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Abstract
Machine learning serves as an effective means for shale gas production forecasting at the current
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stage. However, accurate predictions are often challenging in newly developed areas with limited
data. To address this issue, an additional weights Long Short-Term Memory (LSTM) neural network
prediction approach is proposed. Initially, a standard LSTM prediction model is established using a
training dataset comprising geological parameters, engineering parameters, and production pa-
rameters from the HS shale gas well area, obtaining a production prediction fitting formula. Subse-
quently, a machine learning approach is employed for cross-analysis to determine the impact
weights of influencing factors on test production. These weights are then introduced into the initial
LSTM model as additional weights to optimize the prediction matrix and enhance production fore-
casting. The results indicate that the LSTM model with additional weights yields predictions that
closely align with real values, yielding reliable optimization results and providing an effective solu-
tion to machine-learning analysis and optimization in data-scarce well blocks.
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Table 1. Comprehensive data table

F 1 GERER

g S S
LI 5 (%) 2.49~5.70
FLBRE (%) 4.60~24.11
i %
PR et 20 (%) 51.82~76.63
HREmMIN) 3.47~5.50
- I+ [IZ845 8K (m) 1241.00~1713.00
T ERBLK (M) 49.80~62.58
i L HERE (m3/m) 14.41~17.89
TFE%
P JnRb a8 B (m3/t) 2.58~4.08
it T J1(MPa) 89.71~101.35
FH VAR (m3t) 23.75~40.10
WA B 7= B (%104 m3/d) 4.30~21.82
- » A =1t A (h) 0.00~24.00
e £ JE(MPa) 1.00~49.00
¥ (MPa) 0.00~7.85
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Figure 1. Loss curve of model training
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Figure 2. Distribution of LSTM model weights illustrated by violin plot
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Table 2. Test yield prediction results of the best model
7= 2. SEREI 2T

R B0
4 BEHLAR SCRE AL
TRIIE HIYHME “#5%f GERE TIME HIYHE # % GHRE
(104 m3) (104 m3) R (%) (10* m3) (104 m3) W2 (%)
YH4-3 15.71 17.85 2.14 13.91 17.85 3.94
20.59 36.75
YH4-4 15.79 21.82 6.03 11.18 21.82 10.64
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Figure 3. Distribution of weights
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Table 3. Additional weight table
< 3. M ER
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S (R
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FLBREE 0.011 0.172
e 14 e -0.006 0.234
TRE -0.013 0.016
I+ I 5E K -0.014 0.001
P EREBK -0.018 -0.159
Jite T HE = -0.027 -0.053
LS -0.034 -0.026
e LR 0.022 -0.017
R 0.006 0.022
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Figure 4. Predicted production for well YH4-3
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Figure 5. Predicted production for well YH4-4
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Figure 6. One-month average production of well YH4-3 under different delivery pressures
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Figure 7. Average production and pressure variation of well YH4-3 under different ratios of
production time to shut-in time
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Table 4. Optimization results of engineering parameters for the reference well
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