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Prediction of Slope Failure Arc Using Multilayer Perceptron
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Abstract

Multilayer perceptron neural network was trained to determine the factor of safety and slip surface of the slope. Slope
geometry is a simple slope based on Korean design standards, and the case of dry and existing groundwater levels
are both considered, and the properties of the soil composing the slope are considered to be sandy soil including fine
particles. When curating the data required for model training, slope stability analysis was performed in 42,000 cases
using the limit equilibrium method. Steady-state seepage analysis of groundwater was also performed, and the results
generated were applied to slope stability analysis. Results show that the multilayer perceptron model can predict the
factor of safety and failure arc with high performance when the slope’s physical properties data are input. A method

for quantitative validation of the model performance is presented.
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Fig. 1. Distribution of input parameters used to generate slope stability analysis data to be used for trainin*g the MLP model: (a) slope
height (H), (b) cotangent of slope angle (8), (c) groundwater height normalized to slope height (4, ) (d) dry unit weight of soil
(v4), () friction angle of soil (4), and (f) cohesion of sail (¢)



Table 1. Range and distribution of input parameters used in seepage and slope stability analysis

H (m) B () 7o (KN/m°) c (kN/m’) ¢ () Hw (=)
Min 10 1 13.00 2 30 —1
Max 20 2 22.35 22 40 1
Mean 15 1.5 17.64 12.03 34.96 0.286
St. dev. 3.42 0.369 2.67 5.75 2.87 0.613
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Table 2. Input parameters, factor of safety, and error of data corresponding to a~f in Fig. 6

H (m) p )| ve(kN/M) | c (kN/m) 4 () Hy ) FSge0 FSue Error

a 12 1 13.06 2.61 30.34 1 0.823 0.718 0.105

b 18 1 20.85 4.75 37.94 -1 1.074 1196 0.122

c 12 1 13.03 13.77 30.29 -1 1.525 1.405 0.120

d 20 2 2214 2.04 38.93 0 2.102 1.958 0.144

e 16 2 16.55 8.75 39.70 0 2.528 2457 0.07

f 10 2 13.33 20.10 36.34 —1 3.243 3.176 0.067
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e 12 2 14.75 19.87 33.24 -1 2.523 2572 0.049
f 10 2 13.33 20.10 36.34 =1 3.067 3.072 0.005
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4 9l ZHe 7k Yol Al 8, 16, 870 Balck 1]
wfet A EE % 2700 b Th) Ys F R ure
FARS 7= gloEE AZEH e R Atk ¢
o1 oA xin, X, RO] 7FE 52 Q= ZHS 24, 48, 247
= g2 272700 A 93] 95 % P e o
LS 7L HolEE TEEE o HUshA BA5)
w TIujo] FSg, = 1.909014 1.8530=2 FS;y, 2] o)
7} 0.001 2 Zhasich o AWslA 243 c2] SLOPE/W
3|4 A2k} Arc model oS 1] Y37} B FARSHZI
Z2& g 4 9lrkFig. 11).

Fig. 11. SLOPE/W analysis result and MLP predicted failure arc
of ¢ data in Fig. 9

o

43 =XetSelel=28 X382 s / SE=

HO
ik}
>
©
fol

43 B U QIRte| BIYE EA

SR T W RS Sasiel 92 9l
Aol 29 Qo] ot 7|o|E HHe 5 e Yeung,
2010; Lin et al,, 2022). o]&= 49 QA7F e & =
9 Qtoll A AitE]o] &8 QIX7L H7|71A| 9] 7FSA1E
H|usko] 3)A] mdox 7k 919 QA &9 At
off dupt ok A=A Blasks Wit ghol =
55 2 7% E 7= A AL & 4= Qe 2 4
Toll A ARbet= MLPREof| A Q1E QI=}e] 7]oftmo]
sl dobr] flaf =9 wE A4S skt
e A4 BE dY 49 §sL FAlof o]Fof
A|aL 9t 240l 2t 1 QIARe] A Helof thshA
sE o 229 e EHo 2 7FEstH(looss and
Lemaitre, 2015).

22 M7e BAo] i o 2= OAT(One Factor
at a Time) %4, Sobol B, Morris B S0] 72 o
2 o]gtiDaniel, 1973; Sobol, 1990; Morris, 1991).
2 Aol A= At Hlgo] AA == Morris RS 0]



&3to] MLPEHA 6714 A= AR} H, B, ya, ¢, ¢,
Hy* 7} &9 QARI FS, Xin, Xous, RO V)&= QS &
319iTk. Moris HHE-L WU ES Seajato] 4] (5)9F 2
o] WA e i) skl e e Qldh Wake
2 1A 4 QRS 7)o EE(elementary effect)2
7Kl ol ), x} (v + A9 W97k U kel A
A Gelol shelr) upe] = Aol sk 4|
GNS E3 ZF Y QAR EE2] ()T EAKo)S
T % ok = & BEQS - 3 A Ueh)jol, 2
AL F VSIS 1 002 YHsiot

,X,) = [ (X%, 0, X, X,)
A

(n=6, 1<i<n) (5)

EE. = f(xl:xza"'sx,‘

ZIE ) (r=40) (©6)

0.25

0.20

0.15

0.10 |-

0.05 |- e J

Standard deviation of EE;, o;

000 L 1 L 1 s 1 L 1 s
0.0 0.1 0.2 0.3 04 0.5

Mean of EE;, ;
(@)

0.25

0.20
0.15
0.10

0.05

Standard deviation of EE; g;

000 | | 1 |
0.0 0.1 0.2 0.3 04 0.5

Mean of EE, y;
(c)

Z(EE —u) (r=40) )

1%
e e

FS modelof A ¢
, HlEH 7]&7], nhE,
o= A7HeHEl A|514:9] o, Abelizol, T9lE
2 UePdthFig. 10(a)). ©] $A= 7|20 Ei%l
b gapate] AEAL W o] ApEergalAolA AL
of whalol] A FFE vA QAxpEo] HE, up
27y, wlg 7]97] Solebs Puke Avkeri(Shang
et al.,, 2021; Hamm et al., 20006).

Ape] o) QEof digh MzkE B4 ATk Aol
o] QoS FH5h= Al 7HA QAR Xy Xous RE N5
Sh= MLPREOA 19 QIAE9] WIgE=E Al 74 =
2 Qlatol o3l 2} 5=k dchFig. 100b) ~ 10(d)). 2}
2 QApER 9JE QAEe) wgkE &9l Aol7t o)
gk FEAOR Aol S e Abiolzt
7V e 2910 Atk o2 AL Heke 2

N

],

S
b rﬁo Mo 2L

et

0.05

Standard deviation of EE;, o;

000 1 1 1 1
0.0 0.1 0.2 0.3 04 0.5

Mean of EE,, u;
(b)

0.25

0.20 |-
0.15 |-
0.10 |- ]

0.05 -

Standard deviation of EE;, o;

000 1 | 1 |
0.0 0.1 0.2 0.3 04 0.5

Mean of EE,, ;
(d)

Fig. 12. Mean and standard deviation of sensitivity of each input parameter predicting (a) factor of safety (FS), (b) xi, (c) Xow, and (d)

R by MLP model



HE gkol7] migo] Apde] Fms
Uehie e w1E s Aesolol] 7bg 2 9

2 W RoR WU B3 2AY F xuol 71
S ol grel Wele wEE s)2vleE 9L W)

3
o iZoll Bl 71871 xSkt & P v
2 Aoz HItKFig. 10(c)).

Fig. 102] mean sensitivity - standard deviation L2} 3
oA BloEl 7} y=xith 9o ZAjslE 1 lelelai
Qe nAYHel PAS = Ao M
2= 9]CH(Tian, 2013; Kong et al., 2015). & AJLoA] &
3t Arc modelof] tisf AFH =o]E ARt 2 QA

P"Eﬂ"]x}xlﬁﬂl“dﬂ Al a1, AbdEolet

2t UAF ZH AA; xow ] H

o, a@z. 23} whzto] Rt |4l

%74]_ 7}z] 7o 2 Yepygth SEEP/WE o]
o4 A3S SLOPE/We 285+

AL S o) WSS UGt A
Apolz ek Asteele] ol

(Hy*)7F 29 AAET v 4] AS Hol= &
A= AT A dlo]E o A

sl % 42000749 Elolel M—a}ﬁu}. ol 414
off AHEE APES S| FO= A G Apdoln)
A A e A9

& Hlo]HE o]0
0s v @LE_% A ZWHFS model)S Faf APAS] ¢t
ALe d&stes THAIF o SLOPE/WS] A3t
(FSGeo)t 220 T AINFSwup)E v AT}
AAA G 09962 1S Ot Ao T obA Qe
A5 = U Bk

(2) SLOPE/WE Fall ek &2 HloJelE o]8dto] ot
= HAEE A4 Arc model)S E3l APHS] 713

o

50 E=XBtSsE=EE M38H MeE / SE==2& M9s /

HYLE o Ssles TUAZ 9] 458 53}
© Foe A= 7B #13) Arc modelo] o
=3 QAGE A QPAR(FS)y )3 SLOPE/Wo A
=&% Yt H o] QRIS FSG, )& Morgenstern-
Price ®H O 2 ALkoto] wush= WS AAISHL

o
r
L
2y
E:
i’
_ﬂ
:10
SL
_E., rO
ot
r
%
u
o
64
=
30 Mo

e Aeld F oUW F o 28 Walvt Wek
(3) Morris WIZHE B4.2 B3] Apegs) el Ao <)

g Qlzte] 28 Qo] et slolwg Bajskeict

AP O] oFA8-L A A oj&Fl= 7

el HFBH= ¢, 7k AHOE 2 TlomE 7

AaL AFES] 5 AT E AS5h=

o ol sidshe A prH iz s

2 7 gow L}E}%} 3 of ] e QIx}

@ e

o Rt
3 gelo] Was Aow ek
ZALe| 2

2 oL A h(Nos. 2020R1A2C1014815,
NRF-2021R1A5A1032433)1} SHEE A FEFAF EX|F
SATHO) A Yoz oAtH] RS ol 23 Ao
2 i FAE 4 HAE =YL

223 (References)

1. Azmoon, B., Biniyaz, A., Liu, Z., and Sun, Y. (2021), Image-
Data-Driven Slope Stability Analysis for Preventing Landslides
Using Deep Learning, IEEE Access, 9, 150623-150636.

2. Bronnimann, C. S. (2011), Effect of groundwater on landslide



18.

19.

20.

triggering (No. THESIS), EPFL.

. Bui, X. N., Nguyen, H., Choi, Y., Nguyen-Thoi, T., Zhou, J., and

Dou, J. (2020), Prediction of Slope Failure in Open-pit Mines Using
a Novel Hybrid Artificial Intelligence Model based on Decision Tree
and Evolution Algorithm, Scientific reports, Vol.10, No.1, pp.1-17.

. Biinz, S., Mienert, J., Bryn, P., and Berg, K. (2005), Fluid Flow

Impact on Slope Failure from 3D Seismic Data: A Case Study in
the Storegga Slide, Basin Research, Vol.17, No.l1, pp.109-122.

. Cai, F., Ugai, K., Wakai, A., and Li, Q. (1998), Effects of Horizontal

Drains on Slope Stability under Rainfall by Three-dimensional Finite
Element Analysis, Computers and Geotechnics, Vol.23, No.4, pp.
255-275.

. Cai, F. and Ugai, K. (2004), Numerical Analysis of Rainfall Effects

on Slope Stability, International Journal of Geomechanics, Vol.4,
No.2, pp.69-78.

. Cho, S. E. (2019), Probabilistic Failure-time Analysis of Soil Slope

under Rainfall Infiltration by Numerical Analysis, Journal of the
Korean Geotechnical Society, Vol.35, No.12, pp.45-58.

. Daniel, C. (1973), One-at-a-time plans, Journal of the American

statistical association, Vol.68, No.342, pp.353-360.

. Dawson, E. M., Roth, W. H., and Drescher, A. (1999), Slope

Stability Analysis by Strength Reduction, Geotechnique, Vol.49,
No.6, pp.835-840.

. Duong, T. T., Do, D. M., and Yasuhara, K. (2019), Assessing the

Effects of Rainfall Intensity and Hydraulic Conductivity on Riverbank
Stability, Water, 11(4), p.741.

. Erzin, Y. and Cetin, T. (2013), The Prediction of the Critical Factor

of Safety of Homogeneous Finite Slopes Using Neural Networks
and Multiple Regressions, Computers & Geosciences, 51, pp.305-313.

. Ghorbanzadeh, O., Meena, S. R., Blaschke, T., and Aryal, J. (2019),

UAV-based Slope Failure Detection Using Deep-learning Convolutional
Neural Networks, Remote Sensing, Vol.11, No.17, p.2046.

. Hamm, N. A., Hall, J. W., and Anderson, M. G. (2006), Variance-

based Sensitivity Analysis of the Probability of Hydrologically
Induced Slope Instability, Computers & geosciences, Vol.32, No.6,
pp-803-817.

. Hoang, N. D. and Pham, A. D. (2016), Hybrid Artificial Intelligence

Approach based on Metaheuristic and Machine Learning for Slope
Stability Assessment: A Multinational Data Analysis, Expert Systems
with Applications, 46, pp.60-68.

. Tooss, B. and Lemaitre, P. (2015), A review on global sensitivity

analysis methods, In Uncertainty management in simulation-optimization
of complex systems (pp. 101-122), Springer, Boston, MA.

. Janbu, N. (1973), Slope stability computations, Publication of: Wiley

(John) and Sons, Incorporated.

. Jung, Y. H., Kim, T., and Cho, W. (2014), Gmax of Reclaimed

Ground on the Western Coast of Korea Using Various Field and
Laboratory Measurements, Marine Georesources & Geotechnology,
Vol.32, No.4, pp.351-367.

Kim, K. Y. and Cho, S. E. (2006), A Study on the Probabilistic
Stability Analysis of Slopes, Journal of the Korean Geotechnical
Society, Vol.22, No.11, pp.101-111.

Kim, Y. M. (2004), Slope Stability Analysis Considering Seepage
Conditions by FEM Using Strength Reduction Technique, Journal
of the Korean geotehnical society, (20), pp.97-102.

Kong, D. S., Chang, Y. S., and Huh, J. H. (2015), Selecting of
the Energy Performance Diagnosis Items through the Sensitivity

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Analysis of Existing Buildings, Korean Journal of Air-Conditioning
and Refrigeration Engineering, Vol.27, No.7, pp.354-361.

Lin, S., Zheng, H., Han, B., Li, Y., Han, C., and Li, W. (2022),
Comparative Performance of Eight Ensemble Learning Approaches
for the Development of Models of Slope Stability Prediction, Acta
Geotechnica, pp.1-26.

Linnainmaa, S. (1970), The representation of the cumulative rounding
error of an algorithm as a Taylor expansion of the local rounding
errors (Doctoral dissertation, Master’s Thesis (in Finnish), Univ.
Helsinki).

Lu, L., Wang, Z. J., Song, M. L., and Arai, K. (2015), Stability
Analysis of Slopes with Ground Water during Earthquakes, Engineering
Geology, 193, pp.288-296.

Matsui, T. and San, K. C. (1992), Finite Element Slope Stability
Analysis by Shear Strength Reduction Technique, Soils and foundations,
Vol.32, No.l, pp.59-70.

Maxwell, A. E., Sharma, M., Kite, J. S., Donaldson, K. A., Thompson,
J. A, Bell, M. L., and Maynard, S. M. (2020), Slope Failure
Prediction Using Random Forest Machine Learning and LiDAR
in an Eroded Folded Mountain Belt, Remote Sensing, Vol.12, No.3,
p.486.

Ministry of Land, Infrastructure and Transport (2020), Korea Design
Standard 11 70 05.

Morgenstern, N. U. and Price, V. E. (1965), The Analysis of the
Stability of General Slip Surfaces, Geotechnique, Vol.15, No.l,
pp-79-93.

Morris, M. D. (1991), Factorial Sampling Plans for Preliminary
Computational Experiments, Technometrics, Vol.33, No.2, pp.161-174.
Ng, C. W. W. and Shi, Q. (1998), A Numerical Investigation of
the Stability of Unsaturated Soil Slopes Subjected to Transient
Seepage, Computers and geotechnics, Vol.22, No.l, pp.1-28.
NGII (National Geographic Information Institute) (2008), The Geography
of Korea, The Ministry of Land, Transport and Maritime affairs.
National Geographic Information Institute (=E ] 2] X, 2008,
A A-FEH-, FEHFE FEAYYEY).

Oh, S., Mun, J. H,, Kim, T. K., and Kim, Y. K. (2008), A Case
Study of Rainfall-induced Slope Failures on the Effect of Unsaturated
Soil Characteristics, KSCE Journal of Civil and Environmental
Engineering Research, Vol.28, No.3C, pp.167-178.

Park, C. S. and Ahn, S. J. (2019), An Analytical Study on the
Slope Safety Factor Considering Various Conditions, Journal of
the Korean Geotechnical Society, Vol.35, No.5, pp.31-41.

Park, K. H., Jung, Y. H., and Chung, C. K. (2017), Evolution of
Stiffness Anisotropy during Creep of Engineered Silty Sand in
South Korea, KSCE Journal of Civil Engineering, Vol.21, No.6,
pp-2168-2176.

Qi, C. and Tang, X. (2018), Slope Stability Prediction Using
Integrated Metaheuristic and Machine Learning Approaches: A
Comparative Study, Computers & Industrial Engineering, 118,
pp.112-122.

Rukhaiyar, S., Alam, M. N., and Samadhiya, N. K. (2018), A
PSO-ANN Hybrid Model for Predicting Factor of Safety of Slope,
International Journal of Geotechnical Engineering, Vol.12, No.6,
pp.556-566.

Rumelhart, D. E., Hinton, G. E., and Williams, R. J. (1986), Learning
Representations by Back-propagating Errors, Nature, Vol.323, No.
6088, pp.533-536.



37.

38.

39.

40.

41.

42.

43.

44,

52

Sakellariou, M. G. and Ferentinou, M. D. (2005), A Study of Slope
Stability Prediction Using Neural Networks, Geotechnical & Geological
Engineering, Vol.23, No.4, pp.419-445.

Shang, L., Nguyen, H., Bui, X. N., Vu, T. H., Costache, R., and
Hanh, L. T. M. (2021), Toward State-of-the-art Techniques in
Predicting and Controlling Slope Stability in Open-pit Mines based
on Limit Equilibrium Analysis, Radial Basis Function Neural Network,
and Brainstorm Optimization, Acta Geotechnica, pp.1-20.
Singh, T. N., Gulati, A., Dontha, L., and Bhardwaj, V. (2008),
Evaluating Cut Slope Failure by Numerical Analysis—a Case Dtudy,
Natural hazards, Vol.47, No.2, pp.263-279.

Sobol, 1. Y. M. (1990), On Sensitivity Estimation for Nonlinear
Mathematical Models, Matematicheskoe modelirovanie, Vol.2, No.1,
pp.112-118.

Song, Y. S. (2006), A Case Study on the Reinforcement of Stabilizing
Piles against Slope Failures in a Cut Slope, The Journal of Engineering
Geology, Vol.16, No.2, pp.189-199.

Swiss Standard SN 670 010b, Characteristic Coefficients of soils,
Association of Swiss Road and Traffic Engineers.

Tian, W. (2013), A Review of Sensitivity Analysis Methods in
Building Energy Analysis, Renewable and sustainable energy reviews,
20, pp.411-419.

Ullo, S. L., Mohan, A., Sebastianelli, A., Ahamed, S. E., Kumar,
B., Dwivedi, R., and Sinha, G. R. (2021), A New Mask R-CNN-
based Method for Improved Landslide Detection, /EEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing,

45.

46.

27.

48.

49.

50.

14, pp.3799-3810.

van Genuchten, M. T. (1980), A Closed-form Equation for Predicting
the Hydraulic Conductivity of Unsaturated Soils, Soil science society
of America journal, Vol.44, No.5, pp.892-898.

Wang, L., Hwang, J. H., Luo, Z., Juang, C. H., and Xiao, J.
(2013), Probabilistic Back Analysis of Slope Failure-a Case Study
in Taiwan, Computers and Geotechnics, 51, pp.12-23.

Wei, Z. L., Li, Q., Sun, H. Y., and Shang, Y. Q. (2019), Estimating
the Rainfall Threshold of a Deep-seated Landslide by Integrating
Models for Predicting the Groundwater Level and Stability Analysis
of the Slope, Engineering Geology, 253, pp.14-26.

Yeung, D. S., Cloete, 1., Shi, D., and wY Ng, W. (2010), Sensitivity
analysis for neural networks, Springer.

Zhang, M., Dong, Y., and Sun, P. (2012), Impact of Reservoir
Impoundment-caused Groundwater Level Changes on Regional Slope
Stability: A Case Study in the Loess Plateau of Western China,
Environmental earth sciences, Vol.66, No.6, pp.1715-1725.
Zhu, D. Y., Lee, C. F., Qian, Q. H., and Chen, G. R. (2005), A
Concise Algorithm for Computing the Factor of Safety Using the
Morgenstern Price method, Canadian geotechnical journal, Vol.42,
No.1, pp.272-278.

Received : June 20"', 2022
Revised : August 10", 2022
Accepted : August 12" 2022



