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Deep Leaming based Estimation of Depth to Bearing Layer from In-situ Data
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Abstract

The N-value from the Standard Penetration Test (SPT), which is one of the representative in-situ test, is an important
index that provides basic geological information and the depth of the bearing layer for the design of geotechnical
structures. In the aspect of time and cost-effectiveness, there is a need to carry out a representative sampling test.
However, the various variability and uncertainty are existing in the soil layer, so it is difficult to grasp the characteristics
of the entire field from the limited test results. Thus the spatial interpolation techniques such as Kriging and IDW (inverse
distance weighted) have been used for predicting unknown point from existing data. Recently, in order to increase the
accuracy of interpolation results, studies that combine the geotechnics and deep learning method have been conducted.
In this study, based on the SPT results of about 22,000 holes of ground survey, a comparative study was conducted
to predict the depth of the bearing layer using deep learning methods and IDW. The average error among the prediction
results of the bearing layer of each analysis model was 3.01 m for IDW, 3.22 m and 2.46 m for fully connected network
and PointNet, respectively. The standard deviation was 3.99 for IDW, 3.95 and 3.54 for fully connected network and
PointNet. As a result, the point net deep learing algorithm showed improved results compared to IDW and other deep

learning method.
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Fig. 2. Schematic diagram of fully connected network

93 P2 Zhste] 2417 THE 4 ek wheb ol
a7 5L <loje] Wl e BRA BAS Aele
Quka el EA] ojE o T 417 AgaE 4
Sl WE=gla Faolth

2.2.2 ZQIEYI(PointNet)

ZRIEYL Qi et al.(2017)0] Q8] A9t S0 3%}
2]o] xolE AHO| RTke elz o g Hho} 321% A=
HZ(classification) F+= H-SH(segmentation) & 4= Q=
g Frolth. bR 3349 Hojelg ohey]
Q1A EAl(voxel)2] Hgtolut oju]A] Heke AMESh=
] ol HolBE #E&sh= 8ol AX= Tl Stk
32 AHE ZRIES] Hjto = 46‘40]’% A2 dlo]El

HIEAZ} olafd 4= °1°F 6“’/} A WA= A &=
HA(permutation invariant)©| 1 F HAl= A5 &
HA(rigid motion invariant)o|t}. 3x}Y H|o|EE E<Q]
E ARZ Ueligle o 2t ZIAES] ¢A7F s AL
HE ZRIETL FA0f Aol o] Fste e 2 Ho]
B2 Qlx|E]ojof st} EZQIEYIE Fig. 31} & L%

2 At A EOlE 7o) 1EAE Bek %
AIE max poolingst= 2 EZQIE A7} H}JﬂoiE
2ol Aol7h LA QRerh. mehd 24 HHge
o e WAL A LEE Aok

& A Tnete Egelo] ZAEE By
sheleh ol L= 1= F1ge] 71

\_.
bEY 4 g 2

=

r
i

rEn m
o.-:;"
T e

fr mlo
2o 4
o,

Oll

o
n]I,

oy
ot
o
o)
[
H©
H
o

ol XIXIE 20l 01 37



C‘fﬂs.s:fcmron Narno;/l

-

_.-~~ outputscores -

ot mlp_ (64,6.4) R .fé.at.u.r.e _— .mjp (641281()24) S m.a.x. IR n.llp _—
: é transform transform pool oy (512,256.k)
) 3 3 :

= - ol g 'S gl nx1024 11—

2 = = global feature X
=) ] -~

PRI
\

= point features o
§
—* <
1088 & § |=
nix shared = shared z =
= &
| —»| — - g
mlp (512.256,128) mlp (128.m)

Fig. 3. Schematic diagram of PointNet (Qi et al., 2017)
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Fig. 5. Inverse Distance Weighting (IDW) interpolation
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Fig. 6. Fully connected network model for data processing in this study (FC: fully connected layer, BN: batch normalization layer, ELU:
exponential activation fuction, P(n): borehole data set, d: soil thickness)
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Table 1, Averaged error of Bed—rock depth estimation from the fully connect layer according to the depth, width, and learning rate (training
data error/test data error)

Number of weigh; per layer Leaming refe Number of layers (network depth)
(network width) 6 8
80 0.01 (1.19/4.07) (1.62/3.90)
80 0.001 (1.46/4.31) (3.40/4.07)
80 0.0001 (4.86/4.92) (5.03/5.13)
160 0.01 (1.77/3.72) (0.84/3.41)
160 0.001 (3.76/4.03) (1.25/4.01)
160 0.0001 (4.84/4.91) (4.76/4.88)
320 0.01 (0.65/3.62) (0.70/3.23)
320 0.001 (1.44/3.95) (1.07/3.61)
320 0.0001 (4.94/4.99) (4.85/4.95)
640 0.01 (0.62/3.34) (0.51/3.22)
640 0.001 (1.40/3.72) (0.79/3.38)
640 0.0001 (4.63/4.63) (4.53/4.55)
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Fig. 7. Modified point net model (n: data number of surrounding boreholes, d: soil thickness)
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Table 2. Parameter estimation results

Bed—rock depthreai-estimation (m)

Model type — -
Minimum Maximum Mean
IDW 0.0001088 40.49 3.01
Fully connected network 0.0013 43,54 3.22
Point net 0.0023 39.09 2.46
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