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Fig. 1
CVMD-GRU-DenseNet model
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Fig. 4 Daily average load curve of a city in Hubei
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Tab. 2 Statistics of load forecasting error in four seasons
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CNN 2.19 44.10 3.69 94. 62 2.17 49.58 2.64 68.93
LSTM 2.10 43. 88 3.14 85.70 2.32 52.23 2.53 65.67
GRU 2.07 44.02 2.85 74.55 1. 90 36.75 2.34 59.05
DenseNet 1. 89 42. 45 2.74 71.59 2.08 48. 04 2.30 53.22
EMD-GRU-DenseNet 1.76 38.21 3. 44 95.91 1.67 38. 86 2.74 64.62
VMD-GRU-DenseNet 1. 49 31.79 2.42 66. 35 1.45 33. 81 1. 89 48.70
CVMD-GRU-DenseNet 1.17 25.87 2.11 55.87 1.12 25.28 1.43 35.83
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Fig.7 Comparison of load forecasting results with the single-forecasting models
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Fig. 8 Comparison of load forecasting results with the hybrid forecasting methods

TR A R IR 1 i 0T e g A fr T 7 9 . S B DU 2 1
o B30 1) 1) 3 UE 245 R 3R T, T B 4 A T AR A 1Y
M yape TIN5 22 HE B UL B — RS R BRI 0. 63 %0 ~
1.81%, k3t F EMD % 48 VMD 4y fift 1 41 &
FERI AR 0. 31 % ~1.33% , HLXFAR R 2952 fb i
LGN

b. A SC 5 ik 3k 4R 1R e 30 B A O 4R AN
AR AT G R S BR R ) 2R e e 3 far 00
R A B TR M E .

S Lk

(1] Vo, #% €L 8N, %, 3T MAC-WD-CNN-MC-
NN AR () 8 30 B far 00 [T ], UK HB fiE VR R 2
2021,39(9) :205-209.

(2] )b aKam i, 4 A, 25, BT 2 OFAT LSTM 73
A2 25 0 1 ) S8 40 b, g e R SR T i L. R I
AR ,2021,45(4) :1356-1364.

[3] HUANG G, LIU Z, LAURENS V, et al. Densely

Connected Convolutional Networks [ C]// IEEE

Computer society. IEEE computer society, 2016.

(4]

[5]

(6]

[7]

(8]

(9]

XA, FEE, Bk H, % BT EMD-SLSTM
MR W A R B [T, B RS S,
2019, 47(6) :40-47.
BT, 2R/ BRSO, ST Rl R A Ak 5
2 VMD-GRU %81 g S ()], o T g
B AR, 2022, 41(5).8-17.
RAMME, TR, MEREE, 5. BT VMD-PSO-Z
A BR 27 2 BIL I 30 7 faf OO () . B 00 R G B
A s fb24R . 2022, 34(5) . 18-25.
LIU W, POKHAREL P P, PRINCIPE J C. Cor-
rentropy: A Localized Similarity Measure[CJ// In-
ternational joint conference on neural networks.
IEEE, 2006.
WRET, BEE, T, %, BT Nuttall %4
AR AR L e ) 0 D R [T 0. K He RE TR B 2
2020, 38(6): 192-195.
LA ZIEW], £ S 25T EEMD-LSTM 1Y X 45}
fiE VB 2 300 60 o7 OO [ ). W7 VTR 3, 2020, 39 (4)
29-35.

(F#% 166 1)



+ 166 - AW OBE W OB 2023 4F

Analysis and Treatment of Pulse Interference of Upper Guide Swing of

Generator-Motor in a Certain Pumped Storage Station
LU Wei-fu', TANG Yong-jun', LIU Dian-xing”, XU Ya-peng'
(1. Pumped-storage Technological & Economic Research Institute, State Grid Xinyuan Company LTD. , Beijing 100761, China;
2. Beijing Shisanling Pumped Storage Power Plant, State Grid Xinyuan Company LTD. . Beijing 102200, China)

Abstract: The large pulses superimposed on the upper guide swing time-domain waveform measured by the eddy cur-
rent displacement sensor of a generator-motor in a certain pumped storage station which affects the accuracy of the post-
data processing. The data measured were analyzed in detail, and a three-dimensional finite element simulation model was
established for calculation and verification. It is concluded that the fixed mode of the magnetic pole lead of the generator-
motor on the upper end shaft is the main cause of large pulse. The temporary measures and completely improvement
measures to ensure the accuracy of data were proposed, which are he pulse data elimination method and the sensor re-
placement method, respectively. It can provide the reference for the accurate measurement of the upper guide swing of a
generator-motor with the same type of shaft-through mode.

Key words: eddy current displacement sensor; upper guide swing; three-dimensional finite element; pulse processing
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Fault Wave Location of 220 kV Transmission Line in Hydropower Station

WEN Zhong'*,LUO Su-xin',LIU Fei' ,GUO Jun-kang' ,ZHENG Lian-hua'
(1. College of Electrical Engineering and New Energy., China Three Gorges University, Yichang 443002, China;
2. Hubei Provincial Engineering Technology Research Center for Power Transmission Line,
China Three Gorges University, Yichang 443002, China)

Abstract: Aiming at the inability to accurately locate the fault of the transmission line in hydropower station, an im-
proved double-end location algorithm independent of wave velocity was derived from the actual propagation theory of trav-
eling waves. Using the unique advantages of variational mode decomposition (VMD) which can adaptively decompose
fault current traveling wave signals, and the Teager energy operator (TEQ) which can quickly track the energy change of
signals and has less computation, a traveling wave positioning model for 220 kV transmission lines based on VMD-TEO
was established. The model does not need to consider wave velocity correction and double terminal time synchronization.
The simulation results of PSCAD show that the maximum error percentage of the improved double-end fault location
model is 0.239% , which is superior to other location algorithms. The reliability and superiority of the proposed method
were verified.

Key words: hydropower station; fault location; dual-end method; wave speed correction; energy operator
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Short-term Power Load Forecasting Based on CYMD-GRU-DenseNet Hybrid Model

ZHANG Ke',LI Dan',SUN Guang-fan'?, TAN Ya'?,HE Shuai'*
(1. College of Electrical Engineering and New Energy. China Three Gorges University, Yichang 443002, China;
2. Hubei Provincial Collaborative Innovation Center for New Energy Microgrid, Yichang 443002, China)

Abstract: A CVMD-GRU-DenseNet model for short-term load forecasting based on a decomposition-prediction-re-
construction framework is proposed to aim at the nonlinear and multi-period characteristics of power load time series. In
the decomposition stage, the optimal decomposition number of VMD is determined according to the correlation entropy
between subsequences to improve the decomposition quality. In the prediction stage, the input features are selected ac-
cording to the characteristics of each sub-sequence. The GRU neural network and the DenseNet model are employed to
forecast the regular low-frequency and highly random high-frequency components, respectively. Finally, the prediction
results for each element are reconstructed into a load prediction curve. The short-term load forecasting results of four sea-
sons for a city in Hubei Province show that the proposed method can effectively improve forecasting accuracy and has
strong generalization ability.

Key words: short-term load forecasting; variational modal decomposition; conrrentropy; gated recurrent units;

densely connected convolution networks





