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1. 3D Mobile Mapping




I 3D mobile mapping

3D Mobile Mapping System — S2DAS

 |Indoor and outdoor continuous
seamless mapping

« Centimeter-level high accuracy
 Lightweight, easy to carry

« Flexibility: mapping in GPS-denied
complex environments

« Real-time 3D data acquisition

« Integrated data processing software

« Utilizes Simultaneous Localization and
Mapping (SLAM) technology




2. Point cloud map

I Software

Eile Panels Help

(" interact | % Move Camera [ iSelect - FocusCamera == Measure . 2DPoseEstimate 7 2DNavGoal @ Publish Point

3 Image [x]

Displays = Image

1. Image & Point LiDAR scan

3. Model



3D mobile mapping: Indoor & outdoor, complex, wide scenes
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olorized Point Cloud (MTR)




I 3D Model (MTR)




I Street View
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3D mobile mapping application: Oversized module transportation in MiC

« Due to the large size of
oversized modules, some road
sections are difficult to pass
during the transportation of
modules.

«  We use the 3D mobile
mapping system to conduct
3D mapping of critical narrow
road sections, and perform

it I b vehicle sweptpath analysis to

https://www.devb.gov.hk/filemanager/en/content_1044/2 accurate|y determine the
0201115_12.htm| | location of obstructed road
it sections and provide the best
route for smooth
transportation

»  We collaborate with the Hong
: Kong Construction Industry
Exceed the _ Council to promote the

dul application of Modular
m(? uie Integrated Construction (MiC)
height? in Hong Kong



https://www.bricsys.com/applications/a/?autoturn---swept-path-analysis-software-a759-al1238

3D mobile mapping application: Slope mapping




3D mobile mapping application: Support to BIM generation for old

buildings in Hong Kong

Automatically identify
and generate 3D
models of windows
and doors from the
point cloud

Automatically
generate 3D models
of rooms

Supporting the
generation of
Building Information
Model (BIM) to
realize data
conversion

12



I 3D mobile mapping application: Indoor firefighting

Create realistic 3D
models of indoor
scenes

Automatic
identification of doors,
windows, fire
prevention facilities
and other objects

Used for fire evaluation
simulation and
evacuate route
planning




I 3D mobile mapping application: Forest inventory

« Automatically compute two key forest inventory variables:
« Tree height

« Diameter at breast height (DBH)




I Comparison with existing technologies

2. Building Floor
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(b) Front view by our method



I Comparison with existing technologies

3. Staircase

(c) Other’s
method

(d) Ours

(a) Other’s method

Staircase test between other and our method; (a) and (b) are an overview of mapping results; (c) and (d) are floor numbers
on the wall extracted from both maps; colors are rendered by the intensity of points
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2. Al for Remote Sensing Object Recognition




Al-based remote sensing object recognition

Remote Sensing
Technology

Ps
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Building extraction

& m#: b G
Land change detection

Vehicle recognition and traffic statistics

18
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Landslide Recognition




Al-based Landslide Recognition
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I Al-based landslide recognition

= We developed a series of Al-based
landslide recognition methods and
a software system, with the
following advantages:

= High efficiency: 8 times
higher than traditional
manual method

= High accuracy: with the
accuracy of up to over 90%

= Rich landslide information:
the recognition result includes
the boundary, area, height,
trail and other information of
the landslide.

= This technology is adapted by
Hong Kong Government and local
industry.

oy

Landslide treatment in Hong Kong 21



Semi-automatic approach for identifying locations of shallow debris slides/flows
based on lidar-derived morphological features
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Susu Deng & Wenzhong Shi (2014) Semi-automatic approach for identifying locations of shallow debris slides/flows based on lidar-derived morphological features, International Journal of Remote Sensing,
35:10, 3741-3763, DOI: 10.1080/01431161.2014.915438



Extraction of multi-scale landslide morphological features based on local
G; using airborne LiDAR-derived DEM
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Shi W, Deng S, Xu W. Extraction of multi-scale landslide morphological features based on local Gi* using airborne LiDAR-derived DEM[J]. Geomorphology, 2018, 303: 229-242.



I Landslide deformation monitoring based on PS-InSAR
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We used a total of 23 interferograms from July 2015 to June 2016 to monitor the deformation of the landslide in Sai Kung. According to
the average deformation velocity of PS points, it can be found that the severe deformation is often accompanied by the formation of new

landslides. This conclusion can further provide data for the analysis of landslide susceptibility.




I Al-based Landslide Extraction
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Details
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Shi, W., M. Zhang, H. Ke, X. Fang, Z. Zhan & S. Chen (2020) Landslide recognition by deep convolutional neural network and change detection. IEEE Transactions on Geoscience and Remote Sensing, 1-19.
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Classification and Change Detection




I Classification
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Al-based classification based on multispectral RS images




Change Detection

From grassland change
to construction land

Bi-temporal image

——

Al Model
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Results with change direction First period image From-to change map  Second period image Change direction



I Land Cover Change Detection in Hong Kong
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Classification and Change Detection Flow
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I Change Detection

Water -> Grass Grass -> Construction landuse

Typical land use changes in urban area
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- Boulder Detection




I Boulder Detection

m StoneExtra-Boulder Extraction System
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oulder Detection

Automatic processing system
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I Boulder Detection

An application case in Hong Kong

® StoneExtra has been put into use in two projects held during 2014 to 2016, which were

completed corporately by Civil Engineering and Development Department(HKSAR) and
Hong Kong Polytechnic University.

® These two projects are mainly focus on automatically detecting boulders on deep
hillside which will greatly facilitate the stabilization and mitigation work to the boulders.
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- Outcrop Detection




Outcrop Detection

Area 3 Ground Truth Predict
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 Building Extraction




I Building Extraction

Image

True detection, false detection, and missed detection are colored in yellow, red, and blue.
Building extraction result of the whole Vaihingen dataset

« Automatic building extraction via adaptive iterative segmentation with LiDAR data
and high spatial resolution imagery fusion.

« An automatic building extraction method with LiDAR data and high-resolution
remote sensing imagery fusion. The proposed method had no parameters to set
and requires no samples.

Chen, S. X., W. Z. Shi, M. T. Zhou, Z. Min & P. F. Chen (2020) Automatic building extraction via adaptive iterative segmentation with LIDAR data and high
spatial resolution imagery fusion. leee Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 13, 2081-2095.



3D Building Change Detection

Matching

Classification

Information fusion of point cloud and image
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I 3D Building Change Detection
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Squatter Recognition




Squatter Recognition

ToolBox View g x
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I Squatter Recognition

2018 DOM 2019 DOM

O@
‘

Detected squatter area Reference change
changes map

Our results, Reference change map, overlaid
overlaid with 2018 DOM with 2019 DOM



I Squatter Recognition
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I Object Detection and Tracking from Image and Video

Optical and thermal infrared cameras TIR image-based vehicle detection TIR image-based pedestrain detection



I 3D Road Mapping from LiDAR

&
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3. Urban Spatiotemporal Big Data Platform




I Urban spatiotemporal big data platform

SmartC!fvPlatform me Spie A

m The management and sharing of
urban data faces many problems:
complexity of multi-source data,
barriers between different software
systems/platforms, and difficulties in
data interoperability between
different stakeholders, etc.

m  Our team developed a
comprehensive urban spatio-
temporal data platform to manage
and visualize the data from real world
more realistically on the platform in
three dimensions.

m The platform supports cross-platform operation via web browsers, multi-source and multi-industry urban data,
and spatial analyses.

m The platform can serve as the data infrastructure for smart applications in many fields, such as transportation,
environment, and economy.
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I Data management and application scenarios

Multi-dimensional city model Underground space BIM&GIS integration Multi-source spatial data
« 2.5D city model « Utility visualization » Building semantic information « UAV scanning data
« 3D detailed building model < Underground space « Spatial location information . [iDAR scanning data

visualization

Positioning and navigation  Urban analysis Smart mobility Smart economy

» Indoor-outdoor pedestrian . Building density - Logistics data visualization + Tourist hotspot mining
navigation - City skyline planning - 3D road network
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COVID-19 sub-platform: Query and 3-D visualization of No. of confirmed
cases in surroundings of buildings

THE HONG KONG - COVID-19 Cases Distribution and Onset Risk Prediction Platform
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COVID-19 sub-platform: Confirmed cases distribution in the GBA

THE HONG KONG

BREHRDHRRK

COVID-19 Cases Distribution and Onset Risk Prediction Platform
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COVID-19 sub-platform: Symptom onset risk prediction in 291 Tertiary
Planning Units (TPUs) in Hong Kong

8 HONG KOG P uEunE AR COVID-19 Cases Distribution and Onset Risk Prediction Platform TIME R IE

I.I‘ ‘,” ‘”\‘H:"" UNIVERSITY &g ¥ Smart Cities Research Institute 2D Map 2nM 3D Map Onset Risk Prediction 21-04-2021 22:45:35 12.04.2021
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Onset Risk

Low (0 - 0.2)
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Onset Risk Prediction on 13 /04 / 2021
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COVID-19 Symptom onset risk prediction and actual onset cases on 13

I Apr 2021




I Summary

= We have developed a series of cutting-edge technologies and
integrated solutions for smart city development

= 3D mobile mapping
= Al-based remote sensing object recognition
= Spatiotemporal big data platform

= In the future, these cutting-edge technologies will be more
widely applied to serve the smart city development of Hong
Kong with emphasis on geo-applications.
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Detector in the Air -

2020 Airborne LiDAR
Survey

Jeffrey Wong
Chief Geotechnical Engineer/Planning
Geotechnical Engineering Office
Civil Engineering and Development Department




I ouTLINE

Why Remote Sensing
and Airborne LIDAR?

Territory-wide Airborne
LiDAR Surveys

Applications of LIDAR
Data in Geotechnical
tud
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I WHY REMOTE SENSING

_ The Geotechnical Engineering Office has been
= applying different remote sensing techniques
= to acquire topographic information to support
= natural terrain hazard assessments

> Large areal extent
" - > Dense vegetation

> Difficult access

> Difficult to locate
features in the field

— Digital and
~ = Remote
; Sensing
s = Technologies

{:“W———-—' 3
) L |

Artificial
Intelligence and
Virtual Reality

i

Aerial Photograph
Interpretation

| S
—/‘6

805’ 90s’ 00s’ Now




I Advantages for Remote Sensing

» Collect ground information over large spatial areas,
particularly for remote areas with low accessibility

» Enable characterization of natural features or
physical objects on the ground

« Allow observation of ground surface/features on a
systematic basis

* Less labour intensive

« Some techniques are weather-permitting




] [ | — - I
What IS LI DAR Buildings, Tree top,
and the ground reflect signals

BEY - §18 - FiE R

« Light detection and ranging (LIDAR) was invented around the A
1960s to measure positions of objects from aircraft rapidly for b
military use. | | |

« Laser scanner - determines range (distance) by emitting laser acag | |,
pulses to the ground and measuring the time for the reflected il
signals to return to the receiver at the scanner along the flight Distance = Speed of light  time used + 2

PBRE = Yok x Rl + 2

path.

* To ensure the distances to surfaces are correctly calculated,

precise location and angle of the LiDAR system are determined
by
 Global Navigation Satellite System (GNSS) - measures x, y and x
Z coordinates
* Inertial Measuring Unit (IMU) - records pitch, roll and yaw of the
aircraft
 Detailed positioning infrastructure and services by Lands
Department




I WHY AIRBORNE LIDAR avelling in the form of a cc

multi-return capability —

penetrates the vegetation to acquire ground points

—

Challenges of Topographic —_— .

Survey in Hillside f1st (and only)
1 return from
' ground

§1st return from tree top
(non-ground point)

Last return from
ground (ground point)

Information including the x-, y-, z-coordinates, return no., total

no. of return of the signal pulse and intensity value




I Point Classification & Virtual Deforestation

The first return surface formed by the first signal returned from each location is referred to as a

digital surface model (DSM). The first returned signal can be a ground point or non-ground point
(tree canopy, buildings, etc.)

Non-ground
Points

Ground Points

By characterising the received signals using sophisticated data processing, data points from
non-ground objects such as buildings and vegetation cover can be removed for acquiring

ground surface data points to produce ground or bare earth surface, i.e. digital terrain model
(DTM), containing only topographic information.




B Multi-disciplinary Applications of LiDAR
Datasets

3D Cityscape Modelling
Urban Planning

Tree Management
Geotechnical




I PILOT STUDY ON AIRBORNE LIDAR SURVEY (2006)
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THE 1ST TERRITORY-WIDE AIRBORNE LiDAR SURVEY

Data Capture Period: Dec 2010 to Jan 2011

Total Flight Time: 44 flying hours

Total Flight Length: 4,700 km

Medium of Data Capture: Fixed wing aircraft

Flying Height: 3,300 feet to 3,800 feet
(mostly at 3,500 feet)




Generation of Digital Terrain Model

2008 Landslides in Wang Hang, Lantau Island

Digital Terrain Model

Generated by LIDAR
Data £EoS




|dentification of Geomorphologlcal Features

The DTM generated from the a|rborne LIDAR data cIearIy shows the
geomorphological features on natural hillside (e.g. landslide scars), providing a A

i i - - CEDD
reliable source of terrain data for assessing natural terrain hazards. S



I Emergency Landslide Studies

* Provide dataset for comparison of change in topography at different times.

« Support landform analysis and landslide volume estimate, which assist emergency landslide
response and design of mitigation measures

AU RS
~ o T

Post-landslide digital surface

terrain model from territory-wide
airborne LiDAR data

e
«

Compltéd Flexible

model produced from UAV photos Barriers CEDD
o~



I Detection of Landform Change (1)

2006 LiDAR 2010 LiDAR
all returns, points by intensity all returns, points by intensity

CEDD
o~



BB Detection of Landform Change (2)
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I Extraction of Terrain Characteristics

Tension Crack in Ma On Shan




|dentification of
Old Cut and Fill Terraces

Shau Kei Wan

1963 Aerial Photo
2009 Aerial Photo




I THE 2ND TERRITORY-WIDE AIRBORNE LiDAR SURVEY

(ZBR(Dapture Period: Dec 2019 to Feb 2020
Total Flight Time: 84 flying hours
Total Flight Length: 8,600 km
Medium of Data Capture: Helicopter
Flying Height: 1,500 feet to 6,000 feet

(mostly at 2,000 feet)
x| \’fi/-_ - ....“' ——o




I Comparison of the Airborne LiDAR Surveys (1)

""ndng nUIy

Island
2006
Maximum Point Spacing: 1.3 m
Horizontal Accuracy: 0.3 m
Vertical Accuracy: 0.13m
(Flat Open Terrain)
Max. no. of Pulse Return: 4 4 8§




I Comparison of the Airborne LIDAR Surveys (2)

Pilot Airborne Territory-wide Airborne Territory-wide Airborne LIDAR
LiI_:)AR Survey (2006) LiDAR Survey (2010) Survey (2020)
Fixed-wing Aircraft Fixed-wing Aircraft Helicopter

'
g ey \ g (mostly at 2,000 feet)




I 2020 LiDAR Survey - Key Considerations in Planning of Flight
Path?’Topography 2. Airspace of Nearby Airports

. ) N,
W\ W
W 3 A%

Flight Height (Feet)
1500

2000

0255 10 15 20 3000
Kilometers 6000

40% swath overlapping with adjacent flight lines




I System Configuration (1)

H

S

=

ELISE

RVICES

a - i
Laser
GNSS Receiver | M=s"" Scanner




I System Configuration (2)

Scanner Data
~ Recorder

B, Y — _
/;.f"Camera w=Power" @ X
ﬁnngr Data ‘—.DJSJ:r.LbJ.l.t,um.,_~ ‘
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B Data Processing

« Step 1: Automatic classification of LIDAR data points by specialist software.

« Step 2: Manual checking and adjustment of classification data.

« Orthophotos produced by Lands Department provided a good reference for data classification; the imagery
captured during LIDAR acquisition was also used.

« Complicated terrain conditions with the presence of steep hillslope, thick vegetation and high-density
buildings may result in defects in the software/algorithm for processing LIDAR data.

Manual Reclassification of Manual Reclassification of fﬁ
Vegetation to Ground Vegetation to Building




I Key Datasets under the 2020 Airborne LiDAR Survey

» Raw data points

» Classified data points (ground, low-, middle- and high-vegetation,
building, water, electric tower, etc.)

» Digital terrain models

» Digital surface models

Digital Surface Model (DSM)
Digital Terrain Model (DTM) P




I APPLICATIONS OF LiDAR DATA IN GEOTECHNICAL STUDIES




I Natural Hillslope with Rock Outcrops

Aerial Photograph DTM DTM

(2010) (2010 LiDAR Dataset) (2020 LiDAR Dataset)



I Boulder Field in South Lantau

DTM
(2010 LiDAR Dataset)
DTM
(2020 LiDAR Dataset)
Aerial Photograph S
(1963) CEDD




I Vore Detailed DTM generated from 2020 LiDAR Survey
Datasets

-~ R0 - Indicator of SN

posSibIé relct | ',,

Landslides idenified £
“from aerial photos . &
,.and recorded in the

ENTLI ; \?f\

DTM DTM ENTLI Dataset/1 963

- - Aerial Photograph -
2010 LIiDAR Dataset 2020 LiDAR Dataset
( ) ( ) No Record Identified for .~~~

: CEDD
the Possible Scars —



I Advancements in the 2020 LiDAR Survey

* Higher point density and resolution of 16
points/m? — 4 times higher than the first airborne
LiDAR survey in 2010.

« Enhanced penetration — capable of recording 8
returned signals (4 returned signals in 2010)
allowing better penetration through dense
vegetation and more accurate capturing of ground
profiles.

 Improved accuracy — Higher data accuracy is
expected from a low flying height at about 2,000
feet in the majority of Hong Kong by helicopter
(compared to 3,500 feet flying height of fixed-wing
aircraft used in 2010). The lower flying height also
means that the survey had a better chance to
avoid cloud covers.
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Geotechnical Engineering Office

I GEO Open Data Portal s N

The territory-wide airborne LIDAR
datasets are available for public use
since April 2021.

Website :
https://www.geomap.cedd.gov.hk/GEOO
penData/tc/Default.aspx




Conclusion

* Remote sensing techniques provide spatially continuous data, enhance
safety and efficiency.

 LIDAR, especially airborne LIDAR, can obtain accurate topographic
Information for a large area for geotechnical studies effectively.

* Airborne LIDAR is well applied to inaccessible and vegetated areas, which
supplements traditional survey methods.

* High resolution terrain models are generated and non-ground objects are
Identified.

* The data obtained are useful to landslide risk management and multi-
disciplinary applications.

)
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Excellence with
Technology
Innovation:

Dreamers and Realists

Ir Sammy Cheung

Geotechnical Engineering Office
- Civil Engineering and

Development Department




Geotechnical Engineering Office
many severe landslides occurred in the 70s
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manage and control geotechnical engineering works related to the
safe and economic utilization and development of land, provide
emergency services to support government in mitigate landslide risks

implement engineering works mainly in the areas of port and coastal
engineering; and site formation and reclamation works, public and
marine filling, formulation of overall public filling strategy and
programme, planning and operation of barging points and fill banks.

Plan and implement engineering projects related to major infrastructure
developments in Hong Kong




Geotechnical Engineering Office
our services are expanding

Ground investigation
Geotechnical Geological survey

Landslide

Prevention Services Material testing

Prefabricated steel yard

) Quarry (surface and underground)
Geotechnical Project Cavern

Control Delivery

Underground space




Geotechnical Engineering Office
innovation has been a part of our success

Evolving in response to experience,
continual improvement initiatives
and technological advancement, we
now have in place one of the best
slope engineering and landslide
risk-management systems in the
world.

Chief Executive, 2017



Geotechnical Engineering Office
innovation has been a part of our success

é,ﬁﬂtﬁ} ii%ﬁﬁ:ﬂ_*ﬁ%k

Asian Magazine: Hong Kong
leading the world in slope
management

Success factors

Innovation and technology



Geotechnical Engineering Office
examples of our achievements in using innovative solutions

Slope Information System Mobile Applications
( RN canre B P |

Hong Kowa Sigre Sarety Weasite

Comprehensive inventory of
registered slopes in HK (since
1999)

& Integrated GEO System
__on mobile platform

Aoy N,-\\ .,(3612) "

§
N

Airborne Lidarsurey
covering entire Hong Kong
(2006, 2011, 2020)




Geotechnical Engineering Office
examples of our achievements in using innovative solutions

£ ﬁg

Real-time data

Knowledge users Enterprise data
Integration Asset

X oD management
nln .
My

. Modeling
t and

Protessional
) Analysis
Public Spatial'data worl
Imagery & AnVEERE
o e (=] [=] yw

i -] Basemaps & A
N B dog é Planning
n Other D B

departments V

Geotechnical Information Infrastructure for
systematic management of GEO data



GEO Drive for Technology Innovation

Constructlon 2.0

Time to change

N
‘‘‘‘‘‘‘‘

Innovation is ﬁne :of the key pillars in the Constructlon 2 0
advocated by%he Government to strengthen and ‘enhance the

sustalnablllty ﬂndxiong term growth prospects of Hong Kong

s the momentum to exce‘i)u services and

-a‘
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GEO Drive for Technology Innovation

Ve R

Fostering a vibrant culture of 1&T Strengthening technological
and nurturing talents within GEO collaboration with practitioners

Identifying and applying Implementing suitable 1&T in
technologies for applications engineering practices



,¢ YW‘K* Our people, our asset

Competence matrix of GEO staff in innovation knowledge users
and technology subjects ®
J
o \® O
Y Y power users

expert users

perform day-to-

applying advanced day tasks

leading development application



GEO Drive for Technology Innovation
key technological areas

N

Robotics & Automation Artificial Intelligence

BIM BUILDING mavicevent
INFORMATION g
= MODELLING ZPLAN =
= DECISION 2 # ej)J k%a

DESIGN PLACES CONSTRUCT

<D>)

B

Digital Technology & loT Novel Technology




Automation

11

Numerical
Tools

&

113

GEO Drive for Technology Innovation
key technological areas

Smart
Construction

ke

8

loT and smart
Sensors

Artificial
Intelligence

v &

19

Novel
Material

&2

11

BIM

BIM BUILDING hivaseven
INFORMATION %

S MODELLING 5PLAN £
2 DECISION 2 R
DESIGN PLACES gONSTRUCT

12

Remote
Sensing

Rz
11

Digital Twin



We have a vision

Dreamers operate
in a special mode,
always looking for
opportunities to
create value in
novel ways




GEO Drive for Technology Innovation
our recent endeavor in robotic solutions




GEO Drive for Technology Innovation
our recent endeavor in robotic solutions

Are you fascinated by
working with them?



Robotic Solutions




GEO Drive for Technology Innovation
our recent endeavor in robotic solutions

How can they help in our services?



cond|t|on

Robotic Solutions
the circumstances that robots can help

~< _-;_g



Robotic Solutions
the circumstances that robots can help

Hazardous situation during inspection of landslide sites



Robotic Solutions
the circumstances that robots can help

Hazardous situation during inspection of landslide sites



Robotic Solutions
the circumstances that robots can help

Rugged terrain that we traverse and collect field data



Robotic Solutions
the circumstances that robots can help

slope inspection and site works



Robotic Solutions
the circumstances that robots can help

huge slope that we need to carry out inspection



Robotic Solutions
advanced quadrupled robot

Remote Control

@ New remote Capability
sensing

tools Landslide
Inspection
Feb Aug Sep Dec
2020 2020 2020 2020
N\ £~

Initial Invitation of Arrival of Site Trial
discussion Quotation Spotin  (Man-made Slope,
with Boston (Leasing Dog) HongKong Natural Terrain &
Dynamic Dis-used Tunnel)

(™
.\~_-1



Robotic Solutions
advanced quadrupled robot

Al Lens
(AWS Deeplens)

Additional Lighting

Handheld LiDAR
scanner mounted on
SPOT

High resolution
camera using
GoPRO

Quick assembly of sensors and
camera on Boston Dynamics SPOT






Robotic Solutions
advanced quadrupled robot

inspection at landslide site



Robotic Solutions
advanced quadrupled robot

digital model captured by handheld LiDAR scanner



Robotic Solutions
advanced quadrupled robot




Robotic Solutions
advanced quadrupled robot

rock slope formed by open blasting Lidar Image of rock slope

data capturing at construction site



Robotic Solutions
advanced quadrupled robot

T T

BIPTY U6 n
L.l's!’-—':) =

cavern construction site



2\

Long Range Control

Robotic Solutions
advanced quadrupled robot

]
. ( e )
Vision
RN s Sensors/
fgﬂ E \:\/ﬁ‘% = I = Data
A I é‘ - .
L Collection



Robotic Solutions
advanced sensors

3 GPU Accelerated | L!ghtwelgtht

oy T A computers = L= LiDAR



Robotic Solutions
advanced sensors




Robotic Solutions
advanced sensors




Robotic Solutions
long-range communication on advanced quadrupled robot

s ¥ Fircfox Web Browser ~ Mon 18:44 ER T~
R2C2 Jotpack Spot Controller - Mozilla Firefox 200
[le EOC View Hstory Bookmarks Jools el

LN LA IRERE

CEDD cumgemmaze | GEO [Prece
F > PROXIMITY

-y wr

- (o™

INFORMATION

- | Advanced cameras (IR | Robustlong range
GPU Accelerated - - .
- & | camera, depth camera, 360 J=f | communication for
P camera, solid state LiDAR) [ robotic control




Robotic Solutions
a variety of data capture sensors on advanced quadrupled robot




Robotic Solutions
advanced quadrupled robots on actual mission

landslide inspection at Black'’s Link



Robotic Solutions
mobility limitation of the advanced quadrupled robot

working with Boston Dynamic in improving the mobility



Robotic Solutions

rugged terrain




Robotic Solutions
spider robot prototype
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Robotic Solutions
Hebl - tready
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Robotic Solutions
Hebi - tready

Robotic arms to expand the
application of the robots

Assemble tready in
collaboration with CUHK

H AP K ECCERI MBAEALKFELERE
The Chinese University of Hong Kong, Shenzhen | Robotics & Artificial Intelligence Laboratory




Robotic Solutions
Hebi - tready

Feb
2020

Our journey on robotic applications will continue
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GEO Drive for Technology Innovation

£

Prerequisites of ambitiou ers
= conceiving (potentially) great ideas
= excitement in exploring and ~
validating high-impact "
opportunities; e
= communicating and promoting
ideas and concepts |
= realizing the resulting potential ) v LY
= pragmatic and accepting failure \



Biggest Dream?

Enterprise data
Integration

AHERLL
WitHys 2

£

Real-time data

A

i

|
P\_ £ PR #f‘z ﬁ A J
Ve e g g A g

Spatial data

Imagery &
Basemaps %E
GEO data <@

Other ‘

departments

GEO data amalgamates
into data lake

project management data
district control

e Oc»fj i
=N Y

-

& #x Home # % Siri

I 5 5 Alexa

Hey, GEO

Can you tell me when this slope was
upgraded and who were the consultants
responsible for the upgrading works?



GEO Drive for Technology Innovation

Pandemic has forced corporations to make sweeping
changes to confront the new normal and technology has
been the lifeline for many companies, government and
people.

cloudandAl - digitalisation
hybrid workplaces e-commerce
consumer behaviour changes
travel grounded virtual visit



GEO Drive for Technology Innovation

Natural disasters caused by climate change become more
frequent and damaging



Chan‘éeg are only for the
T)'eOpl"e who are prepared.
Whoeverteact fast. survive



THANK YOU

\

) Geotechnical Engineering Office
{ Civil Engineering and Development
——— Department

[ 4 Sammy Cheun
- I

D}] sammypycheung@cedd.gov.hk




HONG KONG *
GEOTECHNICAL SOCIETY

Joint Symposium on Digital Geosciences & Geotechnology

Theme (2) : Applications of Artificial Intelligence and Machine Learning

Vertical Al - An integrated solution ﬁr a o

smart and resilient City

[ —

Ir:"Prof. Wang Yu-Hsing and DESR LaTb‘\
Departmentof Civil and Environmental Engineering

16 September 2021

EERNKAR
THE HONG KONG "\

UNIVERSITY OF SCIENCE 'h DESR w/b,
AND TECHNOLOGY

Data-Enabled Scalable Research Laboratory




Research

I DESRLal

Data-Enabled Scalable Research Laboratory

|

Scalable




Our mission:
innovating fundamental Smart City infrastructural technologies to connect
citizens and decision-making.

STRUCTURAL AERIAL IMAGERY

STABIIITY > POPULATION DENSITY
< DIGITAL TERRAIN MODELS
STRUCTURE’S RESPONSE TO EXCITATIONS >

NATURAL AND MAN-MADE STRUCTURES

Yo~
~  WILDLIFE
-~ ~ WELLBEING

VISUAL AND AUDITORY DATA
HEAVY USE OF MACHINE LEARNING

SLOPE
MONITORING

LANDSLIDES, ROCKFALLS, DEBRIS FLOW
EARLY WARNING NOTIFICATIONS

', CLIMATE
& POLLUTION

DISTRIBUTED CITY-SCALE MONITORING

DESRLal
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TREE HEALTH

COLLAPSES THREATEN LIVES IN HK
TYPHOONS, RAIN AND DENSITY

WATER

MANAGEMENT _.. ( <
DETECTION OF SEEPAGE AND LEAKS P
SEWAGE AND POTABLE WATER 0

UNDERGROUND
INFRASTRUGTURES

RAILWAYS, TUNNELS AND CONSTRUCTIONS
CAVERN DEVELOPMENT A FUTURE FOR HK
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Artificial
Intelligence




An Integrated
Robot

Symbiotic Solution for
Smart and Resilient
Cities

Partnership




Semantic
Integration

ArtiFicial
Intelligence

Sensor Design
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m Sensor Technology Matrix
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Landslide monitoring
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I. DESR-node

(the tree

lll. Data center
Sensor)

(network and
application servers)




‘Source: Mr. KennethhHo (Deputy Head), GEO, CEDD
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Combing the power of and Al

AloT (Artificial Intelligence of Things)
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Unified Data Collection

@ Data Sources

Y  sensors Public Agnostic PLC
Domain Data Integrator AGI SCADA
* DESIGnSLM
Sensor Node « Rainfall Data Logger
1 .(S;elsm QOmeter. « Temperature Database
*» Geophone R
SiCrackmoter * Closed Circuit TV AMQP

... and etc. ... and etc.

= SeedLink

Scalable Message Broker
Raw Data

Subscribers

-




Agnostic integrator
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4G e " RS232
LoRaWAN “PakBus
Bluetooth Other Sensors
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Patent-pending Military Grade
Trusted Data Loggers

* On-device battery, DGPS location

* Guarantied Delivery to Server

* GPS Time Sync
* Data Compression
* Redundant CPU, Storage, Power, Sensor, Networking

e Self-monitoring and recovery

* Trusted Platform Modules-based security
architecture

* Secure Boot
* Trusted Computing Group (TCG) standards

 Common Criteria (EAL4+) and FIPS security certification

* Transport Layer Security (TLS) for all data transfer




Semantic
Integration

Artificial
Intelligence

Big Data
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Data Storage: Cassandra @& Processihg: Spark
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1. Scalable Database for Big Fast Data Processing

Data Storage Real Time Risk Assessment

Self-fanagepleRiPly>tem Capable of Machine Learning

Open Sources Open Sources
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 Data storage & retrieve
JAI training and computation

(d Data Visualization




ArtiFicial
Intelligence

Artificial Intelligence
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US CEOs think Al will
significantly change the
way they do business in
the next five years

Al isn’t the
future;

It’s the now.
Already more than half

of Fortune 500 CEOs
say their company Is
using these
technologies to iImprove
efficiency.




WY S RARCHDIVE

Artificial Intelligence in Construction Market
Estimated to Generate a Revenue of $2,642.4
Million by 2026, Growing at a CAGR of 26.3% from
2019 to 2026 - Exclusive Business Report by
Research Dive



-

Computers Used to be Programmable
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Now Al madeit Teachable
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Landslide monitoring
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3:35:22"}
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Deep Learning for
Landslide inventory mapping




Al
(deep learning)

aaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa



ENTLI (by Human experts By deep learning
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Classical machine learning
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Q LantauMaster - ArcMap
File Edit View Bookmarks

Table Of Contents

Eleoc8 @

= = layers

= [ Testing SubArea D
]

= O Testing SubArea C

O
= [ Testing SubArea B

|
= O Testing SubArea A

=] Holes

=]
2 Scars_main

5|
O Validation Area
O Training Area
O Testing Area
= O Lantau_DTM.tif

Value

m

"Low: -2.94256

After_2011May.tif
before_2008.tif

Geoprocessing Customize Windows Help

R RN m— A= 1] L=
willes NE-0K0O 7 BI2NHS TR
a x

Input all the Al-
processed information
into the GIS

I@a|&n <

G- @

Location: IE SelectedZones

=] Home - Desktop\ENTLI

BaseMap
HK map

= 3 Master

£ Images

3 RasterLabels

5 5 SelectedZones
() Testing Area.shp
(B Testing SubArea Ashp
(&) Testing SubArea B.shp
(B Testing SubArea C.shp
(&) Testing SubArea D.shp
(& Training Area.shp
(&) validation Area.shp

[ Shapelabels
() Different Areas.shp
(B SelectedZone.shp
(&) area.shp
@] label.mxd
@] LantauMaster.mxd
(3 Folder Connections

[ Database Servers

[ Database Connections

B3 GIS Servers

My Hosted Services
Ready-To-Use Services

‘ yaleas @ ‘ Bojelen Q |

Data-Enabled Scalable Research Laboratory



DESRLab-

Data-Enabled Scalable Research Laboratory




Street air
pollution

from the
vehicle fleet

et Pl




Problem
Encountered

Concern about
data privacy in
real-time monitoring

Speed/acceleration/
deacceleratlon
calculations
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360° Camera with Edge AT



Penfold Park (nesting area)
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Challenges in model training

1. Bias and limited labelled datasets
0 Common applications: MNIST, ImageNet, CIFAR, COCO
O Aves classification & detection: CUB-200-211, iNaturalist
* Insufficient; average no. of images per species: ~59 & ~114
» Images of species found at Hong Kong are limited
- Small object; Label data are usually display clear features

A

T SN b

Label Image

Real World

Mao et al. 2020



Challenges in model training

. Fine-grained object detection

O Subtle features, such as bill/beak color, the
color surrounding eyes/lore, color/pattern of
plumage, etc.; typically used by human to
distinguish different bird species

O Prominent features: pose, orientation,
distance to cameras; used by machine
learning models to differentiate objects

O The Al models would be confused & misled if
inconsistencies are found in the prominent
features (partially covered by leaf)

Mao et al. 2020




Difficulties in model training

3. Features of egrets vary with seasons

O Great egret
* Breeding season
green lore
* Normal season

O Little egret
* Breeding season
* Normal season

Mao et al. 2020

. black bill, breeding plume, neon

. yellow bill, no breeding plume

. breeding plume, purple/red lore
: no breeding plume




Domain randomization

Synthesized bird dataset using 3D modelling

0 3D egret models, with specific attributes
(size, shape, color of feathers, posture and
flight pattern)

O Different perspectives of views (orientation
angle, distance to camera)

Mao et al. 2020
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Detected Birds

Mao et al. 2020
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Al perception for bird detection

Domain . .
Great egret Baseline  randomization Little egret Baseline rand

weakest response strongest response
« Domain randomization-enhanced model focuses on the subtle features of the neck and

(essential fine-grained features used by the experts to distinguish bird species).
« Conventional approach tends to identify bird species from the color and textural
body.
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—o— all birds count
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Elevatlon of hot spots: Great egrets vs Little egrets

great and little egret
2019-06-01 07:22:18
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Great egrets come home a little bit earlier



Artificial Intelligence-based Building
Information Modelling

INEETTY)




AIBIM Operational Pipeline

Defect types,
N e A attributes & locations

DESHL@J?’ Chow et al. 2021

Data-Enabled Scalable Research Laboratory




Smart Data Collection System

Generation 1 (16 Lines) Generation 2
(128 Lines)

1
A

&~ &
“DESRLab °
o

¥nabled Scalablé Researct ory

DESRLG/‘?’ Chow et al. 2021

Data-Enabled Scalable Research Laboratory







Sensor fusion

« Perform coordinate registration for camera-LIiDAR datasets
« Estimate relative pose of LIDAR and camera (translation & rotation)
« Stack point clouds onto equirectangular images

-

Relative translation b
and rotation ’ |
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Anomaly detector

ata-Enabled Scalable Researc|

h Laborat

ory

ey Y

. Concrete without defects

seful for scannlng new sites when

the defect types areuunknown
the defect data are limited

b e



Anomaly detector DESRLab

* Self-learning to reconstruct the normal class
* Never see and learn what are — poor reconstruction
» Unsupervised: No label is required

Normal (Non-defects) Reconstruction quality

Al models ’ Good

PR Training

(Defects)

N

Chow et al. 2020




Anomaly detector

The model never learn to
reconstruct the

— /)/

Reconstructed
input

Chow et al. 2020




Anomaly detector

DES

Data-Enabled Scalable Research Laboratory

Cracking

« Significant differences between cracks
and undamaged surfaces
« Parts are shaded from the light source

Anomaly map

Low Error High



DES

Anomaly detector Spalling DESRLab

« Significant differences between
spalling region and smooth surfaces
« Parts are shaded from the light source

Manual ' High
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ArtifFicial

Intelligence

Semantic Integration




Robot-Al Partnership

Automatic integrated
solution




To see things that we before

Better Decision Making

From NASA
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Automatic rock type classification using computer
vision-based artificial intelligence technique
feasibility and challenges

Louis WONG F¥ig

Associate Professor
Director, MSc in Applied Geosciences
Department of Earth Sciences




Background

The ground is the place where things are most likely to go wrong
during a construction project, and the worse the ground, the greater

the risk.

GEOGUIDE 3

The Institution of Civil Engineers (ICE) (1991) gglc?p(EpTr?D .

DESCRIPTIONS

Ground investigations (GlIs)
* Soil/rock samples recovered from boreholes

* Logged (described) manually by qualified geologists with
reference to Geoguide 3 (GEO, 2017).

* GI reports (description + colour photographs) T ——

Civil Engineering Department
The Government of the Hong Kong
Special Administrative Region




Background

Rock 1dentification and classification

* Why?

* How?
* Manual
* Computer-aided hand-crafted feature-based rock classification
(feature-based classification)



Outline

* Background (V)
* Objectives

* Methodology

* Conclusions



Objectives

Python

NEE]

- automatically classifies common Hong Kong rocks (fresh and weathered)

- predicts rock name + confidence accuracy, e.g. Grade II medium-grained granite (95%)

Guangdong Province

https://www.universitytranscriptions.co.uk/what-is-a-good-accuracy-level-for-transcription/

Cretaceous to Tertiary
sedimentary rocks

Jurassic and Cretaceous
granftoids

Jurassic and Cretaceous
volcanic rocks

Devonian to Permian
sedimentary rocks

https://maps-hong-kong.com/hong-kong-geological-map
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* Conclusions



The big family of “AI”’ (many are subsets of Al)

1. Artificial Intelligence (AI) Classic ML

learning, reasoning, understanding, grasping truths,
seeing  relationships, considering meanings,
separating fact from belief.

Deep learning
(DL)

e.g. logistic

e.g. convolutional neural
regression

network (CNN)

2. Machine learning (ML)
larger concept containing deep learning and classic

ML.
Machine learning (ML)

¢.g. reinforcement
learning

e.g. robots

1 Artificial Intelli Al
convolutional neural network (CNN) ruficial Intelhigence (Al)

GRS :



Al Models vs Al Algorithms

* This can be confusing as both algorithm and model can be used
Interchangeably. Not really!!!

* Model as the specific representation learned from data and the algorithm as the
process for learning it.

Model = Algorithm (Data)

* e.g., a decision tree or a set of coefficients are a model

* e.g., C5.0 and Least Squares Linear Regression are algorithms to learn those
respective models.



Machine Learning (ML)

* The goal Is to create a simulation of human learning so that an
application can adapt to uncertain or unexpected conditions.

 To perform this task, machine learning relies on algorithms to analyze
huge datasets.

* The key task I1s to LEARN a function.



Different workflow Classic M L

____________________________________________________________________________________________________________________________

Hand-crafted . Mapping
features from features

____________________________________________________________________________________________________________________________

> No need to understand the details of the two flowcharts.
> Just have an intuition that classic ML and DL have similar flowcharts but
different representation of features

Deep Iearnlng

e

Mapping
from features

Input > Simple features > Abstract features



Features for DL (unstructured data)

» No need to manually extract features from
Inputs.

1-D: 1.e. Audio > Algorithms will automatically learn abstract
features from simple features, such as RGB
values, gray-scale values, etc.

» Then using abstract features to do
prediction.

2-D: 1.e. Image

» However, the meaning of abstract features is
quite non-interpretable.
» Why some abstract features work is kind of

3-D: 1.e. Point cloud “black-box”

11




Neurons and hidden layers

Neuron

Dendrites

Soma w Axon terminals

Axon

» Neural networks have different layers,
each one having its own weights

» The neural network segregates
computations by layers

» Weights represent the strength of the
connection between neurons in the
network

sizes

Number of
bedrooms

District

Number of
MTR
stations
around

Distance
to schools

Input (layer)

Living
quality

Education

Tax
imposed

>

input > output

N7

Layer4

Layer 3
Layerl

Layer 2

Price

Hidden layers

Output 12




Simple features

How a computer read an image? ---Using RGB values

240

175

133

Convert images to numeric data

13



Methodology (cont’d)

(3) AI model training and fine-tuning

Heavy technical content

Splitting data into training, validation, and testing datasets

Testing data are always “never-before-seen” (“unseen”) data vs training and validation data
Training and testing AI CNN models (MobileNet V2, ResNetl8, VGG16, Inception V3, AlexNet)
5-fold cross-validation strategy for more comprehensive analysis

Three evaluation indices - Precision, recall, f1-score (next slide for e.g.)

Confusion matrices for error analysis

Identification of misclassified testing images
Pick the best performing CNN model

e RN

Test Test

Validation
Score
)
Training
Score
3

Score
https://medium.com/analytics-vidhya/training-validation-and-test-set-in-machine-learning-7fab555c1080 14




Examples (predicted vs actual)

Predicted class

Granite Tuff
Actual class Granite 100 (TP) 10 (FN)
Tuff 20 (FP) 90 (TN)
. TP TP
— Recall =
Precision TP+ FP TP+ FN
Precision = =0.83 100
Recall = =0.91
100+20 100+10

precision - recall
precision + recall

f, —score =2x

0.83x0.91 _
0.83+0.91

0.87

f, —score =2x
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Conclusions

Feasibility

* GI records

* Standard logging practice
* Open access

Challenges
* Need good data
* Need large amount of data

* Need 1image pre-processing and
labelling

* Complex geological formation,
e.g. Yuen Long Formation?



Thank you!

Louis WONG
LNYWONG @hku.hk
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. Background for the Natural Terrain Hazard Study (NTHS) in Hong Kong

Methodology (Brief history of Al and specific applications in earth sciences)

. Challenges (Adoption of Al tools in NTHS)

Case Study in Hong Kong (Catchments in Fei Ngo Shan, KLN, and Tuen Mun, N.T.)

. Algorithms (Mask-RCNN and its advantages)
. Model training (Data pre-processing, training samples, parameters, training result)
. Training result & model inference (Assessment of accuracy, limitations)

. Smart NTHS (Proposed framework)
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1. Background

* Natural Terrain Hazard Study (NTHS) in Hong Kong

 (1970s, 1977 GCO, 1991 GEO, 2010)
 Landslip Prevention and Mitigation Programme (LPMitP)

Po Shan Road landslide (1972)

 Enhanced Natural Terrain Landslide Inventory (ENTLI)
* (interpreted from 1945 onwards aerial photographs)
« 2010 and 2020 LiDAR survey and pilot studies

* Pilot studies on landslides and climate change

* Digital transformation (BIM, digital twin)

* New technologies (software & hardware)

e T

Tsing Shan landslide (1990) 2 , . )
Shum Wan Road landslide (1995)

Photo credit:

et hkss.cedd.gov.hk
Yu Tung Road landslide (2008)

i 7=\ The
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2. Methodology

Artificial Intelligence

Computing Machinery and Intelligence, 1950

ALAN TURING \«

1912-1954

¢ /\ and cryptographer, whose work

(Alan Turing and the Turing test)

Support Vector Machine (SVM)

Convolutional Neural Network (CNN)

o —————————— — — — — —

Deep Learning

 Deep Learning for the Earth Sciences

(solid earth, ocean, atmosphere, mining...

=\ The
) Geological

® GeoRisk 4
@ Solutions °

(1956-1974, 1980-1987, 2011 to dateis >

—

was key to breaking the
wartime Enigma codes,
0 lived and died here,

Conventional classification vs Deep Learning

50 yrs after the 1956 Dartmouth Conference
Photo credit: forbes.com

Machine learning for data-driven
discovery in solid Earth geoscience

Karianne J. Bergen™?2, Paul A. Johnson®, Maarten V. de Hoop*, Gregory C. Beroza®*

Image Feature Extraction Classification Output

|
Image | Feature Extraction [EM Classification Output
l

2019, Science, 363(6433)

MARKUS REI(

DEEP LEARNING FOR

THE EARTH SCIENCES

COMPREHENSIVE APPROACH TO REMOTE S
{IH\! SCIENCE AND ( 1!\(‘« ES

) Published in 2021, Chapter 17 by Prof. LIU, Lin, ESSC, CUHK
A Review of Deep Learning for Cryospheric Studies

7J Society Joint Technical Symposium on Digital Geoscience & Geotechnology (16 September 2021, Hong Kong) Page: 3/10




Journals & Magazines = |EEE Transactions on Knowledg... * Volume: 31 Issue: 3 (2]

3 e C h a I I e n g e S Machine Learning for the Geosciences: Challenges and Opportunities

. . Publisher: IEEE i i
« Challenges from properties of geosciences | cite This

« “Amorphous boundaries in space and time”

 “Geoscience phenomena also have spatio-temporal structure, are highly multi-variate, follow non-
linear relationships (e.g., chaotic), show non-stationary characteristics, and often involve rare but
interesting events.”

« “ ..multiple resolutions of space and time, with varying degrees of noise, incompleteness, and
uncertainties.”

« “...additional challenges due to the small sample size and lack of gold-standard ground truth in
geoscience applications.”

* Challenges of knowledge transfer from academia to industry

« “_..it is difficult to train machine learning models that have good performance across all regions in
space and across all time-steps...instead, there is a need to build local or regional models, each
corresponding to a homogeneous group of observations.”

* Interdisciplinary collaboration between professional geologists and Al professionals

* (many years training requested... smooth collaboration is essential)

=

(o I'
- — 7 NI N\
® GeoRisk @™
: () Geotogical . . . . . /o) .
@ Solutions & society Joint Technical Symposium on Digital Geoscience & Geotechnology (16 September 2021, Hong Kong) i B Page: 4/10




4. Case Study in Hong Kong

* Feasibility of automatic landslide scar recognition with spatial data (2010 LiDAR data)

« Two study areas combined: One study area is located at Fei Ngo Shan, Kowloon; the other study
area is located at Tuen Mun, New Territories

* The case study is further developed from two detailed NTHS!", and designed by the author.

.

el L R i .44& i 0 i
Tuen Mun study area, 1280 x 1280 pixels

Fei Ngo Shan study area, 1280 x

Note (1) - Other publications related to these studies:
Hou, Wenzhu & Jonathan Hart. Design Event Determination for Natural Terrain Hazards using an Alternative Magnitude-Cumulative Frequency Method — Observations from a Pilot Study in Fei Ngo Shan, Kowloon. (In preparation)

Hou, Wenzhu, Jonathan Hart, Regine Tsui, Alan Ng, & Chi Son Cheung. “Using UAV-based Technology to Enhance Landslide Investigation - A Case Study in Fei Ngo Shan, Kowloon”. Full Paper in HKIE Annual Seminar. (2021)
Hou, Wenzhu, Regine Tsui, & Jonathan Hart. “Digital Regolith Mapping from Integrated Sources of LiDAR Data and Historical Imagery — A Case Study in Hong Kong”. Abstract in Geological Society of Australia Abstract. (2021)

® GeoRisk =) e
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5. Algorithms

« Mask R-CNN for Object Detection and Segmentation

Classification + Localization Object Detection

* (The model generates bounding boxes and segmentation masks for
each instance of an object in the image. It's based on Feature
Pyramid Network (FPN) and a ResNet101 backbone.)

h:epShoep
. 2
e Source code from https://github.com/matterport/Mask RCNN |
° I nCc I u d e d as a too I | N A rc G I S Pro Semantic Segmentation Instance Segmentation
Semantic Segmentation vs Instance Segmentation
= Faster R-CNN Image credit: https://towardsdatascience.com/
Classification J Bounding-box
loss . rffessnon loss Semantic segmentation Instance segmentation

- — Stage-2
classifier

Classification Bounding-box

loss regression loss ' ) Building 1 |

- Rol pooling Building 2
Rk i puigings [

_;‘.’ v Building Building 4

G Background Building 5 \

/ / Buildin§6

K Building 7
Backgrzumi -

Region Proposal Net !
Stage-1— E;:/
L Mask Head
S / e RORE) + [MaskUsdl > MaskRONN Extracted from https://developers.arcgis.com/python/guide/how-maskrcnn-works/
e oz " Framework of the Mask R-CNN

Faster R-CNN predicts object class and bounding boxes.
Architecture of the Faster R-CNN Mask R-CNN is an extension of Faster R-CNN with additional branch for predicting segmentation masks

® GeoRisk on each Region of Interest (Rol).
eoRIS (=) The

=
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https://github.com/matterport/Mask_RCNN

The nine channels are:

. . We’ve also tried different combinations of channels
n O e t r a I n I n g More details will be provided in the paper. DEM

Slope
How many training samples? totally 73 landslide scars in the two corresponding Slope roughness
catchments were annotated as training samples (is it sufficient?) Aspect

.. . ) Aspect roughness
To overcome the data scale limitation, we use 9 (nine) channels data generated from A dlee et e

the Digital Elevation Model (derived from 2010 LiDAR). Curvature
. . . i . ) ) ) ) Plan curvature
The multi-channel images contain supplementary dimensional-wise information which Profile curvature

can be treated as substitution of pixel-wise information for model training. These channels are carefully

selected to reflect landslide
associated features.

Heterogeneous modality were aligned, standardized, and concatenated.

P

[

=) [ i 3 T s
) R |
! -3 g
L
z

i Annotation of training samples Annotation of training samples

® GeoRisk
@ Solutions

P RS SR |
TG

To ensure the robustness of the Al model, only the corresponding catchments, i.e. area investigated by API professionals, were included for model training.
That means, the uninvestigated parts of the 1280 x 1280 pixels’ images were treated as non-informative areas (the black out area as shown above) during

\ The the whole training procedure.

Geological
] societs Joint Technical Symposium on Digital Geoscience & Geotechnology (16 September 2021, Hong Kong) Page: 7/10




Relict features in ENTLI

/. Training result and
model inference

 Initial learning rate 0.001, decrease
by a factor of 0.1 when loss stop
decreasing.

Erosional features which \ i
are recognised by Al model = y
but not included in ENTLI

Recent features
in ENTLI (2005)

* Train Average precision 0.821.

* Full 1280 x 1280 pixels images with
all information enabled were then
used for model inference.

* The results show that, the trained iy 7
Mask R-CNN can not only clearly R f Do
detect and segment the landslide
scars in the investigated areas,

* but also infer with promising
performance in the uninvestigated
areas (outside the catchments).

ee tures in
* Limitations: resolution of the 2010 NTLI (2000 & 2007)
LiDAR, paucity of training samples,
bedrock geology, landslide types, [Tiese were preliminarily Fx

field validation... validated using aerial photos \Rec/ent features

® GeoRisk /&)™ in ENTLI (1989) [ o)
€o _I 5 ij (S‘,:? Geological . . . . . . P ; 8/ 10
@ Solutions &/ society Joint Technical Symposium on Digital Geoscience & Geotechnology (16 September 2021, Hong Kong) age.




8. Smart NTHS - Proposed Framework

* QOur case studies indicate that in NTHS, the
use of Al models can enhance professional | We also propose to develop a package of tool boxes to

investigation efforts, at the same time, the | jmplement an highly automation process, the Smart NTHS,
inferred results can be used as reliable in the geotechnical industry.

references for further analysis and
research.

v/ Building historical DEM (collaboration with ESSC CUHK)
v/ Automated landform mapping (our LIC report)
* GRS ask for support and resources from v Automated mapping of landslide scars (this study)
different sectors of the greater geosciences v d lith . b
community (the government, universities, Automated regolith mapping (AESC abstract)
professional societies and the industry) » Automated landslide susceptibility mapping (study in progress)
v Automated calculation of landslide source volumes (HKIE abstract)

v/ Semi-automated design event derivation (MCF method, our LIC

e So, what’'s next?

— LPMItP special tasks (Al, BIM, Digital Twin)

— Collaboration with ESSC, CUHK report and HKIE abstract in preparation)
— Focus Group 2 of HKRG of GSL « Automated generation of initial engineering geological maps and
_ CIC research fund associated cross sections, incorporating previous Gl results

® GeoRisk =) me

(Y ) Geological
Scfc?e(:;gzlca Joint Technical Symposium on Digital Geoscience & Geotechnology (16 September 2021, Hong Kong) Page: 9/ 10
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PROJECT DEEPGEO —DATA-DRIVEN 3D SUBSURFACE MAPPING

Kok-Kwang Phoon ' and Jianye Ching?

ABSTRACT

Data-driven site characterization (DDSC) 1s defined as any site characterization methodology that relies solely on measured
data, both site-specific data collected for the current project and existing data of any type collected from past stages of the same
project or past projects at the same site, neighboring sites, or beyond. One key complication is that real data is “ugly”. A useful
munemonic 18 MUSIC-3X (Multivanate, Uncertain and Unique, Sparse, Incomplete, and potentially Corrupted with “3X” denoting
three dimensional spatial variations). It is an open question whether DDSC can solve real world subsurface mapping problems
based on real world MUSIC-3X data from routine projects with minimum ad-hoc assumptions. The computational challenges are
very significant, but some reasonable partial solutions have been obtained recently. Omne promising solution i1s Sparse Bayesian
Learning (SBL). It is nearly data-driven and it can handle a large scale 3D problem without incurring excessive cost. However, it
can only handle one type of field test data. Nonetheless, it is already useful for practice. A 3D SBL version would be made available
i Rocscience’s Settle3 (three-dimensional soil settlement analysis) in the near future to generate subsurface maps based on cone
penetration test data. The second solution is based on a variant of the Gaussian Process Regression (GPR-MUSIC-3X). It can handle
multiple field test data by learning the cross-correlation behavior among different soil parameters at a single site of interest. GPR-
MUSIC-3X can be enhanced to learn cross-correlation behaviors at multiple sites and thus bring imformation from “similar” sites
in a larger generic database to bear on improving predictions at a single site. Both 3D SBL and GPR-MUSIC-3X are cross validated
using a 2D virtual ground and an actual 3D site in Texas. The hunt is on for a “holy grail” mapping approach that is fully data-
driven, MUSIC-3X compliant, and is able to exploit all available data including data from similar sites. This is Project DeepGeo
(inspired by DeepMind that produces AlphaGo), which constitutes one major research effort in the emerging field of data-centric
geotechnics.

Key words: Data-driven site characterization (DDSC), MUSIC-3X, Sparse Bayesian Learning (SBL), Gaussian process regres-
sion, data-centric geotechnics.
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Phoon, K. K., Ching, J., and Wang Y. (2019). Managing risk in geotechnical engineering — from data to digitalization.
Proceedings, 7th International Symposium on Geotechnical Safety and Risk (ISGSR 2019), Taipei, Taiwan, 13-34.
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Challenges in data-driven site characterization
Kok-Kwang Phoon ©2, Jianye Ching ©° and Takayuki Shuku ©¢

“Dept. of Civil and Environmental Engineering, Mational Univ. of Singapore, Singapore; "Dept. of Civil Engineering, National Taiwan University,
Taipei, Taiwan; “Dept. of Environmental Management Engineering, Okayama Univ., Okayama, Japan

ABSTRACT ARTICLE HISTORY

Site characterisation is a cornerstone of geotechnical and rock engineering. “Data-driven site Received 31 October 2020
characterisation” refers to any site characterisation methodology that relies solely on measured Accepted 23 February 2021
data, both site-specific data collected for the current project and existing data of any type
collected from past stages of the same project or past projects at the same site, neighbouring Data-dri )

B B B B B ; q riven site

srts‘, or beyond. It is an open question what dat_a-drwen sne characterisation [D[.:'SC}‘can characterisation (DDSC); ugly
achieve and how useful are the outcomes for practice, but this “value of data” question is of data; MUSIC-3X; site

major interest given the rapid pace of digital transformation in many industries. The scientific recognition; stratification
aspects of this question are presented as three challenges in this paper: (1) ugly data, (2) site

recognition, and (3) stratification. The practical aspect that cannot be ignored is how to scale

any solution to a realistic 3D setting in terms of size and complexity at reasonable cost. No

deployment in practice is possible otherwise. At this point, the practicing community at large

has yet to be convinced what data, big or small, could do to transform current practice. The

authors believe that we need a more purposeful agenda to hasten research in this direction

that would include articulating clearer statements for the challenges, developing benchmarks to

compare solutions, and bringing research to practice through software.

KEYWORDS

Phoon, K. K., Ching, J., and Shuku, T. 2021. Challenges in data-driven site characterization. Georisk: Assessment and Management of
Risk for Engineered Systems and Geohazards, online



THREE CHALLENGES

UGLY DATA
SITE RECOGNITION

STRATIFICATION
BENCHMARKING

Phoon, K. K., Ching, J. and Shuku, T. 2021. Challenges in data-driven site characterization. Georisk:
Assessment and Management of Risk for Engineered Systems and Geohazards, online
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WHAT IS BAD DATA

o WO

BAD DATA IS WORSE THAN NO DATA
BAD DECISION FROM BAD DATA
GOOD DECISION FROM UGLY DATA

UGLY DATA IS NOT BAD DATA
UGLY DATA ALOT
BAD DATA UNKNOWN
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Zhang, D. M., Zhou, Y., Phoon, K. K. & Huang, H. W. 2020. Multivariate probability distribution of Shanghai clay
properties. Engineering Geology, 273, 105675.




SITE-SPECIFIC DATA

CPT
Site Depth LL Pl LI e Ko o'y | Suucsn | Siucsn | Suwsm SisT) Ps
105 | 335 | 134 | 1.20 | 1.013 90.09 | 42 154
11 | 413 | 180 | 1.48 | 1.432 93.60 32.6 105 | 084
115 | 457 | 201 | 1.14 | 1.388 | 054 | 9719 0.68
12 | 458 | 224 | 1.38 | 1.539 100561 46 38.6 9.9 E
125 | 436 | 21.3 | 1.24 | 1.407 104.13 0.63
145 | 435 | 202 | 142 | 1.473 117,99 41.6 115 | 063
Jinsha- I"165 | 419 | 20.3 | 1.05 | 1.260 133.17 51.8 12.2 0.73
‘gggg 18 | 375 | 16.7 | 0.86 | 1.015 | 0.48 145 79 0.84
Station 18.5 37.3 16.8 0.98 | 1.044 149.94 111 0.84
19 | 351 | 152 | 0.90 [ 0.993 15419 0.76
19.5 33.8 13.2 1.02 | 0.981 158.44 0.79
20 35.7 15.3 0.78 | 0.954 162.78 0.79

Zhang, D. M., Zhou, Y., Phoon, K. K. & Huang, H. W. 2020. Multivariate probability distribution of Shanghai clay
properties. Engineering Geology, 273, 105675.
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GENERIC o CLAY/10/7490
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A SH-CLAY/11/4051 HANGHAI a SH-CLAY/11/4051

Zhang, D. M., Zhou, Y., Phoon, K. K. & Huang, H. W. 2020. Multivariate probability distribution of Shanghai clay
properties. Engineering Geology, 273, 105675.



GOOD TO

DETERMINISTIC
PROBABILISTIC
IMPRECISE
INTERVAL
CENSORED
TRUNCATED
MISSING

NOMINAL ORDINAL INTERVAL RATIO
CATEGORICAL NUMERICAL



Roughness Very Slightly _
Rating (Rr) 'OUQh Rough rough SIwkegs»ded
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Volumetric joint count, Jv (joint!m3)

Structure Rating

unweathered surfaces

Slickensided, highly
weathered surfaces with
soft clay coatings or

Smooth, moderately
weathered or altered
POOR

Slickensided, highly
weathered surfaces with
compact coatings or
fillings of angular
fragments

VERY GOOD
Very rough, fresh
O |surfaces

SURFACE CONDITI
18 17 16 15|14 13 12 11 10 9 8 7

E X A M F ST eR saE

widely spaced discontinuities '

< Very well interlocked undisturb
rock mass consisting of cubica

blocks formed by three orthogdglia
discontinuity sets

VERY BLOCKY

Interlocked partially disturbed
rock mass with multi-faceted
singular blocks formed by 4 or
more discontinuity sets

BLOCKY/DISTURBED/SEAM
Folded with angular blocks
formed by many intersecting
discontinuity sets. Persistence
of bedding plane or schistosity

Hoek, E. and Brow BAP . joumal of

: [ ¥
Rock Mechanics a [ It SO ‘.u."ﬂ."l"

rock mass with a mixture of an "-"-"--.
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Phoon, K. K., Ching, J. and Shuku, T. 2021. Challenges in data-driven site characterization. Georisk: Assessment and
Management of Risk for Engineered Systems and Geohazards, online
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GENERIC PROPERTY
DATABASES (1)

# Sites/ Range of parameters

Parameters of # Data
interest points studies

Ching and e Sensitive to
Phoon (2012) L, Sy Su®, 0 oy s quick clays

s/o,, OCR, (q;
0,)/0, (g;-u,)/c 40 sites
(UZ'UO)/O-'V’ Bq

Database Reference

CLAY/5/345

Ching et al.
(2014)

Low to very Insensitive to

CLAY/6/535 high plasticity  quick clays

Ching and :
Phoon (2013, e oM T Aflerfnt g3
2015) P

Low to very Insensitive to

164 studies high plasticity quick clays

CLAY/7/6310

LL, PI, LI, 0\ /P
St B 0/Pa,
s/o, 251 studies

(Qt'ov)/olv’ (qt'
u,)/a,

Ching and
Phoon (2014)

Low to very Insensitive to

CLAY/10/7490 high plasticity  quick clays

CLAY/9/249

D'lgnazio et al.

(2019)

Feng and

FG/KSAT/4/1358 Vardanega

(2019)

0 y/Pa 0,/P,,

o /P, q/P,, U,

uy/P,, Pl w,,

e, LL, w,/LL,
'In(ksat)

18 sites

33 studies

Low to very
high plasticity

Low to very
high plasticity

Insensitive to
quick clays




Site (region) LI S, S,'® o', o, Reference
1.28 2.58 0.22 9.56 7.94
1.27 4.74 0.16 12.82 29.41
1.45 5.42 0.39 16.44 17.14
1.20 5.82 0.59 20.06 27.63
1.26 6.97 0.65 24.04 23.37
1.36 6.83 0.44 27.30 26.53
, 1.29 11.08 0.44 31.65 34.10
A'r([]a;[)eaﬁ;‘y 1.24 10.36 0.52 3454 | 29.30 Ohtsubo
U6 feon 1.24 13.10 0.39 38.53 40.84 et al.
N, 1.31 15.88 0.63 41.79 42.82 (1995)
Parameters # Data # Sites/ Range of parameters
Database Reference : . )
of interest points studies S,
Sl 1 Sensitive to
CLAY/5/345 Phoon : 345 37 sites 1-4 ick clavs
(2012) quick clay
0.89 49.35 2.94 73.65 181.98
0.59 8.93 3.67 39.01 29.61
G?j%rt 0.38 34.55 13.67 130.66 | 128.31
6 e 0.55 9.87 3.22 35.72 31.49 | Skempton (1948)
S=24~31 0.42 20.68 6.75 110.45 88.36
t
0.46 12.22 4.13 33.37 46.06
Asrum
(Canada) Parry and Wroth
e i 2.02 10.56 0.14 7.70 29.98 (1981)

Ching, J. Y. & Phoon, K. K. 2012. Modeling parameters of structured clays as a multivariate normal distribution. Canadian Geotechnical

Journal, 49(5), 522-545



Database

FI-CLAY/7/216

JS-Clay/5/124

RFG/TXCU-278

SE-CLAY/4/499

SH-CLAY/11/
4051

FI-CLAY/14/856

GENERIC PROPERTY
DATABASES (2)

Reference

D’lgnazio et al.
(2016)

Liu et al.
(2016)

Beesley and
Vardanega
(2019)

Hov et al.
(2019)

Zhang et al.
(2019)

Lofman and
Korkiala-Tanttu
(2021)

Parameters of # Data
interest points

FV &' i
Sy ' Oy Op, W HlILL,

PL, S, 216

M;, Qes fsi W, Ve 124

SW/0'\, Ys0 cius OFR,
Ys0 cku

278

sV, 8,255, 0, L 499

LL, Pll LI' e’ K
0\/Pa S/Ovucdly 4051

SiucsTy SuS'vvin,
SivsT) Ps/S'y

w,, e, LL, F, P8y,
Org, Cl, s, S;,
OCR, C, C,

856

# Sites/
studies

24 sites

16

21 studies

Sweden

50 sites
(Shanghai)

33 sites
(Finland)

Range of parameters

PI S,

Low to very Insensitive to
high plasticity  quick clays
oft to stiff clayey soils and silty clay soils with
igh variability of the strength and stiffness
haracteristics

.= 12.54 — 95.82 MPa, g, = 0.22 — 3.93 MPa, f,
0.03-0.14 MPa,

, (%) =6.91-78.11, y,=10.47 — 19.92 kN/m?3

-75

_ 132 Low to medium-
high plasticity
o = 13 -505kPa; s,/ =5 -
01 kPa; s,PSS=6-53 kPa; LL 10-20
22 — 145%

ormal consolidated to slightly over-consolidated
lay; Very soft clay (LI = 0.49 — 2.19) with slight to
edium plasticity (Pl = 10.4 — 26.5) and with
edium to high sensitivity (S, = 2.7 — 7.8)

, = 31~162%, LL = 49~113%, PL = 23~42%, Org
0~6%, Cl =22~81%, s, = 10~35 kPa, S, =6~43,
)CR =0.3~41, C, = 0.11~4.22, C, =0.02~0.18

K04 clave and 2RK04 vvarioiie fine-Aarained cnile)




Database

SAND/7/2794

ROCK/9/4069

ROCKMass/9/
5876

GENERIC PROPERTY
DATABASES (3)

Reference

Ching et al.

(2017)

Ching et al.

(2018)

Ching et al.

(2021)

Parameters of
interest

Dg,, C,, D, 0/HL,

¢', A, (Ny)eo

n,y, RL! Sh’ o-bt
|5501 Vp’ o-c’ E

RQD, RMR, Q,

Em Eemy Eqmy ER O

# Data
points

# Sites/
studies

176 studies

184 studies

225 studies

Range of parameters

PI S,
Dg,=0.1-40mm,C,=1-
1000+

D, =-0.1-117%

=15-35kN/m3, n = 0.01 — 55%
=0.7-380 MPa, E =0.03 - 120 GPa

MR = 0~97, Q = 0.001~1000, GSI = 8~100, and
=0.0011~104 GPa (17% igneous, 37%

$edimentary, 26% metamorphic, and 20%

known)




GENERIC LOAD TEST
DATABASES

NUS/ShalFound/
NUS/HelicalPile/ . 19%
» 23% NUS/ShalFound/

Punch-
Through/ , 1%

NUS/Spundcan/
Punch-
Through/ , 5%

NUS/RockSocket/
, 15%

NUS/DrivenPile/
, 26%

NUS/DrilledShaft/
, 11%

Tang, C. and Phoon, K. K. 2021. Model Uncertainties in Foundation Design. CRC Press, Boca Raton and London.



GENERIC LOAD TEST

Database/Reference
NUS/ShalFound/919
(Tang et al. 2020a)

NUS/ShalFound/Punch-Through/31
(Tang and Phoon 2019a)
NUS/Spudcan/Punch-Through/212
(Tang and Phoon 2019a)

NUS/DrilledShaft/542
(Tang et al. 2019)

NUS/DrivenPile/1243 (H section)
(Tang and Phoon 2018a;
Phoon and Tang 2019)

DATABASES (1)

Limit state
Bearing

Soil type

Tension

Punch-through

Punch-through
with sand

Multi-layer cla

with stiff layer
Bearing Clay

Sand

Grave;
Tension Clay

Sand

Gravel
Bearing Clay

Sand

Mixed

F le geometry

=
C
C
C
C
0

0-5.7
0-6.1
0.8-13.2
0.5-14.5
0.5-3

0.16-1.17

1.6-56

S l=3
6.2-30
3.4-55
2.5-43
1.77-17.3
16-95
22-110
17-85

Soil parameter
s,=9-200 kPa
$=26-53°
s,=~15-300 kPa
$=30-49°
$.,=32° , D,=88%
s,=8.7-85.9 kPa

0,,=31-34° , D,=44-99%

s,=7.2-44.8 kPa

s,=3-50 kPa
p=0-2.6 kPa/m
s,=41-256 kPa
$=30-41°
$=37-47°
s,=21-250 kPa
$=30-45°
$=42-48°
Ngpr=5-50
Ngpr=7—40
Ngpr=4—29




GENERIC LOAD TEST

DATABASES (2)

le geometry
Database/Reference Limit state Soil type (m) D/B Soil parameter
NUS/DrivenPile/1243 Bearing Clay 175 (01-0.81 7.9-200 P1=11%-160%
(Tube/box section) OCR=1-43.2, S=1-17
(Tang and Phoon 2019b) Tension 64 ON1-0.81 12-110 Pl1=12%-110%
OCR=1-43.2, S=1-8.3
NUS/DrivenPile/1243 Bearing Sand 134 (0 14-0.76 JiS=251 $=30-42°
(Tube/box section) D,=15%— 93%
(Tang and Phoon 2018b) Tension 28 0,25-0.76 19-84 $=30-42°
D,=31%- 97%
NUS/RockSocket/721 End bearing Rock 270 (O§L-2.5 1-31.3 0,=0.5-99 MPa
(Tang et al. 2020a) E,=7.82-75113 MPa
GSI=7.5-95
RQD=20-100%
NUS/RockSocket/721 Shaft shearing Rock 544 (Q2-3.2 0-19.5 0,=0.4-99 MPa
(Tang et al. 2020b) E,=24-19844 MPa
GSI=50-70
RQD=0-100%
NUS/HelicalPile/1113 Bearing Clay 270 0R1-1.02 6-74 5,305 kPa
(Tang and Phoon 2018c, 2020) Sand 181 0R1-1.02 6-110 $=30-45°
Tension Clay 165 (0®1-0.91 12-48 5,300 kPa
Sand 121 10-62 b=30—-45°




Model Uncertainties in
Foundation Design

Chong Tang
Kok-Kwang Phoon

Tang, C. and Phoon, K. K.
2021. Model Uncertainties in
Foundation Design. CRC
Press, Boca Raton and
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@ CRC Press
Taylor & Francis Group



ISSMGE

: Home

: Members

Conferences

Documents & publications

Education & short courses

Database

: Minutes & annual reports

: Suzanne Lacasse Lecture

: Wilson Tang Lecture

: TC304 Student Contest

TC304 Forum

Links

Last updat

TC304 Engineering Practice of
Risk Assessment & Management

ISSMGE TC304 Webpage
GeoWorld TC304 GmuE

304dB 1c304 databases

..

Uiie ~.<1ecently concluded ISSMGE 2017 SOA/SQP Survey is that publically-available databases that include information available for benchmarking studies of inherent
profession. Thus, compiling geotechnical databases represents one of the key missions of the current TC304. We present the current databases below (nickname: 304dB), and we encourage

profession; we also invite you to contact the task force leaders below if you are willing to contribute databases to this effort. 304 dB was initiated by Prof Kok-Kwang Phoon (immediate past

Acknowledgments

For those interested in using any of 304dB, please download the data and feel free to use it subject to the constraints described in the Disclaimer and Restrictions, shown at the bottom of this
dissertation, conference paper, journal paper, engineering report, etc.) requires the Acknowledgement of this TC304 effort and the citations of the database reference(s), indicated in the last
appropriate (e.g., in the Front Matter of a dissertation, or in an Acknowledgement section of a journal paper, typically presented after the Conclusions and before the References): The autho
Practice of Risk Assessment & Management of the International Society of Soil Mechanics and Geotechnical Engineering for developing the database 304dB used in this stu
name of Database Owner> for contributing this database to the TC304 compendium of databases.

CPT databases

Leader: Armin Stuedlein

These databases are mostly CPT clusters, i.e., multiple CPTs are conducted in a local site.
The names of the databases are in the format of A/B/C:

A: Type of in-situ test (CPT or CPTU)

B: number of soundings

C: rough size of sounding area

Please contact Armin armin.stuedlein@oregonstate.edu if you want to contribute databases.

File format

Database Sounding details Database owner Database referenc

Text Excel Matlab
_ 1. Jaksa, M. (1995). The Influence of Spatial \
A'CPT!232F']2500""2 Total ,Ele;tﬁhin_ 35 Design Pr(opertizas of a Stiff, O\rercorfsolidat
HOFiZDntE‘Il spacing M Jaksa University of Adelaide, Australia. Research:
Adelaide, Australia —02m~7lm Link Link Link mark.jsksa@adelaide.edu.au 2. Jaksa, M., Kaggwa, W.5., and Brooker, P.L.
evaluation of the scale of fluctuation of a s
. . 8th International Conference on Applicatiol
Stiff, OC alluvial clay (CH) Site Map A.A. Balkema, Rotterdam, 415—425.pResea
) 1. Jaksa, M. (1995). The Influence of Spatial \
A-CPT/1/harizontal Horizontal sounding Design Properties of a Stiff, Overconsolidat
in embankment K University of Adelaide, Australia. Research:
Adelaide, Australia Link Link Link mark.'aks:'@JaE:ie?;de.edu.au 2. Jaksa, M_., Kaggwa, W.5., and Brot_)ker, P.I..
Horizontal extent = markjaksatacealce.ecu.a evaluation of the scale of fluctuation of a s
Stiff, OC alluvial clay (CH) 7.62 m 8th International Conference on Applicatiol
A4, Balkema, Rotterdam, 415-422, Resea
1. Bong, T. and Stuedlein, A.W. (2017). Effect
Conditioning on Random Field Model Param
Variability on quuefactlon induced D|fferer
Fentbanlheical amd T an s e a - ol Fammie




THREE CHALLENGES

UGLY DATA
SITE RECOGNITION

STRATIFICATION
BENCHMARKING

Phoon, K. K., Ching, J. and Shuku, T. 2021. Challenges in data-driven site characterization. Georisk:
Assessment and Management of Risk for Engineered Systems and Geohazards, online



SITE RECOGNITION

HOW TO COMBINE SMALL DATA (SITE-SPECIFIC) WITH BIG
INDIRECT DATA?



BIG DATA  SMALL

7 B/G DATA...
| LOTS OF PEOPLE
LOTS OF VOICES

LG OF INFORMATIQ

DATA




SMALL + BIG DATA

C ’ BIG DATA
Y = DESIGN e ,o°
PARAMETER * A e SMALL
- s/ DATA
® SIMILAR

- : DATA

X =FIELD
TEST




TAIPE| (TAIWAN)

SITE-SPECIFIC DATA

CPT
Depth a'y (o S q
m | PP PR Y kpay || «Pa) | (kPa) | (MPa)
12.8 9 21 {0) 32 127.9 | 127.7 55.2 0.89
14.8 13 20 33 38 144.9 - 0.88
16.1 15 22 36 40 155.6 61.9 0.93
17.8 19 23 42 40 169.9  181.9 54.2 1.01
183 [ /1 | 1745 - [EEE
20.2 17 21 38 33 190.0 73.1 1.23
22.7 16 21 37 30 210.9 - 142
24.0 16 22 38 34 221.7 | 221.7 82.2 1.57
26.6 14 21 35 32 243.7 08.1 1.78

Ching, J. Y. & Phoon, K. K. 2019. Constructing site-specific probabilistic transformation model by Bayesian machine
learning. Journal of Engineering Mechanics, ASCE, 145(1), 04018126




GENERIC DATA CLAY/10/7490

Frequency
Frequency
@

3
Frequency
@

2

-0.5 0 0.5

05 ] 0.5 - 0.5 0 0.5
Correlation coefficient

Correlation coefficient Correlation coefficient
Ching, J. Y., Li, D. Q., and Phoon, K. K. 2016. Statistical characterization of multivariate geotechnical data. Chapter 4,
Reliability of Geotechnical Structures in 1S02394. CRC Press/Balkema, 89-126




GAUSSIAN PROCESS
REGRESSION (GPR-MUSIC)

*

' Generic PDF
; #  Site-specific PDF
=  Ohbserved data

Frequency

@

o=

(=]
Frequency

-

o

o=

(=]
Frequency

-

o

f=J

(=]

0.5 0 0.5 - 0.5 0 0.5 - -0.5 0 0.5
Correlation coefficient Correlation coefficient Correlation coefficient

Ching, J. Y. & Phoon, K. K. 2019. Constructing site-specific probabilistic transformation model by Bayesian machine
learning. Journal of Engineering Mechanics, ASCE, 145(1), 04018126




HIERARCHICAL BAYESIAN MODEL
(HBM-MUSIC)

INTER-SITE VARIABILITY

using hierarchical Bayesian model. Journal of Engineering Mechanics, ASCE, 147 (10), 04021069



HBM LEARNING FROM BID

Parameters of # Data # Sites/
Database Reference . i )
interest points studies
LL, PI, LI, o /P,
, St By O/Pa "
CLAY/10/7490  Ching and s /o, 7490 251 studies 1 — 10 S e Insensitive to
Phoon (2014) v high plasticity quick clays
(0,0, (O
l'12)/0-'v -
10 b &%}?; " 101 r i
,,‘% g o | 2
10° 10" 10° 10° 10" 102

(qt-G'V}ff’I'v (qL—GV)J’U'V



HBM INFERENCE FOR NEW SITE

(1 DATA POINT)

10"

= 10°

5 fo'

107

10°

(q,

10"
-0 o'

W

5 fo'

10"

= 10°

107

(9,

10"

-o Mo’

W

102



HBM INFERENCE FOR NEW SITE
3 DATA POINTS)

10"

= 10°

5 fo

107

10°

10%

5 fo'

10"

> 10°

107

10°

10%



HBM INFERENCE FOR NEW SITE
(8 DATA POINTS)

10"

= 10°

5 fo'

107

10°

10°

5 fo'

10"

= 10°

107

10°

102



HIERARCHICAL BAYESIAN MODEL
(HBM-MUSIC)

Site-specific PDF
Generic PDF
HBM

Observed data

Frequency
[ [l
Q o
o= o=
(=] (=]

—=
o
=]
(=]

0.5 0 0.5 0.5 0 0.5 -0.5 0 0.5
Correlation coefficient Correlation coefficient Correlation coefficient

and Phoon. K. K. 20 J ) QU , J Drobab




Method No. of Spatial variability Use generic Other limitations Reference
parameters Trend Auto-correlation database?

Phoon (2017)
Sparse Bayesian Learning Single Yes 3X No Stationary separable Ching et al.
autocorrelation; vertically ~ (2020)
dense; lattice
Sparse Bayesian Learning Single Yes 3X No Stationary separable Ching et al.
autocorrelation; vertically ~ (2021d)
dense
Gaussian Process Multiple - - No No vertical auto correlation; Ching and
Regression perfect horizontal Phoon (2019)
autocorrelation
Gaussian Process Multiple No 1X No Prescribed stationary Ching and
Regression vertical autocorrelation; Phoon (2020a)
perfect horizontal
autocorrelation
Gaussian Process Multiple No 3X No Prescribed stationary Ching et al.
Regression separable autocorrelation (2021a)
Gaussian Process Multiple - - Yes No vertical auto correlation; Ching et al.
Regression + Hierarchical perfect horizontal (2021b,
Bayesian Model autocorrelation 2021c)
Gaussian Process Multiple No 3X Yes Prescribed stationary Ching et al.
Regression + Hierarchical separable autocorrelation  (2021a)
Bayesian Model
Full Gaussian Process Multiple Yes 3X No Stationary separable In progress

Regression

Sparse Bayesian Learning Single

Stationary autocorrelation

autocorrelation

Ching and
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8

HOW TO COMBINE SPATIALLY VARIABLE SMALL DATA
(SITE-SPECIFIC) WITH BIG INDIRECT DATA?



DEPTH

CORRELATION =0 -

DISTANCE

CROSS-
CORRELATION = 0.6

SPATIAL
CORRELATIONS

* VERTICAL=0

« HORIZONTAL=1



DEPTH

MUSIC-3X
2

CORRELATION = 0.6

x 0.4

CORRELATION =0.6

x 0.4 x0.2

CORRELATION =0.2

DISTANCE

CROSS-
CORRELATION = 0.6

SPATIAL
CORRELATIONS

« VERTICAL=0.2

« HORIZONTAL=0.4



AMAZON’S ALGORITHM

THAT NOTION OF RELATEDNESS IS
STILL DERIVED FROM CUSTOMERS’
PURCHASE HISTORIES: ITEM B IS
RELATED TO ITEM A IF CUSTOMERS
WHO BUY A ARE USUALLY LIKELY
TO BUY B AS WELL.

BUT AMAZON’S PERSONALIZATION
TEAM FOUND, EMPIRICALLY, THAT
ANALYZING PURCHASE HISTORIES
AT THE ITEM LEVEL YIELDED
BETTER RECOMMENDATIONS THAN
ANALYZING THEM AT THE
CUSTOMER LEVEL.

https://www.amazon.science/the-history-of-amazons-recommendation-algorithm



MUSIC-3X
1 32 2 1

DISTANCE

DEPTH
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BAYTOWN, TEXAS

East-West Distance (m)

5 10 15
| T I

B-5@.9)
®
CPT-F1.3) CPT-F2 1)
o] o]

30

UPPER BEAUMON
CLAY

2!
|

CPT-3 (15.3)
o]

B-4 .9
®

2
|

B-2 (15.3)
CPT-F3 (5.1 QCPT_z (15.3) CPT-F4 3.7
o] o] ©

LOWER BE!
~ CLAY

B-1@5.3) - -
® —CPT-1

CPT-1@53) S |= = =CPT-2
o] — —
CPT-3 CPT-F1 CPT-F4

- - -CPT-F2 - - -CPTF5
——CPT-F3 ——CPT-F6

North-South Distance (m)
15

10

B-34.9) Thin crust
CPT-F563) CPT-F6 63 O e Silty sand 15 | I 5 | .
© © 2000 4000 6000 2000 4000 6000 2000 4000 6000

% B-2 (15.3) Mud Rotary Boring Location (depth in meters)
® CPT-2 @153 Cone Penetration Test Location (depth in meters) qt (kPa) qt (kPa) qt (kpa)

Ching, J., Phoon, K. K., Yang, Z., and Stuedlein, A. W. (2021). Constructing a quasi-site-specific multivariate probability
distribution model for soil properties using sparse, incomplete, and three-dimensional (MUSIC-3X) data. Georisk, in press
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SPATIAL VARIABILITY



SPATIAL VARIABILITY
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CONCLUSIONS

DATA-CENTRIC GEOTECHNICS MUST DEAL
WITH UGLY DATA

3 CHALLENGES IN DATA-DRIVEN SITE
CHARACTERIZATION (DDSC)

UGLY DATA CHALLENGE IN DDSC IS MUSIC-
3X

BAYESIAN MACHINE LEARNING IS
PROMISING

BEST WE HAVE NOW IS HEM-MUSIC-3X
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Long-term deformation monitoring and analysis of
shield tunnel by smart sensing
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Background

Present deformation monitoring technology
Smart sensing technology

Case study of long-term deformation monitoring

Conclusions
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1. Background

® Rapid development of Urban Rail Transit
® Exponential growth of shield tunnel mileage

2,006 2,009 2,015 2,020

Y T 7957
| 1990 | B
1
| :
1 1
1 1
i -0 ! 6,000
! seiing ! [
: o
1 \ [5°]
1 | (]
1 1 —
i ! € 4,000 3286
1 : C
I .8
i : ®
I ] @ 2,000
: o°' , 1000
! 627
1 1
1 1
1
1 : 0 4 T T T
1 1
1 1
1
| :
1 1
1 1
1 1
1 1

_ﬂ Year s s
Urban Rail TranS|t development Exponential growth of Shanghai Metro (2021)
47 cities, 245 lines, 7957km operation mileage 772km in operation

(China mainland, June, 2021)

2/3 lines underground, and constructed mainly by the shield tunneling;

Great need --- The maintenance of shield tunnels !
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T TONGJI UNIVERSITY

1. Background

® Main lining structure defects

Cracks

Settlement and difference settlement Large convergence deformation
and joint opening

Monitoring and other maintenance of tunnels --- 2-3 hours in midnight
Working time is very tight .




1. Background

Dl'?‘ 5 EEl LF241%14

=2
TONGJI UNIVERSITY

COLLEGE OF CIVIL ENGINEERING

® Main reasons causing tunnel defects

Foundation pit Tunnelling

Ground uncertainty Closer engineering disturbance Poor workmanship
: mﬁ:r ri \.*.!m S ~ \\k\'\
e 4 S T ™ 9
‘5:;* ; ‘ .-‘:: : ) 5 Ij
150 3{’ &) i s 7%;", = @ LK
T > =5 oo e /&
7“;},/ Typical Shanghai soft profile /,">’"- - -
High sensitivity and low ]
strength soft clay ground Ground difference settlement



1. Background @ ErS B 2E2aEn

® The correlation of tunnel deformation and other defects

Waterproof
gasket failure

Large dislocation
causes leakage

1.00 B N © . ar; By o e

% 8
4 O
- S §eo ° (8]
% 080 { p: %%j 81258-%_.0.&&. -
=11] | y p)
) i % &
; [ ,’O o 0
.g 0.40 Joint opening width
E
S 020 Spearman correlation analysis ‘
z L R=0.59 p-value=0.004 ‘ A
[ Tre-----"Convergence AD/2
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The DEFORMATION of tunnel structure ---

the main defect and also the reasons of other defects
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1. Background

® Long-term deformation of Shanghai Metro tunnel
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« The maximum settlement of tunnel is about 30cm, 75% is induced by ground settlement

« Settlement increase speed: 2~3cm/year in the 15t 5 years; 0.9~1.2cm/year in the 2" 5 years;
0.2cm/year in the 39 5 years

* Horizontal convergence: 2mm/1.5year

Settlement time history curve

Long-term deformation monitoring --- crucial for tunnel safety 8
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2. Present monitoring technique

® Present deformation monitoring technique
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O Settlement monitoring

Hydrostatic leveling Electronic leveling Total station

O Convergence monitoring Lab
abor
intensive

Low Manpower Epistemic

efficiency monitoring errors

Total station

10



2. Present monitoring technique Il == 2 2o i 3

De Sitter (1984) proposed “Law of fives”:

1 Law of fives i

Quite similar ---- “Law of fives” for the monitoring of infrastructures
Manual monitoring: 250,000 RMB/km

Manual monitoring with iPad: 50,000 RMB/km

Real time wireless monitoring: 10,000 RMB/km

Preventive maintenance (Monitoring/Inspection)

essential and low cost

11
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2. Present monitoring technique
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Wired monitoring system Wireless monitoring system

12
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3. Smart sensing technology

® Dual-Axis Tilt Sensor Node

« Operating Temperature(-40°C-85°C);
« High resolution (0.0001°);

* Decoupling calibration for each axis;
 Low power cost;

» Sleeping-listening Mechanism;
« Accuracy 0.002°;

« Small size 5 cm;

» Lifespan 10 years;

- Battery lifespan 5 years

Smaller size, higher accuracy, Industrialization

Hongwei Huang et al, (2013). /nternational Journal of Architecture, Engineering and Construction, 2(1), 25-34. H



3. Smart sensing technology w) PH+5 B £i25%%
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Patent: ZL201811125487. FeiDu, etal. (2017) , WSN-based health monitoring of highway tunnel lining in seasonal cold 15

region[C]. Proceedings of the 2017 World Congress on ASEM17.
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3. Smart sensing technology

® Laser Tilt & Distance Sensor Node

Laser distance Dual-axis tilt

sensor module sensor module

l I
v

Laser Tilt & Distance Sensor Node

On-site
® installation
® Interface water leakage sensor node based on electrode
0,
2 : ok iemas
% :j Indoor test
0.0 0.1 G.leﬂl.a 04 0.5 ' . %ﬁﬁiga—;%%g |
Calibration function: Seepage o, v . 7 201310229686.7, ZL201310231689.4. 16

discharge vs. current variation Chen SF and Huang HW, Chinese Journal of underground space and Engineering, 2014)



3. Smart sensing technology

® Wisen Smart Shape (WSS) based on tilt node

An array of tilt nodes make up the longitudinal

deformation sensor node, and can be used to monitor:

O Tunnel longitudinal difference settlement;

O Horizontal displacement of retaining wall of foundation pit ;

O Subsurface horizontal and vertical ground displacement ;

O 3D displacement for any other linear-shape structure;

—— I

) .
Hard pipe sec‘uonI ath element_ e
Soft pipe section,
______________________ |
RETEES o
— : I AHn
L d
T Gatewa /
I 4 L I it element:
7 / ______
|
d
I 1th element 2nd element
%--______________________________________V __________
Fix end Horizontal line

(Patents: ZL201310419489.1; ZL201310459411.9)
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SR

Foundation pit
Islope

DA
(A =Ah, +Ah,
Ah,; = Lxsin 6,
AH = Zn:Ahl.

i=1

Ahi : elevation difference of i™" element
Ahyi : elevation difference of hard pipe
Ahri @ elevation difference of soft pipe
AHn : relative vertical displacememi ,

~ L :length of hard pipe
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3. Smart sensing technology

® New products of WSS

2nd Generation devices

Fixed connection
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3. Smart sensing technology

® Error calibration laboratory test

1
|
|
|
|
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1
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1
Step 1: initialize |
I
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| the testing system

| points and record
' the data

I Step 2: change the \

I elevation of some | \
I é 17-;_
I

Settlement Testing Settlement Testing
Posture Posture
mode groups mode groups
Downward 66 Convex 38
Upward 20 Crisscross 67
Concave 61 Total 252 19




3. Smart sensing technology

® Error analysis of the whole system
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3. Smart sensing technology

® Considering the spatial characteristic of tunnel, propose spatial-temporal data
compression and recovery algorithm, uneven clustering routing algorithm, deep

sleeping mechanism for the wireless network communication.
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Temporal recovery
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Patents ZL201410110917.7; ZL201010571192.3, ZL201010571223.5; ZL201611111551.0;

He, et al.(2014); Wu, et al.(2009,); Li, et al.(2016), etc )1
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3. Smart sensing technology
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4. Case study-Case 1

® Smart sensing of metro tunnel—20.4km Shanghai Line 2 (2010)

vany O

. L]
= wal oxmm
Ren
aus =y [ Ozs
Ll
§ o . S Oxzn @ 4%, BB
Oy 5 ssay ase a Sume = MR RSS2 RS D4 HRY
- = : P2 HIEHOBRAES
e
'

20 Gateways;
6 Station intervals 12 Tunnels;
3 “=.20.4km Tunnel length;

“ 6 years Routine monitoring(2015.08-)

The first long-term and long distance application of WSN in tunnels

24
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4. Case study-Case 1

® Smart sensing of metro tunnel—monitoring sections deployment
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4. Case study-Case 1
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® Smart sensing of metro tunnel—effect of temperature

10 1
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(Fei du, Master Thesis, Tongji Univeristy, 2018)
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4. Case study-Case 1

® Smart sensing of metro tunnel—effect of train induced vibration

—_— 6 —_— 6
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E
E | _ .
Q@ . ® Static problem: vibration data is not
c 24
g o needed (Filtering)
-
(<)
Z ® Dynamic problem: vibration data is
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o 41 * Convergence using Kalman Filter needed
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Kalman Filter 27
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4. Case study-Case 1

® Smart sensing of metro tunnel—effect of grouting

T o Ring 910
E 8 :
—~ H
I.
> 2 i
o o l
>
5 * :. Grouting

2015/10/3 2016/1/31 2016/5/30 2016/9/27 2017/1/25 2017/5/25 2017/9/22
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el Tilt (%) 011 Tilt (°) 11
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-0.05-| o I )
o] A— \ I
a2 Grouting hole 02 11

s , 035 I
0.25 Date o 11 Date
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2015/10/3 2016/1/31 2016/5/30 2016/9/27 2017/1/25 2017/5/25 2017/9/22

Left side

2015/10/3 2016/1/31 2016/5/30 2016/9/27 |20]|7/1/25 2017/5/25 2017/9/22

Right side
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4. Case study-Case 1
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Huang H, Xie X, Zhang D, Liu Z, Lacasse S. Multi-sensor data fusion based assessment on shield tunnel safety. 29

Smart Structures and Systems, 2019, 24(6): 693-707
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4. Case study-Case 2

® Smart sensing of road tunnel- Shanghai Dalian Road tunnel (2003)
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4. Case study-Case 2

® Calculation of tunnel convergence from inclination of segments
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Numerical simulation of tunnel deformation Typical deformation mode Simplification of segmental shield tunnels

Horizontal convergence

ADH =AD,, + AD,,,,, /AssumptiOI’IS.' \

6
=2L,sin(51°— A6, /2)sin(Ab, /2)—%L2 sin ) AQ

B Segments are rigid body
i=1

B Deformation are symmetric

J

—2L sin(51°+ A6, /2)sin(AG, /2) —%Lz sin A,

\l No slide for joints
Vertical convergence

ADV, = L, sin(51°—(=A#f,))—sin51° |+ L, [ sin(51°— A6, ) —sin51° |- L, sin A6,

=2L, cos(51°+ A0, /2)sin(A6, /2)+2L, cos(51°— A6, /2)sin(Ab, /2)

—%L3 sinAg,

31
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4. Case study-Case 2

® Monitoring data in one day
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Tide height for Huangpu River

O The convergence is fluctuated in one day. The maximum variation is 0.63mm for horizontal
convergence, 0.51mm for vertical convergence
O The fluctuation is possibly caused by temperature variation and tide height change for Huangpu River 32



4. Case study-Case 2

® Long-term deformation monitoring results
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s West line monitoring section .| O Horizontal convergence has a

e R, e e e maximum variation of 5mm.
B o The horizontal convergence is
:2 highly correlated to seasonal
changed temperature

]

6-6-5-&:1:4'-30&-‘
o

Horizontal
(‘Oll\’("l‘g(‘ll(‘(‘/llllll

Time
Horizontal convergence ]
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Wireless tilt sensors can not only monitor the segment inclination, but also can

monitor the long-term horizontal and vertical convergence by reasonable installation
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4. Case study-Case 3

® Tunnel difference settlement monitoring using WSS
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Metro Line 13
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WSS element installation
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static level gauge
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4. Case study-Case 3

® Tunnel difference deformation
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monitoring results
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WSS can monitor the tunnel difference settlement. The results of WSS well

agrees with the measurements of conventional static level gauge within a
maximum discrepancy of 0.1 mm.
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Background

Present deformation monitoring technology
Smart sensing technology

Case study of long-term deformation monitoring

Conclusions
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5. Conclusions

® Smart city should have huge data without ignoring capture short-
lived and important behavior. WSN real time monitoring can play
this key role.

® Smart sensing technologies are developed to monitor the long-term
deformation of shield tunnels, and can reflect other defects
indirectly .

® Our goal is 10 years long term settlement monitoring. 4 years later
we can share the results again.
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1 A glimpse of technological opportunities

— Sensing technology, big data and machine learning
2 State-of-the-Art of ML in landslide study
3 Recent developments of ML in landslide study

— Rainfall-induced landslide mapping in Kvam, Norway

— Displacements in Three Gorges Dam reservoir, China

4 Conclusion and perspective



Sensors: paradigm shift

Computr
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Few sensors, specific for purpose
— Dedicated monitoring systems
— High quality electronics

— High accuracy measurements

Vast quantity of sensors (internet of things, 10T)

— Ad hoc, impromptu systems

— Low quality, cheap, low accuracy but many
data

— Sophisticated processing and interpretation
tools based on statistics, machine learning, and
artificial intelligence (Al)



Big data | l\

Technology shift:
From dedicated, high quality sensors and small scale systems
To large, distributed systems with vast numbers of measurements and data

>

Paradigm shift:
From designing specific sensors at specific locations
To observing a response (e.g. streams of direct/indirect relationships)

q New tools and techniques:

— Cost-effective and innovative forms of processing
that enable enhanced insight, help decision making,
and have higher level of automation.

— Data management and system architecture >

-

Appealing for an engineer/scientist
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Machine learning

Y 2=V r?rr

High quantities
of data

ML/AI has become
more mainstream in
data processing;

will be embedded
services in monitoring
systems and
solutions.

Vo == vy =

Real time
analysis

Y o= —r o L rererZ
Unstructured
data: Uncertainty
text, numbers, in data

image, audio, video

Insight
and
understanding

| @



Number of Articles

SOA of ML - detection and mapping
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16 (a)
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DL
8
6
4
0 . R et

2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Year

Count

16

u | (b)
12
10
8
6
4
2
0
V\>§:}\\§ (5\\(\ th’oi 6@\% s{i\%@(\% \(‘&?r 0(\@%@ \@\\ \®Q®Q &@Q%\rg\é@ w\qgﬁqo\’b(\bo@o@/@&o 0‘9‘2’“@6&\@%&
@ ?° N o ¢ &@?
o
Study area

Trend in application of ML algorithms in landslide detection studies:
(a) use of conventional ML in pixel-based methods (CML-PB), conventional ML in object-
based methods (CML-OB) and DL methods,
NG| (b) case study areas for ML-related landslide detection studies.



SOA of ML — Suceptibility Mapping

Study area Susceptibility

discretization map
Spatial forecasting procedure

adopting ML
Input
conditioning |II
factors
Examples of “landslide susceptibility maps” in studies by... //,—IL

Bui et al. (2020) Merghodi et al. (2020}

Number of articles

50

40

30

20

10 II

e ~

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Number of published journal articles dealing with
ML studies for landslide susceptibility modeling
(source: Scopus database, accessed 16/11/2020)



SOA of ML —Temporal Forecasting:

Comparison of best prediction performance of ML methods for predicted
periodic displacement for the Baishuihe landslide

"~ ww
ML (or hybrid ML) performance metrics
3 ®
Study algorithms MAPE/% MAE/mm RMSE/mm | MSE/mm | R
Lietal. (2020) | DBN 5.05 2.78 3.48 - i
Liu et al.
(2020) LSTM 5.0 i 7.5 - i
Liu et al. Hybrid SVR-K-means-
(2020) LaTM - 3.86 6.76 - i
Lietal. (2019) | ELM - i 17.41 - 0.968
Yang et al.
(2019) LSTM 10.43 i 7.11 - i
Lietal. (2018) | Hybrid LASSO-ELM 1.30 26.44 35.63 2.28 i
g})"l‘gt al. Hybrid PSO-KELM 0.083 18.104 : - 0.983




Kvam landslides (2011, 86 release zones)
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Kvam area

Valley 32 km? (69% forested).
Subarctic climate with cold winters and warm summers.

Mean annual temperature in Kvam is about 3° C (1981—
2010).

“Normal”: 500 mm/year of precipitation (40% as snow).

Primarily glaciofluvial or fluvial sediments, with
accumulations of colluvium at the base of bedrock cliffs.

Till of variable thickness on the slopes.
2011: 60 mm rain in one day.



Controlling factors

7 1-m DEM was resampled to
reduce the spatial
resolution to 5 m

“ The water content of the
soil column (h) and the
percentage of soil
saturation (i) were daily
values modelled and
interpolated on a 1 km? grid

™ c. Plan curvature




Controlling factors

Conditioning and triggering Variable importance indicator,
Class
factor VI

Slope angle 0.29

Plan curvature 0.1

Aspect 0.08

e Distance to rivers 0.06
Conditioning factors Distance to roads 0.06
Flow accumulation 0.05

Flow direction 0.04

Profile curvature 0.03

Triggering Degree of saturation 0.11
Rainfall 0.11

factors

Water content 0.08




ML algorithms

RF Random Forest
GBRT Gradient Boosted Regression Tree
MLP Multilayer perceptron ANN

TRIGRS Numerical model
(infiltration and limit-equilibrium analysis software)



Geo-mechanical model

B Fs>1.50

[ 1.25<FS<1.50

[ 1<FS<1.25

M Fs<1

[ Release area
1 km




ML models

® True negative
@ False negative
@ False positive
@ True positive



Predictions

Parameters
ACC (%) 94.7 95.4 92.1

POD (%) 935 94.9 90.7 68.3

81.6

POFD (%) 4.7 4.4 7.2 9.2

El (%) 85.5 87.3 79.3 60.3

ACC  Accuracy

POD Probability of detection
POFD Probability of false detection
El Efficiency index



Landslide susceptibility map — MLP and RF
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Take-aways

7 Unbalanced dataset: 535 839 location points, whereof
7 3 399 were release areas

7 6 798 non-landslide points, i.e. twice the number of release
areas, were randomly selected.

7 The selection of the controlling conditioning and triggering
factors is a key requirement for successfully predicting landslide
occurrence.

7 All three ML models gave a greatly improved prediction of
landslide occurrence than the geo-mechanical solution TRIGRS

7 The RF and GBRT models gave the best results.



Landslide displacement prediction
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Monitoring system of the Baishuihe landslide

(retrogressive landslide)
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Monitoring system of the Bazimen landslide

(advancing landslide)
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Monitoring system of the Baijiabao landslide
(deformed as a whole)
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Rainfall, reservoir water level and displacement
Baishuihe landslide

—@®— The accumulated displacement of ZG118
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Accumulated displacement in the Baishuihe slide

6 locations
(2003-2013)
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Displacement
decomposition,
Baijiabao landslide

Trend and
periodic
displacement
terms
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Models used in analysis of 3 step-wide landslides

istical MLM |
Landslide Statistical and odels

Trend term Periodic displacement term
Multivariate Long Short-Term Memory neural networks

Baishuihe 3" degree

polynomial - Multivariate Support Vector Machine model (SVM)
- Random Forest (RF)
- Gated Recurrent Unit (GRU)
Bazimen 3'd degree - Multivariate Long Short-Term Memory neural network
polynomial - Multivariate Support Vector Machine model
- Random Forest (RF)
- Gated Recurrent Unit (GRU)
Baijiabao 3'd degree - Multivariate Long Short-Term Memory neural network
polynomial - Random Forest (RF)

- Gated Recurrent Unit (GRU)




Predicted and measured periodic displacements with the
LSTM and SVM models, Baishuihe and Bazimen landslides
LSTM and SVM ML models
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Predicted and measured periodic displacements with the
LSTM and SVM models, Baishuihe and Bazimen landslides
LSTM, GRU and RF ML models
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Predicted and measured periodic displacements with the
LSTM and SVM models, Baishuihe and Bazimen landslides
LSTM, GRU and RF ML models

Table 5 Comparison of accuracy of predicted periodic displacement at location ZG111 with three machine learning
algorithms (Bazimen landslide)

Time Me'flsured LSTM model GRU model RF model
(year-month) displ. Displ.  Absolute Relative  Displ.  Absolute Relative Displ. Absolute Relative
(mm) (mm) error (mm) error (%) (mm) error (mm) error (%) (mm) error (mm) error (%)
2012-01 97.2 99.2 2.0 2.1 98.6 1.4 1.5 103.7 6.5 6.7
2012-02 834 81.3 2.1 25 78.5 49 59 76.5 6.9 83
2012-03 69.9 67.0 29 42 66.5 33 4.8 69.0 0.9 1.3
2012-04 52.6 564 38 7.1 589 6.3 12.0 61.9 93 17.6
2012-05 39.1 439 48 12.3 435 44 11.2 482 9.1 231
2012-06 1294 100.7 28.7 222 103.4 26.0 20.1 495 79.8 61.7
2012-07 187.1 177.7 94 5.0 184.5 2.6 1.4 157.5 29.6 15.8
2012-08 148.2 179.3 31.1 21.0 175.5 273 18.4 164.7 16.6 11.2
2012-09 154.3 166.0 11.7 7.6 168.2 13.9 9.0 152.5 1.9 1.2
2012-10 157.1 147.2 10.0 6.3 154.7 24 1.5 143.3 13.8 8.8
2012-11 125.5 133.3 7.8 6.2 134 4 8.9 7.1 133.3 7.7 6.2
2012-12 1223 1142 8.2 6.7 1124 99 8.1 111.9 10.4 8.5
Min. error - - 2.0 2.1 - 1.4 1.4 - 0.9 1.2
Max. error - - 31.1 222 - 273 20.1 - 79.8 617
MAPE (%) - - 10.2 8.6 - 93 84 - 16.0 14.2

RMSE (mm) - 13.8 - - 12.6 - - 26.0 - -




Interval prediction (96% confidence level)

Bazimen landslide
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Take-aways

9 The proposed dynamic modeling approach, based on time
series analysis and LSTM, can achieve accurate prediction
in case of the slow and step-wise deformation periods.

‘9 GRUs with fewer tuning parameters, also did a good
prediction.

7 RFs, as a combination of binary decision trees are not able
to predict time-series observations.



Conclusion and perspective

9 ML is a vibrant field with expanding interest and rapid
advancement.

9 Landslide researchers don’t need follow the same pace of
ML progress in implementing ML algorithms for landslide
studies, as it can jeopardize the deep understanding of
both processes and ML methods.

9 The landslide community should however closely observe
ML upgrades and get inspiration for implementing
innovative data-driven methods in landslide studies.
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3-D Ground Models in a World of Digital Twins
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Table 1. Range of published ground modelling references

The Digital 3D Ground Model is just one of the many Model descripton* (n vy approximate orler sccording to

project stage and with inevitable imbrication) Authors” (not comprehensive)

com pon e nts Of th e Wid er ”E ngi nee ri ng G eOIOgi ca I M Od eI” . Geological model* Fookes (1997), Fookes et al. (2000, 2001 %), Hutchinson (2001), Brunsden (2002), Knill

(2003), Griffiths et al. (2004a)*, Baynes et al. (2005), Culshaw (2005)*, CEN (2007),
GEO (2007), Baynes (2010), Loew et al. (2010), Sullivan (2010), Culshaw and Price
(2011), Hencher (2012), Eggers (2016), Bar and Baczynski (2017), de Mello (2018),
Fillion and Hadjigeorgiou (2019), Ting et al. (2020)*

Sections, charts, tables, block diagrams, report text, images,
etc ... no precise definition of what a EGM comprises

Landscape (evolution) and geomorphological landform model Hansen (1984), Brunsden et al. (1981), Fookes et al. (1985, 2000, 2015), Griffiths and
Stokes (2008), Hearn er al. (2012), Ruse et al. (2013), Hearn and Pettifer (2016)

Slope development model Hutchinson (2001), Fookes and Baynes (2008)
- gro u n d CO n d itio n S Geomodel Griffiths and Stokes (2008), Fookes et al. (2015), Hearn (2019%a)
. Engineering geomorphological model Ruse et al. (2013)
- n atu re Of p rOJ eCt) Engineering geological model Fell et al. (2000), Fookes et al. (2000), Gnffiths et al. (20045), Culshaw (2005), Fookes and

Baynes (2008), Parry (2010), Parry et al. (2014, 2019), Eggers (2016), Quinta-Fermreira
(2017), Baynes et al. (2020)

Engineering geological ground model Griffiths (2016)

No real consensus on the term “Engineering Geology Mode|” ===t —
ngineering geology environment mode “ookes et al. (2
Hearn (2021) lists 12 other terms that are Wldely used Conceptual site model ASTM (2014), Quinta-Ferreira (2017), Privett (2019)

Ground model Sellwood et al. (2000), Brunsden (2002), Knill (2003), GEO (2007), Griffiths and Stokes
(2008), Loew et al. (2010), Hearn et al. (2012), Hencher (2012), Ruse er al. (2013), BSI
(2015), Eggers (2016), Moore et al. (2017), Sweeney (2017), Hearn (2019a), de Freitas

G eo I Ogica I SOCiety Of Lon d on: 2020, Norbury (2020), Ting et al. (2020)
Geotechnical model® Fell et al. (2000}, Hutchinson (2001), Knill (2003), Griffiths et al. (2004a), CEN (2007),

QJ EGH VOIume 54 (202 1) Ground mOdeIS in engineering Eggers (2016), Bar and Baczynski (2017), Fillion and Hadjigeorgiou (2019)
. Design Model GEO (2007)
geology and geomorphology collection

*Includes only those model varants developed specifically for engineenng projects. The list excludes generic modelling terms, e.g. theoretical, process-based, equilibrium, stochastic,
statistical, digital, spatial, digital elevation/terrain, mathematical and analytical. It also excludes groundwater and hydrogeological models.

"Note that some authors describe modelling through the vanous phases of project development and use multiple terms according to project stage.

'Includes geological/geomorphological model of Fookes et al. (2001) and Griffiths ef al. (2004a), the 3D geological model of Culshaw (2005) and the Project Stratigraphic Model of

Fookes 1997 (“Geological Model”) Ting et al (220,

fExcludes 3D geotechnical database systems for GeoBIM-type applications (e.g Tawelian and Mickovski 2016; Tonni ef al. 2019; Valeria ef al. 2019). BIM, building information

Norbury 2021 (“Ground Model”) moddine

Joint Technical Symposium on Digital Geosciences & Geotechnology
Hong Kong, 16 September 2021 =



Considerable agreement about the purpose of Engineering Geological Models:
e Ground characterisation
* Identification of Ground Risk

e etc
Characteristics of engineering geological models ... Iterative development ....

RECEE. e
* Sparse data R S S sy
* Variable quality inputs L PR o e o I

* Time and budget constraints
* Inherent uncertainty due to complexity/variation
* Uncertainty due to limited investigation

* DIGITAL GROUND MODELS are NOT DIGITAL TWINS

* Importance of iterative development of the model
e Contrast of visual language — 2D vs 3D




Time Wastage
A g

3-D ground models in the project life cycle —

Information Loss l

As Built -
Operations

Visualisation, big picture — Concept Design, Reference Design Information
Production
Procurement packages (tenders)

D&C
OR
Construct Only

But we have usage issues:

Models used beyond specified purpose 5 3
Minimisation of uncertainties "' : : -
User preference for 3d (over more accurate 2d representations)

Miscommunication (visual cues better than text specification)

Joint Technical SympdSiUm on Digital Geosciences & Geotechnology

Hong Kong, 16 September 2021 - -



A Time Wastage

Construction Phase Observations

Information Loss l

As Built -

Time Wastage Operations

Informa?ion Information Loss l
Production

Construct Only

Design Intent

3D ground models much less popular at construction:
- Massive increase in ground data available

- Few geologically-trained observers

- 3D Ground models too generalised

- Ground materials not recognised

- Data is collected - but in diverse formats

- Relatively little gets in to the model ...

Joint Technical Symposium on Digital Geosciences & Geotechnology

Hong Kong, 16 September 2021 *—



Uncertainty / Level Of Development

Traditional: Heat maps, reliability diagrams, model status
Other ground industries further down the track (petroleum, mining)
Uncertainty enabled 3D Geological models — prediction tools

Entropy  AEntropy

Krajnovich et al 2020

Rockhead (EU) - MC60

Geophysics

100 200 300 400 500

it

't

Petrophysics

Geology

W

Reservoir Engineering

MCE0 Metrage [m]

Joint Technical Symposium on Digital Geosciences & Geotechnology

9
Hong Kong, 16 September 2021

»



Conclusions

Opportunity for Improvements:

* Better use ground models (1ISO19650 compliance)

* Develop more flexible construction-side tools BIM ®°® , Digital twin roadmap >

* Uncertainty-enabled ground models offer time and e
cost savings, and improved resilience

‘ based on future prediction

Predictive simulation, uptimisatiaﬂ

F & Al based reinforcement learni ng |
< =
8 -
£ §
@
3 £
3 = Data science & =1l [
machine learnin, 2
g = L 5
g s
5
Data analytics using ml S

advance digital techniques |

Real time data
aggregation (e.g. via loT)

Asset information
l storage and management
.

Joint Technical Symposium on Digital Geosciences & Geotechnology
Hong Kong, 16 September 2021

Digital twin maturity levels

(

=

Autonomously taking actions
& interventions

o
=

Prescriptive analytics propose
i ntions

ntervel

Prescriptive

(What should I do?) J

Real time monitoring & prediction Predictive

(What will happe:

n?)

Generating insights through |

aggregating & analys

ing data Informative

(Why did it happen?) ‘

Collecting and visualisi
(What happened?)

ing data

...
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Total Digital Architecture
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The Key Speech

Delivered by Sir Ove Arup on 9 July 1970

“We are led to seek overall quality,

fitness for purpose, as well as satisfying, or
significant, forms and economy of construction.
To this must be added harmony with the surroundings
and the overall plan. We are then led to the ideal of
Total Architecture

The term Total Architecture
Implies that all relevant design
decisions have been considered
together and have been integrated
into a whole”




| i ARUP

Total Digital Architecture

Modern day approaches to this philosophy

The philosophy is equally applicable
to the use of digital data and tools
throughout the investigation, design,
construction and management of engineering
assets, with the digital elements considered
together and integrated as a whole
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Geotechnical Design

data flow for geotechnical designs

-------

Data Collection Geological Modelling Geotechnical Analysis Geotechnical Design Output

4’




Data Collection

gathering and collating existing information

(R :>
x5

Data Collection




Field Data Collection

enhancing efficiency

ditching paper forms and
collecting data digitally Offthe-shefftools for
In the first place

AAAAAAA

00000000

Adopt



Slope Information System

Field Data Collection

Slope Data ———
Collection Works

enhancing efficiency

to more bespoke tools
developed for specific
purposes

Site Visit Desk Study

o

PowerApps

Cloud
Storage

2NE-D/C63

.-‘ -
- e @

= Excel
memmssmmmn 2NE-D/CR18
Summary NPRS score
Tables Data
Collection Sheets

Adapt



Field Data

enhancing efficiency

and then use the collected data to
systematically (auto)generate output

Adapt

Slope Information System

SSSSSS

= X
eare v iyﬁ;@@@
. Slope Number |

- Coordinates R

Slope Data
Collection Works

Site Visit Desk Study

o

PowerApps

Cloud
Storage

- - Excel
Summary NPRS score
Tables Data
Collection Sheets




Field Data

enhancing efficiency

Discontinuity Mapping

and doing this for any aspect that
collects site data In a standardized
and consistent manner

Clinometer

p| 240/59 5
p| 004/88
p| 297/43
p| 222/64 @
p| 266/61 &y ore ¥
255807 gy
114,173 >
034/48
Stable
Record
L'.h".m \rp\.‘J
A

Invent



Site Conditions

laser scanning

Terrestrial Laser Scanner and
Mobile Laser Scanners to enable
rapid generation of 3D Point Clouds

4



Site Conditions

digital photogrammetry

UAV surveys for rapid terrain :
modelling of large and inaccessible
areas of interest /

7
L/
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Site Conditions

topographic mapping in hours rather than weeks

rapid surface model generation

Scan Data Post-processed Data Contour Model



Site Conditions

condition survey recording

P
Vildj

3
o
X -

o
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Site Conditions

condition survey recording

tunnel profile generation

Scan Data Profile Extraction Geometry Extraction



Site Conditions

mapping and measurement of key features

accurate meaurement of key features Section Generation

= o L oneves > Quonsoite - Wy — (3 X

-
vq“\ .
ST ~ e
b
Site Mapping / F\Kv\
\s.‘_. ~ e
Measurement S .

1210



Site Conditions

mapping and measurement of key features
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accurate meaurement of key features

 Results

Volume: 3,033.25
Surface: 1,199.36

4

EY
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-l

&4l
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ARUP

Direct Volume
Calculation for
landslides / material
stockpiles etc.



Digital Discontinuity Mapping

Site Conditions

digital rock face mapping

fully automated mapping of
specific characteristics

Combined
Model

Analytical Assessment of the
Entire Area of Interest



Site Conditions

digital rock face mapping

fully automated mapping of
specific characteristics

2D Discontinuity Map

(Infinite Persistence)

2D Discontinuity Map
(Derived Persistence)
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Remote Sensing

looking at the bigger picture

making use of remote sensing

datasets such as LIDAR / IfSAR /
INSAR etc.




Remote Sensing

terrain analysis and catchment screening

Road Catchment Boundary
UpgradeAlign..rain_clean Browse | Catchment 20170915 Browse
Flow Line Section Line
Section Line (Plan) 20180220 Browse | Section Prof..dbr_tin_L Browse
Plan View
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ArcGIS
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Profile Setting Create Profile Create Flow Lines Calculate Flow Angle

5! Find Slope Setting. Updated: 2020/10/04 X E
Road layer: Downward extension of the flowpath creation ;
NLT_Road ~
=L [ Include saving these parameters
Catchment Boundary layer: Contour Layer:
Catchment ~ Contourclip ~
Catchment Boundary |D Field: Contour height field:
D ~
CONTOURID ~
Flow line layer: Slope direction symbol Layer:
Flowpath 3 BMSSlopeSymbal_slip v
Flow line ID Field:

Slope direction Angle Field:
SLOPEANGLE v

Id ~

Man-Made Features Layer:

£y Extension limit: m.
feature ~

% Man-Made Feature ID Field:
SLOHELND > Colors of the types:

% [ Use Cut Cross Profile Layer

i Types  Label Color  Sample Red
e Cut Cross Profile Layer: > Nat Satisfy Inclusion Guideline 192

~ B Satisfy In-Principle Objection Criteria 128
‘: Cut Cross Profile 1D Field: & Satisfy Alert Criteria 255

T T Y
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Remote Sensing

Al-driven landslide identification and mapping

Processed LIDAR —

+ : - Training the ML model
Processed Geological data -

Samples

SR R R R

Y

ENTLI
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Remote Sensing

Al-driven landslide mapping from DTM'’s

HKSAR dataset
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Remote Sensing

Al-driven landslide mapping from Digital Aerial Photos

2op

3 #

Original Image Active Contour Result Landslide Polygon Generation

]
Generate Seed Point

1

1

1

1 Grey Image
: Aerial Tmage *‘

1 VI Image
1

1

1

1

1

1

_ Imlage_ Seed Polints
Binarization Extraction

! DEM Mean
Post-Landslide
DEM
Slope Image

1
1
1
1 -1— Vectorization <«——  Post Processing
1

Feature-based Extraction Workflow
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Remote Sensing

Al-driven landslide mapping from Digital Aerial Photos

Attribute Mapping
Encoder Network Decoder Network (consistent with ENTLI)

(l Output Label

|
Convolution § BN RelU Pooling | Upsampling @ Softmax
| Layer Layer Layer B Layer Layer Layer

\ 4

Input Image

Ground Truth Ground Truth Cross-entropy

|
! |
! |
! |
! |
| . |
| Polygon Blocks Loss ::,_ 1
| Overlapped — o
1 Sampling 2 :
e
: Orthophoto Orthophoto R Random Gamma | | CNN 5 :
: |
! |
! |
! |
! |
|

Blocks Transform Model

Deep Learning Workflow
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Remote Sensing

Al-driven susceptibility mapping from DTM’s

Legend

Susceptibility
Very Low (Frequency <0.1)
Low (Frequency 0.1-0.25)
Moderate (Frequency 0.25-0.5)

High (Frequency 0.5-1)

- Very High (Frequency >1
SERSAEEE Y e AR
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Remote Sensing

even enabling semi-automated risk assessment

Natural Terrain Hazard Study (NTHS) |
¥ Project Info ‘ Source & Flowpath = Factor & Susceptibility = ¥olume & Frequency = Likelihood & Risk. '| Toals =

Define Source Area & Flowpath
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Geological Modelling

avoiding anything unforeseen
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Data Management

existing mapped datasets
Atlas GIS Management of Datasets

N .

collating, managing and
visualizing existing data

ayer: DIRABAGE

condheight A04d
condlen ¢2.4
condwidth 200
ds_invert 1.053

€ Autodesk Connector for ArcGIS
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DIGITAL
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CARDS




Data Management

site investigation data

standard data taxonomy
and storage locations
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4
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ARUP

In-house Spatial Data Infrastructure for AGS Records
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Data Management

consistency is key

to enable consistent processing,
retrieval, interrogation and
linkage between platforms

Organize access
for your projects X3
and your teams

Connect your projects
RXXY with stakeholders such
: as BIM managers

A ‘\‘!‘
Geotechnical Engineer Field Technician

|

@ ﬁ;l
D =

BIM Manager

0ececcccccseccccsecccccoce

Structural Engineer

I
o
o

Project Manager

|
%)

Civil Engineer

Uy
R
Laboratory Technician

|
¢
THB

Engineering Manager

A

CAD Designer

GIS Professional

Project Team

Check Raw Data

| Add Raw Data to Database |

l

Run Processes on Raw Data
e.g. standard calculations.

l

| Add processed data to Database |

Query Database

—_— -77-""-—7.*
| Produce data outputs | Produce visual outputs

}

To reports

To next piece of sofiware

ARUP

Automated processing of AGS data

g GitLab

G gi-data-automator ©
Project ID: 35752

©0-15Commits F 1Branch {0Tags [
"+

master gi-data-automator

Name

& data_exporter

& data_processing

@ data_visualization

@ db_connection_queries
& tmp

& _init__py

& categorize_workflow.py



Data Management

consistency is key

to enable consistent
retrieval and interrogation
(and sharing)

ml) Power Bl

| Digital GIR - Power Bl Desktop

ARUP

Dashboard for Data Assessment
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Geological Modellin

working in three-dimensions
Leapfrog Modelling

and easy integration with : = — " R
modelling packages i i

Reworked Material

. Sandstone
- Saprolite

" .Sedimenbry Rock

Unknown

= leapfrog

FAST, DYNAMIC GECLOGICAL MODELLING



_ _ ARUP
Geological Modelling

working in three-dimensions
Leapfrog Modelling

preferably also integrating
BIM models for the
engineering works too

% I I g®
FAST, DYNAMIC GEOLOGICAL MODELLING



Geological Modelling

avoiding anything unforeseen

and communicating ground
conditions and ground
related risks in easily
digestible formats

EEEEEEE




ARUP

Geological Modelling

working in three-dimensions

but never forgetting the
need for specialist input
from engineering geologists




Geotechnical Analysis

making relieable predictions

s - i
I ~

@ - O

- o Data

il . . : Set

Uniform Data Exchange

Geotechnical Analysis




Complex Modell

integrating our tools

making good use of the datasets

that have been collected e Bl ) e

4
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Complex Modelling

integrating our tools

to facilitate informed
decision making

I5E LS-DYNA

Optimal Barrier Positioning




Complex Modelling

integrating our tools

and linking them with easy-
to-use tools that facilitate
rapid and visual designs

R




ARUP

Complex Modelling

integrating our tools

that allow us to design within
the actual site settings

Input Setting Out Curve

Define Foundation Parameters
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[
Define Barrier Parameters
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Complex Modelling

integrating our tools
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Complex Modelling

integrating our tools

also enabling quick and easy
refinement, where necessary

‘ -
Define Setting Out Point | Define Drainage Hole Geometry \[J B 2o Lﬁ { e p—

G T — — 1

——

L — r— —
Define Main Wall Geometry — L

| holes as you need. Baffle Footing Z @_ | : ; ;" B 01N HS 0000E+00
: i ! - 1 0.4 |/ o 2 ; 4
Site Formation Geometry ‘ ("ol Nai Dist from Edge | S L ; ;

0410

T \ ffine Foundation Dimensions
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e

w
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Define Coping Geometry i :
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Complex Modelling

integrating our tools

and enabling transfer to
common model platforms

a% Rhino.Inside ® .Revit




Geotechnical Design

connecting the dots

Geotechnical Design Output

=
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Data Integration

the situation we’ve all been facing

CloudCompare*® A DATA

=T
- e T, © MANAGEMENT
ey 3 TR,
- ’ SRR
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DESIGN
AUTHORING Rhinoceros
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Speckle is the open source
data platform for aec

Data Integration

the solution we’re adopting

speckle.
works




Data Integration

connecting the dots

c
L
=
m
O
w
o

Speckle Connectors

Extract and exchange data in real time between the most popular AEC

applications using our tailored connectors.

¢

¢

¢ |

\0

Grasshopper

The original Speckle Connector: create anything from
simple to advanced custom workflows using Speckle for
Grasshopper! Supports Grasshopper on Rhino 6 & 7.

Rhino

From sending and receiving geometry to scaffolding BIM
models from simple geometry: Speckle for Rhino is here
to help. Supports versions 6 & 7.

Revit

Extract BIM data for further processing and
visualisation, or dynamically create models from other
CAD applications using Speckle for Revit! Supports...

Excel

Create geometry, schedules and analyse your
geometry’s metadata. Available on the Microsoft Office
Store.

Dynamo

Customise and control basic geometry and transform it
into BIM elements using Speckle for Dynamo. Supports
Dunamo Revit 2018, 2020, 2021 and 2022 and Dynamo...

Civil 3D —
Exchange and extract data from Civil3D using Speckle -
alignments and more! Supports versions 2021 and 2022.




. Speckle Connectors
Extract and exchange data in real time between the most popular AEC
lllllllllllllllllllllllllllllllllllllll

and streaming the lines created

seamlessly push model updates
throughout a whole suite of
Interconnected software packages




[
D t I nt t n Speckle Connectors
a a e g r a I O Extract and exchange data in real time between the most popular AEC

applications using our tailored connectors.

and streaming the lines created

allowing subsequent automated
workflows to activate and take
account of model updates
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ArupCompute

integrating our tools

GRASSHOPPER

DYNAMO

linking standardised and code-based
analysis with visual programming
and report generation packages




alcBuilder

ditching Excel

platforms for quick and easy
scripting of design calculations,
linking with Excel, Python,
Grasshopper, Dynamo, etc. in an
Integrated online platform

CalcBuilder

Test Calc

Work in progress

y-ie.l
Geotechnical

I Load Calculations | 5 Collapse all cards

CalcBuilder Calculation ~

using
using
using
using
using
using
using
using
using

5] @ fr Stuart Millis ~

M reference [ Report <> Code

System;
System.Ling;
System.Collections.Generic;
Arup.Compute.DotNetSdk. Enums ;
CsvHelper.Configuration.Attributes;
DesignCheck2. Framework;
DesignCheck?. Framework.Attributes;
DesignCheck2.Helpers;

static DesignCheck2.Framework.Maths;

namespace CalcBuilder.Geotechnical
[

[Calculation("Test Calc™,"A blank description.”,"Stuart.Mill

[uUTD("id")]

[Revision(®, 8, "Initial version™)]
public class Test _Calc : Calculation
[

public Test_Calc(
[Input("ID", "An identifier determined by the project
string calculationID

)

// Declaring all variables and definitions at the star

// End of variable declara ns
AddTitle(calculationID);

AddSubHeader (" Inputs”, false);



DesignCheck

ensuring code compliance

O n I i ne q ual ity aSSU red = ARUP COMPUTE Search all calculations .

a

p I athrm fOr tECh n i Cal # Stuciel = Almog and Mangione 2015 < w Stuart Millis
: D T D CImTD .
calculations

Q) Recently run

v Tunnel This calculation provides the total radial convergence around a circular 2 Isgrtens
tunnel by incorporating TBM face pressure according to Almog and
> Alignment Mangione (2015) ©®  About
i ASSUMPTIONS & INFO
v Ground 1= Documentation &
v CCM Join the MS Team @
ID D, m S kPa

Almog and Mangione 2015 ﬁ Send Feedback &
FERS ‘ E MPa o kPa > kPa » EPa 5] Log out

Vlachopoulos and Diederichs 2009

Plastic radius with internal pressure ¢ ° kPa A



DesignCheck

ensuring code compliance

and automated report
generation of the
calculation output

.......




TotalDesign Automation

ensuring code compliance

that even links the L

C O @ localhost:3000/project/p300/workflow/w300/application/a300/new/abd854bc-6b0f-4dcf-91ef-6d2681364ef8

designs to automated ARUP Toaesig v 11 © & o @) B

- I - t_ Projects / Workflows / Applications / Structural pile cap designer UK / Session Manager / Test ®
o Input Parameters Qutputs SUBMIT
Structural pile cap inputs Update Controls
METADATA PILE !-;AFIQE\IF NFORCEMENT PILE CAP LOADING PIL > UPDATE CALCULATION
3D Viewer
Calc ID
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| ARUP
But we don’t need to stop at design...



Asset Management

maintaining and checking our designs

we can also link the design to
long-term asset management
through Digital Twins B A o

and its behaviour. computational model and a real-world system.

~
~N
' COMPONENT @
\

A\
Q ASSET t
\

| a5
. PROCESS @
, T
A
. NETWORK OF SYSTEMS m
7
-~

TYPES OF
DIGITAL TWIN




ARUP

Asset Management

from enhancing maintenance inspections

tablet enabled digital twin for
maintenance inspection works




ARUP
Asset Management

to maintaining and checking our designs

to monitor site performance
remotely and in real-time

3 asstaps W Wi rtncat b
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Asset Management

and responding to incidents when they do occur

or trigger incident alarms and
collect data on design performance
when something happens

Debris Impact Sensors Gateway Offsite Data Management

Debris Impact /

A Processing & Cloud
Thickness Sensors ‘\'V: Storage Unil(s) Server g
Debris Validation Communication ( ) Online Data
Cameras % Unit I Management System

Event Notification
System

Power Unit

=

Impact Sensor

p

Impact Sensor

Impact Sensor

/
Impact Switch

Laser Depth Gauge

Lunilide Dutertion 33




ARUP

Asset Management

or even actively managing our sites

or even actively maintain aspects
of the facility operation through
Interactive dashboards that make
use of the models we’ve generated




ARUP
Asset Management

implementing Al in the process of doing so

ire/ Security Lift Predictive
Equipment Maintenance Structural
Intelligent Monitoring

we’re already doing it for
buildings, so why not our . _
geotechnical works too? » b

Environment
Monitoring

3D

Rendering

Equipment
Monitoring

Digital Twin

Sustainability

BIM
Integration

Counting &
Analysis

Crowd
Monitoring &

) Alarm
Vehicle

Counting

Arup Neuron Al Smart
Building Management




The Future

we’re currently only at the tip of the
iceberg in terms of what’s possible... ¢







Digital Journey to
Improve Blasting

Joint Technical Symposium on Digital Geosciences &
Geotechnology

Ir. Simon LEUNG

Delivering a better world

A=COM



Summary

Project Introduction

Prediction of Overbreak with Al

Live Monitoring while Blast Hole Drilling
Robotic Cum Photogrammetry Scanning ) g=
RSS Self-Developed Apps

g~ WD =

ASIA] [S) 6 aecom.com



Project Background

Delivering a better world

5 A=COM
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reatment Works
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Prediction of Overbreak with Al

Delivering a better world

5 A=COM



Overbreak in Tunneling

Scanned Tunnel
Faces (Partial)

Theoretical Boundary

FASIA| of Excavation D E)\ aecom.com



Problems from Overbreak
”

More blast induced damaged zone created More mucking out volume and time induced

Longer Construction Time
Higher Construction Cost
Less Construction Safety

More permanent support required



Innovative Solution — Prediction with Al

[T . g

Data Mining Engine & Al System Overview
ASIA | Al Engine )

Big Data Database

D 6‘ aecom.com




Prediction of Overbreak with Al
- Data Collection

. . . After Blastin
Before Blasting During Blasting J

RERRE TS

2 2 3

Figure 1.1 — iSure Record showing the difference between designe and as-built blast holes

Legend:

-y

Mapping and Point Cloud Data

*
drilled holes

*
planned holes

Blast Design Data Measure While Drilling Data

ASIA | E)\ aecom.com



Prediction of Overbreak with Al
- Data Pre-processing

Blasting
Parameters

Geological
Parameters

Powder Factor

Perimeter Powder Factor

\Y[[®

Blast Holes Dimension (Pull Length, Blast Hole Depth)

Confinement Factor (Blast Hole Depth / Tunnel Section Area)

Q Value

RMR

Jointing (Orientation, Spacing, Infilling)
Intact Rock Strength

Ground Stress Effect

Groundwater

E)\ aecom.com



Prediction of Overbreak with Al
- Our Artificial Neural Network Model for Deep Learning

Blasting

Geological

—

—

Input layer

Hidden layers

\ J
1

Output layer

Comparing

Interconnected group
of nodes, mimic
neurons in a brain

\ J
|

Target layer 6 aecom .com



Prediction of Overbreak with Al
- Our Al Model Training and Inference Cycling Approach

N\

Training Result o
® Mean Squared Error
01
0.08
™~ - Actual A
0.06 Overbre
AN
—Al Lear
Overbre
0.04
0.02
: 0
0
1 2 3 4 5 6 T 8

Al Prediction

200

Epochs

Monitoring of convergence of the error during training

- —/

E)\ aecom.com



Prediction of Overbreak with Al
- Our Platform for Al Overbreak Prediction

AECOM - Al Projects

Overbreak Al Prediction (Output)

Result

AECOM - Al Projects

Overbreak Al Prediction (Input)

N Aciual Result Predi
o1
0.10 |
6 7 B 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

Al Prediction Result

Blasting Parameters

5.5

Geological Parameters

_ Result Output
Al Engine

Submit to Al Engine

(ASIA| Data Input ©" aecom.com



Prediction of Overbreak with Al
- Future Development

v Simulate the overbreak performance with designed geological and blasting
environment

v" Digital twin model

% UNI & Contractual & Financial

EZ} Al Overbreak Simulation — DlgltalTwm

m E)\ aecom.com



Live Monitoring while Blast
Hole Drilling

Delivering a better world

A=COM




Live Monitoring

6“ aecom.com
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Key Function (2)

= Drilling Information
= Efficiency of Drilling Rigs

186.2C(2020-6-24) (1) - Data Collection Information

General Navigation Drilling Efficiency Hole Types = Face Driling Holes

Counters Level: d O User

Round Time  Dyiling Time  Boom Movemerts

ments Time [h]
Dilling Time [n]

idie Time ]

Time After Driling ]

Sum ]

Boom 1

1B6.2C(2020-6-24) (1) - Data Collection Information

Navigation  Driling Efficiency  Hole Types Face Driling Holes ~ Bofting Holes

ind Inf

Curve Table: R102 Tun P Per Im Round Number:

020 10:47:30 am

Rig Information

Number. __ 110175131 N

xt_rig_data_missing

Planned
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Key Function (3)

= Collection of Geo-Mechanical Data
= Carry out Rock Mass Analysis

v' Penetration Rate
' v" Fracture Index
v' Percussive Pressure Geo-
v' Rotation Pressure Mechanical v Rock Strength
v' Flushing Pressure Data v' Water Indicator
v v" Rock Quality Number

Feed Pressure




Key Function (4)

=  Drill-to-BIM

Drilling with

real-time data
collection

Drill-to-BIM

approach allows

construction, Real-time
operation and asset modelling
information

modelling to occur
simultaneously

E)\ aecom.com



Key Function (5)
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Robotic Cum
Photogrammetry Scanning

Delivering a better world

A=COM




Robotic Cum Photogrammetry
Scanning

= 3D Scanner Mounted Robot




Robotic Cum Photogrammetry
Scanning

= 3D Scanner Mounted Robot



Robotic Cum Photogrammetry
Scanning

= Detecting Wedge Collapse Risk

Check rock head movement in crown level are comparing

two point cloud profile which scanned in different time period
"After Blasting and Before Temp. Shotcrete”
(ASIA | E)\ aecom.com




RSS Self-Developed Apps

Delivering a better world

A=COM



Blast Cycle Monitoring

MAT Probing Time
8. Rock Bolting Q 1. Surveying E> 2. Drilling

-
1 hour 2 hours 30 mins

ﬁ g Last Probing

7. Scaling 3. Charging

MAT Blasting Statistics

2 30 ura
hours 1 hour 30 mins MAT Blasting Cycle Time

iy J

6. Mucking Out <: 5. Ventilating <: 4. Blasting

3 hours 30 mins. 2 hours 30 mins

Start Stop

m i’ E)\ aecom.com



Blast Cycle Monitoring

BLASTING CYCLE TIME

APPS
RBIEH A



Blast Design Validity Check

= Quick Check of Burn Cut Design

Void Ratio Check

Sectional Area of Relief Holes Check
Powder Factor Check

Breakage Angle Check

Delay Separation Check

NN X XX

@ aecom.com



Conclusion

= Various Technologies regarding Digital Geoscience and Geotechnology
were Successfully Applied.

= Benefit:
v' Uphold the Supervision
v Efficient and Cost Effective
v' Enhance the Site Safety

= Potential Value Added for Upcoming Main Cavern Project

[S) 6 aecom.com



Thank you.

Delivering a better world

5 A=COM
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Delivering a
better world
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New Digital Paradigm for Geotechnical Works
under Trunk Road T2 and Cha Kwo Ling Tunnel

Ir Stephen MAK

FHKIE FHKIHT FiStructE

=g Seled PINEL N \ 22
TeERFBRARRENRB ///\»\Q{\\\
TRUNK ROAD T2 AND CHA KWO LING TUNNEL ////////
C/Eﬁ) IATERRE e V NEINVRDT

M Development Department
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TRUNK ROAD T2 AND CHA KWO LING TUNNEL

T2 Project Background

3.4km long dual two-lane trunk road Two ventilation buildings

with 3.1km in the form of tunnels . . . .
Associated civil, electrical and mechanical and
Trafflc control and surveillance systems 0 Iandscapmg works

. : o "G . R Y S % ' 'l '.'wd V2 SRR
BN "’ R, AN QRS *’mae e A
N a W, : TS P ‘n"‘*::;'-;é{ T 75 =z~ East Ventilation Building and
by T o 1) ‘
R T e 4 g Eastern Portal
& WI.II.;LJ Filg =7 . LN

West Ventilation
Bqumg

"“|§v3r‘=ﬁi;¢: '-1 2l ...._ .4 i

Western Portal @ Launching -
Shaft e
=T — g & 8- zm’ , Trunk Road T2 and

Cha Kwo Ling Tunnel

Kai Tak Lam Tin Interchange
3 minutes

O pramns NEINARDT

Hyder
CEDD Civil Engineering and yd
BEPR Development Depariment 1
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&Ao TRUNK ROAD T2 AND CHA KWO LING TUNNEL

Project Introduction

Commencement Date: 14 November 2019
Anticipated Completion Date: 2026
Contract Sum: HK$ 16 billion
Client: Civil Engineering and Development Department
gineenng P P Hyder VEEINVRDT
Consultant: Hyder-Meinhardt Joint Venture
Hyder-Meinhardt JV
Contractor: Bouygues Travaux Publics

! irul!

e oo V|
'

| I m

= irImEEE NVEINWRDT

Hyder
CEDD Civil Engineering and yd
BEPR Development Depariment
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et TRUNK ROAD T2 AND CHA KWO LING TUNNEL
RO

Innovative Techniqgue Employed on Monitoring in the T2 Project

* Global Navigation Satellite System (GNSS)

Handheld LiDAR Scanning for 3D Site Image

Distributed Fibre Optic Sensing for monitoring in-situ strain behaviour

INSAR Technology for monitoring ground movements

i o ; g ot o ”;E" ) | i lfgn » ol 1) i
Bam e L TR, o [JE= U1 , e - R ﬁﬁu )
- ""? "ff'}r"rr"ﬁ%fw PT' f:ﬁ_x'}g' Y SN st B T o 1 ) ’




) TEERBRAREME

TRUNK ROAD T2 AND CHA KWO LING TUNNEL

Cheung
Yip Street

C/Eﬁ mﬁﬁff » Hyder }/ AVEINWRDT Final Excavation Depth: 38.3m (Cell 1), 37.7m (Cell 2), 33.7m (C&C Tunnel)
M Develogment D%partment 3
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TRUNK ROAD T2 AND CHA KWO LING TUNNEL

1. Global Navigation Satellite System (GNSS) monitoring

* Real time 3D monitoring at PWCL, South Apron seawall, Kwun Tong breakwater and Cha Kwo Ling seawall for TBM passing;
« Improve accuracy and reliability with the addition of BeiDou Satellite (BDS) system:;

* Accuracy: £ 1mm (horizontal) and = 2mm (vertical) in par with conventional survey;

« Automatic issue of alert Short Message Service (SMS) and/or e-mail to subscribers whenever the AAA limits are reached,;

* Apply solar panel as power source for remote area. : :
Operating satellites above HK:

BeiDou (China): 16 nos.
GPS (US): 7 nos.
Galileo (Europe): 5 nos.
Glonass (Russia): 5 nos.

Total: 33 nos.

GPS Satellites ‘rua ‘YU‘S

b b

RTK Base Station RTK Rover

Limitations / constraints:
 Rover stations within 3km from base
station;

« 70%0pen sky view for rover stations
to receive satellite signals;
« Multi-path of satellite signals due to May impair
E; reflection at glass facades of high- — accuracy of
e e 2 rise buildings; GNSS
P . QV . _ » Interference from other radio signals
CEDD Civil Engineering and Hyder AEINARDT w W|th Similar frequency ("‘15 GHZ) J
M Development Department 4
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TRUNK ROAD T2 AND CHA KWO LING TUNNEL

Vi ro®,

1. Global Navigation Satellite System (GNSS) monitoring

* Phase 1 for PWCL and South Apron seawall
* Phase 2 for breakwater and Cha Kwo Ling seawall

* Reuse same setup at different locations for cost saving

55 Bl 4 VLS ¢
| Covery % v ! LLI
4 L T4 M1 Yo ry-y
| 7 A\ e e ;
3 i = prw 7
) = e At . ¥
' g 4 <
vk . e
/X C e+ 1A

| Public Works Central Laboratory !. !"‘ %“
. = of

’
‘3
£ -
v & e =a'
S r
D
[

Phase 2 monitoring at breakwater TR
Phase 1 monitoring at PWCL & South Apron seawall J Phase 2 monitoring at CKL Seawall

= irrmmes NVEINVRDT

A Hyder
Civil Engineering and
B  Development Depariment 5
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S 9 TRUNK ROAD T2 AND CHA KWO LING TUNNEL

Yic po®,

1. Global Navigation Satellite System (GNSS) monitoring
r

Receiver housed
in plastic housing

Emergency back-up
battery & radio
transmitter

Typical setting up of GNSS rover station at roof of PWCL
ﬁ TARIEAEE

C E D D Civil Engineering and Hyder NVEINIRDT

M Development Department Hyder - Meinhardt JV

Normal rover
station

— Choke
Ring

Rover station with
choke ring for
minimizing multi-
path signals




5 TPERBRARBEE

TRUNK ROAD T2 AND CHA KWO LING TUNNEL

Vi ro®,

1. Global Navigation Satellite System (GNSS) monitoring

Phase 1 Monitoring at PWCL &
South Apron seawall
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TRUNK ROAD T2 AND CHA KWO LING TUNNEL

1. Global Navigation Satellite System (GNSS) monitoring

Dedicated Web portal for real time reporting of monitoring data

EDD J.KI!NGIL Mmm
o R

@ Sensors
Name Mac Type Status Updated Value
TS1 501c83 TILT [ Normal | 2021-01-18 08:03:13 Pitch = 0.0096, Roll = -0.017 (degree)
Ts2 501356 TILT [ Normal | 2021-01-18 083025 Pitch = 0.0077. Roll = -0.0133 (degree)
TS3 5b1ade TILT [ Normal | 2021-01-18 07:23:22 Pitch = -0.0103, Roll = 0.0038 (degree)
Ts4 501361 TILT [ Normal | 2021-01-18 06:46:22 Pitch = -0.0043, Roll = -0.0231 (degree)
PWL1 05172 GPS [ Normal | 2021-01-18 09:00:00 delta N = 0.87, delta E = 1.14, delta H = -1.94 (mm)
PWL2 05232 GPS [ Normal | 2021-01-18 09:00:00 delta N = 0.74, delta E = 0.96, delta H = -1.73 (mm)
PWL3 405239 GPS [ Normal | 2021-01-18 09:00:00 delta N = 0.42, delta E = 0.98, delta H = -1.51 (mm)
PWL4 d0523a GPs [ Normal | 2021-01-18 09:00:00 delta N = 0.26, delta E = 0.9, delta H = -1.22 (mm)
PWL5 d05176 GPS [ Normal | 2021-01-18 08:00:00 delta N = 0.52, delta E = 1.18, defta H = -2.04 (mm)

Location Plan of Rover Stations at

= iATEERS
ivil Engineering an Hg er ”I -N-M?DI i i
CEDD cDevlellzogmentD%par(’:ment PWCL BU|Id|ng
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1. Global Navigation Satellite System (GNSS) monitoring
Monitoring Data at roof of PWCL from March 2021 to July 2021

20

delta N

T2/GNSS/PWL3

deltaE| || &l S N
delta H
l ' T2/GNSS/PWL
Eopen T v T ——— e VAV A e S o v e e S S S |
10 I
|
L20 I
Apr 2021 May 2021 Jun 2021 Jul 2021 Aug 2021 I
B T2/GNSS/PWL4 delta N T2/GNSS/PWL 1 T2/GNSS/PWL 2!
delta E @ . '
10 1 s e - J
delta H 127151 TZ/TSZ
Eﬂm'g-?—- —— ': --c; !W"_" #'JPW T —-WW'L‘HH‘--Wﬁ*M
B T2/GNSS/PWL5 delta N
o delta E
delta H
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1. Global Navigation Satellite System (GNSS) monitoring
Monitoring Data at roof of PWCL from March 2021 to August 2021

B T2/GNSS/PWL1 delta N
. delta E = = - |
delta H T2/GNSS/PWL! T2/GNSS/PWL4 | T2/GNSS/PWLS
£ OWWM W P, b oo snlr e e e e Vb i
10 \ !
!
20 Apr 2021 May 2021 Jun 2021 Jul 2021 Aug 2021 !
Gerong/m
“ T2/GNSS/PWL?2 delta N - B e i ]
. delta E 121 T2/T82
delta H
R S S e R e R e S s A R o e ot
C/Eﬁ f"l‘ffﬁ"i‘g " Hyder |/ VEINVRDT

PP  Deveopment Departmert 10
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1. Global Navigation Satellite System (GNSS) monitoring

GNSS Monitoring vs Manual Survey ———GNSS Manual Survey

Monitoring Frequency

: Every 15 mins Daily
' Fully autonomous (using manual
- (using GNSS) survey)
-3.0
-4.0
-5.0
Comparison of GNSS and Manual Survey
C/Eﬁ IATRREE  yer | MEINGRDT

PP  Deveopment Departmert 11
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2. Handheld LIDAR Scanning for 3D Site Image

» Use of handheld LIDAR (Light Detection and Ranging) technique for -
scanning of 3D site image

» Regular record of excavation profile, for estimation of bulk excavation
volume and to facilitate GEQO’s analysis of the performance of the ELS
SyS_tem __ . : : (Co-organised

* Quick acquisition of large number of detected points using LIDAR * With GEO/S&T)
technique (~20M points from a 5-min scan) than conventional survey '
(e.g. around 1hr walk to scan LSCC, much faster than traditional
surveying method which may take 1 — 2 days)

« Approximately 1 — 2 hrs processing time from raw data to 3D models

« Accuracy: 3to5cm .

LiDAR scanning in progress

Scanner and Data Logger

ﬁiﬁ) e | Huder \) NEINYRDT

M Development Department Hyder - Meinhardt JV

Reference Point

12
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Demonstration of LIDAR
Scanning at LSCC
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2. Handheld LIDAR Scanning for 3D Site Image

A irTEERE

CEDD cviengneerngand Hyder |/ AVEINRDI .
o o 3D Point Cloud Images for LSCC 14




g TOLERER KBRS

TRUNK ROAD T2 AND CHA KWO LING TUNNEL

2. Handheld LIDAR Scanning for 3D Site Image

Animation of the 3D LSCC
Point Cloud Image

@) cyclone 3DR
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3. Distributed Fibre Optic Sensing for monitoring in-situ strain behaviour of D-wall panels

* Monitor the performance of the diaphragm wall panels

» Obtain continuous hoop and bending strain profiles along specific
sections of the diaphragm wall panels (spatial resolution of 5cm is
adopted for this project);

» Fibre optics as primary sensing technique, supplemented by strain
gauges and earth pressure cells;

» Better understanding of the actual hoop behaviour of semi-circular
ELS system to facilitate research and design review.

RS s | TR
Vet WO /9 iy X 3 =

FOSS srranes Hyder |/ AVEINAARDT
CEDD Civil Engineering and
BEGR Developmet Deparimen

(Co-organised
- with GEO/S&T
and PolyU)

Advantages of Fibre Optics :

« Continuous monitoring along fibre
optics

* Not affected by E&M disturbance

* Long distance monitoring — less
depletion of optical signal over
long distance than other sensors

16
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3. Distributed Fibre Optic Sensing for monitoring in-situ strain behaviour of D-wall panels

. 17 .
A .
oy e .
N : ¢
. -
] J [l
’ 2 N J
v TR

g e SR Installation of Fibre Optics in three D-wall panels:
. Panel IP3 (DN-03) A

W Panel IP1 (C1-01)

IP1 (in Cell 1) — Close to Y-panel for less
hoop stress + large bending moment

IP2 (in Cell 2) — Mid-span of two Y-panels for
the largest hoop stress

“—— Panel IP2 (C25-03)

"y g
L W

.
A 5 T m e,
I e~ S
l“f i ~

IP3 (in C&C) — Largest bending moment

A irTEERE

A Hyder |/ AVEINARDT
CEDD Civil Engineering and
BEGR Developmet Deparimen 17
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3. Distributed Fibre Optic Sensing for monitoring in-situ strain behaviour of D-wall pa

A ey
(A A >

rava

Testing of Fibre Optics after
lowering of steel cage

Fibre Optics installed on rebars .
- ower
22 srImmEs Hyder \/ VEINARDT

C EDD Civil Engineering and
B  Development Depariment

ing of steel cage in progress
18
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Fixing of FO onto Steel Cage

19
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3. Distributed Fibre Optic Sensing for monitoring in-situ strain behaviour of D-wall panels

Monitoring Data of Fibre Optics for Hoop Strain at Panel C2S-03

L o T T N Y TR

Typical Arrangement of Hoop FO at Panel C2S-03 300 SG FO Date
' , 250 L : @ —2021/03/25 |
E‘,’” o ® —2021/04/01 Strain at a Discrete
() e 200 ® —2021/04/08 7 Point
» 3 2021/ '04 / I 5 (using Strain Gauge)

Continuous Strain
Profile
(using FO)

Strain/pe

Strain change in D-wall

[ IAT
e T . BNl I Tl B &2 o )" oo generally tallies with
-150 ¢ {1 design trend!
1T *Ongoing study by
I T T 24 GEO/S&T and PolyU

v S eI/
CEDD ﬁjﬁ?ﬁfim Hyder 1/ VEINAARL 250 Hoop strain cable at retained side
PP  Development Department Decreasing hoop strain (compressive) ‘ 20

-300
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4. InSAR Technology for monitoring ground movements at Cha Kwo Ling Village

* Use of INSAR (Interferometric Synthetic Aperture Radar) technology for mapping ground deformation using satellite radar images
« Radar image acquisition frequency: every 11 days (average orbiting cycle of satellite)
« Claimed accuracy: £ 2mm (vertical)

« Advantages of using INSAR monitoring:
v Remote sensing technology, suitable for areas with restricted access (e.g. like Cha Kwo Ling Village due to COVID-19)

v No disturbance to the residents of Cha Kwo Ling Village
v' Can retrieve historical monitoring data back from July 2017
v" Not affected by adverse weather conditions

Assumes no change
Satellite Position

No change
Ground Surface

Atmosphere Satellite Geometry

Identical Phase Different Phase

Change in
Phase diffgrence Ground Surface
Atmosphere

FOSS srranes Hyder |/ AVEINAARDT
C EDD Civil Engineering and
B Development Deparment 21
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4. InSAR Technology for monitoring ground movements at Cha Kwo Ling Village

Potential Application in T2 Project: — oo
« CKL Village closely clustered houses with narrow alleys, extremely difficult for ~ friecremee :
manual survey; COVID-19 situation will also cause restricted access; 41A, 418, 424, 43, 435, 444, 44C, 44D, 45, 4882, T5) E
398, 39C, 391, 421, 3901, 35M388-Rm7, 388-Rmi 5
5

* Use INSAR monitoring for clusters of houses to supplement conventional survey; [z s+, 504 3s1

39B1, 3962, 39C1, 39D, 39F, 39G, 39GG, 39MG, 39M1,

390, 3902, 39R, 42), 4211, 48B, 48D, 48E, 481, 48F2, 48V6,
48V7, 48VE, 48V11

484, 485, 48Y

132

Cha Kwo Ling Public Toilet and Showroom

439, 50, 508, Law's Manision (508, 51, 51A), 58{58A2, 504,
5941, 59A2, 59A3), 58A(59B, 59E, 59H,63F),58B, 58C

S3A, 54, 654

90,55, 56, 57

89, 89D1

S7A, 578

59, 59D, 60, 61, 62, 63, 64, 65C

88, 88B, BBB1, 8382, B8A, B3A-2/F, 65H, 65, 65C, 67, 69,
71, 73, 86, 754, 77, 79, 79B, 81, 814, 83, 844, 84, 85,
864,86, 878 19

= fwe e

=~

65B, 650, 68, 68- Rear, 70, 68, 66 8

72, 74, 76, 78, 80, 80 1/F, 82, 82A 5

126A, 127, 127A, 1278, 3

135, 1358, 134C, 216G, 216, 1334, 133A4-1/F 4

ESS 1

> RCP 2

® b2 154 0
- Grouping Different Houses into Clusters

LEGEND :
/6 e INSAR MONITORING POINTS BY SERVICE PROVIDER

t7
CEDD Civi .7 HOUSE CLUSTER

Ded v AS N 3 NI AE <
s Instrumentation Monitoring Plan (INnSAR) 22
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4. InSAR Technology for monitoring ground movements at Cha Kwo Ling Village

10
§ Historical monitoring
data of INSAR since
L~ July 2017
% \\ Manual survey data using
conventional survey method
5 since January 2020
-10
o el el e oo™ o il
x|x|“~°\"e'\’1:0Q xrlll“mw ml“&ﬁw00 xrﬁm‘-"\lm mﬁ"w\lm ml’l“l“ﬂ' “ mllcmﬂm
Time
Comparison of INSAR Monitoring and conventional manual survey
A= srranes Hyder |/ VEINRDT

C E DD Civil Engineering and
M Development Department 23
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