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In response to the limitations of traditional decline curve models in characterizing complex
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production dynamics, as well as the strong dependence of conventional machine learning methods
on sample size and insufficient ability to extrapolate in the medium to long term, this paper con-
structs an ATT-TCN-LSTM shale gas production prediction model that integrates temporal convolu-
tional networks (TCN), long short-term memory networks (LSTM), and attention mechanisms.
Firstly, the abnormal production caused by production regimes such as nozzle adjustment and gas
lift is corrected, and the dataset is expanded using small sample micro disturbance method; Subse-
quently, random forest and principal component analysis (PCA) are combined to identify and re-
duce the dimensionality of geological and engineering control parameters; On this basis, the model
was trained using the AdamW optimizer and cosine annealing learning rate, and the prediction per-
formance is evaluated using MSE, MAE, and MAPE. The results show that ATT-TCN-LSTM can better
characterize the production variations of shale gas wells throughout the entire production cycle,
and is superior to the basic LSTM and TCN-LSTM models in terms of fitting accuracy and medium-
to long-term prediction ability. The main controlling factor analysis and time series prediction
methods developed in this study can provide reference for the dynamic production allocation and
fracturing parameter optimization of single shale gas wells.
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Figure 1. TCN-LSTM-ATT network structure
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Figure 2. Feature importance ranking
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Figure 4. PCA principal component variance contribution rate and cumulative contribution rate
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Figure 5. The loading matrix of the first four principal components
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Table 2. Prediction effect
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ATT-TCN-LSTM 0.623 2.708 6.55 0.088 0.0181 2.09
TCN-LSTM 0.683 2.737 6.95 0.148 0.0405 3.41
LSTM 0.726 2.84 7.59 0.093 0.0209 2.23
6. &t

AL LT HLIX. Z X FLEAH - o SR 2 T S T T 5, 7E5 R 46 A 7= i A T R R (B AR
A BE RN A IE AR UHEAG AL B Bt b, 2R RAE E T A RR LESEMNES LR, X
FABEHLARAR S 5 85 0 W1 5 T P e L 3% R 2R Sl SRR AE R 4k, JFAEE ATT-TCN-LSTM 7= Il 452
A, @I 5 LSTM. TCN-LSTM 2 (¥ T30 45 kA7 % b, 20 b AS (RS 28 %o} T S A 72 B s I 3R AIE g
FEA LT IAR:

1) TUASF R E SRS KR TRESHEL AN, AFESH e AR R ES .
BEALARMRAFIE B HE P45 R, SRR E M S i, N 18.24%, WP Inkb o i A <
(B L 5 EL A 12.20%. 11.43%A01 9.30%, 72 520t 7 X DUA S Re ) 32 EER 3 Mt %, TOC.
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86.99%, REWELREE RSP IS B F R Ea oAk — 20 R, AR 3 B 43 B R AE 2 i
TR 6 2 PR g B I B RS LA R, o PC1 577881 Pearson AHX REUAE] 0.820.
KT 4 A F o BARE MG S 4 S BUE NSRRI, R TURE BRI R EE 1A [m] 3 )5 L
TR R 0T 77 BB [ 2 B R T
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