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ABSTRACT

Demand estimation is an important step for multiple applicationsin urban studies. However,
the level of accuracy required depends on the objective of the study. In dynamic traffic
microsimulation, the estimation of demand needs to be accurate, as it is intended to describe
individuals trips on avery small-scale. In this case, poor estimation of trip initiation, path, and
endings could result in the wrong estimation of the city-block scal€e's traffic state. Estimating
demand at a large-scale with high-resolution is not only very challenging because it requires a
large volume of data from multiple sources, but the underlying mathematical problem is
considerable and thus hard to solve.

In this paper, we address the issue of trip starts and ends when modeling large perimeters.
We propose to enhance the location of trip initiation and termination by merging heterogeneous
and large public datasets. To do so, we develop a series of algorithms that identify fine-mesh
areas where trips could reliably start or end and we share the estimated demand within these
sub-areas, following the distribution of trip purposes (Home, Work, Shop, etc.).

The method is deployed in Lyon city, France, and validated on an extraction of it. Micro-
simulation results show that the demand, once accurately distributed, changes the overal
network’ s performance, confirming the significant influence of trip endings and starts on the
overall traffic dynamics.
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1 Introduction

Estimating travel demand at the large urban scale is mandatory for multiple applications
ranging from urban planning to traffic engineering and control (Jeon et al., 2012). To this end,
one of the most reliable toolsis the Four-Step Model (FSM). FSM consists of combining large
datasets obtained through mobility surveys over large territories (Wegener, 2011). Itsfirst step
estimates the demand from suburban areas of different sizes, usually called Traffic Analysis
Zones (TAZs), decomposed by trip purposes (“Home”, “Work” ...). The second step distributes
this demand among the different destinations TAZs, creating the Origin-Destination (OD)
matrix. The third step distributes the fluxes by mode (Car, Public Transports...), and the last
step computes the assignment (Bonnel, 2002), i.e., the average flow during the peak hour in the
different transportation networks (road, public transport,...).

Estimating Origin-Destination (OD) flows considering a spatial extent defined by the TAZs
grid may be sufficient for some applications, like urban planning; other studies require amuch
finer description in space (Gurram et a., 2019). It is the case for agent-based and dynamic
traffic smulations (Balmer et al., 2006), which are nowadays increasingly applied at the large
urban scale for several reasons, such as (but not limited to):

- improving traffic management policies (Wegener, 2011),

- targeting specific commuters, or modeling the impact of small-scale interventions of

identifying likely points of congestion (Lovelace et al., 2014),
or quantifying the level of noise or air quality (Lund et al., 2020).

One of the significant consequences of aggregating data at aTAZ scale when dealing with
micro-simulation isthat the demand is not accurate enough to immediately define the scenario.
A microscopic simulation needs to create and delete agents/cars at a specific location on the
network and should then know precisely the trips starting and ending positions. Usually, the
demand is randomly distributed among several entry/exit points in the TAZ from a central



injector. However, when the vehicles appear or disappear inconsistently with the network
characteristics, time-consuming manual adjustments are required to relocate the entry/exit
points or rebalance the flow generation among them. Such actions usually go unnoticed in case
study reports as it is part of the overal calibration process but the problem is well-known by
traffic engineersthat run simulations. The problem can be easily exemplified when considering
a TAZ with heterogeneous building distribution. The road network matches the city building
shapeinreal life, but the microscopic simulator does not have such information. Higher demand
can then be generated where the building density islow and where the road network only offers
low capacities. One most noticeable potential outcomes of inconsistent locations of trip starts
and ends is congestion appearing at the wrong place or changes in the overall traffic dynamics
due to incorrect distribution of vehicles over the network.

One solution could be to increase the number of TAZs and decrease their size to overcome
this problem. However, thisis not a universal solution because:

(1) It would require accurate socio-economic and mobility data available at avery small
scale, amost at the individua scale, which is difficult and time-consuming to
acquire.

(i) It would result in very low fluxes between OD pairs, especially after disaggregating

by purposes, and thisis challenging to handle with micro-simulators.

Moreover, as stated by Lovelace et a. (2014), “ Selecting zones that are too small relative to
the study area can lead to long processing times, messy maps, and overcomplexity. Analyses
based on overly large zones, on the other hand, can gloss over spatial variability by presenting
space in extensive, homogeneous blocks.”

To overcome the limitations related to the spatial resolution of the trip starting and ending
locations provided by classical FSM methods, we proposed to add a 5" step to the FSM
framework. This step takes place between steps 2 (distribution) and 3 (mode choice) and deals
with trip startings and endings' local positioning. This step does not require a more refined
mesh, but instead, it further processes the available data inside each TAZ to apprehend trip
terminations better.

Therest of the paper isorganized asfollows: first, theliterature regarding FSM and its mains
features (purpose distribution and zoning) is reviewed (Section 2). Section 3 presents the
materials, in particular, all the data sources used in this study. Section 4 explains the
methodology, i.e. how TAZs are partitioned into subregions and how trip starts and ends are
accurately located by merging multiple data sources on buildings and their primary distinctions
(housing, industry, education, etc.). Section 5 presents the case study applied for the city of
Lyon, France, and Section 6 discuss the results obtained with the dynamic microsimulation.

2 Literature Review

The most classical method used to estimate travel demand in urban areas (although it is not
the only option) is the four-step model (FSM). FSM originates from the microeconomic
consumer choice theory applied in transportation research (see Bonnel (2002) for areview). It
relies on partitioning the urban area into traffic analysis zones (TAZs) that constitute origins
and destinations for trips. The FSM determines OD flow distribution among all the different
TAZ. These models have already been widely documented for several decades (Manheim,
1979; Ben-Akivaand Lerman, 1985; Bonnel, 2002; McNally, 2007; Patriksson, 2015). Among
the relevant studies, we can cite Dowd (2015), who applied an adapted FSM (MIT-FSM) to the
Boston Metro Region to evaluate both the impact of flooding on a person’s ability to complete



trips and the overall performances of the network. Zhang and Levinson (2016) recently used an
FSM to evauate the evolution of network supply and travel demand associated with road
infrastructure development at the microscale. Their study revealed that some network
properties, such as road hierarchy, can be predicted at alarge-scale.

While many studies estimate the demand at the TAZ level, some model s propose to combine
generic data calculated at the TAZ level with more accurate land-use data and Geographical
Information Systems (GIS), providing information at a much smaller scale, to spatially refine
the urban analysis (Paéz and Scott, 2004). Solutions for mapping these land-use data have been
proposed, alowing an increase in the global amount of available data and a better location of
activities. For example, Bamer et al. (2006) proposed a new demand-modeling framework that
combines various data types (Household surveys, land-use data, commuting patterns, census
data) to produce individual demand patterns. They applied their model to two areas. On the
canton of Zurich, they mapped information on a raster with a grid cell size of 100 by 100 m,
resulting in atotal of 167 000 cells. A similar operation was carried on Berlin's city, resulting
in 170 000 cells of size 500 by 500 m. Although the framework requires significant additional
ressources compared to the origina FSM, it constitutes a promising tool for
aggregating/disaggregating multiples sources of data and dealing with a high number of agents
(7 million people for Berlin).

To deal with the limited spatial accuracy of activities in classical models, Moeckel et al.
(2002) also combined public data (among household surveys and census) aggregated at an
administrative scale, with a land-use model (giving accurate information about density of
housing, industries, open-spaces and other activities). First, they overlayed araster of grid cell
size 100 by 100 m. Then, they estimated the distribution of activities provided by the land-use
on this raster, increasing the resolution of the demand description to fit the needs for micro-
simulation, for example. However, it isimportant to notice that the authors discussthe relevance
of using more disaggregated approaches, when considering the quantity of detailed dataactually
needed for these kind of studies.

Apart from coupling with land-use models, a significant concern, when dealing with FSM,
is the question of trip purposes. Usually, purposes are estimated through the aggregation of
various pre-existing datasets, such as socio-economic data, census, household surveys, land-
use data (McNally, M.G., 2007).

However, as associating a purpose to each person’s trips is a cumbersome task, and as
activities chains are challenging to represent (because of the statistical under-representation of
many purposes in the public surveys), studies often factor the data into a limited number of
significant purposes. Thus, if Ghadiri et al. (2019) used five Home-Based purposes (Work,
Education, Recreation, Shopping, and Persona business) when estimating travel demand for
the city of Khoy, Iran, usualy, these purposes are reduced to Home-Based to Work, Home-
Based to Other, and Non-Home Based, with only afew variations (Zhao and Kockelman, 2000,
2002; McNally, M.G., 2007, Wang et al., 2013, Apronti and Ksaibati, 2018, Park et al., 2019).

Restricting possible trip purposesis a limiting factor to accurate positioning of trip starting
and endings, crucia for micro-simulation studies.

Another aspect of FSM liesin using TAZs for travel demand estimation (Barton-Aschman
Associates et a., 1997; McNally, M.G., 2007; Martinez et al., 2009, 2010; Jeon et a., 2012;
Park et a., 2019). In FSM, TAZs are often reduced to a centroid, used as an injection point for
vehicles (Horowitz, 2001; Qian and Zhang, 2012; Hagen-Zanker and Jin, 2015). This centroid
is then connected to the real road network via one (or more) “centroid connector” or link, a
virtual road for which artificial characteristics (capacity, maximum speed, travel time) are



prescribed (Wang et al., 2013, Apronti and Ksaibati, 2018). However, athough several centroid
connectors sometimes ensure access to the TAZ from different locations, using a unigque point
for vehicle injection or removal can result in inconsistent local vehicle distributions because
the demand injection is not enough correlated with the network properties. Thisis the case, for
example, when an injection point uniformly distributes the demand to multiple subnodes where
some are located in secondary network links that cannot sustain the flow generation because of
limited link capacties. Thisis very problematic in the case of micro-simulation.

Supernak (1983) argued that the aggregation of data through a centroid, as it centralizes all
the information, leads to aloss of accuracy (access to the public transport system, biasesin the
socio-economic characteristics of individuals leading to wrong mode sharing, etc.) which can
affect the whole modeling process. Thus, some methodsto avoid the use of these centroids have
been developed. Using fine-grained spatial data, Manout et al. (2018) defined a new generation
of centroids connectors, called stopping point connectors, accounting for the residents/\workers
positions and the remoteness from transit facilities. Their method provides an increase in the
model accuracy when compared with observed data.

Furthermore, the classical FSM framework globally ignores the intrazonal trips which
compose anon-negligible part of travel demand (the OD matrix’ sdiagonal terms). The quantity
of intrazonal travel is estimated, but this demand is not projected on the real network as there
IS no step to position trip startings and endings accurately. Manout and Bonnel (2019) showed
the importance of accurately representing the demand associated with these travel types. Their
study, based on the comparison between different TAZ sizes, showed that misrepresentation of
intrazonal trips significantly impacts network speed, volume, and congestion levels.
Park et a., (2019), highlight that “Intrazonal trips are a minor consideration in the four-step
travel demand modeling process, despite the fact that they typically amount to 10% or more of
all trips in household travel surveys.” In arecent study, Martinez et al. (2009) also estimated
the level of intrazonal trips. Based on different TAZs shapes (from administrative to square
grid), they estimated the percentage of intrazonal trips between 8 % and 10 %.

Closely linked to centroids and intrazonal tripsisthe question of zoning, especially the shape
and the size of TAZs (Manout and Bonnel, 2019). Although it has been under-considered for a
while (Martinez et al., 2007), this point is crucial (Ding, 1998). The spatial extension of aTAZ
directly impacts the number of intrazonal trips, the distance between zones, and the centroid's
position and reliability. The finest zoning best represents the variability of trip distances, but it
decreases the size of the sampling and the statistical reliability (Cabrera Delgado and Bonnel,
2016). Openshaw (1977), who compared different urban partitioning options through empirical
experiments in the framework of spatial interaction models, showed that political or
administrative zoning does not necessarily provide better results than randomized zoning.
Ghadiri et al. (2019) confirmed this assertion by showing that TAZs of regular geometric shapes
give the same quality level in trip production as traditional zoning. In their study, the mean
TAZ areais 0.49 km? (meaning about 700m of characteristic length).

A long list of (sometimes contradictory) criteria for designing TAZ was established by
Martinez et a. (2007). Their study clearly stated the difficulty of finding an optimal rule for
shaping the TAZ, as there are many requirements (homogeneity, compactness, equity in terms
of trip generation, minimization of intrazonal trips,...) that the TAZ should ultimately fulfill.
Nevertheless, they proposed a numerical framework for TAZ design applied to the Lisbon
Metropolitan Area (Martinez et a., 2009). Results of different TAZs designs systems
(Administrative, Square grid, Smoothed density surface of geocoded travel demand data
algorithm) were studied with respect to three indicators they tried to minimize: the percentage
of intrazonal trips, the percentage of trips in statistically non-significant OD matrix cells, and
the 75" percentile of the zone equivalent radius in the subset of statistically significant zones.



They concluded that grid cell and administrative-based designs were less accurate compared
with their agorithm. In their studies, the TAZ equivalent radius evolved between 460 m and
1100 m.

Altan and Ay6zen (2018) also investigated the impact of TAZs sizes on their FSM accuracy
when estimating Istanbul city's transport demand. By correlating the TAZ radius variation with
the population and employment density, they showed that a decrease in TAZ size as the
population density increases enhances the model accuracy. They found satisfying results when
reducing the TAZ size to approximately 500m mean radius, with a minimum limit of 350m in
central areas. When estimating the demand for the city of Berlin, Balmer et a. (2006)
considered about 1 000 TAZs for about 12 000 blocks. Each TAZ consists of severa blocks.
During their travel demand processing, they aternate aggregation and disaggregation steps
within block-scale and TAZ-scale.

All these studies highlight the question of the complexity of TAZs sizes, although some
indicators seem now to be globally accepted (zone compactness, homogeneity, size, number of
the intrazonal trip). Especially, mean TAZ size is usually considered to be between 300m and
700m of characteristic length. However, we should stressthat there is no clear aggrement about
the best zone shape, which in any case highly depends on the data availability.

Considering al these aspects (especialy the fact that intrazona trips are usualy poorly
considered), the subject of trip data resolution becomes of significant importance.

Wegener (2011) considers that we should achieve a high resolution for traffic representation
for any study “addressing environmental issues, such as air quality, noise, landscape.” Thisis
now possible considering the availability of new high-resolution datasets and enhanced
capacities in computer science. For instance, Batterman et a. (2014) assess different spatia
scales when estimating the level of exposure to Nitrogen Oxides (NOx). They conclude that
considering spatial extents such as census tracts and ZIP codes instead of smaller areas|eadsto
overestimating the exposure since fewer people live close by major roads. Gurram et a. (2019)
use high-resolution data to investigate the pollutant concentration and air quality in the area of
Tampa, Florida, and its effect on the population. Using DaySim as an activity-based model and
Matsim for dynamic traffic assignment, they show that the mean level of exposition is better
estimated with high-resolution data regarding both pollutant and traffic data. They use for
locating activities and NOx concentration, a map scaled at 0.25km?2. They highlight that using
alower data resolution decreases the global exposure estimates. Also, dealing with exposure to
micro-particles, Lund et a. (2020) combine an agent-based model with a map of PM2.5, to
evaluate theimpact of every-day activitiesfor inhabitantsin the region of Wasatch Front (Utah).
Agentswith “Home” and “Work” locations are described at census-block scale, meaning about
250 by 250 m, and the PM 2.5 concentration maps are generated at a spatial resolution of 250m.
The authors underlined the problems of dealing with data sources from different periods,
leading to variations between simulation results and observations. They conclude that studies
requiring high-resolution data may be challenging to implement in more remote areas, where
data is usually sparser and dispersed. This conclusion confirms Wegener’s statement, saying
that the counterpart of working at a microscopic approach when dealing with large perimeters
isthat it may lead to underestimating the complexity of the problem and the risk of getting lost
in data collection and calibration.

These considerations highlight the need for high-resolution trip data, and it is even more
crucial as public policies are now highly concerned about environmental issues (Pachaury et
al., 2014).

The studies mentioned above highlight the importance of the initial partitioning on demand
estimation. Also, they illustrate the difficulty of adjusting these parameters in practice (the



number of regions) becauseit often depends on dataresol ution, which can vary from one dataset
to another. Moreover, increasing the number of OD pairs (as required for alarge-scale micro-
simulation) quickly complexifies the implementation.

The methodology proposed in this manuscript ams to take advantage of the FSM
framework's numerous qualities while overcoming some of its limitations. Especially, FSM is
very good at estimating the travel demand between extensive census or administrative areas.
Coupling such estimations with a microscopic simulator makes it possible to get a global
representation of individual trips, which is usually one of the significant challenges when
modeling traffic demand (Balmer et al., 2006). However, while this guarantees that the number
of trips between the TAZ corresponds to the FSM demand, a microscopic simulator requires
additional information about the trip initiation and termination locations as this may influence
the local traffic conditions.

Besides, the use of high-resolution spatial distribution of activities (specific datasets) allows
us to get the origin and destination locations with high spatial accuracy (basically, at the
building level) and still on the road network. It also avoids using any artificial centroid
connector, as in many studies presented above, and thus promises a better representation of
local phenomena.

Moreover, most studies are only dealing with a few trip purposes. Our framework can deal
with amore extensive variety of travel purposes (up to ninein this study). This number is only
limited by the statistical representativity of each purpose in the household surveys, meaning at
a census scale. Our approach shows some similarities with the frameworks combining agent-
based and land-use models (Balmer et al., 2006 ; Moeckel et a., 2002), as they also integrate
land-use data. However, in our case, thisintegration takes place within the well-established and
highly used FSM framework.

Thus, the methodology presented in this article can be seen as afifth step added to the FSM
that takes the original OD flow estimation between TAZs and transforms them into trips with
the origin and destination locations inside the TAZ on the road network. Such locations are
correlated with the local building shapes and activities and trip purposes. This is achieved by
dividing the mesh originally described by urban policies (on which census and survey data are
usually collected), called “IRIS’ areas, into FM-IRISes sub-regions (for Fine-Mesh IRISes).
Then, the description of the total regional trip starts and endings is distributed, over the FM-
IRISes and per purpose, to reflect the local information we have on building location and
occupancy. Such aframework istested in the city of Lyon, France.



3 Materials
31 Demand and geographical datasets
Our framework requires several datasets. They are all summarized in Table 1 below. Each
dataset is updated every year, except for the household survey (named EMD in this paper, for

Enquéte Ménages Déplacements in French), updated every ten years. Some of them are fully
open-access, while others are free for research purposes only.

Table 1: List of databases used.

Name Sour ce Short description Spatial Accuracy  Open-Access
IRISzoning ~ IGN  Svaid Adminisrative IRIS Al
zoning.
Répertoire List of building
Immeubles INSEE addresses, apartments, Fosta qddre_ss and Research
- unigueid
localisés and vacancy count.
Correspondence
between Postal address,
BD adresses IGN addresses/uniqueid  uniqueid and point Research
and GIS location coordinates
coordinates.
BD Topo IGN Geo-Referenced Shape and Research
Buildings. coordinates
II%/Ingn lgzts Quetel et Household survey IRIS (or R ch
Déplacement ADISP focused on mobility. aggregated IRIS)
Population census and
Census INSEE description. IRIS All
Record of all
SIRENE INSEE ~ CompaniesinFrance, b address Al
main activity, and
employee count.
. Student count per
Student National . By school and
. educational . Research
database Education establishment. highschool
School . .
buildings M =ereg] el - Point coordinates All
Education school location.
database
IRIS zoning:

This corresponds to the spatial partitioning of an urban area based on the census of its
inhabitants. IRIS* gathers approximately the same number of residents, about 2000. Shapes
and surfaces are highly variable. The smallest IRIS area covers 2 to 3 streets, but larger areas
can cover severa sguare kilometers (cf Figure 1, described later). In this study, TAZs are
defined by our IRIS areas, and in the following, we refer to them as IRIS or IRIS areas.

! https://www.insee fr/fr/metadonnees/definition/c1523



Répertoire Immeubles Localisés (RIL):

This national database contains, for each building located in cities with more than 10 000
inhabitants, the number of apartments and their vacancy. These data are updated by the French
property tax institution (INSEE, 2016). The location of buildings is provided by the postal
address and a unique identifier.

BD adresses:

This database, provided by IGN, the French national geographical service, matches postal
addresses, and geographical coordinates. It uses the same identifiers as that of the RIL. Data
coverage isvery accurate in urban areas.

BD Topo:
Again, from IGN, this database provides us with amap of all buildingsin France. Buildings
are discretized depending on their usage (industry, agricultural, cultural, educational, etc.).

Enquéte ménage déplacement (EM D):

Thisis the primary source of information on mobility behaviors. This survey describes the
travelers depending on different aspects: socio-economic category (age, gender, etc.), main
occupation (schoolboy, student, worker, retired, etc.), location of the home aswell asthe origin
and destination purposes for al trips (home, work, leisure, studying and so forth).

In our case, thissurvey was carried on in 2015 and gathered information on 27 000 residents
trips, from Monday to Friday. Over this 27 000, about 14 000 underwent an interview at home
(about 1h30). For the others, the survey was done by phone.

Census:

Through a continuous survey, census datais obtained by INSEE at the IRIS scale: each year,
10% to 15% of the IRISinhabitants are surveyed. Dataare merged and smoothed to get updated
every five years. It is the primary source of population information.

SIRENE:

Thisfile contains an accurate description of all official economic activities. This base isthe
result of a mandatory administrative declaration, and thus it is a highly reliable source of
information.

The datais accurate enough to distinguish between different buildings of the same company,
and it gathers not only significant companies but also associations and public administrations.
It incorporates the postal address, the kind of activity, and the number of employees. Thisfile
isamajor asset asit provides data at a high resolution (i.e., postal address). It has aready been
used for some transportation studies like freight transport modeling (Toilier et al., 2018).

Student and School Building databases:

The student base is an exhaustive census of al schoolboys and students in the different
buildings. The School Building database allows us to locate them efficiently. These bases were
completed by a phone survey carried out for this study, especially regarding universities, which
are sometimes missing.

3.2 Four-Step Model (FSM)



Our approach requires running first a classical four-step model to estimate the OD flows per
purposes at the TAZ scale. Our contribution is about improving the OD flow distribution inside
the TAZ with a better description of the trip start and end locations. We should stress that our
method does not change the flow estimation between TAZs, which is directly predicted by the
original FSM.

Such an improvement is operated by adding a new sequence between the usual step 2 (trip
distribution) and step 3 (mode choice) that focuses on refining local origins and destinations for
trips considering additional data at the building level. Step 1 (trip generation) and step 4 (trip
assignment) do not change either. In this study, we will extract the data from the FSM
framework after step 2. This means that we assume that the results of phase 1, i.e., the travel
demand per purpose at the IRIS scale, and step 2, i.e., OD flows between zones, are known.
Note that emission represents the total number of trips starting in an area, while attraction isthe
total number of trips arriving in a zone. Among the different options proposed in the literature
for step 2, we rely on the gravity model asit has already been successfully applied to the same
territory, see Bonnel, 2002.

3.3 Trip purposes

FSM provides the travel demand in each IRIS area. In the following, emission from an IRIS
areai is denoted E;, and attraction toward an IRIS area | is denoted A;. Additionally, emission
and attraction can be associated with a given purpose, e.g., the number of employments, aka
“Work” purpose, attracting or releasing workers. In this case, they are respectively denoted E;}
and AJ’-, where | isthe purpose. The people leaving IRIS areai for their job are associated with
an emission E}°T,

The full list of purposes presented in the EMD household survey gathers 38 different
categories. However, most of them are not statistically significant. They are, therefore,
aggregated into 11 purposes, described in Table 2.

Table 2: List of purposes and their associated activity

Purpose Associated activity

Home Apartment, House

Work Any official company name (Fren(_:h SIRET description):
company, association, public service

School Elementary School

College High School

University University, Engineering school

h Any private commercial venture (market, car dedler,

op

shop, €tc.)

Health Medical, Para-medical, Hospital, etc.

Medical & Administrative steps  Administration, Social services

Leisure Museum, Theater, Sport, Concert hall...

Escort Bringing someone to a destination

Visit Visiting someone




4 Method

Asmentioned in theintroduction, in FSM, demand is estimated at the IRIS (TAZ) scale, and
al information isusually concentrated at its centroid. Let recall herethat OD flows are extracted
after step 2 using FSM.

In this section, we present the two methods we implemented to circumvent the limitations
highlighted in the introduction of this article:

1. A better location of trip generation and termination at the IRIS scale

2. Anefficient correlation of these trips with origin and destination purposes, reflecting the

activity existing in the IRIS.

4.1 Localization of trip initiation and ter mination

The more extended and heterogeneous the IRIS, the lower the accuracy in terms of traffic
representation. Concerning this point, Supernak (1983) suggested that the best shape (for an
IRIS) should satisfy the following conditions: (i) limitation of spatial data dispersion, (ii)
reliable statistical sampling with acceptable computation time, and (iii) homogenization of area
shapes. In our case, most of the information on traveler behavior is self-consistent at the IRIS
scale.

However, athough IRIS fulfills many of Supernak’s requirements, the reliability of trip
initiations and terminations can be jeopardized because of non-homogeneous building
distribution within the IRIS. Thisexampleisillustrated in Figure 1 below, for the city of Lyon,
France. Close to the city center, some IRIS areas are small and densely built (Figure 1a), while
others have vacuums with no buildings where trips cannot be initiated or terminated (Figure
1b). Away from the city center, some IRIS combine both inhomogeneity and sparse building
(Figure 1c and Figure 1d).

150m 300m

1km 2km
— —

C d

Figure 1: Building inhomogeneity in some IRIS areas (marked out with black lines) for the city
of Lyon, France. IRIS aand b are downtown when c is located at the northern limit of the city.
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The IRIS described in dislocated in the countryside. Note the variation in the size of each IRIS
area.

To tackle the question of heterogeneous building distribution, we created an algorithm to
identify sub-regionsinside an IRIS area with dense enough building coverage. This algorithm,
fully described in Figure 2, functions as follows.

1. First, to save time, the buildings described in the BD Topo are localized at their center
of gravity with a centroid instead of a polygonal shape. A sguare mesh isthen created,
covering the full macro-perimeter, with a grid cell size of 70m. Previous studies
involving land-use mapping spread within a wide range of values for grid cell sizes,
from 40 by 40 m for (Martinez, 2007) up to 100 by 100 min Zurich and 500 by 500 m
for Berlin (Bamer et al., 2006). This grid cell sizeis small enough to ignore most non-
built areas and big enough to limit the computational time. This grid is then intersected
with the building localization to identify the grid cells containing buildings.

2. Visua control is performed to ensure that no building is missed due to the previous

simplification. If thisis the case, the parameters (e.g., the grid cell size) can be adjusted.

3. During this process, some vacuum areas can appear between close buildings, even when
they are part of the same structure. To avoid these phenomena, we create a 3*3 cell
moving matrix. Thismatrix glidesfrom cell to cell and gathers the areas with continuous
buildings inside. This is consistent with the definition of “built” given by INSEE, as
“ continuous buildings without space longer than 200m”2. The 3*3 cell matrix is 210m
wide and thus conformsto this official definition.

At this point, the clusters of cells are identified.

The shape of the built areais then defined by following the centers of each border cell.

We then add a buffer layer one cell wide to perfectly encompass the surface covered by

the buildings.

7. Finaly, built areas that are smaller than a given size are disregard. The size of this
threshold is 40 000m? (meaning a characteristic length of 200 m). This threshold was
arbitrarily set as an equilibrium between accounting for the higher number of buildings
and saving computational time. However, it is in the range of the smallest sizes
recommended in the literature for TAZs (Sect. 2 Literature Review). Although this
threshold deserves a further sensitivity analysis, it is still useful, mainly in the
countryside, to avoid the multiplication of very small areas. (see Figure 1d).

o u ks

2 https://www.insee fr/fr/metadonnees/definition/c1501
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Figure 2: Description of the built detection algorithm.

Anillustrated example of this algorithm is given in Figure 3 for Lyon St Exupery airport’s
IRIS area. The airport and the neighboring towns are recognized, isolated, and indexed.
Uncultivated or agricultural areas, rivers, natural areas, and isolated buildings are ignored.

a b C

Figure 3: Illustration of the built recognition algorithm in the area of Lyon Saint-Exupéry
Airport. For each IRIS (black line), the built area (a) is identified (b) and isolated in distinct
areas (€). The agorithm is described in Figure 2.
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Itisimportant to recall that this algorithm looks for building coverage. Thus, some non-built
areas, such as parks or outdoor working areas, may be omitted. This must be taken into
consideration when these cases are not marginal. However, in dense urban perimeter, thiskind
of situation is hardly encountered.

4.2 Spatial distribution of purposesand trips

At this stage, for a given IRIS, we know where OD trips should not start or end because
there is no local origin or destination (vacuum identified by the previous agorithm). Still, we
do not yet have a sufficient description of where trips should start and stop. We propose to
exploit our dataset to improve the location of activities. The idea is that a trip with an origin
purpose corresponding to “Home” should not be initiated from a commercial area but
residential buildings, with a higher probability if such facilities have more inhabitants.

421 FM-IRISsub-division

It makes sense to distribute the purposes at arefined scale, as most of our datasets are given
at the scale of postal addresses. Thus, we decided to partition the built area defined in the
previous paragraph into sub-regions named “FM-IRIS’, for Fine-Mesh IRIS. The algorithm is
described in Figure 4 below:

Figure 4. Description of the algorithm of FM-IRIS sub-division. S, isthe surface of the built
areaz, and L, and Ly are length of axis defined by the two movements of inertiaa, and . p,
and p, are the resulting FM-IRI Ses.
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The surface of the built area (S,) is computed and compared with a threshold value of
1.10° m?. We choose this value of 1.10° m? as a compromise between two requirements : (i)
reaching a total number of FM-IRISes which keeps the computational time as low as possible
and (ii) getting adistribution of sizes and shapes for FM-IRISes, as small and homogeneous as
possible. Then, there are two possibilities:

1. If thesurfaceislarger than the threshold, it must be split, whatever the area's shape. We

calculate the two first movements of inertia of the built area, a, and 5. The FM-IRISis
split aong the axis defined by the shortest movement of inertia (3).
2. If the surface is smaller than the threshold, it will not be split, except if the following
conditions are fulfilled:
0 S, must be larger than 3.10° m? (meaning, about 500 m characteristic length).
Thisthreshold was set to ensure we keep homogeneous purposes within areliable
area and not considering the building scale.

0 The ratio between the length of the first two movements of inertia (2—“) must be
B

higher than 1.3. This means that even if the built areais too small to be split, its
shape is still well spread and can be improved. In this case, as previoudy, the
FM-IRIS is divided along the axis defined by the shortest movement of inertia

(B).

Following the statement of Martinez et al., 2009, according to whom “irregular geometry
boundaries zoning system should present better results compared to an equivalent regular
geometry boundary zoning system”, and although some additional sensitivity tests should be
carried on concerning the threshold used during this spatial disaggregation process, we still
fulfill the majors recommendations listed in the literature review. Our splitting mainly follows
the administrative zoning and respects the compactness and the size homogeneity.

4.2.2 Quantifying purposesat the FM-IRIS scale

The FSM allows us to compute the demand and the OD flux, per purpose, at the IRIS scale.
But, in our case, we rely on our new dataset to further localize them accurately at the FM-IRIS
scale. Theway we proceed in localizing purposes using the dataset is described below, for each
purpose.

Note that, as children under age 6 are usually escorted by a person in charge, we decided to
gather all the trips associated with this class into an “ escort” purpose.

“Home” purpose:

We use the “Census’ dataset to get the residential population at the IRIS scale. Then, the
“RIL (Répertoire Immeubles Localisés)” isused to identify the size of residences (houses, flats
per building), and the “BD Adresses’ to distribute this purpose spatially by transforming postal
addresses into geographical coordinates.

“School” and “ College” purpose:

The “Student” database gives capacities of schools and colleges. The “School Building”
databases provide the location of schools and colleges. These data are associated with an
accurate geo-localization, giving the position at the building level.

Data concerning private schools are obtained manually by phone survey.
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“University” purpose:

Capacities and location of some establishments are obtained the same way as we did for
“School” and “College” purposes. Asthe data availableis sparser due to the number of private
universities and engineering schools, we mainly contracted a phone survey to get the number
of students and the exact location. Although some of them can be missing, combining these two
approaches gives a precise representation of the location and a reliable numbering of this
purpose.

“Work”, “Shop”, “Health”, “Medical & Administrative steps’, and “Leisure’
pur poses.

The SIRENE (list of all official economic activities) dataset identifies all buildings (at street
scale) for which aprofessional activity has been declared. It also associatesan I D corresponding
to each type of activity identified. The correspondence between these ID and human-readable
activities is realized using the NAF classification (ex: ID “45.11" means “Cars Sellers’). We
then relate the activity to one or several purposes (Shop, Leisure...), following Table 3 below:

Table 3. Correspondence between NAF codes and purposes

Purpose NAF classification
Work All
Shop Any shop, including “car and truck sellers’
Health Any activity for human hesalth

Public & defense administration

Medical & Administrative steps Mandatory social security

Creative & artistic activities
Libraries, museums, and other cultural activities
Gambling and money organization
Sports & recreational activities

Leisure

For the estimation of purpose in each building, we rely on the number of employees, given
by range in Table 4 below, and we process the purpose as follows:
e For “Work”, we directly get the number of employees by class using Table 4. This
information allows the highly accurate quantification of “Work” purpose, whichisa
significant source for mobility;

Table 4: Number of employees in the SIRENE database for each class.

Number of employees by class

0

1-2
3-5
6-9
10-19
20-49
50-99
100 - 199

+100 for each additional class
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e For “Shop”, “Hedth”, “Leisure”, and “Medical and Administrative Steps’, the
process is a little bit different. We know the demand E* for purpose | at the Macro-
Perimeter scale. We know the exact distribution of “Work” purposes at the IRIS and
FM-IRIS scale from the previous step. We then compute the fraction of workers
associated with purpose | in FM-IRIS k, denoted w}Mk (for example, when dealing
with purpose “Shop”, we only consider the employees working in structures “Any
shop, including car and truck sellers’ in Table 3). The number of purpose | in FM-
irisk isthen equal to the product of E* and wi, .

Thus, the number of entities for these purposes is directly linked to the workers in
the related domains and estimated at the FM-IRIS scale. This approach is simple to
implement, does not require a specific algorithm, and considers that one building can
host several purposes (different SIRENE classifications).

Finaly, locations (given as a postal address in the SIRENE file) are projected into
geographic coordinates using the “BD Adresses’ dataset.

While giving satisfying results, this method can still raise biases: for example, the Public
Administration of Lyon has declared al its employeesin only one place (the central town hall),
whereas, in redlity, they are dispatched to different locations around the city. Hopefully, these
cases are marginal and can be corrected manually.

Moreover, this process always associates the same number of purposes for a given number
of employees, although they should sometimes lead to different attraction levels. For example,
a theatre may correspond to one worker (“Work” purpose) but two hundred customers
(“Leisure” purpose), while a sports coach may correspond to oneworker for one customer. This
limitation could be circumvented by creating an abacus and corresponding tables, but this has
not been implemented in our model yet.

Finally, we would like to point out that, as our framework does not consider atrip origin or
destination within an area that is not built, some structures are disregarded. Especiadly, the
purpose “Leisure” may be underestimate, especially for public parks and gardens. However,
we consider that most of the travels to parks are done by public transport, walk, and bike, and
thus, do not really impact our study, as we, finaly, consider cars only.

Nevertheless, some strategies could be deployed to address this specific question. One of
them would be to combine a manual survey (as we did for “University”) with the postal
addresses of the main park entrances.

Escort purpose:

The “Escort to destination” purpose is turned into ratios computed directly from the EMD
household survey.

The purpose “Escort to bus stop” has not been considered here. Although it isincluded in
the EMD, for the city of Lyon, it gathersonly 441 trips against 8 600 for “ Escort to destination”
and 40 000 for “Home”. Moreover, it would require the use of additional data regarding public
transport lines and stops.

Visit purpose:

We do not know how these trips share between the different possible locations (home, work,
leisure, etc.). Thus, we hypothesized that 80% of the “Visit” trips are for journeys home and
20% for work.
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At this stage, our purpose locations are known at the postal address, and we can compute
each purpose's distribution over the different FM-IRIS (see Figure 5a), thus permitting to
initiate/terminate the right trip at the correct location. Thisdistribution isnormalized at the IRIS
scale, and it is denoted pl, where | is the purpose and k the FM-IRI'S number, such as:

n

ZP}FL

k=1

where n isthe number of FM-IRISes in the IRIS area.

The number of trips initiating and terminating in each FM-IRIS is obtained by the product
of the ratios pj, and the emission E} and attraction A!, respectively (Figure 5b). Each purpose
is processed independently. This distribution respects the vacuum inside the IRIS but also the
variation in built coverage.

Iris area i with n FM-Iris

v
Purpose distribution over plates

N

S-Leisure

2-Work

4-Shop

n
For each purpose /, 2 p,i =1
a k=1

Iris area i

. 1 2 e
Emission £, E; E; E; )

CAttractiou Al A?

Trip initiation

Figure 5: Description of the purpose localization algorithm. For a given IRIS area i, defined
with n FM-IRIS (in this example, n=4). Here, the example is shown with five purposes only
(unique color code). (&) Distribution of purposes p}, at the FM-IRIS scale, wherel isthe purpose
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and k the FM-IRIS number. (b) Distribution of emission (E) and attraction (A) over the FM-
IRIS, using the purpose coefficients computed above.

5 Case Study
51 Description of study perimeters

We decided to focus our study on the area of Lyon, France (see Figure 6.8). To carry out the
simulation, we must capture all the traffic flows that occur in the network. We thus need to
define two perimeters:

- The macro perimeter (i.e., the demand perimeter), on which the demand is estimated.
- The micro-perimeter (i.e., Lyon network), for which the smulation is assumed to run.

5.1.1 Macro-perimeter

This perimeter is the one for which the demand is calculated. It is larger than the micro-
perimeter and encompasses it.

Designing the shape of thisareais not straightforward. The demand estimation is cal culated
only for the inhabitants of this perimeter. Any trip by people living outside this perimeter is
ignored. Thus, the perimeter must be large enough to capture all travelers flux moving across
the micro-perimeter. However, the area of this perimeter should not exceed the geographical
scope of the EMD. Otherwise, this may lead to the extrapolation of the indicators defined from
the EMD and thus distort the demand estimation.

Also, a significant concern is the border of the macro-perimeter. Border IRIS areas may
attract or emit asignificant part of fluxes. Thus, the border must be far enough from the micro-
perimeter not to influence behavior closeto it.

In our case, the demand perimeter contains 660 Iris areas and covers more than 2100 km?.
This perimeter is shown in Figure 6.b and represented by alarge circular area approximately
50 km in diameter.

It isimportant to specify that the macro-perimeter was designed by taking into account the
daily mean travel distance traveled by atraveler to ensure that most of the trips are included in
the demand. Moreover, we chose to integrate certain maor urban polarities, as they may
constitute large reservoirs of people working inside the micro-perimeter.

One limitation due to our definition of the macro perimeter is that we do not incorporate
long-range transit (people crossing the macro-perimeter). This leads to the problem of
underestimating this demand in the micro-perimeter. Hopefully, several highways are mainly
used by vehicles to cross the macro-perimeter without entering the micro-perimeter. That is
why the effect should be negligible in the final ssmulation.
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Figure 6: Study perimeters: (a) location of the study areain France, (b) macro-perimeter with

micro-perimeter footprint in black, (c) micro-perimeter (network roads in black) with colored
Iris, (d) micro-perimeter with land-use masks.

5.1.2 Micro-perimeter

Although the demand data is estimated at a larger scale, we focus only on inner Lyon (and
itsimmediate districts).

In terms of inhabitants, Lyon is the third-largest city in France, and it is almost surrounded
by a large ring road of 25km length. This freeway facilitates the network's delimitation and
allows better restriction of the incoming and outgoing fluxes (via highway interchanges) in any
direction except the southwest. A large part of the town of Villeurbanne is included in the
perimeter. On the west side, we incorporate Tassin-la-Demi-Lune city, Sainte-Foy-lés-Lyon
city, and a section of Pierre-Bénite city. This network isreferred to as“Lyon” in the following.

This network presents several interesting features (see Figure 6cd), such as high-capacity
and ahigh-speed road (ring road), dense urban area, aquasi Manhattan Network and other areas
with restrained capacities, such as bridges over the Saone and the Rhone rivers, and some
residential areas with complicated access (south-western area).

The micro-perimeter (Figure 6¢) gathers 286 | RIS areaswith asurface areaof 150km?. Thus,
40% of the IRIS areas are located over 7% of the macro-perimeter. This high variability in
population concentration highlights the disparity in demand estimation and the need for aproper
demand estimation method.

Network data were provided by HERE Navstreets (http://navmart.com/here-navstreets/),
which proposes a Geographical Information System (GIS) formatted data file describing the
network of the Rhones-Alpes area as observed in 2014. From this dataset, we extracted a
footprint corresponding to the Lyon area (see Figure 6¢).
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52 Consequences of the new methodology

When applying the algorithms described in Sect. 4 on the perimeters presented above,
some local specificities arise. These are further described in the paragraphs below.

5.2.1 Concerning the computation of FM-IRI Ses

When appliying the built-detection algorithm (Sect. 4.1), we decided to locate trips origin
and destination at the building center of gravity, instead than at the postal address or the position
of main entrances or exits. This choice may have a consequence, especially for large buildings
located on the border of a FM-IRIS, for which gravity center may be in a different FM-IRIS
than real entrances or exits. However, in our macro-perimeter, the mean building size is about
217m?, where the average FM-IRIS surface is approximately 334 000m?. Given these figures,
associating a building to the wrong FM-IRIS is very unlikely. Additionally, in our framework,
the largest built areas are cemeteries, representing negligible numbers of trips. Moreover, in the
end, vehicles areinjected into the road network. Thus, even if errorson trip start or end location
are still possible, they are quite limited in practice.

Concerning the process of built area subdivision (Sect 4.2.1), on the macro-perimeter, it
resulted in the design of atotal of 2900 FM-IRISes. The final mesh isillustrated in Figure 7.
We see that the FM-IRIS distribution is concentrated along the rivers flowing through Lyon
(The Sabne from north to south, the Rhone from north-east to south.), and the main freeways,
asthese areas are densely built.

Figure 7: Illustration of the macro-perimeter. The IRIS mesh is shown in blue, the FM-IRIS
mesh in green. For information, the micro-perimeter is over-printed in black.
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5.2.2 Concerning thedistribution of purposes

When quantifying purposes at the FM-IRIS scale (Sect 4.2.2), the SIRENE dataset listed
55 250 records on the Macro-perimeter. When relocating activities, our algorithm managed to
locate 93% of the establishments at the IRIS scale and 92% at the FM-IRIS level.

An example showing the result of the whole process is given in Figure 8 and 9. In this
example, we compared four IRIS areas with different features.

In Figure 8a, we consider an area called “ Saxe-Bossuet”, located downtown in aresidential
area. Our analysis shows that even if the two FM-IRISes are equivalent in shape, we can
highlight some slight differences in the quantity and distribution of purposes. In particular, the
“Shop” purposeislocated amost only in FM-IRIS 2 (there are two supermarkets in this area).
In contrast, the “Health” purpose mainly appears in FM-IRIS 1 (however, this must be
compared with the absol ute value of the “Health” purpose, which isinsignificant). The absolute
values of demand associated with each purpose highlight the high number of residential
buildings. The number of tripsin this area associated with purpose “Home” is more than 3000,
far ahead of the second primary purpose, “ Shop”, with approximately 2000 trips.

In Figure 8b, we focus on an IRIS area named “Tony Garnier” in Lyon's southern part. An
unbuilt area corresponding to the Rhone river flowline can be seen on the west part of the area,
detected by our built recognizer algorithm. The rest of the built coverage was split into four
FM-IRISes, as homogeneous in shape as possible. When looking at the purpose distribution,
we see much more variability than in the previous area. FM-IRIS 2 is the one with the highest
ratio of “Leisure” purpose. Thisis explained by many sports facilities, including one of Lyon's
largest stadiums, spotted by our algorithm. In total, this purpose gathers about 11 000 trips per
day. Theresidential buildings are mainly located in the northern part of the area, in FM-IRIS 1,
where the purpose “Home” is the most represented. Purpose “Work” is shared between FM-
IRIS 1 and 2, which corresponds to reality because most of the offices are located in this area.
We a so note the Ecole Normale Supérieure (a French engineering school) in FM-IRIS 1 and
several research laboratoriesin FM-IRIS 2, explaining the presence of anon-negligible number
of tripsfor this purpose (1500 trips). The poor representation of FM-IRIS 4 is explained by the
fact that most of the structures observed in this area are parks, and thus mainly aggregate afew
trips associated with the purpose “Leisure’.
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Figure 8: Results of the successive algorithms on two different areas: (a) “ Saxe-Bossuet — a
residential area, (b) “Tony Garnier” — a diverse area. Built is shown in dark gray, the orange
line delimits FM-IRISes. The purpose distribution is also indicated as a ratio between the
different FM-IRISes (left part of the graphs) and an absolute number of trips associated with
the area (right part). The color code reflects different FM-IRI Ses.

In Figure 9a, wefocused on atwo FM-IRI Ses arealocated downtown south, at thetwo rivers
confluence. For this reason, there are two unbuilt areas. The sub meshing agorithm split this
very heterogeneous area into two FM-IRISes. This area is dedicated to commercial purposes
and leisure. InFM-IRIS 1 arelocalized afew residential buildings and the central part of Lyon's
major retail centers, explaining the high level of “Shop” purpose (about 4000 trips). On the
contrary, FM-IRIS 2 comprises museums, cultural centers, art galleries, and a circus. Thisis
why the “Leisure’ purposeis mainly localized in this FM-IRIS (85% of the area), and its value
very high (9444 trips).

The last IRIS area presented in Figure 9b is called “La Doua’, and it is one of the leading
student areas in Lyon. It is located in Lyon's northern part (see Figure 1c) and bordered at its
northern part by the Rhéne River. Thus, a large amount of this area is unbuilt and so ignored
by the built-detection algorithm. The remaining part is split into four FM-IRISes. FM-IRIS 2
contains most of the “Home” purposes, which are composed of student housing. Areas 2 and 3
gather al the “Work” purposes. In contrast, the most representative purpose, “University”, is
shared amost equally between the four FM-IRISes, totalizing about 35 000 trips, which
corresponds to approximately 25% of the “University” trips listed in the macro-perimeter. The
“Leisure’ purposeis aso shared homogeneously and gathers only 10 000 trips.
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Figure 9: Results of the successive algorithms on two different areas: (a) “MontRocher” — a
shop & leisure area, (b) “LaDoua’ —astudent area. Built isshown in dark gray, the orange line
delimits FM-IRISes. The purpose distribution is also indicated as a ratio between the different
FM-IRISes (left part of the graphs) and an absolute number of trips associated with the area
(right part). The color code reflects different FM-IRI Ses.

5.3 Experiment design

After the FM-IRISes have been designed and after the purposes have been quantified, we
used Symuvia® as a trip-based dynamic simulator for calculating travel time in the traffic
network. Symuvia is a microscopic simulator based on the Lagrangian resolution of the LWR
model (Leclercg,2007). This car-following law has been further extended to account for all
features of urban traffic: bounded acceleration (Leclercq, 2017), lane-changing with relaxation
(Laval and Leclercq, 2008), multiclass (Leclercq and Laval, 2009), signalized and non-
signalized intersections (Chevallier and Leclercqg, 2009a), roundabouts (Chevallier and
Leclercg, 2009b), etc. All signalized intersections have been set up with their actua signa
settings, including bus priority. The simulation timestep was equal to 1 second.

We choseto apply our methodol ogy to an extraction of the Micro-Perimeter, shownin Figure
10 (colored TAZs) together with the Micro-Perimeter (light blue TAZS).

Thisextraction (shown explicitly in Figure 11) groupsthe 6™ district of Lyon, the 3 district
of Lyon, and a part of Villeurbanne, covering about 18 km?. Lyon 6™ district is located on the
east part of thisextraction. It ismainly aresidential area with shops and work activities, with a
road network close to a Manhattan Network. It also includes one of the city's major commercial

3 Note that Symuviais an open source simulator freely available at https://github.com/Ifsttar/Open-SymuVia.
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areasin the southern border's vicinity. Lyon 3" district extent on the southern-eastern part. It is
mainly residential, less downtown, and includes more diverse purposes, e.g., “Leisure’,
“Schools’, and “College”. The Villeurbanne area spreads over the northern part of the perimeter
and is bordered by a high-capacity ring road. Villeurbanne city holds one of Lyon's largest
universities and an extended campus (See the blue area in Figure 11a). Thus, many campus-
associated purposes (“Leisure”, “University”, “Work”) are located there.

Figure 10: Illustration of the micro-perimeter withthe TAZs (IRIS) in light blue. The extraction
used for the experiment is highlighted with colored TAZs.

The framework (meaning demand estimation, FM-IRISes creation, and purposes
distribution) was realized on the whole Macro-Perimeter. The experiment, however, was not
realized on the Micro-Perimeter, but on a sub-area of this Micro-Perimeter. This is because it
is technically very expensive to run the micro-simulator on the full city of Lyon. On several
aspects (encoding the network, applying dynamic reassignment), simulating the full micro-
perimeter would have been much more time-consuming, and it would not have a considerable
impact, as we focus on very short-scale processes, defined by the purpose distribution at the
city scale.

Thus, this network is composed of seventy-five IRIS Areas and slightly fewer than two
hundred FM-IRISes. We ran the simulation to capture the full morning peak hour, from 7:00
am to 10:30 am, including a 30min warm-up period, from 6:30 am to 7:00 am. Traffic states
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were recorded every 10 minutes. As morning peak hour mobility is mainly composed of
commuting employees, we expected many trips to terminate in working areas. Our simulation
included dynamic reassignment, following Ameli et al., 2019, based on a 20min period. This
meant that all OD pairs path flow distributions were updated every 20min based on the current
traffic conditions (travel times) to achieve user equilibrium. We did not develop this aspect,
which was out-of-the-scope of the present study.

We carried out two experiments. In thefirst one, the full methodol ogy described in this paper
was applied. This experiment is called experiment 1 in the following. In the second experiment
(experiment 2), we deactivated the FM-IRISes. Travel demand is still computed from FSM
(including census and purposes), but trip starting and terminating points were chosen randomly
among the IRIS areas (control run). Experiment 2 was the current state-of-the-art for most of
the micro simulations currently available (commercia or open-source). Thus, this experiment
mimics any microsimulation that could be carried on after the demand has been estimated
through aclassical FSM.

In other words, the only difference between both experiments is the use (experiment 1) or
not (experiment 2) of the proposed method to accurately locate trips starts and endings. In both
experiments, purposes are used for defining the travel demand and the OD matrices between
TAZsare dtrictly identical.

Figure 11: Illustration of the simulated network. IRISes are delimited with a thick black line,
and four of them are colored: (a) La Doua (blue), (b) Croix-Luizet (red), (¢) Grand Clément
(yellow), and (d) Cité Internationale (purple) with FM-IRIS numbering written.
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6 Results

6.1 Mean velocity variability

We compare the evolution of the mean velocity averaged at the network scale as a function
of time. The results of the two experiments are shown in Figure 12 below.

In both experiments, the first 45min (7:00 am to 7:45 am) show no significant difference. At
this stage, demand is still low, growing slowly, and the network is mainly freeflow.

From 7:45 am, the demand increases strongly, corresponding to the start of morning peak
activity. The network starts being loaded, and some congestion appears. Mean velocity thus
decreases in both experiments. However, our study shows that in experiment 1, the mean
velocity decreases much faster and more intensely, reaching a minimum value of 32km/h at
about 9:10 am, during the most congested period, while the mean velocity in experiment 2 does
not decrease more than 35km/h at 9:20 am, with a dlight variation.

In the morning, travelers mainly go to work (workers and students). In experiment 1,
localizing trip terminations to “Work”, “ School”, “ College” and “University” locations creates
more local congestion that then propagates. It does not mean that refining the location of trip
starts and endingsincreases congestion for any network but it isthe case here. What isimportant
to notice here is that such a process has a significant impacts when simulating the traffic
conditions inside the network in particular during peak hours, meaning that it cannot be
neglected when running microsimulations.

The velocity gap between both experiments reaches a maximum value of about 3.2km/h and
remains up to 10:10 am, then decreases slowly, but remains up to the end of the simulation.
Thisis explained by the fact that the global demand, even though decreasing at the end of the
peak, still stays much higher between 9:30 am and 10:30 am than between 7:00 am and 8:00
am.
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Figure 12: Evolution of the mean velocity, averaged at the network scale, as afunction of time,
in the case where FM-IRISes are activated (blue, experiment 1) and in the case where FM-
IRISes are unplugged (red, experiment 2). Experiment 2 is comparable to the classical Four-
Step Model setup.

6.2 Impact of demand downscaling in terms of local traffic dynamics

To better understand the difference between both experiments, we downscaled our analysis
to the IRIS scale. Figure 13 shows a comparison between the average velocities in the two
experiments for each IRIS area and each time interval. This figure highlights the mean
velocities for four specific areas. La Doua, Croix-Luizet, Grand Clément, Cité Internationale.
Figure 13 shows that for these areas, the mean velocity is higher in experiment 2 than in
experiment 1, meaning that the distribution of trips at the FM-IRIS scale significantly changes
the overall network performances predicted by microsimulation.
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Figure 13: Comparison of FM-IRIS's effect on the mean velocity at the IRIS area scale, for all
timesteps (every 10min). All IRIS areas are represented (white squares), and four of them are
highlighted: La Doua (blue), Croix-Luizet (orange), Grand Clément (yellow), and Cité
Internationale (purple).

The distribution of trip endings inside these four specific IRIS areas as a function of their
purpose isillustrated in Figure 14 below. They can be located on the global map using Figure
11. Their behavior is explained in the following.

La Doua (Figure 14a) is one of the larger areas studied. It is viewed in-depth in Figure 9b,
where we show that there is high variability in terms of purposes and demand level between its
four FM-IRISes. Notably, the distribution of purpose “Work” isrestricted to FM-IRIS 2 and 3,
and “Home” islimited to FM-IRIS 2. In the simul ation, most trips terminating with the purpose
“Work” shares between FM-IRIS 2 and 3, gathering about 2000 trips. Practically, for trips
ending with purpose “University”, experiment 1 shows that vehicles are well balanced between
the four FM-IRISes meaning about 2000 vehicles. In the case of this area, the other purposes
are not significant. Finally, high traffic levels amost only occur in FM-IRIS 2 and 3, resulting
in local congestion, spilling back over the neighbor area (see paragraph below).

Croix-Luizet (Figure 14b) is a downtown area located just south of La Doua. It is divided
into two FM-IRISes in which the sharing of tripsis quite distinct: most “Home” and “Leisure”
are located in FM-IRIS 1 while “Work”, “Medical & Administrative Steps’ and “Shop”
purposes are located in FM-IRIS 2. During the morning peak hour, we see that the main flow
of vehicles heads toward FM-IRIS 2, with the purpose “Work”. However, micro-simulation
shows that FM-IRIS 1 is the most used for accessing the La Doua area (especially FM-IRIS 2
and 3). Thus, if this area's velocity decreases strongly (as shown in Figure 13), thisis mainly
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due to the congestion spillback coming from La Doua rather than the inequity of purposes
distribution.

Grand Clément (Figure 14c) islocated around the southern border of the network. However,
it is a downtown area and an area with many inhabitants and services. Results show that the
main flows are composed of “Work” and “College’ purposes. “College” is mainly located in
FM-IRIS 1 (250 vehicles), when “Work” is equally shared, even if over-represented in FM-
IRIS 1 (192 Vs. 150 vehicles). Thisresultsin many vehicles driving to FM-IRIS 1 (485) rather
than FM-IRIS 2 (123) during morning peak hours. This unbalance increases the number of
vehiclesin small streets, leading to decreased network performance in the area.

Cité Internationale (Figure 14d) is an area dedicated to commercia centers, cinemas, and
offices. Thus, most of the vehicles driving there are heading to “Work”, “ Shop”, and “Leisure”
purposes. However, “Leisures’ are exclusively located in FM-IRIS 1, as well as most of
“Work” (meaning 429 against 141). In this area, the unbalance is high (783 vehicles going to
FM-IRIS 1 and 154 vehicles going to FM-IRIS 2), resulting in the appearance of local
congestion and a decrease in the mean velocity, which reflects on the globa network
performance.

The four areas displayed in Figure 13 and 14 exhibit a significant modification of the mean
velocity between experiment 1 and 2. This highlights the sensitivity of local traffic dynamics
to the trip terminal locations. It should be noticed that the decrease in velocity observed for
these areas does not happen in every TAZ of the network. It highly depends on the distribution
of purposes between the FM-IRISes. In our study, on average, the mean velocity is decreased.

Theimpact of distributing the purposes at the FM-IRISlevel rather than choosing trip ending
location randomly at the IRIS scale (like FSM usually does) will significantly affect vehicles
behavior at this microscopic scale. The global emission/attraction for agiven IRIS area is not
modified by our framework, as our method simply reorganizes the trip terminations inside the
IRIS areas.

Through our numerical experiments (experiment 1 and experiment 2), we clearly show that
refining the trip's start and end location matters as it may change the traffic conditions (mean
gpatial speed). It does not fully validate our method because we could not confirm that the
trends match actual observations. If we think about exploiting the data we have, i.e., mainly
loop detectors, it givestoo few observations about the local trip behavior to be conclusive. The
660 loopsinside Lyon city may look numerous, but they represent too few counts when tackling
the assignment problem, i.e., determining the path distribution. This problem is highly under-
determined as we have about 90000 OD pairs with usually 5 to 10 viable paths, which means
about 450 000 variables compared with 660 observations! It is almost impossible to get the
exact trip distribution at the city scale as many options can match the flow observations. It isa
well-known problem that has not been tackled yet. We did such a calibration after applying our
trip generation and termination step. If we would rerun the simulations using instead randomly
distributed trip generations and terminations, it may increase the discrepancies between the
simulation and the actual loop observations. However, this means nothing to our point of view.
It would have been equally possible to get accurate fits between the ssimulation and loop data
without applying our method simply because we have lots of freedom to play with the path flow
distribution and get the observations we wish. Comparing mean speed would be very difficult,
too, asloops only give accessto local speedsrelated to flow counts that are not consistent with
the mean spatial speed over the region. A complete validation of our method would require
detailed trgjectory data, at least over large areas, to investigate the actual location of trip starts
and ends and correctly estimate mean speeds. However, collecting individua large-scale
databases with high resolution for trip starting and ending is a real challenge and is almost
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impossible. Such action is out-of-the-scope of the current study, which focuses on designing
the new methodology and assessing the impacts for microscopic simulations. Still, we consider
that our simulations clearly show that we cannot keep this question of trip starts and endings
under the radar because it strongly influences the simulation results. Furthermore, the proposed
method looks very intuitive asit locatestripswhere they are morelikely to appear and disappear
considering the land-use data and purposes.
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Figure 14: Sharing of trip termination in four IRIS areas (La Doua, Croix-Luizet, Grand
Clément, Cité Internationale), distinguished by FM-IRIS in the case of experiment 1.

7 Conclusion

FSM applications to transportation studies range from urban planning to dynamic traffic
simulation and traffic control. Usually, the estimation of demand relies on spatial areasinwhich
mobility data, including travelers socio-economic characteristics, are aggregated. Vehicles are
then injected into the network from a series of virtual points distributed within the area.

However, when dealing with micro-scale dynamic simulations, this representation is
misleading for two reasons. (i) the use of punctual virtual entries or exits may spatialy
distribute vehicles in away that does not reflect reality, also (ii) the trip purposes at the origin
and destination are generally not relevant.

To avoid these limitations in dynamic micro-simulations, we proposed to increase the
description of trip characteristics by increasing the accuracy of the origin and destination of
vehiclesinside these areas and by correlating the new trip origins and destinationsto real travel
purposes.
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To achieve this objective, we combined nine public data sources, including household
surveys and geo-referenced datasets given at the IRIS area's scale, with an accurate description
of the built configuration. These data were associated with different algorithms and meshes of
different finenesses, alowing us to downscale the demand to amore refined level.

Despite integrating a large number of purposes (11 purposes in our case), much than in the
classical application of FSM (McNaly, M.G., 2007, Wang et al., 2013, Apronti and Ksaibati,
2018, Park et a., 2019), our framework could still be improved by refining some purpose
processing. As we rely on buildings to determine purposes, outside green areas do not appear
as potential locations for trips terminations. In Lyon's city, such a situation does not happen,
except in the so-called “téte d’Or” central park neighborhood. It is the reason we pay little
attention to this particular point. However, in other cities, not considering green areas may be
more detrimental and must be considered. Our algorithm can be easily extended to account for
such a situation if we include the real data in the process, i.e., the main green areas' location.
Fortunately, such data are easily available.

After the demand was estimated at the IRIS level, the setup was integrated into Lyon, and a
simulation was conducted on a local network included in the Lyon network. We decided to
evaluate our methodology by focusing on subregions only because our motivations were to
show consequences at avery small-scale (almost street-scale), rather than focus on alarge-scale
simulation (which would have largely increased network complexity and computational time).
However, further studies should be applied to the full Lyon city to extend our conclusion at a
very-large-scale, athough thisis very challenging for a micro-simulator.

Our current results showed that when the trip origin and destination are associated with an
accurate trip location, the network's average performance is modified, compared to the case in
which injection and extraction points are chosen randomly. In our case, mean velocity was thus
lowered, and some local congestion appeared. However, we could expect contrary results
depending on the FM-IRIS configuration. Congestion much depends on the location of
activitiesinthecity, and local phenomena can have severe consequences in terms of congestion
spillback. The main conclusion hereisthat the locations of trip starts and ends have asignificant
influence on the overall traffic dynamics in microsimulation studies.

The proposed method would require further experimental validation to confirm the
promising results we gained by simulation. However, as we explained earlier, it would require
collecting individual large-scale trip database with high resolution for the trip starting and
ending. Even at smaller scale and the experimental design would require considerable effort
and may raise some privacy concerns about the data collected. The lack of field-validation does
not undermine our study's conclusion as micro-simulation is often considered a good proxy for
urban traffic dynamics. Our simulation experiments clearly showed the importance of
accurately locating the trip purposes at a small-scale.

The transferability of our framework to other cities is quite straightforward. The only
guestion is about data availability. Regarding original data used for the generation step of the
Four-Step Model (Census, Household surveys, generic socio-economic data), most of them are
usually available in many cities, areas, and countries, as illustrated by the available literature.
Concerning the description of the purposes, al these data (RIL, SIRENE, BD address, and BD
Topo) are freely available in France but maybe less accessible in other countries. This is
especialy true for the SIRENE file, which gathers data specific to the companies, that may not
be made open-access. Finally, the capacity of schools, colleges, and universities, although there
are partly available online, may still require an additional phone treatment that is time-
consuming. However, the mathematical process for estimating built areas and distribution of
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purposes at the FM-IRIS scale does not include technical difficulties. It is, in that way, quite
transferrable to any micro-simulators.
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