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Fig.1 Prediction model based on EEMD and GABP
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Fig.2 EEMD Decomposition result

error, RMSE) 3344 %f 5 43 bt 1% 22 ( mean absolute
percentage error, MAPE ) {E Jy fiif fe 45 4% >, 34511
PR T 25 S 2%
3.3 HiiERy4bEE

H T 00 Bt AR B B B 1S min 2 5% —
WL ARAE K . SR T N BP 4 T AR, T fiE
g ER , TR iR RO R R AR ECR e A
FEEA BP 28 2% 1 i A JZ , R ] mapminmax p§
BOHATIH— 1AL 3L

G HE RO, 4563 1 RAEEH
SPSS A AHICAE 2B (3 A H -5 B et A AH )
5545 RV R B A28 1 vT i B T A AR A AN K, ) A
SEM AL/, BT LATE S0 i), B R 2 &R T 7% 0
HoAth PR 2R (e Al B AR AT P 23R 3 A X
) VR M AR &

4 HEISH

41 BEXREFEELRE

DA PG i b DX 114 ST o v D) 71 i 50 40 Sk 7 454
PEIZREAIE DL 15 min — A JSOREE A 808, K
96 M A5, HoRAE 15 d, 1145 1 440 4, HH gy
1356 4> fU AR 2R84, 5 96 > s AR I ik
PG

XF bR B #E 4T EEMD 43 i, B SCHER[ 21 ] ]
A, r=100 i}, a 7E[0.1,0.3 ] h B £ERE 65 UG5



96 & AH) ALK

F1 RKEE
Table 1 Weather data

R fowifh G PR MXNRE BEWE
/d - EE/C E/C BE/C (CEH)/%  /mm

1 25.6 16.5 19.9 70 0.3
2 16.5 12.4 13.9 82 3.6
3 17.9 12.8 15.1 92 6
4 16.7 10 13.4 79 8.4
5 18 11.6 14 48 0
6 19.2 12.4 15.2 55 0
7 16.8 13.4 14.7 76 0.7
8 19.6 11.9 14.9 81 3.2
9 22.7 15.4 18.2 64 0
10 23.1 16.2 19.4 66 0
11 20.1 15.3 17.1 60 0
12 16.6 11 13.1 52 0
13 16.6 8.2 12.3 38 0
14 18.9 9.5 13.7 45 0
15 19 13.1 15.5 60 0

UFB oA R o DRSO S 64 1 e R e 5 A
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#E4F SVM, BP | ARIMA , EEMD-GABP J5 i #£ 47 T
I, S5 R ik 2, BN EEE LB Ak 3 B o

F2 4FMEENREBIEILE
Table 2 Data error comparison of four methods

i EMAE CRMSE CMAPE
SVM 17.05 19.14  0.311
ARIMA 6.03 6.86 0.121
EMD-BP 4.28 5.15 0.084

EEMD-GABP 1.56 0.92 0.011
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Fig.3 Comparison of forecast data
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Short-term load forecasting in a certain area based on EEMD-GABP
GUO Weilin', JIANG Xiaoyan', LUO Yi', HAN Qin'
(Agricultural and Animal Husbandry College of Tibet, Nyingchi 860000, China)

Abstract ; Power system load is a nonlinear, non-stationary time series of load with typical periodicity and randomness. In order
to reduce the nonlinearity of the load sequence and improve the prediction accuracy, a lumped empirical mode decomposition
method (EEMD) and a modified artificial neural network ( GABP) shori-term load forecasting method are proposed. Using
EEMD to decompose the load sequence into several stationary components of different frequencies, highlighting the local
characteristics of the original load data, solving the classification fuzzy problem in EMD decomposition, and using GABP
network to predict, solving the problem that BP is easy to fall into the local optimal solution. The appropriate parameters are
used to construct different EEMD-GABP prediction models for each component, and the meteorological factors are introduced to
predict each component separately, and the final predicted value is obtained after reconstruction. The example shows that the
accuracy prediction high stability of load based on EMD-GABP prediction model is higher than that of traditional models such as
ARIMA model and SVM model.

Keywords : short-term load forecasting; meteorological factor; ensemble empirical mode decomposition; genetic algorithm;

back propagation
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A novel unified power quality conditioner for the fault ride-through

operation of photovoltaic power station
TENG Xinyuan', GE Xuefeng®, ZHANG Chenyu’, CHEN Wenjia’, SHI Mingming”, WANG Bolun®
(1. School of Electrical and Information Engineering, Changsha University of Science and Technology , Changsha
410015, China;2. State Grid Jiangsu Electric Power Co.,Ltd. Research Institute,Nanjing 211103, China)
Abstract : A novel unified power quality conditioner (UPQC) and its control strategy for the fault ride-through operation of
photovoltaic (PV) power station is present in this paper. The output voltage of PV station can be controlled to its rated value
with the novel compensator under high grid voltage condition. The compensator could also compensate the grid harmonic voltage
under various operation conditions, which can minimize the response time of phase-locked-loops embedded in the control loop
of grid-tied PV inverter. The compensator helps the PV station output reactive power for enhancing the low voltage ride through
performance. Moreover it absorbs reactive power from the grid in high voltage condition to support the grid voltage recovery,
which could comprehensively improve the fault ride-through operation of photovoltaic power station. Furthermore, the
performance of proposed compensator system with a 100 MW grid-tied PV station has been verified by Matlab/Simulink.
Keywords : unified power quality conditioner; photovoltaic station; fault ride-through; reactive power compensation ; harmonic

voltage compensation
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