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Short Summary

For several decades, stated preference (SP) studies
have been the dominant method for transport
valuation. However, there are many indications that
revealed preference data is making a strong
comeback due to access to Big Data and new
analysis possibilities such as machine learning. In
this report, we assess the capability of different RP
data sources. We find that app-panel with GPS-
tracking give the broadest and most precise basis
for valuation. In order to accommodate current
segmentation of unit values in Norwegian transport
appraisal, one does, however, need to collect
additional background surveys. The use of
traditional travel surveys is also ranked high, in
particular when synergies with the estimation of
transport models can be realized.

Sammendrag

De siste tiarene har studier basert pa sakalt «stated
preference» (SP) veert den dominerende metode for
a verdsette kvalitetsfaktorer som reisetid etc. i
transportsektoren. N3 er det mye som taler for at
«revealed preference» data kommer tilbake,
ettersom en na far tilgang pa nye og store data og
analysemetoder basert pa maskinlaering. | dette
prosjektet har vi vurdert mulighetene som liggeri
ulike datakilder. Vi finner at data fra rekrutterte
paneler som bruker applikasjoner med GPS-sporing
gir det bredeste og mest presise grunnlaget for slik
verdsetting. For & underbygge dagens segmentering
av enhetsverdier i norske transportanalyser, trenger
en imidlertid & samle inn bakgrunnsdata i egne
undersgkelser. Bruk av tradisjonelle
reisevaneundersgkelser har fortsatt stor verdi nar
disse ogsa skal brukes til estimering av
transportmodeller.
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For several decades, stated preference (SP) studies have been the dominant
method for transport valuation. However, there are many indications that
revealed preference (RP) data is making a strong comeback due to access to Big
Data and new analysis possibilities such as machine learning.

In this report, we assess the capability of different RP data sources. We find that
app-panel with GPS-tracking give the broadest and most precise bases for
valuation. In order to accommodate current segmentation of unit values in
Norwegian transport appraisal, one does, however, need to collect additional
background surveys. The use of traditional travel surveys is also ranked high, in
particular when synergies with the estimation of transport models can be
realized.

Background and motivation

While SP studies build on an analysis of hypothetical choices in experimental
settings without real-world consequences to the respondents, RP-choices are
observed in real-world settings and therefore the preferred method to derive
preferences. However, with RP data the researcher has little control over the
data and little variation and/or high correlation in is a persistent challenge in RP-
based estimation of unit values. This challenge can partly be overcome with
larger data volume, which is more and more available due to the raise of Big
data. Figure S1 summarises main advantages of RP data in general and Big Data
in particular and how this may contribute to more valid and more up-to-date unit
values for Norwegian appraisal.
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Figure S1: Overview over motivation of use of revealed preference (RP) data and Big
Data for transport valuation.

Work tasks and method

The conclusions and recommendations in this report are based on:

1)
2)

3)

4)

5)
6)

A literature review on valuation based on RP/Big Data

A list up of possible data sources and a discussion of their relevance for
valuation.

An assessment of relevant combination of data sources and unit values
based on 19 different criteria. Scores are given on a scale of 1 to 5. The
scoring was partly based on an internal Delphi survey.

A synthesis of the assessment in three groups of criteria: “Access and
general quality”, “Analysing opportunity for valuation” and “Flexibility,
synergies and future perspective”

A practical description of three of the most promising approaches

A case study to illustrate some challenges of aggregated data sources

Data sources

For a data source to be relevant for valuation, the following need to apply:

1)

2)

3)

4)

The data need to be available in Norway or there needs to be clear path
to how it can be made available.

The data set must give direct or indirect information on the behaviour of
travellers, either in the form of individual choices or in the form of
aggregated market shares.

The data set needs to enable the attachment of relevant and sufficiently
precise attributes to the different alternatives in the choice set.

Some of the choices that are observed need to imply an actual trade-off
between at least two attributes that are relevant for the underlying unit
value. Attributes, like time and cost, can be positively correlated (and
they often are in practice), but there needs to be some mechanisms (at
least for a subset of choices) where variation in the data is invoked (e.g.
through road tolls).Table S1 provides an overview of the included data
sources and their main characteristics.
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Table S1: Overview of data sources.
(Assumed) data (Assumed) level of gllos“tcable
Data source Technology owner / access aggregation of cll:gice context
for researcher data / unit value

National RVU

Mobile data

App panel with
GPS-tracking

Automatic traffic
counters (ATC)

Toll transaction
data

Tracking data
from commercial
providers

Dedicated
cameras and
sensors

Mobility-as-a-
Services ordering
data

Automatic
passenger counts
(APC)

Camera-based
crowd counts at
stations

Traditional travel
survey

Call Detail Record via
cell towers

GPS/A-GPS , GNSS

Sensors (typically
electrical induction)

ANPR cameras and
RFID devices

Various (GPS,
Navigation
devices,..)

Various (ANPR, RFID,
bluetooth tracking
and magnetic
sensors

Stored data from
apps

Various (camera
technology, mobile
phone tracking
and/or light barriers)

Cameras (supported
by machine learning)

Transport
authority / free

Commercial
providers as Telia
/ costly

Researchers / free
access to own
panels

NPRA / free

NPRA / free
(limited as of
today)

Commercial
provider as
TomTom or fitbit
/ costly

Researchers / free
access to self-
installed
hardware and
data

Maas providers as
Bolt or Ruter /
unclear of today

PT providers /
free (some
restrictions)

Researchers / free
access to self-
installed
hardware and
data

Disaggregated
(trips of single
persons)

Aggregated (BSU
or routes)

Disaggregated
(trips of single
persons)

Aggregated
(points)

Disaggregated
(cars over different
points)

Aggregated (BSU
or routes)

Disaggregated
(cars over different
points)

Disaggregated
(trips of single
persons)

Aggregated
(station-
pair/departure)

Aggregated
(station/departure)

Mode choice /
various

Route choice
(mainly long
distance) /
VTTS car

Mode- and
Route choice /
various

Route choice /
VTTS car

Route choice /
VTTS car

Route choice /
VTTS car

Route choice /
VTTS car

Various / VTTS
(waiting time)

Submode-
departure
choice /
crowding
multiples

Wait for next
departure at
station /
crowding
multiples

Summary of assessment

Data access and general quality was assessed based on the following criteria:

e Access to relevant and updated RP data

e Resources required for data access and maintenance (high score for low
resources needed by the executing body of the valuation study; original
costs by others not included)

e Resources required for data processing (high score for low resources
needed by the executing body of the valuation study; original costs by
others not included)

e Datavolume

e Coverage (high score if all of Norway is covered)

e Representativity
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While the latter 3 criteria may depend on the unit value of interest, the total
scores for this group of criteria is rather stable across different relevant unit
values.

The criteria for Opportunities for analysis for valuation were:

e Observation of actual choices

e Quantification of attributes and costs of chosen alternative

e |dentification/modelling of non-chosen alternatives (choice set)

e Quantification of attributes and costs of non-chosen alternative

e Variation and correlation in central attributes

e Possibility to control for other effects

e Possibility to segment (current segmentation)

e Possibility for combined RP-SP models and other advanced estimation
methods

The last group of criteria encompasses flexibility, synergies and future
perspective of the data sources. This group is assessed from a general
perspective and not from the perspective of the researchers (as the two previous
groups). The following criteria where included:

e Possibility to frequent and continuous data collections in future
e Possibility to segment results beyond current segmentation

e Synergies with transport models

e Other synergies

e Relevance for new trends/technologies

Figure S2 gives an overall ranking of the evaluated data types. The scores for
opportunity for analysis for valuation apply to the unit value with the best score
within each data type.

Summary of assessment scores of data types for valuation

W Data access and general quality ® Opportunity for analysis Flexibility, synergies and future perspective

App panel with GPS-tracking NN 3.9
National RvU I o 3.5
Mobility-as-a-Services ordering data [ INNEEENETE 3.2
Toll transaction data GG 3.6
Automatic passenger count (APC) NG 3.8
Dedicated camera and sensors  [IEEEENEN 3.3
Automatic traffic counters (ATC)  IIIIIIIEEENENNNGEN 2.7
Tracking data from commercial providers IS 3.0
crowded cameras at stations I 3.0
mobile data  INNIINIEEEEEENZT 2.6

Figure S2: Overall ranking of RP-data types for valuation.

App panel with GPS-tracking is ranked highest overall.
The scores for Opportunities for analysis vary with the underlying unit values.

Besides the total scores, an important information is also how many unit values
the data source in applicable for. Table S2 summaries our findings.

Transportgkonomisk Institutt, Gaustadalléen 21, N-0349 Oslo Phone 22 57 38 00 E-mail: toi@toi.no www.toi.no


mailto:toi@toi.no
https://www.toi.no/

Table S2: Number of applicable unit values and range of total scores for
Opportunity of analysis for estimation of unit values

Data source Number of unit Total score Main Main disadvantage
value data is advantage
applicable*
National RVU 6 2.2-29 covers current imprecise spatial
requirement information
for
segmentation
mobile data 2 1.7-2.1 somewhat little control and
better control possibility for
over routes segmentation;
compared to works poorly for
ATC, at least for | short distance
long distance routes
App panel with GPS- 10 3.3-3.7 detailed trip purpose
tracking information on unreliable
routes observed
Automatic traffic 1 1.6 routes not directly
counters (ATC) observed
Toll transaction data 2 2.6 can distinguish works only in
car types networks that
contain road tolls
Tracking data from 2 2.1-2.3 better control little background
commercial providers over route than | information
mobile data
and ATC
Dedicated cameras 4 2.7-2.9 good control trip purpose not
and sensors over routes observed
given good
sufficient
coverage of
cameras
Mobility-as-a-Services 2 3.5-3.8 direct and trip purpose not
ordering data precise observed, open the
information on app likely
attribute values ' endogenous
Automatic passenger 1 1.6 OD not directly
counts (APC) observed
crowded cameras at 1 1.9 Works only under

stations

specific conditions

lllustrations and case study

The report also contains a more practical description of three of the most
promising approaches (National RVU, Fotefar, which is a upcoming GPS-app
tracking software, and toll transaction data) as well as a case study using
aggregated data sources (traffic counts, mobile data and data from TomTom).
The latter illustrates some of the practical difficulties in using aggregated data to

derive unit values.

Conclusion and recommendation

Below we summarise our main conclusions:

1) As of today, travel surveys such as national RVU are the most relevant
data source with regard to the current segmentation of unit values
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2)

3)

4)

5)

6)

7)

8)

which require information about travel purposes. There are large
potential synergies with transport models and one should consider
aligning the next RTM estimation with the next valuation study. In this
connection, it may be appropriate to move away from the current RVU,
and rather design a more tailored survey that is better suited for both
demand modelling and valuation.

Data from apps that can track individuals with GPS or other high
resolution/frequency sensors score overall best in our assessment. The
ability to add background information is important. This may require
additional data collection, for instance in form of surveys.

A combination of surveys (and/or register data) and GPS tracking is
considered the best option and something that is recommended to
work towards.

Aggregated data (e.g. counting data on roads and public transport)
place great constraints on analysis opportunities and will hardly be
sufficient for national unit values given requirements coverage and in
the current segmentation. That said, it can — based on appropriate case
studies — help to validate the absolute level of the value of time (VTTS).
Aggregated mobile data provides better analysis options compared to
counting data, at least for intercity travel, but is quite expensive to get
access to. As other aggregated data sources it has clear limitations
compared to more disaggregated data sources.

Toll transaction data that tracks individual cars will be able to provide
information of route choice of individuals or groups in areas with a good
coverage of road tolls and there are different possibilities to add
individual background variables. Such data would in most cases not be
completely anonymous, but access to non-anonymous data for research
purposes would most likely be feasible under the current data
protection legislation. However, facilitating access to data would require
some goodwill and effort of the owners of the data. A more flexible (but
more expensive) alternative to this data is to set up dedicated cameras
for automatic number plate recognition (ANPR).

Aggregated App-data from commercial enterprises can also be a
promising alternative. NPRA has access to aggregated tracking results
from e.g. TomTom, a data source which could be utilized more for
studying route choice behaviour, e.g. at toll roads across the country. In
order to use TomTom data for research, access to more information
about data collection and data processing, and the possibility the share
this information with the public, are crucial. There are currently also
major limitation in sharing data and publishing results from data
analysis.

Most data sources mentioned under 4) — 7) have a fundamental
advantage in their passive recruitment. The data sources are therefore
interesting for the quality assurance of survey and app-based studies
where unobservable factors can affect the level of the VTTS due to
sample selection bias. That said, there can also be some biases in the
sample of mobile companies and app-data providers.

Vi
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9)

A disaggregated data source with great potential are Maa$ ordering
data (e.g. from raid-hailing services). It is currently limited in access and
application. In Norway studying choices/preference for micro-mobility
seems most applicable. This type of data might also be made available
via future versions of more traditional PT apps (e.g. via a future version
of the Ruter-app that may let travellers pick, order and pay for all
available transport solutions).

We see three approaches for the next valuation study. They are given below in
ranked order.

1)

2)

3)

GPS-tracking data plus background surveys. The recruitment should
come from a combination of large (existing) samples or — preferably —
the population register. Economic incentives should be given for
donating tracking data to the project as this is likely to attract a broader
sample and can therefore reduce the danger of sample selection biases.
From a modelling perspective, combined mode and route choice models
are likely to give the best and broadest basis for unit value estimation.
The background survey should include questions on mode, car type and
ticket type availability and include information about the location of
home, work and other points of interest of respondents such that trip
purpose can be derived from the spatial information in the GPS data. In
addition, small SP experiments could be included in the background
survey for cross-validation and for estimation of unit values that may be
difficult to estimate from RP data.

National RVU or - preferable — a tailored travel survey in a joint
estimation with the RTM model. Compared to suggestion (1.), this
approach puts less weight on precise data and emphasizes consistency
and synergies with transport models. The unit values would be derived
from the mode choice utility function of the mode/destination choice
models that are part of the RTM model system. Fitting route choice
models in the network assignment tool (e.g. CUBE) against aggregated
data sources can in addition support the estimation/recommendation of
unit values. It is highly recommended that spatial information from the
travel survey data is provide with 8 digit BSU (“grunnkrets”) codes
throughout (i.e. annul the current practice of providing BSUs with less
than 100 inhabitants with 6 digit codes). With that, the level of precision
will still be far below GPS-tracking, but should be acceptable within this
approach.

A third approach would be to keep the stated preference approach. In
this case, we would recommend to use several well-crafted RP case
studies to validate/adjust the overall level of VTTS. Combined RP-SP
models would be recommended in order to utilized the advantages of
both data types. In this connection it would be preferable to recruit part
of the SP sample from the areas where the RP case studies are
conducted.
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| flere tiar har uttalte («stated») preferanser (SP) vaert den dominerende
metoden for verdsetting innenfor transport. Det er imidlertid mye som tyder pa
at avslgrte («revealed») preferanser (RP) gj@r et sterkt comeback pa grunn av
tilgang til stordata og nye analysemuligheter som maskinlaering.

| denne rapporten vurderer vi muligheter som ligger i ulike RP-datakilder. Vi
finner at data med GPS-sporing gir det bredeste og mest presise grunnlaget for
verdsetting. For a kunne ivareta dagens segmentering av enhetsverdier, ma man
imidlertid samle inn ytterligere bakgrunnsdata. Bruken av tradisjonelle
reisevaneundersgkelser er ogsa rangert hgyt, spesielt nar synergier med
estimering av transportmodeller kan realiseres.

Bakgrunn og motivasjon

Mens SP-studier bygger pa en analyse av hypotetiske valg i eksperimentelle
omgivelser uten reelle konsekvenser for respondentene, blir RP-valg observert i
virkelige omgivelser og er derfor den foretrukne metoden for a utlede
preferanser. Men med RP-data har forskeren liten kontroll over dataene, og liten
variasjon og/eller hgy korrelasjon er en vedvarende utfordring i RP-basert
estimering av enhetsverdier. Denne utfordringen kan delvis overvinnes med
stgrre datavolum, som blir mer og mer tilgjengelig pa grunn av gkningen av
stordata.

Figur S1 oppsummerer hovedfordeler med RP-data generelt og med stordata, og
illustrerer hvordan dette kan bidra til mer valide og mer oppdaterte
enhetsverdier for analyser innenfor transport, deriblant nytte-kostnadsanalyser.
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Figur S1: Oversikt over motivasjon for bruk av revealed preference (RP) data og stordata
for transportrelatert verdsetting

Arbeidsoppgaver og metode
Konklusjonene og anbefalingene i denne rapporten er basert pa:

1) En litteraturgjennomgang om RP/stordata- basert verdsetting.

2) En liste over mulige datakilder og en diskusjon av deres relevans for
verdsetting.

3) En vurdering av relevant kombinasjon av datakilder og enhetsverdier
basert pa 19 ulike kriterier. Poeng gis pa en skala fra 1 til 5.
Poengsummen er delvis basert pa en intern Delphi-undersgkelse.

4) En syntese av vurderingen i tre grupper av kriterier: «Tilgang og generell
kvalitet», «Analysemulighet for verdsettelse» og «Fleksibilitet, synergier
og fremtidsperspektiv».

5) En praktisk beskrivelse av tre av de mest lovende tilneermingene.

6) En casestudie for a illustrere noen utfordringer ved aggregerte datakilder.

Tabell S1 gir en oversikt over de inkluderte datakildene og noen sentrale
egenskaper.
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Tabell S1: Oversikt over datakilder.
(Antatt) eier av Mest egnet
. . J (Antatt)
Datakilde Teknologi data / tilgang for ageregeringsnivs valgkontekst /
forskerne geregering enhetsverdi
Tradisjonell Transport- etatene Disaggregert Transportmiddelval
Nasjonal RVU reisevaneundersgke / gratis (enkeltreiser for / diverse
Ise g personer) g
Kommersielle Aggregert Rutevalg

(hovedsakelig lange
distanser ) / VTTS
bil
Transportmiddel-

og rutevalg /
diverse

Rutevalg / VTTS bil

Rutevalg / VTTS bil

Rutevalg / VTTS bil

Rutevalg / VTTS bil

Diverse / VTTS
(ventetid)

Valg av
driftsart/avgang /
trengselsfaktorer

Vente pa neste
avgang ved stasjon
/ trengselsfaktorer

Sammendrag av evalueringen

Datatilgang og generell kvalitet ble vurdert basert pa fglgende kriterier:

e Tilgang til relevante og oppdaterte RP-data

e Ressurser som kreves for datatilgang og vedlikehold (hgy poengsum for
lave ressurser som kreves av det utfgrende organet for
verdsettingsstudien; opprinnelige kostnader fra andre ikke inkludert)

e Ressurser som kreves for databehandling (h@y poengsum for lave
ressurser som kreves av det utfgrende organet for verdsettingsstudien;
opprinnelige kostnader fra andre ikke inkludert)

¢ Datavolum

e Dekning (hgy poengsum hvis hele Norge er dekket)
e Representativitet

Mens de tre sistnevnte kriteriene kan avhenge av enhetsverdien, er den totale
poengsummen for denne gruppen av kriterier ganske stabil pa tvers av ulike
relevante enhetsverdier av samme datakilde.Kriteriene for muligheter for
analyse for verdsetting var:
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e Observasjon av faktiske valg

e Kvantifisering av attributter og kostnader ved valgt alternativ

¢ |dentifisering/modellering av ikke-valgte alternativer (valgsett)

e Kvantifisering av attributter og kostnader ved ikke-valgt alternativ

e Variasjon og korrelasjon i sentrale attributter

e Mulighet for kontroll for andre effekter

e Mulighet for segmentering (navaerende segmentering)

e Mulighet for kombinerte RP-SP modeller og andre avanserte
estimeringsmetoder

Den siste gruppen av kriterier omfatter fleksibilitet, synergier og
fremtidsperspektiv for datakildene. Denne gruppen vurderes ut fra et generelt
perspektiv og ikke fra forskernes perspektiv (som de to foregaende gruppene).
Folgende kriterier var inkludert:

e Mulighet for hyppige og kontinuerlige datainnsamlinger i fremtiden
e Mulighet for a8 segmentere resultater utover dagens segmentering
e Synergier med transportmodeller

e Andre synergier

e Relevans for nye trender/teknologier

Figur S2 gir en samlet rangering av de evaluerte datatypene. Skarene for
mulighet for analyse for verdsetting gjelder enhetsverdien med best score
innenfor hver datatype.

Oppsummering av evalueringskarene for verdsetting

mTilgang og generell kvalitet m Analysemuligheter Fleksibilitet, synergier, fremtidsperspektiv

App panel med GPs-spering N 3.9
Nasjenal RvU IR ST 35
Mobility-as-a-Service bestillingsdata I SN 3.2
Bompasseringsdata [ NEENE 3.6
Passasjertellinger | NNNNGIGIGINIENEEEEEEEEGN 3.8
Egeninstallerte kamera og sensorer [N 33
Trafikktelledata | G I 27
Sporingsdata fra kommersielle tilbydere [ NRNRNRNRNNEEEREEEZES 3.0

Kamera-baserte tellinger ved stasjoner [ NI 3.0
Mobildata I 2.6

Figur S2: Overordnet rangering av RP-datakilder for verdsetting.

App-panel med GPS-sporing er rangert hgyest totalt sett.

Poengsummene for muligheter for analyse varierer med de underliggende
enhetsverdiene.

En annen viktig informasjon er hvor mange enhetsverdier datakilden kan brukes
for. Tabell S2 oppsummerer funnene vare.
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Tabell S2: Antall relevante enhetsverdier og spenn i total skdar for analysemulighet for
estimering av enhetsverdier.

Antall
Datakilde relevante Total skar Hovedfordel Hovedulempe
enhetsverdier *
Nasjonal RVU 6 2,2-2,9 Qekker dageqs krav Unqyaktlg steds-
til segmentering festing
Noe bedre kontroll L|te.kontro|| o8
over ruter muligheter for
Mobildata 2 1,7-2,1 sammenlignet med ?Sﬁrl(iz:edré?ﬁ’
telledata, ialle fall | 118521 648
for lange reiser di
istanser
Detaljert Reisehensikt
App Panel med GPS- 10 3,3-3,7 informasjon om upalitelig
sporing
ruter observert
Trafikktelledata 1 1,6 Ruter ikke direkte
observert
Fungerer bare i
. . . nettverk med
Bompasseringsdata 2 2,6 Kan skille biltyper mange
bomstasjoner
. Bedre kontroll over
ﬁgg\r:gigae'haefra 2 2123 ruten enn med Lite bakgrunns-
. g telledata og informasjon
tilbydere .
mobildata
Bra kontroll over
Egeninstallerte 4 2729 ruter hvis god Reisehensikt ikke
kamera og sensorer e dekning av observert
kameraene
Direkte og presis Reisehensikt ikke
Mobility-as-a-Service h g P observert, bruk av
. 2 3,5-3,8 informasjon om .
bestillingsdata attributtverdier app muligens
endogent
OD-relasjoner er
Passasjertellinger 1 1,6 ikke direkte
observert
Kamerabaserte Fungerer kun
tellinger ved 1 1,9 under spesielle
stasjoner forhold

lllustrasjons- og casestudie

Rapporten inneholder ogsa en mer praktisk beskrivelse av tre av de mest lovende
tilneermingene (nasjonal RVU, Fotefar, som er en kommende GPS-app-sporings-
programvare, og bompasseringsdata) samt en casestudie ved bruk av aggregerte
datakilder (trafikktellinger, mobildata og data fra TomTom). Sistnevnte illustrerer
noen av de praktiske vanskelighetene ved a bruke aggregerte data for a utlede
enhetsverdier.

Konklusjoner og anbefalinger
Nedenfor oppsummerer vi hovedkonklusjonene vare:

1) Peridag er reiseundersgkelser som nasjonal RVU den mest relevante
datakilden med tanke pa dagens segmentering av enhetsverdier som
krever informasjon om reiseformal. Det er store potensielle synergier
med transportmodeller og man bgr vurdere a samkjgre neste RTM-
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2)

3)

4)

5)

6)

7)

8)

9)

estimering med neste verdsettingsstudie. | den forbindelse kan det vaere
hensiktsmessig a ga bort fra dagens RVU, og heller utforme en mer
skreddersydd undersgkelse som egner seg bedre bade for etterspgrsels-
modellering og verdsetting.

Data fra apper som kan spore individer med GPS eller andre hgyopplgse-
lige og hgyfrekvente sensorer scorer totalt sett best i var vurdering.
Mulighet for a legge til bakgrunnsinformasjon er viktig. Dette kan kreve
ytterligere datainnsamling, for eksempel i form av spgrreundersgkelser.
En kombinasjon av spgrreundersgkelser (og/eller registerdata) og GPS-
sporing anses som det beste alternativet og noe som anbefales a jobbe
mot.

Aggregerte data (f.eks. trafikktelledata og passasjertelledata) legger store
begrensninger pa analysemuligheter og vil neppe veere tilstrekkelig for
nasjonale enhetsverdier gitt kravene til dekning og segmentering. Nar det
er sagt, kan det — basert pa passende casestudier — bidra til & validere det
absolutte nivaet pa tidsverdien (VTTS).

Aggregerte mobildata gir bedre analysemuligheter sammenlignet med
telledata, i hvert fall for lange distanser, men er ganske dyrt a fa tilgang
til. Som andre aggregerte datakilder har mobildata klare begrensninger
sammenlignet med mer disaggregerte datakilder.

Bompasseringsdata som sporer biler vil kunne gi informasjon om rutevalg
for enkeltpersoner eller grupper i omrader med god dekning av bomsta-
sjoner. Det er ulike muligheter for a legge inn individuelle bakgrunns-
variabler. Slike data vil i de fleste tilfeller ikke veere helt anonyme, men
tilgang til ikke-anonyme data for forskningsformal vil mest sannsynlig
vaere mulig under gjeldende personvernlover. A lette tilgangen til data vil
imidlertid kreve noe velvilje og innsats fra eierne av dataene. Et mer
fleksibelt (men dyrere) alternativ til disse dataene er a sette opp egne
kameraer for automatisk nummerskiltgjenkjenning (ANPR).

Aggregerte App-data fra kommersielle virksomheter kan ogsa vaere et
lovende alternativ. Statens vegvesen har tilgang til aggregerte sporings-
resultater fra f.eks. TomTom, en datakilde som kan brukes mer enn i dag
for & studere ruteatferd, f.eks. ved bompenger over hele landet. For a
bruke TomTom-data til forskning er tilgang til mer informasjon om
datainnsamling og databehandling, og muligheten a dele denne
informasjonen i offentlige rapporter/artikler er avgjgrende. Det er for
tiden ogsa store begrensninger i a dele data og publisere resultater fra
dataanalyse.

De fleste datakilder nevnt under 4) — 7) har en grunnleggende fordel i sin
passive rekruttering. Datakildene er derfor interessante for kvalitets-
sikring av undersgkelser og app-baserte studier der uobserverbare
faktorer kan pavirke nivdet pa VTTS pa grunn av utvalgsskjevhet. Nar det
er sagt, kan det ogsa veere noen skjevheter i utvalget hos mobilselskaper
og app-dataleverandgrer.

En disaggregert datakilde med stort potensial er MaaS-bestillingsdata
(f.eks. fra raid-hailing-tjenester). Slike data er for gyeblikket begrenset i
tilgang og anvendelse. | Norge virker det mest aktuelt a studere valg/-

Vi

Transportgkonomisk Institutt, Gaustadalléen 21, 0349 Oslo Telefon 22 57 38 00 E-post: toi@toi.no www.toi.no


mailto:toi@toi.no
https://www.toi.no/

preferanser for mikromobilitet. Denne typen data kan ogsa gjgres
tilgjengelig via fremtidige versjoner av mer tradisjonelle kollektiv-apper
(f.eks. via en fremtidig versjon av Ruter-appen som kan la reisende velge,
bestille og betale for alle tilgjengelige transportlgsninger).

Vi ser tre tilnaerminger for neste verdsettingsstudie. Disse er gitt nedenfor i
rangert rekkefglge.

1) GPS-sporingsdata pluss bakgrunnsundersgkelser. Rekrutteringen bgr
komme fra en kombinasjon av store (eksisterende) utvalg eller — helst —
Folkeregisteret. Det bgr gis gkonomiske insentiver for & donere sporings-
data til prosjektet, da dette sannsynligvis vil tiltrekke seg et bredere
utvalg og derfor kan redusere faren for utvalgsskjevheter. Fra et model-
leringsperspektiv vil kombinerte transportmiddelvalg- og rutevalgmodel-
ler sannsynligvis gi det beste og bredeste grunnlaget for estimering av
enhetsverdier. Bakgrunnsundersgkelsen bgr inkludere spgrsmal om
tilgang til transportmiddel, biltype og billettype og inkludere informasjon
om stedsfesting av hjemmet, jobben og andre hyppige destinasjoner for
respondentene slik at reiseformalet kan utledes fra stedsfestingen i GPS-
dataene. | tillegg kan sma SP-eksperimenter inkluderes i bakgrunnsunder-
spkelsen for kryssvalidering og for estimering av enhetsverdier som kan
vaere vanskelig a estimere basert pa RP-data.

2) Nasjonal RVU eller - fortrinnsvis — en skreddersydd reiseundersgkelse i
felles estimering med RTM-modellen. Sammenlignet med forslag (1.),
legger denne tilneermingen mindre vekt pa presise data og legger vekt pa
konsistens og synergier med transportmodeller. Enhetsverdiene vil bli
utledet fra nyttefunksjoner til transportmidlene i mode/destinasjons-
valgmodellen som er en del av RTM-systemet. Kalibrering av rutevalg-
modeller i nettverksmodellen (f.eks. CUBE) mot aggregerte datakilder kan
i tillegg stgtte estimering/anbefaling av enhetsverdier. Det anbefales
sterkt at romlig informasjon fra reiseundersgkelsesdataene gis gjennom-
gaende med 8-sifrede grunnkretskoder (dvs. man bgr ga bort fra gjeld-
ende praksis med a gi grunnkretser med mindre enn 100 innbyggere
6-sifrede koder). Med det vil presisjonsnivaet fortsatt vaere langt lavere
enn ved GPS-sporing, men det bgr vaere akseptabelt innenfor denne
tilneermingen.

3) En tredje tilnaerming ville vaere a beholde SP-metoden. | dette tilfellet vil
vi anbefale & bruke flere godt utformede RP-casestudier for a validere/
justere det overordnede nivaet av VTTS. Kombinerte RP-SP-modeller vil
bli anbefalt for a utnytte fordelene med begge datatyper. | den forbind-
else vil det vaere a foretrekke a rekruttere deler av SP-utvalget fra omrad-
ene hvor RP-casestudiene gjennomfgres.
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Valuation based on Big Data and revealed preference data

1 Introduction

1.1 Background

All major national and international Value of time studies between 2000 and 2020 have been
conducted with stated preference (SP) as the main method (Fligel and Halse (2021). The
arguments of using SP data in the latest 2018-2019 Norwegian Valuation Study were 1)
consistency with the previous 2009-2010 valuation study 2) avoiding risk of not being able to
derive all unit values consistently with revealed preference data 3) econometric challenges
with many RP data types such as high correlation and/or low variability of central attributes.

While stated preference (SP) studies build on an analysis of hypothetical choices in
experimental settings without real-world consequences to the respondents, revealed
preference (RP)-choices are observed in real-world settings and therefore the preferred
method for deriving preferences. However, with RP data the researcher has little control
over the data and little variation and/or high correlation in is a persistent challenge in RP-
based estimation of unit values. This challenge can partly be overcome with larger data
volume, which is more and more available due to the raise of Big data.

Note also that there is a long tradition — going back to McFadden, Talvitie and Associates
(1977) — of estimating utility functions (and underlying valuation factors) in transport models
based on travel survey data.

The transport authorities have intensified their work with Big Data and continuous travel
surveys are being carried out in the largest cities. Furthermore, toll roads produce
considerable amounts of relevant data that can potentially be exploited. The transport
authorities are therefore interested in an assessment of whether it is possible to update
current unit values with available Big data and RP data.

This report documents our assessment.

T@I and the transport authorities had several meetings where the selection of data sources
and parts of the assessment where discussed. Notwithstanding, the assessment reflects the
authors own evaluation and not necessary that of the clients.

1.2 Thematic introduction and motivation

In this report, we discuss several RP data sources, including Big Data, to estimate traveller’s
valuation of trip attributes.

In contrast to SP, RP data are based on real-world choices that implied real consequences for
the decision makers. RP choices typically involve a process, which include time- and budget
constraints and real-world constraints regarding the available choice set. This is illustrated in
Figure 1.1 which is taken from a paper (McFadden 2001) based on McFadden’s Nobel lecture
from year 2000.
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Figure 1.1: Choice process (source Mc Fadden 2001).

Big Data is a group of data characterised by large volume, and typically high velocity (high
updating frequency). Many Big Data sources also come unstructured, e.g. in form of pictures,
text or video. One may define Big Data as data types for which classical inference methods
are not applicable. Machine learning is the predominant form of making inference from Big
Data sources.

In the transport domain, literally all Big Data is RP data. Data from transport-related large-

scale online computer games may be an example of Big Data of the stated preference type.
However, computer games do typically not intend to emulate the (rather boring) reality of

driving and are therefore of little help in deriving travel preferences.

A recent paper by Fayyaz et al. (2021) uses a driving simulator to measure the value of travel
time savings (VTTS) and value of travel time reliability (VOR). To increase the realism,
participants of the simulator-study are required to experience the travel time of their chosen
route and actually pay any toll costs associated with the choice of a toll road. As this may
increase the realism, and partly internalise time and budget constraints of the respondents,
this so-called “economic driving simulator” would still be classified as SP data. An important
real-world aspect of transport, and a determinant of specific preference, are the activities
that are performed at the destination of the transport. Those are obviously not realistically
given in the simulator. Another aspect is the comfort level which may differ between the
simulator and real-world driving. The authors seem to agree with this interpretation and
include “economic driving simulators” in the SP class of data (Figure 1.2).
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Figure 1.2: Some RP and SP data types (Source: Fayyaz et al 2021).

Figure 1.2 also illustrates the main trade-off between RP and SP data, i.e. the trade-off
between hypothetical bias and the researchers control over the choice context. The latter
facilitates sound econometric models and is the main reason for why SP approaches have
been so popular.

Reducing the hypothetical bias is the main motivation to try to use RP data for deriving
travelers preferences and willingness-to-pay. RP data types that are based on passive
recruitment (like “remote sensing” in Figure 2) also avoid sample selection biases prone in
SP surveys (Halse et al 2022). In addition, RP data in form of Big Data is collected
continuously and without additional costs. There are therefore also practical advantages
over SP studies that are conducted every 8-10 years (in the form of national valuation
studies) and are quite expensive. Another criticism of SP studies are SP artifacts and effects
that make SP results sensible to choices in the experimental design.

For the reasons mentioned above, the use of RP data for valuation is a topic that is of great
interest among transport economics and practitioners, both nationally and internationally.

In a large meta-analysis on time values (Wardman, Chintakayala and de Jong 2016) the
proportion of studies using RP data is 18%, with a declining trend between 1990 and 2011,
the period in which SP data increased significantly in popularity. However, there are many
indications that RP data is making a strong comeback due to access to Big Data and new
analysis possibilities such as machine learning.

Norway is arguably a good area to utilize RP data for valuation as road tolls are very
common. Road tolls allow us to observe trade-offs between travel time and travel costs of
car drives. These trade-off are essential in estimated the value of travel time savings (VTTS).

The following figure summarises the main motivations for using RP and Big Data for
valuation in Norway and in general. Advantages that are general to RP data types are given
in the blue boxes. Advantages specific to Big Data (compared to more traditional RP) are
given in green boxes.
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Figure 1.3: Overview over motivation of use of revealed preference (RP) data and Big Data for

transport valuation

This report is intended to give an overview of relevant data sources (RP/Big Data) and assess
the prospects of such data types in the Norwegian case, i.e. for the particular unit values
from the latest Norwegian Valuation Study (Fliigel et al. (2020b)).

We are not aware of similar overview/assessment reports. We therefore believe that this

report can be of interest to an international audience. Many discussions about types of data
and unit values should transfer to other counties. That said, the discussion regarding access,
experience and synergies to (Norwegian) transport models is specific to the Norwegian case.
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2 Initial work and selection

2.1 Selected unit values from Valuation study

Table 2.1 reports on the list of unit values that are included in this study.

Table 2.1: Unit values included in initial selection.

Unit value Unit Segmentation Table in Norwegian
valuation report (Fliigel et al.
2020b)

In-vehicle time car driver (VTTS) NOK/hour | Distance group, Purpose E1

In-vehicle time car passenger NOK/hour | Distance group, Purpose E1l

In-vehicle time buss NOK/hour | Distance group, Purpose E3

In-vehicle time train NOK/hour | Distance group, Purpose E3

In-vehicle time metro/tram NOK/hour | Purpose E3

In-vehicle time Boat NOK/hour | Distance group, Purpose E3

In-vehicle time Air NOK/hour | Purpose E3

In-vehicle time ferry NOK/hour | Purpose E2

Time cycling NOK/hour | Purpose, Infrastructure type E4

Time walking NOK/hour | Purpose, Infrastructure type ES

Headway (PT) Factor None** E6

Transfer time (PT) Factor Purpose, Infrastructure type, own E7/E13

values for air

Transfer penalty (PT) Minutes* None E7

Access time (PT) Factor None (exception Air: access mode) E8 and E15

Time Variability Factor*** | None E9

Delays Factor None E10

Road congestion Factor Driver vs passenger, Purpose, degree E11

of congestion (free flow, moderate,
severe)

In-vehicle crowding (PT) Factor Trip purpose, Sitting vs standing E12

passenger

Cancellation for Air Hours* None E14

Future car technology Factor By degree of automation (partial, 7.9

high, full-private, full-shared)

Mobil coverage (PT) Factor By degree of coverage (god, medium, | 5.23

bad/none)

Insecurity of avalanches Various Se report by (Navrud,

Magnussen and Veisten
2020)

* is essentially a factor on the VTTS as well **factor depends non-linearly on the size of headway in reference situation, ***
applied to one standard deviation of travel time

We can distinguish between unit values that are reported as monetary values per hour
(NOK/hour) and those unit values that are reported as factors, also called VTTS multipliers.
The former applies to VTTS for in-vehicle time on all main travel modes. It requires a
measure or estimate of the marginal utility of income, which is typically assumed identical to
the absolute value of the parameter related to the cost-attribute of travel alternatives. The
latter (factors on the VTTS) applies to most of the other unit values. In these cases, it may
not be necessary to know the cost parameter. Under the assumption that the cost
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parameter is not context specific, VTTS multiplies can simply be derived as ratios of the
parameter of the underlying time component (access time, time in congestion etc) and the
parameter for in-vehicle time.

Note that Transfer penalty and Penalty for cancellation are reported in full minutes/hours.
However, they function essentially like multipliers, as simply dividing by 60 minutes would
give the corresponding VTTS multiplier.

VTTS factors for in-vehicle crowding are given as a function of the level of congestion, first in
terms of occupied sitting places and then (after all sitting places are occupied) in terms of
standing passengers per square meter. There are also two sets of functions, one for sitting
passengers and one for standing passengers. Note that these so-called crowding functions
are given relative to the VTTS in uncrowded vehicles. The minimum value of these functions
is therefore 1. In order to apply this, one has to estimate a VTTS in absolute terms for
uncrowded vehicles. Note that this does not equal the unit value of the VTTS which implicitly
applies to a vehicle with “average” crowding level.

The Value of Reliability demands the quantification of a standard-deviation (or variance) of
travel time for different alternatives. Note that this information is not given in Level-of-
service (LoS) data of the RTM-transport model (Rekdal et al. 2021).

2.2 Initial comments on choice context and analysing
possibilities

In the 2018-2019 valuation study (Fliigel et al. 2020b), all unit values where estimated from
route choice settings with the only exception of walk and cycle which also included mode
choice in the choice experiments.

Route choice is the preferred type of choice context for measuring preference for a given
user-group. The main reason being that trade-offs between two attributes (say time and
cost) is to a larger degree controlled for other influences. This applies in particular when the
comfort and safety level of competing routes are similar such that routes can be treated as
‘non-labelled’. In a mode choice setting, we have labelled alternatives (car, bus, trains etc)
and the observed choice may be influenced by other factors. The average effects of these
other measures can be captured by alternative specific constants (ASCs). However ASCs
might be correlated with the preferences for given attributes. In this case the inclusion of
ASCs may not fully suffice and there is a danger of confounding effects that may influence
the estimation of valuation parameters.?

Another aspect of mode choice modelling is that the value of the attributes, for example
travel time and travel cost, often depends of the underlying route choice within each
transport mode. In travel survey data, the mode choice is typically asked for, but the route
choice is not reported. To infer attribute values for modelling based on travel survey data
one needs either to ask the respondents to report such values directly or one needs to
extract this information from other sources, e.g. as Level-of-service data from transport

1 As discussed in section 3.4.1 and shown empirically in section 5.3, the challenge of isolating the ASC and other
effects can be a challenge also in route choice analysis with highly aggregated data.
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models. Neither option is optimal. Self-reporting is often unreliable and not available for
non-chosen alternatives. Inferring attribute values from transport models is the more
“objective” alternative, but it relies on that the transport models have a realistic modelling
of route choice, which may not always be the case.

When inferring parameters from RP-based route choice, there is a challenge regarding the
VTTS of car passenger, as it is only the route choice of the driver that can be observed. An
interesting alternative is to study RP choices in apps for ride-haling (Buchholz et al. 2020,
Goldszmidt et al. 2020). However, in current studies the VTTS applies only to waiting times,
not in-vehicle time (see section 2.4).

Destination choice modelling is applied in Zhu and Ye (2018). It seems however hard to
control for unobserved factors (particularities — including the knowledge — of the different
destinations) such to be able to robustly estimate VTTS in this choice context alone.?

Another challenge with RP data is that real-world choices can only be observed with current
technology. This makes it impossible to study to study preference for future car technology
(as done in the SP case by Fliigel et al. (2019a)). To a lesser degree this also applies to Mobile
coverage in public transport, which can only be measured with RP data to the level of
current mobile coverage. Future mobile coverage (perfect coverage without disconnects)
and high speed (5G) are currently not widely observed.

The preferred method of deriving preferences and valuation is by studying individual choice
and analysing this data in the setup of discrete choice models. In this setup, the researcher
has to define the

a) the decision makers

b) the choice set, i.e. a set of alternatives that are discrete, exhaustive, mutually
exclusive and finite

c) characteristics (attributes) of different alternatives

d) adecision rule.

The information for a-d) may come from different data sources. Often we observed choices
with one type of dataset (e.g. RVU) but need to use additional data sets (e.g. LoS matrices
from network models) to measure characteristics of alternatives. This is because the dataset
that provides the choices does often only include the characteristics of the chosen mode.

Note that the assignment of choice sets typically involves some kind of modelling or
heuristics from the researcher. Sociodemographic data and background data on individuals
(as owning a drivers licence) may be important information in modelling the availability of
travel modes.

In a route choice setting in non-trivial networks, an additional challenge is that the set of
possible routes is very large. In these settings, choice set generation is an important element
in the modelling approach.

2 Combining travel mode choice and destination choice is likely an improvement. In these set ups the VTTS is
likely to be more reliably inferred from parameters related to mode choice (compared to destination choice).
E.g. in the RTM estimation, VTTS is (indirectly) included in utility function for modes, rather than the size-
function for destination choice. This is described in detail in section 4.1.
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In order to be able to identify valuation parameters in a discrete choice setup, the data
needs to include choices of different alternatives. When all decision makers make the same
choice, we can’t estimate parameters. Estimation parameters may also be hard to estimate
if the correlation among central attributes is very strong and/or if there is little variation in
attributes.

In lack of individual data, one can also try to infer preferences and valuation from
aggregated data. This is typically only possible when aggregated data reflect some form of
market shares. For instance, traffic count data may be used to infer market shares between
two parallel motorways allowing to study preference based on the implied route choice and
characteristics (Tveter et al. 2020). In most cases the information will be rather coarse such
that trade-offs are hard to observe with the required level of detailed.

While aggregated data does typically contain limited information about choices taken by
travelers, it is possible to use this data to calibrate function in transport models and derive
updated valuation data from this. For instance, it has been observed that the SP-estimated
VTTS unit values do a bad job getting route choice in the RTM/Cube-system to match traffic
counts. By increasing the VTTS one could obtain a better fit (Steinsland 2022). Provided that
the route choice functions in RTM are correctly specified elsewhere, this may point to that
the ‘real’ (RP) VTTS is higher than estimate in SP. Calibration against aggregated traffic
counts works also for disaggregated (agent-based) transport simulation models (Flotterod,
Bierlaire and Nagel 2011).

Preference may also be derived from macroeconomic variables and/or theoretical models.
E.g. the Value of time for leisure may be approximated by the wage rate. However empirical
results show that such theoretical derivations are often not directly supported by data.

Meta-analysis is another method that is sometimes applied, but is not further discussed in
this report.

Table 2.2 summarises some of our initial thoughts regarding choice contexts and types of RP
data. RP data types are introduced in more detail in section 2.5.

Table 2.2: Initial assessment of choice context information in types of RP data sources.

Info on
Info on mode Info on route departure . .
Data type choice choice Jwaiting time Background information
choice
Disaggregate survey data Rich Limited Limited Rich
Limited i i iti
Disaggregated GPS-tracking ./ . Rich Rotentlally May require additional
Potentially rich rich surveys
Disaggregated choice data (e.g. Limited/ Limited Potentially May require additional
from apps) Potentially rich Rich surveys
ﬁgtg;fgate‘j data (e.g. count Limited Limited Limited No

2.3 Work task overview

The project work is structured in different tasks as illustrated in Figure 2.1.
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Literature review Data Source

(section 2.4)

Assessment (chapter 3)

\ 4

list up (section 2.5)

3 most promising

approaches
lllustration of examples | —_ _
(chapter 4) Recommendation
(chapter 6)
Pilot
(chapter 5)

Figure 2.1: Work steps of project
As part of the initial work, prior to the assessment, a literature review of relevant national
and international studies is given in section 2.4.

Based on the literature, review, the author’s own experience and input from the clients, we
then give a list up and a short description of relevant data types (section 2.5).

The assessment of relevant combination of data types and unit values are given in chapter 3.

The three most promising approaches as assessment in chapter 3, are then illustrated from a
more practical point of view in chapter 4.

Chapter 5 is a short case study (“pilot”) on data from Telia, TomTom and traffic counts,
illustrating some of the challenges of aggregated data.

Our work is summed up and discussed in a recommendation chapter (chapter 6).
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2.4 Literature review

One can classify studies found in the literature by the unit value, mode group (car, PT or
walk/cycle) and RP data type. Table 2.3 gives a brief overview of some highly relevant
studies.

Table 2.3: Overview over central literature.

Unit value Mode RP data type with most relevant reference
VTTS (invehicle) Car (driver, Mobile data (Bwambale, Choudhury and Hess 2019)
passenger) Specific route choice survey (Fezzi, Bateman and Ferrini 2014)

Toll transaction data (Cetin et al. 2021)
Traffic count data (Tveter et al. 2020)
Travel Survey data (Varela, Boérjesson and Daly 2018)

Floating car data and automatic number plate recognition (ANPR) cameras
(Dabbas, Fourati and Friedrich 2021)*

GPS-tracking (Montini, Antoniou and Axhausen 2017)*

VTTS (waiting) Taxi Ride-hail platform (Buchholz et al. 2020)
VTTS (various time Public Mode choice survey (Flugel et al. 2015)
components) transport Travel Survey data (Rekdal et al. 2021)

GPS-data (Chepuri et al. 2020)
Smart card (Janosikova, Slavik and Kohani 2014)

VTTS Cycling GPS-data from App (Fllgel et al. 2019b)
Crowding Public Survey (Batarce, Mufioz and Ortuzar 2016)
transport Observation on stations (Kroes et al. 2014)

Smart card (Hércher, Graham and Anderson 2017)

Value of reliability Car (driver, GPS data (Carrion and Levinson 2013)
passenger) Transaction data (Bento et al 2020)

* Include a route choice model but does not estimate VTTS (the route choice model has no cost-attribute).

The Value of Travel Time Savings (VTTS) for road transport is most widely studied unit value
with RP data. The typical choice context is route choice, i.e. the choice between two
alternative options within the same mode of transport. The literature review showed that
route choice can be observed with or derived from by different data types, including mobile
data (Bwambale et al. 2019) and toll transaction data (Carrion and Levinson 2013)3. In case
studies, one can also use aggregated traffic count data (Tveter et al. 2020) or specific route
choice surveys (Fezzi et al. 2014). More generally, travel surveys can also be used to estimate
VTTS, but here mode choice is the typical choice context (Varela et al. 2018).

An interesting approach is the use of Mobility-as-a-service (MaaS) app data. For instance
does Buchholz et al. (2020) use app data from Liftago in Prague to derive the value of waiting
time for taxi services. The choice the users of that app are facing is illustrated in Figure 2.2
(left panel).

3 US studies based on toll transaction data, as Carrion, C. & D. Levinson (2013), typically consider cases where
drivers pay a toll to access a lane which is otherwise only available for high-occupancy vehicles. Such lanes are
referred to as high-occupancy toll (HOT) lanes. In Norway, such lanes do not exist.
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Figure 11: Picture of the Liftago App
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Figure 2.2 Examples of app-data (left panel: source: Buchholz et al. (2020); right panel Johansen
(2022).

Goldszmidt et al. (2020) used a similar App (Lyft) in the US. They introduced price different
by means of controlled experiments (offer “hidden” price discounts for a random treatment
group of App-users).

Recently, a T@l-report (Johansen 2022) used app-data from Bolt to model mode choice
between rail-hailing and e-scooter in Oslo and 9 other European cities. The choice context is
illustrated in in the right panel of Figure 2.2.

An interesting study from a data perspective is Dabbas et al. (2021) who use floating car data
and automatic number plate recognition (ANPR) cameras to study car route choice in the
city of Duisburg, Germany. The floating car data consists of a mix of data sources including
“fleet management platforms, taxi-tracking data, and navigation devices”. The data comes
from a commercial provider and is unfortunately not described in much detail in the paper.
For valuation, the study used detector data and automatic number plate recognition (ANPR)
cameras. The latter is installed specifically for the study as Figure 2.3 illustrates.

Figure 1. (2) Study network with the positions of the ANPR cameras, (b) ANPR cameras on one of the measurement positions

Figure 2.3: lllustration of the use of automatic number plate recognition cameras (Source: Dabbas et
al 2021)
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Zannat and Choudhury (2019) give a comprehensive literature overview over Big Data in
public transport. As shown in there overview (see appendix A) a huge majority of studies are
based on Smart Card data (SCD). It can be argued that SCD is an outdated technology, at
least in Norway, and the trend is going into mobile apps. We have there not focused on this
branch of literature. However, some studies on smart card data, i.e. the ones concerning
route choice modelling (see appendix A) are still relevant given that app-tracking data can
provide same (and even more detailed) information on routes.4

Preference for crowding have been derived from different RP data sources as surveys
(Batarce et al. 2016) and smart cards (Horcher et al. 2017). In a more limited case, Kroes et
al. (2014) also used observation at stations in Paris to investigate trade-offs between
crowding and waiting times.

Besides the mentioned study by Tveter et al. (2020), there are more Norwegian studies
worth mentioning.

Flugel et al. (2015) uses survey data to model mode choice in the long-distance corridors in
Norway. Both RP and SP data (including an hypothetical High-Speed-Rail option) where
collected and analysed in a combined estimation model.

RVU data from 2013/2014 was used for the estimation of the current RTM-model system
(Rekdal et al. 2021). This is discussed further in section 4.1.

RVU data for 2018/2019 (combined with data from Ruter-MIS) was used for the estimation
of PriSimOV model for Ruter. The model uses a similar method as in the MPM23 models
(Fligel et al 2015). Note, that the in the second version of the MPM23 model (Fligel et al
2017) the model was specified in two variants, one variant where the VTTS was estimated
from the RP data and one variant where the VTTS was fixed to values from the SP values
from the 2009/2010 Norwegian valuation study.

The National Public Roads Administration (NPRA) tendered a pilot study to assess whether
mobile data are suitable for measuring trips within and through the Lillehammer area.> Both
major mobile network operators in Norway contributed to the study. NPRA concluded that
movement data from the mobile network is well suitable to monitor movement patterns
between greater geographic areas on a macroscopic level in near real-time. Furthermore, an
estimation of travel time between® cities is considered possible. For calibration of transport
models or estimating future travel patterns, however, mobile data is recognized to be
unsuitable.

4 For that GPS-coordinates need to be mapped to stations.
5 We have gotten access to an internal report by NPRA.

6 However, exact timestamp of start and end of a trip is unsure, since the phone first has to leave the cell and
connect to a new one.
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2.5 Relevant data sources

2.5.1 Overview of initially included data types

Table 2.4 gives an overview over data types that are initially evaluated in this project. The
once that are deemed relevant as a primary data source for this project are further
described in section 2.5.2 -2.5.11. To be included as primary data source the following four
criteria needs all to be met:

1) The data needs to be available in Norway or there needs to be clear path to how it
can be made available.

2) The data set must give direct or indirect information on travellers behaviour, either in
form of individual choices or in form of aggregated market shares.

3) The data set needs to enable the attachment of relevant and sufficiently precise
attributes to the different alternatives in the choice set.

4) Some of the choices that are observed need to imply an actual trade-off between at
least two attributes that are relevant for the underlying unit value. Attributes, like
time and cost, can be overall positively correlated (and they often are in practice),
but there needs to be same mechanisms (at least for a subset of choices) where
variation in the data is invoked (e.g. through road tolls).

Note that 4) is specific to valuation and would not apply in that form for deriving elasticities
of demand. For elasticities, one needs to observe changes in demand given changes in one
attribute. While there exists studies of cross-sectional elasticities, one is typically interested
in elasticities over time. The time-aspect is not explicit in most valuation studies, although
variation in trade-offs can also come from different observations over time. In a valuation
study, the focus is on analysing how (different) persons choose in different situations, i.e.
under different choice sets. We therefore do not have a particular focus on time series and
historical data sets. Observing the actual choice, the underlying choice set and (varying)
attributes of all relevant alternatives, is the most central aspect for the selection of data
sources.

Table 2.4: Overview of data sources

Possible to Only secondary data source (to Assessed as
derive choices quantify attributes or for not relevant
and further calibration of transport for this
Considered data source preferences models). project
RVU (national) X
Movement data from mobile network X
App data panel X
Movement data (app) from commercial
enterprises
Automatic traffic counters
Toll transaction data
Reisetider.no
Automated passenger counts (X)
MaaS ordering data X
Camera-based crowd counts at stations X
Automatic number plate recognition (ANPR) Combined as
cameras “dedicated
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Possible to Only secondary data source (to Assessed as
derive choices quantify attributes or for not relevant
and further calibration of transport for this
Considered data source preferences models). project
Various sensor data (RFID signal, Bluetooth, cameras a}lnd
magnetic signature) Sensors
Real time timetables for public transport X
Weather forecasts (X)
Fleet data

Social media data

RP data from Valuation study
Smart card data

PT ticket sale statistics
Ruter-MIS

X X X X | X X X

As indicated in Table 2.4, we excluded some data sources from the assessment. The
following is an justification for that.

Weather forecasts is a Big Data source that is sometimes used as an explanatory variables in
the modelling of trip frequency, departure time choice, transport mode choice and route
choice. This seems particular meaningful in choice context that involve cycling or walking.”

With “Fleet data” we mean positioning data from individual vehicles in a fleet.® Fleet data
can be segmented into private vehicles, commercial (heavy duty) vehicles and taxis. For
private vehicles, data in general is not available. Modern vehicles send a lot of information
to the manufacturer, but these data are not publicly available. To our knowledge all new cars
have to be equipped with a “black box” from July 2022, however only the last few seconds of
vehicle data will be stored and made accessible in case of an accident. No location data is
stored. For commercial vehicles, fleet data is often available to the operating (logistics)
company. Usually, these data are not available outside the companies. Taxi fleet data is not
included as there are no unit values specific for taxi in Norwegian handbook and it is not
obvious how these data can be utilized for other valuations.

Reisetider.no is a service hosted by the NPRA on selected roads in Norway. Road side
stations measure the RFID signal from the toll device (“bombrikke”). The system measures
the time between passages of individual vehicles between the roadside stations. The travel

7 As the weather does typically not directly influence the travel cost and travel time components, it is rather a
mean to control for otherwise unobserved factors (i.e. the weather) and will in most cases not of crucial
importance for the derivation of unit values in our shortlist in section 2.1. Unit values should apply to “average”
weather conditions (across the whole nation and a whole year). Controlling for weather becomes an issue
when data collection is concentrated on specific periods such that an “average” weather cannot be expected,
e.g. due to seasonal effects. This — by the way — is an somewhat neglected issue in most SP studies.

8 positioning data generated by GNSS devices in vehicles is stored by fleet owners, aggregates can be available.
Typically, these data are produced for logistics purposes and fleet information (distribution- and taxi
companies). In modern (connected) vehicles positioning data and some kinds of vehicle information (OBD (On
Board Diagnostic) data: e.g. energy uptake, speed, engine temperatures...) are transmitted to the OEM
(Original Equipment Manufacturer). Truck companies like Scania and Volvo build their fleet monitors on these
kinds of data. For a future regulation, these data could be made available for research on an aggregated level
(e.g. k-anonymity).
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times are aggregated and shown on a map in real time. The system can give information
about the congestion situation on selected roads. However, due to built-in privacy measures
(“privacy by design”), individual data is not accessible.

Social media data is an important Big Data source but the application in the transport
valuation seems rather limited. Low spatial granularity is a major limitation.

RP data from the Valuation data would have been a very nice data source at it would
facilitate RP-SP estimation models for a consistent sample across SP and RP. However, the
spatial information reported in the survey is unfortunately too coarse for many
observations® to derive Level-of-service information from network models. This typically
require, at least, information on a level of basic statistical unit (BSU, “grunnkrets”).

Smart card data is —as mentioned in the previous section — a popular data source to study
behavior for public transport services. This is especially true in PT-systems where activating
the smart card is mandatory before boarding each PT vehicle. This is not the case in
Norwegian cities and smart cards are widely replaced by mobile apps.

PT ticket sale statistics can be provided by PT operators such as Ruter AS in the Oslo area.
For short distance PT in city areas, the data is likely not able to provide sufficient
geographical information. For instance, how many tickets are sold within “zone 1” in Oslo
cannot be used to study trade-offs, even if we could subdivide sales in submodes (bus,
metro, light train), because one would need more detailed information on the origin-
destination (OD) in order to assign attributes (travel time).10 Sales statistics for long distance
traffic is more relevant, as one typically has better information on the OD. To derive market
shares for different long-distance transport modes, one would combine information from
several companies (including private airlines) which might not be possible.

Ruter-MIS consists of several data collections, most notably a travel survey that is
continuously collected on work-days. The survey has a lot of similarities to the national RVU
but has a spatially limited to the Oslo-metropolitan area and with that less relevant for
estimation of national unit values.

The rest of the section gives a short descriptions of the data types included in assessment.
The description focuses on the technology. The properties and capabilities of these data
types for valuation is discussed in chapter 3.4.1 and consecutive sections.

2.5.2 National RVU

The national travel survey data (RVU) is a traditional travel survey that has been conducted
since 1985. From 2016 onwards, the data collection is continuous.

In RVU 2016-2019, the sample of RVU is deducted from the central population register and
executed as a self-administered web survey (an invitation letter is send out in advance).
Telephone interviews are used to follow up on those who did not answer online. From 2.

9 Precise geographical information was obtained for respondents that used a google maps solution. Due to
privacy concerns this precise data was decoupled from the survey data and is not longer available in the same
data set as the background variables of respondents.

10 Future version of the Ruter-app may provide more detailed information, and might in that case be fallen
under the category “MaaS ordering data”.
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guarter 2020, RVU was only conducted as a telephone interview, (without an invitation
letter in advance) The sample was based on a representative sample from Data Factory's
database for market and opinion polling (Opinion 2021).

Figure 2.4 shows that the response rate in recent years has been much lower than it used to
be. On the other side, the total number of observations has increased due to a strong
increase in the use of regional “supplementary” samples. In RVU 2020, the total sample size
of 38,500 interviews (with 32,000 interviews from regional municipalities with
supplementary samples).
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Figure 8.1: Developments over the years of national travel surveying in Norway. Diagram to the left:
Response rates 1985-2018. Diagram to the right: Sample sizes (number of interviews) and geographical
coverage 2001-2018/19.

Figure 2.4: Historic response rate and sample size in RVU (Source: Grue, Landa-Mata and Flotve
(2021))

The core of RVU are travel diaries reporting when, by what, where and why (trip purpose)
travel occurs. Besides the travel diary, the survey includes several background variables.

2.5.3 Movement data from mobile network

CDR (Call Detail Record) data are commonly analysed for transportation research. The data
are recorded for billing purposes and contain information (among others) about the handset
(e.g. mobile phone), timestamp, type of connection (voice, data) and cell ID (cell tower).
These data are not continuous in nature, they are generated when the handset contacts the
mobile network. Under heavy usage (active data connection, frequent phone calls), the data
density can be high. Less frequent usage (phone in storage during a trip) will lead to gaps (up
to several hours) in the route, with the handset jumping over longer distances.

These data can with little effort (e.g. correction for market shares, aggregation) be used to
analyse population density in interest areas and to generate OD-flows. In order to analyse
route choice, additional steps must be taken. An approach suggested by Bwambale et al.
(Bwambale et al. 2019).

Handover data might deliver more accurate positioning, however these data usually require
a dedicated setup in the network, since they are not stored permanently as a standard. The
handover regulates the traffic in the mobile network, e.g. handsets signing out of the
broadcast area of one cell tower and signing in to the next one. Especially in urban areas,
broadcast areas overlap and a handset in a fixed position might connect to different cell
towers over time, generating artifact hops. Therefore, these data are to be treated with
care.
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Usually, data are aggregated with respect to k-anonymity criteria, e.g. data from at least 15
handsets are aggregated before the data can be accessed.

2.5.4 App data panel

Here, when we mention app data from a dedicated panel, we mean dedicated smartphone
applications that record location and timestamp. The panel is recruited for the study
purpose. The location data is deducted from GPS (Global Positioning System), enriched with
A-GPS (assisted GPS) techniques (e.g. wireless network maps provided from online
databases). The researcher has access to data from single individuals.

With a high density of data points, route choice can easily be deducted. While it is possible
to distinguish between parallel streets in urban areas, the chosen side of the road cannot be
determined, due to the error margin in the location data. Typical resolution varies between
5 and 15 m. Further developments in GNSS (Global Navigation Satellite System) technology
applying multifrequency positioning will bring this error margin down to cm levels. The first
smartphones supporting this technology have reached the market (e.g. Google Pixel,
Samsung Galaxy S20 phones).

With more sophisticated apps, the mode choice can be measured. By analyzing data from
additional sensors in the smartphone (mainly accelerometer, magnetometer), typical
movement patterns can be analysed, and the transport mode can be derived. Examples of
these kinds of tracking apps are sense.dat (mobidot) and Fotefar (Fotefar AS) (see also
section 4.2).

Additional surveys, either given directly in the app or in separate schemes can give
background information.

2.5.5 Movement data (app data) from commercial enterprises

Location data can also be purchased from commercial enterprises. Typical cases are crowd-
sourced data that are generated by (recreational) athletes and recorded by e.g. sports
tracker apps like Endomondo or Strava and tracking devices from Garmin, Fitbit or Polar.
These data typically cover exercise and recreational trips, in some cases commuting trips.
Navigation devices (TomTom) in cars record positioning data that can be available.

The data are originating from the same sensors as in the App (panel) data mentioned above.
Usually, data access is restricted to aggregates only (see mobile network data) and little
background (sociographic) information is available.

2.5.6 Automatic traffic counters (ATC)

Many major roads in Norway have automatic traffic counters (ATC) installed. The most
common method are induction coils that are installed in the asphalt layer of the street. A
moving mass of conducting material (metal) will generate an electrical induction pulse in the
coil. With two coils separated in a known distance, the speed of the vehicle can be
measured. From the shape of the pulse, the mass of the vehicle can be estimated. This
allows to distinguish LDV and HDV. The technology works well for cars, trucks and bicycles.
Downsides are high installation costs, vulnerability against mechanical damage (construction
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works) and a required minimum speed. The latter makes the technology inapt to measure
high levels of congestion in a traffic system.

Newer developments in traffic counters include automated camera (see next section) counts
and magnetic detectors. The latter are devices that can register the magnetic signature of a
vehicle. This allows to identify make and model of the vehicle, in addition to the
conventional parameters (timestamp and speed).

2.5.7 Automatic number plate recognition (ANPR) cameras and sensor data
that allow to track persons or vehicles

Camera feeds can be evaluated with the help of machine learning algorithms (MLA) in order
to produce automated camera counts. In addition to count and speed, the registration
number can be read by the algorithm (special case: toll transaction data, see below). This
allows to identify the passing frequency for a vehicle and to follow the vehicle through the
road network. Data from permanently installed roadside units can be made available for
research (not available per 2021), although this might require k-anonymity. Reduced costs of
high quality cameras allow to setup (mobile) sets of cameras for case studies.

Recent developments in MLA make it possible to count the passengers in cars with camera
technology.1! One could also image recognizing features of the cars such as ski-boxes or car-
trailers.

To contrast it from ATC-data and toll transaction data (se next section), where
cameras/sensors are permanently installed for other purposes, we assess this data type as
“dedicated camera and sensors”. This is further described section 3.4.1 and 3.4.8.

Sensors include RFID signal from road toll devices (“bombrikke”) for which dedicated
receivers can be installed, bluetooth tracking and magnetic sensors as employed by
Disruptive engineering.12 The latter is not meant to track vehicles and is therefore not
further discussed here.

2.5.8 Toll transaction data

In Norway, road toll is collected electronically. The passage is registered in two ways: A
camera reads the license plate number and a RFID-type (Radio Frequency IDentification)
device (“bombrikke”) transmits (encrypted) identification data between the vehicle and the
toll station.

From these data, counts, timestamps and passing frequency can be deducted. These data
can be made available for research (not available per 2021), although this might require k-
anonymity.

2.5.9 Automated passenger counts (APC)

In metro, train and bus the current number of passengers is counted by camera technology,
mobile phone tracking and/or light barriers.

11 https://www.countinghero.com/ is a company that seems to offer such/similar services

12 https://www.dengineering.no/#Sensor-System
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With currently employed technology, one can only count embarking and disembarking
persons, but cannot track a person through his/her entire public transport ride. This should
be possible with cameras positioned in the vehicles and access to advanced MLA. Such
tracking data would allow deriving OD-counts, which would help studying preferences and
valuation. However, as it is currently unclear if such data can technically and legally be
collected, we assess APC data without tracking in the assessment (section 3.6). That tracking
of persons are technically possible (at least in a lab setting) is demonstrated by Velastin et al.
(2020).

Figure 8. [llustrative tracking example. (Left) A simple case; (Right) a more complex case. The numbers
and colors correspond to unique person identifiers, the trailing tails show their trajectories.

Figure 2.5: lllustration of camera tracking (Source: Velastin et al 2020)

2.5.10 Camera-based crowd counts

This works similar to APC but in public spaces such at platform. I.e. cameras are installed and
record crowds e.g. public squares or streets, and machine learning algorithmics (MLAs)
deliver the counts. A possible application can be to measure waiting time on public transport
platforms. Identification of individuals will allow to measure individual preferences, e.g. how
many people rather wait for the next train, if they see that the current one is crowded.

2.5.11 Maas ordering data

Data from mobility companies like UBER, Lyft can give information on personal preferences
as app users may be confronted with alternative options when booking a trip. E.g. when
users can choose between cheaper trips with longer waiting time or more expensive trips
with shorter waiting time.

Information must be stored as it appears on the screen of the ordering app (see Figure 5
above). Compared to app tracking data (section 2.5.4) geographical information on routes is
not required (however it may facilitate interesting additional analysis once it is available).

Such data is not exclusively related to MaaS and could also stem from more traditional
transport means. E.g. app data from train operators could possibly be used to study choices
between train and bus or choices between flytoget and VY-trains

This data is of only relevance if users do actually order transport solutions (not just get the
information) and when they were confronted with alternatives that differ in relevant
characteristics.
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3 Assessment

3.1 Included combinations of data sources and unit values

As described in the section above, we consider 10 types of RP/big data for valuation.

Table 3.1 documents combinations of data sources and unit values that are included in the
assessment. Unit values are grouped in Table 3.1 to make the table easier to read. In some
instances, we divided the assessment by different modes. In instances where the assessment
would be very similar, we group unit values also in the assessment.

Combination that are marked red and orange are deemed nor promising (“not pr.”) and not
applicable (“not ap.”).

Table 3.1: Combinations of data types and (groups of) unit values included in the assessment. Legend
to table: B1-B4 relates to the block the combination is included in. W: walk, C:Cycle, PT: public
transport, “short”: short distance PT mode such as bus, metro, train, and passenger boat, “long”: long
distance PT mode such as like air and ferry, not pr: not promising, not ap. : not applicable

VITSPT  VTTSPT

(short (long Time PT Insecurity

VTTS VTTS distance  distance components Invehicle Delays/ CarTime Road of

car w/C modes) modes) (PT) crowding variablity Variability congestion avalances
National RVU B1 B2 B2 B2 B2 not pr. not pr. not pr. B2 not pr.
mobile data