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RESEARCH QUESTION

Is it possible to develop a highly accurate method for
reconstructing seismic ground forces from sparse
ground motion data that is less computationally
Intensive and suitable for real-time predictions?
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EXISTING METHODS AND LIMITATIONS




DECONVOLUTION
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E (D) In a very limited case,
the targeted incident wave
} signal can be obtained in an
outcrop rock.

z+
Namely, the measured
X

ground motion signal is the
same as the incident wave
signal with a twice large
amplitude than the incident
signal.

Truncated
boundary

_______ —
4 ¥
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Halfspace bedrock
with known
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(B) a site of interest: we identify (C) a truncated, simplified
incoming vertically-propagating  model of the site of
seismic wave signal at the soil-  interest.

bedrock interface.
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L6

SEISMIC SOURCE IDENTIFICATION
IN A LARGE DOMAIN




PARTIAL DIFFERENTIAL EQUATION :
CONSTRAINED OPTIMIZATION

: Modern sensors (e.g., accelerometers,
optical cables, and/or vision-based sensors)
measure vibrational motions.

identification of an effective seismic force
at a DRM layer in a truncated solid and
reconstruct wave responses in an interior
domain,

( a) Objective of this research:

9 Superstructures
e P

o) e O
Effective seismic force

A wave-absorbing

boundary Subsurface
(soils and rocks) Example
depth:
~50m
Domain Reduction
Method (DRM) —
sinle-element layer el Example size: ~ 200 m -
(b) Arbitrarily-incoherent
incident waves due A near-suface truncated area
to the basin effect
The conventional method: inversion of a seismic-source profile at Example
the hypocenter of a fault in a regional-scale domain. depth:
Drawback 1: the material properties of a large domain cannot be ~ 20 km
accurately characterized.
Drawback 2: the computational cost is typically very large so that it
90/ \ cannot identify the seismic source profile with high-frequency
Gl components (e.g., f>1 Hz) under limited computing resource. Thus, in
practical sense, it cannot reconstruct detailed seismic wave
responses with high-frequency components. 1

Example size: ~ 100 km
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PROBLEM DESCRIPTION




WHAT ARE WE TRYING TO DO?
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SITE PROFILE 1
HOMOGENEOUS SOIL PROFILE
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SITE PROFILE 1
HOMOGENEOUS SOIL PROFILE
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SITE PROFILE 2

HETEROGENEOUS SOIL PROFILE
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SITE PROFILE 2

HETEROGENEOUS SOIL PROFILE
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SITE PROFILE 2

HETEROGENEOUS SOIL PROFILE
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SYNTHETIC DATA GENERATION




WAVE SOURCE

Randomly chooses between

1- or 2-point wave sources =
I itrion S I
(Np) ::
Wl

Vaa

extric Vas
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WAVE SOURCE

interior domain

* Randomly selects parameters - Frﬂ
for each source:
— start time (t)) - VV
— peak amplitude (Apeak) @»))/fv’ii‘:“:?:i?“‘ eeeeeeeeeeee Vs
— frequency (f) i Aﬂ
— location (xg, y,)




FORWARD SOLVER

Solves the 2D wave propagation problem in
an enlarged domain using the randomly
generated source parameters Step 1:

At i-th randomizer iteration

Saves displacement data at sensor i i
locations on the surface as input-layer L = Record wave
featu res H__Fﬁ__ __________!: at Eensors for

. F;T________h_e____ all time steps
Saves effective nodal forces on DRM layer {J e Store wave
boundaries (I}, and I,) as output-layer () / AN
features ()
Repeats this process 20,000 times to Sten 9 1

ep 2:

generate a large dataset for training and
evaluating the CNN model

m Save u™ for all time steps as i-th input-layer data

m Calculate P and PST (only at the DOFs at T';) for all time steps
and save them as the i-th output-layer data
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CONVOLUTIONAL NEURAL NETWORK




WHY CNN?

 Automatic feature extraction for streamlined
processing.
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WHY CNN?

» Efficiently identifies prominent features
automatically.
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WHY CNN?

* Less computationally demanding than fully-
connected layers.
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WHY CNN?

* Preserves spatial data characteristics effectively.
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APPPLICATION TO OUR DATA

 Convolution enhances spatial data .
Timesteps

capture by operating on timestep R

—>

values.

 CNNs provide automatic feature
extraction, strengthening their
selection.

* CNNs enable superior and efficient
processing with massive data sizes.
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CNN ARCHITECTURE

displacements convolution layer batch normalization convolution layer batch normalization  output convolutional layer
el gl -~
= L Bus e —
agugi=h — —
4 S H H —
77_ —*_ ] —
H1H """7 L
— = ___
Sensor 1 — — _T [ ~
480 filters of 512 filters of 126 filters of sample contour plot of
kernel size 80 kernel size 80 kernel size 90 force reconstruction
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NUMERICAL RESULTS




ERROR METRICS

* Mean Absolute Error = |Target — Predicted|

« Mean Squared Error = (Target — Predicted)?

Target —Predicted
J x100%

« Sample Percent Error =

Target
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SITE PROFILE 1
HOMOGENEOUS SOIL PROFILE




Timesteps

A

A

»

Sensors
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SITE PROFILE 1 @

HOMOGENEOUS SOIL PROFILE
CORRESPONDING RESPONSE PREDICTION (0.69%)
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SITE PROFILE 1
HOMOGENEOUS SOIL PROFILE
FORCE PREDICTION (2.01%)
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SITE PROFILE 1
HOMOGENEOUS SOIL PROFILE
RESPONSE PREDICTION (1.58%)
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SITE PROFILE 1

HOMOGENEOUS SOIL PROFILE
WORST FORCE PREDICTION (35.32%)

Target Force on I', Predicted Force on I,
500 500 = —
0.2
400 400 P — -
- - - 0.1
D.? 300 DS 300
B E 0
.— 200 .— 200 -
- : - = -. — — 0.1
100 100
-0.2
0 0
0 10 20 30 40 50 60 0 10 20 30 40 50 60
k in P,,,kj k in P%
Target Force on I, Predicted Force on T’
500 500 3
0.2
Timesteps 400 o . 400 o = . -
0.1
4 £300| £300
o y 0
2, 200 | — - 12,200 | — =
- -— — 0.1
» »
100 100
-0.2
0 0
o 0 10 20 30 40 50 60 0 10 20 30 40 50 60
»> kin Py, kin Py,
Sensors i d

CENTRAL

MICHIGAN UNIVERSITY




SITE PROFILE 1
HOMOGENEOUS SOIL PROFILE
CORRESPONDING RESPONSE PREDICTION (18.86%)

0.96 s 099s 1.02 s XIO

;1 -

10 20 30
096s 099s 1o2s Xlo

£ CENTRAL

MICHIGAN UNIVERSITY

y[m

i
>




SITE PROFILE 2
HETEROGENEOUS SOIL PROFILE




SITE PROFILE 1

HETEROGENEOUS SOIL PROFILE
BEST FORCE PREDICTION (0.22%)
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SITE PROFILE 1
HETEROGENEOUS SOIL PROFILE
CORRESPONDING RESPONSE PREDICTION (0.20%)
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SITE PROFILE 1
HETEROGENEOUS SOIL PROFILE
FORCE PREDICTION (1.12%)
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SITE PROFILE 1

HETEROGENEOUS SOIL PROFILE
RESPONSE PREDICTION (0.82%)
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SITE PROFILE 1

HETEROGENEOUS SOIL PROFILE
WORST FORCE PREDICTION (24.52%)
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SITE PROFILE 1

HETEROGENEOUS SOIL PROFILE
CORRESPONDING RESPONSE PREDICTION (29.79%)
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Number of Outliers
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PARAMETRIC STUDY
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PARAMETRIC STUDY
NUMBER OF SENSORS

Outlier

In this case, it refers to a
particular sample data that
deviates significantly from the
normal trend of data used to
train the neural network.
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PARAMETRIC STUDY
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PARAMETRIC STUDY
NUMBER OF TRAINING DATA
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DISCUSSION




SOURCES OF ERROR

* Effective in predicting active areas but struggles with
near-zero displacement values.

 Heterogeneous soil profiles feature complex b5-layer
structures, introducing uncertainty versus simpler
homogeneous profiles.
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DISCUSSION

 Our CNN-based approach accurately identifies
seismic forces at DRM layer boundaries in diverse
soil profiles, expediting ground motion reconstruction
from measured signhals at the sensors.

« The CNN model surpasses PDE-constrained
optimization in processing time, requiring only 0.15
seconds per test sample versus approximately an
hour for the optimization method.
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FUTURE DIRECTIONS

* Expanding the approach to tackle complex
three-dimensional soil profiles and wave
propagation scenarios.

* |nvestigating uncertainty quantification of
the CNN model.
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