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1. Advanced Data Analytics
2. Modern Data Management
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Augment our engineering and

decision making skills with
Geotechnical

Engineering powerful predictive techniques

to deliver insights in forms that
are comprehensible by all

referably interactive).
Educational (p y )

Technology

Predictive
Analytics
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What is “Advanced Data Analytics”?
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Advanced Data Analytics

The field includes:

A. Artificial Intelligence (Al) & Machine
Learning (ML)

B. Efficient Automation

Can have either ‘A’, ‘B’, or both
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A.l.: The Fourth Industrial Revolution

“Al is the new electricity. Just as the Industrial Revolution freed up a lot of
humanity from physical drudgery, | think Al has the potential to free up
humanity from a lot of the mental drudgery”

- Andrew Ng

“The last 10 years have been about building a world that is mobile-first. In
the next 10 years, we will shift to a world that is Al-first.”

- Sundar Pichai
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Applications of Artificial Intelligence

a Hey Siri
Qo

Hi, how can | help?

Speech Recognition

Handwriting Recognition

Machine Translation

Robotics

Recommendation Systems

Email Spam Detection and Sorting
Face Detection

Medical Applications (cancer detection)
Adversarial Search

Natural Language Processing and Information Extraction
Autonomous Driving

amazon alexa
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From Artificial Intelligence to Machine
Learning

How are Atrtificial Intelligence and Machine Learning related?

Multi-layered models that
learn representations of
data with multiple layers
of abstraction

Rule-based Self-learning
intelligent algorithms that
systems learn from data

Figure adopted from Sebastian Raschka.
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What is Machine Learning

Building intelligent machines
raining Data - Machine Learning
to transform data into Trainne ® Algorthm T'

knowledge
Predictive Model

The Essence of Machine Learning:

e A pattern exists
e \We cannot pin it down mathematically
e \We have data on it

- Yaser Abu-Mostafa, Learning from Data, 2012
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Types of Machine Learning

Types of Machine Learning:

e Supervised learning
e Unsupervised learning
e Reinforcement learning

Continuous Categorical
Supervised Regression Classification
Unsupervised Dimension Reduction Clustering
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Efficient Automation

Advanced Data Analytics includes:

A. Atrtificial Intelligence (Al) & Machine Learning (ML)

B. Efficient Automation

a.

b
C
d.
e

) GBI

Using custom tools for large tasks

Implementing checks, warnings and triggers

Bring in and process loT data

Advanced Numerical Modelling (beyond building the model)

Don’t be afraid to break away from the spreadsheet, embrace

basic coding/scripting

GO O ESSIONA
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What is the status of Al/ML
in Geotechnical Engineering?
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Published Work (Al or ML
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1970-1980

1980-1990

1990-2000

2000-2010

2010-today

Geotechnical Engineering

Earth and Planetary Sciences
Engineering

Computer Science

Mathematics

Biochemistry, Genetics and Molecular Biology
Social Sciences

Medicine

Chemistry

Chemical Engineering

Neuroscience

Physics and Astronomy

Psychology

Arts and Humanities

Materials Science

Decision Sciences

Business, Management and Accounting
Energy

Environmental Science

Agricultural and Biological Sciences
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Modern Data Management
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A Familiar System... Spreadsheets

A B (&
e |Intuitive table-type structure with columns and 1 Data Set 1 Data Set 2
2 Experimental K 0.341 0.246506896
rows 3
4 Data Set 1 Data Set 2
e Manageable for few data but slow and C e e L
6 290 0.009990362 0.006295514
cumbersome for a lot of data 7 291 0.012906104 0.008377919
8 292 0.016328124 0.010836005
s “ . ” . 9 293 0.018552996 0.012691824
e Difficult for another user to “decipher” complicated 10 294 0020625292 0.014456731
ana I yseS 11 295 0.023820656 0.017050798
12 296 0.027690493 0.02020932
13 297 0.03299268 0.024495629
e Good to quickly produce charts —
. . . . . . 16 300 0.048955388 0.037998854
e Limited protection and data integrity constraints 7 W 005656503 004572408
L. . “ o . . 19 303 0073376379 0.059025038
e Limited options to “plug-in” to other applications 20 304 0.084335325 0.068463725
21 305 0.095932937 0.078532196
22 | 306 0.101638012 0.083810062
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Data Is everywhere and exponentially

growing
A 90% of the data in the world today has been created in the last two
years alone.
d 50X growth from 2010 to 2020 s a 10X
O By 2020: A @
3  4.4ZB of Business Data = . %
3 44.47B of Human & o

Machine Data

Source: InsideBIGDATA Guide to The Intelligent Use of Big Data on an Industrial Scale

Great benefits for those who manage to efficiently store, retrieve
and analyze data.
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Data Engineering

e Relational Database Management Systems (RDBMS)
e Data Warehouses

e NoSQL for Big Data Applications

e Combining multiple data sources

e Data Wrangling

e Extract, Transform & Load (ETL)
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Extract, Transform and Load
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Extract, Transform and Load (cont.)

e Common challenges:
o Retrieving and integrating data from multiple sources
o Cleansing and transforming the data
o Loading the data into appropriate data stores for analysis
and reporting

e Enterprises spend 60%—-80% of their resources developing,
testing and maintaining their ETL processes

e ETL processes usually require dedicated monitoring and
maintenance
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How Is the Geo Community Handling

Data?

e Not good... but this is starting to change
e From experience on Pile Load Test Data:

Share LTD?
! }
NO YES
| don’t want to, I'd like to, but...
leave me alone. T
! }
| don't know Too much
how hassle

T I
'

Let's talk
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Handling Engineering Data is Not Easy...

... but that should never be an excuse!

e |solated environment, no common consensus, everybody is
basically speaking their own language.

e A standard for geotechnical data transfer exists but has not
been adopted (DIGGS).

e Properly managing Geotechnical Data can get very
complicated, especially when combined information from
other elements and processes.

oY/
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DIGGS (diggsml.org)

Data Interchange for Geotechnical and Geoenvironmental Specialists (DIGGS)

Field/Lab
Data

Acquisition Dng;_

Equipment

- Data Analysis |

D]GGSE. Software
D|GGS=
\ Dl 9 @% KGoogleEarth
Geo-data ‘, \ /
 Presentation g D) [CTCLY . Central
Software s \ Database D|GGSE-
X e
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Data Warehousing and Business
Intelligence

Source Systems  WBEICINteIrle[k:TaleWaYelelg=leE i [olg User Access

— . - Operational
) reports
- Operations - e Ana|ytics
- Details “ Dei Yt
Operational
= HR Data Store - - -
3 Operations Dashboards
So “ Data Mart
Staging © [
Finance % g
& - Alerts
af s HR Process :
i 8 Data Mart Flna:jncle
] Data extracts g v Mode
=94 5 Scorecards
Y EN( [o8
7 Rei‘selfe%ce ;1_,3 a FDintan'i/(le " Ghum
D = ata Ma
L@ Web logs ata fim} ﬁ Q%ac;)és“s
QU
Data R
@ Quality - Planning Self-Service BI
-5 1n°1 Clickstream Data Cleansing “ Data Mart
V
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Data Warehousing and Business
Geotechnical Intelligence

Source Systems  WBEICINteIrle[k:TaleWaYelelg=leE i [olg User Access

Insights from Data
@ - Operational
() _ - regorts
= SLT Data
= GIS Data

(&)
Capacity

)| Boring Logs Model
aster @ Scorecards
p = Expected
e ata Conditions
Web logs Model
i - Self-Service B
10 eansin

Clickstream Data

Analytics
ng Maint. . Dashboards
Model

Alerts
ssssss Pile

Business Rules
Enterprise Data Warehouse
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Benefits

e Combine all of your data sources

e Enter data once, use multiple times

e Access to information is controlled

e Immediate retrieval of archived data

e Enhance collaboration across the board

e Leverage large amounts of data to build highly accurate
predictive models

e \We must modernize our field and improve even fundamental
design methodologies

oY/
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Examples of Modern Data Management and
Predictive Analytics
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NYU Pile Load Test Data Warehouse
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NYU Pile Load Test Data Ware

Cimm

Data Sources

Public Databases

FHWA DFLTD v.2 (2016)
1,798 load tests
relational, well structured

IOWA PILOT (2010)
274 load tests
relational, semi-structured

LTRC LAPLTD (2015)
1,186 load tests
relational, semi-structured

OLSON (2008, U Texas)
1,021 load tests
text/images, unstructured

CALTRANS (2017, v.2)
94 load tests
text, unstructured

TOTAL: 4,373 Load Tests

GEOPROFESSIONAL
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Stage 1 ETL!

Standardarization, Data Storage and Analysis

MS Access
——l
to SQL Server?

MS Access
to SQL Server? >

MS Access

to SQL Server? »

manual transfer
to SQL Server®

manual transfer
—
to SQL Server?

Stage 2 ETL

o
s [

g .

@# - (‘J

Direct SQL Querying

Analytical, Predictive &
Visualization Models
(batch processing)

MASTER

DATA gl
STORE
Attachments

Data Dictionary

QAIQC
Data Validation

RO

Capacity Prediction
Models from Static
Tests

Interpeted Capacity
Models from Load
Settlement Data

Intelligent Visualization
(auto-generated pile
record forms)

Design Factor
Recalibration Models

Machine Learning
Based Optimal Design
Models

Ep

2]

[« @
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Interaction & Reporting

Custom SQL queries

Research
Publications

Web Application
pilecapacity.com

Interactive
Dashboards
(PowerBI, Tableau)

Analytics Reports

API (in development)

Save to DIGGS
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NYU Pile Load Test Data Warehouse

Data Sources Standardarization, Data Storage and Analysis Interaction & Reporting

Direct SQL Querying

Custom SQL queries

Public Databases Stage 1 ETL! Stage 2 ETL i L
Analytical, Predictive &

Visualization Models

FHWA DFLTD v.2 (2016) (batch processing)
@ 1,798 load tests i a lo“gf?fcscf“s;ﬂ > @'@ Research
relational, well structured - MASTER 7 Publications
’ Capacity Prediction
[ * g?;’; E w .’ Models from Static
IOWA PILOT (2010) Tests
274 load tests — poAecess I ot Web Application
) > to SQL Server? @ . m ; x
relational, semi-structured ’ Interpeted Capacity pilecapacity.com
Models from Load
- Pt ; .’ Settlement Data
achments
@ LTRlclgg g:z?e(szlglﬂ g @ LT : Q (=) ’ Intelligent Visualization Inicracte
. — p —— — ig isualizati
relational, semi-structured 10:SQL Server @ . ’ (auto-generated pile 3)6:£2?;rd$ab|eau)
record forms) '
OLSON (2008, U Texas) i Data Dictionary
| manual transfer @- ‘ y
| 1,021 load tests _  ————— Design Factor .
E text/images, unstructured a SRl e @ .’ RecalibrationModels IIII Analytics Reports
Machine Learning
% CALT;AIEIan (;Osg, v.2) . @ anual ranster Y. - . (1-\ QAIQC .“ Based Optimal Design -Gb API (in development)
—> 3 — > EEEREY _ -
text, unstructured to SQL Server @ J Data Validation Models
— l * Save to DIGGS
TOTAL: 4,373 Load Tests .’ =
\§ J |\ J J

1 70% 20% 10%
65 O Gi of time/effort of timel/effort of timeleffort
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NYU Pile Loa
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Data Sources

Public Databases

AE
A2
A
gl
B

FHWA DFLTD v.2 (2016)
1,798 load tests
relational, well structured

IOWA PILOT (2010)
274 load tests

relational, semi-structured

LTRC LAPLTD (2015)
1,186 load tests

relational, semi-structured

OLSON (2008, U Texas)
1,021 load tests
text/images, unstructured

CALTRANS (2017, v.2)
94 load tests
text, unstructured

TOTAL: 4,373 Load Tests

—-D

d Test Data Ware

Standardarization, Data Storage and Analysis

L MASTER

Yo FOR ol 2
STORE
Attachments

i Data Dictionary

J
- N
minimal
timel/effort

Direct SQL Querying

Analytical, Predictive &
Visualization Models
(batch processing)

OO

Capacity Prediction
Models from Static
Tests

Interpeted Capacity
Models from Load
Settlement Data

Intelligent Visualization
(auto-generated pile
record forms)

Design Factor
Recalibration Models

Machine Learning
Based Optimal Design
Models

house

Interaction & Reporting

[ [m)

2]

[« @

Custom SQL queries

Research
Publications

Web Application
pilecapacity.com

Interactive
Dashboards
(PowerBl, Tableau)

Analytics Reports

API (in development)

Save to DIGGS
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focus on what is important



Igorithmic Implementations in Python

Rn

# Import the Project, SoilProfile and Pile classes
In [1]: from edafos.project import Project

Steel Pipe Pile (closed-ended)

d =14 inches In [2]: from edafos.soil import SoilProfile
Va 0% In [3]: from edafos.deepfoundations import Pile
‘ # Create the project object
In [4]: project = Project(unit_system='English', project_name='Example 1')
# Create a SoilProfile object with initial parameters
(10 ft) RS In [5]: profile = SoilProfile(unit_system='English', water_table=10)
# Add layer properties
In [6]: profile.add layer(soil_type='cohesionless',
L 5o height=40,
= o tuw=100,
L .. field_phi=35,
Dp t s corr_n=20)
(30 ft) (32 ft) SAND .. -
H Y - 100 pCf Out[6]: <edafos.soil.profile.SoilProfile at 0x10d404d390>
(40 ft) (p = 350 # Attach the soil profile to the project
R In [7]: project.attach_sp(profile)
S NCOT =20 Out[7]: <edafos.project.Project at 0x10d404d780>
# Create a pile
In [8]: pile = Pile(unit_system='English',
55 pile_type='pipe-closed',
o1 length=32,
.o pen_depth=30,
6o diameter=14,
o thickness=0.75)
Rp # Attach the pile to the project
In [9]: project.attach_pile(pile)
;( out[9]: <edafos.project.Project at 0x10404d780>

() EE glEJOmQEOFESSIONAL
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Evaluation of Driven Pile Capacity

Interpreted Failure Load (kips)

<§ss2ms

Concrete Cylinder

10* 24
1
04
103 4
40
20
0
102 4
O Concrete Cylinder (R?: -6.972)
* Round Concrete (R2: -0.199)
h 7 O Square Concrete (R?: 0.199) 75
,, A Steel H-Pile (R2: - 5.0
£ Pipe Pile Closed (R?: -0.015)
; x Pipe Pile Open (R?: -
10! z - T
10! 10? 10%

Calculated Capacity (kips)
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BUSIN

,//
EE. W ASSOCIATION

Celebrating Our Foundation, Building Our Future

Houa, = 0.79
Oo./0, = 0.33
n=2
2 4 6 8 10
Qc/Qm

Square Concrete

Ho.so, = 1.28
9a./0, = 0.83
n=135

2 4 6 8 10
Qc/Qm

Pipe Pile Closed

Moo, = 1.45
90,0, = 1.39

Qc/Qm

7.5

5.0 A

2.5 4

Round Concrete

Moo, = 2.30
90,0, = 1.62
n=29

2 4 6 8 10

Qc/Qm
Steel H-Pile

Ha./o, = 0.90
9.0, = 0.50
n=9

2 4 6 8 10

Qc/Qm
Pipe Pile Open

Moo, = 2.37
00,0, = 2.94
n=11

Qc/Qm
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PILE FOUNDATION RECORD

Source DB: DFLTD

Project: 153 Saint John's (ASCE)-3A
Project ID: 298

Boring ID: B-3

Location: Jacksonville FL, USA
Soil Type: Sand (S: 83%, C: 17%, O: 0%)
GWT Depth: -100.00 ft

COMPRESSTON

Square Concrete

Notes:

Pile ID: 2
TestID: 1
. ves sl N T
&) symt bestapon R S (40 8, e
ao

oon B, semggyme s S mem A e
100 —f—

e pan kst
w00 —§—
46.0 ft.

sobn g, gy Do M mAN Wil
00 —§—

oo |y HSERAEER 5w eema, Tma

500

Effective stress (ksf)
o 1 2 3

Load at Pile Head (Q, kips)

Interpreted Failure Load

2 200 400600 Davisson (algo): 564 kips @ 0.46 in
0 B from DFLTDV2...
B Max Load: 596 kips
" @ Max Displ.. 0.70in
= RASHTO: 482 Kips @ 0.00 in
302 Davisson: 565 kips @ 0.00 in
_ H DeBeer: 596 kips @ 0.00 in
g T3 FDOT: 482 kips @ 0.00 in.
s & A EH Hansen: 897 kips @ 3.3 in
£ g Sl
2 1.740 5 04 et
Q4 s 564 kips.
H Calculated Pile Capacity
o 244 8 06 Side Resistance: 317 kips
© M@ bot Fiped E N Toe Resistance: 203 kips
60 © Poave 3.28: @ o7 Total Resistance: 519 kips
— Losding1  —-- Davisson 1
) © Davisson Losd 1

UISVILLE, KEN
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Calculated vs. Measured Capacity
for 213 Load Tests from DFLTDv2
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104 0O 7
Steel — .
0 Concrete //
~ v
A Composite O g] A
7 7
[ -
& m] 2 ’
p 7
O; £ Eré 7 /D/
g A /
kY3 O g 7
~— B (d 7
% bpi? B 50,
- [m] 411
® 7 & ©
% 70 SO eE
S e B
; 102 1 o AP
5 = Tt e e
T A | MSE: 1,059,283 |
v 7 g ! R%:0.140 |
// ///[] Avg Q-/Qm: 1.48 |
y |/ SD Qc/Qm: 1.27 |
// -
//
10! — : !
10! 10? 10°
Davisson Failure Load (kips), On,
GEOPROFESSIONAL

104

Predicted Failure Load (kips), Qp

Predicted vs. Measured Capacity
for 213 Load Tests from DFLTDv2

Prediction of Driven Pile Capacity using
Machine Learning

104 -
o Train Data s
+ Test Data s
7/ 7
d
7
.3 I
7/ 4
// //
/// + 07/
3 | // 4
10 FRGE S
- O/, C’ ()o.p
o - ,’/
7
7
/q' i
/// L) OOO?//
102 A gt | MSE: 62,566 |
o o ? | Train R?%: 0.731 |
74 T | Test R%:0.598 |
7 11 [ AVg Op/Om: 0.90
¢ A ' SD Qp/Qm: 0.77
/// | L]
p £
101 £ T T
10! 102 10

Davisson Failure Load (kips), O,

104
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Prediction of Driven Pile Capacity (cont.)

PILE CAPACITY PREDICTOR (BETA)

This online tool features a Support Vector Regressor to predict the axial load capacity of pile foundations given soil type, average SPT-N values, pile type and
open/closed end condition, pile cross sectional area, circumference and length. The process is outlined in:

Machairas, N. P, and Iskander, M. G. (2018). “An Investigation of Pile Design Utilizing Advanced Data Analytics.” Proceedings of the International
Foundations Congress and Equipment Expo 2018, ADSC-The International Association of Foundation Drilling, DFI (Deep Foundations Institute),
G-l (Geo-Institute of American Society of Civil Engineers), and PDCA (Pile Driving Contractors Association), March 5-10, 2018, Orlando, Florida.

DISCLAIMER

This tool is offered without any warranties about the accuracy of the predicted capacity. The predicted capacity is a result of approximation by scientific
methodologies. The authors' sole intent is to further advance the field of Geotechnical Engineering and are not offering this online tool as a design aid. Use to
learn and experiment, do not design piles based on the numbers you get below.

SOIL PROPERTIES PILE PROPERTIES
Select Predominant Soil Type: Select Pile Type: Select cross sectional area (in2): Select length (ft): 22.50
16
Sand 5 Steel 4
Select Average SPT-N count: Open Ended? Select circumference (in): 44
50 No v
RESULT

57.75 Kips

g &WEE GEOPROFESSIONAL
M W ASSOCIATION 2019 FALL CONFERENCE - LOUISVILLE, KEN

Celebrating Our Foundation, Building Our Future




Deep Learning: Soil Particle

Classification

[
o
7

L

]

B
PARTICLE CONVOLUTION MAX
IMAGE (32 FILTERS) POOLING
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EQPC node concatenated

with image nodes /0
+
O O O — PEACE RIVER
three sets of O O
additional O O = QUARTZ#3
convolutional &
max pooling layers O O ()= SILIGA#20-30
filters O O
O O (O — SILICA #70-100
O O
ADDITIONAL CONVOLUTION FLATTEN SOFTMAX
& MAX POOLING DENSE
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Seismic Earth Pressure Calculator
(wp.nyu.edu/sep)

Wall Geometry: Seismic Coefficients:  Soil Properties:
Wall inclination, w, (deg.): 15 Horizontal, kh: 0.15 Layer 1 height, H,, (m): 6 Layer 2 height, H,, (m): 9
Surface slope, B4, (deg.): 10 Vertical, kv: 0 Layer 1 internal friction, ¢,, (deg.): 30 Layer 2 internal friction, ¢,, (deg.): 40
Interface slope, B,, (deg.): 10 Layer 1 unit weight, v, (kN/m3): 23 Layer 2 unit weight, y,, (kN/m3): 20
Retaining Wall and Backfill Geometry GWT Horizontal Pseudo-Static Mohr's circle with failure envelopes at depth, Zw,
(m) Lateral Earth Pressure from the top of wall surface
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ext Analytics

Probabilistic Topic Modeling on a Large Corpus of Geotechnical

Engineering Journal Articles
Topic Distribution in the 2000s

Selected Topic: 1 Previous Topic ~ Next Topic  Clear Topic Slide to adjust relevance metric:
|
A=1 00 02 04 06 08 10
Top-30 Most Relevant Terms for Topic 1 (24.8% of tokens)
2,000 2,500 3,000 3,500

1,000 1,500

Intertopic Distance Map (via multidimensional scaling)
o 500
mode! [INE——
method NI

Article Count per Decade .
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—== exponential fit

5000 | W count per decade

4000 { | Total count: 18,854 |

3000 A

Count

2000 A

1000 A

00's  10's
Marginal topic distribution
f Overall term frequency
N Estimated term frequency within the selected topic
1. saliency(term w) = frequency(w) * [sum_t p(t 1 w) * log(p(t | w)/p() for topics t; see Chuang et. al (2012)
2. relevance(term w | topic t) = A * p(w | ) + (1 - A) * p(w | t)/p(w); see Sievert & Shirley (2014)

70's  80's  90's
Decades
A ’ 2%

0 -
40's 50's 60's
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Image Analysis

Removing Human Artifacts from Images Without User Intervention

Step 2 - GrabCut

}

Original Image

mask of 1 identified object(s)

Step 3 - Inpainting

1 box(es) before non-max
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Predict Expected Geotechnical
Conditions

e Build a Data Warehouse combining all of the available data sources
GIS data

Boring Logs

Satellite Data

Survey data

Geologic Maps

O O O O O

e Reinforcement Learning:
O Develop predictive models from satellite, GIS, survey and geology
O Validate against boring logs and improve the models

O  Predictive models will learn on their own and get better as more data is
added to the Warehouse
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Closing Remarks

e Many design approaches are deterministic. However, Data Management
and Machine Learning can lead to probabilistic methods of analysis:

O To improve design methods
O To optimize design workflows and reduce costs

e Pairing traditional methods with predictive models will transform how we
investigate, design and build

e Top-down implementation: executives are responsible for pushing adoption
and implementation

e Basic coding skills are a must, provide incentives to your employes to get
started
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