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Multimodal Trafikledning (MMTL)

 Fyrstegsprincipen 1 kombination med urbanisering gor att trafiksystem ofta hanteras
pa gransen av sin kapacitet

- Sma forandringar i utbud kan {3 stor effekt pa systemets prestanda och stor
samhallsekonomisk paverkan

— Viktigt med bra beslutsunderlag och analysverktyg for ledning och styrning
« Malet pa sikt ar att kunna utvardera och folja upp atgardsplaner i realtid

Overgripande projektmal Fragestallningar kopplat till incidenthantering

e Battre forstaelse for multimodala resmonster e Hur kan vi prediktera trafiktillstandet vid

 Nya metoder for att skatta och prediktera incidenter (inklusive effekter fran rutt- och
multimodal efterfragan fardmedelsval)?

* Nya metoder for att prediktera rutt- och e Vilka trafikstrommar ar mest paverkade av
fairdmedelsval incidenten (och paverkar incidenten mest)?

e |dentifiera synergier och utmaningar med e Vilka multimodala omledningsalternativ ar
multimodal trafikledning tillgangliga for dessa trafikstrommar?

e Hur paverkar omledningen framtida
trafiktillstand?
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Vad innebar multimodal trafikledning?

 Trafikledning

— Wikipedia (2022): ‘quiding travelers to avoid incidents, road work and
congestion for traffic safety”

— Meng et al. (2018): "Integrated traveller information, as provided by traffic
control centres, serves to assist travellers to plan their trips better”

— Semanjski och Gautama (2018): “Traffic management in urban areas
includes management of motorized vehicles, public transport, pedestrians,
bicyclists and other flows and aims to provide safe, orderly and efficient
movement of persons and goods, as well as efficient interaction between
different transportation modes”

e Multimodal trafikledning
— Varierande innebord i litteraturen

— Fokus i projektet: integrerad trafikledning for personresor med vag- och
kollektivtrafik

— Intressanta tillagg: gods, icke-motoriserade fardmedel
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Oversikt av projektets delomraden

Explorativ analys av Datadriven rutt- och
multimodal data fardmedelsmodellering

Skattning av Scenarioutvardering
multimodal efterfragan och analys
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Presenter Notes
Presentation Notes
Vi kommer främst använda de tre översta data-källorna: GPS data från vägtrafik (ca 600 000 resor), kollektivtrafikdata från biljett-korten och mobilnätsdata, men vi har också data från trängselskattportalerna och fordonsräkning från diverse sensorer. 
Väder och olycksstatistik finns också

GPS-data: 
Vi har en månads resedata från Stockholm (insamlat av INRIX)
Datasetet består av 450 000 resor
Varje resa byggs upp av en sekvens av observationer med position och tidsstämpel


Datadriven ruttvalsmodellering
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Datadriven ruttvalsmodellering

Long OD

« Ruttval for trafikledning 1o |
— Prediktering trafiktillstand
— Skattning av OD

moutes

— Riktad trafikantinformation .
* Detaljerad GPS-data anvands for att estimera
en Logit-baserad diskret valmodel P
— Vilka rutter finns att valja pa? N
— Vilka attribut paverkar ruttvalet? )\ s
- Restid, reslangd, kapacitet, antal svingar, antal ~ &e. SO 4
trafikljus...
&
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Presenter Notes
Presentation Notes
Kopplingen mellan trafikledning och ruttval är kanske inte självklar för alla. 
skatta och prediktera trafiktillståndet, tex restid på en viss väg. Då spelar det naturligtvis stor roll hur många som väljer att åka på just den vägen vid just det tillfället. 
Genom att studera ruttvalet kan man också skatta och prediktera efterfrågan. Vet man hur många som just nu och en liten stund framåt i tiden befinner sig på en viss plats i trafiknätet, samt varifrån de kommer (peka på bild) och vart de ska så är det lättare att ge riktad trafikinformation och leda om trafikanterna på ett rimligt sätt. 

Diskret-val modell (logit)
Varje resenär antas välja mellan alternativa rutter (1-7 i bilden här) och alternativen beskrivs mha ett antal attribut så som restid, ruttens längd, kapacitet på vägarna, antal svängar eller trafikljus


Ruttset

traningsdata testdata
« Ett antal ruttalternativ som varje A
resenar antas valja mellan definieras i | %
forvag

e 2 metoder for att ta fram dessa
ruttset:

1. Observerade rutter
2. Observerade + kortaste vag , » '
generering ‘ %P
 Rutterna under de forsta tva veckorna

jamfordes med de kommande tva
veckorna
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Presenter Notes
Presentation Notes
Alltså, i ruttvalsmodellen definieras ett gäng alternativ i förväg som varje resenär antas välja mellan. Vi har tagit fram dessa alternativ genom att titta i GPS-datasetet från Stockholm vilka rutter som observerats i respektive OD-par. De blå figurerna är de observerade rutterna under de två första veckorna och de orange är rutterna för de följande två veckorna och tjockleken visar hur många som valt respektive rutt. Vi kan se att för det här OD-paret är den rutt som använts mest samma under de två tidsperioderna och detsamma gäller över hela datasetet vilket tyder på att det går bra att observera rutterna på det här sättet. 


dummy_length

tt_mean Mean traveltime for the route in minutes, averaged over four time periods over the day.
o length
tt_free Free flow traveltime in minutes, calculated as _engTR
- speed limit
Ao 1 if the traveltime is more than 50 % longer than the traveltime of the shortest path in the OD-
y- pair, 0 otherwise.
r_length Route length in meters.

1 if the route length is more than 50 % longer than the shortest path in the OD-pair, 0 otherwise.

delay

tt_var_route

tt_var_sum

Relative difference between mean traveltime
tt_mean—tt_free

tt_free

and free flow traveltime, calculated as

Traveltime variance of the route over the four time periods. The attribute shows how much the
route traveltime varies over the day.

Sum of the link traveltime variance in the route over the four time periods. Thus, the attribute is a
summation of how much the traveltime of the links in the route varies over the day.

p_major_roads

congestion_charge

Percentage of links with low road class (highways and other major roads).

Cost in SEK from congestion charging based on starting time.

left_turns Number of turns with an angle of 70 < a < 170 degrees.
num_links Number of links in the route, as a proxy for number of intersections.
PS Path size factor accounting for similar alternatives



Presenter Notes
Presentation Notes
Tillbaka till attributen. 
Det här är de attribut vi tagit fram från GPS-data setet. 
Medelrestid
Friflödesrestid
Relativ fördröjning
Ruttlängd
Antalet länkar i rutten
Andel av rutten som går genom centrala delarna av Stockholm
Andel av rutten som använder de större vägarna
Slutligen en commonality factor som är med av modelltekniska skäl


Modelestimering Long 0D )
=EE
o . o . Dandbeyd | I
e Attributen viktas mot varandra i en logitmodell med = ... routes
hjalp av maximum likelihood estimering —>
B 3
« I modellen far varje resenar en sannolikhet att N T
respektive rutt valjs 6
i\ ! i -?
1. 8% 5. 20% ey
2. 45 % 6. 2 % i ":}:ﬁr1d Kyrkl}\_{llLl-
% ~ % 4
3. 20% 7. 3% e G § e
4. 2 % rmher::?_:-; Kunc,gp_m,.,;‘;,\'\;‘i}: P\= Smrmalm
« Den aggregerade sannolikheten for respektive rutt s o
jamfors med observerad fordelning P
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Presenter Notes
Presentation Notes
Första steget i modelleringsprocessen är att välja vilka av attributen som ska vara med i modellen. Resultatet av den processen visade att den bästa modellen innehåller alla attribut, men att de som spelar störst roll för ruttvalet är: 
Andel av rutten som använder de större vägarna 
Antal länkar i rutten
Andel av rutten som går genom centrum och 
Ruttens längd

Nästa steg är att vikta attributen mot varandra i modellen, för att avgöra vilket attribut som spelar störst roll. Det gjorde vi med metoden maximum likelihood. 

Därefter utvärderas modellen genom att jämföra estimerade ruttval med observerade ruttval, vilket vi kan se ett exempel på i nedre bilden. X-axeln visar observerat ruttflöde och y-axeln visar estimerat ruttflöde. 

För att förstå modellen och varför attributen är mer eller mindre viktiga har vi studerat dessa tre OD-par lite extra. Då har vi kunnat konstatera att modellen är olika bra för olika OD-par, så en fortsatt analys skulle kunna vara att dela upp OD-paren och göra olika modeller.


Resultat

Model predictions Observations

 Viktiga attribut for ruttvalet ar

— Enkelhet (andel pa storre vagar och antal
korsningar)

Link flows

13-37

37- 62
= 62 - 86
m— 86 - 110
= 110 - 134

forklaringsvariabel fangar inte upp alla
aspekter av ruttvalet.

— Medelrestid Q
— Reslangd
* Modellen ar mer kanslig for restid nar
ruttsetet utokats med genererade rutter.
* En modell med bara restid som
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Slutsatser

« Datasetet verkar lovande for den har
typen av analyser.

« En bra ruttvalsmodell kan ge viktiga ,

Nora

insikter for trafikledning. A
— Prediktering trafiktillstand __g,j% A
— Skattning av OD N ‘\

— Riktad trafikantinformation

* Med en modell som ar kanslig for

singen

restidsforandringar kan ruttval under
incidenter predikteras.

Reimersholme

Djur

Djursholm

~ Incident

__ Origins

[J1-35

‘[]35-69
' [ 69 - 102

B 102 - 136
Ml 136 -170

Destinations

[ J1-62

s [ 62 - 123

[ 123 - 185
B 185 - 246
B 246 - 307
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Presenter Notes
Presentation Notes
Varför ruttval inom trafikledning. Även om vi kan göra en jättebra ruttvalsmodell – vad spelar det för roll i trafikledningssammanhang?
Rimlig omledning – olycka i norra djurgården, rimligt att leda om via Frösunda (rutt 5)
Utöka analys för alla som passerar den länken, inte bara i det här specifika OD-paret  undre bilden
Ju mörkare färg desto fler från den zonen använder vanligtvis den avstängda länken och omledning blir viktigare. 

Slutsatser om modeleringen: 
Datasetet verkar användbart och tillräckligt för den här typen av analyser
Ruttsetet verkar inte skilja väsentligt över tid så ok metod även om det begränsar studien något
Modellen och inkluderade attribut tillräckliga för vissa OD-par men sämre för andra  fortsatt arbete kan vara vara att dela in OD-paren i grupper och ha olika modeller för dem. 

Det var allt om ruttvalsdelen, så nu tar Matej över. 



Multimodal day-types

Matej Cebecauer
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Presenter Notes
Presentation Notes
From here I will focus presentation at explorative analysis of multimodal data.


“lo'Lab
] . iMobility
Multimodal day-types
Day-types:

— Representative typical days

How we reveal representative day-types:
1. Clustering

« groups the days based on their similarities, such
— Minimize the variance/distance/dissimilarity among days in each cluster

— Maximize the variance/distance/dissimilarity to days in other clusters

2. Representative of the cluster is the recognized day-type

— Could be an average day of the cluster
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Presenter Notes
Presentation Notes
So what we means with day-types. 
With day-types -> I mean the representative typical days
We revel them in 2 steps:
1. Clustering that groups the days based on their similarities
2. And for example average day of the cluster is recognized as day-type


1.1
\?\\00\ 001 LCIb
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Multimodal day-types

Telia mobile data (Total demand)
Public transport smart card data (PT demand)
INRIX data

e PT mode share

* 31— zones (961 OD pairs)

* 2019 (week 38—42)

« Dynamic OD matrices

* 1 hour time intervals (04:00 — 23:00)

0 2.5 5 km
[

etMap.ori ‘
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Presenter Notes
Presentation Notes
Anna already introduced most of the datasets. 
Thus, I will just list them for the case study used here:
And it is TELIA mobile data (Total demand)
PT smart card data (PT demand)
INRIX
PT mode share

When it comes to case-study there is:
31 zones
5 weeks
And dataset capture day-by-day dynamic 1 hour time interval OD matrices.
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Multimodal day-types

Telia | PT
Sum of N R
Origins

M 00-00
[]o-200

[ 800- 1800
[ 1800 - 35k
B 35k- 63k
B 63k - 124k
B 124k - 180k
I 120k - 300k

week ‘Inwleelk o  week
383940414243 1383940414243

Day-types

10k
Average B

Flow 4k
2k
0

3k
BELED 2k
’ 1k

ol 0
05:00 10:00 15:00 20:00 05:00 10:00 15:00 20:00 05:00 10:00 15:00 20:00
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Presenter Notes
Presentation Notes
Here I show multimodal day-types. 
Telia data is only of this data soruces that represent total multimodal demand for travel including walking, cycling, PT, private cars
But let me first introduce this graphics
First row shows sum of flow/journeys originating in these zones, more red, the more origins, the color scale is persistent between datasets. \\
My intention is to show where origins concentrate but also absolute difference in datasets
Like for TELIA for PT we can see higher number of origins in central area
INRIX capture some of road traffic, however just sub-sample and total number of origins is rather small.
Secon row show day-types, each color represent one day-type cluster, rows are days-of-week with Monday at bottom to the weekend at top.
This show 7 day-type clusters, it basically always recognize weekdays and weekends to be different, Mondays and Fridays and there it can more difficult to explain and some contextual information is needed.
I will focus on explaining some later in this presentation. Here I want to show that Telia PT INRIX have some similarity in day-type clusters but also dissimilarities.
Last row show the withing the day profile of average flow in OD pairs, purpose of this is to show the dynamic of demand and not total flow. Telia shows three peaks (morning, lunch, afternoon) for the PT it is just morning and afternoon. INRIX also shows three peaks and one outlier cluster of two days with missing observations.


“lo'Lab
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PT mode share estimation and analysis

Why of interest?
— Traditionally based on travel surveys

 continuous decline in respondent rates over the past decades

— 68% (from 25,000 interviews) in 200
6 ( 5 ) 5 source: Travel Surveys, Trafik Analysis,

— 28% (from 12,500) in 2021. https://www.trafa.se/en/travel-survey/travel-survey/

 concerns if samples are truly representative of the general
population

* very costly to estimate PT shares over long time periods with high
temporal resolution

 respondent background information and formulate questions
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Presenter Notes
Presentation Notes
But before that let me first explain why PT mode share estimation and analysis is of interest.
…..
.....
….
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PT mode share estimation and analysis

Why of interest?
— Data-driven approach
Telia data Smart card data
« Represent TOTAL flow » Represent almost TOTAL PT flow
private cars, walking, cycling, PT, micromobility, etc. « Impact of inference rate, missing validations
* Historical days and high temporal resolution * Historical days and high temporal resolution

 Cost-effective technology for spatio-temporal estimation of PT
mode share

— Data already being collected

— High spatio-temporal resolution available

« Observation-based, anonymized, no additional questions

oy
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Presenter Notes
Presentation Notes
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PT mode share analysis

Descriptive and cluster analysis

Matej Cebecauer
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Presenter Notes
Presentation Notes
From here I will focus  PT mode share analysis


40%
30%
20%
10%

0%

40%
.Q 30%
sza
10%
0%

lic transport mode share

- PT share . 25
) T PT mode share analysis

PTsh _ 2
ST = Telia

PT Share Data-driven estimation
B 0-10%
Bl 10 - 20% — ~85% of demand captured
Bl 20 - 30% .. . L
I 30 - 40% — Limited to journeys within case-study zones
[ 40 - 50% .
50 - 60% Region Stockholm Travel survey, 2019

—
Q)
S

— All journeys within region

— Regional centers
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Presenter Notes
Presentation Notes
Having the TELIA and PT demand which we may consider reasonable, we got idea to look on PT mode share.
Simple divide the PT by Telia demand.
- More central zone, higher the PT mode share 

When it comes to temporal:
Weekend have lower PT share, 
and peek hours during weekdays the highest

There are important things to highlight here.
Inference rate is like 85% so about 15% of journeys we do not know destinations and are not represented in inferred OD matrix
This is  issue of missing validations (tram stations) or not frequent travelers, we consider 5 days gap when inferring destination
The originating journeys are also limited to case-study zones exclusively

This is important to note when comparing with Region Stockholm Travel survey that represent journeys within whole region.
30% of all journeys are made by PT 
This is higher for regional centers

Considering missing potentially 15% of demand, data-driven approach is close to Travel survey or maybe larger as estimated from Travel surveys.
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PT mode share analysis

week week week

Evolution of representative day-type patterns
1. Weekdays and weekends

Saturdays and Sundays

Fridays

Mondays

L o

Using contextual information

Number of day-type
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Presenter Notes
Presentation Notes
Here I show the evolution of day-type patterns by increasing their number, first the largest differences are recognized.
And this is: ……………
Week 38 and 39 Mon-Thurday being different to later weeks is big difference for PT demand, larger as Saturday and Sunday.
Anywaw for Total and PT share Saturday and Sundays are important
For rest of clusters we would need contextual information to explain the difference


PT mode share analysis

week

week
4243 383940414243

week

s _

s T .f___

\‘\“\ "ILCIb
. |Moblllty

Evolution of representative day-type patterns
1. Weekdays and weekends

Saturdays and Sundays

Fridays

Mondays

L o

Using contextual information
— Impact of weather on PT

h Thu y. \ » More rainy and cold weather
Wed ; .
ﬁé_ _ o * Does it attract traveler to PT?
Mon : : A
3 o)
Rain probability Apparent temperature
s 1-10% “+ 10-30% %, 30-50% +<6C  #<0C
) o
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Presenter Notes
Presentation Notes
When we add weather information it get obvious these weeks are more rainy and colder as prior weeks


PT mode share analysis

week week week week

Rain probability
s 1-10% “~ 10-30% - 30-50%

+<5 C #<0 C

Apparent temperature

Ny Lab
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Evolution of representative day-type patterns
1. Weekdays and weekends

Saturdays and Sundays

Fridays

Mondays

S op W

Using contextual information
— Impact of weather on PT

« More rainy and cold weather
— Special events

» 28th of September - large memorial ceremony
related to the passenger ferry M/S Estonia ship
disaster.
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Presenter Notes
Presentation Notes
And 28th September was large memorial ceremony.


. week |
(a) 383940414243
Sun ;;-L_“ i ]

40%
L 30%:
@

=
0 20%:1

10%;

10 125 15 175 20 225

5 75
Time of the day [hour]

PT mode share analysis

Spatio-temporal PT mode share

analysis for 7 day-types

* 6 (28th Sep) — PT mode share is larger
about 5%, as other Saturdays in c5 cluster

« Mondays have a larger PT mode share
during peaks

« Fridays have about a 10% larger PT mode
share for late hours than other weekdays

« c1has alarger PT share than cluster c3, does
rainy and colder weekdays attract more
travelers to PT.
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Presenter Notes
Presentation Notes
Here is also space-time PT mode share illustration, dark red is high PT share and gray almost zero. Because of time I will not discuss details in it but what is about is that first 3 columns miss PT demand peaks as there are further from city center and are weekends.

…..


PT mode share analysis

Regression analysis with socio-economic-weather-PTsupply context

Matej Cebecauer
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Presenter Notes
Presentation Notes
From here I will focus presentation at explorative analysis of multimodal data.


Indep. variable

coIrr

Monday
Tuesday
Wednesday
Thursday
Friday
Saturday

0.103
0.071
0.083
0.081
0.074
-0.188

Daily max precip-probability
Daily min temperature
Daily max temperature
Daily max wind speed

0.07
-0.116
-0.058

0.003

log(PT stops)
metro

tram

train

bus

0.086
0.193
-0.098
0.292
-0.156

age 0-15

age 16-19

age 20-24

age 25-39

age 40-59

age 60 and more
foreign background
median income
log(median income)
male

unemployed

-0.209
-0.112
0.277
0.189
-0.036
-0.049
0.070
0.165
0.002
0.376
0.254

pre-secondary education

secondary education
university-undergraduate
university-graduate-post

0.015
0.005
0.315
0.042

accommodation-owned
accommodation-condominium
accommodation-rent
registered vehicle

households with children

-0.209
-0.086

0.383
-0.348
-0.335

Zonal PT mode share correlation analysis

« Positive correlations

Weekdays, Mondays the most

Zone metro and train station ratio
Age 20 — 39 ratio, mostly 20-24
Male ratio in zone

Unemployed ratio in zone

Bachelor degree ratio in zone
Rented accommodation ratio in zone

« Negative correlations

Higher the minimal daily temperature lower
the PT share

The tram (missing validations) or bus ratio
Age 0 — 10 ration, mostly 0-15

Ration of owned accommodation

Ratio of registered vehicles per households
Ration of households with children

R2
adjusted R?

Prob(Omnibus)
Condition number

:::::::::
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Presenter Notes
Presentation Notes
We consider all of these attributes and how explanatory for originating PT mode share they can be.
We consider:
Day of the week
Weather
PT supply
And proportions/rates of
Age
Income
Gender
Unemployment
Education
Type of accommodation
Registered vehicles
Households with childrens

Many of these or positively or negatively correlated with PT mode share:
	Strongest positive are – rental accommodation, gender, age 20-24 and train stations supply
Strongest negative are – registered vehicles, hourseholds with childrens, owned accommodation, age 0-15.

Higher the daily minimal temperature lower the PT mode share.


M1 M2
Indep. variable|| corr coef| P > [t[]| coef| P > [t]
Monday|| 0.103[| 0.0852] 0.000] 0.0784] 0.000 . .
Tuesday|| 0.071|| 0.0807| 0.000| 0.0727| 0.000 Regressmn ana1y51s
Wednesday|| 0.083|| 0.0835| 0.000{ 0.0761| 0.000 . .
Thursday|| 0.081|| 0.0824| 0.000( 0.0754|  0.000 — Ordinary Least Squares (OLS) regression
Friday|| 0.074|| 0.0819| 0.000{ 0.0736| 0.000
= B e R model
aily max precip-probability . . . . .
Daily min temperature||-0.116|| 0.0007| 0.051 — Day-of-week, weather, income, education,
Daily max temperature||-0.058|| -0.0011| 0.000 . .
Daily max wind speed|| 0.003|| 0.0003| 0.642 PT supply, access to a private vehicle, and
og(P L stops)| | 0801 B I8 0000l 0 3e4a] 0000 families with children all impact the zonal
tram||-0.098|| 3.9381| 0.000| 0.1990] 0.000 : T3
ol 337031 0000 177011 0.000 PT share and have significant explanatory
bus||-0.156|| 3.4089| 0.000 1011
age 0-15|[-0.209[] -9.8436] 0.000 and predlctlve power
age 16-19(|-0.112|| -22.441|  0.000
age 20-24|| 0.277|| -3.7796|  0.000
age 25-39|| 0.189||- 4.8367| 0.000
age 40-59(]-0.036||- 3.7243|  0.000
age 60 and more|[-0.049|| -4.2791| 0.000
foreign background|| 0.070(| -0.4419|  0.000
median income|| 0.165(| -0.0030|  0.000
log(median income)|| 0.002 0.0154,  0.000
male|| 0.376|| 5.9922| 0.000
unemployed|| 0.254|| 3.2880| 0.000{ 2.0984| 0.000
pre-secondary education|| 0.015][ 0.4481| 0.643[-4.1979] 0.000
secondary education|| 0.005|| 2.4897| 0.000| 1.3706| 0.000
university-undergraduate || 0.315|| 0.1073| 0.874| 3.5796| 0.000
university-graduate-post|| 0.042|| 1.6039| 0.003
accommodation-owned|[-0.209([ -0.0133] 0.960[ 1.0542] 0.000
accommodation-condominium||-0.086|| -1.5476|  0.000
accommodation-rent|| 0.383| -1.9679| 0.000(-0.0698| 0.005
registered vehicle||-0.348|| -2.1761| 0.000{-2.1204| 0.000
households with children||-0.335|| -6.8592| 0.000(-5.2320| 0.000
R? 0.985 0.970
adjusted R2 0.985 0.969 CTR
Prob(Omnibus) 0.818 0.922
Condition number 7.09¢+04 1.20e+03



Presenter Notes
Presentation Notes
TO conclude none of attributes on its own may explain the PT mode share. 
So we trained regression model.
Considered attributes in M1 and M2 provide high explanatory power for PT mode share



What next?
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What next?

« A mode choice component will be added to analyze multimodal traffic
management

 Analysis and overview of typical days, route choice, and demand in
Stockholm

 Analysis of incidents

« Simulation with mesoscopic traffic model (Dynameq)
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Tack sa mycket!
Fragor?

Anna Danielsson, anna.a.danielsson@liu.se
Matej Cebecauer, matej.cebecauer@abe.kth.se
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