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Emerging sensing technologies

Computer Vision, LIDAR and UAV
e BEIERVATL:0.1MMOFEE

o FEBEXRTL:3~5mMmDFEE
o BKEKIUM6KAAZ, FINMEHNAD

INSAR - Satellite
¢ 10-20 mmD¥EE

Distributed fiber optics —REFE=2JT D= DIEHIAA I H—
 Fibre optics —1 pe LA T D#EE (OFDR/DAS)

The frequency shift of the Brillouin scattered

« Fibre optics — 10 um #2E D E (for 1 m gauge length) (BOTDA)

Wireless Sensor Network — 7Vt AN RIS TO MM E=4)Y
o {EE.ZEHH.OFTH L—YY— hAASHE
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Emerging Technologies

How can the built envivonment be rehabilitated or
created so that future generations benefit from smant - o
infrastructure? ExPeCtatlon Augmented reality ‘ 2
a /
Self-healing
materials Al and Machine
Edge learning Building
. computin T i Information
Smart Infrastructure for Smart Cities ol Vitual salty Wireless  Modieling
e ireless
¥ | Socio- ! SO printing Sensor network
technical ; o : i
- diaital twin P! i\ Satellite Digital
Kenichi Soga - igital twin | Constructign\ MSAR image
Erobots at sub- Distributed sensing : L:EAR A
‘millimeter ! Fiber optic " i AN~ h
‘resolution . Sensing ; VS
: ' - UA§IDrones :?-:?ﬂ,
Ubiquitous and PR HPC ! e
transparent | . i : »
security ! Technical . Off-site :
: i digitaltwin | construction !
& L : ' 5, New materials
b T T T ¥
—— . . > Renewable technologies
: : : —Time
Innovation  Peak of Trough of Slope of Plateau of
trigger inflated disillusionment enlightenment productivity
expectations

Soga, K. 2023. “Smart Infrastructure for Smart Cities”, Spring issue, Bridge, National Academy of Engineering, pp.22-29
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GIS B-Map Viewer For mapping inquiries, email:
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Distributed Strain along 36" Pipe (temperature compensated)
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Human activity monitoring

X

Distributed Fiber Optic Sensing (DFOS)

o. o) °°

‘ Pipeline leakage

- detection

FO cables on

e

FO cables on pipe

>
«

~120m Uphill location

Downbhill (~ 400 1) 120 m

location0Om



DAS strain timeseries converted to audio

Loose-tube cable in trench

Big Leak
Small Leak

No Leak
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Leak sound path influenced by leak orientation

Trench-South
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INSAR/LIDAR

UAV optical and Infrared

Optical Pulse

i Back
vibration - seattered light

~ deformation

Strain, Temperature
Resolution — <1pe, 0.1 °C

Distributed fiber optic sensor

Interrogator

Initial stage

Field and lab data

/

‘\‘

«

Estimated Ground
parameters

Estimated structural

parameters

Open SRA Model
>

Action paramm

Ground Movements

l Updating stage(s) l

Monitored structure

Updated ‘system’ Ground
and Structural parameters

—>

Updated Model

Most Probable Parameters
Determining Methods

%

Monitored ground actions

FUNDING PROVIDED BY THE

CALIFORNIA
ENERGY
COMMISSION

Assessment stage(s)

Improved model outputs
for future performance




The installation process of a gas pipeline on which fiber optic sensors have been installed for safety
monitoring to measure the strain and temperature all along the pipeline in real time to monitor the
pipeline's integrity and safety. Special attachment way, the red tape and black wrap, is used to ensure
the fiber optic sensor is installed well. Gilroy, California. 2023
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The winner of this year’s Pipeline Research Council International (PRCI)
photo contest!
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Data + AlI/ML + Computation = Value

o

Data + Al/ML + Computation
+ (Learn + Anticipate + Respond) = Value

(BelToo=F71) T EDOHIE] %
[TELULNEIREBEBRE) I2D%IT 5,
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“Identify pipes that will break before they have broken”

Simplified coefficient Models
Score = byxq + byx, + b3xs... bpxy
Covariates (e.g., age, materials...)

Machine Learning Models

Input Parameters Output Results

Material O

Ace Z Pipe
R condition

. S X .
Diameter 4\‘..%’0\9:3.’\ /‘6/ Remaining
Soil —_—s ® N7 TN .

Oi N “V"’ %740, useful life
Traffic NN “',A_'/,
Fault >
Landslide

Liquefaction

* Emerging techniques
e Data-driven, but...
°* How do we interpret/ understand/ validate the prediction results?

* Unaccountable for wrong predictions?
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0.8

est. probability of survival §(t)
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0.0
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Within fault zone ey
Diameter 4-inch (100-mm) L b—O—
Fault zone Soil type-Caly loam Y —{—
T pomian Within landslide zone —0—
Local road P —0—
Diameter 6-inch (150-mm) e I e
Not under road {1
Major collector road —{0—
Soil type-Sandy loam P—D—I
Soil type-Clay F-—D-——-I
Minor arterial road I—-—D—|
Operational pressure (per 10 psi) [l
2% 5 75 100 125 ;
Age t Diameter 8-inch (200-mm) —{—
Wet soil condition l—D—i
Leaks in the past 5 yeal Soil type-Loam |_D_|
— Noprov Diameter 12-inch (300-mm) }—D—-—|
—— With pre Diameter 16-inch (400-mm) I—D—‘—l
Age (per 10 years) il
Soil type-Sand 1
Soil type-Silty clay loam -
Cast iron material HH
Soil type-Silty clay —t—
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Hazard Ratio (HR)

004

Variable group

Pipe characteristics
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Environmental
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Jerkeley

smart Infrastructure

Pressure level

—— Normal Water Pressure (less than 120 psi)
——— High Water Pressure (above 120 psi)

20 40 60 80 100 120 140 160
Age t

Soil type

Sand
—— Loam

—— Clay

—— Silty Clay Loam
—— Rock

Sandy Loam
Clay Loam
—— Silty Clay

25 50 75 100 125 150

Age t
25



Random Forests Neural networks

Random forest with 1 trees

05

0.0

-
- o

Model flexibility versus Interpretability

"
o S + Lasso
a [
]
1.0 l
; 3 ¥ : \ Least Squaresy P
X \ / “
> s / \
= g ~ .l, i \ L T
http://www statistics.cool/post/why-do-random-forests-work/ — — S Decision Tree | Pig ~
Test loss 0.501 o) I‘ L4 N
_ : ‘ I/ \
Support Vector Machine S // /Ensemble Decision Tree, %,

O ; €9 Gradient Boosting, LY

— ! Random Forests 1
1.786% of the traning data used e— " ‘|
(O] I [
- 1 : I
N (e (1 Support Vector Machines ’l

o* 4 — A\
o ..- \ 7
f 4 % \ ,I
H s \
. 3 & .: °: o § \\ Deep Neural Networis,,
%, F, . N
‘0_ ."c.-o“. S ,’
3 -— —-
., . Low e i High
. 4
- ..
5 “w

https://towardsdatascience.com/the-simplest-way-of-
making-gifs-and-math-videos-with-python-aec41da74c6e

Model
flexibility




“Personalized survival curve for each pipe”

Left-Truncated and Right-Censored tree based on Conditional Inference Tree (LTRCIT)
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" Likelihood of Failure
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(Left-Truncated and Right-Censored tree BEDT—REFO>TRODEDHIEEFE
based on Conditional Inference Tree

Pipe Material
1-Year Cumulative Gains vs Replacement Cycle 1-Year Cumulative Gains vs Replacement Cycle
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System of Systems

“The benefit of infrastructure is diffused...”
“How do we show the value?”

Road Network
250k nodes, 550k edges (OSM)
7 million people
13 people/road segment

) ey SimCentery®

W Smart Infrastructure Center for Computational Modeling and Simulation

Water Network
100Kk joints, 100k pipes (EBMUD)
1.4 million customers
14 people/pipe segment




9 counties & 7 million people

Road network: 549,008 links and 224,223 nodes.

Travel demand: 15 million trips (close to the actual number of daily commute trips).
Bay Bridge daily traffic: ~260,000

flow at 06hr 00div

L Pre-event traffic volume on Bay Change in traffic volume
- \, _, Area roads Pre-event to immediately after

B8.00

37.50
Change in traffic volume

pre-event to immediately after
reduction: more than 8,000

Daily tratfic volume
<1,000

1,000 - 5,000 reduction: 5,000 - 8,000

5,000-8,000 reduction: 100 - 5,000
25 Cl — 8,000-12,000 reduction: 0 - 100
— >12,000
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Water pipeline damage after an earthquake Red tagged building
Hayward Fault Earthquake in the East Bay Area \
4,200 miles of pipeline -

Step 1. EQ scenario + Site characterization ; imfif

Traffic disruption

Average water shortage Standard deviation

Recovery, repair (values etc)



Case Study: Housing Resilience of North-East San Francisco

A
7.2Mw Earthquake
> ‘
S
@ &
3 &
= < -
2
[ silient
& No
Residential buildings considered in the Case Study. T| me

Blagojevi¢ and Stojadinovi¢ (2022) A Demand-Supply Framework for Evaluating the Effect of Resource and Service Constraints on Community Disaster Resilience. Resilient Cities and Structures.
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Component interdependencies simulated as a flow R2D M

of resources and services
AO/ )\ 4

SimCenteri¥s¥

Center for Computational Modeling and Simulation

Resource distribution
models

e
L~ ook
PEE———

Blagojevi¢, Hefti, Henken, Didier, Stojadinovi¢ (2022) Quantifying Disaster Resilience of a Community with Interdependent Civil Infrastructure Systems. Structure and Infrastructure Engineering. 34
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Blagojevi¢ and Stojadinovi¢ (2022) A Demand-Supply Framework for Evaluating the Effect of Resource and Service Constraints on Community Disaster Resilience. Resilient Cities and Structures.
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63 Rankine Lecture: 2025

Prof. K. Soga
University of California, Berkeley,
USA.

From Geo-monitor to Geo-adapt:
leveraging distributed sensing and data
analytics for performance-based design,
construction, and maintenance

ey,

“The Campanile”
UC Berkeley

https://smartinfrastructure.berkeley.edu/



