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Mix variational mode decomposition long short-term memory for
predicting of reservoir surface displacement and deformation
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Abstract; In order to improve the prediction accuracy of the displacement and deformation of reservoir, the displacement and deformation of
non-linear and non-stationary reservoir was predicted by changing the decomposition method of VMD ( variational mode decomposition) and
integrating VMD and long short-term memory. A MVMDLSTM ( mixed variational mode decomposition long short-term memory) model prediction
method was proposed. The reliability of the new method was verified with multi-source datasets for different single prediction models and combined
models. The experimental results show that the MVMDLSTM model can effectively attenuate the bias of the single prediction model and the empirical
mode decomposition combination model estimation, and the prediction accuracy of the MVMDLSTM model is better, which provides an effective
data decision-making for the stable monitoring of the prediction and warning of the reservoir's slow sliding and creeping and other small
deformations.
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Tab.2 Prediction accuracy of different single model
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134
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Tab.4 Evaluation indicators of different combination models
A mm

VMDRNN VMDANN MVMDLSTM

sl il dER

RMSE  0.48 0.61 0.35
N
MAE  0.38 0.52 0.28
RMSE 0.4 0.49 0.25
W1A E
MAE  0.36 0.35 0.21
RMSE  1.42 1.65 0.63
U
MAE 1.21 1.41 0.51
RMSE  0.71 0.85 0.35
N
MAE  0.55 0.50 0.27
RMSE  0.77 0.65 0.57
A3 26G E
MAE  0.63 0.52 0.44
RMSE  1.35 1.27 0.47
U
MAE 1.07 1.00 0.37
RMSE  0.57 0.56 0.45
N
MAE  0.48 0.42 0.32
RMSE  0.45 0.44 0.23
o, 13A E
MAE  0.36 0.35 0.20
RMSE  1.29 1.82 0.73
U
MAE 1.01 1.55 0. 60

25 TR ,MVMDLSTM A AR AR 2 1] 1Y
RMSE #il MAE {41 F VMDRNN 5 VMDANN
HARR, F W] VMD 23 A B AR T A F A2k
Ak 7 A ) T X R G A S A —
" , MVMDLSTM 8 3% $2 F+ 1 /K F¢ {5 B 1 0 K5
JE R T 2R A A 2R P AR iy T S
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Tab.5 Evaluation indicators of combination model

considering LSTM
Hfy :mm

uh s J71A] EMDISTM EEMDLSTM ISTM MVMDLSTM

RMSE 1.36 1.33  0.53 0.35
N
MAE  1.10 1.09 0.41 0.28
i RMSE  2.46 1.85 0.50 0.25
E
1A MAE 2.13 1.59  0.35 0.21
RMSE  2.99 2.67 1.57 0.63
U
MAE  2.14 1.91 1.24 0.51
RMSE  1.43 1.38  0.75 0.35
N
MAE  1.18 1.16 0.65 0.27
B RMSE  2.39 1.99 0.66 0.57
E
266G MAE  2.00 1.66 0.53 0.4
RMSE  3.25 3.04  1.45  0.47
U
MAE 2.64 2.53  1.10  0.37
RMSE 1.42 1.39  0.59 0.45
N
MAE  1.22 1.20 0.45 0.32
1, RMSE 2.6l 2.06 0.41 0.23
E
13A MAE  2.41 1.92  0.33  0.20
RMSE  2.91 1.92 1.37  0.73
U

MAE

[\

.35 1.98 1.09 0.60
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Tab.6 Precision index evaluation improvement degree

%

LA DA N(@) ECQ) Q)
1A 33.9 50.0 59.8

RMSE  FI#26G  55.3 13.6 67.6
0 13A 23.7 43.9 46.7

il 1A 31.7 40.0 58.9

MAE @3 26G  58.5 16.9 66.4
Iy 13A 28.9 39.4 44.9
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