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Abstract

Traditional neural networks have low processing efficiency for multi-variable power generation
process data and are easy to overfit. In view of this, a photovoltaic power prediction method based
on Temporal Convolutional Network (TCN) and linear residual connections is proposed. TCN is
constructed to extract the dynamic relationship between multiple time points in parallel through
causal convolution and dilation convolution techniques, so as to maintain high computational effi-
ciency while extracting nonlinear temporal correlation. The introduction of linear residual con-
nections constructs an information path between the input and output of the network, effectively
avoiding overfitting. The performance of the proposed method is verified by the data collected from
a photovoltaic power station. The mean square error, root mean square error, and mean absolute
error of the prediction results of the proposed model are 22.63, 4.79, and 2.47, respectively, out-
performing traditional methods.
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Figure 1. Schematic diagram of causal convolutional structure
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Figure 2. Schematic diagram of dilated convolutional network structure
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Figure 3. Schematic diagram of the temporal convolutional network structure with linear residual connection
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std (V)
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YRS AKX TRAESHONAKIR, BRI h(K — 168k H TERIZ, RRL16H
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Figure 4. Flow chart of the proposed photovoltaic power prediction algorithm
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A, UL AHT30,000 M ERVE NN ZRAE, HARMEUE 94

SR AT, T EE BE F PR R AR R 2 PR AL B TN M RE . A SR AIMSE. 07 R 22
(Mean Root Squared Error, MSE, RMSE) LA & “F- 344 %} i 2= (Mean Absolute Error, MAE)ENTEN FE#5
MSETH5 A XA X (13) i, RMSERTHEAX:

RMSE =+MSE (14)
MAER 577 0N
14 -
MAE ==-3 [ Youn = (15)
t=1

WeAN, U A TR O R AR R, JEEL T R ROGAR DI EE TR, EFEBPIZE . LSTM %S
TR JILSTMM 4% (Att-LSTM){E Xt HE .

FIH IR 25 LRC-TCNAEAY , 38 id 57 28 SLIGE X 45 AL S B0 db AT I 8, BRI RN
0.001, TCNEEZHCN3IE . RIF R T e s B 5 H At FH T 28 T A5 2 48 U4 PR 2
Bro MAERLIPASZIGAE R AT, BTk H A LRC-TCNBLAY (g TR 2 ey, XA T BT o ik LA 4%
o A RIS %

Table 1. Power prediction performance comparison between the proposed LRC-TCN
method and common power prediction methods

1. FrRHLRC-TCNF A S E R TR TN 5 AR ThER UM 14 BEXTEL

TR MSE RMSE MAE
LRC-TCN 22.63 476 2.47
BP 82.43 9.07 433
LSTM 112.59 10.61 459
Att-LSTM 49.90 7.06 3.16

N PR SRRV, SCRRFTIRHI7E BPIVE. LSTMUT i AR At-LSTM 5 E I i A
BB g Ry ) R AR (5. €6, 7R s . TR, LRC-TCNJ ka4 I3 7Ok &
RN AR, HPNE R B 58 & 20 EM I Bahass, HAERA R IR K PRIE S
B 7 BUF B L, AT RS BRI DAY & 52 AL, BPELRAIAL-LSTMA AL X 1)
R PRV AL T FE AN AER, 6 TR R UG R T &5 SR 2 O R el /0N, 35K 58 A 3 7 M 28 R AR 4
FHAOCREAE I PR BEAN, 79 R LSTMBE Y R B 25 SR A, L AXAS A 912 2 ek 1) b i Jol 391
PEB AL, B LFX B VAR R 2 T AR BL A TIN5 2R, XA el T LSTMAX S T I [a] 248 P2 F) AL
(EFFARAR G SR R AR S B S DR R R . AU, & —/MEREERREI G,
P TR DI R BUie & PR Z A EA L, (HAENRE LI T BE %R, Mt s
RE A EPTRS FE v, W2 AL B iR T Hof =AM 5%, 1X 2 T LRC-TCNAEAE I TCN Y [H]
SN T 2otk =g, BEMEM T dlEaI .
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Figure 5. Power prediction results of the LRC-TCN model
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Figure 6. Power prediction results of the BP model
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Figure 7. Power prediction results of the LSTM model
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