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ABSTRACT

Recently, since responding to meteorological changes depending on increasing greenhouse
gas and electricity demand, the importance prediction of photovoltaic power (PV) is rapidly
increasing. In particular, the prediction of PV power generation may help to determine a
reasonable price of electricity, and solve the problem addressed such as a system stability
and electricity production balance. However, since the dynamic changes of meteorological
values such as solar radiation, cloudiness, and temperature, and seasonal changes, the accurate
long-term PV power prediction is significantly challenging. Therefore, in this paper, we
propose PV power prediction model based on deep learning that can be improved the PV
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We evaluate the performances using the proposed model compared to seasonal ARIMA

(S-ARIMA) model, which is one of the typical time series methods, and ANN model, which
is one hidden layer. As the experiment results using real-world dataset, the proposed model

shows the best performance. It means that the proposed model shows positive impact on

power prediction performance by learning to use meteorological and seasonal information.
improving the PV power forecast performance.
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(Table 1) Overview of Previous Research Related to PV Power Prediction

Features considered Analysis methods References

ARIMA Fernandez-Jimenez et al.[9], Pedro and Coimbral24]
SVM da Silva Fonseca et al[5], Shi et al.[25]

Short-term prediction
ANN Lee[19], Izgi et al.[11], Sulaiman et al.[26]
DNN Wang et al.[28], Ashraf and Chandra[1]
ARMAX, ARIMA Li et al[20], Li et al.[21]
MAR Li et al.[20]

Long-term prediction
ANN Ding et al.[7], Chen et al.[4]
DNN Kou et al.[16]
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(Table 2) Input and Output Features and Description for Long-Term PV Power

Prediction

Category Variables Description
Temperature(e) e, is temperature at the i—th hour
Humidity (k) h; is humidity at the i-th hour

Input |Meteorological data| Cloudiness(c)

is cloudiness at the i-th hour

Ke)

values | (z;, i=1,...,n) | Radiation(r)

<

. 1s radiation at the i-th hour

Month of year(u)

is month of year at the i-th hour

S

i

Day of month(g)

g; is day of month at the i-th hour

Output

Predicted PV power(y)

y, is predicted PV power at the i-th hour

PV power

value Actual PV power(y)

y, 1s actual PV power at the i-th hour
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(Figure 1) Proposed Framework for Long-Term PV Power Prediction
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(Table 3) Obtained Input and Output Values for Learning Proposed Models

(August 11, 2015)

Hour Temperature | Humidity | Cloudiness | Radiation | Month of | Day of Actual PV

() (%) Index (W/m?) year (=) |month ()| Power (Kw)
06 234 93 1 0 M D 0
07 24.3 90 1 93.1 M D 2
08 26 & 1 249.7 M D 5
09 215 8 1 346.1 M D 6
10 29.7 638 1 408.9 M D 9
11 30.8 65 1 4471 M D 11
12 336 52 2 6777 M D 18
13 33 55 3 656.5 M D 20
14 331 53 3 663.9 M D 18
15 314 55 4 592.5 M D 17
16 32.1 53 3 4235 M D 11
17 309 62 3 3234 M D 8
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