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Using GNSS Data and Machine Learning for Settlement
Monitoring
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Settlement Importance

Figure 1 - Effects of Settlement on a Building
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Source: American Society of Home Inspectors (ASHI)
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Measuring Settlement
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Measuring Settlement with GNSS

Prior work

Davarpanah et al. (2016) used GNSS for monitoring tunnel induced settlement
Results comparable to expected results from numerical modelling
Not compared with survey measurements

Ganas et al. (2016) measured regional subsidence but only achieved vertical accuracy
of ~20mm

Khomsin et al. (2019) processed GPS, GLONASS, and BeiDou signals simultaneously
and achieved accuracies of 6mm vertically

Knowledge gap: Can GNSS data be used successfully to monitor
settlement?

QuT the university ﬂ[m@r@ I(U flOO ~7 Onltum 12 of 27

for the real worid




Settlement Prediction

Machine Learning Methods

Learn from existing data, and continually improve as
new data is acquired

Agnostic methods, does not have explicit knowledge
about problem space

Can use various algorithms e.g.:
Neural network
Decision tree
Bayesian network

Inputs Hidden Layers Output

Artificial Neural Network Structure
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Settlement Prediction

Machine Learning Advantages
Does not require assumptions
Does not require explicit knowledge

Can easily be run on different sites with settlement
problems

Disadvantages
Dependent on the data it is
trained on

- Does not answer the question of why?, only what? This 2ot by Unknon Authoris

licensed under CC BY-SA-NC
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https://www.eoi.es/blogs/redinnovacionEOI/2015/09/25/machine-learning/
https://creativecommons.org/licenses/by-nc-sa/3.0/

Input Variables
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Data Always Collected - Borehole

- Borehole Data:
- Location
- Stratigraphy (soil layer interface depth)
- Soil/Lithological classification (USCS)
- Vane shear strength (kPa)

T Torque

e P
Bore Depth | USCS | VSS
BP1-1 3.8 CH 8
BP1-1 6.8 SC 16
BP1-1 83 CL 28 1] v

(Ameratunga et. al., 2016)

QUT ) _ .
. onitum 16 of 27
the university INE& kurloo 2 monitum” 160




Data Always Collected — CPT/SPT

PROJECT CPT: BP1-5
LockTon. Re5|stance
_ SURFACE LEVEL RL 0.529m* _0 003 _0 272
- T Digitised cone resistance data BPl 1 0.0348 0.135
— BP1-1 0.0786 0.544
BP1-1 0.0831 0.585
BP1-1 0.0861 0.612
N
Frlctlon
B 5r1-1 0.0008 3.83
" . BP1-1 0.1766 18.77
Digitised sleeve friction data S BEeE i
[ 3 0.4444 60.72
ﬁ BP1-1 0.5542 54.17
- | b [ Depth | FR
B BP1-1 0.0127  1.4613
Digitised friction ratio data BP1-1 0.0322  1.5987
BP1-1 0.0877  1.0248
BP1-1 0.1565  0.9003
BP1-1 0.3095 0.5389
[ ID | Start [End | Stratigraphy |
BP1—1 0 0.8 Fill
Remarks: * Ground surface level provided by % 1 . 25 F_I”
Digitised inferred stratlgraphy Pl—l 125 2.4 Sand
BP1-1 2.4 3.45 Sandy Clay
BP1-1 3.45 7.5 Silty Clay
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Optional Inputs

Pre-load height at settlement plate
locations

Rainfall data

Can be sourced from the BOM, or
from a locally installed rain gauge if
necessary

Tipping bucket rain gauge
(Acharya, 2017)
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Challenges with Using Geotechnical Data

Averaged Input Data: Input tensor y:
oo | emecten
CB9 1 0.0000 0.0662 0.2224 0.7170 0.0000 0.7478 5.293 11.11780822

2 0.0662 0.1766 0.7781 0.6759 0.1174 0.5386
3 0.1766 0.2097 0.6244 0.3204 0.1263 0.1206
4 0.2097 1.0000 0.4730 0.2585 1.0000 0.1315
FF31 1 0.0000 0.0883 0.1993 0.9530 0.0021 1.0000 1.662 3.835616438
2 0.0883 0.1479 0.4379 0.6597 0.0757 0.6121
3 0.1479 0.2053 1.0000 0.1466 0.3013 0.0280
4 0.2053 0.8698 0.5330 0.3119 0.8909 0.1214

Input tensor X:

Settlement
Plate

CB9 0.0000 0.0662 0.1766 0.2097 0.0662 0.1766 0.2097 1.0000 0.2224 0.7781 0.6244 0.4730 0.7170 0.6759 0.3204 0.2585 0.0000 0.1174  0.1263 1.0000 0.7478 0.5386 0.1206 0.1315
FF31 0.0000 0.0883 0.1479 0.2053 0.0883 0.1479 0.2053 0.8698 0.1993 0.4379 1.0000 0.5330 _ 0.9530 0.6597 0.1466  0.3119 0.0021 0.0757 0.3013 0.8909 1.0000 0.6121 0.0280 0.1214
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Lack of Data
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Synthetic Data — Dynamic Time Warping
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Determining the
best model

Single DT
0.248648058

0.885905768

Single SVR Joint SVR Single SVR Joint SVR
0.161120357 0.165235751 0.132609274 0.138715022
0.866717378 0.868439693 0.840630768 0.836172834

FillLevels <= -0.14
friedman_mse = 1.142
samples = 164
value = -2.576

Local friction 3 <= 1.062
friedman_mse = 0.899
samples = 81
value =-3.162

FillLevel6 <= -1.189
friedman_mse = 1.272
samples = 23
value = -2.232

/

N

FillLevel4 <= -1.066
friedman_mse = 0.417
samples = 12
value =-3.168

FillLevel4 <= -0.988
friedman_mse = 0.206

FillLeveld4 <= -1.033
friedman_mse = 0.043
samples = 5
value = -2. 443

samples = 11

FillLevel3 <= -0.788
friedman_mse = 0.718
samples = 83
value =-2.004

FillLevels <= 0.509
friedman_mse = 0.439
samples = 17
value = -3.034

s

N

FillDateb <= 0.76
friedman_mse = 0.05
samples = 6
value =-3.711

FillLevel6 <= 1.19
friedman_mse = 0.265
samples = 11
value = -2.665

value =-1.211
2 FillDate16 <= -0.402
friedman_mse = 0.049 - —
samples = 4 friedman_mse = 0.021
value = -1.763

friedman_mse = 0.019
samples = 4
value = -3.847

value = -0.895

S

friedman_mse = 0.002
samples = 2
value =-3.44

samples = 7
\

Friction Ratio 4 <= 1.332
friedman_mse = 0.064
samples = 9
value = -2.858

«

friedman_mse = 0.013 friedman_mse = 0.001 friedman_mse = 0.004 e f: DIy FIEEET <:_0 e friedman_mse = 0.012
— — - friedman_mse = 0.006 friedman_mse = 0.016 —
samples = 3 samples = 2 samples = 2 samples =5 I samples = 2
value = -2.595 value = -2.215 value = -0.695 value = -0.975 valuep: 5 739 value = -3.272
T T
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SVR Overview

House Price Based on Distance from the Nearest MRT with Model Predictions (epsilon=10, C=1)
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Predicted Settlement Amount (m)

—4 -3 -2 -1
Actual Settlement Amount (m)

Settlement amount prediction vs actual

Settlement Prediction Results

Predicted Settlement Time (days)

500 1000 1500 2000 2500 3000
Actual Settlement Time (days)

Settlement time prediction vs actual settlement

settlement :
MAPE: 0.165 tme
2 0.868 MAPE: 0.139
2 0.836
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FllLevels -
FllLevels -
FllLevel3 -
FllLeveld -
Friction Ratio 2 -
Friction Ratio 3 -
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Pore pressure 3 -
Local friction 3 -
Pore pressure 2 -
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End Depth 4 -

_ FllDate3 -
Tip resistance 4 -
Pore pressure 4 -
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FllLevel2 -
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o ﬁ%é‘%%%%%%%%%%%%
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Decrease in accuracy score
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o
(]

Most Important features for predicting settlement amount

Feature Importance
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End Depth 1 -
End Depth 2 -

HH
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Hi
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End Depth 4 -

Most Important features for predicting settlement time
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Future Work
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