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SENSORTECHNOLOGY ROADMAP AND AUTONOMOUS FUNCTIONS ASSOCIATED

(Source: Sensors & Data Management for Autonomous Vehicles report, Oct. 2015, Yole Développement)

Functionalities
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Transportation systems data

rService provider generated ‘
Public transport schedule data (Traveline National Dataset) ~ ™ l
Public transport fares (ATOC rail fares database) _ |
Ticket sales and patronage data (ATOC RJIS) Data available as regularly I c
‘ 1 updated ‘static’ datasets
( ) ‘ P I Transport Systems
Manual collection \_ Y,
Roadside interviews = > [
In-street / household surveys (e.g. Passenger Focus) I
Traffic Counts Regularly updated data :
, ‘ available as live feeds I
Overt crowd-sourcing \ Y
Digital / social media surveys |
Car sharing databases (e.qg. Liftshare) . :
Car parking data platforms (e.g. Park at my House) Data collected in real-time
made available as a live
feed

Data collected in real-time are stored
and served-up for historic analyses and
prediction-based service optimisation

Covert crowd-sourcing
Sentiment data en-masse from social networks (e.g. Commonplace)
Traffic speed data from cell phone / GPS (e.g. INRIX)
Run and cycle trip data from physical activity tracking apps (e.g. Strava)

J

Data collected in real-time
are used for automated

w
| ] | ] || | || |

[ Sensor-derived service optimisation

Real-time bus and rail vehicle locations I a
Traffic counts and speeds from UTMC systems
Strategic road network speed & conditions (e.g. Highways Agency) 2004 2014 2024

v
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But what is Big Data”? (The 3Vs)

Volume:
Increasingly massive datasets hard to manage

Large Hadron Collider experiment, 150 million
sensors delivering data 40 million times per

second.

Variety:
Data complexity is growing

More types of data captured than ever before,
quantification of self etc.
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But what is Big Data”? (The 3Vs - cont'd)

Velocity:

Some data is arriving so rapidly it must be either
processed instantly or lost

Whole subfield of ‘streaming data’
Veracity

Value: this is very important, this is really the
output

Prof. Dr. Constantinos Antoniou (TUM) | Big Data and Transport | TU Graz | 17.5.2018
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Historical modeling approach
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essentially,
all models are wrong,

Building a model

= - freshspectrum.com
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Building a model

and we can Increas
C. Anderso

essentially,
all models are wrong,
but some are useful

George E. P. Box

= - freshspectrum.com

rong,
succeed without them’
oting P. Norvig)
heck.htm]
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First-generation big-data approac
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Second-generation big-data approach
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New skill-set Is needed

(Look for the intersection in this Venn
diag ram!) Data Science

Data Science Venn Diagram v2.0

Computer Machine
Science Learning

Traditional

S01tware
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4 N
OD Estimation.
Attraction Models r 2
yang2014dynamic, NLP for activities,
kheiri2015intra . activities and
jin2014location] attractions
g ‘hasan2014urban,
lee2016activity|
Travel ’
Demand Activity
Modelling A
Urban Structure,
T [ POIls, Land Uses
s N Seé .
o Use of [Jiang2014,
Open Government and . ) s .
Engagement Public ~ Platform : QUENEN  Jiang2015,
Lee2012492, Engagement Historical SEBRIE Frias-Martinez2014] )
Bonson2012123] .. ; Data
Data
Information Satisfactic PT Sentiment Analysis
Sharing & T ‘collins2013novel.
C L. sentiment : :
somimaun. Social Schweitzer2014
Networks Mobility
Commonly uses and Location Patterns
opportunities 1i2012multiple, —
‘Bregman2012, cho2014and] Real- Mobility and friendship ( Ctial T al A
Gal-Tzur2014] Time data 'Cho:2011:FMU:202(1408.202 35%1“‘“* empora:
. ) ' : Patterns for mobility
Predicti [(Cheng2011,
‘red1iction Hawelka2013]
L . J

Disruption Finding
Events
Traffic Incidents Non habitual patterns
(Gu2016321, and events
Abel2012. Pereira2015,
Kumar2014. becker2011beyond|
Schulz2013|

Chaniotakis, Antoniou, Pereira. "Mapping Social Media for Transportation Studies." IEEE Intelligent Systems 31.6 (2016): 64-70.
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Case Study: Social Media vs. Surveys

Study Area

Thessaloniki, Greece

2nd largest city in Greece
Moderate Social Media use

Datasets
Social Media
 Facebook
o Twitter

* Foursquare
Recent travel diary survey

FOURSQUARE

Chaniotakis, Antoniou, Salanova, Dimitriou, "Can Social Media data
augment travel demand survey data?."
Intelligent Transportation Systems (ITSC), 2016 IEEE 19th
International Conference on. IEEE, 2016.

Prof. Dr. Constantinos Antoniou (TUM) | Big Data and Transport | TU Graz | 17.5.2018
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~ Activity capturing

40

W
-

Percentage (%)
N
-

N B - . m .- -

Health and Beauty Leisure Residence School Shobping Spérts Tranéport
Destination Type

DataSource . Facebook Foursquare . Travel Survey

Chaniotakis, Antoniou, Salanova, Dimitriou, "Can Social Media data augment travel demand survey data?."
Intelligent Transportation Systems (ITSC), 2016 IEEE 19th International Conference on. IEEE, 2016.
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8- .
Temporal analysis

/7 N\
A6- x l\
D y il
8) /: &,
8 4- T
& N
8 [ |
DG-J A
2-
O-
0 2 4 6 8 10 12 14 16 18 20 22
Hour of Day

DataSource === Conventional Travel Survey - 4 - Facebook - = ' FourSquare —+ = Twitter

Chaniotakis, Antoniou, Salanova, Dimitriou, "Can Social Media data augment travel demand survey data?."
Intelligent Transportation Systems (ITSC), 2016 IEEE 19th International Conference on. IEEE, 2016.
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Case study: Inferring activity types

Dataset

2 years’ data collected from London (Twitter API)

482,883 unique users
Collected timeline (for a random sample of 90,000 users)

11,060,814 tweets In total

In London Twitter Dataset
482,883 Users
8,141,996 geotagged tweets
3,764,230 URLs
220,118 Foursquare URLs

{subset}
{nTweet > 22 & mean dist >1}

Examined Dataset
50,344 Users

5,080,362 geotagged tweets
2,127,071 URLs
145,192 Foursquare URLs

Chaniotakis, E., C. Antoniou, G. Aifadopoulou and L. Dimitriou (2017). Inferring
activities from Social Media data. Transportation Research Record: Journal of the

Transportation Research Board

Prof. Dr. Constantinos Antoniou (TUM) | Big Data and Transport | TU Graz | 17.5.2018
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Supervised training

Manually aggregated in 14 categories
Tendency towards leisure activities
Education and work higher represented during week days

5000 -
4000 - w
3000 - =
1000- I B s B m—
5000 -
4000 - =
3000 - 3
1006 3 7 I 7 =
5000 -
4000 - CH
3000 - S
1000 I B B e B =
5000 -
& 4000 - =
© 3000 - =3
D) -
ElOOg_ _-___——__ £
5000 -
4000 - !
3000 - £
1008: --—————_— =
5000 -
4000 - -
3000 - =
2000 - 5]
1000 -
O_
5000 -
4000 - &
3000 - =
2000 - S
1000 - &
O_ ] 1 1 1 ] ] ] 1 [ ] ] ] 1 1 ]
Bar - Pub Restaurant Transport Entertain. Tourism Shopping Sports Work Museum Other Home  Education Health & Religion
Beauty
Activities

Chaniotakis, E., C. Antoniou, G. Aifadopoulou and L. Dimitriou (2017). Inferring activities from Social Media data. Transportation Research Record: Journal of the Transportation Research Board
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Transport-

Tourism-

Sports-

Shopping-

Predicted Class

Restaurant-

Other-

Entertain.-

Bar - Pub-

Bar- Pub  Entertain. Other Restaurant  Shopping

Normalized
Frequency
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Simulation

model

Prof. Dr. Constantinos Antoniou (TUM) | Big Data and Transport | TU Graz | 17.5.2018
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Classic vs. loess speed-density relationship

Flexible traffic simulation models:- — o=
Flexible functional form
Ability to incorporate additional data 3 -
Speed-density relationship 5 o
| ” if k<k m O
e U, [1 — ((k — kmin )/kjam )/3 :|O‘ otherwise _ Antoniou et al. (2006)

Density (veh/km/lane)

Car-following model

vnlt + T =min

Prof. Dr. Constantinos Antoniou (TUM) | Big Data and Transport | TU Graz | 17.5.2018



Lehrstuhl fur Vernetzte Verkehrssysteme
Fakultat fur Bau, Geo und Umwelt
Technische Universitat Munchen

Historical
database

Predicted
values

Cluster based
flexible model
calibration

Storage in a
knowledge

database

Data-driven

New
observations

Next iteration
into
development

assification of new
observations

Evaluation of
predicted
values

Selection of
appropriate
model

Application of
models to new
observations

L v 1
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24



C. Antoniou et al./Transportation Research Part C 34 (2013) 89-107

Data-driven models

Receive available historical data

gﬁg o observations

OOOO O

.0

OOO

Histoical A. Cluster
observatons

B. Estimate transition process
- - history of available '
B. Estimate C. Estimate :tgorvations :
flexible model used for training .
per cluster

Markov process |

Application Training
W v mmmmmm—————

Fig. 1. Overall local traffic state prediction framework.



Lehrstuhl fur Vernetzte Verkehrssysteme
Fakultat fur Bau, Geo und Umwelt
Technische Universitat Munchen

Clustering results (Ayalon motorway, IL)

C. Ayalon, IL — 8 clusters

Kph veh/hr veh/km/lane
20 40 60 80 o0 1200 3600 0 40 80 120
o 1 1 1 1 1 ‘IIIIIIO
S 7 3 - 2
o ] i (@) <
1 Speed 3
o _ | O
Al [Q\|
o
- O
0 o
< éE
O C
Flow -2 ©
B a >
— O
o O
_ T @©
| O =
] (00)
Density |~ £
o T~
— < C
— D)
Lo >

Antoniou et al., (2013), Transportation Research Part C
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E. Ayalon, IL — 3 clusters

Kph

Speed

veh/hr
0 1200 3600

veh/km/lane

120

Flow

100

60
Kph

40 80 120 0 2400 4800 20
veh/hr

0

veh/km/lane
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Measures of effectiveness — Ayalon, IL

LO
C\! —
© B Speed-density relationship
B Loess — no clusters
QS L B Loess/knn/vimc - 8 clusters
) Loess/knn/vimc - 5 clusters
Loess/knn/vimc — 3 clusters
’g 1O Loess/nnet — 8 clusters
o Loess/nnet — 5 clusters
s © Loess/nnet — 3 clusters
-
O O
= T =
©
8 o©
LO
C)_ —
o
S S
o

RMSN RMSPE MPE
Antoniou et al., (2013), Transportation Research Part C
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Microscopic case studies
Naples data (Punzo et al., 2005)
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Results - Naples, IT, data

Locally weighted regression (Loess)
Multivariate Adaptive Regression Splines (MARS) g

Kernel Support Vector Machines (KSVM)
Gaussian Processes (GP)
Bayesian Regularized Neural 6 —
Networks (BRNN) . _
G B Gipps'’
- . B Loess
g MARS
= GP
y - KSVM
BRNN
O —

B1695 C621 A358 A172 C168 C171

Data series
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Mixed traffic conditions

Weak lane discipline
Multiple vehicle types

Video data were collected on February 13, 2014, on a
six-lane separated urban arterial road at the Maraimalai
Adigalar Bridge in Saidapet, Chennai, India (Kanagaraj
et al., 2015). The trajectory data are shared publicly at
the address: http://toledo.net.technion.ac.il/downloads/.

Data for model calibration: data245 (data collected in
the period 2:45-3:00 PM)
Data for model validation: data300 (data collected in
the period 3:00-3:15 PM)

Coﬁltolht Basic Information

o | Stattme [ gon B¢ Trackngpont FrouMid  w| Flename | 0628 it PBSpeed 3447 Acc 26
amerate 25  Datadensiy | 13 Startframe | 15000 ¢ Length 42
~ Widh 17 Verish T [Car >
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Mixed traffic conditions - Modeling

A xl_leader Xr_leader xl_leader Xr_leader A
E "g ' S ' 1 g
= Q
D z g
3 @)
& E 1
Q) O Xl_follower Xr_follower Xl_follower xr__follow.r.!er 2
> S : : ¢ ¢ 0
O T B
@ —
= :
— |
@) Casel Case?2
C XI_leader Xr_Ieac!er
O -E' A ? ? XI_Ieader ° o xr_leader A ';-:'
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o ; ;
@) @)
L = Xl_follower Xr_follower =
5 “'6 X|_follower Xr follower ? ? ‘.8
sl  ‘m° 5
G E I i G
o l o
g 5 5
Estimation of lateral bounds
of each vehicle Case3 Case4

|dentification of leader-follower pair
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Mixed traffic conditions - Modeling (cont'd)

=
Breakpoint Direction of traffic flow
A

Virtual lane 1

P & =+ 0

Virtual lane 1+1

The left-most side of the roadway

3 3 i i 3
o LB o N —
2 ) T + + |
> e
> > Py _I_E 4
p >

= Virtual lane 1

—
Direction of traffic flow

W=max (X9, Xi1, ---, Xtn) = MIN(X;g, Xi1, -

" th) T Wy
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A priori parameter
values

v

"Static" data Off-line

(network etc.) calibration

Off-line calibrated
parameters

v

"Static" data On-line
(network etc.) calibration

On-line calibrated
parameters
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Surveillance
data (archived)

Surveillance
data (latest)
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Dealing with really large-scale problems — W-SPSA

"\v soang

_,.

Lu, L., Y. Xu, C. Antoniou and M. Ben-Akiva (2015), W-SPSA: An Enhanced SPSA Algorithm for the Calibration of Dynamic Traffic Assignment Models, Transportation
Research: Part C, 51, pp. 149-166

Antoniou, C., C. L. Azevedo, L. Lu, F. Pereira and M. Ben-Akiva (2015). W-SPSA in practice: Approximation of weight matrices and calibration of traffic simulation models.

Transportation Research Part C, Vol. 59, pp. 129-146.
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W-SPSA results

Synthetic experiment

0.2 , , , | |
[ —— SPSA
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Lu, L., Y. Xu, C. Antoniou and M. Ben-Akiva (2015), W-SPSA: An Enhanced SPSA Algorithm for the Calibration of Dynamic Traffic Assignment Models, Transportation

Research: Part C, 51, pp.
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Dimensionality reduction
Principal Component (PC) Analysis

Has led to many algorithms, such as
PC-GLS (Prakash et al., 2017)

PC-EKF (Prakash et al., 2018)
PC-SPSA (Qurashi et al., 2018)
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Vitoria network: 80 PCs capture >95% of variance
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PC-SPSA Case Study — Vitoria, ES

57 zones => 57x56=3192 OD pairs per 15 min interval

0.5
0451y o N

Y
04F N

015
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005 = i |
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Figure 4.16: Calibrated Counts by SPSA and PC-SPSA
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D 2013 Ted GO

Pitfalls

THEN
USE THE
SIBS
DATA—
BASE.

USE THE
CRS DATA-— THAT
BASE TO DATA IS
S1ZE THE LJRONG.
MARKET.

THAT
DATA IS
ALSO
WRONG.

CAN YOU
AVERAGE SURE. I CAN

THEM? MULTIPLY
THEM TOO.

“You can't keep adjusting the data
to prove that you would be the best
Valentine’s date for Scarlett Johansson.”

5708 ©2008Scott Adams, Inc./Dist. by UFS, Inc
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Source: dilbert.com
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spectral clustering

Spectral clustering

Example: Comparison between KaFFPa and

T

illinois.edu

KaFFPa clustering

% 8 _
I =
Island of Manhattan
@ o
S Q
8 Q
g S S |
~ ~
S S
o 4
¢ &
9 ’ Q
: . @ .
3 T | ! I = |
~74.00 -73.95 ~73.90 -73.85 -74.00

Longitude

Source: Dan Work (UIUC), Donovan et al. (2016)

~73.95 ~73.90 ~73.85

Longitude
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Visualisation

Traditionally it was “easy” to look at the
model inputs and outputs

Actual sensor counts

Interpretation and analysis

To understand Big data we need a lot of
work and the development of new strategies
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Simple visualisations

BOSTON IN MOTION

One day of public transit travel for .4 million Charlie Card holders

I l I am ety Massachusetts Bay
I I Institute of . _
Technology Transportation Authority

jaygordon.net
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Virtual / Augmented Reality

CAVE (no need for glasses)

LRZ Virtual Reality and Visualisation Centre
(V2C)

LRZ Holobench

More accessible technologies
Oculus Rift, etc.

Upcoming versions will not require powerful
computer

Prof. Dr. Constantinos Antoniou (TUM) | Big Data and Transport | TU Graz | 17.5.2018
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Privacy: lost opportunities?

White House Big Data Survey

Concern with data practices
" Very much * Somewhat ®Only alittle ™ Not at all

Legal Standards
and Oversight 85%

Transparancy
About Data Use

Collection of
Location Data

(White House, May 2014)
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$600 billion

potential annual consumer surplus from

using personal location data globally

McKinsey, 2011
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Empirical and theoretical distr.

Value (and paradox) of privacy

Pokemon Go / Facebook use vs. Privacy concerns

0.30
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020 025
| |
\\w

Density
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|
\4
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l

- \\\
o 2 4 e o
Data
Cost of privacy (€/level)
(Weibull)

Antoniou and Polydoropoulou (2015)
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Privacy: lost opportunities?

How does location tracking work?

Input

RFID Tag

' Path Tracker beta test store

+ Mobile phones

Personal
tracking

Video = OV S

hoppe

SOURCE: Press and literature search

McKinsey, 2011
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Indoor positioning

All scenarios

RFID

D

UWB

Antoniou et al. 2017

Vehicle 1
Vehicle 3
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Data analysts - the bad news

What data scientists spend the most time doing

3% 5%

4%
® Building training sets: 3%

® (leaning and organizing data: 60%
® (ollecting data sets; 19%

Mining data for patterns: 9%
® Refining algorithms: 4%
® Other: 5%

¢S CrowdFlower
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What's the least enjoyable part of data science?

® Building training sets: 10%
® (leaning and organizing data: 57%
® C(ollecting data sets: 21%
Mining data for patterns: 3%
® Refining algorithms: 4%
® Other: 5%

48



stuhl fur Vernetzte Verkehrssysteme
fur Bau, Geo und Umwelt
echnische Universitat Minchen

Data analysts - the "good” news

/9%

5% 35%
4
83%
2016 3% 12%
2% H 6%
1% | 1%

Respondents who said there weren't enough data scientists to go around

@ c rOWd Hower Data scientist job satisfaction
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Need for institutional support

"Big data will take 2 years+ to have effect.
So, it will be dead in the water,

7

unless you get top level management involved'.

Professor Bjarne Kjaer Ersbgll, DTU Compute
(Copenhagen, 12.10.2016)
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