
Rank S(xdb) LL
(%)

PI
(%) LI v/Pa p/Pa su/v St Bq qt1 qtu OCR Location

1 367.1 61.8 28.1 1.10 0.44 0.46 0.38 12.0 1.04 Okishin (Japan)
2 142.8 65.6 37.9 1.01 0.55 0.88 3.0 0.43 6.13 4.45 1.60 Drammen (Norway)
3 132.6 0.31 1.40 12.0 0.41 8.86 6.19 4.47 232nd St. (Canada)
4 104.9 73.6 36.5 0.46 0.66 0.49 0.40 7.76 5.34 1.43 Bothkennar (UK)
5 63.7 58.3 21.7 1.37 0.18 Canada
6 61.7 75.8 60.5 0.77 0.74 1.13 0.21 3.0 0.50 5.37 3.67 1.54 Drammen (Norway)
7 58.8 78.2 42.5 0.69 0.74 0.79 0.24 4.0 1.06 Shellhaven (UK)
8 49.6 67.0 35.0 0.80 0.73 1.54 0.26 2.10 Anacostia (USA)
9 48.8 76.3 42.5 0.72 0.69 0.95 0.44 0.53 6.54 4.10 1.37 Grangemouth (UK)

10 48.7 67.0 35.0 0.80 0.19
11 47.5 72.7 46.8 0.82 0.70 0.70 0.22 6.3 1.00 Shellhaven (UK)
12 40.7 72.4 47.2 1.00 0.59 0.21 3.0 0.46 5.94 4.18 Drammen (Norway)
13 40.4 69.0 31.0 1.05 8.0 Bromma (Sweden)
14 39.1 64.4 40.0 1.00 0.68 0.78 0.23 1.15 Canada
15 37.0 62.0 31.0 0.34 8.0 USA
16 35.9 75.4 41.5 0.82 1.35 0.20 Belfast (UK)
17 34.8 77.1 49.7 0.68 0.91 1.44 3.1 0.54 5.69 1.58 Singapore
18 34.3 60.0 30.0 0.93 0.17 0.38 0.54 2.28 USA
19 32.6 70.0 30.0 1.07 0.87 1.04 1.20 San Francisco (USA)
20 31.4 75.9 35.9 0.71 0.52 6.2 Canada
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ICE (2017)
• INFRASTRUCTURE PROVIDES THE BASIC MEANS FOR MOVING 

AND CONNECTING GOODS, RESOURCES AND PEOPLE, IN TURN 
ENABLING ECONOMIC GROWN AND THRIVING COMMUNITIES

• WE MUST THINK ABOUT NOT ONLY THE PHYSICAL ASSET, BUT 
ALSO ITS DIGITAL TWIN – ALL THE ASSOCIATED DATA AND THE 
INFORMATION THAT THIS CAN REVEAL

• IF WE TRULY CONSIDER INFRASTRUCTURE AS A SERVICE, 
THEN MAKING THIS MENTAL SHIFT IS ESSENTIAL

• DELIVERING INFRASTRUCTURE BASED ON OUTCOMES FOR 
USERS DRIVES US TOWARD WHOLE LIFE DECISIONS AND 
RECOGNIZING THE VALUE OF THE ENTIRE DATA ESTATE

Institution of Civil Engineers (2017). State of the Nation: Digital Transformation. London.



ICE (2017)
• DIGITAL TRANSFORMATION, WHICH INCLUDES DIGITAL 

DELIVERY AND SMART INFRASTRUCTURE (OR CYBER-
PHYSICAL INFRASTRUCTURE SOLUTIONS), IS A MORE COST-
EFFECTIVE WAY OF ADDING VALUE TO INFRASTRUCTURE 
THAN TRADITIONAL APPROACHES

• THE INFRASTRUCTURE SECTOR HAS BEEN SLOW TO ENGAGE 
WITH THE UPTAKE OF NEW DIGITAL TECHNOLOGIES 
COMPARED WITH OTHER INDUSTRIES

• 64% OF FIRMS OPERATING IN EUROPE & THE MIDDLE EAST 
ARE RATED AS EITHER ‘INDUSTRY FOLLOWING’ OR ‘BEHIND 
THE CURVE’ IN TERMS OF TECHNOLOGY ADOPTION

Institution of Civil Engineers (2017). State of the Nation: Digital Transformation. London.





TRANSITION TO INDUSTRY 4.0
• SMART ASSET MANAGEMENT
• CULTURE & BEHAVIOURS
• VALUE OF DATA
• SECURITY
• BUSINESS MODEL TRANSFORMATION

https://www.ice.org.uk/knowledge-and-resources/digital-engineering-and-the-built-environment.



WHAT HAS CHANGED?

USD 18.8 TRILLION



• 1 BYTE = 1 CHARACTER
• 1 KB = 103 BYTES = 1 PAGE
• 1 MB = 106 BYTES = 1 PHOTO
• 1 GB = 109 BYTES = 1 MOVIE
• 1 TB = 1012 BYTES = 1 NYSE TRADING SESSION
• 1 PB = 1015 BYTES = ALL PRINTED INFO IN 1995
• 1 EB = 1018 BYTES = ALL SPOKEN WORDS
• 1 ZB = 1021 BYTES = SAND GRAINS ON ALL BEACHES
• 1 YB = 1024 BYTES

BY 2020



Source: iFLYTEK 科大讯飞



2015

2011

2004

1998

Wave 4: Autonomous AI

Wave 3: Perception AI (digitized physical world)

Wave 2: Business AI

Wave 1: Internet AI

Four waves of Artificial Intelligence Applications

Kai Fu Lee, The Era of AI, www.aisuperowers.com



NUMBERS
SMART 

DECISIONS

GEOTECH 
DATA

RETAIL
LOGISTICS

TRANSPORT
HOSPITALITY
HEALTHCARE

…

VALUE OF DATA?



ROLE OF DATA IN DESIGN
 NO DATA (ALMOST)



EXPERIENCE DECISION

VERY CONSERVATIVE 
VALUES

“SAFE” 
DECISION

INFORMAL RISK MANAGEMENT



PRESUMPTIVE BEARING 
VALUES

Terzaghi, K. & Peck, R. B. (1967). Soil Mechanics in Engineering Practice. John Wiley.

Citing Kidder-Parker Architects' and Builders' Handbook 
(1931)

1 ton/ft2 = 95.7 kPa



BS 8004 (1986)
SOIL TYPE BEARING VALUE (kPa) REMARKS

DENSE GRAVEL OR DENSE SAND 
& GRAVEL > 600

WIDTH OF FOUNDATION NOT 
LESS THAN 1 M. WATER TABLE 
AT LEAST AT THE DEPTH EQUAL 
TO THE WIDTH OF FOUNDATION,
BELOW BASE OF FOUNDATION

DENSE GRAVEL OR MEDIUM 
DENSE SAND & GRAVEL 200-600 -

LOOSE GRAVEL OR LOOSE SAND 
& GRAVEL < 200 -

COMPACT SAND > 300 -
MEDIUM DENSE SAND 100 - 300 -
VERY STIFF BOULDER CLAYS & 
HARD CLAYS 300 - 600 SUSCEPTIBLE TO LONG TERM 

CONSOLIDATION SETTLEMENT
STIFF CLAYS 150 - 300 -
FIRM CLAYS 75 -150 -
SOFT CLAYS & SILTS < 75 -
VERY SOFT CLAYS & SILTS - -

BS 8004 (1986). Code of practice for foundations. Table 1 — Presumed allowable bearing values 
under static loading 



DATA  DECISION
• NO DATA (OTHER THAN SURFACE SOIL TYPE)
• BASED ON EXPERIENCE
• PRESCRIBED BY CODES
• SIMPLE
• NOT GENERAL
• VERY CONSERVATIVE
• PRELIMINARY DESIGN (?)



ROLE OF DATA IN DESIGN
 DATA + PHYSICAL MODEL



PHYSICAL
MODEL DECISION

CONSERVATIVE
VALUES

“SAFE” 
DECISION

DATA

EXPERIENCE

FS

CONSERVATIVE 
MODEL

INFORMAL RISK MANAGEMENT



BURLAND TRIANGLE

ModelingSoil 
Behaviour

Ground 
Profile

Empiricism, 
precedent, 

experience, risk 
management

Site investigation, 
ground description

Genesis/geology

Lab/field testing, 
observation, 

measurement

Idealization followed by 
evaluation. Conceptual 
or physical modeling, 
analytical modeling

Burland, J. B. (1987). Nash Lecture: The teaching of soil mechanics – a personal view. 
Proceedings, 9th ECSMFE, Dublin, Vol. 3: 1427-1447.



DATA  DECISION
• SOIL DATA AS INPUTS
• BASED ON PHYSICS
• CAN BE VERY SOPHISTICATED
• CAN BE VERY GENERAL
• NEED FS TO HANDLE UNCERTAINTIES
• NEED EXPERIENCE FOR “REALITY” CHECK

Geoadvanced.comSKUA® Software Suite



FS FROM EXPERIENCE

Terzaghi, K. & Peck, R. B. (1948). Soil Mechanics in Engineering Practice. John Wiley.

TYPE OF 
STRUCTURES

FACTOR OF 
SAFETY (FS) REMARKS

RETAINING STRUCTURE 1.5 AGAINST SLIDING
1.5 BASE HEAVE
2.0 STRUT BUCKLING

SLOPE STABILITY 1.3-1.5
EMBANKMENTS 1.5

1.1-1.2 WITH MONITORING
FOOTINGS & RAFTS 2.0-3.0
SINGLE PILES 2.5-3.0 WITH LOAD TESTING

6.0 WITH ENGINEERING NEWS 
FORMULA

FLOATING PILE GROUPS 2.0-3.0 W.R.T. BASE FAILURE



ModelingSoil 
Behaviour

Ground 
Profile

Empiricism, 
precedent, 

experience, risk 
management

Site investigation, 
ground description

Genesis/geology

Lab/field testing, 
observation, 

measurement

Idealization followed by 
evaluation. Conceptual 
or physical modeling, 
analytical modeling

BURLAND TRIANGLE W. 
UNCERTAINTY
C

om
pr

es
si

on
 ra

tio

Natural water content



BURLAND TRIANGLE W. 
UNCERTAINTY

ModelingSoil 
Behaviour

Ground 
Profile

Empiricism, 
precedent, 

experience, risk 
management

Site investigation, 
ground description

Genesis/geology

Lab/field testing, 
observation, 

measurement

Idealization followed by 
evaluation. Conceptual 
or physical modeling, 
analytical modeling



BURLAND TRIANGLE W. 
UNCERTAINTY

ModelingSoil 
Behaviour

Ground 
Profile

Empiricism, 
precedent, 

experience, risk 
management

Site investigation, 
ground description

Genesis/geology

Lab/field testing, 
observation, 

measurement

Idealization followed by 
evaluation. Conceptual 
or physical modeling, 
analytical modeling

FR
EQ

U
EN

C
Y

MEASURED/PREDICTED

1.0



ROLE OF DATA IN DESIGN
 DATA + STATISTICAL MODEL



ALL MODELS ARE WRONG
• WHEN BUILDING STATISTICAL MODELS, WE MUST 

NOT FORGET THAT THE AIM IS TO UNDERSTAND
SOMETHING ABOUT THE REAL WORLD. OR PREDICT, 
CHOOSE AN ACTION, MAKE A DECISION, SUMMARIZE 
EVIDENCE, AND SO ON, BUT ALWAYS ABOUT THE 
REAL WORLD, NOT AN ABSTRACT MATHEMATICAL 
WORLD: OUR MODELS ARE NOT THE REALITY - A 
POINT WELL MADE BY GEORGE BOX IN HIS OFT-
CITED REMARK THAT “ALL MODELS ARE WRONG, 
BUT SOME ARE USEFUL”

Hand, D. J. (2014). “Wonderful examples, but let's not close our eyes”. Statistical Science, 29-98.
Box, G. E. P.; Draper, N. R. (1987), Empirical Model-Building and Response Surfaces, John Wiley 
& Sons.



DATA-DRIVEN MODELS
 UNIVARIATE STATISTICS



Lumb, P. (1966). “Variability of Natural Soils”, Canadian Geotechnical Journal, 3(2), 74 – 97.



Courtesy Victor Li

Hong Kong Statistical Society Newsletter, Vol. 9, Issue 1, 1986, pp. 2-5



6 DEGREES OF SEPARATION

ROBERT LO

VICTOR LI

ME

International Symposium on Limit State Design in Geotechnical Engineering 
Copenhagen, Denmark, May 26-28, 1993



VICTOR LI

BOB GILBERT

Fourth Asian Pacific Symposium on Structural 
Safety and Reliability, Hong Kong, 19-20 June 
2008

VICTORIA PEAK

MONG KOK



1984

1987

1996

2 – AACHEN 1975
3 – SYDNEY 1979
4 – FLORENCE 1983
5 – VANCOUVER 1987
6 – MEXICO CITY 1991
7 – PARIS 1995
8 – SYDNEY 1999
9 – SAN FRANCISCO 2003
10 – TOKYO 2007
11 – ZURICH 2011
12 – VANCOUVER 2015
13 – SEOUL 2019

1988

1995



PROBABILISTIC METHODS IN 
GEOTECH ENGRG (1995)

• VARIABLE NATURE OF SOIL & ROCK, 
• CHANGEABLE ENVIRONMENTAL 

CONDITIONS, &
• UNCERTAINTIES IN PREDICTING FIELD 

PERFORMANCE FROM AVAILABLE 
GEOTECHNICAL MODELS, 

• COPING WITH UNCERTAINTY IS A HALLMARK 
OF GEOTECHNICAL ENGINEERING



“COPE” OR “CAPITALIZE”?
• VARIATIONS = “NUISANCE”

– AVERAGE AWAY
– “COPE” WITH STATISTICS

• VARIATIONS = SECOND-ORDER EFFECTS WE 
DO NOT KNOW HOW TO USE

• DEEP LEARNING IS ABOUT SQUEEZING 
INSIGHTS FROM SECOND-ORDER EFFECTS!

• VARIATIONS = “VALUE”?



Site (region) LI su su
re ’v ’p Reference

Ariake Bay
(Japan)
UC tests

St = 9.9 ~ 42.4

1.28 2.58 0.22 9.56 7.94

Ohtsubo
et al.

(1995)

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
1.24 10.36 0.52 34.54 29.30
1.24 13.10 0.39 38.53 40.84
1.31 15.88 0.63 41.79 42.82
1.22 15.77 0.68 45.05 46.16
1.44 16.66 1.01 50.48 52.61
1.55 19.19 1.47 54.82 77.45
1.22 25.00 0.59 59.53 75.70
1.22 29.38 1.17 63.87 82.35
1.05 40.89 1.43 69.31 127.24
0.89 49.35 2.94 73.65 181.98

Gosport
(U.K)

UC tests
St = 2.4 ~ 3.1

0.59 8.93 3.67 39.01 29.61

Skempton (1948)
0.38 34.55 13.67 130.66 128.31
0.55 9.87 3.22 35.72 31.49
0.42 20.68 6.75 110.45 88.36
0.46 12.22 4.13 33.37 46.06

Åsrum
(Canada)
UC tests

St = 35.8 ~189.8

2.02 10.56 0.14 7.70 29.98 Parry and Wroth
(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



μ - σ MEAN = μ

FR
E

Q
U

E
N

C
Y

STDEV = σ

% “DEFECTIVES” 
= 16%

COV = σ/μ

MEAN, STDEV, COV



qk μ

FR
E

Q
U

E
N

C
Y

1.96  σ

μ  ασ = μ  1.96  σ% “DEFECTIVES” 
= 2.5%

95% CONFIDENCE INTERVAL



COEFFICIENT OF VARIATION
• ADULT MALE (FEMALE) HONG 

KONG
• MEAN = 171.7 (158.7) CM
• STDEV = 7.42 (7.11) CM
• COV = 7.42/171.7 = 4.3%

• 95% IS BETWEEN MEAN 
1.96 STDEV = [157.5, 186.5] 
[144.8, 172.6]
https://tall.life/height-percentile-calculator-age-country/



Phoon, K. K. and Kulhawy, F. H. (1999). Characterization of geotechnical variability. Canadian 
Geotechnical Journal, 36(4), 612-624.



Phoon, K. K. and Kulhawy, F. H. (1999). Characterization of geotechnical variability. Canadian 
Geotechnical Journal, 36(4), 612-624.



CATEGORIES OF DATA QUALITY

• CONCRETE (fcu) (ACI 1965)
– COV < 10% EXCELLENT
– COV = 10 – 15% GOOD
– COV = 15 – 20% SATISFACTORY
– COV > 20% BAD

• SOIL (su) (EPRI TR105000)
– COV = 10 – 30% LOW
– COV = 30 – 50% MEDIUM
– COV = 50 – 70% HIGH

10 - 20%

10 - 70%

Phoon, K. K., Kulhawy, F. H., & Grigoriu, M. D. (1995). Reliability-Based Design of Foundations for Transmission 
Line Structures, Report TR-105000, Electric Power Research Institute, Palo Alto.



STRUCTURE GEOLOGY



CLASSIFICATION OF SOIL 
VARIABILITY

70 – 90HIGHC

50 – 70MEDIUMB
30 – 50LOWAHORIZONTAL STRESS 

COEFFICIENT (ALSO 
SOIL MODULUS)

15 – 20HIGHC

10 – 15MEDIUMB
5 – 10LOWAEFFECTIVE STRESS 

FRICTION ANGLE

50 – 70HIGHC

30 – 50MEDIUMB
10 – 30LOWAUNDRAINED SHEAR 

STRENGTH

COV (%)VARIABILITYGEOTECH PARAMETER

A – GOOD QUALITY DIRECT LAB/FIELD MEASUREMENTS
B – INDIRECT CORRELATIONS W. GOOD FIELD DATA, EXCEPT SPT
C – INDIRECT CORRELATIONS W. SPT & W. STRICTLY EMPIRICAL CORRELATIONS
Phoon, K. K. & Kulhawy, F. H. (2008). “Serviceability Limit State Reliability-based Design”, Chapter 9, Reliability-Based Design
in Geotechnical Engineering: Computations and Applications, Taylor & Francis, April 2008, 344-383.



RELIABILITY-BASED DESIGN
PROBABILITY(CAPACITY < LOAD) < PT



PHYSICAL
MODEL DECISION

RANDOM FIELD “SAFE” 
DECISION

RISK-INFORMED MANAGEMENT

DATA

EXPERIENCE

MODEL 
UNCERTAINTY

TARGET 
RELIABILITY



INFORMATION SENSITIVE LRFD

1. DRILLED SHAFTS UNDER UNDRAINED UPLIFT
2. TARGET RELIABILITY INDEX FOR ULS = 3.2; SLS = 2.6

25 – 50
MEDIUM CLAY

10 - 30 0.44 0.65
30 - 50 0.43 0.63
50 - 70 0.42 0.62

UNDRAINED SHEAR STRENGTH u

MEAN
(kN/m2) 

COV
(%)

RESISTANCE 
FACTOR (ULS)

DEFORMATION 
FACTOR (SLS)

50 – 100
STIFF CLAY

10 - 30 0.43 0.64
30 - 50 0.41 0.61
50 - 70 0.39 0.58

100 - 200
VERY STIFF 
CLAY

10 - 30 0.40 0.61
30 - 50 0.37 0.57
50 - 70 0.34 0.52

Phoon, K. K., Kulhawy, F. H., & Grigoriu, M. D. (1995). Reliability-Based Design of Foundations for Transmission 
Line Structures, Report TR-105000, Electric Power Research Institute, Palo Alto.



2014 CANADIAN HIGHWAY 
BRIDGE DESIGN CODE

Application Limit State Test 
Method/Model

DEGREE OF UNDERSTANDING
LOW TYPICAL HIGH

Shallow 
foundations

Bearing Analysis 0.45 0.50 0.60

Scale model test 0.50 0.55 0.65

Sliding, 
Frictional

Analysis 0.70 0.80 0.90

Scale model test 0.75 0.85 0.95

Sliding, 
Cohesive

Analysis 0.55 0.60 0.65

Scale model test 0.60 0.65 0.70

Passive 
resistance, 

Analysis 0.40 0.50 0.55

Settlement or 
lateral 
movement

Analysis 0.70 0.80 0.90

Scale model test 0.80 0.90 1.00Fenton, G.A., Naghibi, F., Dundas, D., Bathurst, R. J. & Griffiths, D. V. (2016). Reliability-based geotechnical 
design in the 2014 Canadian Highway Bridge Design Code. Canadian Geotechnical Journal, 53(2), 236-251





DATA-DRIVEN MODELS
 MULTIVARIATE STATISTICS



GENERIC DATABASES (1)
• CLAYS (REGIONAL - COMPLETE)

– Mr, qc, fs, wn, d (J-Clay/5/124)
Liu, S., Zou, H. Cai, G., Bheemasetti, B. V., Puppala, A. J. & Lin J. 2016. Multivariate 

correlation among resilient modulus and cone penetration test parameters of cohesive 
subgrade soils, Engineering Geology, 209: 128–142

– su, '
p, '

v, LL, PL, wn, St (F-CLAY/7/216)
D’Ignazio, M., Phoon, K. K., Tan, S. A. & Länsivaara, T. T. (2016). “Correlations for Undrained 

Shear Strength of Finnish Soft Clays”, Canadian Geotechnical Journal, 53(10), 1628-1645



GENERIC DATABASES (2)
• CLAYS (GLOBAL - COMPLETE)

– LI, su, su
re, ’

p, ’
v (CLAY/5/345)

Ching, J. Y. & Phoon, K. K. (2012). “Modeling Parameters of Structured Clays as a Multivariate 
Normal Distribution”, Canadian Geotechnical Journal, 49(5), 522-545

– su/σ'
vo, OCR, (qtσvo)/σ'

vo, (qtu2)/σ'
vo, (u2u0)/σ'

vo, Bq 
(CLAY/6/535)

Ching, J. Y. & Phoon, K. K. (2014). “Modeling CPTU Parameters of  Clays as a Multivariate 
Normal Distribution”, Canadian Geotechnical Journal, 2013, 51(1), 77-91



GENERIC DATABASES (3)
• CLAYS (GLOBAL – INCOMPLETE)

– CIUC, CK0UC, CK0UE, DSS, FV, UU, UC 
(CLAY/7/6310)

Ching, J. Y. & Phoon, K. K. (2013). “Multivariate Distribution For Undrained Shear Strengths 
Under Various Test Procedures”, Canadian Geotechnical Journal, 50(9), 907-923

– LL, PI, LI, '
v/Pa, '

p/Pa, su/'
p, St, (qtσvo)/σ'

vo, 
(qtu2)/σ'

vo, Bq (CLAY/10/7490)
Ching, J. and Phoon, K.K. (2014). “Transformations and Correlations Among Some Clay 

Parameters – The Global Database”, Canadian Geotechnical Journal, 51(6), 663-685
Ching, J. and Phoon, K.K. (2014). “Correlations Among Some Clay Parameters – the 

Multivariate Distribution”, Canadian Geotechnical Journal, 51(6), 686-704



GENERIC DATABASES (4)
• SANDS (GLOBAL – INCOMPLETE)

– D50, Cu, Dr, '
v/Pa, , qt1, (N1)60 (SAND/7/2794)

Ching, J. Y., Lin, G. H., Chen, J. R. & Phoon, K. K. (2017). “Transformation Models for 
Effective Friction Angle and Relative Density Calibrated based on Generic Database of 
Coarse-grained Soils”, Canadian Geotechnical Journal, 54(4), 481-501

Ching, J. Y., Lin, G. H., Phoon, K. K. & Chen, J. R. (2017). “Correlations Among Some 
Parameters of Coarse-Grained Soils – the Multivariate Probability Distribution Model”, 
Canadian Geotechnical Journal, 54(9), 1203-1220

• ROCKS (GLOBAL – INCOMPLETE)
– n, , RL, Sh, bt, Is50, Vp, c, E (ROCK/9/4069)
Ching, J. Y., Li, K .H., Weng, M. C. & Phoon, K. K. (2018). “Generic Transformation Models for 

Some Intact Rock Properties”, Canadian Geotechnical Journal, in press
Ching, J. Y., Phoon, K. K., Lin, K. H. & Weng, M. C. (2018). “Multivariate Probability 

Distribution for Some Intact Rock Properties”, Canadian Geotechnical Journal, in press





CLAY/5/345
• STRUCTURED CLAY DATABASE CONTAINING 

345 PTS (Y1, Y2, Y3, Y4, Y5) 
• 37 SITES (CANADA, USA, SWEDEN, JAPAN, 

THAILAND, UK, BRAZIL, INDIA): 
– Y1 = LI = LIQUIDITY INDEX
– Y2 = Su = UNDRAINED SHEAR STRENGTH
– Y3 = Su

re = REMOULDED Su

– Y4 = ’
p = PRECONSOLIDATION STRESS

– Y5 = ’
v = EFFECTIVE VERTICAL STRESS

Ching, J. Y. & Phoon, K. K. (2012). “Modeling Parameters of Structured Clays as a Multivariate Normal Distribution”, 
Canadian Geotechnical Journal, 49(5), 522-545



Site (region) LI su su
re ’v ’p Reference

Ariake Bay
(Japan)
UC tests

St = 9.9 ~ 42.4

1.28 2.58 0.22 9.56 7.94

Ohtsubo
et al.

(1995)

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
1.24 10.36 0.52 34.54 29.30
1.24 13.10 0.39 38.53 40.84
1.31 15.88 0.63 41.79 42.82
1.22 15.77 0.68 45.05 46.16
1.44 16.66 1.01 50.48 52.61
1.55 19.19 1.47 54.82 77.45
1.22 25.00 0.59 59.53 75.70
1.22 29.38 1.17 63.87 82.35
1.05 40.89 1.43 69.31 127.24
0.89 49.35 2.94 73.65 181.98

Gosport
(U.K)

UC tests
St = 2.4 ~ 3.1

0.59 8.93 3.67 39.01 29.61

Skempton (1948)
0.38 34.55 13.67 130.66 128.31
0.55 9.87 3.22 35.72 31.49
0.42 20.68 6.75 110.45 88.36
0.46 12.22 4.13 33.37 46.06

Åsrum
(Canada)
UC tests

St = 35.8 ~189.8

2.02 10.56 0.14 7.70 29.98 Parry and Wroth
(1981)



M-U-S-I-C
• MULTIVARIATE
• UNCERTAIN & UNIQUE (SITE-SPECIFIC)
• SPARSE
• INCOMPLETE



SITE DATA - FIELD & LAB

18 m



CASE STUDY
Depth 

(m)
Test 
type

Su value 
(kN/m2)

Test indices

OCR LI N60
v0

(kN/m2)
'

v0
(kN/m2)

qc
(kN/m2)

qT
’’

(kN/m2)

11.3 CK0U 43.10 1.55 1.34 3.96 206.36 115.52 835.26 787.60 
12.8 UU 76.45 1.35 1.34 3.00 233.41 127.95 810.50 731.09 
14.8 VST 82.35 1.22 1.31 3.34 270.22 144.86 730.12 598.62 
16.1 UU 88.67 1.16 1.28 4.00 293.61 155.61 713.62 555.60 
17.1 CK0U 58.36 1.11 1.18 4.00 311.96 164.04 766.82 600.56 
17.8 UU 85.81 1.07 0.94 4.00 324.68 169.88 803.69 631.71 
18.3 VST 93.83 1.05 0.94 4.00 334.65 174.47 830.02 653.07 
20.2 UU 106.15 1.04 0.72 4.00 368.39 189.97 911.86 716.72 
20.2 UU 111.22 1.04 0.72 4.00 369.16 190.32 913.72 718.17 
20.9 VST 115.70 1.03 0.73 4.00 381.05 195.79 942.55 740.58 
22.7 VST 101.88 1.01 0.59 4.80 413.86 210.86 1050.60 836.35 
24.0 UU 121.33 1.00 0.68 5.58 437.42 221.69 1210.20 1002.72 
26.6 UU 139.76 1.00 0.38 7.20 485.35 243.72 1532.60 1338.44 



c.o.v. ~ 0.8 c.o.v.=0.24 c.o.v.=0.31c.o.v.=0.26

c.o.v.=0.18 c.o.v.=0.19 c.o.v.=0.21 c.o.v.=0.16

ESTIMATION OF SU



MORE VALUE FROM DATA?





data is the new oil

we need to find it,
extract it, refine it,
distribute it and 
monetize it.

- David Buckingham



SITE-SPECIFIC DATA
• TAIPEI CASE

Depth 
(m)

PI PL LL w σ'v
(kPa)

σ'p
(kPa)

su
(kPa)

qc
(MPa)

12.8 9 21 30 32 127.9 127.7 55.2 0.66
14.8 13 20 33 38 144.9 0.75
16.1 15 22 36 40 155.6 61.9 0.78
17.8 19 23 42 40 169.9 181.9 54.2 0.79
18.3 41 174.5 0.82
20.2 17 21 38 33 190.0 73.1 0.89
22.7 16 21 37 30 210.9 1.04
24.0 16 22 38 34 221.7 221.7 82.2 1.06
26.6 14 21 35 32 243.7 98.1 1.44

Ou, C. Y. (2006). Deep excavation engineering, Scientific & Technical Publishing Co. Ltd.

20 M



U = UNIQUE (SITE-SPECIFIC)
• GENERIC TRANSFORMATION UNCERTAINTY IS TOO 

LARGE FOR ONE SITE



“SITE” CHALLENGE
• SINGLE SITE – SPARSE & INCOMPLETE DATA
• MULTIPLE SITES – EXCESSIVE UNCERTAINTY

• SITE CHALLENGE – “BEST” SITE-SPECIFIC 
ESTIMATOR OF A DESIGN PARAMETER FROM
– SITE INFO (ACTUAL DATA)
– “EXPERIENCE” (DATA FROM 

COMPARABLE SITES)



BAYESIAN LEARNING
HOW TO OBTAIN LOCAL MODEL FROM “MUSIC” 
DATA?

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



• GIBBS SAMPLER = SPECIAL CASE OF 
MCMC

• WORK IN STD NORMAL (X) SPACE:
–  – MEAN VECTOR
– C – COVARIANCE MATRIX
– Xu – MISSING DATA

• (,C,Xu) UNKNOWN 

SITE-SPECIFIC PDF



MULTIVARIATE GAUSSIAN

fሺ܆ሻ ൌ ሺ2ሻെ
n
2|۱|െ

1
2 exp െ

1
2
ሺ܆ െ ሻT۱െ1ሺ܆ െ ሻ൨



• GIBBS SAMPLER + CONJUGATE PRIOR
– f(|C,Xu,DATA) MULTIVARIATE NORMAL IF f() 

MULTIVARIATE NORMAL 
– f(C|,Xu, DATA) INVERSE WISHART IF f(C) 

INVERSE WISHART
– f(Xu|,C, DATA) MULTIVARIATE NORMAL

• SAMPLE FROM f(|C,Xu,DATA), f(C|,Xu,DATA), 
AND f(Xu|,C,DATA) ITERATIVELY

SITE-SPECIFC PDF



• GIBB’S SAMPLER + CONJUGATE PRIORS
– ASSIGN CONJUGATE PRIORS f() & f(C)
– INITIALIZE (,C,XU) SAMPLES (X IS NOW COMPLETE)

BAYESIAN LEARNING

X1 -1.2 1.4
X2 0 0.9
X3 -2.2 0

0
0
0

X
1 0 0
0 1 0
0 0 1

C



• GIBB’S SAMPLER + CONJUGATE PRIORS
– ASSIGN CONJUGATE PRIORS f() & f(C)
– INITIALIZE (,C,XU) SAMPLES (X IS NOW COMPLETE)
– SAMPLE  ~ f(|C,X,DATA) (MULTIVARIATE NORMAL)

BAYESIAN LEARNING

X1 -1.2 1.4
X2 0 0.9
X3 -2.2 0

0.7
-1.2
1.8

X
1 0 0
0 1 0
0 0 1

C



• GIBB’S SAMPLER + CONJUGATE PRIORS
– ASSIGN CONJUGATE PRIORS f() & f(C)
– INITIALIZE (,C,XU) SAMPLES (X IS NOW COMPLETE)
– SAMPLE  ~ f(|C,X,DATA) (MULTIVARIATE NORMAL)
– SAMPLE C ~ f(C|,X,DATA) (INVERSE WISHART)

BAYESIAN LEARNING

X1 -1.2 1.4
X2 0 0.9
X3 -2.2 0

0.7
-1.2
1.8

X
0.9 -0.5 0.6
-0.5 1.5 0.03
0.6 0.03 0.7

C



• GIBB’S SAMPLER + CONJUGATE PRIORS
– ASSIGN CONJUGATE PRIORS f() & f(C)
– INITIALIZE (,C,XU) SAMPLES (X IS NOW COMPLETE)
– SAMPLE  ~ f(|C,X,DATA) (MULTIVARIATE NORMAL)
– SAMPLE C ~ f(C|,X,DATA) (INVERSE WISHART)
– SAMPLE XU ~ f(XU|,C,XO,DATA) (MULTIVARIATE 

NORMAL)

BAYESIAN LEARNING

X1 -1.2 1.4
X2 -0.9 0.9
X3 -2.2 0.6

0.7
-1.2
1.8

X
0.9 -0.5 0.6
-0.5 1.5 0.03
0.6 0.03 0.7

C



• GIBB’S SAMPLER + CONJUGATE PRIORS
– ASSIGN CONJUGATE PRIORS f() & f(C)
– INITIALIZE (,C,XU) SAMPLES (X IS NOW COMPLETE)
– SAMPLE  ~ f(|C,X,DATA) (MULTIVARIATE NORMAL)
– SAMPLE C ~ f(C|,X,DATA) (INVERSE WISHART)
– SAMPLE XU ~ f(XU|,C,XO,DATA) (MULTIVARIATE 

NORMAL)
– (PREDICTION) XSIM ~ f(XSIM|,C) (MULTIVARIATE 

NORMAL)

BAYESIAN LEARNING

X1 -1.2 1.4
X2 -0.9 0.9
X3 -2.2 0.6

0.7
-1.2
1.8

X
0.9 -0.5 0.6
-0.5 1.5 0.03
0.6 0.03 0.7

C
0.4
-0.9
1.7

xsim

ysim = F-1[(xsim)]



• Lilla Mellösa (Sweden)
Depth (m) su (kN/m2) LL PI LI v/Pa p/Pa
2.1 8.7 129.7 82.2 1.01 0.15 0.21
3.6 8.6 124.2 80.5 0.88 0.22 0.25
4.2 9.4 119.3 78.3 0.90 0.24 0.28
5.0 10.3 110.0 71.8 0.98 0.28 0.32
5.7 10.8 105.1 69.0 0.94 0.32 0.35
6.4 11.2 100.7 69.0 0.95 0.35 0.40
7.9 13.2 84.8 57.5 0.97 0.43 0.49
8.5 14.2 82.1 55.9 1.01 0.46 0.54
9.0 17.0 76.0 51.0 0.88 0.49 0.64
9.1 15.3 78.8 53.7 0.99 0.50 0.58
9.9 17.4 73.8 51.5 0.97 0.55 0.64
10.7 18.4 71.1 47.7 1.00 0.60 0.71
12.4 18.6 73.3 50.4 1.20 0.74 0.86

D’Ignazio, M., Phoon, K. K., Tan, S. A. & Länsivaara, T. T. (2016). Correlations for Undrained Shear Strength of Finnish Soft
Clays. Canadian Geotechnical Journal, 53(10), 1628-1645

CASE STUDY #1
(COMPLETE DATA)



• Lilla Mellösa (Sweden)

Depth (m) su (kN/m2) LL PI LI v/Pa p/Pa
5.0 10.3 110.0 71.8 0.98 0.28 0.32
9.1 15.3 78.8 53.7 0.99 0.50 0.58

CASE STUDY #1 – 2 PTS



• Lilla Mellösa (Sweden)

Depth (m) su (kN/m2) LL PI LI v/Pa p/Pa
2.1 8.7 129.7 82.2 1.01 0.15 0.21
5.0 10.3 110.0 71.8 0.98 0.28 0.32
7.9 13.2 84.8 57.5 0.97 0.43 0.49
9.1 15.3 78.8 53.7 0.99 0.50 0.58
12.4 18.6 73.3 50.4 1.20 0.74 0.86

CASE STUDY #1 – 5 PTS



• Lilla Mellösa (Sweden)

Depth (m) su (kN/m2) LL PI LI v/Pa p/Pa
2.1 8.7 129.7 82.2 1.01 0.15 0.21
3.6 8.6 124.2 80.5 0.88 0.22 0.25
4.2 9.4 119.3 78.3 0.90 0.24 0.28
5.0 10.3 110.0 71.8 0.98 0.28 0.32
5.7 10.8 105.1 69.0 0.94 0.32 0.35
6.4 11.2 100.7 69.0 0.95 0.35 0.40
7.9 13.2 84.8 57.5 0.97 0.43 0.49
8.5 14.2 82.1 55.9 1.01 0.46 0.54
9.0 17.0 76.0 51.0 0.88 0.49 0.64
9.1 15.3 78.8 53.7 0.99 0.50 0.58
9.9 17.4 73.8 51.5 0.97 0.55 0.64
10.7 18.4 71.1 47.7 1.00 0.60 0.71
12.4 18.6 73.3 50.4 1.20 0.74 0.86

CASE STUDY #1 – 13 PTS



SIMILARITY INDEX
IDENTIFYING “SIMILAR” SITES FROM GENERIC 
DATABASE

Ching, J. Y. & Phoon, K. K. (2019) “Measuring Similarity Between Site-specific Data and Records in a Geotechnical 
Database”, ASCE-ASME Journal of Risk and Uncertainty in Engineering Systems, Part A: Civil Engineering (under 
review)



WHAT IS “SIMILAR”?

• MINING DATABASE RECORDS SIMILAR TO 
SITE DATA

MANY INCOMPLETE GENERIC DATA

Depth 
(m) LL PL w σ'v

(kPa)
σ'p

(kPa)
su

(kPa) St Qtn Bq

1.0 56.2 36.2 67.0 6.08 86.11 11.85 6 28.66 0.15
1.9 50.2 32.1 65.0 12.16 60.78 10.82 14 16.42 0.24
3.5 59.9 29.4 57.8 22.29 48.62 10.70 15 9.6 0.28
5.2 56.8 33.9 58.4 32.42 45.59 11.67 7 7.45 0.37
7.6 66.3 34.8 62.2 47.61 54.70 11.90 14 5.7 0.46
9.5 65.1 35.5 64.2 58.75 13.51 12 6.01 0.42

10.8 74.4 38.3 67.5 65.85 85.09 15.14 5.72 0.47
13.4 71.4 35.6 66.7 82.05 106.37 19.69 6.1 0.51
16.3 72.7 38 64.4 100.29 100.29 24.07 5.82 0.55

SPARSE INCOMPLETE SITE DATA

Location PI
(%) LI v/Pa p/Pa su/v St qt1

Okishin (Japan) 28.1 1.10 0.44 0.46 0.38 12.0
Drammen (Norway) 37.9 1.01 0.55 0.88 3.0 6.13
232nd St. (Canada) 0.31 1.40 12.0 8.86
Bothkennar (UK) 36.5 0.46 0.66 0.49 7.76
Canada 21.7 1.37 0.18
Drammen (Norway) 60.5 0.77 0.74 1.13 0.21 3.0 5.37
Shellhaven (UK) 42.5 0.69 0.74 0.79 0.24 4.0
Anacostia (USA) 35.0 0.80 0.73 1.54 0.26
Grangemouth (UK) 42.5 0.72 0.69 0.95 0.44 6.54

35.0 0.80 0.19
Shellhaven (UK) 46.8 0.82 0.70 0.70 0.22 6.3
Drammen (Norway) 47.2 1.00 0.59 0.21 3.0 5.94

SIMILAR?



MINING DATABASE RECORDS

• STEP 1: CONSTRUCT SITE MODEL f(x|siteD) 
USING SITE DATA

• STEP 2: COMPUTE SIMILARITY INDEX FOR EACH 
xdb W.R.T. f(x|siteD) 

A NORWAY SITE ONSØY
Depth 

(m) LL PL w σ'v
(kPa)

σ'p
(kPa)

su
(kPa) St Qtn Bq

1.0 56.2 36.2 67.0 6.08 86.11 11.85 6 28.66 0.15
1.9 50.2 32.1 65.0 12.16 60.78 10.82 14 16.42 0.24
3.5 59.9 29.4 57.8 22.29 48.62 10.70 15 9.6 0.28
5.2 56.8 33.9 58.4 32.42 45.59 11.67 7 7.45 0.37
7.6 66.3 34.8 62.2 47.61 54.70 11.90 14 5.7 0.46
9.5 65.1 35.5 64.2 58.75 13.51 12 6.01 0.42
10.8 74.4 38.3 67.5 65.85 85.09 15.14 5.72 0.47
13.4 71.4 35.6 66.7 82.05 106.37 19.69 6.1 0.51
16.3 72.7 38 64.4 100.29 100.29 24.07 5.82 0.55

f(xdb|siteD)

f(xdb|siteD)

CLAY/10/7490
S(xdb) LL

(%)
PI

(%) LI v/Pa p/Pa su/v OCR Location

367.1 61.8 28.1 1.10 0.44 0.46 0.38 1.04 Okishin (Japan)
142.8 65.6 37.9 1.01 0.55 0.88 1.60 Drammen (Norway)
132.6 0.31 1.40 4.47 232nd St. (Canada)
104.9 73.6 36.5 0.46 0.66 0.49 1.43 Bothkennar (UK)
63.7 58.3 21.7 1.37 0.18 Canada
61.7 75.8 60.5 0.77 0.74 1.13 0.21 1.54 Drammen (Norway)
58.8 78.2 42.5 0.69 0.74 0.79 0.24 1.06 Shellhaven (UK)
49.6 67.0 35.0 0.80 0.73 1.54 0.26 2.10 Anacostia (USA)
48.8 76.3 42.5 0.72 0.69 0.95 0.44 1.37 Grangemouth (UK)



• DEAL WITH SPARSE SITE DATA USING 
GIBBS SAMPLER

STEP 1: CONSTRUCT SITE 
MODEL f(x|siteD)

N = 50 N = 2N = 10

fሺ܆|siteDሻ ൎ
1
T
ሺ2ሻെ

n
2ห۱ሺtሻหെ

1
2 exp െ

1
2 ൫
܆ െ ሺtሻ൯T۱ሺtሻെ1൫܆ െ ሺtሻ൯൨

T

tൌ1

VERY LARGE 
STATISTICAL 

UNCERTAINTY



• CAN DEAL WITH INCOMPLETE SITE DATA

STEP 1: CONSTRUCT SITE 
MODEL f(x|siteD)

10 COMPLETE PTS x1 x2
#1 -0.20 -0.03
#2 -2.01 -1.56
#3 -0.82 -1.86
#4 0.57 0.98
#5 1.09 2.15
#6 0.03 -0.16
#7 -3.03 -1.85
#8 0.96 0.02
#9 -0.67 -0.11
#10 1.01 0.76

x1 x2
#1 -0.20 -0.03
#2 -2.01 ?
#3 -0.82 -1.86
#4 ? 0.98
#5 ? 2.15
…

#48 -3.03 ?
#49 0.96 ?
#50 -0.67 -0.11

10 COMPLETE + 40 
INCOMPLETE PTS



• COMPLETE xdb
#1 and xdb

#2

• f(xdb
#1|siteD) & f(xdb

#2|siteD) can be compared

STEP 2: SIMILARITY INDEX

xdb
#1

xdb
#2

x1 x2
#1 -0.20 -0.03
#2 -2.01 -0.06



• INCOMPLETE xdb
#1 and xdb

#2

• f(xdb
#1|siteD) = f(x1

#1,x2
#1|siteD)

• f(xdb
#2|siteD) = f(x1

#2|siteD)

SIMILARITY INDEX

xdb
#1

(complete)
xdb

#2

(incomplete)

x1 x2
#1 -0.20 -0.03
#2 -2.01 ?

CANNOT 
COMPARE



SIMILARITY INDEX
• SITE DATA = ONSØY (NORWAY)

Depth
(m)

LL PI LI v/Pa p/Pa su(mob)/v St Bq qt1 qtu OCR

1.0 56.2 20.0 1.54 0.06 0.85 1.95 6 0.15 28.66 25.60 13.54
1.9 50.2 18.1 1.82 0.12 0.60 0.89 14 0.24 16.42 13.61 5.02
3.5 59.9 30.5 0.93 0.22 0.48 0.48 15 0.28 9.60 8.08 2.15
5.2 56.8 22.9 1.07 0.32 0.45 0.36 7 0.37 7.45 5.76 1.39
7.6 66.3 31.5 0.87 0.47 0.54 0.25 14 0.46 5.70 4.10 1.14
9.5 65.1 29.6 0.97 0.58 0.23 12 0.42 6.01 4.52
10.8 74.4 36.1 0.81 0.65 0.84 0.23 9 0.47 5.72 4.05 1.29
13.4 71.4 35.8 0.87 0.81 1.05 0.24 0.51 6.10 4.05 1.29
16.3 72.7 34.7 0.76 0.99 0.99 0.24 0.55 5.82 3.61 1.00



SIMILARITY INDEX
• SITE DATA = ONSØY (NORWAY)

• DATABASE RECORD = DRAMMEN (NORWAY)

Depth
(m)

LL PI LI v/Pa p/Pa su(mob)/v St Bq qt1 qtu OCR

1.0 56.2 20.0 1.54 0.06 0.85 1.95 6 0.15 28.66 25.60 13.54
1.9 50.2 18.1 1.82 0.12 0.60 0.89 14 0.24 16.42 13.61 5.02
3.5 59.9 30.5 0.93 0.22 0.48 0.48 15 0.28 9.60 8.08 2.15
5.2 56.8 22.9 1.07 0.32 0.45 0.36 7 0.37 7.45 5.76 1.39
7.6 66.3 31.5 0.87 0.47 0.54 0.25 14 0.46 5.70 4.10 1.14
9.5 65.1 29.6 0.97 0.58 0.23 12 0.42 6.01 4.52
10.8 74.4 36.1 0.81 0.65 0.84 0.23 9 0.47 5.72 4.05 1.29
13.4 71.4 35.8 0.87 0.81 1.05 0.24 0.51 6.10 4.05 1.29
16.3 72.7 34.7 0.76 0.99 0.99 0.24 0.55 5.82 3.61 1.00

Depth
(m)

LL PI LI v/Pa p/Pa su(mob)/v St Bq qt1 qtu OCR

8.5 75.8 60.5 0.77 0.74 1.13 0.21 3.0 0.50 5.37 3.67 1.54

SIMILAR? YES



SIMILARITY INDEX
• SITE DATA = ONSØY (NORWAY)

• DATABASE RECORD = LONDON (UK)

Depth
(m)

LL PI LI v/Pa p/Pa su(mob)/v St Bq qt1 qtu OCR

1.0 56.2 20.0 1.54 0.06 0.85 1.95 6 0.15 28.66 25.60 13.54
1.9 50.2 18.1 1.82 0.12 0.60 0.89 14 0.24 16.42 13.61 5.02
3.5 59.9 30.5 0.93 0.22 0.48 0.48 15 0.28 9.60 8.08 2.15
5.2 56.8 22.9 1.07 0.32 0.45 0.36 7 0.37 7.45 5.76 1.39
7.6 66.3 31.5 0.87 0.47 0.54 0.25 14 0.46 5.70 4.10 1.14
9.5 65.1 29.6 0.97 0.58 0.23 12 0.42 6.01 4.52
10.8 74.4 36.1 0.81 0.65 0.84 0.23 9 0.47 5.72 4.05 1.29
13.4 71.4 35.8 0.87 0.81 1.05 0.24 0.51 6.10 4.05 1.29
16.3 72.7 34.7 0.76 0.99 0.99 0.24 0.55 5.82 3.61 1.00

Depth
(m)

LL PI LI v/Pa p/Pa su(mob)/v St Bq qt1 qtu OCR

9.4 70.8 45.9 0.04 1.29 14.23 1.15 0.64 21.61 8.51 11

SIMILAR? NO



SIMILARITY INDEX
Rank S(xdb) LL

(%)
PI

(%) LI v/Pa p/Pa su/v St Bq qt1 qtu OCR Location

1 367.1 61.8 28.1 1.10 0.44 0.46 0.38 12.0 1.04 Okishin (Japan)
2 142.8 65.6 37.9 1.01 0.55 0.88 3.0 0.43 6.13 4.45 1.60 Drammen (Norway)
3 132.6 0.31 1.40 12.0 0.41 8.86 6.19 4.47 232nd St. (Canada)
4 104.9 73.6 36.5 0.46 0.66 0.49 0.40 7.76 5.34 1.43 Bothkennar (UK)
5 63.7 58.3 21.7 1.37 0.18 Canada
6 61.7 75.8 60.5 0.77 0.74 1.13 0.21 3.0 0.50 5.37 3.67 1.54 Drammen (Norway)
7 58.8 78.2 42.5 0.69 0.74 0.79 0.24 4.0 1.06 Shellhaven (UK)
8 49.6 67.0 35.0 0.80 0.73 1.54 0.26 2.10 Anacostia (USA)
9 48.8 76.3 42.5 0.72 0.69 0.95 0.44 0.53 6.54 4.10 1.37 Grangemouth (UK)
10 48.7 67.0 35.0 0.80 0.19
11 47.5 72.7 46.8 0.82 0.70 0.70 0.22 6.3 1.00 Shellhaven (UK)
12 40.7 72.4 47.2 1.00 0.59 0.21 3.0 0.46 5.94 4.18 Drammen (Norway)
13 40.4 69.0 31.0 1.05 8.0 Bromma (Sweden)
14 39.1 64.4 40.0 1.00 0.68 0.78 0.23 1.15 Canada
15 37.0 62.0 31.0 0.34 8.0 USA
16 35.9 75.4 41.5 0.82 1.35 0.20 Belfast (UK)
17 34.8 77.1 49.7 0.68 0.91 1.44 3.1 0.54 5.69 1.58 Singapore
18 34.3 60.0 30.0 0.93 0.17 0.38 0.54 2.28 USA
19 32.6 70.0 30.0 1.07 0.87 1.04 1.20 San Francisco (USA)
20 31.4 75.9 35.9 0.71 0.52 6.2 Canada

S > 1  SIMILARITY ABOVE AVERAGE
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DATA-DRIVEN MODELS
 MACHINE LEARNING



DECISION
MACHINE 
LEARNING

BIG DATA ML DECISION

SMART ASSET MANAGEMENT

DATA

EXPERIENCE?
ETHICS?

DEEP LEARNING

EXPLANATIONS?

+ 
PHYSICS?

+ 
HUMAN?



1990: SHALLOW NEURAL NETS
2006: DEEP LEARNING



FOOD FOR THOUGHT
1. ROBUSTNESS UNDER A WIDE RANGE OF 

CONDITIONS – OVERFITTING PROBLEM
2. EXTRAPOLATION BEYOND CALIBRATION & 

VALIDATION
3. “BLACK BOX” – DOES NOT EXPLAIN PHYSICS 

(EXPLAINABLE AI OR XAI)
4. UNCERTAINTIES IN PREDICTIONS

Jaksa, M.B., Maier, H.R. & Shahin, M.A. (2008). “Future challenges for artificial neural network modelling in
geotechnical engineering”, 12th International Conference of International Association for Computer 
Methods and Advances in Geomechanics (IACMAG), 1-6 October 2008, Goa, India, 1710-1719.
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GEOTECH ML



SUPERVISED
LEARNING 

UNSUPERVISED 
LEARNING BAYESIAN 

LARNING ANN SVM CL DR OD

SITE CHARACTERIZATION ·

GEOMATERIAL BEHAVIOR 
MODELLING

FOUNDATION

RETAINING STRUCTURE

SLOPE 

TUNNELS AND 
UNDERGROUND OPENINGS

LIQUEFACTION

OTHERS

ANN = ARTIFICIAL NEURAL NETWORK         SVM = SUPPORT VECTOR MACHINE
CL = CLUSTERING        DR = DIMENSIONALITY REDUCTION         OD = OUTLIER DETECTION



TC304 ML REFERENCE LIST
• SUPERVISED LEARNING METHODS WERE 

USED MOST IN GEOTECH ENG
• BAYESIAN LEARNING WAS USED 

FREQUENTLY (ROUGHLY 1/3)
• SEMI-SUPERVISED AND REINFORCEMENT 

LEARNING WERE RARELY USED
• MOST OF ANN APPLICATIONS USED 

“SHALLOW” NN WITH ONE HIDDEN LAYER
• DEEP LEARNING WAS NOT USED



WE DO NOT KNOW HOW 
WE MAKE A DECISION

H. Q. GOLDER (1966)   


