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ABSTRACT

LSTM (Long Short-Term Memory) algorithm which is a kind of recurrent neural network was
used to establish a model to predict the stress-strain curve of an material under uniaxial
compression. The model was established from the stress-strain data from uniaxial
compression tests of silica-gypsum specimens. After training the model, it can predict the
behavior of the material up to the failure state by using an early stage of stress-strain curve
whose stress is very low. Because the LSTM neural network predict a value by using the
previous state of data and proceed forward step by step, a higher error was found at the
prediction of higher stress state due to the accumulation of error. However, this model
generally predict the stress-strain curve with high accuracy. The accuracy of both LSTM and
tangential prediction models increased with increased length of input data, while a difference
in performance between them decreased as the amount of input data increased. LSTM model
showed relatively superior performance to the tangential prediction when only few input data
was given, which enhanced the necessity for application of the model.
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Fig. 1. Internal structure of LSTM block (Zaremba et al., 2014)
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Table 1. Mechanical properties of the materials used in this study (Byun, et al., 2018)

ucs Young’s modulus Density P-wave velocity S-wave velocity
(MPa) (GPa) (g/em’) (m/s) (m/s)
22.7 — 44.0 7.12 - 11.5 1.75 = 2.11 3,269 — 3,922 1,800 — 2,170
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Fig. 2. Preprocessed stress-strain data of the specimen containing 20% coarse grains
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Fig. 3. An example of the presentation of stress-strain curve using Burger model

A1 (13) 7} Fig. 4= 25-0] go|elAle] thall Burger H8 9] ¥H4: H|2512 4351 Alolt}, Fig. 4] (a)ol|A] ofehd 4.2 4]
Slof| ALg3t Hlolejo|H, S 418 221512 Bl AT Burger R P Q] HHE-S AR&5}o] T IAlo|ct glo|g] ] Ao}
2] 97101 Burger 23 AFE3E ll50] 4Jd5] ALA]S Holu, ofF A4 -3 #9lell ol €-d<t Fig. 49 (b)E Fall, Akt
of| ARE5IA] Qb2 RI91C] Sl A5 AR AR E - Ao PH S & 4= k. o] S Foll 2719] YRR

o
- il =
dlolefare Mgl Bl B HAekE She A9, G 24 2ol 2 2l S Hole 2 Shelstdrk

P

o = 0.000070 — 0.180038exp(— 72451.7¢) + 0.179969exp (3821.78¢) (13)
—— Burger model estimation —— Burger model estimation
20— Real curve 50 4 —— Real curve
40
715 3
a (=%
£ Z %
g 10 4
& & 20
05
10
00 0
0 100 200 300 400 500 €00 700 0 1000 2000 3000 4000 5000 €000
Strain (Micro) Strain (Micro)
(a) Initial part of stress-strain curve used for (b) Predicted stress-strain curve of the
Burger model optimization total range of experimental data

Fig. 4. One example of the prediction of stress-strain curve using Burger model with few initial data
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Fig. 5. Predictions of stress-strain curve of the specimens containing (a) 10% coarse grains, (b) 50% coarse grains, (c) 10%
medium grains, (d) 50% medium grains, (e) 10% fine grains, and (f) 50% fine grains. Stress range of the data used for
prediction is from 0 to 2.32 MPa
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Fig. 6. Predictions of stress-strain curve of the specimens containing (a) 10% coarse grains, (b) 50% coarse grains, (c) 10%
medium grains, (d) 50% medium grains, (e) 10% fine grains, and (f) 50% fine grains. Stress range of the data used for
prediction is from 0 to 4.72 MPa

TUNNEL & UNDERGROUND SPACE Vol. 28, No. 3, 2018



286 ° Hoon Byun and Jae-Joon Song

< 1A GARA E= 0 & dojrl g EC|7] whizefl o|n] @AE Wzttt o] kS U= A== ARESH| = AP S0
L1, 0] 5 791 ] A Aslo] A5 E| 2 0] W 1 85 el ) e T 3] 2
st} ApeleLo 2 wofick

HEo] AsS AR Teshy| ffall HIAE Alo] tigt o50] AL BrtAlE- 24 Root Mean Square Error,
RMSE)&} 2 Al5(coefficient of determination)= HEFH T, A78Al5= M1 dlSalat AS5akS 42 s Ao 2, y

35 4 — 30 i
Data for prediction Data for prediction
— Real curve —— Real curve
30 1 - 25 4 -
—— RNN prediction —— RNN prediction
5= Tangential prediction === Tangential prediction
- . 201
o L]
z 0 4
w w 1.5
215 - g
@A i
10
10 A
5 51
0 T T T T T T ] T T T T T
] 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000
Strain (Micro) Strain (Micro)
€) (b)
354 Data for prediction Data for prediction
— Real curve 30 1 — Real curve
30 1 —— RNN prediction —— RNN prediction
=== Tangential prediction 25 1 === Tangential prediction
25 1
g 'y
=201 £
@ 815
' o 4
g5 &
10 10 1
51 5
0 T T T T T T T 0 T T T T T
0 1000 2000 3000 4000 5000 €000 7000 o 1000 2000 3000 4000 5000
Strain (Micro) Strain (Micro)
(© (d)
40 1 Data for prediction Data for prediction
35 | — Realcurve ’ 20 { — Real curve
—— RNN prediction —— RNN prediction
3p { === Tangential prediction === Tangential prediction
g 51 7]
2 2
@ 20 @
= L 10 1
A 15 @A
10 5 |
54
0 T T T T T T T 0 T T T T
0 1000 2000 3000 4000 5000 6000 7000 0 1000 2000 3000 4000
Strain (Micro) Strain (Micro)
(e) (f)

Fig. 7. Predictions of stress-strain curve of the specimens containing (a) 10% coarse grains, (b) 50% coarse grains, (c) 10%
medium grains, (d) 50% medium grains, (e) 10% fine grains, and (f) 50% fine grains. Stress range of the data used for
prediction is from 0 to 7.12 MPa
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Fig. 8. Comparison between real and predicted strain data of the specimen containing 50% medium grains
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Table 2. Performance of the RNN model compared to tangential prediction, both of whose initial input data range is from 0 to 2.32 MPa

RNN prediction Tangential prediction
Specimen No. R? RMSE (Micro strain) R? RMSE (Micro strain)
1 0.9772 211.7 0.3764 1786
2 0.9925 122.6 0.5694 1229
3 0.9834 170.9 0.6241 1021
4 0.9679 231.6 0.9043 413.4
5 0.9722 179.8 0.6247 823.7
6 0.9916 132.8 0.5734 1246
7 0.9804 192.6 0.4809 1415
8 0.9960 90.01 0.7423 839.7
9 0.9902 1313 0.9714 226.8
10 0.9874 138.4 0.6035 992.9
11 0.9984 65.15 0.8387 706.0
12 0.9930 107.0 0.5398 1175
13 0.9672 257.6 0.8056 687.3
14 0.8564 487.1 0.8194 558.6
15 0.9797 127.8 0.5388 821.2
16 0.8960 536.6 0.6213 1230
17 0.9875 156.9 0.9569 296.0
Average 0.9716 196.5 0.6818 909.8
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Table 3. Performance of the RNN model compared to tangential prediction. both of whose initial input data range is from 0 to 4.72 MPa

RNN prediction Tangential prediction
Specimen No. R? RMSE (Micro strain) R? RMSE (Micro strain)
1 0.9852 157.7 0.9757 203.0
2 0.9937 105.4 0.9438 322.1
3 0.9754 194.3 0.9402 308.7
4 0.9809 166.1 0.8182 560.9
5 0.9817 133.5 0.8410 425.8
6 0.9982 57.41 0.9912 127.2
7 0.9874 142.5 0.9791 184.3
8 0.9889 141.3 0.9659 250.8
9 0.9798 178.1 0.7668 683.9
10 0.9915 105.7 0.9460 272.8
11 0.9996 30.72 0.9910 144.9
12 0.9977 55.77 0.8823 427.2
13 0.9683 238.0 0.9754 209.2
14 0.9140 341.6 0.9006 370.0
15 0.9662 150.8 0.8369 355.7
16 0.9195 431.1 0.9573 307.6
17 0.9936 104.9 0.9802 185.4
Average 0.9777 160.9 0.9230 314.1

Table 4. Performance of the RNN model compared to tangential prediction, both of whose initial input data range is from0to 7.12 MPa

RNN prediction Tangential prediction
Specimen No. R? RMSE (Micro strain) R? RMSE (Micro strain)
1 0.9933 97.58 0.9942 90.77
2 0.9967 70.85 0.9025 404.6
3 0.9785 168.8 0.9564 243.1
4 0.9804 158.1 0.9502 255.8
5 0.9756 142.9 0.9784 134.4
6 0.9992 36.17 0.9762 196.2
7 0.9940 91.16 0.9822 157.7
8 0.9898 126.8 0.9649 238.5
9 0.9779 174.9 0.8751 439.0
10 0.9887 113.5 0.9748 171.0
11 0.9997 23.76 0.9500 3283
12 0.9934 87.72 0.8255 493.9
13 0.9561 265.2 0.9315 335.6
14 0.9334 278.3 0.9557 2244
15 0.9546 158.6 0.8889 257.15
16 0.9523 300.9 0.9609 271.3
17 0.9881 133.9 0.9098 384.1
Average 0.9795 142.9 0.9398 272.1

TUNNEL & UNDERGROUND SPACE Vol. 28, No. 3, 2018



289

Prediction of the Stress-Strain Curve of Materials under Uniaxial Compression by Using LSTM Recurrent Neural Network

| -

e, A2 2 Hdo] A4

o O
==

S O] H]

& Aotk Fig. 99] 7}

J)
—_
A

§3e 27] dolele] Zol2 Hejw o] %

o}, whebA ool AL

o]
AN

&

(21.2%)°f= Ak

=
=

o]t

o] et oto]

&=

THFig. 9). W2tA o]

o=

o

3.

=-50lM o] AsE A=

f il

235

glofefRka Af

-HFE

=
=

olo

L. o]

2 o
AT AR 27

%

|

13 ol ] of

o] 7}

c
8 L
g .
c®B 1 1
s g ] ]
ce 1 |
5 ® I 1
vE I 1
Sg P
z2 i |
g P
1 1
1 1
L ] I ]
. 1 I
] 1
1 1
, $
. ]
s 1
/ i
i !
/ 1
/ 1
’ 1
e 1
’ 1
’ 1
’ i
/
S I
/ |
S 1
1
5 !
[ L]
r T
o o [=] o S <
= 2 3 g ]
=1
(wens 011p) ISWY
c
L =
b k]
1 =]
1 [
1 “ s &
[ =
L 32
H n e
! | =5
] 1 = c
[ Zc
1 1
1 1
] 1 (N ]
1 1
1 1
1 1
1 .,
1 b
1 Y
1 A
1 A
] .,
1 \,
1 \
1 .
| \
A Y
I 11
I
\
H N,
] N,
1 N\
1 “
[ ] »
=3 [Ta) (=3 w o v (=] 72}
@ o o © @ ©~n B~ o
-~ © © © o © o o

& 0.

¥ 18 20 2

14

10
Percentage of the actual data used for prediction (%)

v 18 20 2

14

10

8

Percentage of the actual data used for prediction (%)

(b) Variation in RMSE

(a) Variation in R?

Fig. 9. Performance of RNN and tangential prediction for different percentage of the input data used for prediction

J
Rl

=3\

2 Qe 45
571 9

=2

S EF

A=o] vl e

A5

=
T

o

a4

Fotufe, Qo] go]

o
i)

o 2 Aol ] 9

o 7Fs

| =
=

o

=
[}

forgsom Azel A

0]

]

T2l

sfel H]AT

o A 7o) eF 79, o]

1T =
OO

o]7

of, A B TS 4 Yol 7]

TUNNEL & UNDERGROUND SPACE Vol. 28, No. 3, 2018



290 ° Hoon Byun and Jae-Joon Song

ARt & o] SE-HIFE TAle 5 4 7] wizol,
785 B 258 slolM e HgES Aktsliorste Aol 482 &= Sl

o] Al AaLef 1ANE ST Alzell thol At a2l o, dibal o g Hebde Hols g2 Amso] 3-H3E 4
2 HsRt FEIE . o =2 oA ARgRE o] wiAF k] Aot ke BEfste vkt 28e T e ARl S E-HIE
S Bdstet] avAdS Bgle g, oA Aret ol 2R 24 e ARl 71Ee ASstaAt she ol ol =
Ol ARERE At 2 20| AETY HES S 2R AlmSo] HloE 2 Siga A7|H e Ex o] =l o5l
S Hedof 7= AA| Ao A 2 = AR R 5l SFAIRINE, ARFAQ A2 o] 71E ASshe shute] Rde
TS = = Aol o=el Aol 7Fedt olfis U Alm =z AR 7] 838-1FE Aol sid A= o] 8 &4do] Rig o]

S
2
T
I}

AL A}

O] i A7 e g HSA, SR, AFY S At o] Ao = AT St e} 7 P 2 A EALY O]
A4S ghof =3 M3D8A2085654).
REFERENCES

Arindam, D. and Prabir, B., 2012, Estimation of Burger model parameters using inverse formulation, International Journal of
Geotechnical Engineering, Vol. 6, No. 3, pp. 261-274.

Byun, H., Fereshtenejad, S. and Song, J., 2018, A study on the effect of grain content and size on mechanical properties of artificial
sedimentary rocks, Tunnel and Underground Space, Vol. 28, No. 2, pp. 156-169.

Gers, F., Schraudolph, N. and Schmidhuber, J., 2002, Learning precise timing with LSTM recurrent networks, Journal of Machine
Learning Research, Vol. 3, pp. 115-143.

Guan, Z., Jiang, Y., Tanabashi, Y. and Huang, H., 2008, A new rheological model and its application in mountain tunnelling,
Tunnelling and Underground Space Technology, Vol. 23, No. 3, pp. 292-299.

Hardy, H.R., 1967, Analysis of the inelastic deformation of geologic materials in terms of mechanical models, Spring Meeting,
Society for Experimental Stress Analysis, Ottawa, Canada.

Hudson, J.A. and Harrison, J.P., 1997, Engineering Rock Mechanics: an introduction to the principle, Pergamon, Elsevier Science,
Oxford 215p.

Karami, M. and Fahimifar, A., 2013, A new time-dependent constitutive model and its application in underground construction,
ISRM International Symposium on Rock Mechanic for Resources, Energy and Environment, Wroclaw, Poland, pp. 21-26.

Li, Y., Zhu, W, Fu, J., Guo, Y. and Qi, Y., 2014, A damage rheology model applied to analysis of splitting failure in underground
caverns of Jinping I hydropower station, International Journal of Rock Mechanics and Mining Sciences, Vol. 71, pp.
224-234,

Perez-Ortiz, J., Gers, F., Eck, D. and Schmidhuber. J., 2003, Kalman filters improve LSTM network performance in problems

TUNNEL & UNDERGROUND SPACE Vol. 28, No. 3, 2018



Prediction of the Stress-Strain Curve of Materials under Uniaxial Compression by Using LSTM Recurrent Neural Network « 291

unsolvable by traditional recurrent nets, Neural Networks, Vol. 16, No. 2, pp. 241-250.

Skrzypek, J.J., Ganczarski, A.W., 2015, Constitutive Equations for Isotropic and Anisotropic Linear Viscoelastic Materials,
Mechanics of Anisotropic Materials, Engineering Materials. Springer, Cham, pp 57-85.

Zaremba, W., Sutskever, . and Vinyals, O., 2014, Recurrent neural network regularization, arXiv preprint arXiv:1409.2329v5.

Zhao, D., Jia, L., Wang, M. and Wang, F., 2016, Displacement prediction of tunnels based on a generalised Kelvin constitutive
model and its application in a subsea tunnel, Tunnelling and Underground Space Technology, Vol. 54, pp. 29-36.

TUNNEL & UNDERGROUND SPACE Vol. 28, No. 3, 2018





