 
was used to predict the intra-day and the day-ahead solar 
irradiation. This study is modified and extended based on 
the previous work [28]. The predicted solar irradiation is 
applied to the PV model, and PV power output is 
obtained considering the operational environment of the 
PV system. The proposed PPM based results are compared to 
the result of the conventional CRM based prediction 
method applied to the PV generation obtained from a 
field test site.

2. Photovoltaic System Power Output Prediction 

Model (PPM)

2.1 System architecture

The PPM is predicting the solar irradiation at a given 
prediction region using the weather forecast and the past 
meteorological information. Predicted solar irradiation is 
used to predict the PV power output considering the PV 
system characteristics. Fig. 1 shows the system architecture
of the PPM, where the PPM calculates the position of the 
sun using the latitude and the longitude of the prediction 
region at the prediction time. The calculated position of 
the sun is applied to the MRM, and the solar radiation on 
a clear day is calculated based on the installation angle 
of the PV module and past weather information of the 
prediction region. The predicted radiation for a clear day 
is then applied to the CRM to calculate the solar 
irradiation on the cloudy day combining with the weather 
forecast, where the weather information is converted into 
the cloud-cover. The PV power output is calculated 
through the PV model using the solar irradiation on the 
cloudy day, where the temperature of the PV module is 
calculated by using the ambient temperature of the 
weather forecast to update the PV output.

Korea Meteorological Administration (KMA) has 
introduced Unified Model (UM) developed by Met Office 
(from United Kingdom) which is a numerical prediction 
model (NWP), and applied it to Korean weather 
environment. The NWP model currently used in Korea is 
divided into the global data assimilation and prediction 
system (GDAPS: UM N768L70) and the regional data 
assimilation and prediction system (RDAPS, UM 12 km, 
Layers: 70) etc. [29]. Here, RDAPS is used for the Dong-
Nae weather forecasting of the weather condition in sub-
regional and provides forecast information 48-hours (8 
times a day) every 3 hours at the weather forecast 
announce time (WFAT) [29]. KMA's Dong-Nae weather 
forecasts data for temperature, humidity, precipitation 
probability, precipitation, snowfall, wind direction, wind 
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speed, sky conditions (clear, partly cloudy, mostly cloudy, 
cloudy) and precipitation conditions (none, rain, rain/snow, 
snow). In many cases, weather forecast data with a higher 
time resolution is required. In this work, an interpolation is 
applied to obtain the higher resolution weather forecast 
data using the measured weather data at WFAT for the 
48-hour weather forecast data from KMA as shown in 
Fig. 2.

2.2 Solar irradiation modeling

2.2.1 Solar irradiation modeling for a clear day based on 
MRM

Solar irradiation that reaches the ground surface can be 
manifested as the direct beam irradiation that is transmitted 
directly from solar radiation and the diffuse irradiation 
that is transmitted by getting distracted at the atmosphere 
and ground surface. The total horizontal solar irradiation 
radiating on the horizontal plane can be expressed as the 
sum of these two irradiations. Here, the horizontal plane is 
the direction orthogonal to Earth's gravity.

First, directly radiated irradiation can be expressed as 
follows by using the solar constant (1367 	�/�� ) and 

transmittance of the decay components [28, 30]:

�� = 0.9751���(�	/	� ∗)
����������� (1) 

where, ��� is the solar constant while (�/� ∗)� is the 
eccentricity, and �� is the Rayleigh distraction transmittance, 
which can be expressed as follows according to R. E. Bird, 
R. L. Hulstrom [30]:

�� = exp[−0.0903]��
�.��(1.0 +�� −��

�.��)   (2)

where, �� is the optical air mass which represents the 
amount of attenuation components in the air while sunlight 
passes. It can be expressed using the following formula 
[31]:

�� = [35/(1224 cos�� + 1)�/�](�/��	)	 (3)

where, �� is the zenith angle, � is the atmospheric 
pressure at the location of observation and �� means 
atmospheric pressure on the surface of the sea. Here, ��
used the monthly average data over the past decade and 
Table 1 shows the �� setting value. 

In (1), �� is the ozone’s transmittance proposed by A. A. 
Lacis and J. Hansen [32], which is determined by the 
attenuations from the absorption and reflection of visible 
rays and ultraviolet rays:

�� = 1− (��
��� + ��

��) (4)

��
��� = 0.02118��/(1+ 0.042�� + 0.003323��

�) (5)

Fig. 1. System architecture of a photovoltaic system power output prediction model (PPM)

Fig. 2. Interpolation of weather forecast at weather 
Forecast announcement time (WFAT) to increase 
the time resolution of the announced weather forecast

Table 1. Atmospheric pressure on the surface of the sea 
values (��)

Month 1 2 3 4 5 6

��(hPs) 1024.5 1023.1 1019.0 1015.1 1011.0 1007.6

Month 7 8 9 10 11 12

��(hPs) 1006.4 1008.5 1013.5 1018.9 1022.4 1024.4
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��
�� = [1.0824��/(1 + 136.8��)

�.���] +
��{0.0658��/[1 + (103.6��)

�]} (6)

�� = ����  (7)

where, ��
��� and ��

�� are absorption and reflection of 
visible rays and ultraviolet rays, respectively, and �� uses 
3.5 mm, which is the average value of the total amount of 
ozone. 

Also in (1), �� can be expressed as shown on the 
following formula since it is the transmittance of the gas in 
the atmosphere [30],

�� = exp(−0.0127��
�.��)   (8)

and, �� is the vapor’s transmittance, which can be 
expressed as shown in the following, while �� expresses 
daily rainfall [33]:

�� = 1 − 2.9��/[(1 + 141.5��)
�.��� + 5.925��]  (9)

where, �� is 1 − �� .

�� = ���� (10)

where �� is vapor’s absorbance.
Finally, �� is the aerosol’s transmittance proposed by A. 

M. Meinrad [34],

�� = [0.97 − 1.25(�)��.��]��
�.� (11)

where, � is the visibility and the range lies between 5 and 
180 km.

The direct beam solar irradiance on the inclined surface 
considering the PV installation angle can be expressed by 
(12) [35].

���� = ��[sin(�������) cos������� + cos(�������)

sin������� cos	(����� − ������)] (12)

where, ������� is the altitude of the sun, ����� is the PV 
installation angle, ����� is PV installation direction and 
������ is the azimuth of the sun.

Diffuse irradiation uses the formula proposed by G. W. 
Paltridge and C. M. R. Platt. as follows [33]:

�� = ��� + ��� + ��� (13)

where, ��� expresses Rayleigh’s ground surface diffuse, 
��� is distraction by aerosol and ��� is the ground surface 
distraction at the time of multiple reflections between 
atmosphere and ground. They can be expressed as shown 
below [36]:

��� = ����������[0.5(1− ��)]��        (14)

��� = ��� cos�� (���� − ��)[�����(1 − ��)] (15)

��� = (��� cos�� + ��� + ���)�����/(1 − �����) (16)

Table 2. Ratio of forward to total scattering by aerosol

Solar Zenith Angle
(degree)

Baa
Solar Zenith Angle

(degree)
Baa

0
26
37
46
53

0.92
0.91
0.89
0.86
0.83

60
66
73
79
-

0.78
0.71
0.67
0.60

-

where, ��� is atmosphere reflexibility, and the value of 0.2 
was proposed by J. A. Davies and D. C. Mckay [37], and 
�� is ground surface reflexibility given by

�� = 0.0685 + (1 − ���)(1 − ��)�� 	  (17)

where, �� is the single scattering albedo and 0.6 is applied, 
and ��� is a constant for the zenith angle and uses Table 2 
[34,38].

Thus, it is possible to obtain solar irradiation under clear 
sky conditions with the sum of the above obtained direct 
beam irradiation on the inclined surface and diffuse 
irradiation as following:

�� = ���� + �� (18)

2.2.2 Solar irradiation modeling under cloud cover

This work presents the cloud cover radiation model 
(CRM) technique that calculates solar irradiation forecast 
based on the cloud cover. The CRM technique is a method 
for calculating solar irradiation by distinguishing cloud 
cover into 0~8 octa at the sun’s altitude and forecasting 
points [39]. It was first developed into a formula by F. 
Kasten and G. Czeplak [16] and then T. Muneer and M. S. 
Gul. leading to the following [17].

��� = � sin� − �  (19)

�� = ���[1 − �(�	/	8)�]    (20)

where, ��� expresses global horizontal solar irradiation 
under clear sky conditions, sin� is altitude and ��
expresses the global solar irradiation that factored in the 
effect of cloud while � expresses the cloud cover. Here, 
the cloud cover of the clean sky is 0 octa, and the cloud 
cover of the completely clouded sky becomes 8 octa. 
Parameters �, �, � and � are the CRM constants.

In (19), (20), ��� is in a general form for the solar 
irradiation, which needs to be made specific by adopting 
the coefficients for each region. However, the solar 
irradiation for a specific region is already computed as ��
in (18) the by applying the MRM in this work. Accordingly, 
the solar irradiation prediction ��� combined with the 
CRM can be expressed as follows:

��� = ��[1 − �(�	/	8)�] (21)
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2.3 PV system modeling

The PV systems converts the solar energy into electric 
energy using the principles of the photovoltaic effect, and 
the power conditioning system (PCS) converts its voltage 
from DC to AC. In this process, the PV system experiences 
a loss in energy conversion and electricity transmission, 
which affect the PV system output. Therefore, the factors 
affecting the PV system power output should also be 
considered for effective PV system output prediction.

Typical factors affecting the PV system output is 
conversion efficiency, system configuration efficiency and 
life efficiency. Here, the conversion efficiency is the 
efficiency of the PV module to convert solar energy into 
electrical energy. System configuration efficiency is 
configuration efficiency of PV system such as the PCS 
efficiency, line loss, etc. Life efficiency is degradation of 
the PV module during the long-term operation of PV 
system for more than 10 years. In addition, for effective 
prediction of the PV system output the PV module’s 
efficiency on the temperature needs to be considered. The 
temperature of the PV module can be increased due to the 
influence of the ambient temperature, solar irradiation and 
so on, resulting in the decrease of the PV system power 
output. Therefore, the module temperature affecting the PV 
system output should be considered for effective prediction. 
The temperature efficiency of module can be expressed as 
follows [40]:

����� = ��(���/��){1 + [(�� − ��)���]} (22)

where, �� is cell maximum power in standard test 
conditions (STC), �� is incident global solar irradiation 
in standard test conditions, �� is module operating 
temperature, �� is module reference temperature, and ���
is the module’s electrical efficiency at reference module 
temperature. Here, STC is the laboratory test environment 
standard for PV with the irradiation intensity of 1,000 
�/�� , AM1.5 standard reference spectrum, and cell or 
module temperature of 25±2℃ [41].

The increase in the PV module operating temperature 
reduces the voltage of the PV module, thus affecting the 
PV output [42]. The environmental factors affecting the 
PV module operating temperature are ambient temperature, 
solar irradiation and wind [40]. The increase in ambient 
temperature and solar irradiation increases the PV 
module operating temperature. In addition, the convective 
air temperature of the backside of the PV module results 
in an increase in the operating temperature of PV module 
[43]. Winds (wind velocity and wind angle) generate 
natural cooling effects, affecting the PV module operating 
temperature and ultimately affecting PV output efficiency 
[43-45]. Modeling of general PV module operating 
temperature is based on ambient temperature and solar 
irradiation [40]. In this study, the PV module operating 
temperature is modeled as follows (23) based on external 

temperature, solar radiation, and PV module characteristics 
under nominal operating cell temperature (NOCT) [46,
47]. The NOCT refers to the temperature measured at 
Standard Reference Environment (SRE), i.e., measured 
in the general standard operating conditions (SOC) of 0.8
��/��, ambient temperature 293.16°K (20°C), atmospheric
wind speed 1m/s, and no-load [46].

�� = �� + (���/�����)(��,����/��) ∙

������ − ��,�����[1 − (���/	���)]    (23)

where, �� is ambient temperature (K), ����� is solar 
irradiation (�/��) at the NOCT condition, �� is overall 
thermal loss coefficient (�/�� K), ��,���� is overall 
thermal loss coefficient at NOCT conditions, ����� and 
��,���� is module temperature and ambient temperature at 
NOCT conditions, respectively, and ��� is module electrical
efficiency, and �� is solar transmittance of glazing, and γ is 
solar absorptance of PV layer.

This work proceeds the PV system modelling based on 
the above efficiencies, and formula that combines the solar 
irradiation model and the PV system model together as can 
be expressed as follows:

��� = �����	��� 	��� 	�����	����� 	��� (24)

where, ����� is PV system capacity, ��� is module 
efficiency, ����� is temperature efficiency of the PV 
module, ����� is life efficiency, and ��� is system 
configuration efficiency.

3. Case Study

3.1 PV power output prediction model design

To verify the PPM proposed in this work, the prediction 
results were compared with the PV system output data 
measured for October 2014 – August 2015 at the Korea 
Institute of Energy Research (KIER) in Daejeon, Korea. 
First, longitude and latitude of the area for measurement 
were set to 127.26° and 36.2°, respectively. Among the 
variables needed for the prediction of PV system output, 
average monthly values for the years from 2000 to 2010 
were utilized for the Daejeon area in order to factor in the 
characteristics of the region’s meteorological information 
when some information is not given in the weather forecast 
such as sea-level pressure, station pressure of Daejeon, and 
others. Weather conditions of KMA weather forecast 
information are composed of four conditions such as clear, 
partly cloudy, mostly cloudy and cloudy. In order to apply 
for the CRM model, weather conditions must be converted 
to numerical values. Cloud cover ranges for weather 
conditions such as clear, partly cloudy, mostly cloudy and 
cloudy can be converted into a 0-2, 3-5, 6-8, 9-10, 
respectively [48], and in this study, into 1, 4, 7 and 10, 
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respectively. These values are converted to the cloud cover 
� values less than 8 through the cloud conversion model 
expressed as follows:

� = ���/��	 (25)

where, weather forecast value (WFV) is the value of sky 
condition forecast between 0 and 10, and CI is cloud cover 
conversion index. In this study, was set to 1.25.

Characteristics of the PV system model was determined 
based on the PV system of KIER, with the following 
settings: PV system capacity of 10kWp, installation angle 
of 30°, PV module efficiency of 15%, system efficiency 
(line loss and inverter) of 96%. The KIER PV system has 
been operating for about 10 years. The life efficiency was 
set to 90% with reference to the PV module warrantee. The 
CRM constants A, B, C and D of (19) and (20) are set to 
984, 76, 0.75 and 2.6, respectively [21]. Table 3 shows a 
design of the PPM.

Actual weather and temperature data are obtained in the 
intervals of every three hours. However, they need to be 
interpolated in order to compare with the measured PV 
output data of KIER that is collected in every minutes. This 
work uses Cubic Spline Interpolation with the interpolation 
interval of 30 minutes. In this work, collected data of KIER 
was calculated on a moving average of 30 minutes, and 

compared with the PPM and CRM results, where, CRM 
uses the equations (19) and (20).

To verify forecast model’s reliability, this work utilized 
Root Mean Square Error (RMSE), Mean Absolute Error 
(MAE), and Mean Bias Error (MBE), defined as follows:

����(%) = 100
�

�
	�

�

�
∑ (��

��� − ��
���)��

��� (26)

���(%) = 100
�

�
(
�

�
	∑ ���

��� − ��
�����

��� ) (27)

���(%) = 100
�

�
[
�

�
	∑ (��

��� − ��
����

��� )] (28)

where, ��
��� is the prediction data, ��

��� is the measured 
data and � is the rated output of the PV system.

3.2 Prediction result and analysis

As a result of correlation analysis based on the KIER's 
PV power generation, correlation coefficient of PPM of all 
days was determined as 0.90. This result was 0.07 higher 
than the correlation coefficient 0.83 of CRM. To analyze 
the prediction results on a clear day, this study selected the 
days with an average cloud cover of less than 3 between 
3:00 and 20:00. As a result, the correlation coefficient of 
the PPM demonstrated 0.98 which was 0.08 higher than 

Fig. 3. The correlation between measured and predicted outputs for all days and clear days on the PPM and the CRM 
(2014.10 – 2015.08)
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that of the CRM of 0.90. Fig. 3 shows the correlation 
between all days and clear days on the PPM and the CRM. 

Table 3. Design of photovoltaic output prediction model

Prediction
Design

Prediction Period 2014.10-2015.08

Prediction Interval 30 minute

Region

Location Daejeon (KIER)

Latitude 36.2°

Longitude 127.26°

Weather
Parameters

Regional Characteristic 
Parameters

Average monthly values 
for 10 years (atmospheric 

pressure, rainfall, etc.)
Weather

Conversion
Weather

Cloud Cover
Index

Clear 1

Partly 
Cloudy

4

Mostly 
Cloudy

7

Cloudy 
and Other

10

PV 
System

Rated Output 10kWp

Angle 30°
Module 

Efficiency
15.03%

System 
Efficiency

96%

Life Efficiency 90%

CRM 
Constants

A, B, C, D 984, 76, 0.75, 2.6

Table 4 shows the prediction errors for all days and clear 
days based on the PPM and the CRM. The PPM errors for 
RMSE and MAE are respectively improved by 23.43% and 
33.76% over the CRM errors for all days, as shown in 
Table 4. In the case of clear days, they are respectively 
improved by 53.36% and 62.90% over the CRM. Here, the 
CRM’s MBE for clear days is negative, which shows that 
the CRM has lower prediction values than measured values 
in the average. These verification results demonstrate that 
the PPM improved the PV output prediction compared to 
the conventional CRM. Here, the improvement rate can be 
expressed by (29).

��(%) = 100 ∙ (���� −����)/����   (29)

where, IR is improvement rate, ���� is error rate of 
prediction result using conventional CRM model and 
���� is error rate of prediction result using PPM.

Table 4. Prediction errors for all days and clear days based 
on the PPM and the CRM

Contents
PPM error CRM error Improvement rate

All 
days

Clear 
days

All 
days

Clear 
days

All 
days

Clear 
days

RMSE (%) 12.09 5.70 15.79 12.22 23.43 53.36

MAE (%) 7.85 3.48 11.85 9.38 33.76 62.90

MBE (%) 3.58 2.35 5.70 -2.20 - -

Fig. 4. Correlation between measured and PPM values for each season
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Table 5. Relationship between the PPM errors and the 
weather forecast error

Contents
PPM error Weather forecast error

All days Clear days All days Clear days

RMSE (%) 12.09 5.70 23.78 15.41
MAE (%) 7.85 3.48 13.19 5.15
MBE (%) 3.58 2.35 4.90 -0.37

Weather forecast has its own uncertainty. For this reason, 
prediction error can occur. As shown in Table 5, the 
weather forecast errors for all days in RMSE, MAE and 
MBE are 23.78%, 13.19% and 4.90%, respectively. 
Especially, weather forecast errors also exist in the clear 
days, and they are 15.41%, 5.15% and -0.37%, respectively. 
Here, weather forecast errors indicate the difference 
between the measured cloud cover values and calculated 
ones obtained from equation (25) in Section 3.1. The errors 
are calculated for PV system generation time (06:00 -
18:00). Because of the characteristics of PPM, which 
forecasts in every 3 hours based on the weather forecasting 
period, the short-term cloud variations are affecting the PV 
output prediction. The correlation coefficients and plots 
between measured PV outputs and PPM values for seasons 
are shown in Fig. 4. 

Spring and autumn had 0.92 and 0.90, respectively, 
showing relatively high correlation, while summer and 
winter had 0.89 and 0.84, respectively, showing relatively 
low correlation because they are influenced by the cloud 
variations. Analysis show that the hourly variation of the 
real cloud cover is 35.56%, 53.74%, 36.00% and 45.39% 
in Spring, Summer, Autumn and Winter, respectably. It 
shows relatively high variation rate in summer and winter 
especially and also shows similar pattern with the PPM 
correlation coefficients. Here, cloud cover variation is the 
mean absolute deviation of real cloud cover between time t 

and time t+1. This result shows the variation of the cloud 
cover affects the prediction of the PV output.

Fig. 5 shows the comparison between the seasonal 
correlation coefficient of measured PV outputs and PPM 
values and the hourly variation rate of the real cloud cover. 
In Fig. 5, variations of cloud cover in summer and winter 
are relatively higher than in the other seasons. In Korea, 
monsoon in summer makes frequent cloud variations and 
snow in winter also makes cloud variation even though the 
variation is relatively low. In winter, the correlation 
coefficient is low even though there are low cloud cover 
variation compared to summer. Because of the days PV 
panel was covered with snow (21% of the analysis day for 
winter), the correlation coefficient in winter is relatively 
low compared to summer.

To examine the daily pattern of a clear day and a cloudy 
day, the average cloud cover ranges (between 6:00 and 
18:00) between 0~2 and 3~10 were respectively selected. 
The result demonstrated that the correlation coefficient of 
the measured and the PPM values shows very high 

Fig. 5. Comparison of the correlation coefficients (between 
measured and PPM values) and the cloud variations 
for each season

Fig. 6. Comparison of the measured and prediction of PV system output pattern for clear days
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correlation of 0.99 and greater on clear days, while PV 
system output patterns were very similar. Moreover, RMSE 
and MBE also manifested as a result that is close to zero, 
showing very similar prediction result. On cloudy days, 
interpolation was carried out in every 30 minutes due to 
the nature of the cloud cover information that is collected 
every three hours. Thus, errors were resulted in the 
interpolation. Because only the information regarding 
cloud cover was utilized, transmittance depends on the 
cloud type was not factored in. Thus, errors were resulted 
when the same cloud cover was applied during a day. 
However, it was confirmed that the measured and prediction
values show similar patterns in the overall pattern. Fig. 6 
expresses comparison of the measured and the PPM pattern 
every 30 minutes in a clear day with the average daily 
cloud cover measured below 2. Moreover, Fig. 7 expresses 
a comparison of pattern in every 30 minutes after choosing 
a day with cloud cover fluctuation ranges between 3~10. 
These figures demonstrate that the overall PPM pattern is 
similar to the measured values.

4. Conclusion

In this paper, a PV system power output prediction 
model (PPM) is proposed to improve photovoltaic
generation system output prediction under limited forecasting
information. To predict solar irradiation, Meteorological 
radiation model (MRM) and the cloud cover radiation 
model (CRM) that have been used separately are combined 
to compensate the limitations of the both approaches 
considering the weather forecast and the historical 
meteorological information in the target region. There 
have been limitations in CRM and MRM in considering 
the seasonal meteorological characteristics, and the cloud 
effect, respectively. The proposed approach takes the 

advantage of the both methods. Then, PV system 
characteristics are considered to estimate the PV generation 
output. The proposed PPM performance is compared with 
the CRM based prediction method using the historical 
data obtained from a field test site. As a result, it was 
shown that the prediction ability is improved compared 
to the conventional approach. With the PPM, RMSE and 
MAE are improved by 23.43% and 33.76%, respectively, 
compared to CRM for all days; while in clear days, they 
are improved by 53.36% and 62.90%, respectively. 

In this study, a three hour-interval forecasting information
environment is considered to verify the proposed model. 
The effect of the quality of the forecasting interval can be 
explored as future work.
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