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Individuals’ Movement in Urban Environment

< Human Mobility and Accessibility

Movement Types
Non-recurrent Recurrent
= Local Residential Mobility Commuting
é Lon
2 “ONG Migration Seasonal Work
distance

Sustainable Mobility . icer 2008

- individual schedule

- accessibility to destinations

- multimodal
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Individuals’ Movement in Urban Environment

¢+ Data Collection - Travel Survey

Rich in
contents

Mode of
Transportation

No. of People Start & End
Traveling Time

Retrospective

Example Travel Day Trips “Non-spatial”

Trip 1: Drop off kids at Lake Hills
Elementary School

Trip 2: Drive to work DENTIST _
Trip 3: Walk across street to Chase Bank l.l ; al‘f@ ©)~
Trip 4: Walk back to work 4§
Trip 5: Carpool with coworker to Panera Bread
Trip 6: Carpool with coworker back to work

Trip 7: Pick up kids at Lake Hills Elementary School
Trip 8: Go with kids to Dentist

Trip 9: Drive with kids to home

Trip 10: Walk dog to Park

Trip 11: Walk home from Park

WORK X

|lcom-m

BANK

National Household
Travel Survey

Granh Source Understanding How People Get from
i Place to Place
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https://www.psrc.org/household-travel-survey-program

Individuals’ Movement in Urban Environment

¢ Data Collection - Location-Aware Technologies

" } ELECTRIC
SCOOTER

MARKET

Massive but Thin
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https://www.gps4us.com/news/post/Innovative-user-interface-adds-value-to-wearable-devices-integration-with-location-aware-online-portals-20111220.aspx
http://www.tomtom.com/landing_pages/launch/
https://buy.garmin.com/en-US/US/into-sports/running/forerunner-630/prod516105.html
https://www.cbsnews.com/news/wearable-gps-tracking-for-children-to-ease-parents-minds/
https://www.technologyreview.com/the-download/611970/uber-is-jumping-into-the-scooter-wars/

Individuals’ Movement in Urban Environment

¢ Data Collection - Smartphone-based Survey Apps

Dynamica
v' user profile bovaonm 9T 904 17 @n 9% @904
Calendar APR-30 TODAY = APR-30 TODAY =
v t”p purpose Q) Eatout 12:20 PM
/ travel mode Wait - \Na‘lk """"""
@ Leisure and recreation  01:25 PM oy .
® /3 DINERBN
v’ schematic attributes | @ wak a4 \
17g) :
- emotion status @ Home 02:25 PM m@ | “‘g ﬁ
\ ‘GA:-(;‘;’:: :\kr: WIN‘ESOD
- trip Satisfaction ¢ Walk - Bus - Walk 02:34 PM = e
- estimated costs O Work 02:45 PM e, RGN
bk A . =
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“* An object-oriented framework

1. Data Management
1.1 Conceptual data representations

1.2 Logical data structures

2. Data Analysis

2.1 Partonomy & Taxonomy
2.2 Approaches

- Statistics

- Data Mining
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1.1 Conceptual: Data Representation

“* Pyramid Framework

| OBJECT - person

Knowledge
Component

Data
Component

LOCATION TIME
- Coordinates - Timestamp
- Activity/Trip Types - Duration

- Sequence

Mennis et al. 2000
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1.1 Conceptual: Data Representation

¢+ Data Component

Lagrangian: GPS-based tracking data

Location a spatial location
Time a timestamp

Theme mobility status (e.g. odometer, speed, energy level...)
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1.1 Conceptual: Data Representation

¢+ Data Component

Eulerian: Smartphone-based activity survey

Location an activity or a trip
Time the duration of the activity or trip

Theme experience (e.g. emotion status, trip routes, costs, ...)
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1.1 Conceptual: Data Representation

* Relationship

--------
----------
...
.,
"y
L]

....................................... | Q Work
?Home “““““““““ &
e
®towre

................ 5 5
““““““““ & 3 ; 1+16 @)

(3 .........................

i i+1
t.:tart € (ti: ti+1] lend € (fj’ tj+1] - Closest one

Y - Interpolated

(trip ID, trip type, {schematic}, {(x,y,t)})
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1.1 Logical: Data Structure

¢ Objects, Attributes and Behaviors (selected)

Individual Schedule Activity /Trip (A/T)
- Individual ID M | Schedule ID . - A/TID
- Profile ID (FK) : - Individual ID (FK) ¢1_M¢ A/T type ID (FK)
- Schedule ID - list {A/T ID (FK)} - {schematic attribute}
- {xy 9}
- pre A/TID
- nextA/TID
Tl:l
S
Profile A/T types
- Profile ID - A/T Type ID
- Profile dict - Activity type dict
- Trip type dict

? T1
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2.1 Taxonomy & Partonomy

“* Knowledge Component

Data
S
S
@)
S

&
3 A
3
o
2 g
(@)
S
K

Lagrangian
GPS-based tracking data

space-time locations

stops and moves

* movement trajectories

space-time trajectories,
each with a sequence of tuple
{(x,y,t, {status})}

Eulerian

Smartphone-based activity survey

e activities and their locations
e trips and their travel modes

* individuals with trips and activities

Individual participants,
each with an ordered series of tuple
{(activity /trip, start t, end t, {schematic})}
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2.1 Taxonomy & Partonomy

“* Mobility Patterns

1. Movement parameters

Activity/Trip (A/T)
- {schematic attribute}

- {xy 9]

- Individual group
- Schedule feature
- Activity/Trip type

M UNIVERSITY OF MINNESOTA
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Movement patterns

Generic patterns

Behavioral patterns

Primitive patterns

Compound patterns

Spatial

Codocation
[ in space
Ordered
Order-
irrelevant

Symmetrical

— Concentration

Spatio-temporal

L Incidents
= Concurrence

Codncidence in
space and time

Full
4";']?‘:‘

| Opposition

L Dispersion
_(Constancy

| Spatio-termpaoral
sequence

| Spatio-temporal
periodicity
—Meet

b= Fixed

= Yarying

— Mowving cluster

. Fixad

L Varying

Temporal

Temporal
SECUENCE

| Temporal
periodicity

| Temporal
relations

L_Synchronization

Full

Lagged

Spatio-temporal
| solated MPO

L Symmetry

|_Repetition

| _Propagation

|_Encounter breakup

| Trend! fluctuation

| Trend-setting

| Convergence/ divergence

L Pursuity evasion
|_Fighting

b Courtship

L Flay

L Flock
|_Leadership
|_Foraging

| Parental protection
I Migration

L Congestion

| Saccade/ Fixation

L Loner

L_Hot spots
|
|
I

Dodge et al. 2008



2.1 Taxonomy & Partonomy

“* Mobility Patterns

2. Individual Schedule

Schedule

- AJTID list

Activity /Trip (A/T)

- A/T type ID
pre A/T ID
next A/T ID

{0}

{schematic attribute}

Schedule Tours Trips
Space Space Space
W
W W
S ...-"‘"W
S H S
H H— S
D y 0 H—D
H
Time Time Time
~ H:Home W:Work  S:Shop  D:Dinnerour

Ben-Akava (MIT courses)
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2.2 Approaches

Data Mining

Explorative - Dig out the data first, discover
novel patterns and then make theories.

Involves Data Cleaning

Usually involves working with large datasets.

Makes generous use of heuristics think

Inductive process

Numeric and Non-Numeric Data

Less concerned about data collection.

Statistics

Confirmative - Provide theory first and then
test it using various statistical tools.

Statistical methods applied on Clean Data
Usually involves working with small datasets.
There is no scope for heuristics think.

Deductive (Does not involve making any
predictions)

Mumeric Data

More concerned about data collection.

https://www.dezyre.com/article/data-mining-vs-statistics-vs-machine-learning/349
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2.2 Approaches

MACHINE LEARNING

1. Statistics

- quantifies data from sample

- estimates population behavior SUPERVISED UNSUPERVISED
LEARNING LEARNING
2. Data mining
- finds out pattern in data - N N N
CLASSIFICATION REGRESSION CLUSTERING
\ J - / p. J
3- MaChlne learnlng ( Support Vector i Linear Regression, ) i K-Means, K-Medoids )
Machines GLM Fuzzy C-Means
. s \ /A J \.
- learns from training data T Y N )
D'ZC,::,T),T;?"' SVR, GPR Hierarchical
- predicts or estimates future = .- e 2 4
Naive Bayes Ensemble Methods Gaussian Mixture
- J - J . J
'a > S B :
Nearest Neighbor Decision Trees H:ddheAt;g::?rkov
\. J J S J
e N N N
Neural Networks Neural Networks Neural Networks
- =/ S\ J \ J

Bhattacharjee: https://medium.com/technology-nineleaps/popular-machine-learning-algorithms-a574e3835ebb
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Example Study: subjective wellbeing

d 0=
el
S ERYD i
JOK I

The Currency of Life

=1 Economics time use, goods, and utility
© Psychology subjective well- being

& Measure U-Index a misery index of sorts
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0. Data and Study Area

* Twin Cities Metro Area

373 users

* 1 week period

« 25,699 activities/trips

* 6 emotions, level 1-7

A8

Happy
Meaningful

Sad
Tired
Stressful
Painful

UNIVERSITY OF MINNESOTA
Driven to Discover

Monticello--Big Lake, MN £ River MN

St. Michael, MW A,
pory oy

Buffalo, MN

4

Delano--Rockford, MN

HENNEPIN

Lake
Minnetonka

CARVER

08d Youpg_America, MN

SCOTT

e Plaine, MN

- A
4N
<€ /)/’\
N\
Ty

Lindstrom--Chisago City, MN

FoJaét Lake; MN ?

ANOKA ’) 2
< \=
> (:‘
e} -7 )
| S I 1 - New Richmond, \
2 h 1| o 5
: { = /":?
/ | 7 [ ¥ «
R AMSEX , : Stnllwétgr.\ MN
- /
= )
| Z Hudson, WI
! SAINT PAUL | !
o
5
( -
BLOOMINGTO / \ River Falls, WI
N . //
2 { X
{35 4 -
T o
- /(‘/ Ve, (C
77 Ny 2
DAKOTA | ¥, e
2, pe
(& 9

@
¢ _Red Wing, MN

<
ahiion Falls, MN
T Northfield,

||- 2019 AAG Annual Meeting @ Washington I).C.-” yingsong@umn.edu




1.1 Data Representation

SU7aN

Calendar APR - 30

@i Eat out
® 5n

8 Wait - Walk

@ Leisure and recreation
[ ]

Walk

LA

TODAY

12:20 PM

01:25PM

02:18 PM

i 9:04

9+ 904

APR-30 TODAY

Bierman Field/

: ‘I v 2
LAWY, .
g > wqurskl
-~ A NCF Bank Stadi
35V > .
¢ & O

Activity Type

Trip Type

Home Car

Work Bus

Education Rail

Personal business Shuttle

Shop In vehicle

Eat out Walk,

Leisure/Recreation Bike

Other/Unknown Wait
Other/Unknown

Schematic Attributes 6 emotions

Happy Sad
Tired

Meaningful

Stressful
Painful

® . 11
02:25 PM 35 ‘ AN
@ rome 76 he "H’d&'le‘Ra"_—-J m\_-ﬁ
¢ . T Artiuseum University of Minnesota
P 2. L
Walk - Bus - Walk 02:34 PM S (f}_ A%
™ 1 Eul
) Work 02:45 PM e, 2
P R {52}
[ ] I “ "‘““"ﬁ’ q
& €S 1 0O €9
L) [ = © (- =

GPS tracking data (3 second)
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(7 levels of strength; average by activity/trip)
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1.2 Data Structure

Double-linked list

[activity/trip]
- a tuple of values

LBl =

.aluple =

LnextNode = Hone
[activity sequence]
- ordered linked list

[activity types]

[user]
- with activity list

=None, =None) :
and isinatance | ; Orderedfctlist):
AID =
.actlist =
elif not
raise ValueError ("input us
elae:
raise TypeError("input activity 13

- ‘
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2.1 Analysis - Visual Exploration

1. Emotion status across time

- Sl
.: - - ™ .-—. - - b - - e
- 4 e —a- 200 8 - L 2] - L _ L ]
Stressful L. Sy Dt | . - » i 4 LI
- - .
Sad
-e
Painfl,” .—rﬂ. o -:n—:.l—o:‘:—.n—o - e
- - -_— a8 ‘-_.‘—Il -am e
- ':?- H-I.- [ ] *—08 m.—l L N R g - e T
-e L] - L] - e [ ] - - - [ N ] —d e
Meaningful ° ! - =t . R e T T e

https://plot.ly/~AliSonq7/84.embed
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https://plot.ly/~AliSong7/84.embed

2.1 Analysis - Visual Exploration

2. Emotion status by activity and mode

Mean & Variations

Happy

meo B o B8 e pM B gy pe B4 Bn omn B B o B
&méﬁﬁﬁiiﬁﬁiﬁiééil

ww#?!##?#%%é#ﬁﬁ@

Fa

O, %) 2 < A
’i’ﬂ (&‘% % ‘?’:o G'EF %, % o, {‘f— % % % e % % %
% 7 o T, K
C D.-g, ¢ qf{qh

https://plot.ly/~AliSonq7/86.embed
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2.1 Analysis - Visual Exploration

3. Transition matrix for emotion changes hitps://plot.ly/~AliSong7/92.embed
14

13

12 Intensify +
11 |

10
09

Abate -

Biking after school
e make you happy

INIVERS g Vi SOT? . _ . .
M UNIVERSITY OF MINNESOTA |F 2019 AAG Annual Meeting @ Washington D.C.{ yingsong@umn.edu
. Driven to Discover =



https://plot.ly/~AliSong7/92.embed

2.2 Analysis - time series ana

(1) Step Patterns - Markov models

T T R -

. . . g H P
- Continuous-time semi-Markov gt

jump rate & holding times

- Hidden Markov chain

emotions & activities and modes

(2) Sequential Patterns - Path alignment and clusterin

- - hd s H o *

S y
- One-dimension B £ :
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RLAOSULS0 TKNSNTILIGNLEGFPADKD 80
RLAO_RERPE MSYVSLVGQMYKREKPTI X BeEFv ¥PMMVARKRIT 86
RLAO PYRAE -MMLA " YVFLEDLHGLS §R TLHE ¥RYRLERY-GVTRTTRPELFK TAFTKY 85
a a a RLAO METAC IPQWRKDE IENIKEL T VEGMVGTEGILATKMEK IRRD LDV - AVLKY] Emnom 78
RLAO_METMA — VE V- AVLKY! RALNQLG - 78
- Multidimension e o D o -
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