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Why do we need a Transportation Model?

= steer davies gleave

Founded in 1978 has 16
Companies around the
World Bogota

Bologna
Boston
Leeds
London
Los Angeles
Madrid

: Mexico City
Research & Innovation New Delhi
New York
Rome

San Juan
Santiago
Sao Paulo
Toronto
Vancouver

Sports & major events Sustainable transport



Where do they apply a Transportation Model?

Projects [edit

« Transport planning and design for London’s new financial district, Canary Wharf

Eurotunnel (largest Public Private Partnership project in the world)
New Lines Programme — developing the case for high-speed rail in the UK

Multi-modal transport masterplan for Abu Dhabi

Design of Bogota's award-winning Transmilenio bus rapid transit network
30-year transit masterplan for Sacramento

Review of air passengers’ rights for European Commission

« Transport planning for the 2012 London Olympics

« Transport plans for World Cup 2014 in Brazil

« Best practice interchange guidelines for London

« Bikeability cycle training

= steer davies gleave
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Transportation demand modeling

* Choice models based on the attributes of the transport
alternatives and characteristics of travelers

* Attributes » Characteristics of travelers
— Mode (bus, train, aﬁor,A — Trip purpose (work, school,
air, ships etc.) social activities etc.)
_ Level of service )%, — Professional activity
— Education

* Travel time
 Travel cost
* Frequency

+ Reliability /

I'lir  School of Engineering




How much a Travel Survey Cost?

13. ESTIMATED COST

Cost estimates must be broken down by the basic project phases. There are two
basic classifications, but a breakdown below this level to tasks will be required:

A. Instrument development and design, including determining the
sampling technique and preparation for the survey.

B. Survey fielding, retrieval, checking and coding.

It is the intention at present, to choose the contractor as a group of MPOs. The
contract will at that point be broken up into 5 contracts with the legal contracts
for each MPO being entered into. The development costs will at that stage be pro-
rated (based on sample size) to each of the participants, in essence as a per
completed household overhead rate. In the event that any one of the participants
withdraws at that stage, it is important that there is a mechanism for re-allocating
the shared development costs.

14 E ES:
A. Metro: approximately $550,000

B. State of Oregon (Statewide) approximately $ 500,000
C. Southwest Washington RTC approximately $ 200,000

5 i | School of Engineering Source: DOT, 1996, prepared by Cambridge Systematics



* Opportunity:
Call data records and ICT (information and

communication technologies) from mobile devices is
a proxy for individual movement.

Challenge:
Can we use Information and ICT to Simplify the

Generation of Urban Transportation Models and
change the current paradigm?

Greater Good: Optimize the whole, not an individual!

1@27/20|l|i|- School of Engineering Ford-MIT Alliance Executive Committee Meeting 6



TRANSPORTATION
RESEARCH BOARD

OF THE NATIONAL ACADEMIES

About TRB Annual Meeting Calendar Committees & Panels Programs Projects Publications Resources & Databases

NCHRP 08-95 [Active]

Cell Phone Location Data for Travel Behavior Analysis

Project Data

Funds: $250,000

Staff Responsibility: Lawrence D. Goldstein
Research Agency: Cambridge Systematics Inc,/MIT
Principal Investigator: Kimon Proussaloglou

Effective Date: 5/30/2014

Completion Date: 3/1/2016

Comments: Research in progress

The objectives of this research are to: (1) evaluate the extent to which cell phone location data and associated products accurately depict travel and (2)
model travel patterns and behavior. The results will be used primarily by transportation planners, travel modelers, and travel survey practitioners.

This will a review work of all our methods, to be published in 2016.
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Our Work

 How do people move around the city?
= Individual Trip Profiles
= Contextual Mobility Patterns
= Probabilistic Dynamic Model of City Traffic

 How do we optimize solutions?
= Portable platform
= “Routing” Test Case

Mobile Data is the next frontier, in which people and spaces are connected in time!

8 I'Iir School of Engineering Ford-MIT Alliance Executive Committee Meeting 8



Overview

Information and Communication '
Technologies 5 l
(ICT) Discrete Data : RS
b

Validated Models of Urban Traffic Optimization:

Inference of
Routing Applications

daily Journeys

1.1%
04% 0.5%0.4%0.1% 0.4%

. ' %) :v\ :‘ ™ "'.éi ‘: ‘/,-
0.1% i peripheral
From discrete data to social benefits
9
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What are we using Travel Model for?

We have developed a portable pipeline to generate urban demand
models from mobile phone data and we are interested now

in its applications for better cities.

Examples of current projects:

1-WithinBlocks: Building Occupancy Models for Energy Modeling

2- Metro: Helping to plan the first metro in Riyadh

3- Planning for Electric Vehicles in the Bay Area

4- Understanding Travel time Reliability

5- Understanding Air quality in Bejing integrating AQ Sensors and a
Traffic Model

6-Distributing Travel Demand during the Olympic Games

10 |Whr School of Engineering Marta C. Gonzalez
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Doctoral Students

Masters Students
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Spatiotemporal Mapping of Mobile Phone for Urban
Demand Modeling

Tl Portable Platform
of Urban Traffic

Individual Trajectories | |Models of Vehicle Demand|

-Multiplicatice Cascades Traffic Assignment
-Ranking ' -Add Data on Speeds Reads
-Preferential Return Validation vs. Existing Models

-Markov Model (Activs. Burts) -Dimesionless Parameter

! )

p—

Parsing On-line
>
2. _g _ Road Networks
42 |28 > o
ea-—)'w§"'¢a+ Xpansion
> % = = Factors
3 Q =
A -+

Geographic

Boundaries

1

Raw Mobile Phone Data
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Overarching Goal

How to extract human daily activities (e.g., types, sequences, and chains)
from these massive, passive and noisy Big Data that are comparable to travel
demand models from travel surveys? and asses the role of Social Routing?

Legend

Activity Density (7 a.m. - 10 a.m.)
I 49,000 - 100,000

[ 110,000 - 200,000
[ 210,000 - 300,000
[ 310,000 - 500,000
[1510,000 - 700,000
["1710,000 - 1,000,000
[ 1,100,000 - 1,500,000
[ 1,600,000 - 3,000,000
I 3,100,000 - 12,000,000

1.9 million total users observed in Human Activity Density 4 P.M.-7 P.M.
the 2 months, in Boston 2010.

14 |||i|- School of Engineering



Raw Data Description

Traces of People — Where and When

WIRELESS NETWORK
OPERATORS

E Signag ANONYMIZING

AirSage Wireless Signal
Extraction (WISE) Technology Platform

g o C

o Awr FuEn

Reference: http://www.airsage.com/Technology/How-it-works/

15 I"lir School of Engineering

e 800 million of historical location
records for 1 million anonymous
individuals who use phones in the
Boston metropolitan area

* Data for one anonymous user:

Longitude Latitude Time
-71.059998 42.356132 1266513700
-71.059730 42.356391 1266513800
-71.063884 42.355315 1266513900
-71.063884 42.355315 1266514200

e Estimation precision error:

~ 300 meter



Detailed Results Paper 1
Modeling Individual Trajectories

Data Sources
— 2 millions of individual phone users in Boston
(For purchase nationwide in AirSage.com)

— 14 Months of self-collected complete mobile
phone data of 1 Student.

Goal

Model Individual Trajectories
(resolution 10min and 300mts radius)

16 Wil School of Engineering Marta C. Gonzalez
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Stay extraction

How to detect a stay?

e Consecutive records within a circle of certain radius (300m)

* The time interval between the first/last record is larger than certain
threshold (10min)

cell record

stay point

p7

&
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Stay region extraction

From stay to stay region

 Stay Region: stays from different trajectories might
represent the same location

* Interchangeable with “location”

cell record

stay point

"

19 I"lirr  School of Engineering



Stay region extraction

How to get stay regions?
* Grid based clustering

* Divide the entire area into a grid

* Merge stays in neighboring grid cells

cell record

stay point

&

20 I"lirr School of Engineering



Stay Extraction
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Stay Extraction
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Measuring Individual Activities:
Home, Work, and Other

*A phone user’s “home” is defined as
— the most frequently region during nights of weekdays & days of weekends

— over the study period
— Night time: a parameter (e.g., from 7 pm to 7 am)

A phone user’s “work” is defined as

— the most frequently stay region working hours of the weekday

A phone user’s “other” is defined as the rest

23 |||||- School of Engineering
72



Stay Extraction

L L A »

Same user can re-locate by rechecking the criteria periodically

24
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Sparse vs. Active Users

Stays of Sparse User  vs. Daily Journeys of Active User

Monda Frida Wednesda
L Ll L e —
30

0 15 0 4 8 12 16 20 240 4 8 12 16 20 240 4 8 12 16 20 24
(days)

Medford

East Arlington o

O Somerville

East Watertown
A CAMBRIDG#
Alistdn 2
Brighton - Back Bay
o 30
| t {
0 4.5 9 KMI

Reconstructing daily journeys is easier for active users.

2527.20Qf]§jI”  School of Engineering Ford-MIT Alliance Executive Committee Meeting 25



Distribution of Phone Records per individual

A

Group Il >> Sparse users 5

Group Illl and IV >> Representative
Active Users 10

107 i
S (I ||\
10-6 R RTINS MU T 11;11111 !
w10 10t 10 1t 10
N
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We can learn from the behavior of active users to
effectively model sparse users?

1. What is the likelihood of a trip to occur at
different times of the days?

2. How long do they stay in flexible activities?

3. What is the like-hood to visit new Locations?

4. How do they select them?

5. How many trips | likely do per week?

27  IWir School of Engineering Marta C. Gonzalez



Explore vs. Return

Like hood to be found in the

most visited Location by time

of the day
B .
—BAY
0.9+ —BOS
08+
=
0.7¢
06+
05

A A A A i A J
Mon Tue Wed Thr Fn Sat Sun
Time (1)

Wang, Pu, et al.
"Understanding road
usage patterns in urban
areas." Scientific reports 2
(2012).
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Empirical data

Number of
Locations by Time
od the Day

Probability of Exploring
having S locations

1
00 Day Year 0

¢ Week Month ar 10

o« = 32km
4 rg=64km
v rg=128km

rg=256km )

-OData
- P

new

—

1 10 100 1000 10,000

(S)=Ps’”
p=0.6 y=0.21

'l

t(h) -1
16'

Song, Chaoming, et al.
"Modelling the scaling
properties of human
mobility."Nature Physics
6.10 (2010): 818-823.

10’

S
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Ranking of POls to select New Destination

Probability (Rank)

E 1x10:
* 2x10
* 3x10°
4x10°
5x10° .
6x10 - 7x10
8x10°-10x10°
11 x10°-15x10°
+16x10°-28 x 10°
29 x10°-32x10°

0
10" 10° 10° 10" 10°
Rank of destination, k
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What is the probability of departing from
home to do a flexible activity at time t?

0.015 l : , ] ; 0.25
Non Commuters
P,(0 > 02 [ wezom03
001} 3 Al
) / 1[N
a 0.15 IS
z JfithN
0.005 | 1 &
S 0.1} \ :
Qo
o
0 o 0.05 I )
0 am 6am 10am 2pm  6pm 0 am
Time of Day (t) 00 5 10 15 20
. . . nw
Fraction of Total Trips per time step

Weekly trips from home

P.(t)=n' P,(t)

30 I"lir School of Engineering



Time independent Markov Model

P(t) = n P (1)

Pl = 1— P(t) Moving from “home”
Po=1-p1P (t) Moving from “other”
P_B — 61 P(t)ﬁgp(t) Moving from “other” to “other”

/3)1 Generates shorter stays in the flexible location state.

/))2 Generate Different number of activities in a row per active cycle
31 IWlil’ School of Engineering



Measure the 3 key features from Active
Users

32 I"lir School of Engineering



The Model

Features Extracted from data of Active Users
Global Trip prob.  |ndividual Mobility Rates ~ Preferential Return  Ranking of Explorations

=3
Pd(()gls Non Commuters Cc 101 d 10 ; ) I '
001 (l,\) P(k) &_)db
0.005 g 0 f— 10-4 ]
< 10 W
l -
0 —
0 am 6am 10am 2pm 6pm m (7)) - =5 L _086
Time ofDapy t ! "E : Sz: 10 3 - k
o g . I OData
. 1. 1.0 P 100 1(]_6 wl ul ul
# distinct locations visited, S 101 102 103 104 105
FIOWCha rt Of the MOdel Rank of destination, k

Other
(I1)

Explore?

Choose to move?

Other
(P(k))

No

Other
(11)

Other
(P(k))

At home?

No\ Choose to move?

1 g pe) O
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Models Results

Monda Friday Wednesday
i ER

0 4 8 12 16 20 240 4 8 12 16 20 240 4 8 12 16 20 24

(hours) (hours) (hours)
Malden 0, Malden Malden
Medford Medfordo. % Medfordo'1% OStay fOI’ the day (Home)
! 0.4% 3% 0.3% L ! 04
East Arlington 00'8% 0'4%) ’ East Arlington s %) East Arlington 0.1% 0.8% 0.1%) 0.1%
9.4%42.1 9.6 Stay for the day (Work)
; 41.5% z @ Stay for the day (Other 1)
East Wa/t?/'\\iv_v\n East'Wat \g\n 3.6% East Wa/l??(# o © Stay for the day (Other 2)
" Aston Ve L/ Aiston \ : #= OD link for the day
Brighton Brighton o Brightop—=23 Previously visited stays
4 /] /]
1.1% . s 6% 3%y 156 0.1% 0.2%
N e T Y A AL Chestnut Hill o o0 o_3%0.3°‘ I e = 01,65
I ' | I ' 1 I |
0 5 10 KM 0 5 10 KM 0 5

Modeled Trajectories of our Student
and see the results (only home and work data used)
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Individual Mobility Patterns

Student vs. his synthetic version

x 1073
10° 6
a,o b
P(N) ; °"g P(At)4 . > Data

10 o -

a o Simu

o o
102 o Data OOZ 2 aan
o Simu o “84 9B8
10'3 0 B.oge-0
0 2 4 6 810 10" 10 10* 10t
Daily visited locations, N Stay duration, At [min]
f(L1)00£c° P(Ar)o'8 d
o Data
: 0.6
o o Simu
Q
102 %‘% o4 | = Data
% 0.2 o Simu
- 0
10° 10 107 0 5 10
[" most visited location Trip distancee, Ar [km]
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Models Results

— ?plarlse Rlaw Data — ﬂ1=4| B,=23 avg(N)=3.3 ﬁ.1=10 Bz;;3 avg(N)=4.7
MOdeIEd 0 15 300 4 8 12 16 20 240 4 8 12 16 20 24
. . (days) (hours) (hours)
Trajectories
F r O m S a r S e D a t a ) Medford Hillside Mem::”mgm 14% 1% . mmi'ord g O Stay for the day (Home)
p East Arlington @ u g 4.2% East Arling[on1.1% -1 1:/;1 %o @ Other 1
Of Sa m p | e U Se r. O Somerville - e Eas;féu/:glon 2-1':05.8% WAH:M 1.1%1'21;/; 1./;Somervnlle%~ : g::::§
i 22% 27 X v
(previous locations == e sy T B S Rt e OD link for the day
— Allstin A i W ey SsSS A“S‘é% i Previously visited stays
righton !a’c/ a Carceocy ' Brighton 4 494 A ‘ ack Ba
u S e d ) < o e Moumézgrquef\(u g6.6% : b Vi"azc Previously visited OD links
c A.M-%? DG EEasl Cambridge 1.1% z
; + { | + 1 F + 1
0 4.5 9KMO 25 5 KM 0 4.5 9 KM

3

1

o)

o

S
L

L

 AANIBRAAL/S
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B P1 Simu |
[ P2 Data

[ P2 Simm
[T1P3 Data
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‘ﬂ Lm 'nI gn N
6 7 8 9 10
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Models Results

Home

Other
® En route

The combined algorithm

Input:
P(£). p.¥. . By. Bz, the home location and the set of other locations
Output:

i rand <oy 7y /Choose a previously unvisited location

Choose rank k location with probabiity p(k) = 7=

se
Choose a previously visited location k with p(k) = £(k):
fl) ++:
end if

else
if rand < B,p(t) //decide to move
if rand < B,p(t) //go to a place
i rand < ——y B /IChoose a previously unvisited location
TR T
.

Choose rank k location with probability p(k) = —s——:

T
S++
else
Choose a previously visited location k with p(k)~f (k):
FU)++:
end if
else //go home
1= home;
end if
end if
end if
t++
end while

37 |||||- School of Engineering

Aggregated Results Boston Trajectories
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Are Active users Representative?

7
10 ¢ 7
-(a) ///é
6 /]
. 105 @ -
n§T1o‘% ]
w10 § 0.2t
8 10 ; .
10" - Scaled CDR)| =019
1 005 |~ RawCDR | el
10 10 10 10 10 10 10 10 011
CDR Residents '
L R
(b) Ve _
" 106f_ n V/,/ —E 0.05
8 105;_ ) 5 // ] Tract ﬁtt:zl‘llr;g Factor|
%_ 4§ M I AT 0 , PN P 10to25
£10% 0 50 100 150 200 250 | mezis
§ 10° 3 Expansion factor, f I 100 and above
o 2§
%10 4 )
10’y - Scaled CDR
1005/1/ ul muul il Raw CDR _—
10 10 10 10 10 10 10 107
CDR Workplaces
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Comparison with Traditional Models

106§ IIlIIIII| T T TTTTT] T TTTTIT I\I\IIH» T T TTTT \IIHI:
e () 1 (0 ()
3107 y
TR 1
= F 5 ’
&10¢ S
5 10F . E
= Py > ]
= 0% A 3
& 13" S = |
B 10 === ) - Inter-towrg
o - Intra-towny
10 IIlIIIII| \\IlHIIl II\IIIH‘ I\I\Illfl WIIIHII| Lol

10° 10' 10° _10° 10" 10° 10°
CDR HW Town-pair Flows

HW Town-pair Flows —— 5000 to 7,500
1,000 t0 2,500 ——7,500t010,000 I ——
—=2,50010 5,000 ——10,000and above 10,000 5,000 2,500

Contents lists available at ScienceDirect

Transportation Research Part C 3

ELSEVIER journal homepage: www.elsevier.com/locate/trc

Origin-destination trips by purpose and time of day inferred @ CrossMark
from mobile phone data

Lauren Alexander **, Shan Jiang®, Mikel Murga®, Marta C. Gonzalez *

39 Illil- School of Engineering of Givil and Envi Institute of Cambridge, MA, United States

® Department of Urban Studies and Planning, Massachusetts Institute of Technology, Cambridge, MA, United States




volume over capacity (VOC) == 0.00-0.25 0.25-0.75 0.75-125 w==>1.25

Contents lists available at ScienceDirect
Transportation Research Part C

journal homepage: www.elsevier.com/locate/trc

The path most traveled: Travel demand estimation using big
data resources

Jameson L. Toole ', Serdar Colak ®*', Bradley Sturt?, Lauren P. Alexander °, Alexandre Evsukoff©,
Marta C. Gonzalez *°
* Engineering Systems Division, MIT, Cambridge, MA 02139, United States

® Department of Civil and Environmental Engineering, MIT, Cambridge, MA 02139, United States
© COPPE/Federal University of Rio de Janeiro, Brazil




Commuting Distance

(a)
1071
= , | —= tioru =160 =12, KS =0.049
1077 bay: u =2.1,0 =09, KS =0.023
—=— bos: u =17, 6 =1.1, KS =0.028
+— lis: u =2.0, ¢ =0.9, KS =0.021
—— por: u =16, =0.7, KS =0.018
1073

100 | | - Il(l)l
straight-line distance, d, kms
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Route Assighment

1. Road networks from OpenStreetMap
data.

2. Algorithm B, implements equilibration
on a directed acyclic graph (DAG).

3. Keep track of where flow is sent two
and from.

D _o,dtoddod
ZeeE LeVe

rg=1

?

where t,4 and d,; represent the demand and the travel time between an origin and a destination, and £, and v,

represent the travel time and the volume on a road segment e.

This ensures that all drivers in the system are in fact taking the shortest possible routes,

42 I"Nlir  School of Engineering 42



Assighed volumes are converted to link
travel times using a standard BPR function

f;io — f’l;oston — f;fbay — 1.3 and f;l;“bon — fl;;orto =1.1.

S 1 | | | | | | L 1 | |
fBPR(VoC, fp) = tr + (1+ a(VoC)®) * f,
4
a=06and =4
=
% 2
&
1
0

00 02 o04 06 08 10 12 14 16
VoC, volume/ capacity
Note: The results of validated travel time at the level of routes act as a validation
of the OD flows and show an application of the urban mobility platform to compare
cities and the cause of their congestion.
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Validation of CDR OD assighment

@ A

50 " .
40 4
¥ $25
20

15 |

10 4

" —073] i 5. - pec=073
0 0 / 0
0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 5 10 15 20 25 30 35 40 45
google maps google maps google maps

- google

T user oy

0 10 20 30 40 50 6 0 5 10 15 20 25 30 35 40 0 10 20 30 40 50 60
google maps google maps conunuting time, mins




Free Traffic Speed Comparison

(b)

....................

0 10 20

Free traffic speed, v; [km/h]
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Traffic Speed Comparison
(b)

0 10 20 30 40 50 60 70 80
free and tratfic speeds, vy, v, km /hr
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Commuting Time

1+
t(d)=d ( ) +p
(c) vV
100 | | !
— 110:2.0d+ 297, =19
» 80 — bay:18d- 0.19,a=1.8
& — bos:1.6d+ 2.76, a=1.2
& 0l — lis: 1.6d+ 194, a=1.5
GEJ por:13d+ 149,a=13 X
= 40
0
>
©
= )0 -

0 10 20 30
route distance, d, kms
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% Time Lost vs. Pop. Density

(d)
100 | | | | (e)
R? =0.32 100 —
%0 . 0 0 ) I R2 =038

c . . . ’ 801

8 g

2 60- Z 60 E

o0 o)

o = [ |

© 40 - S 404 -

\..c S ° B

20 i oe ° . 20 _ _
. ) Mrio Mbay Mbos Mlis por
Mrio Mbay Mbos Mlis Mpor ®SF&S] - TomTom 0 . . : : :
0 : , . , 0.10 0.15 0.20 0.25 0.30 0.35 0.40
0 2000 4000 6000 8000 10000 demand to supply ratio, T
Population Density, ths / km?
I = ZQGE le.Te
Zme>0,e€E leCe
X, #Carsintheroadlinke
/e Road link length in miles
C. Capacity in the road link [cars/miles]
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Smart-app (routing)

Modifications on the level of altruism:

Cé (xe) = (1 =A4)te(xe) + 4 d [xete(Xe)]

dx,

!

7\,=[(), , 1] User Equilibrium T

t Social Optimun
componen component
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@)

San Francisgb

Origin

PINE ST

FULTON ST

18TH ST

AMH V349

SO Route

A=1 siLver N

25 mins
UE Route
A=0
20 mins

ar 7 =
Optional Route
cin=02 Wi
22 mins

South SangFrancisco
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A=0.3 is a good compromise
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Next steps: Travel Time Reliability

CDR Boston + TomTom Speed reads

CDR Rio de Janeiro + Waze Data
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Recommendations for the new
Riyadh Metro System (METRO)

53

Methodology for optimizing
catchment zones based on
potential demand of the new
metro system and to support
the design of the bus system.

Scenario analysis of various
travel time outputs from
diverse coupling mechanisms
of the road vehicle trips (cars
and buses) with the metro
system.
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APPROACH

€ Coupled Networks approach: A small Sow‘ceio

network 2 (metro) is coupled with the
larger network 1 (road network). We will
explore various coupling mechanisms that
result in the best performance in terms of
travel times for existing conditions of OD
demand and travel times.

Network 1

%ﬁé’—

Network 2
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Current Application: Help Distribute Demand
in the Rio Olympic Games
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Overview of research

e Working at the intersection statistical physics and machine
learning methods to generate urban transportation models. That
intersection enables the generation of knowledge from data that
cannot be extracted from one discipline alone.

* Current models of travel demand are based in Census and Activity
Surveys which get outdated and are expensive and limited in size.
While massive digital traces (phone usage, on-line activities, GPS
records) are passively generated geo-located signals of human
activities. But these signals are sparse and incomplete.

 We can convert raw data into surveyless models of trip diaries,
urban traffic and social behavior at urban scale. This is key for
urban and transportation planning.
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Implementation Approach

1 il el

Stage 1: Strategy Stage 2: Pilot  Stage 3: Expand

* Publish research + Solicit proposals ¢ Advertise

approach * Select host city findings

* |ncentives * Conduct Pilot * Implement

* Success Smart Commute
* Form in cities

partnerships nationwide

* Secure funding
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