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Linköping University, SE-601 74 Norrköping, Sweden
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Abstract
Traffic congestion increases travel times, but also results in higher en-
ergy usage and vehicular emissions. To evaluate the impact of traffic
emissions on environment and human health, the accurate estimation
of their rates and location is required. Traffic emission models can
be used for estimating emissions, providing emission factors in grams
per vehicle and kilometre. Emission factors are defined for specific
traffic situations, and traffic data is necessary in order to determine
these traffic situations along a traffic network. The required traffic
data, which consists of average speed and flow, can be obtained either
from traffic models or sensor measurements.

In large urban areas, the collection of cross-sectional data from
stationary sensors is a cost-efficient method of deriving traffic data
for emission modelling. However, the traditional approaches of ex-
trapolating this data in time and space may not accurately capture
the variations of the traffic variables when congestion is high, affect-
ing the emission estimation. Static transportation planning models,
commonly used for the evaluation of policy changes, constitute an al-
ternative efficient method of estimating the traffic data. Nevertheless,
their static nature may result in an inaccurate estimation of dynamic
traffic variables, such as the location of congestion, having a direct im-
pact on emission estimation. Congestion is strongly correlated with
increased emission rates, and since emissions have location specific
effects, the location of congestion becomes a crucial aspect.

Therefore, the derivation of traffic data for emission modelling
usually relies on the simplified, traditional approaches. The aim of
this thesis is to identify, quantify and finally reduce the errors that
these traditional approaches introduce in an emission analysis.

According to our main findings, traditional approaches may be
sufficient for analysing pollutants with global effects such as CO2,
or for large-scale emission modelling applications such as emission
inventories. However, for more temporally and spatially sensitive ap-
plications, such as dispersion and exposure modelling, a more detailed
approach is needed. In case of cross-sectional measurements, we sug-
gest and evaluate the use of a more detailed, but computationally
more expensive, data extrapolation approach. Additionally, consid-
ering the inabilities of static models, we propose and evaluate the
post-processing of their results, by applying quasi-dynamic network
loading.
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Chapter 1

Introduction

1.1 Background
The growing need of travelling, which is a main characteristic of our
modern society, has led to highly congested urban areas. Traffic con-
gestion increases travel times, but also results in higher energy usage
and vehicular emissions. Therefore, the continuous traffic growth is
associated with negative environmental effects, which are related to
both air quality and climate change. According to the European En-
vironment Agency, transportation emissions, and especially exhaust
emissions from road traffic, remains a significant contributor to the
main air pollutants affecting substantially the urban air quality (EEA,
2016a). Specifically, NOx, CO and PM2.5 make up 32%, 23% and 8%
of the total emissions, respectively. This vigorous effect of vehicular
emissions to the urban air quality, raises concerns over the impact of
traffic on global climate and human health. Therefore, an effective
implementation of emission reducing policies, such as traffic control
measures or congestion pricing, becomes crucial for many European
cities in order to meet the air quality standards and mitigate the
human exposure to pollution. By taking the correct decisions and
making the appropriate interventions in traffic, transportation plan-
ners and policy makers can alleviate congestion and hence reduce its
negative impacts.

To quantify the environmental effects and demonstrate the effec-
tiveness of these interventions, a reliable estimation of pollutant con-
centrations is needed. The estimation of pollutants concentrations
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Figure 1.1: The emission data estimation procedure. The in-
put traffic data commonly includes the number of vehicles n
and their average speed ~v, while the resulting emission data is
expressed in grams of pollutant emitted per kilometre.

is performed by air quality modelling, where transportation emis-
sions are combined with emissions coming from other sources and
meteorological data. One important air quality modelling step is the
estimation of road emissions at a street level. For this step, traffic
emission models are used, employing traffic related data (speed and
flow), information on vehicle fleet and other local characteristics (e.g.
road type and gradient, ambient temperature) (see Figure 1.1). The
basic aim of these models is to estimate the appropriate amount of a
pollutant emitted in grams per vehicle and kilometre. In large urban
areas, macroscopic or aggregate emission models are commonly ap-
plied, with COPERT (Ntziachristos et al., 2009) and HBEFA (Keller,
2010) being the two leading emission models in Europe.

1.2 Problem definition
One of the most significant inputs to emission models is the traffic
data, which consists of the traffic state and traffic activity. Traffic
state can be determined by the average speed, flow and density, while
traffic activity regards the traffic flow over a specific time period.
Traffic data can be obtained from traffic models (Borge et al., 2012;
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1.2. Problem definition

Namdeo et al., 2002; Wismans et al., 2013), measurements from traf-
fic sensors (Beevers and Carslaw, 2005; Jing et al., 2016; Johansson
et al., 2009), or from combination between models and measurements
(Batterman et al., 2014; Gately et al., 2017). However, for large scale
applications, emission estimation analyses, relying on either traffic
models or measurements, are commonly based on important simpli-
fications regarding the input traffic data.

These simplifications are mainly associated with the spatial and
temporal resolution of traffic data considered in both traffic models
and measurements. Traffic state and activity are usually derived from
aggregation in time and space and expressed by average speeds and
traffic flows. In contrast to the travel time-average speed relationship,
the relationship between emissions and average speed is non-linear,
making emission modelling sensitive speed variations. Hence, long
aggregation intervals can lead to inaccurate results both in terms of
total emission rates and spatio-temporal distribution of the emitted
pollutants. Nevertheless, aggregation may have a minor effect when
emission data is used for long-term policies such as annual reporting
of total national emissions. In this case, other parameters such as
vehicle fleet composition can be more influential. However, aggre-
gate emission data is commonly used in other applications such as
air quality modelling (see Figure 1.2), which are more sensitive to
spatio-temporal variations of emission rates. Therefore, simplifica-
tions regarding the variation in traffic conditions affect emission data
estimation, which may lead to unreliable results in many applications
of emission data.

Concerning the case where traffic models are used to generate
the traffic data, in large urban areas emission models usually rely
on traffic data attained from macroscopic transport planning models.
Specifically, traffic assignment models, such as Static Traffic Assign-
ment (STA) models, are mainly used to generate inputs for emissions
modelling, since they can efficiently be applied to larger areas with
relatively low computational cost. STA models are used at a strate-
gic level in order to assess long-term effects of policy measures or
changes in the transportation infrastructure. However, their under-
lying assumptions, related to long aggregation intervals, can lead to
inaccurate predictions when variations in traffic conditions are high.
Additionally, by using static models, many important dynamic traf-
fic flow phenomena, such as the formation and the propagation of
queues and spill-back, are not taken into account. This can result in
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Figure 1.2: The same traffic data input is commonly used
for policy use applications of emission data such as the annual
report of national emissions, but also for more temporally and
spatially-sensitive applications, such as dispersion and exposure
modelling.

an inaccurate estimation of dynamic variables, such as the location
of congestion.

When the basic output of a traffic analysis is travel time, the ac-
curacy of congestion’s location may not be so crucial, since the total
origin-destination travel times could be unaffected. However, during
an emission estimation analysis, the accurate determination of the
level and the location of congestion is essential, since many appli-
cations of emission data such as air quality modelling have location
specific effects. Therefore, the spatial average travel times and con-
sequently the average link speeds, computed by STA models, may be
insufficient to emission modelling, especially in congested networks.

While static models describe a mean traffic state over a long time
horizon, dynamic modelling approaches, such as Dynamic Traffic As-
signment (DTA) allow the traffic conditions to be described for shorter
time periods. In addition, spill-back of the queues as traffic demand
exceeds capacity, and dispersion of the queues when demand is below
the capacity, can be modelled. However, complexity issues make dy-
namic modelling computationally expensive and time consuming to
calibrate, discouraging their application in larger areas. A middle-
ground solution between static and dynamic modelling could be the
post-processing of static models based on quasi-dynamic approaches.

Considering the limitations associated with the use of macroscopic
traffic models for emission estimation, many researchers have moved
towards the exploitation of the increasingly accessible data from traf-
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fic sensors. This type of data can either be used in combination with
traffic models, or on its own as the basis for determining the emis-
sion factors. Nevertheless, a comprehensive data set with respect to
both traffic state and traffic activity is not always feasible. The avail-
able data has to be extrapolated in time and space using methods for
missing data imputation, such as traffic state estimation. However,
the traditional traffic state estimation methods used in large areas,
being originally developed for other applications rather than emis-
sion modelling, could lead to considerable emission estimation errors.
Such approaches consider assumptions, concerning the variations of
traffic conditions in time and space, which potentially can affect the
final emission estimates. In contrast to the traditional approaches,
more complex traffic state estimators, by accurately capturing the
traffic state variations can lead to more reliable emission estimates.
However, their use is discouraged for large areas, since they are com-
putationally more expensive than the traditional approaches.

1.3 Aims and research questions
The overall aim of the thesis is to identify, quantify and finally reduce
the potential errors that unrealistic assumptions regarding the varia-
tions in traffic conditions introduce in emission estimation analyses.

More specifically, the thesis aims to address the following research
questions:

Q1. Do traditional approaches of extrapolating traffic measurements
in time and space lead to less reliable emissions estimates com-
pared to more sophisticated traffic state estimators? How are
these differences distributed in time and space and what can be
the effects on the applications of emission modelling?

Q2. What are the emission estimation errors resulting due to the
simplified assumptions considered in static modelling?

Q3. Can post-processing of static modelling lead to more accurate
emission estimation? What would be the effects of post-processing
with respect to the various emission modelling applications?
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Figure 1.3: The methodology framework used in this thesis.

1.4 Method and delimitations
The basic aim of the thesis is to investigate how the different meth-
ods of deriving traffic data influence the emission estimation. For that
reason, we perform a comparison between different emission data sets
attained from various approaches of traffic data estimation. We cal-
culate the input traffic data based on four different approaches (see
Figure 1.3), for the same case study motorway segment. Then we
evaluate the effects of each approach with respect to emission mod-
elling. For the emission estimation, the HBEFA emission model is
used while the case study motorway segment is a part of the E4 high-
way passing by central Stockholm.

Radar sensors are installed at approximately every 500 meters
along the segment, measuring one-minute average speed and flow.
Based on these temporally dense measurements we initially fill the
spatio-temporal gaps using a traffic state estimator, the Adaptive
Smoothing Method (ASM). The resulting traffic data is the traffic
data set (i). The resulting emission estimates from traffic data set (i)
is the emission data set (i) (see Figure 1.3). The traffic state estima-
tor provides a quite detailed and accurate representation of the real
traffic conditions and the resulting emission estimates can be assumed
as the ground-truth. Next, considering the same radar sensors mea-
surements, the traffic data is estimated through traditional traffic es-
timation approaches, such as Annual Average Daily Traffic (AADT),

6



1.5. Contributions

resulting in the traffic data set (ii) and the emission data set (ii). By
comparing the emission data set (ii) with the emission data set (i)
and by evaluating the spatio-temporal distribution of the differences
we give an answer to Q1.

The radar sensors measurements are also used to calibrate a static
traffic model, which is used to derive the traffic data set (iii) and
the corresponding emission data set (iii). Comparing the emission
data set(iii) with the emission data set (i) we answer Q2. Next, we
apply a quasi-dynamic model, as post-processor to the static model,
leading to a new traffic data set (iv) and emission data set (iv). By
comparing again the emission data set (iv) with the emission data set
(i) and investigating the spatio-temporal allocation of the differences,
we answer Q3.

At this point we should highlight the basic delimitations associ-
ated with this study. We mainly focus on how the spatio-temporal
variations of traffic flow and speed affect an emission estimation, mak-
ing, though, some important assumptions regarding the other inputs
of an emission model such as the vehicle fleet composition and the lo-
cal characteristics (see Figure 1.1). Although we estimate emissions
for a relatively long period, we assume that the vehicle fleet com-
position and the ambient temperature are constant. In addition, we
evaluate the various approaches depicted in Figure 1.3 with respect
to air quality, by investigating the spatio-temporal distribution of the
road emissions rates, without performing any air quality modelling.
We draw some conclusions by assuming that road traffic emissions
have a direct effect on air quality.

1.5 Contributions
The thesis contributes to the field of road traffic emission estimation,
towards many directions. The thesis:

• gives an overview of methodologies for emission estimation from
sensors measurements and traffic models outputs,

• identifies problems associated with the assumptions and simpli-
fications considered during an emission estimation analysis,

• quantifies the emission estimation errors resulting from the tra-
ditional traffic state estimators,

7
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• suggests and evaluates the use of a more advanced traffic estima-
tor for the spatio-temporal interpolation of sensor data, which
more effectively captures the traffic variations,

• quantifies the errors that static assignment models introduce in
the emission estimation,

• suggests and evaluates a method for post-processing static as-
signment outputs which is developed for emission estimation
and relies on a quasi-dynamic model.

Part of the work presented in this thesis have been published in:

• Tsanakas, N., Ekström, J., Olstam, J. (2017). Reduction of
errors when estimating emissions based on static traffic model
outputs, Transportation Research Procedia 22, 440–449.

• Tsanakas, N., Ekström, J., Olstam, J.(2017). Emission estima-
tion based on cross-sectional traffic data, in: 22nd International
Transport and Air Pollution Conference.

• Tsanakas, N., Ekström, J., Olstam, J.(2017). Estimating emis-
sions from static traffic models - problems and solutions. To be
submitted to European Transport Research Review.

• Tsanakas, N., Ekström, J., Olstam, J.(2019). Traffic emission
estimation based on quasi-dynamic network loading. Submitted
for the 8th Symposium of the European Association for Research
in Transportation (hEART 2019).

Parts of the thesis has also been presented by the author or the
co-authors of the above publications at the following conferences:

• The 19th EURO Working Group on Transportation Meeting
(EWGT2016), Istanbul, Turkey, September 2016.

• Nationella Konferensen i transportforskning, Stockholm, Octo-
ber 2017.

• The 22nd International Transport and Air Pollution conference
(TAP2017), Zurich, Switzerland, November 2017.
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1.6. Outline

1.6 Outline
In Chapter 2, the theoretical background of the thesis is presented,
including an introduction to emission modelling, traffic modelling and
traffic data collecting techniques. Chapter 3 initially gives an overview
of the methods for estimating emissions from traffic measurements
and continues with the description and investigation of the problems
that are associated with the emission estimation when cross-sectional
traffic data is used. A methodology of estimating emissions from
static models outputs is presented in the first part of Chapter 4.
Chapter 4 continues with the description and the quantification of the
errors that static model introduce in the emission estimation process.
In Chapter 5 an emission estimation based method for post-processing
the static models outputs is presented and evaluated. Chapter 6
concludes the thesis, discussing the most important results of the
thesis and suggesting directions for further research.

9





Chapter 2

Theoretical background

This chapter provides a comprehensive description of the theoretical
framework behind the methods and the models used in the thesis. It
gives a theoretical insight into each step of the methodology frame-
work illustrated in Figure 1.2.

Section 2.1 is related to the last two steps of the methodology
framework. In this section a categorisation of the road emissions is
performed, and a brief overview of the basic exhaust pollutants is
given. Furthermore, Section 2.1 describes the emission models used
in practice and presents the main applications of emission modelling.

Section 2.2 regards the first step of the methodology framework
and specifically the traffic modelling. Traffic models are categorised
in traffic flow models and transportation planning models. Each one of
those two types of models is further analysed with the main focus be-
ing on how traffic models can generate inputs for emission modelling.
Finally, Section 2.3 is also associated with the first step, describing
methods for deriving traffic data from measurements. Initially, an
overview of measurements types and devices is given. Next, several
traffic state estimation approaches from measurements are described.
The main focus is on how measurements from sensors can be pro-
cessed in order to be suitable for emission modelling.

2.1 Emissions from road traffic
With air pollution being the top environmental cause of premature
death in Europe (EEA, 2014), there is an increased concern about ur-
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Figure 2.1: Steps required to link source emissions to health
effects.

ban air quality. Air pollution is responsible for diseases such as heart
disease and stroke leading to premature death, while it increases the
incidence of cancer. Besides the negative effects on human health, air
pollution can have more global effects, influencing the ecosystem and
contributing to the climate change. Although transport sector has
considerably reduced its emissions of air pollutants in Europe since
2000 (EEA, 2016a), this sector still remains the largest contributor
to emissions such as NOx. Specifically, only the road transport emis-
sions, which are the main focus of the thesis, account for almost 30%
and 22% of the total NOx and CO emissions respectively.

Considering these high rates of road emissions and the negative
effects of air pollution, someone can clearly conclude that road trans-
port emissions significantly affect human health. To evaluate this
effect, many medical research studies are performed, trying to cor-
relate several diseases with the health status of people exposed to
road emissions. However, the estimation of the magnitude, the place
and the duration of this exposure, requires a pre-process including a
sequence of modelling steps (Figure 2.1).

Initially, the amount of a pollutant emitted at a street level for
a specific time period in grams is estimated by emission modelling.
Next, a dispersion model can be used to provide the concentration of
a pollutant in grams per m3 at a specific location and time period.
Dispersion models describe the chemical and physical processes within
a plume combining the resulting from the emission model emission
rates, with some other geographical, meteorological and background
pollution information. Then, exposure modelling, considering the
spatio-temporal information on the pollutant’s concentrations as well
as demographics and land use data, results in the final number of
people inhaling the pollutant. The magnitude of the combined effects
on health and environment, determine then the economic effects of air
pollution (Smit et al., 2010). Each modelling step depicted in Figure
2.1, will be further described and discussed in Subsections 2.1.2 and

12
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Exhaust emissions
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PM
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Re-suspension of road dust PM Road surface wear PM

Figure 2.2: The pollutants and greenhouse gases for each emis-
sions type emitted by a vehicle.

2.1.3.

2.1.1 Categories and classification of effects
The kinetic energy that moves a vehicle comes, in the case of internal
combustion vehicles, from the burning fuel in the engine. The emitted
pollutants are either products of this combustion process or they come
from the evaporation of the fuel itself. Thus, road vehicle emissions
can be categorised into 3 different groups (Losses, 1994; Pastorello
and Melios, 2016; Keller and Kljun, 2007):

Exhaust emissions. The emissions produced primarily from
the combustion of different petroleum products such as petrol, diesel,
natural gas and liquefied petroleum gas. These fuels are mixtures
of different hydrocarbons, namely compounds that contain hydrogen
and carbon atoms. A combustion is said to be ”perfect” when oxygen
in the air converts all the hydrogen in the fuel to water and all the
carbon in the fuel to carbon dioxide, CO2, while Nitrogen in the air
remains unaffected. However, in reality, no combustion process is
”perfect” and a vehicle can emit some additional pollutants such us
NOx and CO.

Exhaust emissions can be further divided into two subgroups:

- Hot emissions. These are the emissions produced by a vehicle
when the engine is hot. Hot emissions mainly depend on the

13



Chapter 2. Theoretical background

way a vehicle is driven, but as well as on some other parameters,
e.g. the gradient of a road section, the fuel and the vehicle type.

- Cold start emissions. Generally, the level of emissions produced
with a cold engine differ from hot engine conditions and mostly
is higher. Cold start emissions are produced when the engine
is still cold and tend towards zero after certain distance driven.
They, therefore, depend on the ambient temperature, the park-
ing time before the departure and the distance driven. Similarly
to the hot emissions, the level of cold start emissions is influ-
enced by the driving behaviour, the fuel and the vehicle type.

The most important exhaust pollutants and greenhouse gases are
presently regulated under the European Union road transport legis-
lation, including:

- Carbon Dioxide (CO2). CO2 is the main product of ”perfect”
combustion. With respect to air pollution, CO2 is the most
important greenhouse gas. Even though, CO2 does not directly
harm human health, it is has more global and long-term effects,
contributing to the climate change and the global warming.

- Hydrocarbons (HC). HC emissions can be a product of an incom-
plete or partial combustion, namely when fuel molecules in the
engine do not burn or burn only partially. Hydrocarbons in the
atmosphere, react with the nitrogen oxides and the sunlight,
resulting in the formation of ground-level ozone, a significant
component of the photochemical smog. Ozone can cause eyes’
irritation and lungs’ damages leading to respiratory problems.
Some of exhaust hydrocarbons are also toxic, with the potential
to cause cancer.

- Nitrogen oxides (NOx). NOx constitutes a group of chemicals
formed by the reaction of nitrogen with oxygen under the high
pressure and temperature conditions in an engine. Nitrogen
oxides also contribute to the formation of ground-level ozone,
while they cause the acidification of water resulting in the acid
rain.

- Carbon monoxide (CO). When the combustion is incomplete,
carbon is only partially oxidised, producing CO instead of CO2.
Although CO is colourless, is extremely toxic, dangerous to peo-
ple with heart disease, since it reduces the flow of oxygen in the

14



2.1. Emissions from road traffic

bloodstream. In addition, similarly to HC and NOx, CO is a
precursor to the formation of ground-level ozone.

- Particulate matter (PM). PM is also a product of incomplete
combustion and constitutes a mixture of both primary and sec-
ondary PM. Primary PM is the fraction of PM that is emitted
directly into the atmosphere, while secondary PM is formed af-
ter the release in the atmosphere of precursor gases. Regarding
the human health, PM is one of the most significant pollutants.
It can penetrate into sensitive regions of the respiratory system
and cause cardiovascular and lung diseases or even cancer.

Vehicles can also emit pollutants which are not currently regu-
lated by the European Union road transport legislation, such as am-
monia (NH3) and sulphur dioxide (SO2), the carcinogenic and toxic
polycyclic aromatic hydrocarbons (PAH) and persistent organic pol-
lutants (POP), dioxins, furans and several heavy metals.

Evaporative emissions. This type of emissions is associated
with the vapours that escape from the vehicle’s fuel system. Evapo-
rative emissions can be distinguished at the following types:

- Diurnal losses. They occur when a vehicle is stationary and
the engine is turned off. As the ambient temperature rises and
heats the fuel tank, gasoline evaporation becomes higher venting
vapours.

- Hot-soak losses. While the engine remains hot for some period
after the vehicle has stopped and is parked, gasoline evaporation
continues forming the hot-soak losses.

- Running losses. The fuel that is vaporised when the vehicle
is running due to the high temperature on the engine and the
exhaust system.

- Refueling losses. When the fuel tank is filled with liquid fuel, the
saturated vapours are displaced and vented into the atmosphere.

The most significant evaporative emission is the Volatile Organic
Compounds (VOC) that can have direct toxic effects to human health,
while their indirect effects are associated with the photochemical
ozone formation. Petrol fuel vapour also contains a variety of dif-
ferent Hydrocarbons, leading to the negative human health effects
discussed above.

15



Chapter 2. Theoretical background

Abrasion emissions. The last group of emissions regards the
emissions produced by the mechanical abrasion and corrosion of ve-
hicle parts including the abrasion of the vehicle’s tyres, brakes and
clutch, the road surface wear and the corrosion of the chassis. The
most important abrasion emissions are related to PM, while some
heavy metals can also be emitted.

A further detailed description of the on road emission pollutants
and their effects to human health can be found in Losses, (1994),
Pastorello and Melios, (2016), and Keller and Kljun, (2007).

2.1.2 Emission Modelling
The first modelling step depicted in Figure 2.1 regards the emission
modelling. One basic component of the emission models is the so-
called emission factors. Emission factors are functional relationships
of the traffic state, expressing the quantity of a pollutant that a vehi-
cle emits per a specified, depending on the type of the model, distance
driven (g km−1), time (g s−1) or mass of fuel burned (g kg−1). The
emission factors can be obtained from dynamometer test or other ex-
perimental data corresponding to a specific driving cycle. A detailed
review of the experimental approaches that have been used in prac-
tice for the development of emission factors can be found in Franco
et al., (2013).

Depending on the required level of detail of an analysis, emission
models can be categorised in microscopic, where emissions are esti-
mated at the level of an individual vehicle, and macroscopic, where
emissions are estimated at a road link or a network level. In addition,
according to Smit et al., (2009) emission models can be categorised in
three types, based on the way that driving behaviour or traffic state
is incorporated on the model. The first type regards models that have
incorporated speed-time profiles in their development phase, the sec-
ond is related to the models that generate speed-time profiles as part
of the emission modelling process, and the third regards models that
require speed-time profiles data as input. The first two types are as-
sociated with macroscopic emission models while the third type with
microscopic models.
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Microscopic emission models

Microscopic or instantaneous emission models are used to estimate
second by second emissions for individual vehicles, while the emis-
sion factors are usually expressed in g s−1. The two main categories
of microscopic emission models are the cycle-variable and the modal
models. In cycle-variable models, emission factors are function of
various driving cycle variables, such as idle time or average (from
minutes to seconds) speed and acceleration. In the case of modal
models, emission factors depend on specific engine or vehicle operat-
ing modes at a higher resolution, such as second to second speed and
acceleration. Both types of models require quite detailed information
about the vehicle state. Due to the high level of detail and complex-
ity their application is restricted to small size areas, i.e. specific road
sections.

Macroscopic emission models

Alternatively, macroscopic emission models can be applied on a larger
scale, e.g. at a city or a national level. They are also called aggregate
emission models, due to the aggregate nature of the input traffic data.
The total emissions are calculated by multiplying the traffic activity,
usually expressed in vehicle kilometre travelled with the corresponding
emission factor expressed in g km−1. Macroscopic emission models
can be categorised, sorted by increasing complexity in average speed
models, traffic situation models and traffic variable models (Smit et
al., 2010).

Today, COmputer Programme to calculate Emissions from Road
Transport (COPERT) and HandBook on Emissions FActors for road
transport (HBEFA) are the two leading macroscopic emission models
in Europe. COPERT (Ntziachristos et al., 2009) is used by several
European countries to officially report their national inventories of
emissions from road transport. The emission factors depend on the
vehicle class and the road type, and are defined as continuous func-
tions of average speed. HBEFA (Keller, 2010) is an emission factor
database which is developed on behalf of several European countries
(Germany, Austria, Switzerland, Norway and Sweden). The HBEFA
database includes emission factors as a discrete function of vehicle leg-
islative class, road category and traffic situation. The vehicle classes
are defined by the exhaust emission limits according to the European
emissions standards, while the traffic situations are defined by in-
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Figure 2.3: HBEFA emission factors for the Swedish road con-
ditions and fleet composition; (a) CO2 (b) NOx.

dicative flow and speed levels. HBEFA emission factors rely on four
traffic situations: Free flow, Heavy, Saturated, and Stop and go. The
road categories are divided by road environment (rural and urban),
speed limit and road type (Motorway, Trunk road/ Primary, Distrib-
utor/ Secondary, Local/ Collector, Access/ Residential). Figure 2.3
illustrates an example of the HBEFA emission factors for two typical
pollutants, CO and NOx. A detailed description of the two models
can be found in Franco et al., (2012).

2.1.3 Applications of emission data
By combining traffic data with some other information on road condi-
tions and fleet composition, emission models provide emission data in
mass per time period. The resulting emission data, then can be used
for several applications and studies such as policy use, air-quality
modelling, pre-after studies, evaluation of congestion pricing, ramp
metering, traffic light optimisation and other traffic control measures.
For a better comprehension of the next chapters, this section discusses
some of the basic applications of emission data.

Policy use

In 1992, considering the threat of global warming and climate change,
many countries joined an international treaty, the United Nations
Framework Convention on Climate Change (UNFCCC). UNFCCC
was a framework for international cooperation to combat the unde-
sired effects of air pollution. The parties of UNFCCC, namely the
countries that have ratified the convention, in 1997 adopted the Ky-
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oto Protocol (Protocol, 1997). The Kyoto Protocol legally binds the
parties of UNFCCC, which today has near-universal membership, to
emission reduction targets. Each country party is obligated to submit
annual National Emission Inventories (NEI) to benchmark progress
towards the goals of the UNFCCC (Peters, 2008). An emission in-
ventory can be defined as the accounting of the amount of pollutants
discharged into the atmosphere in a certain geographical area and
within a specified time span, usually a specific year.

Specifically, the member states of European Union (EU) are ob-
ligated to also report their NEI, for the United Nations Economic
Commission for Europe (UNECE), since EU ratified the UNECE’s
convention on long-range transboundary air pollution in 1982 (EEA,
2017). The main idea of the convention is associated with the princi-
pal that countries cannot protect human health and the environment
within their territory by national action alone. Since 1984, eight pro-
tocols have come into force, setting the upper limits for each country
and pollutant. Member states are then responsible for selecting the
activity data, emission factors and other parameters used for their
NEI. However, the reported NEI should meet the quality criteria for
transparency, consistency, completeness, comparability and accuracy.
For this reason, member states should follow the reporting guide-
lines (UNECE, 2014) and apply the methodologies contained in the
EMEP/EEA Guidebook (EEA, 2016b).

Road transport emissions is a significant part of the NEI, with
the road transport sector being the major source of the ground-level
ozone. According to EEA, (2017), in 2015 road transport sector con-
tributed 38%, 21% and 10% to total emissions of NOx, CO and non-
methane VOC respectively, in the EU. Since NEI are estimated at a
yearly and a national level, emission models usually rely on a quite
aggregate in time and space traffic data. The simplifications regard-
ing the spatio-temporal variations of the input traffic data may not
significantly influence the resulting NEI. However, this is not true for
other applications of the emission data; as it is described in the next
sections, they are more sensitive to the spatio-temporal resolution of
the traffic data.

Dispersion modelling and air quality

The estimated emissions derived from the traffic analysis together
with the so-called dispersion models determine the air quality at a spe-
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cific location. Dispersion models are based on mathematical models
describing the chemical and the physical processes within the plume,
calculating pollutant concentrations at specific locations. The tradi-
tional dispersion models can be distinguished into four basic families:
Box models, Gaussian models, Lagrangian models and Computational
fluid dynamic models. A detailed review of the dispersion models that
have been used in practice can be found in Holmes and Morawska,
(2006).

One significant input considered by the road emissions dispersion
models is street geometry or in terms of dispersion modelling the
canyon geometry. As street canyon can be defined as a street with
buildings lined up continuously along both sides (Nicholson, 1975).
The canyon geometry is characterized by the so-called aspect ratio,
which is the height of the canyon divided by the width. Generally,
high aspect ratios are associated with increased level of pollution be-
cause the natural ventilation is reduced (Vardoulakis et al., 2003).

Meteorological conditions are also an important factor affecting
the dispersion of the vehicular emissions. Depending on the wind
speed (magnitude and direction) and the corresponding aspect ratio,
the flow inside a street canyon can be isolated roughness, wake inter-
ference or skimming (Oke, 1988). Next, by taking into account the
background pollution, dispersion models result in the final concen-
tration of each pollutant in g/m3 at each location. Since dispersion
modelling is sensitive to the local street geometry as well as to local
and temporal meteorological conditions and background pollution,
the input to the emission model, traffic data, should also be detailed
and spatio-temporally disaggregated.

Exposure modelling

With the distribution of a pollutant’s concentration in time and space
known, exposure modelling estimates the human exposure to the pol-
lutant. The term exposure was first defined in Ott, (1982) as: ”an
event that occurs when a person comes in contact with the pollutant”.
The basic aim of the exposure models is to estimate the number of
people being exposed to a pollutant and potentially will inhale the
pollutant, as well as the duration and the place that this exposure
occurred. The output of exposure studies can be subject of epidemio-
logic studies, where the emission effects are assessed by correlating the
symptoms of a group of people with their exposure to air pollution.
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An important concept usually used in exposure studies is the mi-
croenvironment defined as a ”chunk of air space with homogeneous
pollutant concentration” (Duan, 1982). The personal exposure can
then be derived by the time fraction each individual spent in each
microenvironment (Monn, 2001). While concentrations of air pollu-
tants are subject to high temporal variability, every individual also
has unique activity patterns. Thus, exposures take place over time
and in multiple location, and for this reason many studies have high-
lighted the difficulty to accurately estimate the relevant exposures
(Zeger et al., 2000; Steinle et al., 2013).

Depending on the required level of detail, exposure studies can ei-
ther rely on the simplified traditional location-based, proximity meth-
ods or on more sophisticated dynamic modelling techniques, includ-
ing modelling of time–activity patterns. According to the traditional
methods, the distribution of the population is static (Steinle et al.,
2013), while the exposure only depends on the distance from the
source (Jerrett et al., 2005). More complicated methods combine the
place of residence with time-activity models (Briggs, 2005; Gulliver
and Briggs, 2011). Independently on the applied method, Geograph-
ical Information Systems (GIS) offer powerful tools commonly used
in practice for exposure assessment.

Considering the nature of the exposure modelling techniques, we
can conclude that exposure heavily rely on the spatio-temporal dis-
tribution of both population and pollutant concentrations. By not
taking into account the variations of traffic conditions and using ag-
gregate traffic data as input to the emission modelling can poten-
tially lead to inaccurate exposure. This can have a direct effect to
economic analyses, such cost-benefit analyses, where the damage cost
of the emitted pollutants strongly depends on the number of people
exposed and affected (Eliasson, 2009). Therefore, from an exposure
modelling point of view, traffic data should incorporate the corre-
sponding spatial and temporal traffic variations.

2.2 Traffic Modelling
The required input to an emission model, traffic data, can be de-
rived from traffic models. A vehicular traffic network as a system
can be placed between a social and a physical system. It can be de-
scribed by mathematical equations and physics laws, however it is
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always affected by the human factor, such as the driving behaviour
or the households’ decisions. Traffic models are mathematical models
designed to describe phenomena that can affect the operation of a
vehicular traffic network. A categorisation among the different traffic
models may be developed using various dimensions such as the level
of detail in the analysis, the purpose that are used for, the planning
horizon or the capability of describing dynamics phenomena.

Traffic models can be used either for the strategic assessment of
road network improvements or for the management of the current
infrastructure, optimising the flow. Therefore, based on the scope
of modelling a distinction can be done between traffic strategic plan-
ning models and traffic operational management models. The former
have a long planning horizon and the traffic variables are expressed
as averages over relatively long time and space intervals. The later
usually give short-term prediction and they can be based on micro-
scopic simulation. In the thesis we present the traffic models following
the categorisation proposed in Maerivoet and De Moor, (2005), where
traffic models are classified into traffic flow models and transportation
planning models. On one hand, traffic flow models, described in Sub-
section 2.2.1, attempt to describe the physical propagation of traffic
flows in a road network. On the other hand, transportation planning
or network models, presented in Subsection 2.2.2, are associated with
households that make certain decisions, such as transport mode or
route choice, which lead to transportation and use of infrastructure.

2.2.1 Traffic flow modelling
Traffic flow models have been developed and used to understand, de-
scribe and predict how traffic flow propagates through a road network
since Greenshields’ study of traffic capacity in 1934 (Greenshields,
1934). Greenshields proposed the fundamental diagram of traffic,
where traffic flow is a function of traffic density. In 1955, Lighthill
and Whitham presented a model where the behaviour of vehicles in
traffic flow is similar to the one of particles in a fluid (Lighthill and
Whitham, 1955). Since then, traffic flow has been an active subject
of research, resulting in a broad scope of models. A comprehen-
sive review and categorisation of traffic flow models can be found in
Hoogendoorn, (2001) and in Wageningen-Kessels et al., (2014).

One of the most common classification among the traffic flow
models is the distinction between microscopic and macroscopic traffic
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modelling approaches. This categorisation is based on the following
aspects: traffic flow in microscopic models is represented by individ-
ual driver-vehicle units, while the representation of the traffic flow in
macroscopic models is in terms of traffic stream or groups of drivers.
The variables most commonly used by macroscopic models are the
flow Q, the density ρ and the average speed V . The most commonly
used microscopic variables are the position x, the individual speed
ẋ and acceleration ẍ of each vehicle. Finally, a third approach, the
mesoscopic, can be placed in between microscopic and macroscopic,
where individual vehicles are not distinguished, but the individual
behaviour can be specified, while traffic is represented by groups of
traffic entities.

Microscopic models

Microscopic traffic simulation models attempt to describe the be-
haviour of individual driver-vehicle units and they are usually used for
traffic operational management. The core model of microscopic lon-
gitudinal simulation is the car-following model. Car-following models
describe the manner in which one vehicle following another one, re-
acts to its surrounding traffic environment and more specifically to
the fluctuations of the leading vehicle’s traffic conditions. Equation
(2.1) and (2.2) describe the general form of the model, that is a set
of coupled ordinary differential equations, with the acceleration ẍ of
the following vehicle ν − 1 at time t, ẍν−1(t), being a function acfm
of its speed, ẋν−1(t), of the speed of the leading vehicle, ẋν(t), and of
the distance between the two vehicles, s(t) = xν−1(t)− xν(t),

ẋν−1(t) =
dxν−1(t)

dt
(2.1)

ẍν−1 (t) = acfm (ẋν−1, ẋν(t), s(t)) . (2.2)

The early car following models, such the one proposed in Pipes,
(1953), were based on empirical driving rules, with distance s(t), be-
ing a linear function of the speed ẋν−1. Since then, numerous models
have been suggested in the literature, including the so-called stimulus-
response (Chandler et al., 1958; Gazis et al., 1961), safe-distance
(Gipps, 1981) and psycho-physical models (Wiedemann, 1973; Fritzsche,
1994). Besides the description of the longitudinal movement, micro-
scopic models have been developed to describe the lateral movement,
such the ones described in Gipps, (1986) and Ahmed, (1999).
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The basic output of microscopic traffic flow models is the tra-
jectory xν(t), namely the position of each vehicle ν in time. The
trajectory data is the most comprehensive traffic data available, since
it contains direct or indirect information about the position, speed
and acceleration of each individual vehicle. By considering each vehi-
cle individually, the level of detail in microscopic traffic flow models
is high, and thus, computing power, memory and calibration require-
ments for a simulation are extensive. For this reason, the application
of microscopic traffic flow simulation is limited to small areas, for in-
stance to an intersection or a motorway segment. Microscopic traffic
flow models are usually coupled with microscopic emission models,
since they provide the appropriate input trajectory traffic data.

Macroscopic models

In contrast to microscopic models, macroscopic traffic flow models
are commonly used for larger areas and longer analysis time peri-
ods. Traffic flow is described at an aggregate level and the drivers’
behaviour is assumed to be homogeneous. Therefore, macroscopic
traffic models describe collective phenomena such as the evolution of
congestion and the propagation of traffic waves (Treiber and Kesting,
2013). They are also called hydrodynamic models, since, are com-
monly derived from the analogy between the traffic flow and the flow
of continuous media such as fluid or gases. The basic dynamic macro-
scopic variables, in correspondence to fluid-dynamics, are the density
ρ(x, t), the flow Q(x, t) and the mean speed V (x, t), with the indepen-
dent variables being the location x and the time instant t. Density
refers to the expected number of vehicles per length unit, x+ dx, at
time instant t, while flow concerns the expected number of vehicles
per time unit, t+ dt, at the location x (Hoogendoorn, 2001).

Since traffic flow in macroscopic models is treated as a one di-
mensional compressible fluid, two basic assumptions are considered:
traffic flow is conserved and there is a one-to-one relationship between
flow and density (Nathan Gartner, 2001). Vehicles conservation is a
fundamental aspect considered in macroscopic traffic models relation-
ship, analogous to the fluid conservation law of mass, meaning that
at a road segment with finite length, no vehicles appear or disap-
pear other than the ones that enter and exit the road segment. The
continuity Equation 2.3,
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∂ρ

∂t
+
∂Q

∂x
= 0, (2.3)

describes how a change in density over time relates to a change in
flow over space, in a way that vehicle conservation is ensured. One
more fundamental relation, is the Hydrodynamic Flow Relation

Q = ρV, (2.4)

where V is the space-mean speed. An assumption considered in Hy-
drodynamic Flow Relation is that traffic conditions at location x and
time t are in a steady-state, [Q(x, t), ρ(x, t), V (x, t)]. Considering
Equation (2.4), the continuity Equation (2.3) becomes

∂ρ

∂t
+
∂ρV

∂x
= 0. (2.5)

Lighthill and Whitham, (1955) and Richards, (1956) considered
a supplementary to Equation (2.3), static relation, where flow is ex-
pressed as a function Qf of density or speed as a function Vf of density

Q(x, t) = Qf (ρ(x, t)) or (2.6)

V (x, t) = Vf (ρ(x, t)) . (2.7)

Equation (2.6) is known as the fundamental diagram of traffic flow.
The resulting non-linear, first-order partial differential equation con-
stitutes the Lighthill, Whitham and Richards (LWR) model

∂ρ

∂t
+
dQf (ρ)

dp

∂ρ

∂x
= 0, (2.8)

or considering the Equation (2.5)

∂ρ

∂t
+

(
Vf + ρ

dVf
dp

)
∂ρ

∂x
= 0. (2.9)

Solving Equation (2.9) with the method of characteristics curves
(or waves) (Newell, 1993; Leutzbach, 1988), implies that traffic state
remains constant along a characteristic curve or wave. At the bound-
ary between two different traffic states a shock waves is formed. prop-
agating with a velocity of

w =
dQf (ρ)

dρ
=
d (ρVf (ρ))

dp
. (2.10)
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Figure 2.4: A forward moving shock-wave.

In first-order flow models, the characteristic curves are straight
lines corresponding to a uniform motion of each region of constant
density. Figure 2.4 illustrates the transition from a free flow region,
1, to a congested one, 2, for a road section with length L. At the
instantaneous location of the transition, x1→2(t), we assume constant
flow and densities for both sides. Then, the propagation velocity of a
shock-wave that moves between two regions, 1 and 2, associated with
different flow Q1 and Q2 and density ρ1 and ρ2 respectively is given
by

w1→2 =
Q2 −Q1

ρ2 − ρ1
, (2.11)

(see Treiber and Kesting, (2013) for the proof of Equation (2.11)).
Danganzo proposed the Cell Transmission Model (CTM) (Da-

ganzo, 1994) which constitutes a time and space discrete numerical
solution scheme for the LWR model. The road is divided into ho-
mogeneous cells of length ∆x, and for each cell and time step ∆t a
discrete version of Equation (2.8) is solved. Accordingly, the Link
Transmission Model (LTM) (Yperman, 2007) is discrete in time, but
in contrast to the CTM, the road is divided in homogeneous links,
that can be longer than the cells. LTM is based on Newell’s simplified
kinematic wave theory (Newell, 1993), where the traffic state depends
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only on the boundary conditions of each link, and more specifically on
the cumulative flow, N(x, t). Cumulative flow is the number of vehi-
cles that have past the position x by time t. Since whole links can be
treated at one, the LTM computational efficiency can be higher com-
pared to traditional numerical solution schemes for the LWR model
(Nathan Gartner, 2001).

Mesoscopic models

In macroscopic models, traffic flow is represented as stream with the
traffic variables being derived from the analogy to fluid dynamics,
while in microscopic models each vehicle follows an individual be-
haviour. Regarding the level of detail, mesoscopic models describe
traffic flow at a medium level, and they can be placed in between
microscopic and macroscopic models. Traffic flow can be modelled
at an aggregate level, for instance by homogeneous groups of traffic
entities. Each one of those groups, is following, though, an individ-
ual behaviour. A typical example could be a vehicle platoon with an
individual travel behaviour or a lane-change manoeuvre which might
be determined by an individual decision, with the decision variables
being the macroscopic relative lane densities, and speed differential
(Hoogendoorn, 2001). Thus, Mesoscopic models can be applied to
larger areas with limited computing and calibration effort, while they
provide a better representation of the traffic dynamics and individual
travel behaviour compared to the corresponding macroscopic models
(Burghout et al., 2006). The three basic families of mesoscopic mod-
els used in practice are the so-called headway distribution, cluster, and
the gas-kinetic models (Maerivoet and De Moor, 2005).

2.2.2 Transportation planning models
Traffic flow models describe the physical propagation of a predefined
traffic flow, i.e. number of vehicles per time unit, at a road sec-
tion. On the other hand, transportation planning models estimate
the number of travellers that will choose to travel through this road
section. The basic assumptions considered by transportation plan-
ning models are that travel demand and supply depend on a number
of socio-economic factors and travellers make rational decisions. The
transportation planning process, also referred to as four-step model,
commonly includes the following steps: trip generation, trip distribu-
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tion, modal split and traffic assignment (Patriksson, 2015; Mcnally,
2000).

The study area is divided in zones, where each zone is assumed
to generate and attract trips. During the first step, trip generation,
the number of trips originating and terminating in different zones
of the study area is determined. Then, transportation networks are
assumed to be in equilibrium between the demand, that could be the
number of travellers that want to go from an origin to a destination,
and the supply, referring to available infrastructure, transport modes
or level of congestion. Therefore, considering those aspects, travellers
select their destination and time of their trip (trip distribution), the
transportation mode to use (modal split) and which way to get there
(traffic assignment).

The analysis of the first three steps and the investigation of their
effects on emission modelling is outside of the scope of the thesis.
The thesis focuses on the last step, traffic assignment. The demand
between each origin destination pair, i.e. number of private vehicles
that want to go from a specific origin zone to a specific destination
zone, is assumed to be known and reliably determined during the pre-
vious three steps. Traffic assignment models then assign the demand
(static or dynamic) to specific routes of the network, based on some
behavioural principals; one principal for instance could be that trav-
ellers try to minimize their own travel cost. The basic results of traffic
assignment are the traffic volumes and travel times on different roads
of the network. One significant assumption considered by the ma-
jority of traffic assignment models, is that travellers are experienced,
meaning that they are using the traffic network for a sufficiently long
period in order to select the most profitable routes.

Static Traffic Assignment

STA models are commonly used for the strategic assessment of the
current or the future efficiency of a transportation network. The traf-
fic demand defined from the previous steps of the four-step model,
is static with respect to time, commonly regarding a relatively long
period of the day, such as the morning peak period. Thus, the result-
ing traffic variables, i.e. traffic volume and travel time on each road
are also expressed by temporal mean values over the analysis period.
The behavioural principle usually considered for the individual route
choices is the User Equilibrium (UE). UE is based on Wardrop’s first
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principle (Wardrop, 1952) which states that ”no driver can unilater-
ally reduce his/her travel costs by shifting to another route”.

Consider the traffic network as a directed graph, G = (N ,A),
which includes a set of nodes N and a set of links A. Let R be
the set of origin nodes associated with the origin zones, R ⊆ N ,
and S the set of destination nodes concerning the destination zones,
S ⊆ N . Each link of the network, a ∈ A, is associated with different
attributes, such as capacity, Ca or speed limit. The desired number
of movements from an origin node r ∈ R to a destination node s ∈ S,
denoted by qrs, is represented by an origin-destination matrix having
|R| number of rows and |S| number of columns. Furthermore, Krs is
the set of different alternative link sequences, called routes or paths
that connect each node r ∈ R with a destination node s ∈ S.

The problem of traffic assignment, then, concerns the way that the
Origin-Destination (O-D) matrix will be assigned into the network,
namely how the demand will be distributed among the possible paths
k, k ∈ Krs, given that link cost, ca, is a function of link flow, xa,
for each a ∈ A (Sheffi, 1985). Each network link, a, is associated
with a generalized cost, ca, which includes all the aspects affecting
how onerous the travel is, such as travel time, travel cost, etc. The
UE is a stable condition where all the available paths k, k ∈ Krs
between the origin r and destination r, have the same travel cost
and no traveller can improve his or her travel cost by unilaterally
changing routes. To find the equilibrium solution in a network, the
problem was mathematically formulated as an optimisation problem
by Beckmann (Beckmann et al., 1956),

min z(x) =
∑
a∈A

∫ xa

0
ca(ω)d(ω), (2.12a)

subject to ∑
k∈Krs

f rsk = qrs ∀ r, s, (2.12b)

f rsk ≥ 0 ∀ k, r, s, (2.12c)

and the definitional constraint

xa =
∑
r∈R

∑
s∈S

∑
k∈Krs

f rsk δ
rs
a,k, (2.12d)

where f rsk , is the number of travellers that chose path k between origin
r and destination s, and δrsa,k is the so-called incidence matrix, having
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the value of 1 if link a is on path k between r and s, and 0 otherwise.
Solving Problem (2.12) will lead to optimal link flows, xa, where the
travel cost between each O-D pair, rs, is the minimum possible and
equal for every k ∈ Krs with positive flow.

In most of the cases the travel cost, ca, is associated with the
travel time of each link, ca = ta. The link travel time, ta, is a func-
tion of link flow xa, known as the link cost function or Volume Delay
Function (VDF). The VDF provides a mathematical relationship be-
tween travel time, ta and traffic volume xa, representing the measure
of the disutility of each corresponding link. Beckmann also proved
that Problem (2.12) has a unique solution if

∂ca(xa)

∂xb
= 0 ∀ a 6= b, (2.13)

∂ca(xa)

∂xa
> 0 ∀ a. (2.14)

Therefore, according to Equation (2.13), the travel cost of each
link should not depend on the flow on other links, and according
to Equation (2.14) the VDF should be strictly convex. The lat-
ter means that the generalised cost should increase with increasing
volume. Specifically, in most of the cases, travel time ta increases
strictly with the Volume Capacity Ratio (V/C), xa/Ca. The VDF
type named Bureau of Public Roads (BPR, Equation (2.15)) is a
commonly used function,

ta(xa) = t0

(
1 + γ

(
xa
Ca

)θ)
, (2.15)

where t0 is free flow travel time and γ, θ are parameters of the VDF.
Numerous types of VDFs have been proposed and used in practice
including the Davidson’s (Davidson, 1966) and the asymmetric Akce-
lik’s function (Akcelik, 1991b), or even more complex functions incor-
porating delays and queues length (Skabardonis and Dowling, 1997).
However, the Problem (2.12) has a unique solution only if the VDF
satisfies the conditions 2.13 and 2.14. Several algorithms have been
developed to solve the static user equilibrium with the most popular
being the Frank Wolfe algorithm (Frank and Wolfe, 1956) and the
method of successive averages.

At the simple UE case, the demand of private cars that is subject
to assignment. The number of travellers actually chose to travel with
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car instead of public transport, walking etc. has been derived from the
previous step of the four-step model, the modal split. An extended
version of UE incorporates variable demand (Sheffi, 1985), meaning
that the demand of private traffic depends on the resulting minimum
route generalised cost for each mode. Considering the generalised cost
of the alternative transportation modes, travellers can change their
preferred mode. Eventually, the system will reach an equilibrium
between the last two steps of the four-step model, where no traveller
can improve his/her generalised cost by unilaterally changing routes
or transport modes. Due to the relatively simple nature, STA models
can be efficiently coupled with demand models, such as discrete choice
models.

However, the inherent simplicity of STA can lead to considerable
limitations. The classical Beckmann formulation does not explicitly
take link capacities into account. In this way, unrealistic flows can
be produced, since the assigned volume for a link can be higher than
its capacity. However, capacity in static models does not correspond
to the maximum flow, it rather represent the saturation flow. By
adding simple capacity constraints to the Beckmann formulation, the
capacitated (or extended) Beckmann UE formulation is obtained. In
Larsson and Patriksson, (1995) a theoretical analysis of the capaci-
tated model is presented and the different types of side constraints and
are discussed. Nevertheless, adding these constraints the problem be-
comes more tedious to solve and more complex algorithms are needed.
However, the equilibrium solution can be approximated by the un-
capacitated traffic assignment problem using different dual/penalty
techniques such as the inner penalty approach and the augmented
Lagrangian multiplier that are studied and implemented in Nie et al.,
(2004). Even though, link flows are more realistic at this extended
UE version, route choice could still be unrealistic, since queues and
propagation phenomena are not taken into account.

Thus, one of the most significant limitations of STA, which could
substantially influence the emission modelling, is associated with the
inability of describing flow propagation phenomena. Interactions be-
tween links are explicitly not considered, due to condition 2.13, and
therefore the formation and the propagation of the queues are ne-
glected. The latter can have a direct impact to the spatial distribution
of emission, affecting all the spatially sensitive applications of emis-
sions discussed in Section 2.1.3. Additionally, in static models, inflow
is always equal to the outflow (Chiu et al., 2011), and in principal
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the network loading is instantaneous and the assigned demand de-
termines the steady-state flow and travel time. However, despite the
above limitations, STA models fit nicely into the concept of long-term
planning, due to low computing cost and low number of parameters
for calibration (Maerivoet and De Moor, 2005).

Dynamic Traffic Assignment

The rationale behind the DTA models is similar to the one considered
in STA, namely each traveller in the traffic network follows a certain
route based on a behavioural principle. The most significant differ-
ences between the two approaches are: i) the demand is not static any
more but varies over time and the O-D matrix is time-sliced, ii) the
arrival time at a link is different than the departure due to dynamic
network loading.

The analysis period is divided in smaller sub-periods, commonly
covering some minutes, and the resulting traffic flow and average
speed obtain temporal variation. With DTA models being based on
the similar behavioural assumptions of individual routing decisions
as STA, UE, a major class of DTA problems regards the Dynamic
User Equilibrium (DUE). Since, the O-D matrix is time sliced the
corresponding DUE can be achieved when all used routes between an
origin-destination pair have the same instantaneous or experienced
travel time and no unused route has a lower travel time. However,
considering the time-varying O-D matrix, the condition of equal travel
times, now apply only to travellers who are assumed to depart at the
same time.

According to the considered interpretation of travel time, DUE
can either be reactive, associated with instantaneous travel times,
meaning that traffic conditions in a dynamic network are not pre-
dictable, travellers can only get the information on the current states
of the network, or predictive, related to the experienced travel time
where traffic conditions in a dynamic network are predictable and
travellers can get the information on the current and future states
of the network. Therefore, regarding the first case, travellers try to
minimize their individual travel time by continuously updating their
route choices according to the current states of the network. Contrari-
wise, in the case of a predictive DUE, travellers make their choices
considering the information of the future state of the network and the
predicted travel time.
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Solving the DTA problem becomes more complex than the static
one, and usually the solution algorithms iterate between the route
choice and the dynamic network loading, increasing the computing
time and memory requirements. At every iteration of the algorithm,
a route choice is performed where according to the predefined travel
times from the previous iteration and depending on the optimisation
algorithm, a part of the demand qrs is assigned into different paths
k ∈ Krs, determining new inflow rates for each link a. Next during the
network loading phase, the inflow is propagated based on traffic flow
models, resulting into new link travel times, ta, to be subject of the
next iteration’s route choice. Then, this procedure is repeated until
some convergence criteria, that could regard for instance the travel
time of the alternative routes between an O-D difference, are satisfied.
Tong and Wong, (2000) provide a solution for the predictive DUE
using an iterative algorithm that is based the method of successive
averages.

The different approaches of dynamic network loading proposed in
the literature can be classified into: simulation based and analyti-
cal link-based approaches (Peeta and Ziliaskopoulos, 2001). On one
hand, simulation approaches being based on microscopic or meso-
scopic traffic flow models, are more realistic but they can be com-
putationally extensive (Nie and Zhang, 2005). On the other hand,
analytical approaches consider macroscopic traffic flow variables, and
hence can be more efficient. The analytical approaches can either
regard mathematical formulations including the work of Merchant
and Nemhauser, (1978) and of Janson, (1991) where a heuristic ap-
proach is employed to solve the predictive DUE, or optimal control
formulations (Friesz et al., 1989). Traffic flow propagation during
the dynamic network modelling can also be based on the macroscopic
traffic flow models, described in Section 2.2.1, such as the CTM (Zil-
iaskopoulos, 2000) or the LTM (Gentile, 2015; Yperman, 2007; Raad-
sen et al., 2016).

One significant mechanism incorporated in models such as the
LTM and CTM is the spill-back when inflow exceeds capacity. Fig-
ure 2.5 illustrates the way that LTM propagates shock-waves into a
network. Consider two simple consecutive links j and j + 1, where
the inflow of link j, Q1

j , is greater than the capacity of link j + 1,
Cj+1. Because link j+1 cannot receive flow greater than its capacity,
the actual flow that will be transmitted from link j to link j + 1, Q2

j ,
equals to the capacity of link j + 1, Cj+1. LTM blocks the link’s up-

33



Chapter 2. Theoretical background

Q1
j Q2

j

link j link j+1

Q1
j ≥C j+1

ρ j+1 = ρ j+1,cr

ρ1
j ρ2

j

w1→2

w1−2

Q1
j

Q2
j

ρ1
j ρ2

j

Figure 2.5: Backwards moving shock-wave created by reduced
capacity on link j + 1.

stream boundary up to link’s capacity, by applying a node model that
is associated with node capacity, sending and receiving flows, similar
to the supply-demand method used in CTM. Therefore, Cj+1∆t ve-
hicles are actually transmitted during a time period ∆t from link j to
link j+1, and the rest vehicles (Q1

α−Cj+1)∆t, form a queue (state 2),
with higher density ρ2

j > ρ1
j . The density at the state 1 is, according

to the inverse of the fundamental diagram, ρ1
j = ρj(Q

1
j |uncongested)

(if we assume that Q1
j < Cj) and the speed V 1

j = Q1
j/ρ

1
j , while the

state 2 is associated with a flow Q2
j , a density ρ2

j = ρj(Q2
j |congested)

and a speed V 2
j = Q2

j/ρ
2
j . The state 2 is propagating through the link

j (see Equation (2.11) with a speed w1→2

w1→2 =
Q2
j −Q1

j

ρ2
j − ρ1

j

. (2.16)

Figure 2.5 illustrates a very simple network, where no traffic is
merged or diverged. However, realistic networks are more compli-
cated, nodes represent merges, diverges or intersections, and there-
fore two or more links can enter or/and leave one single node. LTM
algorithm includes a node model, in which the splitting probability
is demand proportional and vehicles are served in a First In First
Out (FIFO) sequence, similar to the CTM’s merging and diverging
model (Daganzo, 1995).

Nevertheless, in CTM and LTM, time is discretised and Equa-
tion (2.8) is solved at every time step. Hence, for short discretisation
intervals, high computing times discourages their usage for large net-
works. The time discretisation can be eliminated by the event-based
Link Transmission Model (eLTM) algorithm proposed in Raadsen et
al., (2016). According to the event-based method, the simulation step
is updated only when an event occurs. There are three possible types
of events, when a backward shock-wave hits the most upstream end of
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a link, when a forward meets the downstream end, and finally when
a shock-wave meets another one somewhere along the link. Thus, the
number of time steps is significantly decreased, reducing the comput-
ing time, as well as the required memory.

Concluding this section, DTA models can be considered as more
suitable than STA to generate input data for emission models since
they result in a higher resolution of time average flows and speeds
and provide techniques for realistic flow propagation. However, de-
spite the intensive research during the last years, DTA still remains
a challenging issue in traffic modelling (Gentile, 2015). In general, a
unique equilibrium solution does not exist, which may create difficul-
ties during the comparison of different policy measures. Additionally,
DTA heavily rely on the availability of high resolution data, both in
terms of demand and calibration. Furthermore, when DTA are cou-
pled with demand models, the complexity is increased in comparison
to the corresponding STA case. In addition to the above limitations,
the extensive computing effort needed, discourage the use of DTA in
larger areas.

Quasi-Dynamic Traffic Assignment

Quasi-dynamic models can be considered as a bridge between STA
and DTA since they are placed in the middle of these two approaches
both in terms of computing efficiency and reliability. While demand
between each O-D, qrs, is usually constant during the analysis period,
network loading is quasi-dynamic. The distribution of the demand,
qrs, along the paths k, k ∈ Krs can be computed solving Problem
(2.12) similarly to STA. Assume that Drs,k is the set containing the
consecutive links of path k, k ∈ Krs. The term quasi-dynamic means
that part of the demand f rsk is loaded in the path k instantaneously,
similarly to the static case, until a link flow xa, a ∈ Drs,k, reaches
its capacity Ca. Then, path k is blocked at the upstream end of the
link and the rest of the demand f rsk is forming a queue propagating
upstream of link, a, dynamically. Real time variable doesn’t exist,
but the propagation of the queues is based on pseudo-time from the
time that the flow of link a reaches the capacity Ca.

The most characteristic models belonging in this family are sug-
gested by Bundschuh et al., (2006a) and Bliemer et al., (2012). Re-
garding the first model, the resulting flows, f rsk , after the STA prob-
lem is solved, are incrementally loaded until the capacity of a link Ca,
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a ∈ Drs,k is reached. Then, queues are propagated backwards relying
on the queuing capacity of each link, upstream the link a. When the
whole demand has been fed into the network, the traffic stored in
the queues is propagated forward and queues are dissolved in small
time slices, until the network become empty. The final link delays are
computed depending on the congestion distribution among the above
time slices.

The rationale behind the model proposed by Bliemer et al., (2012),
Static Traffic Assignment with Queuing (STAQ), is similar to the one
of Bundschuh et al., (2006a), with the basic difference being that
queue propagation is more realistic since it is based on the LWR
theory. STAQ actually relies on the eLTM model, considering two
static assumptions: the demand is stationary over a given period and
traffic propagates instantaneously.

The model consists of two phases, the squeezing and the queu-
ing phase. During the squeezing phase, in which there is no time
variable, the predefined demand from STA, of each path k, f rsk , is
loaded into the network through a more efficient compared to Bund-
schuh et al., (2006a), incremental assignment which ensures that no
link flow xa, a ∈ Drs,k, exceeds capacity. When the capacity of link a,
a ∈ Drs,k, is reached, the remaining demand forms a vertical queue at
the upstream end of link a. Next, during the queuing phase the effect
of spill-back is considered, and queues propagate to the upstream
links. The propagation of the queues is determined by the shock-
waves speeds calculated according to Equation (2.16), while the node
model is similar to one employed by LTM . The queuing phase ends
when all traffic demand has reached its destination. The average link
travel time can then be calculated in terms of delays obtained from
the cumulative inflows and outflows.

For both models the route choice is considered as exogenous. Us-
ing the same iterative algorithms as in the case of DTA, the travel
times of each path between an O-D, k, k ∈ Krs, can be equilibrated.
Nevertheless, the condition 2.13 is not satisfied due to spill-back, and
hence the uniqueness of the solution is not ensured. Quasi-dynamic
assignments are computationally more efficient than DTA, but since
link interactions are considered, similarly to the DTA case, concerns
are raised regarding the uniqueness of the equilibrium solution. A
non-unique solution can potentially lead to a problematic evaluation
of different alternative policies. However, using quasi-dynamic load-
ing as post-processing of STA results, can improve applications such

36



2.3. Traffic measurements

as emission modelling, since the location of the congestion is more
realistically described. In Chapter 5 of this thesis, a version of the
STAQ model, suitable for emission estimation, is proposed and its
application is evaluated.

2.3 Traffic measurements
For a more reliable estimation of the real traffic conditions, traffic
models are commonly used in combination with traffic measurements.
Traffic measurements are used for calibration and validation of traffic
models, for real-time traffic control or for the direct determination
of the traffic state. The basic types of traffic measurements and the
methods of collecting the traffic measurements data are described in
Section 2.3.1, while Section 2.3.2 presents some methods for estimat-
ing the traffic state from measurements.

2.3.1 Measurements types and devices
Most of the existing devices for measuring traffic are fixed-point sen-
sors, collecting Eulerian or cross-sectional data. Cross-sectional data
measured from stationary sensors usually is expressed by temporal
mean quantities related to the macroscopic traffic flow variables, such
as traffic flow, mean speeds or occupancy for a specific location. Sta-
tionary sensors cannot directly measure traffic density since it is a
spatial defined quantity (Treiber and Kesting, 2013). Nevertheless,
traffic density can be estimated using, for instance, the hydrodynamic
relationship of Equation (2.4).

The most commonly used devices for collecting cross-sectional
data, are the induction loop detectors and the radar sensors, being
installed in the major streets of many European cities. Loop detec-
tors are the most widespread sensors, which sense the presence of a
conductive metal object by inducing currents in the object while the
loop inductance is reduced (Neudorff et al., 2003). The most im-
portant disadvantages associated with the use of loop detectors are
the vulnerability and the installation and maintenance cost. Since
they are installed in the roadway surface, for any maintenance traffic
is interrupted. On the other hand, radar sensors, being usually in-
stalled on bridges above the traffic can be maintained without traffic
interruption. They transmit energy and a portion of this energy is
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scattered by the vehicle back toward the sensor, where it is detected
and converted into traffic information (Neudorff et al., 2003). Radar
sensors are strongly influenced by temperature and they also become
inadequate for high congestion levels when speeds are very low or
close to zero. Other devices usually used in practice for collecting
cross-sectional are the light-based and the magnetic sensors.

During the last decades, due to the extensive research on the
field of Intelligent Transportation Systems (ITS), Lagrangian mea-
surements are also available, providing microscopic, trajectory data.
Trajectory data refers to the space-time location of each individual
vehicle-driver unit and it can be considered as one of the most com-
prehensive traffic data available (Treiber and Kesting, 2013). Mi-
croscopic variables, such as individual location, speed and accelera-
tion can be directly or indirectly estimated from a trajectory, while
macroscopic variables can also be estimated from a trajectory data
set, including all vehicles within a given road segment and period.
A trajectory data set, can be obtained from camera-based methods,
where video image processing techniques are employed to estimate the
position of each vehicle in time from video footages. The algorithms,
however, needed for these methods have to be robust, increasing the
cost while luminosity and visibility changes can affect the accuracy of
the measurements.

Global Positioning Systems (GPS) equipped devices are an al-
ternative source of Lagrangian measurements. The corresponding
collected traffic data, is also called Floating Car Data (FCD). FCD
can be obtained from different probe client types, such as navigation
systems, fleet management clients and insurance black-box systems.
Other methods of collecting floating-car data are associated with cel-
lular networks and Automated Vehicle Identification (AVI), such as
license plate recognition and re-identification of Bluetooth or Wi-Fi
physical address. An overview of traffic sensors and floating-data
collection techniques can be found in (Allström et al., 2017). Since
floating-car data regards only a few probe vehicles, some macroscopic
traffic variables essential from an emission modelling point of view,
such as traffic flow or average speed can be estimated only under
extensive assumptions.
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Figure 2.6: Cross-sectional data from radar sensors installed
on a motorway stretch in Stockholm; (a) flow (b) speed.

2.3.2 Traffic state estimation
The term traffic state estimator refers to the process of the inference
of traffic state variables (traffic flow, traffic density, speed) on road
segments using partially observed traffic data (Seo et al., 2017). Since
it is not financially feasible to equip every part of a road network with
sensors, the collected traffic data usually contains gaps in space and
time. Figure 2.6 is an illustrative example of the missing informa-
tion. It depicts the output of 5 radar sensors installed on a 3 km long
motorway segment in Stockholm, for a typical day in 2016, plotted
on the space-time domain. The nature of the data collected by radar
sensors is cross-sectional, and hence the measured values regard only
specific locations, while there is no indication of the traffic conditions
in between two sensors. In addition, we can notice some time gaps in
the data because possibly the sensors were temporally out of order.
Thus, the main aim of an estimator is to reconstruct the space-time
field as well as to remove the measurements’ noise, providing more
reliable and comprehensive information about the traffic state. Traf-
fic state estimators are a useful tool for applications such as traffic
management and control.
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The two basic components of a traffic state estimator are the priori
knowledge of traffic and the partial observations. Depending on the
type of the prior knowledge that are based on, Seo et al., (2017) cate-
gorise the state estimating methods into three groups: model-driven,
data-driven and streaming-data-driven. The approaches belonging
into the first category, employ traffic flow models for the state esti-
mation. The data-driven approaches depend on historical data and
rely on statistical methods, while the third category combines the
two previous elements. Partial observations can regard data from one
but as well as from more than one heterogeneous data sources; the
procedure of combining this data is called data fusion.

The level of detail, the complexity, as well as the aggregation level
of the output traffic parameters varies among the different state esti-
mation approaches, depending mainly on their potential application.
For large scale applications, such as emission estimation on a city
level, usually data-driven, non-parametric methods, such as AADT,
are applied for estimating the required missing data.

Estimation of annual average daily traffic

The basic aim of the AADT approach is to estimate the traffic state
and traffic activity for each day or hour of the year and for network
parts where there are not permanent measurement data available.
Each such part of a network, is assigned into a road group based
on short-term measurements. Then, seasonal factors, computed from
permanent measurements at different network locations, are applied
over an estimated annual average daily traffic flow.

Based on data from permanently installed sensors, here referred
as Permanent Traffic Counters (PTC), a time (day/season) varia-
tion factor can be computed, describing the average daily flow for a
specific type of days and road segment in proportion to the AADT.
This factor can include characteristics related to specific type of days
(e.g. weekdays and weekends) and to seasons (e.g. months). How-
ever, since PTCs can be installed only at some sites of the traffic net-
work, we assume that short period traffic counts (Short Period Traffic
Counts (SPTC)) are commonly available for the rest of the network,
providing data for shorter time periods (e.g. weeks or months). The
AADT for every SPTC site, is then estimated based on the time vari-
ation factor derived from a PTC located in the same road category.

For every PTC site, α, the AADT can easily be computed, just
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by finding the mean of the annual daily flow. A key issue is then to
group the days of the year into clusters, and group PTCs into road
categories, for which we expect the time variation factor to be similar.
This can be done using methods such as the k-means clustering (Har-
tigan and Wong, 1979) or fuzzy C-means clustering (Bezdek et al.,
1984). A common grouping of days is to cluster based on day of week
and month of the year. Let I denote the set of road categories, and
for a specific road category group i ∈ I, Ci denotes the set of sites
belonging to this category. Let J be the set of day clusters. For road
category, i ∈ I, and day cluster, j ∈ J , the time variation factor can
be computed as

fi,j =
1

|Ci|
∑
α∈Ci

qADTj,α

qAADTα

, (2.17)

where qADTj,α is the average daily flow at site s for day cluster j, and

qAADTα is the annual average daily flow at site s.
The next step is to assign the SPTC sites, to one of the road

categories and estimate their average annually flow. This can for
instance be done using artificial neural networks (Gastaldi et al., 2013)
or regression models (Zhong et al., 2004). Once a SPTC site, β, is
assigned into a road category group i and the average annually flow,
qAADTβ , is defined, the average daily flow for the day cluster j can be
estimated as

qADTj,β = qAADTβ · fi,j . (2.18)

Depending on the use of the AADT, it may be necessary to also
include an hourly factor. Emissions are sensitive to temporal traf-
fic variation, and as highlighted in Batterman et al., (2014), they
should be estimated in a daily and in an hourly level. As discussed
in Tsanakas et al., (2017), one hour is a sufficiently short period to
capture the effects of flow temporal variations in an emission estima-
tion analysis. The hourly pattern can also be determined from the
PTC sites, and can be included in the clustering analysis (Ha and
Oh, 2014) and in the estimation procedure as proposed in Gastaldi
et al., (2013). Therefore, for every road category i, and day cluster j,
the hourly factor can be computed as

gi,j,h =
1

|Ci|
∑
α∈Ci

qHTj,h,α

qADTj,α

, (2.19)
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where qHTj,h,α is the hourly average flow for hour h, on day cluster j, at
site α. Using the hourly factor together with estimated AADT and
time variation factor, hourly average flows can be computed for all
SPTC sites:

qHTj,h,β = qADTj,β · gi,j,h. (2.20)

However, for a comprehensive emission estimation, together with
the flow, the temporal variation of speeds should also be included. If
we assume that the same type of data as flow from the PTC sites is
available also for the average speed, following the same methodology,
the corresponding Annual Average Daily Speed (AADS) can be cal-
culated. The final output of the method is a coherent set of hourly
average speeds V HT

j,h and flows QHTj,h , for every h hour of the j day of
the year.

Spatio-temporal interpolation

A more sophisticated, streaming-data-driven traffic state estimation
approach, which is based on spatio-temporal interpolation and smooth-
ing techniques, is suggested in Treiber and Helbing, (2002) and Treiber
and Kesting, (2013). The ASM, fully reconstructs the measured speed
and flow field, by both estimating temporally missing data and fill-
ing the spatial gaps between stationary sensors. The output of the
interpolation are a complete speed V (κ, τ) and flow Q(κ, τ) fields as
a function of the discretised space and time intervals κ, τ . In prac-
tise there is a need to discretise, because of both computational bur-
den and emission modelling issues. Regarding the latter, an macro-
scopic emission model should be applied on stable traffic conditions,
for which the driving cycles can be expected to be valid. For this
reason we introduce the Vκ,τ and Qκ,τ which denote the discretised
speed and flow measurements.

The interpolation method relies on a discrete convolution, with
a symmetric exponential function as the weighted kernel, φ0, oper-
ating actually as a low-pass filter, smoothing temporal variation and
spatial fluctuations. More specifically, the method considers that all
the traffic perturbations are propagating either downstream, in free
traffic conditions, with a wave speed cfree, or upstream, in congested
conditions, with a wave speed ccon. Assume that z(κi, τj), is the value
of the z traffic variable (in our case speed and flow) counted by the
stationary sensor i, at position κi and time τj , where j denotes the

42



2.3. Traffic measurements

the index of the aggregation time intervals. At each position κ and
time τ , two linear anisotropic low-pass filters zfree and zcon can be
computed as

zfree(κ, τ) =

∑
i

∑
j φ0

(
κj − κ, τj − τ − κ−κi

cfree

)
· z(κi, τj)∑

i

∑
j φ0

(
κj − κ, τj − τ − κ−κi

cfree

) , (2.21)

and

zcon(κ, τ) =

∑
i

∑
j φ0

(
κj − κ, τj − τ − κ−κi

ccon

)
· z(κi, τj)∑

i

∑
j φ0

(
κj − κ, τj − t− κ−κi

ccon

) , (2.22)

The Kernel φ0 is given by

φ0(κ, τ) = exp

( |κ|
σ
− |τ |

ψ

)
, (2.23)

where σ and ψ are the spatial and temporal smoothing widths. Fi-
nally, the estimated traffic variable constitutes a superposition of the
two low-pass filters

z(κ, τ) = w(κ, τ)zcon(κ, t) + (1− w(κ, τ)) zfree(κ, τ), (2.24)

with w(κ, τ) being a weight factor 0 ≤ w ≤ 1.
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Chapter 3

Emission estimation
based on traffic
measurements

The traffic data required as input to emission models can either be
derived from traffic models or traffic measurements. This chapter
focuses on the use of traffic data that comes from measurements, and
specifically on the use of cross-sectional data from stationary detectors
in an emission estimation analysis. Section 3.1 provides an overview
of the approaches commonly used to estimate emissions from traffic
measurements including both cross-sectional and trajectory data. In
the same section we also explain our choice to use cross-sectional
data, since stationary detectors still remains a cost-efficient method
of collecting traffic data to be used in emission modelling. Next, in
Section 3.2 the main problems related to the use of cross-sectional
data in emission modelling are described. Those issues are mainly
associated with the simplified traditional approaches of extrapolating
the traffic data in time and space. For this reason, we suggest the
use of a more sophisticated extrapolation method and we evaluate
its application compared to the traditional approaches following the
methodology described in Section 3.3. Section 3.4 presents the results
while Section 3.5 concludes and discusses the basic findings of this
chapter.
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3.1 Review of the methods
Traditionally, macroscopic emission models, rely on outputs from the
transportation planning models based on STA. However, many stud-
ies (Aguilera and Lebacque, 2010; Bai et al., 2007a,b) have high-
lighted the difficulty of using such data as input to emission mod-
elling, since the modelling of traffic dynamics is limited. Therefore,
many researchers have moved towards the exploitation of the increas-
ingly accessible data from traffic sensors (see Section 2.3), either to
be used in combination with traffic models, or on its own as the basis
for computing emissions.

3.1.1 Approaches based on trajectory data
Traditionally, traffic measurements were mainly available from fixed
sensors, but today there might also be additional sources of data,
such as data from vehicle probes. It is important to note that new
sources of traffic data, such as AVI or GPS, mainly contribute to
the collection of speeds or travel times, while for the traffic volumes
additional sources of data are needed.

In Gately et al., (2017), emissions are estimated by assimilating
GPS data with speed and flow data derived from stationary detec-
tors or a traffic model. Nyhan et al., (2016) use GPS trajectory data
from taxis, available for a large urban area in Singapore, to estimate
emissions. However, they conclude that Singapore is a special case,
where taxi data can be used to infer general traffic pattern and the
total volume, but this is not necessarily true for other urban areas.
Jing et al., (2016) estimate emissions for Beijing based on hourly av-
erage segment speed form GPS floating car data. The flow is derived
from average speed using a functional relationship between speed and
flow. Nevertheless, the floating car data covered only two weeks of
data for the entire city. In Ryu et al., (2015), GPS data is used to ob-
tain speeds as input to the emission calculation, but only for specific
vehicles and network routes.

Therefore, although trajectory data is becoming more and more
accessible, it is not always possible to have a complete set of both
speeds and flows. Additionally, these approaches can be expensive,
require significant participation of the drivers and have privacy con-
cerns (Jeng et al., 2013).
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3.1.2 Approaches based on cross-sectional data
On the other hand, cross-sectional data, from stationary detectors
(inductive loop detectors or radar sensors), are able to more effi-
ciently provide comprehensive data for an emission estimation anal-
ysis. However, they only provide this data for specific points in the
traffic network, and there is no information on what is happening in
between two detectors. An example of the use of cross-sectional data
for emission modelling purposes is given by Jeng et al., (2013), where
a methodology for estimating emissions using inductive loop signature
data to derive flow, space-mean speed and vehicle fleet composition
is proposed.

Nevertheless, even in the case of stationary detectors, a complete,
with respect to time and space, data set, is not always economically
feasible. For a reliable emission inventory, the available measured
data should be extended in time and space using methods for missing
data imputation. A common approach to estimate the traffic activity
on a road with missing data or without permanent counting station,
is to estimate the annual average daily traffic flow AADT and then
multiply it by seasonal or hourly variation factors (see Section 2.3.2).
The seasonal curves and the hourly traffic profiles can be computed
with the help of permanent counting stations located in different parts
of the network. The roads where those permanent stations are lo-
cated are then divided in categories. Each road with missing data,
is assigned to the appropriate road category based on short-period
measurements, usually using regression models or neural networks,
and the corresponding seasonal curves are applied. A detailed review
of the traditional methods for estimating missing counts can be found
in Zhong et al., (2004). Commonly, only the traffic activity is esti-
mated through AADT, and the traffic state (usually represented by
the average speed) is derived from other sources or through some an-
alytical relationship between speed and flow. There are also examples
where flow and capacity ratios are used (e.g. Trafikverket, 2012), to
directly determine emission factors. These approaches, however, in-
troduce the problem that there is not a one-to-one mapping between
average speed and flows, and the same flow can be measured both
at an uncongested (high speed) and a congested (low speed) traffic
state.

To improve the accuracy of emission estimations, Fu et al., (2017)
attempt to extend short-period data to AADT using neural networks.
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Accordingly, Kholod et al., (2016) derive AADT from video based
detection at several locations and types of roads, while Coelho et al.,
(2014) use manual traffic counts to estimate AADT. In each one of
these three studies, GPS data is used to obtain the average speed on
each road segment or road category. Alternatively, Lindhjem et al.,
(2012) use cross-sectional data to develop temporal allocation profiles
for the traffic flow, and speed is derived from flow, using the Bureau
of Public Roads function (BPR) travel time function. In many other
recent studies (Batterman et al., 2014, 2015; Basarić et al., 2014), the
estimation of emissions is based on AADT.

3.2 Limitations associated with
cross-sectional data

For a comprehensive emissions analysis, the ideal situation would be
to install permanent traffic sensors on every road segment in the
network, obtaining faultless traffic data, 365-days around the year.
However, due to limitations such as costs related to installation and
maintenance, this is not feasible and real data sets usually contain
a significant percentage of missing data. The required data associ-
ated with the parts of the network where there are no permanent
traffic sensors, usually is estimated by approaches such as AADT.
With respect to emission modelling, there are two main limitations
with using AADT: (1) average conditions do not capture the most
congested days or hours, and (2) applying air quality analysis based
on average traffic conditions but with specific background pollution
and meteorology data risks to introduce errors in the actual con-
centration of pollutants. Moreover, all the studies mentioned in the
previous section, focus more on the seasonal, or within day variations
of flow, while average speed is considered as temporally constant.
Even though, temporally constant average speed may not affect ap-
plications of emissions modelling such as NEI, speed variations is a
significant factor with regard to dispersion or exposure modelling.

Additionally, cross-sectional measurements are by their nature
discrete in space, and by taking the spatial average of such mea-
surement along a homogeneous segment (Ferm and Sjöberg, 2015,
Muller-Perriand, 2014), the spatial variations of speed and flow are
neglected. Despite the fact that average segment speeds can pre-
dict travel times sufficiently accurate, their non-linear relationship to
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emissions could lead to considerable errors in an emission estimation
analysis.

3.3 Comparison of the traffic estimation
methods

Considering the limitations related to the use of the traditional data
imputation approaches such as the AADT described above, our hy-
pothesis is that the use of a more detailed traffic state estimator, will
lead to reliable total yearly emissions and distribution of those emis-
sions in time and space. In order to investigate this hypothesis, we
calculate emissions for a road stretch in Stockholm and for the whole
2016 considering two different methods for obtaining the traffic data.
The first method relies on the traditional estimation approaches while
the second is based on the ASM, corresponding to the traffic data set
i and traffic data set ii accordingly in Figure 1.3. By evaluating the
differences between the resulting emissions derived from the two dif-
ferent approaches (emission data set i and emission data set ii), both
from a NEI and from air-quality perspective, considering also the ef-
ficiency of each approach, we give answer to the research Q1 of this
thesis.

Introduction to the study area

Stockholm, due to the rapidly increasing population, is one of the
most congested cities in Western Europe. Local and national road au-
thorities try to alleviate congestion and decrease the travel times, both
at a strategical planning level, by establishing a congestion charging
scheme, and at an operational management level, by ramp-metering,
variable-speed-limits or any other local setting. However, for the effi-
cient application of any congestion mitigation strategy, real measured
data for feedback or calibration is needed. For this reason, Swedish
Transport Administration collects traffic data, mainly from fixed sen-
sors but also from probe vehicles.

There are approximately 1500 fixed detectors, located all around
Stockholm, installed on motorways and arterials (Figure 3.1). Almost
two third of them are radar sensors, located at the E4 motorway, being
an integral part of a Motorway Control System on the main highway
that passes through Stockholm (Allström et al., 2011).
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Figure 3.1: Modelled motorway section and the sensors’ posi-
tion.

Our case-study segment is a 23.4 km long section, which is part of
the E4 (Figure 3.1). The segment consists of 83 network links, which
are grouped, based on geographical and other characteristics such as
the number of lanes, into 19 homogeneous road segments. Moreover,
92 detector stations, are located every 250-300 metres along this seg-
ment of the motorway. Each detector station includes a number of
radar sensors equal to the number of lanes at the location which col-
lect one-minute average time mean speed and traffic flow data. Here
we use the mean flows and speeds across all lanes, from the first of
January 2016 to the last of December the same year.

Emission model

In this study we use the HBEFA emission factor described in Section
2.1.2 adapted for the Swedish roads and traffic conditions. Using in-
formation of the Swedish vehicle fleet composition (see Appendix A,
Table A.1), we calculated the weighted average of the emission fac-
tors corresponding to different vehicle classes, fleet mix and mileage.
Finally, our estimations are based on emission factors for five pol-
lutants ( HC, CO, NOx, CO2 and PM), for four traffic situations
(Free flow ; Heavy ; Saturated ; Stop and go) and for two different road
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Table 3.1: Volume/Capacity ratio thresholds for the traffic
situation determination suggested by the Swedish Traffic Agency
Handbook for road traffic and air pollution (Trafikverket, 2012).
Each row is associated with a different road type indicated by
the speed limit.

Speed Free Heavy Saturated Stop
limit (km/h) flow and go

90 <0.65 0.65-0.85 0.85-1.35 ≥1.35
70 <0.39 0.39-0.84 0.84-1.35 ≥1.35
<50 <0.52 0.52-0.78 0.78-1.22 ≥1.22

types (urban motorway (URB/MW) with a speed limit of 90 and 70
km/h). We should highlight here that we consider only exhaust hot
emissions and only light duty vehicles. An example of the CO2 and
NOx HBEFA emission factors that reflect the Swedish conditions is
illustrated in Figure 2.3, while Table A.2 in Appendix A contains
the values of the corresponding emission factors for every considered
pollutant.

The only existing official description (Trafikverket, 2012), of how
the traffic situation in HBEFA should be determined for road in Swe-
den, is based on the V/C ratio of each network link (Table 3.1). This
is relevant when applying HBEFA with outputs from a STA model,
where flow can exceed capacity. Static assignment models allow the
volume to be higher than the capacity of a road since the underly-
ing VDF represents travel times as a function of demand rather than
the actual flow. However, in reality it is not possible for the flow to
be higher than the capacity and accordingly, by applying the V/C
thresholds on measurements the Stop and go situation cannot occur.
However, as it is depicted in Figure 2.3, the Stop and go situation
corresponds to the higher emission factor, and hence the accurate
prediction of this situation becomes essential.

Therefore, the V/C thresholds, presented in Table 3.1 cannot di-
rectly be applied to the measurements. For this reason, we trans-
form the V/C thresholds into speed thresholds using the fundamen-
tal diagram of traffic flow. In contrast to the VDF, according to the
fundamental diagram the relationship between flow and speed is not
monotonic. Low flows can correspond either to low speeds in the case
of saturated conditions, or to high speeds in the case of non-saturated
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conditions. Since flow cannot by itself determine the traffic situation,
we converted the V/C ratio thresholds into speed thresholds. Us-
ing linear-hyperbolic fundamental diagram, proposed by Work et al.,
(2010), the flow thresholds are projected to the speed axis in order
to determine the speed thresholds, as illustrated in Figure 3.2 (a)
Therefore, HBEFA emission factors are expressed as a discrete func-
tion, ẽp(v), of average speed v for each pollutant p.

In order to avoid large changes between the emissions factors for
small changes in the average speed, we suggest a continuous version of
HBEFA derived by linear interpolation between the emission factors
corresponding to adjacent traffic situations (Figure 3.2 (b)), similar to
the interpolation done in Wismans et al., (2013). Finally, the emission
factor is expressed as a continuous function, ep(v), of average speed
v for every pollutant p.

As mentioned in Section 3.3, each radar sensor collects one-minute
mean speed and traffic flow data, which can be used as input for
HBEFA emission factors determination. However, the nature of the
HBEFA emission factors are not instantaneous, they rather repre-
sent an aggregate situation, relying on average conditions during a
driving cycle. Hence, the temporal interval of one minute, may not
be a sufficiently long interval to describe a HBEFA traffic situation.
For this reason, we aggregate the sensors outputs, speed and flow,
temporally over an hour. The temporal interval of one hour is more
representative for the HBEFA traffic situations while at the same time
the speed variations and the demand fluctuations can be sufficiently
caught (Tsanakas et al., 2017). After the aggregation of the data, the
average hourly data availability for the 92 sensors and the for whole
2016 is 89.9 %, with a 14.4 % standard deviation among the sensors.
The highest data availability for a sensor is 98.2 %, while the lowest
27.4 %.

Seasonal, hourly factors and AADT estimation

Following the AADT estimation method described in Section 2.3.2,
we estimate the corresponding traffic state for the parts of the segment
associated with sensors where the data availability is low. For 38 of
the 92 detector stations we managed to create complete AADT and
AADS data, and hence these stations sites are considered as the PTC
sites, while the remaining 54 detector stations, sites are assumed to
be the SPTC. For the grouping of PTC sites, the Fuzzy C-means

52



3.3. Comparison of the traffic estimation methods
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Figure 3.2: (a) Linear hyperbolic fundamental diagram and
derivation of speed thresholds (Speed > α′: Free flow , α′ ≥
Speed > β′: Heavy , β′ ≥ Speed > β′′: saturated, Speed ≤ β′′:
Stop and go); (b) CO emission factor as a discrete (bars) and as
a continuous (dashed line) function of average speed.

algorithm (Bezdek et al., 1984) is used, similarly to Gastaldi et al.,
(2013). The Fuzzy C-means algorithms requires the optimal number
of clusters as input. For the evaluation of the number of clusters we
use the pseudo-F statistic criterion (Caliński and Harabasz, 1974).
Finally, the optimal number of road groups is found to be 3, |I| = 3,
for both speed and flow. The resulting time variation factors, fi,j are
illustrated by Figure 3.3, while Figure 3.4 shows the hourly factors,
gd,i,h for each road group i.

For each one of the SPTC sites, β, the annual average daily traffic,
qAADT
β,i , is estimated through linear regression, and finally the SPTC
site is assigned to a specific road group. The same methodology is
used for the estimation of the annual average speed. Finally, the
average hourly values of flow, QHT

j,h , and speed, V HT
j,h , that are missing

for each sensors, are estimated using the Equations (2.18) and (2.20).

Spatial aggregation methods

Cross-sectional data from stationary detectors needs to be extended
in space, before a macroscopic emission model can be applied. A
common approach for extending the measurements to network links,
is to assume that traffic conditions are homogeneous for the whole
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Figure 3.4: Flow and speed hourly factors, for the different
road groups.

length of a link, referred to this study as the Average Homogeneous
Segment (AHS) approach. Assume, that Sa is the set of the sensors,
s, located along the homogeneous link a. Let La be the length of link
a, and let V HT

j,h,s and QHTj,h,s be the hourly mean speed and flow, of each

sensor s. Then, based on the spatially aggregated speed V HT
j,h,a and

flow V QHTj,h,a the total emissions, Epj,h,a, for each link a and pollutant
p , during day d and hour h, can be expressed as

Epj,h,a = ep

(
1

|Sa|
∑
s∈Sa

V HT
j,h,s

)
· 1

|Sa|
∑
s∈Sa

QHTj,h,s · La. (3.1)

Alternatively, one can assume that each sensor has an Area Of
Influence (AOI). This area could, for instance, be the half of the
distance between two adjacent sensors. This can easily be achieved
by divining the network into segments so that each segment con-
tains exactly one sensor. Assume that the sensors s are consecutively
numbered based on their longitudinal position xs. Then, the total
emissions, Epj,h,s, of pollutant p, during day d and hour h, at area of
influence of sensor s, can be expressed as
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Epj,h,s = ep
(
V HT
j,h,s

)
·QHTj,h,s ·

(xs+1 − xs) + (xs − xs−1)

2
. (3.2)

Emission estimation based on ASM

ASM, described in Subsection 2.3.2, fully reconstructs the measured
speed and flow field, filing the spatio-temporal gaps in the data.
Therefore, ASM provides the appropriate traffic state and activity
information required for an emission estimation analysis. Wang et
al., (2011) in their study use ASM to estimate emissions from cross-
sectional data. However, they use a microscopic emission model and
ASM is employed to produce vehicle trajectories. In this thesis, we
utilize ASM to get the required traffic information for an macroscopic
emission model. As mentioned in Subsection 2.3.2, κ and τ are as-
sociated with the discretised space and time respectively. Given that
λ and µ are the lengths of each space and time interval, in kilome-
tres and hours respectively, at each section κ and time interval τ ,
emissions can be computed as

Epκ,τ = ep(Vκ,τ ) ·Qκ,τ · λ · µ, (3.3)

where Qκ,τ and Vκ,τ , are the ASM based average flow in veh/h and
speed in km/h.

Figure 3.5 illustrates the sensors outputs for a typical day of 2016.
Note the cross-sectional nature of data and the lack of traffic situation
information between sensors. Applying ASM, we obtain a continuous
in space and time field of the traffic variables (Figure 3.6). Finally,
based on the reconstructed speed and flow field, emissions for five
pollutants are estimated using Equation 3.3. The space interval is
set to 100 meters, therefore λ = 0.1, while the temporal is set to 5
minutes, and thus m = 5/60. The resulting emissions for NOx and
CO are illustrated in Figure 3.7.

3.4 Computational results
This section presents the emissions resulting from three different ap-
proaches of obtaining the traffic data: (i) AADT combined with spa-
tial aggregation AHS, (ii) AADT combined with or AOI and (iii)
ASM, for two different cases. In the first case we take into account
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Figure 3.5: Cross-sectional data from stationary detectors (a)
flow, (b) speed.
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Figure 3.6: ASM based reconstructed field (a) flow, (b) speed.
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Figure 3.7: Emission estimation (grams per 100 metres and 15
minutes) (a) NOx, (b) CO.
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Table 3.2: Annual emissions for case 1.

Case 1: full data
Tones of pollutant emitted

HC CO NOx CO2 PM

ASM 10.500 120.07 103.60 6.14 · 104 1.6084
AADT +AHS 10.390 118.80 102.29 6.06 · 104 1.5873
AADT +AOI 10.554 120.05 103.35 6.12 · 104 1.6016

Table 3.3: Percentage difference with the base-line, at a day
level for the case 1 (Std=Standard deviation).

Case 1: full data
Percentage difference with the base-line

Pollutant mean Std min max

AADT +AHS HC −1 2.9 −13.3 17.2
CO −1.1 2.8 −12 18.4
NOx −1.3 2.5 −11.3 14.2

AADT +AOI HC 0.5 3.4 −22.9 25.1
CO −0.1 3.3 −11.9 25.2
NOx 0.2 2.7 −10.9 18.8

the full data set that is available for the 2016. In the second case, we
assume that a significant part of the data is missing.

Case 1 (full data): The data availability for the SPTCs is for
this case high (84.5 %), resulting in an accurate AADT estimation.
Table 3.2 presents the annual total emissions for the case-study road
segment, based on the three different approaches.

Assuming that ASM provides a reliable space-time field of speed
and flow, the resulting emission estimates for the full dataset are
regarded as the base-line emissions. In order to evaluate the accu-
racy of the other two approaches (AADT+AHS and AADT+AOI),
their resulting emissions are compared against the base-line. In Ta-
ble 3.2 we notice that at an annual level the differences between the
approaches are relatively small, mainly due to the high data avail-
ability. However, considering specific days, the differences are high;
Table 3.3 presents the mean, the standard deviation, the minimum
and the maximum percentage difference among the 366 days of 2016,
between the two approaches (AADT+AHS and AADT+AOI) and
the base-line for the three pollutants (HC, CO and NOx) where we
noticed the highest differences.
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Figure 3.8: Emissions based on full data and the traditional
approaches (AADT +AOI full data) versus the base-line (ASM
full data) for each day of 2016 and for (a) CO (b) NOx.

Although at an annual level the differences between the approaches
are not so vital, at a daily level the overestimation could reach to
25.2 % while the underestimation to 22.9 %. The differences can
be even higher considering the spatial distribution of the estimated
emissions. Figure 3.9 illustrates the resulting emissions for each 100
m of the segment that are based on ASM versus the corresponding
emissions that are based on the traditional approaches. The spatial
allocation of annual emissions, per 100 metres, is illustrated by Fig-
ure 3.10. Despite the fact that the whole segment’s annual estimated
emissions do not significantly differ between the three approaches,
according to Figure 3.10 their spatial allocation crucially changes.
These differences can have a direct effect on the spatially sensitive
applications of emission modelling.

Case 2 (reduced data): In large-scale networks the data availability
usually is not so high as the one in our case-study segment. However,
we chose this segment in order to construct a reliable base-line for
our comparisons. In the case 2 the available data of the segment
is significantly reduced in order to more realistic represent the data
availability of a large network. By leaving only two weeks counts
for 64 sensors, the average sensors data availability is diminished to
26.3 % with a standard deviation of 39 %. The number of the PTC
is reduced from 38 to 14, while the data availability for the SPTC
sites is declined to 13.5 %. For most of the SPTC, the assignment
into the road groups and the AADT estimation is based on limited
measurements with a two weeks duration. Table 3.4 presents the
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Figure 3.9: Annual emissions based on full data and the tradi-
tional approaches (AADT +AOI full data) versus the base-line
(ASM full data) for each 100 m of the segment and for (a) CO
(b) NOx.
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Figure 3.10: Annual emission estimates per 100 metres con-
sidering the case 1 (full data), and for the pollutants (a) NOx,
(b) CO, (c)HC.
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Table 3.4: Annual emissions for case 2.

Case 2: reduced data
Tones of pollutant emitted

HC CO NOx CO2 PM

ASM 10.42 118.59 102.41 6.09 · 104 1.587
AADT +AHS 10.61 121.74 104.74 6.21 · 104 1.625
AADT +AOI 10.30 123.88 106.33 6.30 · 104 1.647

Table 3.5: Percentage difference with the base-line, at a day
level for the case 2 (Std=Standard deviation).

Case 2: reduced data
Percentage difference with the base-line

Pollutant mean Std min max

ASM HC −0.8 1.9 −5.2 4.2
CO −1.3 2 −6.6 3.7
NOx −1.2 1.8 −5.1 3.1

AADT +AHS HC 1.1 14.5 −22.9 115.8
CO 1.4 13.7 −20 115.9
NOx 1.1 11.3 −16.4 93.21

AADT +AOI HC 3.4 16 −20.7 132.7
CO 3.2 14.8 −17.9 128.3
NOx 2.6 11.9 −14.8 101.4

resulting annual estimated emissions for the three approaches related
to this second case, while Table 3.5 presents the daily variation of the
differences.

The level of annual differences between the three approaches and
the base-line, for this case is again not very high. However, consid-
ering the results presented in Table 3.5, ASM seems to have a better
performance when the data is reduced, especially at a daily level.
Concerning the other two methods, both of them but especially the
AADT+AOI approach, tend to overestimate the total annual emis-
sions compared to the base-line. Nevertheless, the most significant
difference between the two methods and the base-line relies on the
temporal, at a day level, variations of the annual emissions.

Figure 3.11 illustrate the estimated emissions of CO and NOx

based on AADT+AOI when the data is reduced versus the base-line.
The results demonstrate that the estimated seasonal curves cannot
efficiently capture the traffic variations and consequently the magni-
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Figure 3.11: Emissions based on reduced data and the tradi-
tional approaches (AADT +AOI reduced data) versus the base-
line (ASM full data) for each day of 2016 and for (a) CO (b)
NOx.

tude of the emitted pollutants for some extreme days (either intensely
congested or days with sparse traffic). On the contrary, ASM, being
capable to estimate the propagation of traffic perturbation, performs
better with limited input data (Figure 3.12).

It is important to note here that although ASM had a better per-
formance, computational time and required computer memory, re-
main an issue, since they are significantly higher compared to the
other two approaches. The computational time of ASM, can be in-
fluenced by the input data size, but mainly depends on the length of
the space and time discretisation intervals λ,µ. For that reason, we
experiment with different sets of spatio-temporal aggregation values.
The accuracy and the efficiency of the aggregation is evaluated based
on the emission estimation results. The results presented in Table
3.2 and Table 3.4 are based on our most detailed estimation, where
the discretisation space interval is 100 metres and the time interval is
15 minutes (ASM 100/15). By gradually increasing the aggregation
level, we examined the effect on computational time, data size and
annual emissions estimates. The first column in Table 3.6 describes
the considered alternatives regarding the spatial (metres)/temporal
(minutes) aggregation levels. The rest columns contain the values
of the percentage differences between each alternative and the ASM
(100/15).

We can conclude that by modifying the aggregation level, the mag-
nitude of the estimated emissions is not drastically changed, while

61



Chapter 3. Emission estimation based on traffic measurements

(a) (b)

1.5 2 2.5 3 3.5 4 4.5

x 10
5

1.5

2

2.5

3

3.5

4

4.5

x 10
5

CO g per day based on ASM full data

C
O

 g
 p

er
 d

ay
 b

as
ed

 o
n 

A
SM

 r
ed

uc
ed

 d
at

a

 

 

week days
weekends

1.5 2 2.5 3 3.5

x 10
5

1.5

2

2.5

3

3.5

x 10
5

NOx g per day based on ASM full data
N

O
x 

g 
pe

r 
da

y 
ba

se
d 

on
 A

SM
 r

ed
uc

ed
 d

at
a

 

 

week days
weekends

Figure 3.12: Emissions based on ASM (reduced data) versus
the base-line (ASM full data) for each day of 2016 and for (a)
CO (b) NOx.

Table 3.6: The effects of ASM aggregation level (Com.
time=Computing time, Req. memory=Required memory).

Case 2
Percentage difference with ASM 100/15

130/25 150/30 160/40 180/50 200/90

HC 0.2903 0.1240 0.0111 0.4362 1.0132
CO 0.4382 0.3541 0.2831 0.7062 1.4913
NOx 0.3078 0.2746 0.3738 0.6888 1.8053
CO2 0.2911 0.2784 0.4091 0.7070 1.9365
PM 0.3061 0.3031 0.4293 0.6957 1.9266
Com. time −65.18 −75.89 −83.93 −88.39 −96.73
Req. memory −52.76 −65.17 −74.88 −81.69 −85.44
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the computing time and the required memory are significantly de-
creased. If we compare the estimated emissions from ASM 160/40 to
the base-line (ASM 100/15 full data), the total annual emissions are
underestimated from 0.65 % to 1.63 % depending on the pollutant,
while the standard deviation of this underestimation between the 366
days of the year ranges from 1.7 % to 2.2 %. Therefore, ASM with
longer space and time discretisation intervals can more efficiently fill
the spatio-temporal gaps. We should note here that longer space and
time intervals may be more appropriate to use also from an HBEFA
modelling perspective. HBEFA is a macroscopic emission model and
HBEFA emission factors represent average traffic conditions.

3.5 Discussion
The installation of stationary detectors is a cost-efficient method of
collecting the traffic data required during an emission estimation anal-
ysis. However, a temporally comprehensive data set is not always
feasible for every road of a network and cross-sectional measurements
is by their nature non-continuous in space.

Traditionally, the temporal variations of traffic are estimated by
the application of seasonal factors over an estimated AADT, while
spatially homogeneous segments are considered. Since the spatio-
temporal variations of traffic conditions is a crucial factor from an
emission estimation point of view, in this study we suggest the use of
a more detailed traffic state estimator (ASM). Having cross-sectional
data as input, ASM provides a complete space and time field of the
traffic variables. Considering two different cases of data availability,
we estimate the traffic state for a whole year, first based on ASM and
then based on the traditional traffic estimation approaches. Next we
compare the resulting from ASM emission rates with the correspond-
ing ones derived from the traditional traffic estimating approaches.

For the first case, where the temporal availability of cross-sectional
data is high, the main differences between the approaches are asso-
ciated with the temporal and spatial distribution of the total annual
emissions. However, despite the fact that the spatial allocation of
emissions differs significantly, we noticed convergence among the dif-
ferent approaches regarding the total annual emissions. Concerning
the case of reduced temporal data availability, the differences between
the variations in terms of daily traffic, are higher, mainly due to the
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fact that AADT and seasonal factors cannot describe extreme days.
ASM showed a better performance, being able to describe the traffic
variations more accurately.

Therefore, considering the research Q1 of this thesis, we can con-
clude that for applications of emissions such as NEI, the use of a
more detailed traffic state estimator may not be necessary, since the
traditional approaches provide sufficiently accurate results. However,
for applications such as air quality modelling, which are sensitive to
spatio-temporal variations of emissions, ASM leads to more reliable
results, especially when the availability of cross-sectional data is lim-
ited.

Computational time and memory requirements are an issue for
ASM, which limits the usage mainly to off-line estimation. However,
by increasing the length of the spatial and temporal discretisation
intervals, the computing effort can be reduced without significant
affecting the quality of the results.

Additionally, we should highlight here that our results can be
regarded as case specific, since the geographical and other charac-
teristics of each segment are similar. We had a relatively accurate
AADT estimation (compared to many real world cases), leading to
not so high differences regarding the annual emissions. Furthermore,
we used linear regression for the AADT estimation. However, Zhong
et al., (2004) conclude that neural networks could have better per-
formance. Furthermore, it would also be interesting for the future to
use emission related seasonal factors, instead of the traditional flow
seasonal factor estimation.

Moreover, we consider constant vehicle fleet composition, and the
emission factors are only depending on average speed and road type.
It would be of interest in future to exploit the sensor data for a dy-
namic and location specific estimation of vehicle fleet composition.
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Chapter 4

Emission estimation
based on static traffic
models

Since it is not feasible to install and maintain traffic flow sensors
throughout a whole network, traffic models are an alternative ap-
proach for generating the required traffic input. Also, traffic models
are important tools for planning purposes, and commonly joint with
emission analyses. The thesis focuses on the last step of transporta-
tion planning models, traffic network assignment, examining how
emission modelling is affected by different assignment approaches.
Although DTA approaches can be considered as more suitable for
providing traffic data to emission models, due to complexity and cali-
bration issues most emission estimations are based on outputs of STA
models.

Section 4.1 describes how the outputs of a STA model can be in-
corporated in an emission modelling analysis. Additionally, in Section
4.1 the problems associated with the use of STA for generating the
input traffic data to emission models are described. In the same sec-
tion we also categorise these issues as problems either related to the
large aggregation periods or problems regarding the static network
loading. The main goal of this chapter is to examine if the inherent
simplistic nature of STA can influence the final emission estimates
and lead to under- or over-estimations. In Section 4.2 we attempt to
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identify and quantify those errors using the same case-study area as
in Chapter 3. Finally, Section 4.3 discusses the main findings of this
chapter and aims to give answer to research Q2 of the thesis.

4.1 Definition and categorisation of the
problems

HBEFA emissions factors are originally given as a discrete function of
traffic situation. When the traffic situation has to be determined from
a STA model, this distinction is usually based on V/C thresholds, such
as the thresholds suggested by the Swedish Traffic Agency Handbook
for road traffic and air pollution (Trafikverket, 2012) presented in
Table 3.1.

In this way, the optimal link flow obtained from the solution of
the STA (Problem 2.12), is used to determine the traffic situation for
each link in the network. Then, with the traffic situation known, the
emission factor, ẽp, for every link a and pollutant p can be determined.
Next, the emission factor multiplied by the traffic activity expressed
in vehicle kilometre travelled, xa · La, where La is the length of link
a, gives the total grams of each pollutant, p, emitted at link a, Epa,

Epa = ẽpa · xa · La. (4.1)

STA problem has unique solution if VDF satisfies the conditions
(2.13), namely if the travel cost of each link does not depend on the
traffic volume of other links. In this way, links interactions are im-
plicitly not considered and due to static network loading, important
traffic flow phenomena, such as spill-back, are neglected. More specif-
ically, in the case of a bottleneck, (V/C > 1), all the time delays and
excess emissions arise at the bottleneck link, while the links upstream
the bottleneck remain unaffected. However, in reality higher delays
and emissions are observed upstream the bottleneck, due to the prop-
agation of the queues. Nevertheless, a well calibrated STA model may
result to an accurate total route travel time, since the modelled de-
lays at the bottleneck could compensate the delays, observed in reality
upstream the bottleneck. Although the accurate spatial allocation of
delays may not be so important in the case of travel time, in the case
of emissions that have location specific effects, interactions of links
become a significant factor.
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When a traffic analysis is oriented towards travel times, the most
critical aspect is the total route travel time, namely the time that
travellers need to reach from their origin to their destination. The
exact location of the congestion, where the travellers actually have
experienced the delay, is not usually of great importance. However,
the accurate estimation of congestion’s location becomes significant
from an air quality, dispersion and exposure modelling point of view.
Using location specific meteorological, demographic and background
pollution data but with spatially inaccurate distribution of road emis-
sions, can lead to an erroneous exposure. The latter could have a
direct effect during an economic analysis, e.g. cost-benefit analysis,
where the monetary cost of grams of pollutant emitted is analogous
to the number of people exposed and affected (Eliasson, 2009). Ac-
cordingly, in such an analysis, the travel time costs are associated
with route travel times. Thus, STA may be sufficiently accurate to
predict path travel times, since they don’t depend on the delay loca-
tion. In most of the cases, though, STA is the basis for both travel
times and emissions estimation. However, it should be highlighted
here that this is not the case for all the types of pollutants, for in-
stance CO2 has long-term and global effects and therefore the total
network’s emissions are only of interest.

The first group of problems that potentially can lead to emis-
sion estimation errors is therefore related to static loading and the
incorrect location of congestion. Another modelling assumption of
STA models that can also influence the emission estimation, is re-
lated to the aggregation of traffic variables in time and space. The
traffic conditions are assumed to be temporally constant during the
whole analysis period, while links are assumed to be spatially ho-
mogeneous. Thus, traffic variables are expressed in both temporal
and spatial averages. Therefore, STA cannot capture the variations
of traffic conditions, which are crucial from an emission modelling
perspective. The difficulty of using mean speeds and flows as input
to emission models have been discussed in several papers (Nesamani
et al., 2007; Muller-Perriand, 2014; Ryu et al., 2015).

4.2 Quantification of the errors
The two basic limitations associated with STA described in the pre-
vious section can introduce errors into the emission modelling. In
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this section we attempt to quantify these errors. For the same case
study road segment as in Section 3.3, we compute emissions based
on STA model outputs. Next, we compare the resulting emissions
with emissions which rely on the ASM approach and we evaluate the
results.

4.2.1 Methodology
In this section we use as a case study part (19-km long) of the segment
described in Section 3.3 (see Figure 4.1), where the most congestion
is observed. We divide the section in 27 homogeneous links based
on the location of the on-ramps and off-ramps. During the morning
peak one of the links becomes an active bottleneck resulting in queues
spreading over several of the upstream links. For this reason, we set
our analysis period to be the morning peak between 6:30 and 9:30,
which is also a sufficiently long-time interval for the complete forma-
tion and dissolution of the queues. Additionally, the road section is
equipped with radar sensors, measuring average speed and flow per
lane during one-minute intervals. The sensors data provides a suffi-
ciently realistic description of the traffic conditions and thus we use
this data to construct the ground-truth for our experiments. Specif-
ically, counts from three months (January, February and March in
2013) are considered. Based on the traffic state and traffic activity
obtained by the radar sensors counts of speed and flow, we, initially,
estimate emissions for the motorway section. These estimates are
considered as ground-truth. Next, from the same stretch we estimate
emissions based on V/C ratios and a static model, considering a sta-
ble demand during the analysis period. By comparing these emissions
with the ground-truth, we can calculate the errors that a static traffic
model can introduce in the emission modelling.

To construct a more reliable ground-truth, capable of describing
the spatio-temporal variations of traffic conditions, together with the
sensors data we use the ASM methodology described in Section 3.3.
Figure 4.2 depicts the reconstructed space-time speed field for the
considered motorway section and for a typical day. Considering this
figure, it will be helpful here to give a small description of the net-
work’s traffic situation during the morning peak. The upstream end
of the bottleneck link is located at the position of 10.8 km, that is
also the starting point of the downstream propagated queues. The
four lanes upstream this point, become two downstream, decreasing
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Figure 4.1: Modelled motorway section and the sensors posi-
tion.

the capacity and creating a lane-drop bottleneck. The bottleneck is
mainly active during the second hour of our analysis period. The
position of 12.1 km is associated with the downstream end of the
bottleneck link.

Following the methodology described in Subection 3.3 and using
the Equation (4.2) we compute the grams of pollutant p, Epκ,τ , emitted
for each discretisation interval κ, τ and for the analysis period of each
day.

Epκ,τ = ẽpκ(Vκ,τ ) ·Qκ,τ · λ · µ. (4.2)

Figure 4.3 depicts the NOx emission field for a typical day. We
should note here that we use the original discrete version of HBEFA,
where emission factors are expressed as discrete functions of average
speed. Among the 35 days, the average estimated emissions field is
used as ground-truth for our experiments.

4.2.2 Errors due to spatio-temporal aggregation
As we have mentioned in the introduction of this section, we cate-
gorise the errors that static modelling can introduce to the emission
estimation in two types: errors that concern the spatio-temporal res-
olution of average speed and flow, and errors related to inaccurate
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Figure 4.2: Speed field as a function of space and time, for the
morning peak hours of a typical day.
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Figure 4.3: NOx space-time field with λ = 50 meters and
µ = 5 minutes, for the morning peak hours of a typical day of
our analysis period.
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congestion’s location. If we assume that STA can accurately pre-
dict the traffic conditions, similarly to the ASM, but aggregated over
longer spatial and temporal intervals, we can isolate the errors that
concern the first category. We calculate emissions using the traffic
estimator outputs aggregated spatially at a link level and temporally
at an 3 hourly level as

Ẽpκ,τ =

1

|Da|
1

|T |
∑
κ∈Dκ

∑
τ∈T

Qκ,τ · λ · µ · ẽp
(

1

|Da|
1

|T |
∑
κ∈Dκ

∑
τ∈T

Vκ,τ

)
,

∀τ ∈ T , ∀κ ∈ Da, ∀a ∈ A, (4.3)

where T = {1, 2, . . . , nτ} and nτ is the number of the time intervals
contained in 3 hours analysis period, nτ = 3·60/µ, Da is the set of the
space intervals, κ, included in link a, and A the set of the segment’s
links.

If we assume that a STA model is accurate and the errors are only
related to the spatio-temporal aggregation, the emissions Ẽpκ,τ corre-
spond to the emissions derived from this ”perfect” STA model. To
quantify the influence of using longer aggregation intervals we com-
pare the emissions Ẽpκ,τ with the ground-truth, Epκ,τ . For a more il-
lustrative way to present our result we introduce here the term Errors
Due to Spatial and Temporal Aggregation (ESTA), given by

ESTApκ,τ =
Ẽpκ,τ − Epκ,τ

Epκ,τ
100. (4.4)

ESTA represents the emission under- or over-estimations in per-
centage, resulting from the spatio-temporal aggregation, for pollutant
p and for each space and time interval, κ, τ .

Being consistent with our initial hypothesis, Figure 4.4 (a), demon-
strates that longer aggregation periods significantly affect the emis-
sion estimation. The underestimation at specific locations can reach
up to 40% for sensitive to speed variations pollutants such as the
HC and the CO. The underestimations are mainly located where the
congestion is observed, namely upstream the bottleneck. At the con-
gested links the speed variations are higher and thus, there is a clear
correlation between ESTA and congestion. Moreover, the error de-
pends on the link length, since in long links the spatial average speed
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Figure 4.4: Average errors over the analysis period emission
due to spatial and temporal aggregation (ESTA) when HBEFA
emission factors are expressed as a (a) discrete (b) continuous
function of average speed.

cannot capture the spatial variations. Therefore, even if we assume
that a static model would accurately predict the same speeds and
flows with the measurements, there are still substantial errors be-
cause of the low spatio-temporal resolution.

However, by applying the continuous version of HBEFA, as pre-
sented in Section 3.3, using ep(v) instead of ẽp(v) in Equation (4.2),
the errors caused by the spatio-temporal resolution can be signifi-
cantly reduced. According to Figure 4.4 (b) the emissions calculations
become less sensitive to the aggregation period when the continuous
version is used. Figure 4.5 illustrates the emission space-time field,
when the HBEFA emission factors are given as continuous function
of speed. The upstream end of the bottleneck, located at the position
of 10.8 km, is more distinct in this figure.

4.2.3 Errors due to static loading
In this section we attempt to identify and quantify emission errors
that concern the inaccurate modelling of congestion’s location by
static models. For this reason, we compare our ground-truth with
emissions estimation derived from static modelling outputs. Consid-
ering the fact that there is no queue formed before the start of the
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Figure 4.5: NOx space-time field using the continuous version
of HBEFA, for the morning peak hours of a typical day.

first hour, and all the queues have been discharged after the end of
the third hour of the analysis period, we assume that the three-hour
demand is equal to the total three-hours inflow of the segment. The
bottleneck is active only during the second, intermediate hour of the
considered analysis period. During the first and the third hour traffic
conditions are stable, and since there are not any dynamic traffic flow
phenomena observed, we assume that a well calibrated static model
can lead to sufficiently accurate emission estimations. Therefore, the
first and the third hour are excluded from our experiments. The de-
mand period is divided, then, into three smaller, one hour long sub-
periods based on the demand variation indices suggested in Björketun
and Carlsson, (2005). Specifically, to the first hour (6.30-7.30), 27 %
of the total demand is assigned, while to the second (7.30-8.30) and
to the third (8.30-9.30), 37.5 % and 35.5 % respectively. The capaci-
ties as well as the other parameters of the static model are estimated
from calibration, using the flow and the speed counts from the radar
sensors.

For a comprehensible illustration of the results we introduce the
term Excess due to Congestion Emissions ECEpκ,τ , defined as

ECEpκ,τ = Qκ,τ · λ · µ (ep(Vκ,τ )− ep(V 0
κ )), (4.5)
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while the percentage difference given by

ECEP pκ,τ =
ep(Vκ,τ )− ep(V 0

κ )

ep(V 0
κ )

100, (4.6)

where V 0
κ is the free flow speed of space interval κ, and epκ,in(V 0

κ ) the
emission factor, if at time τ and space κ there was not any conges-
tion. Therefore, ECEP expresses the difference in emission estimates
between the current situation and the hypothetical situation where
there would be not congestion at all. In this way we can isolate the
additional emissions resulting from congestion and obtain their exact
location. We should note here that the continuous version of HBEFA
is used.

Figure 4.6 illustrates the value of ECEP at every location of the
segment for both ground-truth and STA. In Figure 4.6 (a) we can no-
tice that the excess emissions due to congestion, are located between
the positions 10.8 and 9.6, namely at the first links upstream the bot-
tleneck. Additionally, there are also some excess emissions upstream
the location of 9.6 km because of the queues’ spill-back. Especially,
for some pollutants which are sensitive to congestion, such as the HC,
excess emissions are high even for the first kilometres of the segment.

In contrast to the ground-truth, the static model, without consid-
ering any capacity constraint assigns all the delays at the bottleneck
link, due the high link’s V/C ratio (Equation (2.15)). Consequently,
the excess emissions are also gathered at the same location. Fig-
ure 4.6 (b) demonstrates this fact since the highest excess emissions
are located between the positions of 10.8 km and 12.1 km, namely
at the bottleneck link. The static model is not able to capture the
propagation of the queues, neglecting an important part of the net-
work’s emissions. Moreover, according to the static model, higher
excess emissions than the ground-truth are estimated downstream
the bottleneck, especially for the CO. The demand ratio may be high
compared to the capacity for some links downstream the bottleneck,
but in reality, the inflow rate at those links is equal to the bottle-
neck’s capacity. The static model, which does not take any spill-back
into account, assigns the whole demand, overestimating the emissions
downstream the bottleneck. However, the differences regarding the
total segment’s emissions are low ranging from 1.30 % to 1.42 % de-
pending the pollutant, because the excess emissions located at the
bottleneck compensate for the excess emissions downstream the bot-
tleneck observed in reality. Although the differences in the total seg-
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Figure 4.6: Excess due to congestion emissions based on (a)
the ground-truth (b) static loading.

ment’s emissions, between the ground-truth and STA are low, the ex-
cess emissions location differs significantly, leading to the undesired
effects discussed in Section 4.1. Therefore, from an emission mod-
elling perspective, an ideal model should be able to propagate the
queues and as well as to block the paths after the bottleneck up to
bottleneck’s capacity, predicting the congestion’s location accurately.

4.3 Discussion
For large scale emission estimation analysis, the required traffic condi-
tions are usually obtained by static models. In this chapter, we show
that the simplified way of representing traffic can lead to considerable
emission estimation errors, giving an answer to research Q2 of this
thesis. Temporal and spatial average traffic conditions tend to under-
estimate the emissions, especially in the case of a discrete emission
models such as the HBEFA. Nevertheless, we demonstrate that using
a continuous emission model, the spatio-temporal resolution problem
can be satisfactorily moderated.

In addition, the STA models’ inability of describing dynamic traf-
fic flow phenomena can also cause significant emissions estimation
errors. The inaccurate modelling of congestion’s location may lead
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Chapter 4. Emission estimation based on static traffic models

to unreliable spatial distribution of emissions. More specifically, the
excess emissions can be estimated at the bottleneck link, instead of
upstream the bottleneck where they are observed in reality. Even
though STA results can be sufficient for travel time based analyses,
we support that they need supplementary post-processing in the case
of emission estimation.
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Chapter 5

Improved emission
estimation through
post-processing

In Chapter 4, we show that static models can lead to significant emis-
sion estimation errors, related to static network loading and to poor
spatio-temporal resolution of traffic variables. These errors can have
a direct effect on air quality and exposure modelling. Conversely,
dynamic traffic models include representation of the traffic dynamics
and might therefore be better suited as a basis for computing reli-
able emissions. However, they require additional computational time
and calibration. Furthermore, such models cannot guarantee a unique
equilibrium solution and therefore are often unsuitable for policy anal-
yses. An alternative approach, which requires lower computing power
than DTA but at the same time provides a more detailed represen-
tation of traffic conditions than STA, is the post-processing of STA
outputs.

Section 5.1 gives an overview of the post-processing methods aim-
ing to an improved emission estimation, applied until now. Our hy-
pothesis is that a post-processing technique capable to capture link
interactions can lead to more accurate emission estimation. Such a
post-processing approach is presented in Section 5.2 and its use is
tested and evaluated in Section 5.3.1 considering the same case-study
road segment as in Chapter 4. In Section 5.3.2 the network effects
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of the suggested post-processor are examined. Section 5.4 concludes
and discusses the main results. Chapter 5 aims to give an answer to
research Q3 of this thesis.

5.1 Post-processing of static modelling re-
sults

During the past years, several studies have highlighted the problem of
using average speeds from static models in emission estimation. Some
of these studied have attempted to address this issue by proposing
post-processing techniques. Many researchers have moved towards
the development of congestion correction techniques, capable to re-
flect the speed spatio-temporal variability (Negrenti, 1999; Nesamani
et al., 2007; Smit et al., 2008; Ryu et al., 2015). The approach sug-
gested in Negrenti, (1999) is based on a congestion correction factor,
representing the speed variability along a link, and which can finally
improve the accuracy of emissions estimations. Additionally, the pro-
posed model in Nesamani et al., (2007) can provide a more precise
prediction of emissions, by capturing traffic variations. Focusing on
a set of factors that correlate congestion on each link, a dynamic
variation in speed is constructed. Smit et al., (2008) also highlight
the significant underestimations of emissions when using assignment
outputs such as the average link speed. They identify that speed
may vary on a link, supporting that the emission estimation can be
improved by using speed distributions instead of a mean link speed.
Finally, in Ryu et al., (2015) a corrected average speed model is sug-
gested, by analysing the traffic characteristics that can cause emission
estimation errors.

Bai et al., (2007b) consider direct speed post-processing tech-
niques for improving emission estimates, based on intersection de-
lays and queuing analysis approaches. Their methods mainly rely
on the speed-flow curve and queueing analysis proposed by Akcelik,
(1991a) and Dowling and Skabardonis, (1992). They conclude that
that different post-processors generate dissimilar impacts on emis-
sions. However, by applying such post-processing methods, queues
are represented as vertical points and propagating phenomena like
spill-back are again not taken into account. As is mentioned in Dowl-
ing and Skabardonis, (1992), by applying such post-processing tech-
niques it is not feasible to track the upstream or downstream impact
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5.2. Quasi-dynamic network loading as a post-processing approach

of queuing.
All the aforementioned approaches mainly focus on post-processing

of link speeds, without taking the network topology and interactions
between links into consideration. An alternative approach would be
to apply a simulation-based network loading. Such techniques are
commonly applied in dynamic traffic assignment models, and can be
distinguished in micro, meso or macroscopic simulation approaches.
All such approaches rely on dynamic route and demand information,
and the quality of their results is largely depending on the calibration
of the model. Micro and meso approaches require more detailed in-
put about the road infrastructure in comparison to what is needed for
static traffic models. Macroscopic approaches, however, are more sim-
ilar to static models, regarding their level of aggregation and simpli-
fication of the road infrastructure. Such network loading approaches
have been incorporated in static models, in order to take into account
interactions between the links (Bundschuh et al., 2006b; Bliemer et
al., 2012). However, this type of models has so far only been used for
improved estimation of travel times on routes, but not for emissions
estimation since their outputs cannot straightforward be applied to
an emission model.

In this thesis, we choose to use an emission-based version of the
model proposed by Bliemer et al., (2012). The queue propagation in
this model, being based on the kinematic wave theory, is more real-
istically described compared to the method proposed by Bundschuh
et al., (2006b).

5.2 Quasi-dynamic network loading as a
post-processing approach

STAQ (Brederode et al., 2010; Leeuwen, 2011; Bliemer et al., 2012;
Brederode et al., 2018) is a network loading model based on the LWR
first-order traffic flow model. Although in LWR the transitions be-
tween traffic states are not described in detail and could be unrealistic
regarding the rates of acceleration (Treiber and Kesting, 2013), shock-
wave positions are accurately described. The latter is more important
for the needs of this study, since HBEFA emission factors are functions
of speed and acceleration variations are implicitly modelled, being in-
cluded in the associated driving cycle. A more complicated emission
model, sensitive to acceleration, would require a better description
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of the state’s transitions, for instance by a second-order traffic flow
model. Consequently, considering the nature of HBEFA model, we
use a first-order traffic flow model, assuming that infinite accelera-
tion can happen instantaneously at the transitions, since that doesn’t
affect the emission estimates.

The network loading model STAQ is a quasi-dynamic model, be-
ing based on the dynamic eLTM model and considering two important
static assumptions: demand is stationary and part of the demand is
loaded instantaneously (see Section 2.2.2). The flow propagation is
based on the simplified wave theory of Newell, (1993), using cumu-
lative flows and the triangular fundamental diagram (Leeuwen, 2011;
Bliemer et al., 2012). Nevertheless, according to the triangular fun-
damental diagram the speed is constant at the flowing regime, since
there is linear relation between flow and density. Although constant
speed at the flowing regime might not have a significant effect regard-
ing the travel time, concerning an emission estimation analysis, those
speed variations can be crucial. Specifically, in the case of HBEFA
emission factors, the uncongested part of the fundamental diagram
may represent both free flow and heavy situation. Therefore, the dis-
tinction between those two situations may be difficult using a linear
density-flow relationship. In our study, we use a hyperbolic-linear
fundamental diagram described in Work et al., 2010, where the speed
at the flowing regime is not constant but depends on the density. The
fundamental diagram parameters are estimated through calibration
using the speed and flow counts.

The main output of STAQ model is average link travel times, cal-
culated by the cumulative number of vehicles. However, by applying
the STAQ algorithm it is also possible to keep track of the spatial
position of the shock-wave whenever an event occurs. In our study,
to make the model outputs suitable for emission estimation, we mod-
ified parts of the algorithm described in Brederode et al., (2010). The
detailed description of this modified algorithm can be found in Ap-
pendix B. Using the queue spill-back information, we split each link
into queuing and running space-time areas. Each area can correspond
to different regime of the fundamental diagram and different traffic
state [ρ,Q, V ].

Figure 5.1 illustrates the spatio-temporal evolution of shock-waves
defining the transition between four different traffic states, for a net-
work link, a. At an event time ε1, a backward moving shock-wave
with speed w1→2

a , hits the downstream end of link a, aL, while a faster
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Figure 5.1: Spatial and temporal evolution of shock-waves.
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backward shock-wave with speed w2→3
a , hits the same point at time

ε2. The second wave will finally meet the first one, and a new event
will occur at time ε3. The new wave that will be formed from their
merge, will then meet a forward moving wave at ε5. The later had
previously hit the upstream end a0 at ε4. Finally, at time ε6, a new
forward wave will reach the downstream end aL. Figure 5.1, illus-
trates all the possible event types, as are described in Section 2.2.2.
Since the algorithm is event-based, time is discretised based on the
events and the number of algorithm steps equals to the number of
events.

From the time-distance plot we can notice that the shock-waves
divide a link into different smaller areas, each one of them associated
with different traffic states. Particularly, in the case of Figure 5.1,
the link a is divided into four areas. Each area is related to a specific
density ρ, flow Q(ρ), as well as to a specific average speed V (ρ). Since
emission factors can be calculated as a function of average speed V (ρ),
each area is also associated with a different emission factor ep[V (ρ)],
for every pollutant p.

Let M = {1, 2, ..., N − 1}, where N is the total number of events
during the simulation period. Every link of the network, a, at each
step n, is divided into Pna parts depending on the number of shock-
waves, Wn

p , traversing the link at the time of the nth event, εn. Let
Pna = {1, 2, ..., Pna } and Wn

a = {1, 2, ...,Wn
a }. The algorithm keeps

track of the position, namely the distance from the downstream end
of the link, hna,j , and the shock-wave speed, wna,j , of every shock-
wave, j ∈ Wn

a . The algorithm keeps also track of the traffic state,
[ρna,i, Q

n
a,i, V

n
a,i] for each part of the link, i ∈ Pna . Since STAQ is based

on a first order model, the transitions between the different traffic
states are linear in the space-time domain and they can be expressed
through linear equations of the form y1 = m · y2 + b. The slope m is
by definition equal to the shock-wave speed wna,j , j ∈ Wn

a while the
constant b equals to hna,j − wna,jεn, j ∈ Wn

a . Hence, the area in the
space-time domain Rna,i of its part i ∈ Pna , which is defined between
two shock-waves j and j + 1, j ∈ Wn

a and between two time steps
n, i+ 1, can be computed as
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Rna,i =

∫ εn+1

εn

(
wna,j+1ω + hna,j+1 − wna,j+1ε

n
)
dω

−
∫ εn+1

εn

(
wna,jω + hna,j − wna,jεn

)
dω, ∀i ∈ Pna , ∀j ∈ Wn

a ,

(5.1)
where wna,Wn

a +1 = 0 and hna,Wn
a +1 = La, for all a ∈ A and n ∈M. The

area multiplied by the flow rate at the step n, Qna,i·(εn+1−εn), i ∈ Pna ,
gives the vehicle kilometres travelled for the specific state. Finally,
for each link a the grams of each pollutant p emitted between time
εn and εn+1, can be estimated as

En,pa =
∑
i∈Pna

Rna,i ·Qna,i · (εn+1 − εn) · epa
(
V n
a,i

)
. (5.2)

5.3 Computational results

5.3.1 Case study
Our hypothesis is that the application of a quasi-dynamic model as
a post-processing technique could potentially reduce the emissions
estimation errors introduced by static models. To test our hypothe-
sis, we applied STAQ for the same Stockholm’s test site (see Section
4.2.1) and the results expressed in ECEP terms (see Section 4.2.3),
are illustrated in Figure 5.2.

As it is depicted in Figure 5.2 (b), the excess emissions are esti-
mated upstream the bottleneck and the queues are propagated back-
wards. Therefore, in contrast to the static case (Figure 5.2 (c)), the
higher excess emissions are located almost at the same positions as the
ground-truth. Figure 5.2 demonstrates that post-processing the static
assignment outputs, can actually lead to a more accurate spatial dis-
tribution of emissions. It is clear that the errors are now significantly
reduced especially for the links upstream the bottleneck. In terms
of total segment emissions, we also notice an improvement since the
differences with the ground-truth now range from 0.23 % to 1.05 %
depending on the pollutant.
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Figure 5.2: Average excess due to congestion emissions
(ECEP) for (a) the ground-truth (b) static loading with queuing
(c) static loading.

5.3.2 Network effects
In the previous subsection we demonstrate that post-processing of
STA results can lead to more realistic emission estimates for a sim-
ple corridor network including one only bottleneck. In this section
we evaluate the use of the STAQ post-processor considering a larger
network with actual intersections where traffic is merged or diverged.
The evaluation is performed by comparing the total network emis-
sions as well as the spatial distribution of emissions that arise from
the simple STA with the corresponding ones derived from the STAQ
approach.

Norrköping network

Norrköping is a city in the province of Östergötland in eastern Sweden
with a population of 137.000 inhabitants. Figure 5.3(a), illustrates the
Norrköping network which is represented by 155 zones, forming 155×
155 = 24025 O-D pairs, 513 nodes and 1344 links. The city centre,
where the main congestion problems can be identified, is depicted in
Figure 5.3 (b). The grey dashed line is associated with the connectors,
the pseudo-links that connect the zones’ centroids with the real nodes
of the network. The demand between each O-D pair regards the
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0 8 16 24 324
Kilometers

Figure 5.3: (a) Norrköping greater area network, (b)
Norrköping’s city centre. The real network’s links are denoted by
the black solid line while the connectors are by the grey dashed
line.

number of trips made from private traffic during the peak hour for a
typical day.

STAQ squeezing phase, given the path flows, blocks the paths
containing a link where flow exceeds capacity through an incremental
assignment. Therefore, this phase requires path flow information as
input, i.e. the f rsk , meaning the part of the demand f rs that is as-
signed to every possible path k between r and s. For this reason, in
order to solve the STA Problem (2.12) and equilibrate the network,
we use a path-based algorithm, the Disaggregate Simplicial Decompo-
sition (DSD) algorithm (Larsson and Patriksson, 1992).

The resulting optimal path shares, f rsk , with the help of the in-
cidence matrix, δ, lead to the equilibrated link flows, xa, through
Equation (2.12.d). We present the results of DSD algorithm in terms
of volume to capacity ratio, V/C (Figure 5.4), since this is the most
significant attribute determining the emission factors.

Then, for each link of the network, a, the emissions, Epa, in grams
of pollutant p emitted can be computed by Equation (4.1). Figure 5.5
illustrates the ECEP for the CO per vehicle and kilometre for the
central roads of Norrköping. The width of the bars is analogous to
the assigned flow. Therefore, the severity of those excess emissions
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Figure 5.4: The resulting traffic flow pattern of STA presented
as volume to capacity ratio for each link.

is analogous to the area of the rectangular representing each link
(assigned flow × length).

We can notice high ECEP values concentrated at three different
locations, where also the highest V/C are observed (Figure 5.4). The
links corresponding to these locations become activated bottlenecks
during the peak hour, being the exclusive entrances to the city centre.
STA assigns almost all the travel time delays in to those bottlenecks,
neglecting the queues that may be formed at the upstream links. As
we have highlighted in Section 4.1, from a travel time perspective, the
spatial position of the delays is not of high importance, if the total
path time is accurately predicted. Nevertheless, STA assigns also all
the excess emissions created by the bottleneck at to the bottleneck
links, while the upstream links remain unaffected. From an air-quality
and exposure point of view the inaccurate spatial allocation of the
excess emissions may lead to unreliable results.

For the same network we apply the STAQ model and the emis-
sions are calculated according to the algorithm described in Appendix
B. The path shares computed by the DSD are used as input to the
squeezing phase. The demand is incrementally assigned to the paths
in such a way that no link flow exceeds capacity. When a link flow
reaches the capacity, every path containing this link is blocked at this
point and all the downstream path links cannot accept any flow dur-
ing the assignment of any next increment. In this way, when some
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31,9 - 61,3
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120,7 - 214,4
214,5 - 325,7

Figure 5.5: CO ECEP for the city centre links based on simple
STA. The width of the bars is analogous to the assigned flow in
each direction.

additional flow is to be assigned over a path that contain a blocked
link, vertical queues are formed at the upstream end of the blocked
link. In the Norrköping network, the demand is assigned through 24
increments and the results are illustrated in Figure 5.6. The radius
of each circle denotes the length of the vertical queues in number of
vehicles. The width of each bar is analogous to link inflow while the
colour to the inflow to capacity ratio. Notice that after the squeezing
phase there is no link where inflow exceeds capacity.

During the queuing phase, the vertical queues are propagated
through the network based on an event-based algorithm (see Ap-
pendix B). The algorithm terminates when every vehicle has reached
its destination. Applying the algorithm for the Norrköping network
437 events are occurred. Figure 5.7 illustrates the resulting ECEP
for the CO. We can see a different pattern now, the excess due to
congestion emissions are not concentrated at the bottleneck links.
Instead, they are observed at the links upstream the bottlenecks due
to of queue spill-back. Therefore, the emission rates based on STAQ
model may be more appropriate for being an input to air-quality and
exposure modelling. Regarding the total network emissions, the emis-
sions based on STAQ are increased by 0.62 % to 1.98 % depending
on the pollutant.
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Figure 5.6: Squeezing phase results. The radius of each circle
denotes the length of the vertical queues, while the colour of the
bars is associated with link inflow.
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18,4 - 43,4
43,5 - 82,0
82,1 - 134,7
134,8 - 211,8
211,9 - 319,7

Figure 5.7: CO ECEP for the city centre links based on STAQ.
The width of the bars is analogous to the assigned flow in each
direction.
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Exposure analysis

Using STAQ instead of STA could affect the total emissions of a net-
work, but the main differences lie on the spatial distribution of the
excess due to congestion emissions. Our initial hypothesis is that
the dissimilar, between STA and STAQ, way of modelling congestion
may have effects on the applications of emission modelling. In this
subsection we attempt to quantify these effects, focusing mainly on
exposure modelling. Using a simplified exposure modelling frame-
work, we calculate the number of people exposed to various emission
rates, when these rates are estimated based on either STA or STAQ.
Our methodology considers several assumptions since dispersion and
exposure modelling are outside of the scope of this thesis. Our aim is
to demonstrate, even by applying an oversimplified exposure model,
that quasi-dynamic loading and queue spill-back does influence the
number of people exposed to vehicular emissions.

Road traffic emissions are line emission sources. A line source
is a one-dimensional emission source that exhibits a line type of ge-
ography. We assume that each line source has an area of influence,
meaning that the people inside this area are exposed to the pollu-
tant. This area is defined by a specific distance from the street. Since
we apply static traffic modelling, resulting in one-hour average traffic
variables, we also assume static population density during the analy-
sis period. Having information on where people live, the number of
people being inside the area of influence can be computed. An area
of influence has been used in many proximity exposure analyses (Jer-
rett et al., 2005) and the width of this area varies depending on the
pollutant and the application (Gilbert et al., 2003; Zhu et al., 2002).
In this study, the area of influence is set to 300 m.

Line emission sources are associated with one-dimensional pol-
lutant emissions, expressed in mass per space and time unit. Dis-
persion models describe the propagation of the mass over the three-
dimensional space and time, resulting in concentrations per time unit.
The mass propagation, which is based on the wind speed and other
meteorological attributes, should ensure the mass conservation. In
our static case, we don’t take into account any dynamic dispersion.
Additionally, a two-dimensional space domain is considered, and fi-
nally our results are expressed in densities (g/m2), describing average
conditions for the whole analysis period.

Since the pollutant concentrations close to the source are higher
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(Zhu et al., 2002), the pollutant densities are also not homogeneous
alongside the area of influence. Thus, we assume that the density is di-
minished while you are moving away from the source. To be consisted
with the mass conservation, we model this density diminution with
the distance from the source, using a kernel density function (Silver-
man, 1986). Kernel functions are used in many Lagrangian particle
dispersion models to reconstruct the concentrations. The advantages
of using kernel functions instead of simple box models to reconstruct
the concentrations are highlighted in Haan, (1999) and Vitali et al.,
(2006). The two-dimensional space is discretised in square cells with
a width of τ . At each cell, the mass, mp(x, y), of pollutant p in grams
is computed by summing up the parts of all the line sources that coin-
cide within the cell. Each cell can be assumed as microenvironment,
being a chunk of air space with homogeneous pollutant density. The
kernel density, f̂(x, y), is computed as

f̂p(x, y) =

n∑
i=1

mp(xi, yi)

h̃2
K

(
di

h̃

)
, (5.3)

where h̃ is the search radius bandwidth, n the number of the cells
inside the circle with (x, y) as centre and radius equal to h̃, di is the
geographical distance between (xi, yi) and (x, y), and K(u) is a kernel
function satisfying the two following requirements,

K(u) ≥ 0, ∀u ∈ <, (5.4)∫
<
K(u) = 1, (5.5)

the last requirement ensures the mass conservation. In this study,
the search radius bandwidth is equal to the width of influence area,
300 m, and the cell width, τ , is 10 m. Regarding the kernel function,
K(u), we use the quartic one,

K(u) =

{
15
16

(
1− u2

)2
if |u| ≤ 1

0 else
. (5.6)

Figure 5.8 illustrates the resulting CO densities for each cell in
grams per square metre for both STA and STAQ approach. Accord-
ing to the STA case, the highest densities are observed close to the
bottleneck links, while according to STAQ, the spatial distribution of
densities is smoother due to the propagation of the queues.
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Figure 5.8: CO density in gr/m2 based on STA (left-hand
side) and STAQ (right-hand side).

Having information on where people live, we construct a pop-
ulation density grid, in number of people/m2, with the same cell
resolution. In order to compare the performance of STA and STAQ
with respect to exposure, we introduce the term People Grams Ex-
posure (PGE) expressed in (gr/m2)× (people/m2). We compute the
corresponding PGE grid by multiplying the pollutants density by the
population density for each cell.

Although term PGE doesn’t have any physical meaning, it is a
useful tool to identify the locations which are associated with high
exposure rates, meaning locations where a large number of people are
exposed to high pollutants densities. In addition, PGE helps us to
illustrate and evaluate the effects that the two different approaches
STA and STAQ have on exposure analyses.

To compare these two different approaches, we calculate the rel-
ative differences between the two grids, PGEpSTA and PGEpSTAQ for
each pollutant p. The statistics (at a cell level) of these differences
are presented in Table 5.1. The last row of Table 5.1 illustrates the
mean (at the level of a meter) relative difference between the two
approaches for the emission rates, Ep, estimated in grams per meter.

We notice that the PGE differences vary depending on the pol-
lutant and for some cells they can reach the 113 %. Moreover, an
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Table 5.1: Min, Max, Mean and Standard Deviation of the
relative PGE difference between the two different methods of
deriving the traffic data. The last row illustrates the mean rela-
tive difference between the two approaches for the emission rates,
E.

PGE, STA-STAQ % HC CO NOx CO2 PM

Min -113.37 -97.15 -63.48 -53.11 -55.75
Max 65.31 54.93 49.45 46.21 46.63
Mean -5.7 -1.30 -2.02 -2.30 -1.43
Std Dev 20.34 15.03 11.15 9.78 9.90

E, STA-STAQ % HC CO NOx CO2 PM

Mean -2.45 1.45 -0.53 -1.36 -0.41

interesting finding is that the mean differences in terms of exposure
are higher than the corresponding emission rates mean differences.
Therefore, quasi-dynamic network loading can influence the emission
rates, but can have a stronger, non-linear, effect on applications of
emissions such as exposure modelling. Figure 5.9 illustrates the es-
timated PGE for the HC. HC is the pollutant for which we observe
the highest differences between STA and STAQ, since it is the most
sensitive to speed variations pollutant. On one hand, PGE based on
STA is higher for cells that are located close to a bottleneck. On the
other hand, for cells located close to an upstream of a bottleneck link,
PGE based on STAQ is higher.

Finally, we can conclude that queue spill-back considered in STAQ
affects the exposure modelling. Hence, our initial hypothesis is veri-
fied. However, we draw this conclusion by applying a simplified ex-
posure model. The main limitations of our underlying method regard
the neglect of wind speed and direction as well as of any other back-
ground pollution. In addition, we make the not so realistic assumption
that people are present in their homes during the peak hour and that
every pollutant has the same area of influence. It would be interesting
for the future to follow a more realistic dispersion and exposure mod-
elling framework in order to identify the differences between the STA
and STAQ approach. One more interesting topic for future research
is to investigate if these differences can have an effect on the damage
cost of each pollutant and if this effect can be significant with respect
to economic analyses such as Cost-Benefit Analyses.
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Figure 5.9: HC PGE in (gr/m2)× (people/m2) based on STA
(left-hand side) and STAQ (right-hand side).

5.4 Discussion
As we show in the previous chapter, STA can lead to inaccurate
rates and spatial distribution of emissions, affecting applications of
emissions such as dispersion and exposure modelling. In this chap-
ter we suggest the use of a quasi-dynamic network loading model
as a post-processor of STA results. Our hypothesis is that quasi-
dynamic network loading, taking into account spill-back effects, can
lead to more reliable emission rates but mainly to more reliable spa-
tial distribution of these rates. To test our hypothesis, we apply
a quasi-dynamic loading model, STAQ for our case study road seg-
ment. Compared to the simple static case, post-processing leads to
reduced errors regarding the spatial distribution of emission as well
as the total emission rates. The excess due to congestion emissions
are now modelled upstream bottleneck as they are observed in real-
ity. Knowing that quasi-dynamic loading has a better performance
in a corridor network, we test the same post-processing approach for
a larger, more realistic network. The results of the comparison be-
tween STA and STAQ show that, although the differences in terms
of total network emissions are not so high, the spatial distribution of
emissions is substantially changed. Considering the location specific
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effects of emissions, dissimilar location of the excess emissions could
influence exposure and air quality modelling.

We should note here that we use a quasi-dynamic model, STAQ, as
a post-processor, only for the network loading phase and only for emis-
sion estimation purposes. Route choice is exogenous to the model, it
relies on route travel times derived from STA. We assume that trav-
ellers choose their routes trying to minimize their travel time accord-
ing to a simple VDF, without being influenced by the quasi-dynamic
loading. Therefore, there is an inconsistency regarding the way that
travel times and emissions are estimated. By applying STAQ, we
can also obtain information on the average speed of each link. Thus,
the average link travel times and consequently the route travel times
can be estimated once the network loading is performed. Although
the network is equilibrated with respect to STA travel times, is not
equilibrated in terms of STAQ link travel times. Using an iterative
algorithm like the corresponding ones used on DTA, STAQ route
travel times can be equilibrated. Nevertheless, similarly to the DTA
approaches, the uniqueness of the solution is not guaranteed.

Using STAQ only as a post-processor, the total network emissions
or route emissions are not significantly changed. Thus, single quasi-
dynamic loading with a predefined route choice can be adequate for
emission estimation purposes. In the thesis, we suggest the use of
this approach, only to obtain a more accurate spatial distribution
of emissions. The investigation of how suitable STAQ is to be used
in any other planning purpose where route travel time matters, is
outside of the scope of this thesis.
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Chapter 6

Conclusions and Future
research

6.1 Conclusions
Since road emissions are an important contributor to the total emis-
sions of the main air pollutants, their estimation should be accurate in
order to evaluate air pollution mitigation strategies. Traffic emission
models are commonly used to estimate the road traffic emissions, by
combing traffic data with some other factors such as vehicle fleet com-
position. The required input traffic data can be derived from either
traffic models or sensor measurements. For large scale emission esti-
mation analyses, the derivation of traffic data usually relies on static
traffic models or cross-sectional sensor measurements. However, both
approaches consider some assumptions regarding the spatio-temporal
resolution of traffic variables and the variations of traffic conditions.
The overall aim of the thesis is to identify, quantify and finally re-
duce the potential errors that the assumptions above introduce in an
emission estimation analysis.

Firstly, in the case where cross-sectional sensor measurements are
used to generate the input to emission models, the main errors that
we identify are associated with the traditional approaches of extrap-
olating the measurements in time and space. For this reason we
suggest the use of a more detailed traffic state estimator, the ASM.
ASM provides a more detailed description of traffic by capturing the
spatio-temporal variations and may lead to more accurate emission
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estimates. Therefore, the answer to the first research question is that
traditional approaches of extrapolating traffic measurements in time
and space do lead to less reliable emission data compared to ASM.
However, the level of reliability depends on the investigated pollu-
tant and the potential use of emission data. On one hand, since the
differences between the traditional approaches and ASM in terms of
annual emissions are relatively small, traditional approaches can be
used more efficiently for emission inventories applications and pollu-
tants such as CO2. On the other hand, their use may be inappropriate
for sensitive to the spatio-temporal variations applications such as dis-
persion and exposure modelling and pollutants with local effects such
as CO and NOx.

Concerning the case where static traffic models are used to gen-
erate inputs to emission models, we distinguish two types of emission
estimation errors, giving an answer to research Q2. Errors due to
spatio-temporal aggregation and errors due to static loading. The
first type of errors can be efficiently limited by using a continuous
emission model. Regarding the second type of errors, the inability
of STA models to describe dynamic traffic flow phenomena leads to
inaccurate location of the excess due to congestion emissions. Excess
emissions are estimated at the bottleneck link instead of upstream
the bottleneck as they are observed in reality.

Considering the above inabilities of static models, we suggest and
evaluate the post-processing of STA outputs. We notice that post-
processing of static modelling using quasi-dynamic loading leads to
more accurate emission estimation. This accuracy relies mainly on
the location of excess due to congestion emissions. In terms of total
network emissions, the differences derived from the post-processing
are not so high. Therefore, we can give an answer to research Q3,
similar to the one given for research Q1. For large-scale or long-
term emission analyses, static traffic models can sufficiently be used
to provide the input traffic data. Those analyses can regard emission
inventories or CO2 effects. Contrary, for more sensitive to spatio-
temporal variations of traffic conditions applications such as exposure
and exposure modelling, the accurate estimation of the congestion’s
location is significant. In such cases, post-processing of static results
becomes a crucial step during the emission estimation process.
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6.2 Future research
In the thesis we show that post-processing using quasi-dynamic load-
ing leads to an improved spatial distribution of the emitted pollutants.
Considering the fact that many applications of emissions data are lo-
cation sensitive, we conclude that these applications may be affected
by post-processing. We draw this conclusion assuming that emission
rates have a direct effect on air quality. It would be interesting in the
future to try to quantify this effect and evaluate the significance of it.

The emission estimation methodology proposed in the thesis, can
be used in future studies to generate inputs for dispersion modelling.
In this way, the actual differences between static and quasi-dynamic
modelling in terms of pollutants concentrations can be investigated.
Future studies could also investigate the association between the dif-
ferences in the spatial distribution of emissions due to post-processing
with the damage cost of each pollutant. In addition, the significance
of these spatial distribution differences can be investigated when eco-
nomic analyses are performed.

In the thesis we demonstrate that quasi-dynamic modelling can
lead to more accurate emission estimates, mainly regarding the spatial
distribution, compared to the simple static modelling. However, the
performance of quasi-dynamic modelling compared to an advanced
dynamic model has not yet been investigated. Future research could
evaluate the accuracy of this quasi-dynamic post-processor on a net-
work level, having some more advanced DTA models as comparison.

Regarding the case where sensors data is used to generate inputs
for an emission estimation, the thesis focuses on Eulerian type of
data. However, alternative sensors providing Lagrangian data, such
as vehicle probe and Bluetooth data, are becoming more and more
available today. Although this type of data is less costly to collect, it
only provides travel time data. Traffic flows, which is the most sig-
nificant input for emission estimation, have to be estimated based on
the travel times. Different approaches of estimating traffic flows from
travel times may affect the emission estimation. The development of
such approaches and the investigation of their impacts on emission
modelling provide a good starting point for discussion and further
research.
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Chapter A. Vehicle fleet composition in Sweden and HBEFA emission factors

Table A.1: The considered vehicle composition for passenger
cars petrol PC-P and PC-C according to the European standards
for Light Duty Vehicles.

Vehicle class % of the total fleet

PC-P-Euro-0 0.93
PC-P-Euro-1 1.14
PC-P-Euro-2 7.63
PC-P-Euro-3 4.25
PC-P-Euro-4 24.25
PC-P-Euro-5 9.09
PC-P-Euro-6 0.25
PC-Alternative Fuel 14.55
PC-C-Euro-0 0.03
PC-C-Euro-1 0.06
PC-C-Euro-2 0.37
PC-C-Euro-3 1.11
PC-C-Euro-4 12.35
PC-C-Euro-5 23.00
PC-C-Euro-6 0.99
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Table A.2: The HBEFA emission factors used for this study
in grams of pollutant emitted per kilometre for five pollutants
(HC, CO, NOx, CO2, PM), four traffic situations (Free flow,
Heavy, Saturated, Stop and go) and for two road types, urban
motorway with a speed limit of 70 km/h (URB/MW/70) and
urban motorway with a speed limit of 90 km/h (URB/MW/90).

Pollutant Traffic situation URB/MW/70 URB/MW/90

HC Free flow 0.016 0.016
Heavy 0.022 0.016
Saturated 0.022 0.021
Stop and go 0.073 0.057

CO Free flow 0.167 0.278
Heavy 0.337 0.219
Saturated 0.261 0.336
Stop and go 0.711 0.622

NOx Free flow 0.174 0.194
Heavy 0.240 0.189
Saturated 0.223 0.220
Stop and go 0.524 0.406

CO2 Free flow 109.95 127.98
Heavy 132.88 121.50
Saturated 133.30 132.69
Stop and go 290.80 229.54

PM Free flow 0.0027 0.0037
Heavy 0.0038 0.0032
Saturated 0.0034 0.0037
Stop and go 0.0075 0.0058
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Chapter B. Description of the modified STAQ algorithm

B.1 Squeezing phase
Solving the problem 2.12 will result into equilibrated route flows f rsk
with the link flows xa =

∑
r∈R

∑
s∈S

∑
k∈Krs f

rs
k δ

rs
a,k, ∀ r ∈ R, s ∈ S,

a ∈ A and k ∈ Krs.
Initialization

• For each origin-destination pair rs, determine a set of sets Drs,
where each set Drs,kj contains the consecutive links j of the route
k ∈ Krs.

• Determine for each link a, the V/C ratios ξa = xa/Ca.

• Determine the set of potential/candidate blocking links B, B =
{a ∈ A|ξa > 1}.

• Determine the set of potential blocked routes for each origin
destination pair rs, Lrs, Lrs = {k ∈ Krs|Drs,k ∩ B 6= ∅}.

• Determine the set of routes that are not blocked L̄rs, L̄rs =
Krs \ Lrs.

• Set i := 0.

• Find the set the most restrictive link(s), Ã = {a ∈ A|ξia =
maxa∈B{ξa}}.

• Assign all the route flows that are not blocked and determine
the flow at the upstream end of each link a, qin,ia

qin,ia =
∑
r∈R

∑
s∈S

∑
k∈L̄rs

f rsk δ
rs
a,k

(static assumption of instantaneous network loading).

• Set the flow at the downstream end of link a, qout,ia , qout,ia =
qin,ia ∀a ∈ A.

First increment

• Set the first increment θi = 1
ξia
, ∀a ∈ Ã.

• Set the inflow of each link

qin,i+1
a = qin,ia +

∑
r∈R

∑
s∈S

∑
k∈Lrs

f r,sk δr,sa,kθ
i
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B.1. Squeezing phase

so that the most restricted link(s) will have inflow equal to ca-
pacity.

• Since no outflow is blocked yet, set the outflow equal to the
inflow qout,i+1

a = qin,i+1
a ∀a ∈ A.

• Determine a set of links B̃ which includes the current/actual
blocking link(s), B̃ = {a ∈ B|qin,ia /Ca = 1}.

• Determine a set of routes K̃rs,b which contain the routes that
include the actual blocking link b , K̃rs,b = {k ∈ Krs|Drs,k ∩ b 6=
∅} ∀b ∈ B̃.

• Create two new incident matrices δ̃rs,ina,k = δrsa,k and δ̃rs,ina,k = δrsa,k
∀ r ∈ R, s ∈ S, a ∈ A and k ∈ Krs, to separate the inflows and
the outflows.

Main loop: incremental loading

1 Set i:=i+1.

2 Determine, for each route k ∈ K̃rs,b, the position, pb,k of each
actual blocking link(s) b ∈ B̃, such as Drs,k

pb,k
= b.

3 For each blocking link b ∈ B̃ and for each route k ∈ K̃rs,b deter-
mine a set of linksOrs,k,b which contain all the links downstream
the actual blocking link(s) b, Ors,k,b = {Drs,kj |j > pb,k}.

4 For each blocking link b ∈ B̃ and for each route k ∈ K̃rs,b de-
termine the most upstream link of the actual blocking link b,
uk,b = Drs,k

pb,k−1
.

5 Block the routes at the upstream end of the blocking link(s)
b ∈ B̃, by setting δ̃rs,ina,k = 0 and δ̃rs,outa,k = 0 ∀k ∈ K̃rs,b, ∀a ∈
B̃ ∪ Ors,k,b ∀b ∈ B̃.

6 Block the routes at the downstream end of link b, by setting
δ̃rs,out
uk,k

= 0.

7 Update the set of the candidate blocking links removing the
actual blocking links of the previous step B = B \ B̃.

8 Update the ξ for each blocking link, ξi+1
a = qin,i+1

a /Ca ∀a ∈ B.

9 Update the set of actual blocking links, B̃ = {a ∈ B|ξi+1
a = 1}.
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10 Determine the new increment

θi = θi−1 ·min
a∈B
{ 1− ξia
ξia − ξi−1

a

}.

11 Update the inflows

qin,i+1
a = qin,ia +

∑
r∈R

∑
s∈S

∑
k∈Lrs

f r,sk δ̃rs,ina,k θi.

12 Update the outflows

qout,i+1
a = qout,ia +

∑
r∈R

∑
s∈S

∑
k∈Lrs

f r,sk δ̃rs,outa,k θi.

13 Update the set of routes K̃rs,b = {k ∈ Krs|Drs,k∩b 6= ∅} ∀b ∈ B̃.

14 If
∑

i θ
i = 1, then stop. Otherwise, return to Step 1.

B.2 Queuing phase
Initialization

• Set qin,0a = qin,enda and qout,0a = qout,enda ∀ a ∈ A, where qin,enda

and qout,enda are the final inflows and outflows resulting from the
squeezing phase.

• Determine the set of links C, including the links where the inflow
equals to the capacity C = {a ∈ A|gin,0a = Ca}.

• Determine the set of links Q, including the links where the in-
flow is greater than the outflow, Q = {a ∈ A|gin,0a > gout,0a }.

• Set the densities at the start and end node of each link,

kin,0a = ka(q
in,0
a |uncongested) ∀a ∈ A \ C

kin,0a = ka(q
in,0
a |congested) ∀a ∈ C

kout,0a = ka(q
out,0
a |uncongested) ∀a ∈ A \ (C ∪ Q)

kout,0a = ka(q
out,0
a |congested) ∀a ∈ C ∪ Q,
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where according to the linear-hyperbolic fundamental diagram

ka(qa|uncongested) =
kj,a(u0,a −

√
−u0,a(4qa − kj,au0,a)/kj,a)

2u0,a
,

and

ka(qa|congested) =
−qa − kj,a · ωa

ωa
,

where kj,a is the jam density, u0,a the free flow speed and ωa
the speed of a kinematic wave ∀a ∈ A.

• Set the first event time ε0 equal to zero ε0 = 0.

• Set n := 0;

• For each link a ∈ A determine the number of the shock-waves
traversing the link at the time of the event εn, Wa, and the set
Wa = {1, 2, ...,Wa}.
Set

Wa = 1 ∀a ∈ Q
Wa = 0 ∀a ∈ A \ Q.

• For each link a ∈ A determine the number of the parts that the
link is divided by the shock-waves at the time of the event εn,
Pa, and the set Pna = {1, 2, ..., Pa}.
Set

Pa = Wa + 1 a ∈ A.

• Each part of link a ∈ A, i ∈ Pa, is associated with an average
flow Qa,i, density Ka,i, speed Va,i and length lna,i.

Set:

Qa,1 = qin,0a , Ka,1 = kin,0a and l0a,1 = La ∀a ∈ A
Qa,2 = qout,0a and Ka,2 = kout,0a and l0a,2 = 0 ∀a ∈ Q
Va,i = Qa,i/Ka,i ∀i ∈ Pa, ∀a ∈ A.

• For each link a ∈ Q determine the propagation velocity of shock
fronts or the shock-wave speed

wa,1 =
Qa,2 −Qa,1
Ka,2 −Ka,1
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• Find the candidate times for the first event εa = La/wa,1 ∀a ∈
Q.

• Set the first event time to ε1 = mina∈Q εa and find the associated
with the first event link(s) b, b = {a ∈ Q|εb = ε1} .

• Find the position of the shock-waves at time ε1, ha = La+waε
1.

• Find the new length of the parts for the time ε1,

l1a,1 = La + wa,1ε
1 ∀a ∈ Q

l1a,2 = −wa,1ε1 ∀a ∈ Q
l1a,1 = La ∀a ∈ A \ Q.

• Find the number of vehicles that have passed through the net-
work until the time ε0. The method is based on a first order
traffic flow model the transitions between the different states of
a link is linear. Thus the number of vehicles traversed the link
between two time steps εn and εn+1, can be found as

∑
i∈Pa

(
Qa,i

lna,i + ln+1
a,i

2La

(
εn+1 − εn

))
∀a ∈ A

.

Therefore, for n = 0,

N =
∑
i∈Pa

(
Qa,i

l0a,i + l1a,i
2La

ε1

)
.

• Find the g of pollutant emitted until time e1. Accordingly, the
g of pollutant emitted during one time step, can be found as

∑
i∈Pa

(
e (Va,i)Qa,i

lna,i + ln+1
a,i

2

(
εn+1 − εn

))
,

for each pollutant p and a ∈ A, where epa(v) is the emission
factor in g/vehkm as a function of average speed v.

For n = 0,
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Epa =
∑
i∈Pa

(
epa (Va,i)Qa,i

l0a,i + l1a,i
2

ε1

)
.

• Determine an event type indicator d and set d = 1.

Note: Since the demand is constant (second static assumption),
there is not any change regarding the conditions at the upstream
end of the links. Hence, no forwards moving shock-wave is cre-
ated. With only backward moving shock-waves, only two types
of events are possible: the first type of event occurs when a
backward moving shock-wave hits the upstream end of the link,
while the second type of event when a backward moving shock-
wave meets a slower backward moving shock-wave. We add a
third type of event when the number of vehicles that has passed
by a link is equal to the demand xa of the link. Since we assume
instant loading (first static assumption), we also assume instant
unloading of a link.

Main loop

1 Set n := n+ 1.

2 If d = 1 (a backward moving shock-wave hits the upstream end
of the link b)

• Update for the event link b the number of waves Wb :=
Wb − 1 and the number of parts Pb := Pb − 1, as well as
the sets Wb = {1, 2, ...,Wb}, Pb = {1, 2, ..., Pb}.
• Find the increase in the capacity of link b: ζ = Qb,2−Qb,1.

• Update for the event link b the flow, the density, the speed
and the length of the parts

Qb,i = Qb,i+1 ∀i ∈ Pb
Kb,i = Kb,i+1 ∀i ∈ Pb
Vb,i = Qb,i/Kb,i ∀i ∈ Pb
lnb,i = lnb,i+1 ∀i ∈ Pb.

• Node model
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(a) Determine a set with all the routes route that include
the link b, C̃ = {k ∈ K|δrsb,k = 1}. For each route

k ∈ C̃, find the position η of link b such as Drs,kη =
b. Determine the set of links B̃, including the links
upstream link b, B̃ = {a ∈ A|a = Drs,kη−1, k ∈ C̃}.

(b) At the time εn, when the backwards moving shock-
wave hits the upstream end of link b, another back-
wards moving shock-wave is created at the most down-
stream end of the links upstream the b because of the
spill-back.
Set

Wa := Wa + 1 ∀a ∈ B̃
Pa := Pa + 1 ∀a ∈ B̃
Wb = {1, 2, ...,Wb} ∀a ∈ B̃
Pb = {1, 2, ..., Pb} ∀a ∈ B̃

(c) Restrict proportionally the outflows of the links up-
stream the link b. The node inflow capacity is in-
creased by ζ. Therefore, for each link a ∈ B̃ upstream
the link b, the outflow is restricted proportionally

Qa,Pa =

Qa,Pa + ζ
Qa,Pa−1∑
j∈B̃Qj,Pj

.

(d) Set the position of new shock-waves pna,Wa
= La, and

update the densities the speeds and the length of the
newly created parts for the links a ∈ B̃

Ka,Pa = ka(Qa,Pa |congested) ∀a ∈ B̃
Va,Pa = Qa,Pa/Ka,Pa ∀a ∈ B̃
lna,Pa = 0 ∀a ∈ B̃

End of node model

If d = 2 (a backward moving shock-wave meets the slower νth

backward moving shock-wave in link b)
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• Update for the event link b the number of waves Wb :=
Wb − 1 and the number of parts Pb := Pb − 1, as well as
the sets Wb = {1, 2, ...,Wb}, Pb = {1, 2, ..., Pb}.
• Update for the event link b the flow, the density, the speed

and the length of the parts

Qb,i := Qb,i, Kb,i := Kb,i ∀i ∈ {j ∈ Pb|j <= ν}
Qb,i = Qb,i+1, Kb,i = Kb,i+1, l

n
b,i = lnb,i+1 ∀i ∈ {j ∈ Pb|j > ν}

Vb,i = Qb,i/Kb,i ∀i ∈ Pb.

• Update for the event link b the position of the shock-waves

hb,i = hb,i ∀i ∈ {j ∈ Wb|j <= ν}
hb,i = hb,i+1 ∀i ∈ {j ∈ Wb|j > ν}

If d = 3 (the flow that has passed by a link b is equal to the
demand xb of the link.)

• Update for the event link b the number of waves Wb = 0
and the number of parts Pb = 1, as well as the setsWb = ∅,
Pb = {1}.
• Find the increase in the capacity of link b: ζ = Qb,1.

• Update for the event link b the flow, the density, the speed
and the length of the parts

Qb,i = 0 ∀i ∈ Pb
Kb,i = 0 ∀i ∈ Pb
Vb,i = 0 ∀i ∈ Pb
lnb,i = Lb ∀i ∈ Pb.

• Node model

(a) Same as the node model for d = 1 .

(b) Same as the node model for d = 1 .
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(c) Increase proportionally the outflows of the links up-
stream the link b. The node inflow capacity is in-
creased by ζ. For each a ∈ B̃

Qa,Pa =

min{xa, Qa,Pa−1 + ζ
Qa,Pa∑
j∈B̃n Qj,Pj

}.

(d) Set the position of new shock-waves ha,Wa = La, and
update the densities the speeds and the length of the
newly created parts

Ka,Pa = ka(Qa,Pa |uncongested) ∀a ∈ B̃
Va,Pa = Qa,Pa/Ka,Pa ∀a ∈ B̃
lna,Pa = 0 ∀a ∈ B̃.

End of node model

3 Update the set Q, Q = {a ∈ A|Wa > 0}.

4 Update the shock-waves speeds

wa,i =
Qa,i+1 −Qa,i
Ka,i+1 −Ka,i

∀i ∈Wa ∀a ∈ Q

5 Find the next event.

• Event type 1

For each link a ∈ Q find the candidate times for the next
event ε̃a = lna,1/wa,1. Then find the the shortest candi-
date time for the event type 1, ε1 = min a∈Q ε̃a, and the
associated with that time link, b̃1 such as ε̃b̃1 = ε1.

• Event type 2

Determine a set which includes the links with more than
one wave, Q̃ = {a ∈ Q|Wa > 1}. Then for each link a ∈ Q̃
find

ε∗a,i =
ha,j+1 − ha,j
wa,j − wa,j+1

∀i ∈ Pa
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that denotes the time that the shock-wave i + 1 needs to
reach the shock-wave i. Therefore, the candidate event
times can be found as ε̃a = mini∈Pa{ε∗a,i|ε∗a,i > 0}. Then,
find the shortest candidate time for event type 2 ε2 =
mina∈Q̃ ε̃a and the associated with that time link, b̃2 such
as ε̃b̃2 = ε2. Set ν = argmini∈Pb̃2

{ε∗
b̃2,i
|ε∗
b̃2,i

> 0}.
• Event type 3

If εn < 1, then ε3 = ∞. Else, for each link a ∈ A, find
the time ε̃a when the number of vehicles have traversed the
link equals to the demand xa, such as

Na +Qa,1
2lna,1 + wa,1ε̃a

2La
(ε̃a − εn)

+
∑

i∈{2,...,Wa−1}

(
Qa,i

2lna,i + wa,i−1ε̃a − wa,iε̃a
2La

(ε̃a − εn)

)

+Qa,Pa
2lna,Pa − wa,Wa ε̃a

2La
(ε̃a − εn) = xa ∀a ∈ Q

Solving the above equation for ε̃a, we obtain a set of solu-
tions

Sa = {−β +
√
β2 − 4αγ

2α
,
−β −

√
β2 − 4αγ

2α
} ∀a ∈ Q

where

α =Qa,1wa,1 +
∑

i∈{2,...,Wa−1}

(Qa,iwa,i−1)

−
∑

i∈{2,...,Wa−1}

(Qa,iwa,i)−Qa,Pawa,Wa ,

β =Qa,12Lna,1 +
∑

i∈{2,...,Wa−1}

(
Qa,i2l

n
a,i

)
+Qa,Pa2lna,Pa

− εn
Qa,1wa,1 +

∑
i∈{2,...,Wa−1}

(Qa,iwa,i−1)


+ εn

 ∑
i∈{2,...,Wa−1}

(Qa,iwa,i) +Qa,Pawa,Wa

 ,
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γ =− εn
Qa,12La,1 +

∑
i∈{2,...,Wa−1}

(
Qa,i2l

n
a,i

)
+Qa,Pa2lna,Pa


− 2La(xa −Na)

Set
ε̃a = min{j ∈ Sa|j − εn > 0} ∀a ∈ Q

and

ε̃a =
xa −Na + εnQa,1

Qa,1
∀a ∈ A \ Q.

Then, find the shortest candidate time for event type 3
ε3 = mina∈Q ε̃a and the associated with that time link, b̃3
such as ε̃b̃3 = ε3.

• Set the next event time εn+1 = εn+mini=1,2,3{εi}. Update
the type of the next event, d = arg mini=1,2,3{εi} and the
new event link, b = b̃d.

6 Update the position of shock-waves

ha,j := ha,j + wa,1
(
εn+1 − εn

)
∀j ∈ Wa, ∀a ∈ Q.

7 Update the lengths of the parts

ln+1
a,1 =lna,1 + wa,1

(
εn+1 − εn

)
∀a ∈ Q

ln+1
a,i =lna,i − wa,i−1

(
εn+1 − εn

)
+ wa,i

(
εn+1 − εn

)
∀i ∈ {2, ..., Pa − 1}, ∀a ∈ Q

ln+1
a,Pa

=lna,Pa − wa,Pa
(
εn+1 − εn

)
∀a ∈ Q

ln+1
a,1 =La ∀a ∈ A \ Q.

8 Update the number of vehicles have passed by until εn+1,

Na := Na +
∑
i∈Pa

(
Qa,i

lna,i + ln+1
a,i

2La

(
εn+1 − εn

))
∀a ∈ A.
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9 Update the q of pollutant emitted until εn+1,

Epa := Epa +
∑
i∈Pa

(
epa (Va,i)Qa,i

lna,i + ln+1
a,i

2

(
εn+1 − εn

))
.

10 If
∑

a∈ANa =
∑

a∈A xa stop, else return to step 1.

End
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Dias, D., Sá, E., Amorim, J. H., and Borrego, C. (2014). “Assess-
ment of potential improvements on regional air quality modelling
related with implementation of a detailed methodology for traffic
emission estimation”. In: Science of the Total Environment 470,
pp. 127–137.

Daganzo, C. F. (1994). “The cell transmission model: A dynamic rep-
resentation of highway traffic consistent with the hydrodynamic

121



Bibliography

theory”. In: Transportation Research Part B: Methodological 28.4,
pp. 269–287.

Daganzo, C. F. (1995). “The cell transmission model, part II: Network
traffic”. In: Transportation Research Part B: Methodological 29.2,
pp. 79–93.

Davidson, K. (1966). “A flow travel time relationship for use in trans-
portation planning”. In: Australian Road Research Board (ARRB)
Conference, 3rd, 1966, Sydney. Vol. 3. 1.

Dowling, R. and Skabardonis, A. (1992). “Improving average travel
speeds estimated by planning models”. In: Transportation Re-
search Record 1366.

Duan, N. (1982). “Models for human exposure to air pollution”. In:
Environment International 8.1-6, pp. 305–309.

EEA (2014). Air Quality in Europe - 2014. Tech. rep. 5/2014. ISSN
1977-8449. European Environment Agency.

EEA (2016a). Air Quality in Europe - 2016. Tech. rep. 28/201. ISBN
978-92-9213-847-9. European Environment Agency.

EEA (2016b). EMEP/EEA air pollutant emission inventory guide-
book 2016. Tech. rep. ECE/EB.AIR/125. ISSN 1977-8449. Euro-
pean Environment Agency.

EEA (2017). European Union emission inventory report 1990–2015
under the UNECE Convention on Long-range Transboundary Air
Pollution (LRTAP). Tech. rep. 9/2017. ISSN 1977-8449. European
Environment Agency.

Eliasson, J. (2009). “A cost–benefit analysis of the Stockholm conges-
tion charging system”. In: Transportation Research Part A: Policy
and Practice 43.4, pp. 468–480.
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