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Fig.1 Monitoring data of pumped storage unit
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Fig.2 Vibration data in Y-direction of lower bracket
32 BuUMAEBRRESES
K LB AT R RS B A (2008 48 7 H
31 H~2009 4E 12 A 25 H ) (i W 050 9 # 2 s ofe
fat R AR, LG 25 R UL IRl 3, /&l 3 W],
GPR HEBUDL 5 45 58 22 B0/ o 1 B 2485 78 ) DA B
A EE A R 2 MLALE T S80S T LR PR
HZEMHNTERR,
3.3 REVBRMEEIEMR
PEHL 2010 4E 1 H 2 H~20114 12 A 15 H
MLLH R 32 47 B M 45 0 L 3 5 =X (2) AR A% F AL 4E
f@ R TEfE HPL P30 25 R 0L 4, m & 4 vT50,
BLSE 9 i B Mk e 52t U 3 XA 4, B Ry Tt
A, 2 I i B g B ) ) 4 % AR 72 7 AL
3.4 MR M REE T TN
BT CNN-LSTM Fil i 45 784 75 3 HL 21 ™ AL 28
fEREE R S WK 5, WM E 5 ", BT T i

2009-11-27  2009-12-25



541 B 8

BN A T B — ST I L P 2 ) 2 1 ik K RS RE AL 4 G B R A T

—_ e = N
00 O N Bk 0O
— T T T T

SNRYSEIREY 1 m

1500 2000 2500 3000 3500I

0 500 1000

EAME
(@) BT BT RO S

o
=]
1

1 - -
g 6l o BE
2107 SEnas

8 10 12 14 16 18 20
BEE/ pm
(b) BEFSHIIZQI3NEEROBXIE
E3 EFsHdEOAMGERREMEXE
Fig.3 Fitting results of GPR and fitting correlation of GPR
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Fig. 5 Predicted results of CNN-LSTM model
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Fig. 6 Predicted results of ELM model, CNN model
and LSTM model
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Study on Deformation Prediction of Old Landslides

Based on PFDGM (1,1)-AR Model
REN Wen-hui

( China Railway Construction Investment Group Co. , Ltd. , Beijing 100855, China)

Abstract: In order to effectively grasp the reactivation mechanism and deformation law of the old landslide, this paper
takes the bedding old landslide in a metamorphic rock area as the engineering background and combines the deformation
monitoring results to carry out the existing deformation law analysis and deformation prediction research. The result of
the case analysis shows that the deformation characteristics of the resurrection body of the old landslide are significant,
especially the deformation in the middle of the resurrection body. Through the deformation prediction. it is concluded that
the cumulative deformation of the resurrection body will still increase, and its stability will tend to weaken. Among
them, the deformation in the middle position has no trend of convergence, that is. the increase rate will also tend to in-
crease, and its stability will weaken more, so it is very important to carry out its prevention and control.
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A Health Performance Tendency Prediction Model of Pumped Storage Unit

Based on Convolution Neural Network-long Short-term Memory Neural Network
SHAN Ya-hui' , WANG Hao', WU Gen-ping',LIU Jie’
(1. Wuhan Second Ship Design and Research Institute, Wuhan 430064, China;

2. School of Civil and Hydraulic Engineering, Huazhong University of Science and Technology, Wuhan 430074, China)

Abstract: To accurately obtain the health performance level of a pumped storage unit (PSU) . a health performance
tendency prediction method based on convolution neural network-long short-term memory neural network (CNN-LSTM)
is proposed. Firstly. a unit health state model based on Gaussian process regression was constructed to effectively charac-
terize the operating characteristics of the PSU. Then, an index that can quantify the health performance of the PSU was
proposed. Finally, by integrating the good local feature extraction ability of the CNN and the advantage of the LSTM in
time series prediction, a prediction model based on CNN-LSTM was proposed. The experiments were conducted using
monitoring data from a pumped storage station in China. The results show that the proposed method can betterly predict
the future evolution of the PSU’s health performance.

Key words: pumped storage unit; tendency prediction; health performance index; convolutional neural network; long

and short memory neural network





