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Abstract

While there is a well-studied body of literature on the relationship between the built environment
and travel behavior, the relationship between the built environment and the performance of
urban road networks is less understood. Macroscopic traffic models, such as the macroscopic
fundamental diagram (MFD), model the response of the transport system to travel demand.
Many macroscopic models try to establish a functional relationship between the design of urban
road network, traffic control schemes and traffic flows or speeds. However, empirical work
on linking network design to the macroscopic relationship is scarce and usually limited to a
single city. We use traffic data from inductive loop detectors or similar from more than 20 cities
worldwide to address this gap from empirical perspective.

In this paper, we first present the available datasets from Bern, London, Madrid and Zurich.
Second, we discuss the existing macroscopic traffic flow models and approaches to describe
network features. Finally, we present preliminary findings from our ongoing research.

Keywords
MFD





     

1 Introduction

An extensive body in literature studied the relationship between travel behavior and the built
environment (Ewing and Cervero, 2010, Cervero and Kockelman, 1997), whereas it is much
less studied between traffic and the built environment. Seminal - but almost the only - work in
this context is by Smeed (1961, 1968), Herman and Prigogine (1979), and was re-imitated after
thirty years by Daganzo and Geroliminis (2008). Understanding the relationship between traffic
and the built environment has key implications for the way we build cities, but, so far, a lack of
data, methodologies and tools precluded such analyses at large scale.

Early work by Smeed (1961, 1968) linked available road space to the capacity and trip comple-
tion, while - twenty years later - network features such as link length and intersection density
were linked to the parameters of the two fluid-theory using empirical data (Ardekani and Herman,

1985, Ardekani et al., 1992, Ayadh, 1986). This theory considers only speed, but neither flow
nor density, which are essential variables in traffic control. In this paper, we use empirical traffic
data from more than thirty cities around the globe and the recently introduced theory of the
macroscopic fundamental diagram (MFD) to address the gap in the relationship between traffic
and the built environment. The MFD’s consistency with the physics of traffic and large urban
scale applicability (Daganzo and Geroliminis, 2008, Geroliminis and Daganzo, 2008) provide a
profound framework for studying the relationship between traffic and the built environment.

2 Background

In his seminal work, Smeed (1968) was interested in modeling the relationship between city
design and traffic performance measured by the number of vehicles that can reach their desti-

nations per hour in a town center as a function of speed, area of the town center and fraction
of area dedicated to road infrastructure. He collected empirical data from many British cities
from which he concluded that the relationship between network’s capacity and area dedicated to
traffic is bound between a lower limit and upper limit as shown in Figure 1 from his work. To
the best of our knowledge, this is the first representation of macroscopic traffic showing that
cities perform differently. Smeed introduced f̃ as a measure how effectively road space is used
to account for the differences between cities. However, we found no further work on explaining
why differences between cities exist.

The influence of network features on traffic performance was then addressed with the Two-fluid





     

Figure 1: Smeed’s fundamental relationship between speed and flow in urban areas.

Source: Smeed (1968)

theory. In the Two-fluid theory, Herman and Prigogine (1979) divided vehicles in an urban
network into two groups: moving and stopped vehicles. The two key assumptions are

• Average journey speed is proportional to the fraction of moving vehicles
• The fraction of time an observer stops in the network is equal to the fraction of stopped

vehicles.

The following equation describes the two fluid theory. The two key parameters are n (measures
how the network responds to increasing traffic) and Tm (corresponds to the free-flow travel time).
The two measured variables T , the travel time and T the running time.

log Tr =
1

n + 1
log Tm +

n
n + 1

log T (1)

For n and Tm, Williams (2001) reported on two field studies that linked network features to
the two parameters. Ayadh (1986) suggested that the minimum travel time is a function of the
average number of lanes, while the measure of traffic performance n depends on the fraction of
one-way streets and average block length to block width ratio. Ardekani et al. (1992) suggested
that the minimal travel time per unit distance depends on the traffic signal density, average
speed limit and the fraction of approaches with good progression, while the traffic performance
parameter depends on the fraction of one-way streets, average number of lanes per street, traffic
signal density and fraction of actuated signals. Note, however, that the sample size was small





     

with four cities in Ayadh (1986), whereas nineteen cities / networks have been considered in
Ardekani et al. (1992).

Building on the fundamentals of the two-fluid theory, Mahmassani et al. (1987) proposed an
exponential relationship between three fundamental variables of traffic: flow Q, speed v and
density K in the network.

v = v f exp
−α (

K
kcrit

)d (2)

Q = Kv f exp
−α (

K
kcrit

)d (3)

v f , α, kcrit and d are parameters to be estimated. The authors tested these relationship with
simulated data, while the empirical evidence and theory were pending and provided twenty
years later by Daganzo and Geroliminis (2008) and Geroliminis and Daganzo (2008). In their
theory on the Macroscopic fundamental diagram (MFD), a tight upper bound on averages of
density and flow for an arterial can be explained by network features and traffic control schemes
alone, invariant of demand. The authors concluded that the tight bound for the network MFD
equals the bound for a link if, first, demand is slowly-varying and distributed, second, redundant
network with many desirable routes, third, homogeneous network with similar links, and, last,
the fundamental diagram of links is not significantly affected by turning movements. Arguably,
some of these assumptions are not met in reality, although Daganzo and Geroliminis (2008)
yield a convincing match between the analytical and simulation and loop detector solution for
San Francisco and Yokohama, respectively. Leclercq et al. (2014) showed with simulation for a
grid network how the analytical method for different kind of route considerations diverge from
the true underlying MFD in the simulation. Daganzo et al. (2011) and Gayah and Daganzo
(2011) showed the importance of availability of routes and route choice in the shape of the
MFD. Laval and Castrillón (2015) concluded that the MFD’s shape is influenced by the ratio of
green-time to block length and the mean red to green ratio.

Aside macroscopic flow models, the link between built environment and traffic prediction has
also attracted interest. See Sarlas and Axhausen (2016), Hackney et al. (2007) or for some
examples Gao et al. (2013).





     

3 Methodology

The objective of this work is to explain and subsequently predict MFD parameters with network
features using statistical methods. In a functional modeling approach as Equation 3, MFDs
are characterized by a network capacity Qcap at the critical density kcrit, the free flow speed
v f , and at least two parameters describing the rate of degeneration of network performance.
Network features span a wide range and can basically be divided into two groups: metric and
topological measures. In this section, we provide a brief overview on network features, but refer
to comprehensive reviews by for example Levinson (2012) and Barthélemy (2011) for more
information. At this place, we have to acknowledge the contributions by OpenStreetMap (OSM)
and Geoff Boeing; without this data availability and Boeing’s 2017 software tool, we could not
have made progress in a way we did so far.

In Table 1 we provide an overview of network feature measures we consider at the moment
as important. As this is ongoing research, the list is not complete yet. We queried for each
city in our sample the road network via the OpenStreetMap API. As we believe that residential
and service roads should not be considered for MFD estimation, we estimated the network
features first including residential streets and second without residential and service roads. As
an example we show in Figure 2 the road hierarchy levels.























Table 1: Overview on network features

Network feature Formula Comment

Urban area A Total area of experimental site, waterays and forests subtracted.
Total street network length L =

∑N
i li nlanes,i Using OSM attribut lanes; where no lane information was given, we

replaced by the mean of the respective functional road class.
Road density droad = L

A

Road network area R =
∑N

i=1 linlanes,iwi wi is approximated and differentiated by functional road class.

Average street length l̄ =
∑N

i=1 li
N

Average number of lanes per street n̄lanes =
∑

li nlanes,i∑
li

Using OSM attribut lanes; where no lane information was given, we
replaced by the mean of the respective functional road class.

Intersection density dintersection =
Nnon−dead−end nodes

A

Signalized intersection density dLS A =
Nsignalized nodes

A

Average node degree Mean number of edges incident to the nodes.
Treeness φtree = Ltree

L A tree is defined as a set of connected lines that do not form a complete
circuit.

Average closeness centrality 1/N
∑n

i=1
1∑

y,i d(y, i)
Closeness centrality is for each nodei the reciprocal of the sum of the
distance d(y, i) from one node to all other nodes in the graph, weighted
by length.

Characteristic path length lpath =
∑

i
∑

j di, j

N(N−1) Average shortest path length between two nodes, averaged over all pairs
of nodes.

Average betweenness centrality g = 1/n
∑N

i=1
∑

s,t
σst(i)
σst

For a node i, betweenness is the fraction of all shortest paths σst fro0m s

to t that go through this node.
Circuity C = Le/Lgcd Total edge length Le divided by the sum of the great circle Lgcd distances

between the nodes incident to each edge.
Average node connectivity conn Expected number of nodes need to be removed to disconnect a randomly

selected pair of non-adjacent nodes
Edge connectivity cone Minimum number of edges need to be removed to disconnect the graph
Average cycle length of signals c̄ Information from local experts (experience value)





     

Figure 2: Road network of Basel, Switzerland. Colors of the streets follow their functional class.
Motorways are given in blue, primary, secondary and tertiary roads are colored in red,
all other roads are given in black.

Source: OpenStreetMap

4 Data

In this analysis, we use data from stationary traffic detectors: inductive loop (single and double
loops), ultrasonic, passive infrared and camera detectors. We believe that this data source is most
reliable in terms of a cross-comparison of cities for several reasons. First, using a very similar
method to collect traffic data reduces the measurement bias. Second, correction methods can
be applied to overcome some spatial biases and yield results close to Edie’s method (Leclercq
et al., 2014, Ambühl et al., 2017). Third, for the probe method, we believe that for a conclusive
cross-comparison similar data sources should be used, e.g. only taxis data, navigation devices,
or automated vehicle location devices of busses, but neither is this data available to us, nor is
it guaranteed that we can measure and control for all important (unobserved) factors such as





     

bus lanes, taxis serving mainly certain routes (between the airport and the CBD), and most
importantly probe penetration rates are difficult to estimate accurately and their levels differ
between cities. However, we acknowledge that loop detectors also face a sample bias if only
a subset of the network is sampled. Nevertheless, research has shown that the MFD can be
estimated with reasonable accuracy with only a subset of links in the sample Ortigosa et al.

(2014). It is clear that additionally, there exists a measurement bias since we deal with empirical
data affected by noise and potential errors.

We received the data in many different ways. For few cities, the traffic data could be queried
via an application programming interface and stored on our computers, whereas for most cities
the data was exported from the traffic management computer and provided by employees of the
local transport authority. The traffic management software imposed in some cases restrictions
on the volume of exportable data, because it was not designed for mass export of traffic data.
For example, some software only allows to export the raw data of a single detector for a single
day at a time. With limited time, we had to restrict the exported days to just a few. Most cities
provided us with already aggregated data, while Frankfurt and Dresden provided measurements
for each vehicle passing a loop.

Each city provided us with information on the localization of each detector. Most cities provided
us with construction plans of intersections and roads where the position of each detector was
indicated. We digitized each detector in a geographic information system. For computing
network-wide average flows and densities weighted by the link length l, where the length
is defined as the distance on the link from major intersection to major intersection for each
detector. We define major intersection when two streets intersect with traffic lights, roundabouts,
motorway exits, and if a pedestrian traffic light that have an impact on traffic flow.

Since some difficulties occurred when we tried to obtain the desired information (link length,
traffic lights, etc) from maps, e.g. open street map, with an automated routine, we decided
to draw each link manually in the geographic information system. In addition, the different
data formats made it often impossible to automate the identification of driving directions. To
accurately determine the link, we used aerial photography and panoramic scenes from the roads.
As we draw unique lines for each link (lane), we were able to automatically identify whether
multiple loops cover a link. In the final data set, we attribute each loop detector to a single link
or lane. The geographic location of the loops is stored in a .shp or .kml file, which includes:

• The identification number of its associated link.
• The length l of its associated link.
• The position pos in meters from the downstream major intersection.





     

• The road name (from OSM).
• The functional road class as a measure of the road level hierarchy (from OSM); see next

paragraph.
• In case we did not receive the data per lane, but per road, we also attributed the number of

lanes to each detector. If possible we used the number of lanes given by the data provider,
otherwise we inspected the detector location in a panoramic scene from the road.
• In cities, where we identified multiple detectors per lane and link, we flag the detector,

that has the largest distance pos to the downstream major intersection as a part of the
sample and disregarded the others.

As literature suggests some of our loops tend to show faulty behavior. Moreover, the implemented
automatic fault detection routine from some transport authorities did not always yield robust
results. Thus, we inspected each detector’s scatter and time series plots in order to remove faulty
detectors. Figure 4(c) shows scatter plots of two detectors we considered as well operating; they
show similarities to a fundamental diagram; while we consider the loop detectors in Figure 4(d)
as incorrect because they exhibit a random scatter. Other faulty detectors for example showed a
constant flow or occupancy measurement.





     

Figure 3: Available data.

(a) Loop detector coverage at Piccadilly
Circus, London1.

(b) Loop covered network in Stuttgart,
Germany. All links covered by a loop
are highlighted in black, detector loca-
tions are given by black dots. All other
roads drawn in gray.

(c) Scatter plots of a loop detectors in Bordeaux, France, considered as well operating.
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(d) Scatter plots of a loop detectors in Graz, Austria, with some observations considered as false and,
subsequently removed from the sample.
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Table 2: Sample overview

No City Country Population Detectors Measurement type Ntotal Nfilter
3 Interval [s] Observation period

1 Amsterdam2 Netherlands 810’938 From the NDW system Link 117 a 60 20.-26.03.2017
2 Basel1 Switzerland 168’620 Lane 83 a 300 24.-30.10.2016
3 Berlin1 Germany 3’469’849 Traffic counting stations Link 740 a 300 a
4 Bern1 Switzerland 130’015 Lane 1421 a 300 24.-31.10.2016
5 Bordeaux2 France 742’115 Lane 480 a 300 21.-27.11.2016
6 Bremen1 Germany 551’767 Lane a a 300 19.09.-02.10.2016
7 Brisbane1 b Australia 2’176’799 SCATS detectors Lane 1294 a cycle 01.-03.02.2017
8 Cagliari2 Italy 154’019 Link 133 a 180 30.05.-03.05.2016
9 Constance2 Germany 81’692 Traffic counting stations Lane 129 a 300 13.-19.02.2019

10 Darmstadt1 Germany 151’879 Lane 393 a 180 12.-16.10.2015
11 Den Hague / Delft2 Netherlands 602’631 From the NDW system Link 579 a 60 20.-26.03.2017
12 Dortmund Germany not confirmed yet Link ~250 a
13 Dresden1 Germany 536’308 Traffic counting stations Lane 55 a 300 27.-30.03.2017
14 Dusseldorf1 Germany 604’527 Loops on inbound arterials Lane 200 a 300 06.-09.09.2016
15 Eindhoven2 Netherlands 220’920 From the NDW system Link 214 a 60 20.-26.03.2017
16 Essen Germany not confirmed yet Link ~50 a 300
17 Frankfurt1 Germany 717’624 Lane 530 a 300 21.12.2016
18 Graz1 Austria 269’997 Lane 300 a 60 04.-08.04. and 19.-23.09.2016
19 Hamburg1 Germany 1’762’791 Traffic counting stations Lane 642 a 60
20 Kassel1 Germany 194’747 Lane 601 a 60 28.08.-02.09.2016
21 London2 United Kingdom 8’606’201 SCOOT detectors Lane 13787 a 300 16.-22.05.2016
22 Lucerne1 Switzerland 81’057 Lane 160 a 60 2016
23 Madrid2 Spain 3’165’235 Link 3868 a 60 12.-16.12.2016
24 Munich1 Germany 1’429’584 Traffic counting stations Lane 548 a 90 14.02.2017
25 Paris2 b France 2’229’870 Link 2962 a 3600 Jan. and Feb. 2017
26 Rotterdam 2 Netherlands 618’357 From the NDW system Link 479 a 60 20.-26.03.2017
27 Santander2 Spain 175’736 Link 220 a 60 30.11.-02.12.2016
28 Singapore1 b Singapore 5’535’002 SCATS detectors Lane 15295 a cycle a
29 Speyer2 Germany 49’855 Lane 201 a 300 19.09.-02.10.2016
30 Stuttgart1 Germany 612’441 Traffic counting stations Lane 298 a 300 3 (5) days in March/July 2016
31 Thessaloniki2 b Greece 315’196 Link 18 a 300 Nov./Dec. 2014
32 Toulouse2 France 734’976 Link 484 180 7 days in 2008
33 Utrecht Netherlands not confirmed yet Lane ~500 300
34 Vilnius2 Lithuania 539’707 Lane 1742 90 17.03.2015
35 Wolfsburg1 Germany 123’027 Lane 406 a 300 19.09.-02.10.2016
36 Zurich1 Switzerland 391’359 Traffic counting stations Lane 1225 a 180 26.10.-01.11.2015

Note 1 http://data.un.org/

2 eurostat
3 Filtering includes removing duplicated loops per link, false loop detector measurements, and detectors in residential areas.

For Brisbane, London, Madrid and Singapore we reduced the sample in space to a more manageble size.
a not prepared yet
b No (reliable) occupancy / speed measurements





     

5 Results

In this ongoing research we are still in the stage of preparing the sensor data and road network;
at the moment we have not prepared both data sets in a way that allows further comparison.
Therefore, we present here the MFDs from the data we already prepared from table 2, Bern,
London, Madrid and Zurich. We have created the MFDs for these four cities according to
the loops method defined by Leclercq et al. (2014). For each time interval we create the link
length weighted mean flow and occupancy. We then apply a local smoothing using a moving
mean consisting of the values of two intervals before the actual interval, the value of the actual
interval, and the values of two intervals after the actual interval. This allows to remove some
noise from the data. Figures 5 - 8 show the MFDs with the corresponding sample region besides.
Differences are apparent. Bern, the smallest city in the sample does not show any congested
branch, whereas London and Zurich, both, have a well defined congested branch of the MFD.
Madrid shows only slight signs of congestion. At the same time we record that the average
speeds in these cities do decrease significantly. In London, Madrid and Zurich to around 1/3
of the free flow speeds (these ratios were calculated using ṽ = q/o, where ṽ is a proxy for
speed, o is the occupancy and serves as proxy for density, q is the flow). It is interesting that the
decrease in speeds have different effects on the MFD. Note, these are preliminary results and
more research is under-going to verify these results and interpretations.

6 Outlook

At the moment, we are still preparing the sensor data by adding the location information,
identifying the affected link and cleaning the data from errors. If we have this data ready for
many cities, we can work on identifying regions within each city suitable for estimating MFD
(size, shape, coverage with loop detectors). The importance of this data cleaning is emphasized
by the scatter plot in Figure 11 of a loop detector in Madrid. The detector seems to be wrongly
connected to the computer. In addition, we are in negotiations for some more cities to participate
in our study, thus the sample will most probably increase as well. After identifying the regions
of interest for each city, we will use the software tool by Boeing (2017) to obtain the networks
from OpenStreetMap and compute the indicators. Subsequently, we can start with our statistical
analysis.





     

Figure 5: MFD for the city of Bern, Switzerland. Region used is shown on the right.
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Figure 6: MFD for the city of London, United Kingdom. Region used is shown on the right.
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Figure 7: MFD for the city of Madrid, Spain. Region used is shown on the right.
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Figure 8: MFD for the city of Zurich, Switzerland. Region used is shown on the right.
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Figure 9: Speed and occupancy relationship in the urban networks of Bern, London, Madrid and
Zurich.
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(b) London
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(c) Madrid
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(d) Zurich
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Figure 11: Scatter plot of detector 61062 in Madrid.
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