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Collaboration Software (28)
= Project & Task Management

= Other Collaboration Tools
Market Places (16)

= Equipment Share

= Other Market Places
Inventory & Supply Chain Management (4)
Design Technologies (10)
Risk Management (15)
= Monitoring & Safety

= Security & Compliance
Financial Management (2)
Data & Analytics (4)
Frontier Tech & Robotics (21)

= Drones

= AR/VR

= Construction Robots

CB INSIGHTS. Building Blocks: 100+ Startups Transforming the Construction Industry. Research Briefs. 2017.
URL=https://www.cbinsights.com/research/construction-tech-startup-market-map/
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Future of Construction

I VR/AR: HOLO BUILDER

) BUILDER

360° VIDEO RECONSTRUCTION
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ODZNME AEae| M- Value Chain

Secondary Activities

Firm Infrastructure
- (general management, accounting, finance, strategic planning)
(]
~ Human Resources Management
E (recruiting, training, development)
<<
S Technology Development
(4P g_- (R&D, product and process improvement)
=]
_‘: e Procurement Profit
& (purchasing of raw materials, machines, supplies) Margin
> @ Inbound Operations Outbound Marketing Service
= |Logistics Logistics and Sales
:_2_ (raw (machining, (warehousing (advertising, (installation,
& materials assembling, and promotion, repair,
= | handling testing) distribution pricing, parts)
& |and of finished channel
E | warehous- product) relations)
a ing)

Primary Activities

Analyze the internal operations of a corporation to increase its efficiency, effectiveness and competitiveness.
A company analysis by systematically evaluating a company’s key processes and core competencies.
Activity support using IT to adding value to the company and finally maximize the company’s profit!
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_ Data Mining VS Big Data

+ Big Data < Data Mining+ 3 V(Volume, Velocity , Variety)

o Knowledge discovery from data

o Extraction of interesting patterns or knowledge from huge amount of data

Interpretation/
Evaluation

Data Mining
H - N

Transformation

Preprocessing

Data » g
Target
Data

Preprocessed
Data

q& Patterns

Transformed

pala ALTERNATIVE NAMES

Knowledge discovery
(mining) in databases (KDD)

Knowledge extraction
Data/pattern analysis
Information harvesting

38
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¢ Data

o Raw description of things, events, activities and transactions that are
recorded, but alone do not convey any specific meaning (e.g. 400,000)

¢ Information
o Data that have been organized so that they have meaning and value to
the recipient (e.g. Current $400,000 house price)

+ Knowledge

o Information that has been organized and processed to convey

understanding experience and expertise as they apply to a current
problem or activity (e.g. The current $400,000 house price is cheaper

than the last year’s price. The property market may be deflated.)

39
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(1) Classification

TRAINING SET

Name Body Temper | Gives | Four-le | Hibernates | Class
ature Birth | gged Label

Mo

Human Warm-blooded Y N N Y

Elephant Warm-blooded Y Y N Y

Leopard shark Cold-blooded Y N N N

Turtle Cold-blooded ~ N Y N N

Penguin Cold-blooded N N N N » I‘eﬂ
Eel Warm-blooded N N N N Classifier
Dolphin Warm-blooded Y N N Y

Spiny anteater Cold-blooded N Y Y Y

TESTING SET

Name Body Temper | Gives | Four-le | Hibernates | Class
ature Birth gged Label

Pigeon Warm-blooded N

41
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(2) Clustering

o Given a set of data points, each having a set of attributes and
a similarity measure among them, find clusters such that
« Data points in one cluster are more similar to one another

« Data points in separate clusters are less similar to one another

Intracluster distances Intercluster distances
are minimized are maximized

L
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(3) Association Rule Discovery

o Given a set of records each of which contain some number of items from a given
collection

o Produce dependency rules which will predict occurrence of an item based on
occurrences of other items

TID  Items Rules Discovered:

1 Bread, Coke, Milk {Milk} = {Coke} X

2 Beer, Bread {Diaper, Milk} = {Beer} O
3 Beer, Coke, Diaper, Milk

4 Beer, Bread, Coke, Diaper, Milk * Marketing and sales promotion
- Beer, Diaper, NIk * Supermarket shelf management

* Inventory management

(4) Sequential Pattern Discovery

o Given is a set of objects, with each object associated with its own timeline of events, find
rules that predict strong sequential dependencies among different events.

o Association rule: Concurrent events
o Examples: Computer bookstore: Intro to C++ = MFC using C++
Shoes - Racket, Racketball - Sports Jacket
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A T4

=

F (A 2Lt M EE 8T 2013)
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handle chang ber ce nee re ., D i
miss B e e e DV ne lift i j
drain point U0 mai st o S8 P ) i
confir m e gy
fine tube = ﬂeéng clos PID cab con s =l
notc_detl_desc »
Valve tags missing-4EA (HV-05026B/C.27329,27362) 0 _ .
Valve (HV-73008A) tag is missing.Handle touched other valve's body. 160 .\ SAREA B A =0
"Valve (HV-07527, HV-07530, HV-07528) tag is missing " 160 '/ .-\‘
Valve(HV-27207) tag is missing (&< tag £%| 22 1:2 .,
1 / \
Valve(HV-27207) tag is missing (£ 2 tag £ 22N - P Il'h
All valve tag is missing ( PKGH| Z&E M Y= tag 27| @%-Gea) 80 ,-"'
All valve tag is missing (5 points - PKG W ™ ¥ = tag O|& %) ig / q
/
Vave (HV-27217A, 27217B) tag is missing (£ = tag O/< I - 2 points) 50 24 \.
Vave (HV-27221A, 27221B) tag is missing (& 2 tag O|& %l - 2 points) 0 so—o  * ht
Vave (HV-27204A, 27204B) tag is missing (& = tag Dlgil - 2 points) 1 — 3 952 7 = 9 él 1 = 3 Qﬁz ?Qa L < E :2 7 - g .n
Vave (ROV 27241, 27243) tag is missing (& 2 tag O|& %/ - 2 paints) 2009 2010 2011
“valve” @ “tag”Jl & LU= ZAIEA

- “valve tag2t 52 (miss)E ] &

& Xl (install) OF 2 Q5HCH”
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A TYHE AT (MELS L L EF S, 2013)

{tag, valve, install or miss}
“walve tag is missing, not installed”

{miss, valve}

' oSS,

| ta ;
“valve is missing” ' valve 3 ﬂél
' = i’ $ V. :
MIsS | ?
" . 7y ' tag !
Vestical linkage -m‘is
g EST S = val.,
{replace, valve} - i - aldiiz =g i
w i* P - .
valve to be replaced ___,,_..;,-:..,.a_""ifg_ =3, r
=T g . »-_Mmiss
— - i i i g
efc. _o---a — Coad I =~ A § '\““ valy, .,
— _:"’ ' 1 '._ iretali  Vertical iir'lk'-h‘_lﬁ"l '_;'F
{alve- '{?'m?-—} o “replace RIES 2% valve I Vsl |
e e [
[ - i S _———valve ; P 3 !
\ 'IA" S~ : ~{valve, miss or install}
Yalves Te i 4 miiss
- ; Sa— "valveis not installed” &
4 Vertical Ainkage o E valve
~a - o =" Tri B < 4
——— “lalve T——y > o
Vestical linkage § &% i : ;
i J device valve
o - T
! i device [ )
P i) . ) {miss, cap, valve}
operate : | - 5
e - R ‘ “valve cap is missing”
| -w |, '
PN
— device
oy b
. Y valve
" - -
e {device, valve}
{operate, valve}

*(locking) device on valve to be provided”
“checkvalve operation (accessibility)”

“valve” Zteigt 2Hl RESE FIt UA=IH?
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What’s Deep Learning IN

I Artificial Intelligence

amazon echo
N ——7

Wadrraney  Service
Produck Place

v 4
CUSTOMER
Pri:: ]\ \ ‘D\élivery

Promotion  Advertising

Boston Dynamics

CONSTRUCTION
1 NOVATION 48



What’s Deep Learning IN

! Deep Learning
» One of Machine Learning(ML) models based on the Artificial Neural Network(ANN)

) i Input Layer Hidden Layer Output Layer
» Hidden layers of ANN became DEEP by using

[1] Rich data
[2] Cheap and powerful computing

Artificial Intelligence

Artificial Neural Network
(Computer)

Rule-base

Data l Computing Power
Machine Learning

SVM Random Forest Input Layer Hidden Layer Output Layer

K-means

Deep Learning

ANN

Hierarchy of ML Deep Neural Network

CONSTRUCTION : : : .
-I-______N_O\'I_‘ATI_:(__)._I! Gulli, A. and Pal, S. (2017). Deep Learning with Keras, Packt Publishing Ltd. 49



Famous Architectures IN

I Convolutional Neural Network (CNN)

Split input data into small units and extract various features of each unit for classification
(e.g., image recognition)

< CNN Architecture >

input image feature maps feature maps feature maps feature maps

utput
(256x256) (256x256) (128x128)  (128x128)  (64x64) c:te:m
1 o © ’
a ! =0
™, Y ] S 0%
, +++o ii/
i/
I jm—— = =] A .
P o S e Classification
DNN - . . .
convolution subsampling convolution subsampling fully
I layer | layer | layer I layer | connected
1)1/1)0]0 1/1]|1]0]0 \ Max Pooling
Q4 4, 31 ﬂ - 0 1 1,2,00) [4/3/4 Activation Map =8 ‘.
olaoj1/1]1 olof[1fa]1] [2]4]3 2 0| ‘B
o|1/1]|0|0 o|1]|1]|0]0 L
i Convolved I Convolved - ‘@f‘ B Average Pooling
mage Feature mage Feature ‘-.[ e 00 - | 13 l.

_— 1l
!ngs\}gl'jriiguq . http://taewan.kim/post/cnn 50



Famous Architectures IN

I Recurrent Neural Network (RN N) Take into account the patterns of the input data, the
information of the old network is used in the following

= X:input , .

network’s learning
= A: Neural Network (e.g., natural language processing, time-series)
= h: Output

“Cannot consider the sequence with only one network!”

I
A

!
5

RNN Architecture

®)
!

.

>

)
I
A

6

)
]
DNN A
b

o

i CONSTRUCTION
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Deep Learning in Construction IN

I Deep Learning Research @ CI!LAB

ABCDE 0?1237

31

When  Whichbridge Whichspan Which Which Which Which
element damagetype state amount

Reduce Enhance
time quality

Actualinspection

e [1] Selection of Reference Specification
: USA.  Arkansas 0.88 4
H UK. = 0.67

CANADA 0.65

==, 5 | S

s [ aseraLr works | ; SURPACETR
B esccancen ASPHALT SURFACE TREATMENT
[4] Standard Comparison e i - i

il S ok Sk e el ook Mo Saules
Construction Qatar Arkansas anphalt maierial will be tesied sccvnding o applicable AASHTO o
Element | Liquid asphalt for use a5 prime coat shall be MC.70 medium curing eutback asghal in ASTM iethons,
¢ accordance with ASTM D2027 o« AASHTO MEZ .
Distillation Test MIN 55% MIN 68% DIFF & .h_"‘” ionde Emulsified Asphali. Cassonic -
Residue : |2 The prime coat shall be & cuthack consistng of a 6070 panetration grade bumen and "
H &erosene The residus gst. cartied out 10 360 °C in aecordance win
Liquid Asphalt = ASTM D2027 AASHTOMBZ SAME = “epesess AR e st volume), as determined by the differance
AASHTO MB2 method. Samping shal ASTM 0140, One sample shall be tested
very 5 tons.

1 Emutified asphat for use as fack coat n sghall works. may be CSS 1h or CRS-2 eatonic
emutsiied asphalt : HTO 4 208 or 8§ asphati i
2 with ASTM D877 of 3

[3] Named Entity Recognition

Sentence: The residue from the distillation test shall be a minimum of 55%.-

Label: Construction Element

Standard

[ | N CONSTRUCTION
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SYSTEM DATA

IN

~
2

L]

MINORITY %
REPORT  L¥ge

EVERYBODY RUNS JUNE 21

. CONSTRUCTION
= NOVATION

Police Are Using Big Data To
Predict Future Crime Rates

Some police are starting to use big data to predict crime
circumstances, and when and where illegal acts could
happen. Here's what to know about it.

g e~ 44 Shares @ 5,370 Views

¥ Share on Facebook +

(Source: SmartData Collective, 2018)
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SYSTEM DATA IN

! Data Characteristics

= Korean Bridge Management System Data

= Scope: Pre-stressed Concrete I-type (PSCI) bridges, Deck damage

= 2,388 bridges, 10,187 inspection records, 142,439 data

= 61 Variables (52 numerical, 9 categorical) = 59 dependent variables, 2 independent variables

From Bridge Management System (BMS), Korea Transport Database (KTDB), and Korean Meteorological Administration (KMA)

Identification factors (22) Structural factors (17) Environmental factors (18) Types of Damage (7)
( . N\ 4 N 7 N\

Skew Width Deck depth *<>a Traffic

No. of lanes -y *d
/ ~ % Rainfall
(1L o Sl Gl
'l (LLLL Win Map Cracking  Scaling
4 z Humidity A
y Temperature
\_ J L J

Inspection factors (2)

nspection factors (2 Breakage Efflore-

e R g
000078 1 20070919 | 19870101 Deck Cracklng
033054 5 20151218 | 19991230 | 16 Deck Corrosion B
072235 3 20131015 20101229 3 Deck Breakage B Corrosion of

exposed rebar

CONSTRUCTION
ININ6Varion 56



SYSTEM DATA

! Model Design

Two-Stage Submodel Design
(Binary & Multi-class Classification)

Model Composition

Equal-frequency binning

Damage Severity
No 0 Dataset
Yes | 1 Damage
Level 1(S) | O 1
Level 2 1 2
Level 3 0 ~
Level4(L) | O =

*E Cracking ?
@ap crackina

—p scaling

_’E Breakage j
Eﬂorescenc@

o

f Leakage i

O O
exposed rebar

35 Submodels
=7 Types of Damage
X 5 Condition Grades

Deep Neural Networks (DNN) XGBoost (Extreme Gradient Boosting)

Identified _Iﬁfliléﬁ-cir;é Variables

Input Layer

Hidden Layer

v",
o8
<

No. of Damage

Identified iﬁfldénbiﬁé Variables

| Hyperparameters:
Maximum Depth,
wi > —» wi—» Minimum Child Weight,
Hyperparameters: T i Gamma, Subsample
Depth, Number of Nodes, 5 . 5 Colsarr;ple by Tree ’
s Frgggzéizgmzer’ 0 OO &|00 O  s|severity Extents® [N Regularization Alpha,
v v v Learning Rate
Tuned bv Grid h Predicted Value __Predicted Value__| Predicted Value
unedioy ancsearc | | | | Tuned by Grid search
Ensemble v

No. of Damage

CONSTRUCTION
NOVATION
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SYSTEM DATA

Damage = No L1

Severity Level 174

! Prediction Results Example

DOGE D0 G0
030039 2015-06-24 Middle Left L4 L3 0
032058 2014-08-30 15 Right L1 L1 0
Cracking
028151 2012-07-15 9 | Middle Right L4 L3 1
033150 2004-06-15 2 | Middle Right | L2 | L1 L1 | L2 2
001342 2015-06-09 12 Left L4 L4 0
028191 2016-06-21 12  Middle Right L3 L2 1
Efflorescence
032005 2006-06-26 10 Right L1 1
002545 2007-10-23 21 Middle Left L1 L1 L3 | L2 2

Prediction Accuracy by Damage Types

Corrosion of

Model . . .
ode Cracking  Honeycombing Scaling Breakage Efflorescence Leakage Exposed Rebar Average
DNN 68.1 74.7 77.3 71.2 71.7 62.9 69.0 73.6

XGBoost 89.56 93.60 95.23 91.45 89.83 91.53 93.97 94.48%

(1) Imbalanced data: “No Damage” is predominant - XGBoost weights more for misclassified samples

HNJ CONSTRUCTION (2) Lack of enough data for every 35 submodels > Difficult to train DNN fully
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SYSTEM DATA

I Example: Portfolio Generation for Each Bridge
= Expected Inspection: 2019 2"d Half

Bridge Number: 000495

@ 1474735605000

< 2> C {0 A ==282F

x o+

147 47.5...

O

wm a o« @

*

= Region: Gangwon-Do : .
Bridge Damage Estimation Model
= Superstructure: Pre-Stressed Concrete | type _
developed by Soram Lim
" Age 28 Note: If you do not want to specily a specific number, enter 0.
Inspection Date  [20120702
Number of Cracking Bridge Number [0oees
Damage Honeycombing
Scaling Region
Level 1 1 Breakage
Level 2 2 Efflorescence submit
Level 3 3-5 Leak'age
Corrosion of
Level 4 6 and more Exposed Rebar
Location Left Middle Left Center Middle Right Right
Span Number 1 2 3 4 5
Damage Type BR|EF|LE|CEJCR|HC|SC|BR|EF|LE|CEJCR|HC|SC|BR|EF|LE|CEJCR|HC|SC|BR|EF|LE|CEJCR|HC|SC|BR]|EF|LE|CE
A
L3 L1 L1 L1 L3|L1 L3
Condition L1 L1 L1|L1 L1 L1
ELEL L1 L4 L4 L1 L4 L1

' BN CoNsTRUCTION

NOVATION
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TEXT DATA IN

I Automatic Road Construction Specifications Review using N
atural Language Processing and;lkext.Mining

[ ] Vaes | Vake | Vs | Voka | ||

[1] Selection of Reference Specification 3 NI ST MU
Vot 1 ..| 048 | 083 | 017 | 085
Vot 2 ..| 055 | 079 | 059 | 0.12
s Vaat 3 ..| 0.15 0.48 0.69 0.38
) » » - — Vouas ..| 084 | 044 | 054 | 017
D Vot 5 ..| 037 | 064 | 088 | 0.50
NER" Model| :: Doc2Vec DSSM?
= Catego Most Relevant Catego
. gory Category Vector gory
Target Specification
| | VUKJJ | VUK7172 | VUK7173 | VUK7174 | | |
Cosine Vowas ||..| 050 | 016 | 015 | 013
Similarity 0.122 Vosao || .| 065 | 088 | 014 | 052
-0.653 P Voaas ||..| 036 [ 084 | 032 | 020
- -0.057 Vouss ||..| 012 | 035 | 056 | 095
Cosine V. .| 030 | 034 [ 077 | 013
NER Model Doc2Vec 0.951 S - aass
= Similarity
Paragraph/Sentence Paragraph/Sentence Paragraph/Sentence Most Relevant Paragraph/Sentence
[2] NER Tagging Vector é
o ) [4] Paragraph/Sentence Matching
-l ] Specification Review Results
AL ORG ACT ELM STD REF
Qatar 1 retained Coarse aggregate / mineral aggregate | 2.36 mm/ | ASTM
06 Roadworks / sieve / Marshall mix design 4.75 mm
05_P_\sphalt Works Py shall consist Coarse aggregate / crushed natural
A A 5.2.3_materials stones / gravel
Reference Specification ] — ’
P ] retained Coarse aggregate / mineral aggregate | 4.78 mm/ | ASTM
Umgeg glgggom 1 / sieve / Marshall mix design 2.21 mm
Pavements 2 must consist Fine aggregate / crushed natural
9.1_Bituminous stones / gravel
Pavement Mixtures
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TEXT DATA Prototype: DICCI IN

I Application Example




+ Six must-have construction tech tools (2016)

O

O

O

O

O

O

Drone surveying

3D Printing

Smart Roads
Transparent Solar Panels
Smart Helmet

Anti-collision Software
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+ Six must-have construction tech tools (2016)
o—Drone-surveyhg
5 .

o Smart Roads

o Transparent Solar Panels
o Smart Helmet
i collisionSof
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