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Abstract: In order to solve the problem of new energy power prediction modeling and low precision
caused by the randomness, volatility and intermittence of wind power generation and photovoltaic power
generation, based on the excellent performance of variational auto-encoder ( VAE) deep learning model
in the aspect of time series modeling and nonlinear approximation feature extraction, the VAE model was
used to carry out the short-term power prediction research of new energy power station. The prediction re-
sult of VAE was compared with the prediction results of the recurrent neural network (RNN) and long
short-term memory (LSTM) deep learning methods and the support vector regression (SVR) machine
learning method. The independent power prediction results of photovoltaic power plants and wind farms
show that the deep learning model has better prediction performance than the baseline machine learning
model, and the VAE-based prediction method can learn higher-level features and its prediction perform-
ance is better. The RMSE , MAE and R’ values of photovoltaic power prediction model are 1.593,1.098
and 0. 973 respectively. The wind-solar integrated power prediction results show that the VAE and RNN

models can improve the accuracy of power prediction, and R values of integrated power prediction model
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are 0.96 and 0. 91 respectively.

Key words: integrated power prediction,deep learning , variational auto-encoder ( VAE) ,recurrent neu-

ral network ( RNN)
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Fig. 1 Basic schematic illustration of a variational

auto-encoder ( VAE)
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Kulback-Leibler (KL) divergence
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Fig. 3 Flow chart of deep learning power prediction
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Fig.5 Power and irradiance of photovoltaic power station
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Tab. 2 Prediction performance indexes of different models
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ConvLSTM 2.747  3.321  1.822  0.600 0.901
DRNN 1.282  2.664 1.632  0.490 0.970
VAR 1.098  2.537  1.593  0.466 0.973

L7 A5 A TR TR0 B () B BT, ] AT A
B AL (1% SR A T AR 1 — B0 . Conv-
STM TN 25 55 5 100 2t 7y ) R 500 194 4 G 1 A ) 3¢
55, B—J5m, 3T DRNN AYBRA VAE #5080 ) 7
Iy 23 55 0 1t Ty 2 WA K

50

T HR/MW

0Ly ! I ! ! !
0 10 20 30 40 50
SLRRTIZR/MW
(a) SVM
50
40
30l % oOOé)% o
= 0© o &8
= Q o o
M o201 ° ° o  ©F
R ®
=
=S
! ! ! I I
0 10 20 30 40 50

LRI HR/MW
(b) ConcLSTM

B F/MW

1 1 1
0 10 20 30 40 50

LRI FIMW
(c) DRNN
50 P
00 %
o5 g
40 o 970

30 |

T PR /MW
OO
s Oo

10} o
0L
| | | | | |
0 10 20 30 40 50
SLFRTFIMW
(d) VAE

B 7 AEEEE SR T2 TR 2 a0 8 s E
Fig. 7 Scatter graphs of PV power prediction and

measurements of different models

K7 e 2 iy a5 SRR, {115 T DRNN Y
BERUH VAE J7 ik T W ge . =22 i s
FEHH | SRR ARAT (0 TRODORG B m] LAk SR 22
PIZIE R ) A, VAE BRI DG W i O I 5
), X M BN o 2 Bds T R B . SR,
A AR Y 38 2 (5 FH N 25 9 7 SR VR M i AT 8«
cee o, ) R AR B x DA B O SRR AT U 25, V1T 5
JEF DRNN [RBL RSk 2 ) M A 24 . 4
TV ZR AR 15000 5 St . RO VAE #5801
Te B AT N 25, ] DL AIE 5 36T DRNN
F14) WA S TR > P T



%6 1]

THIRE G5 T TR L 27 T R 057 RE 0 P 3ty — A e e 38 2y 3 ) - 143 -

NRMSE 1] Lt Ak 70 2y 58 550808 B[] ) 9] 1) ol
OV BUERR , R TN R Rk [R] 8 A rL sk
() 4 Fheg 2 BERL Ty A5 1) NRMSE,, 5 ConvL.STM
FI SVM B DL K 3 T DRNN OB AUAH 1L, VAE #5
RURE A M S0 T AR A T3, b4, VAE 7Y
FEFH AR ELAT AN [R]SF [) 23 238 %) g 38 5080 v i) et AR
JELRAPERRIE Ty R A AL

100

80 -
60 -
40 -
20+

OCOHVLSTM DRRN

NRMSE/%

8 AEFAEEEH NRMSE
Fig. 8 NRMSE of models by different methods

3.1.3  ZPHERT A

KE A0 2 A5 B RT3 2445 BOBIR R 4R
IBATROCHEE, FETOURAL s T BAETAL 4 By
BRI R th AT 2 AL R R T A BE T, X EF
WHEFES & =[x, , 2y, -1, ), TR L WAL FIZ
A PERTEO A 5K «,,x, o B o PEASGAR L
195,10, 15 25 GAR Dy S8 550408 45 A 5000 45 5 fn & 3
JiR

®3 ZHRATMAHEIEER

Tab. 3 Validation metrics for multistep-step-ahead

forecasts
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