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Short-term PV power prediction by fusion of clustering and SCN

Han Ying Zhu Hongyu Li Kun

(Faculty of Electrical and Control Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: In order to reduce the influence of weather factors on the prediction accuracy of the output value of photovoltaic power
generation, it is proposed a prediction model incorporating the clustering algorithm ( KDGMM ), the improved variational modal
decomposition (VMD) and the stochastic configuration network (SCN), starting from both cluster analysis and signal decomposition.
Firstly, the meteorological data are classified into sunny, cloudy and rainy days by KDGMM clustering, and for the problem that it is
difficult to predict accurately on cloudy days, gray correlation analysis ( GRA) is used to select similar days, and secondly, the Lévy
northern goshawk optimization (LNGO) algorithm is introduced to optimize VMD to get the optimal parameters, so as to reduce the non-
smoothness of PV power on cloudy days. Finally, the SCN prediction model is constructed to predict the PV power data and output its
prediction results. Through experimental analysis, the root mean square error (RMSE) and the mean absolute percentage error (MAPE)
of the proposed method are only 1. 44 and 1.3%, and the R index for goodness of fit is as high as 0. 99. Compared with other prediction
methods, the proposed method has higher prediction accuracy.

Keywords : photovoltaic power prediction; integrated clustering; northern gohawk optimization algorithm; Lévy flight strategy; variational

modal decomposition; stochastic configuration network
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Table 1 Distribution of Pearson correlation cofficients

(1)
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Table 2 Silhouette coefficients corresponding to K values

RARATE K=2 K=3 K=4 K=5
K-means 0.52 0. 54 0. 46 0.48
K-medoids 0. 54 0. 64 0.41 0. 46
GMM 0. 41 0.62 0.21 0.37
KDGMM 0. 68 0.73 0.53 0. 62
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Table 3 DB index corresponding to K values

RAH L K=2 K=3 K=4 K=5
K-means 0.76 0. 68 1.11 0. 86
K-medoids 0.74 0.63 0.89 0.78
GMM 1.22 0.79 1.83 1.37
KDGMM 0. 65 0.61 0.87 0.71

F4 KEXMNA CHIEH

Table 4 CH index corresponding to K values
SRS K=2 K=3 K=4 K=5
K-means 781.41 801. 43 692. 61 745. 86
K-medoids 912. 35 1215.34 760. 11 844.03
GMM 779.78 1018.91 480. 31 692. 61
KDGMM 2 404.73 2793.42 2 506. 88 2 721.22
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Fig. 1 LNGO optimized the VMD parameters process
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Fig. 3 Photovoltaic power prediction process
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Table 5 Evaluation indexes corresponding

to prediction models

T AR A RMSE MAPE/ % R?
BP 14. 87 10.5 0.85
RBF 14.19 10.2 0. 86
ESN 11.94 9.9 0. 87

SCN 10. 51 8.4 0. 89

MNIEL 6 B LAY M5 Y, SCN AR fitg 35 0 i £& 5 564K
RHETPRIPR & i AT, T SCN AT E Rk
FERUE RV B R0 T 0 28 N 2% 258 5 B JRh 3B et B A
JE,JFH SCN Tl 2R B AL F BP Al RBF, &1,
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MAPE FPFET 1.5% , k& Ui ESN /9 FURS B 5 SCN
P £ AR, A1, SR FH B 1 ot 28 ) 46 A AU X6 S AR T 2R
HEATTN DR B AE AN R RS O R X SCN 5 ESN
X PR RS ARG — 2 4 HT

SR KDGMM 5 28 5 1 3k 4] 43 KA A, A+ [+H]
KA BRI SEAR & T R 50 A SCN 1l
FERI S 3 % e KDGMM-SCN 5 GMM-SCN |, K-means-



ERNR Fil SR S BEHILIC 5 19 4 ) S DL AR T R il - 211 -

R

Kl 4 KDGMM RIEFILRI 3 Y R TR
Fig. 4 Weather types divided by KDGMM clustering algorithm
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Table 6 Comparison of sunny weather evaluation indexes 4:% 60l
e}
T i RMSE MAPE/ % R? 50t
K-means-SCN 6.92 5.1 0.93 401
GMM-SCN 8. 11 7.5 0.91 30 b
K-medoids-SCN 5.41 4.4 0.96 X5 10 15 20 25 30 35 4o ds
KDGMM-ESN 3.24 2.4 0.98 B EI/(15 min)
KDGMM-SCN 1.89 1.4 0.99 B 7 IR

Fig.7 Sunny weather prediction results
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Fig. 8 Rainy weather prediction results
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Fig. 9  Cloudy weather prediction results

x7 MREMIERITEE
Table 7 Comparison of rainy

weather evaluation indexes

TR T3 25 (FR) RMSE MAPE/ % R?
K-means-SCN 10. 88 12.8 0. 87
GMM-SCN 10. 17 15.1 0.78
K-medoids-SCN 7.55 11.3 0.89
KDGMM-ESN 5.71 9.2 0.94
KDGMM-SCN 2.14 1.8 0.99

RS MPEXRIEEFEIRITLL

Table 8 Comparison of cloudy weather evaluation indexes

T T5 2% (F1R) RMSE MAPE/ % R?
K-means-SCN 11.98 15.4 0.78
GMM-SCN 9.91 12.7 0.85
K-medoids-SCN 8. 89 10.2 0. 88
KDGMM-ESN 6. 66 6.7 0.93
KDGMM-SCN 5.79 5.8 0.95
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MR 22N R BEEF 1, (AREIRMOLT B
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Fig. 10  Prediction results under different signal decomposition

*9 ARESHBRETHRNAIEHGIER
Table 9 Evaluation indexes of prediction under

different signal decomposition states

T 7 RMSE MAPE/ % R?
Tk a 5.82 5.8 0.95
Jrik b 5.13 5.1 0.96
ke 4.66 4.3 0.97
Ik d 3.56 3.8 0.98
Tk e 3.11 3.4 0.98

MF 9 AT LIE )i e (KDGMM-VMD-SCN ) F i i
BRI T HAt 4 FpFse 77 vk | 302 B ok FH VMD 43+ e
fiik EMD 73+ 5 8B IR & 1 (R A EEMD 43 7™ A= 1
Uiy 1 SO [, A5 RO RIS T B RSB AR B i A PRk
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Fig. 11 Overcast final prediction results of cloudy weather
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Table 10 The above predicted models run 20 times

for the best value of evaluation index

o 452 74 RMSE MAPE/ % R?
ViR 3.11 3.4 0.98
Fik2 6.75 7.3 0.92
Ik 3 6. 16 6.6 0.93
Jrik 4 4.83 4.7 0. 96

AT 1.44 1.3 0.99

F 11 _ERBMERIELT 20 RiFAIERNREE
Table 11 The above predicted models run 20 times

for the worst value of evaluation index

o) 453 7Y RMSE MAPE/ % R?
ikl 7.18 5.9 0.93
Tk 2 12.63 13.6 0.76
k3 8.92 10.5 0.88
Jrik 4 6.12 6.5 0.94

A 4.66 3.9 0.97

H12 10~ 13 FIHI, JCIB X L e R {E | fe 22 (H b J2
SR BR S AR SOITR A BN T A A A R 450 Ot
DRI v, B4 TN FEE i g, 12 PR R R T VD J3fige ml LA e
iz EMD Jp i S SO S TR B 1Y (RS AT EEMD 23 7 A (Y

it i 500 ) A, e Ah, LNGO-VMD FEfiR T VMD A T

FERSIAS AR H AN 72 74, AH%E T BP RBF 1 ESN JL

P FUIASEAY | SCN AR Y (127 ] s8R T &, T RCR S A
F 12 LABNERGELT 20 XiIFEERRESE
Table 12 The above predicted model run 20 times

for average value of evaluation index

T AR 7Y RMSE MAPE/ % R?
Jrik 1 4.29 4.5 0.97
k2 10. 89 13.3 0.79
T3 6.45 6.4 0.94
Tk 4 5.24 5.5 0.95

ARICTTI: 3.39 3.7 0.98

F 13 LAFNERELT 20 RIFEERRREE
Table 13 The above predicted models run 20 times

for standard deviation of evaluation index

T AR 7Y RMSE MAPE/ % R?
Tk 1 0.4325 0.004 3 0.011 6
ik 2 1.869 9 0.021 4 0.458 8
FE3 0.772 9 0.008 5 0.021 3
k4 0.679 5 0. 006 4 0.017 2

A 0.346 1 0.003 8 0.003 8
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Fig. 12 Predict result on August 28"
% 14 8 A 28 HMMIFfHIEsR
Table 14 Evaluation index on August 28"
T ALY RMSE MAPE/ % R?
EMD-LSTM 7.32 5.5 0.92
K-means-SVM 4. 64 4.12 0.95
KDGMM-SCN 2.36 1.9 0.99




-214 - LSRR R e o

937

80 .
—— SLBRE
% —o6—K-means—-SVM
60 F © EMD*L\STM
Y, AR

401

SR AW

g |I0 |I5 2‘0 23 3b 33 4b 4‘5
I IE]/(15 min)
Bl 13 9 21 HEmEs R
Fig. 13 Predict result on September 21"
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Table 15 Evaluation index on September 21*

DA 2 RMSE MAPE/ % R?
EMD-LSTM 9.25 10.7 0.87
K-means-SVM 8.15 11.6 0.89
KDGMM-SCN 2.59 2.3 0.99
100 ¢ ~
—— SPRE
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80 EMD-LSTM
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A TE)/(15 min)
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Fig. 14 Predict result on October 22"

# 16 10 A 22 BFNEEETR
Table 16 Evaluation index on October 22™

To AR Y RMSE MAPE/ % R?

EMD-LSTM 11.28 12.4 0. 81
K-means-SVM 10. 44 10. 1 0.85

ARICTTI: 1.44 1.3 0.99
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