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[Abstract]

Deep learning analyzes data to discover a series of rules and anticipates the future, helping us in various
ways in our lives. For example, prediction of stock prices and agricultural prices. In this research, the
results of solar photovoltaic power generation accompanied by weather are analyzed through deep learning
in situations where the importance of solar energy use increases, and the amount of power generation is
predicted. In this research, we propose a model using LSTM(Long Short Term Memory network) that stand
out in time series data prediction. And we compare LSTM’s performance with CNN(Convolutional Neural
Network), which is used to analyze various dimensions of data, including images, and CNN-LSTM, which
combines the two models. The performance of the three models was compared by calculating the MSE,
RMSE, R-Squared with the actual value of the solar photovoltaic power generation performance and the
predicted value. As a result, it was found that the performance of the LSTM model was the best. Therefor,

this research proposes predicting solar photovoltaic power generation using LSTM.
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II. Preliminaries
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1.2 CNN (Convolutional Neural Network)

CNNE 1% 29f 7ol ¥ AT AR JIE
(Convolution layer), 23 AZ(Pooling layer)x} £
A7 715 121 52 AFoR PAEo| OIDH81 e
55 59 dolEig detn WY A5

colefer BefE At B

Input

Convolution layer Pooling layer Fully connected layer
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III. Prediction of Solar Photovoltaic
Power Generation Using LSTM

2 ATE AR olul ALgel FRiol Flehe
NI 7ol T e W 5] Sl Al
A% clolE AEelH $242 Uehn Qe LSTME AF
83 2L A,

1. Research architecture

A= HYY UHFS d5oh7] Yol AR A
A el e 4 dolele Al w0
S wolop A71S YN EPRRIS AFgoP]

g2l 71202 K] e G Wi By W
o 242 nafsiol JVAIN ATt FU 1Y BE

AFRE W Agstc
oA Sl U A eoleist 214 Hole) A%

2]2 xIs¥3t S0 LSTM, CNN, CNN-LSTM 21
A3 RS e B71ele] 1ol The elord

Ql ot

r
n_|_u

ol

01(‘;', 0
o

u
I
F&“

2. Process
2.1 Data preprocessing
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Fig. 3. Data preprocessing
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generation data graph
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3. Summary of a LSTM model
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Fig. 6. Summary of a LSTM model

IV. Experiment
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Fig. 7. Summary of a CNN model
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Fig. 8. Summary of a CNN-LSTM model

2. Comparing validation
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3. Comparing train loss

Comparison of actual values and predicted values
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V. Conclusions
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