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PROJECT FRAMEWORK

l Start

Assign the base case . Analyze the simulations
. Simulate the . .
parameters and their . in Plaxis (use Python
: o variations N
possible variations scripting)

|

Build surrogate model to link Feature extraction of simulated

soil parameters with response response (use autoencoder, a
feature special type of neural network)

PREPARATION STAGE

UPDATING STAGE

Bayesian updating of Use the updated

Feature extraction of
measured data (use
autoencoder)

soil parameters (use
Gibbs sampler and
surrogate model)

parameters to predict
future response (use
surrogate model and

autoeqcoder)

© Copyright National University of Singapore. All Rights Reserved.

End

BAYESIAN PREDICTION OF CONSOLIDATION SETTLEMENT USING AUTOENCODER NEURAL NETWORK AND SURROGATE MODEL




PRELIMINARY WORK

Created Plaxis model of
embankment case

Produced range of values of soil
parameters

Ran simulations for different
combinations of soil parameters

Transposed raw data into graphs
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PREPARATION STAGE

Assign the base case

Analyze the simulations

. Simulate the . .
parameters and their — variations in Plaxis (use Python
possible variations scripting)
}

feature

Build surrogate model to link Feature extraction of simulated
soil parameters with response response (use autoencoder, a

special type of neural network)

UPDATING STAGE

Bayesian updating of
soil parameters (use
Gibbs sampler and

Feature extraction of
measured data (use

Use the updated
parameters to predict
— future response (use

autoencoder) surrogate model and
surrogate model)
autoeqcoder)
| End |
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PLAXIS MODEL OF EMBANKMENT CASE
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RANGE OF SOIL PARAMETERS
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Fig. 4. Profiles of compression, recompression and creep indices. adapted from |[2]

Range of values C_ & C, (Kelly et. al., 2018) Range of values of k, (Kelly et. al., 2018)
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RANGE OF SOIL PARAMETERS
Based on range of soil e L e

parameters, 300 soil A* Alluvial Silt 0.03
combinations are selected by A S 0.08 0.36
Latin hypercube sampling A* Est(2) 0.075 0.38
300 runs of embankment case A* Trans 0.02 0.1
based on the 300 soil u* Est(1) 0.00217 0.011
combinations u* Est(2) 0.002 0.013
log,ok;, Est(1) -4.46 -1.88
log, ok, Est(2) -4.46 -1.88
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SOILSETTLEMENT GRAPHS
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TOTAL PORE WATER PRESSURE GRAPHS
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FEATURE EXTRACTION OF SIMULATED

RESPONSE

Raw data from will be
compressed using an
autoencoder

Each simulation has 628
settlement data points
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PREPARATION STAGE

Assign the base case . Analyze the simulations
. Simulate the . .

parameters and their — variations in Plaxis (use Python

possible variations scripting)

|

Build surrogate model to link Feature extraction of simulated

soil parameters with response response (use autoencoder, a
feature special type of neural network)

UPDATING STAGE

Feature extraction of
measured data (use

Use the updated
parameters to predict
— future response (use

Bayesian updating of
soil parameters (use
Gibbs sampler and

autoencoder) surrogate model and
surrogate model)
autoerlncoder)
; End |
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FEATURE EXTRACTION OF SIMULATED V) s
RESPONSE gppuiSall Reconstructed Output;

Soil Displacement Data

(Linear) - ear
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FEATURE EXTRACTION OF SIMULATED

RESPONSE

Refers to the percentage of error
of the last epoch for each latent
node

Number of iterations are decided
based on trial and error till loss
converges
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SURROGATE MODELLING

. Start

~ PREPARATION STAGE

Assign the base case . Analyze the simulations
. Simulate the . .

parameters and their variations in Plaxis (use Python

possible variations scripting)

|

Build surrogate model to link Feature extraction of simulated

soil parameters with response response (use autoencoder, a
feature special type of neural network)

UPDATING STAGE

Use the updated
parameters to predict
— future response (use
surrogate model and

autoerlncoder)

Bayesian updating of
soil parameters (use
Gibbs sampler and
surrogate model)

Feature extraction of
measured data (use
autoencoder)

N

End

4
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FEATURE EXTRACTION OF MEASURED DATA

Retrieved from the synthetic data
from the contest question

Extracted using the same
autoencoder script developed
earlier for simulated response

Start
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PREPARATION STAGE

Assign the base case

parameters and their —

possible variations

Analyze the simulations

Slmu'lat.e the in Plaxis (use Python
variations N
scripting)
|

Build surrogate model to link
soil parameters with response

feature

Feature extraction of simulated
response (use autoencoder, a
special type of neural network)

UPDATING STAGE

Feature extraction of
measured data (use

Bayesian updating of
soil parameters (use
Gibbs sampler and

Use the updated
parameters to predict
— future response (use

autoencoder) surrogate model and
surrogate model)
autoer{ncoder)
End |
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FEATURE EXTRACTION OF MEASURED DATA

Using the same autoencoder
script developed earlier for
simulated response

Shape of Input: (1, 628)

Code from latent nodes is scaled
to fit a range between -3 and 3

Input: Soil
Displacement Data
(Linear)
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10

Reconstructed Output:
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Decoder
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FEATURE EXTRACTION OF MEASURED
DATA
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Black Line: Actual Data
Blue Lines: Reconstructed Data from Autoencoder
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BAYESIAN UPDATING OF SOIL PARAMETERS

Utilises both Gibbs sampler and
surrogate model

Gibbs sampler: Generate samples
from the updated distribution of
soil parameters

Start
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PREPARATION STAGE

Assign the base case

parameters and their —

possible variations

Analyze the simulations

Slmu'lat.e the in Plaxis (use Python
variations N
scripting)
|

Build surrogate model to link
soil parameters with response

feature

Feature extraction of simulated
response (use autoencoder, a
special type of neural network)

UPDATING STAGE

Feature extraction of
measured data (use

Bayesian updating of
soil parameters (use
Gibbs sampler and

Use the updated
parameters to predict
future response (use

autoencoder) surrogate model and
surrogate model)
autoer{ncoder)
End |
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BAYESIAN UPDATING OF SOIL PARAMETERS
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BAYESIAN UPDATING OF SOIL PARAMETERS

SD before
Parameter Updated mean - Updated SD
update

A" Alluvial Silt 0.062 0.020 0.024

A* Est(1) 0.11 0.081 0.023
A* Est(2) 0.35 0.088 0.024
A* Trans 0.055 0.023 0.023
u* Est(1) 0.0062 0.0025 0.0018
u* Est(2) 0.0090 0.0032 0.0010

log, ki, Est(1) -3.68 0.745 0.164

log, ki, Est(2) -3.79 0.745 0.032

Soil Parameters after Bayesian Updating
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PREDICTION OF FUTURE RESPONSE

. Start

~ PREPARATION STAGE

Assign the base case . Analyze the simulations
. Simulate the . .

parameters and their — variations in Plaxis (use Python

possible variations scripting)

|

Build surrogate model to link Feature extraction of simulated

soil parameters with response - response (use autoencoder, a
feature special type of neural network)

UPDATING STAGE

Feature extraction of
measured data (use
autoencoder)

Use the updated

X parameters to predict
soil parameters (use
future response (use

Gibbs sampler and surrogate model and

Bayesian updating of

surrogate model) autoencoder) |
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PREDICTION OF FUTURE RESPONSE

Surrogate Model
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RESULTS OF PREDICTION OF FUTURE
RESPONSE

95% confidence level prediction interval (mean + 1.96SD). Smooth by loess
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RESULTS OF PREDICTION OF FUTURE
RESPONSE

95% prediction interval (mean £ 1.96SD). Smooth by loess
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RESULTS OF PREDICTION OF FUTURE

RESPONSE

95% prediction interval (mean + 1.96SD)

_ 1 June 2015 1 June 2016
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