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Short- and long-term rock constitutive model and gray sandstone deformation
prediction based on deep learning method

ZHANG Jin!, LI Shu-heng!, ZHU Qi-zhi!, SHI Ling-ling!, SHAO Jian-fu'?

(1. College of Civil Engineering and Transportation, Hohai University, Nanjing, Jiangsu 210024, China; 2. University of Lille, Lille, France)

Abstract: The short and long-term mechanical properties and deformation characteristics of rocks significantly impact the
engineering project’s long-term stability and safety. Traditional constitutive models struggle to uniformly describe the short- and
long-term mechanical properties of various rock materials. In contrast, deep learning methods can predict these properties without
additional elastic or plastic parameters and constitutive laws. The long short-term memory (LSTM) deep learning algorithm is
well-suited for time series data tasks and excels in predicting the short- and long-term mechanical properties of rocks. This study
utilized the LSTM algorithm to construct sequence data based on the triaxial compression loading path and stress relaxation over time.
A prediction model for the mechanical properties of gray sandstone under conventional triaxial compression and stress relaxation was
established. Comparison with experimental data validates the accuracy of the deep learning-based short- and long-term rock
mechanical prediction model. To enhance the model’s engineering application value, the LSTM constitutive model was embedded
into the finite element (FEM) framework for numerical implementation and applied to gray sandstone simulation. The comparison
results show that the LSTM-FEM method better predicts the short- and long-term deformation characteristics of rocks.
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He  Fs REEMER BEE WMETBUA NERRIRR
- 1 LSTM 1 100 200
F14

2 LSTM-+Dropout 1 100 200
3 LSTM+Dropout 1 20 200
4 LSTM+Dropout 1 40 200
5 LSTM+Dropout 1 60 200
2
6 LSTM+Dropout 1 80 200
7 LSTM+Dropout 1 100 200
8 LSTM+Dropout 1 120 200
9 LSTM-+Dropout 1 100 200
FEIH 10 LSTM+Dropout 2 100 200
11 LSTM+Dropout 3 100 200




296 ®# oo+ % 2025 4
fHiFiI3 4 FH 11 Fl LSTM BEBSRE ACRD 4 oorse -
JIRS I 2R, SR ) 42 2% e B MSE i :jgim
BEUIZREe Rl Zean 8] 9~11 B, WA e AR , oooror 55;
LER I S. 2 L
. |||||h: n :
0.0005 H, iht fa
0.000 50 - g i
0.00045 [ e LSTM #%Y '
0.000 40 — LSTM-Dropout }7! A TCATREN
0.000 35 0 20 40 60 80 100 120 140 160 180 200
& 0.000 30 WIERRE IR
% e B 11 KESERIRR LSTM BRIy
0.000 15 RERAL IR
0.000 10 Fig.11 Model test set mean square error evolution curves
0.000 05

I ZREE IR/

B9 KEPEDJIFAGL LSTM # A5 LSTM+Dropout %!
MRRE T REBE MR
Fig.9 Mean square error evolution curves of gray
sandstone stress relaxation LSTM model and
LSTM+Dropout model test set

0.012 - e Wg:inﬁ:zo i

0010 b~ ;ié%ﬁ:‘ggi
LY i s N
E 0.006 L — & cH=120 ’I‘

0.004

0.002 [

N
0 20 40 60 80 100 120 140 160 180 200
IEREE DK

B 10 ZKEDE N AR R TCHU LSTM BRI R4
BTTRE A £
Fig.10 Evolution curves of mean square error of LSTM
model test set for stress relaxation of gray sandstone with
different numbers of neurons

of gray sandstone stress relaxation with different numbers
of LSTM layers

T I FEATL AR R R T S R R A S
JEHL, BT LA E AN Dropout JZ. FEZECN 1 )2
P TN 100 AT LSTM F R 454y s ik %,
TR RMSE 24 0.000 656, 3& & HF 78 KD 2 N FH
sthAREVE o D R A AR BRI R 2,
LA I B 50 5 S0 g S 28 50 AT R I 45
RMSE. MAE. R’%1J24 0.000 743, 0.000 725,
0.995 700, ] 12 BRI b5 75 il R 9 20 MPa.
WIUEIRN. 719 128 MPa B () LA s Tl 45 5. 5
PLASE T T b, ATRUREL, BTSSR S
BRI, WP LSTM BAYAT DL Sz e Ak b
FIRIRL R R

MG LIEAS T LLE W, ANFEYIE WS
(IR R B AR St AR A A AL, FATth i 72
FES N IAWB: OPuERA T B . BREEIEA
Pt s, SRR B, X AN FRRFSE 30 min /2
Hi o @UGEAN BN B o S TE REBY BAT R SE T R

RS IRWYEDL IR RS TP HiER 5 I SR RIS L
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