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Chapter 1
Introduction
1.1

Motivation and background

Nowadays, when the Earth is entirely covered by road networks and the number of
vehicles and hence traffic is continuously increasing, finding the optimal route to the
destination is of crucial importance. There are several existing methods for route
planning, of which the bases have already been published in the 1950s [Moore 1957;
Dijkstra 1959], and almost every traveler has a mobile phone through which trafficrelated information can be provided and gathered [Küpper 2005]. Mathematically the
road network is represented by a directed weighted graph in which route planning
algorithms search for the optimal route. The achievements of graph theory make it
possible to calculate the optimum from traffic input data.
However, planning the optimal route is not trivial, because perfect traffic input
data cannot be provided at present. Traffic data is not available from every part of the
network, not available every time, and it is not guaranteed that the collected data is
correct. Thus, the actual state of the network must be estimated.
Traffic state estimation is the process of inference of traffic state variables based
on partially observed and noisy traffic data. Flow, density, and speed are the most
common traffic variables that are used to evaluate traffic state, but other equivalent or
derived values are applied as well. Due to financial reasons, it is impossible to observe
the traffic state in the whole network with sensors and even the observations contain
measurement noise [Seo et al. 2017].
The knowledge of network state is inevitable to make adequate decisions both at
the operators’ and the travelers’ side. Traffic state information is used as the input of
traffic control algorithms, routing, and also strategic transportation planning including
infrastructure developments.
Traffic control algorithms contribute to the optimization of traffic flow according
to the optimization criterion which is usually minimizing travel time or congestion or
emission [Tettamanti et al. 2014; Varga 2018; Várkonyi et al. 2012]. Certainly, these
criteria are often directly related to each other. The impact of road traffic control is
primarily realized by dynamically adjusting the signal program or modifying the speed
limit. These actions are collective and compulsory for every traveler. Additionally, road
users can be provided with extra information that can help them as the individual and
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1.2 Thesis overview
as the member of traveling community as well. Route suggestion algorithms play a
significant role in that.
Routing is the process of choosing the path between two points of the network
according to a certain criterion. Numerous factors can influence the choice: in the
basic cases it is travel time or distance, but several other aspects can be taken into
consideration, e.g. monetary cost (toll), difficult maneuvers, dangerous junctions, or
network elements which make travel time prediction unreliable (ferries or railway level
crossings) [Ortuzar and Willumsen 2011]. Certainly, these factors can be combined as
well to provide tailor-made route suggestions for travelers.
The scope of this thesis is twofold: first, it investigates how the problems of not
entire traffic input data can be overwhelmed by estimating the traffic state, and second,
it elaborates methods for routing for private and public transport vehicles in urban
road networks. The thesis provides methodologies for traffic state estimation applying
Switching Kalman and H-infinity filtering techniques and proposes routing algorithms
based on transport modeling and Yen’s algorithm [Yen 1970].
The methods of traffic state estimation and routing are investigated from the perspective of traffic modeling. Therefore, the analysis of randomness in human behavior
[Velaga et al. 2010] and issues related to the incorrect graph representation of real road
network or false location positioning of the traveler [de Palma et al. 2011] are beyond
the scope of this thesis.

1.2

Thesis overview

The scientific contribution of the thesis consists of four thesis points of which the
structure is shown in Fig. 1.1.

Figure 1.1: Structure of the thesis
Preliminary sections introducing the applied techniques in the thesis are provided
in Chapter 2. These include the bases of traffic flow and transport impact modeling
along with shortest path search algorithms. Furthermore, the Kalman filtering and
H-infinity filtering methods are summarized.
2

1.2 Thesis overview
Chapters 3 and 4 suggest different real-time algorithms for traffic state estimation.
The main questions to be addressed are the lack of data from some segments of the
network and the inhomogeneity of data collected from different data sources. Chapter 3 presents a Switching Kalman filter-based data fusion technique for travel time
estimation by combining inhomogeneous sensor data of different data sources. The
method focuses on the fusion of traditional traffic sensor data with location data of
telecommunication devices such as cellular phones or fleet management systems. A
demonstration is given based on the fusion of loop-detector data and GPS data.
Chapter 4 introduces a robust vehicle count estimation method using the H-infinity
filter. The algorithm is modeled as a state-space representation in which the evolution
of queue length is expressed by the phenomenon of traffic shockwaves and the vehicle
conservation law. The efficiency of the method is demonstrated under continuously increasing traffic disturbance conditions in a microscopic traffic simulation environment.
Assuming that the traffic state of the network is calculated, Chapters 5 and 6 provide routing algorithms for private and public transport vehicles. The related theses
address the questions of lack of input data and the traffic conditions disturbing public
transport vehicles. Chapter 5 suggests a route planning methodology with the traditional four-step transport model and dynamic traffic assignments. The transport
model, which results in the general modeled state of the network, is continuously finetuned with current estimated travel demands and incident data of the roads. As a
result, the method provides transportation engineering-based data even from those
parts of the network where no real-time information is available.
Chapter 6 presents a multi-objective dynamic routing methodology for automated
public transport vehicles. The algorithm allows vehicles to travel on different paths
between scheduled stop points of the timetable, which makes it possible to react more
precisely to the changes in the network. A generalized cost function represents route
choice preferences, and the optimization task is solved by the k-shortest path search
algorithm.
Finally, concluding remarks and future research opportunities are summarized in
Chapter 7.

3

Chapter 2
Applied modeling and filtering
techniques
In this chapter, the most relevant results are summarized, which provide the basis of
the contributions of this research work. First, traffic flow modeling and shortest path
search techniques are introduced. Then, the bases of macroscopic transport impact
modeling are reviewed focusing especially on the traffic assignment algorithms used in
this thesis. Finally, the Kalman and the H-infinity filtering methods are presented.

2.1

Traffic flow modeling

Theoretically, the most accurate description of traffic could be provided if vehicles on
the network could be observed one by one. At present, it is not possible with sensible
efforts, therefore, the characteristics of traffic are analyzed on a macroscopic level as if
it was a flow. In this section, some basic concepts of traffic flow modeling are presented
in connection with the research work: the fundamental diagram, the shockwave theory,
and the vehicle conservation law.

2.1.1

Fundamental diagram

The equilibrium fundamental diagram is a crucial concept of traffic flow theory as
it expresses the empirical relation of traffic flow and density in stationary (equilibrium) conditions. This assumes an ideal state where all vehicles keep equal speed and
headway. Almost all traffic flow theories apply the fundamental diagram because it
provides relevant information on the main characteristics of traffic [Seo et al. 2017].
The fundamental equation at location x and time t is described as follows:
q(x, t) = ρ(x, t)v(x, t)

(2.1)

where q denotes traffic flow (veh/h), ρ means traffic density (veh/km), and v represents
(space) mean speed (km/h), which is the function of ρ:
v(x, t) = V (ρ(x, t))

4
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2.1 Traffic flow modeling
Therefore, Eq. 2.1 can also be written as:
q(x, t) = ρ(x, t)V (ρ(x, t)) = Q(ρ(x, t))

(2.3)

The equilibrium fundamental diagram is determined by V (ρ) for which various
forms have been proposed. All of them satisfy the following criteria:
1. if ρ = 0 then V (0) = vmax = vf ree , i.e. the speed when the vehicles are in free
flow, and Q(0) = 0;
2. if ρ = ρmax = ρjam , which represents traffic density at gridlock traffic jam cases
when all vehicles stand in queues, then V (ρjam ) = 0 and Q(ρjam ) = 0;
3. V (ρ) is monotonically decreasing and Q(ρ) has a maximum location over the
[0, ρjam ] interval [Luspay et al. 2011].
The concept of the fundamental diagram was first proposed by Greenshields [1935]
with a linear connection between speed and density:
V (ρ) = vf ree (1 − (

ρ
ρjam

))

(2.4)

This basic relation has been expressed in many other forms in the past decades,
of which a collection can be found in [Transportation Research Board 2011]. These
apply more sophisticated forms to fit better with observed traffic data. The models
have to satisfy two conflicting needs: on the one hand, they should be simple to
provide fast numerical calculations, but on the other hand, they should be detailed
enough to represent real traffic situations as much as possible [Derbel et al. 2018]. As
an illustrative example, the speed-density model of Wang and Papageorgiou [2005] is
presented in this research:

V (ρ) = vf ree · e

ρ
1
−
a ρjam

!a

(2.5)

which results in a fundamental diagram shown in Fig. 2.1. Parameter a can be configured by the user based on the characteristics of traffic. This is influenced by road
geometry, the quality of the road surface, or it may be affected by some temporary
factors such as the time of the day or weather conditions.
The fundamental diagram can be divided into three domains. The first one, the
left side, represents low-traffic conditions, where vehicles can almost travel by vf ree and
all planned overtakings can be conducted. In the second domain, which is around the
maximum capacity of the fundamental diagram (ρC and QC in Fig. 2.1), vehicles have
a direct effect on each other and their speed is influenced by other vehicles. About
80% of vehicles can travel by their desired speed and 80% of planned overtakings
can be realized [Kövesné 1975]. This results in lower velocity values when density
increases, which is represented by the monotonically decreasing V (ρ). Until increasing
traffic reaches ρC both traffic density and flow increase. However, as density increases,
flow tends to increase slower, the velocity of vehicles is determined by the velocity
5
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Figure 2.1: Fundamental diagram with the model of Wang and Papageorgiou [2005],
parameter a = 2
of the group in which they drive. The third domain, the right side of the diagram
represents those cases when traffic density further increases, no overtaking is possible
and the velocity cannot be freely chosen for anyone. Velocity decreases gradually until
it reaches 0, meaning that the vehicles stand in a traffic jam. At this point, density is
maximal, see ρJ in Fig. 2.1 [Luspay et al. 2011].
The maximum of the fundamental diagram (QC at ρC ) determines the border of
stable and unstable traffic flow on the link. This is called critical density. No congestion
can be experienced under this value, the vehicles have enough space to choose their
desired speed. Over ρC it is no longer valid. In this case, the standard deviation of reallife measurements also increases, which means that the deviation from the equilibrium
fundamental diagram increases [Luspay et al. 2011].
For practical traffic engineering purposes often a simplified version of the fundamental diagram is applied. This is the triangular fundamental diagram (Fig. 2.2)
introduced by Newell [1993]. The concept assumes a linear connection between the
critical traffic state (with density ρC and volume QC ) when link capacity reaches its
maximum, and jam traffic state (when density is ρJ and volume is 0) as well as the
critical traffic state and zero state when there is no vehicle on the link (when both
density and volume are 0).
The triangular shape of the diagram is expressed as [Seo et al. 2019]:
(

Q(ρ(x, t)) =

ρ(x, t) · vf ree
W2 · (ρj − ρ(x, t))

if ρ(x, t) ≤
otherwise

W2 ·ρj
vf ree +W2

(2.6)

where W2 denotes the discharge shockwave velocity, which will be introduced in Subsection 2.1.2. Based on Fig. 2.2, it can be expressed as:
W2 =

QC
ρj − ρC

(2.7)

The concept of the fundamental diagram can be extended to the network level
as well, resulting in the network-level macroscopic fundamental diagram (MFD). The
6
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Figure 2.2: Triangular fundamental diagram
concept of urban MFD was first proposed by Godfrey [1969] and it was finally verified
with a real measurement data set by Daganzo and Geroliminis [2008]. It has been
proven that the link-level macroscopic fundamental diagram can be extended to a (city)
region level and it can efficiently describe the traffic state of the network by measuring
traffic exiting flow at the boundaries and the number of vehicles in the observed zone.
Axis x represents the total number of vehicles on the network (Nnetwork ), whereas axis y
represents the flow leaving the network (Qexit ), i.e. exiting the zone or starting parking
(see Fig. 2.3).

Figure 2.3: Network-level macroscopic fundamental diagram based on Luspay et al.
[2011]
Line A represents undersaturated traffic conditions when all vehicles can exit intersections at the first green phase of the traffic signal program, vf ree can be achieved,
and the green phase lasts longer than the exit time of waiting vehicles. In the domain
of line B, the network is saturated, green phases are fully exploited by vehicles and
7
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congestion can be observed at some locations. This is the maximum capacity of the
network, which lasts for a longer phase compared to link-level fundamental diagrams.
Line C represents oversaturated traffic cases when queuing occurs and some vehicles
might block intersections as they are unable to leave them due to heavy traffic. Therefore, the green time of crossing streets cannot be exploited. Gridlock situations are
represented by line D when all vehicles stand or move very slow [Luspay et al. 2011].
The network-level MFD provides the basis of many traffic control methodologies in
urban networks, of which some are shown in Chapter 5.

2.1.2

Traffic shockwave theory

As Hoogendorn [2020] defines, shockwaves are waves that originate from a sudden,
substantial change in the state of the traffic flow. That is, a shockwave is defined by a
discontinuity in the flow-density conditions in the time-space domain. The location of
the discontinuity is xs (t) which is between points xa (t) and xb (t), i.e. xa (t) < xs (t) <
xb (t). The distance between xa (t) and xb (t) is infinitesimal. At the one side of the
discontinuity location, at point xa , traffic density is ρa (t) = ρ(t, xa (t)) and flow is
qa (t) = q(t, xa (t)). At the other side of the discontinuity location, at point xb , traffic
density is ρb (t) = ρ(t, xb (t)) and flow is qb (t) = q(t, xb (t)).
The position of the discontinuity location changes by velocity W , which is obtained
as the first derivative of xs (t) as:
q(t, xa (t)) − q(t, xb (t))
dxs (t)
=W =
dt
ρ(t, xa (t)) − ρ(t, xb (t))

(2.8)

Two examples can be seen in Fig. 2.4 on a tringular fundamental diagram. W1 is
the shockwave velocity between traffic states (ρA , QA ) and (ρJ , 0), whereas W2 is the
shockwave velocity between states (ρJ , 0) and (ρC , QC ).
In this thesis, traffic shockwave theory is exploited at signalized intersections in
urban road networks. The basic principles of the theory were described by Hunt et al.
[1981], which were later applied for the stochastic shockwave profile model [Wu and
Liu 2011] used in this thesis. The model states that signal cycles and shockwaves shape
traffic flow, for which it determines three basic traffic states. In state (1) the vehicles
move in free flow by their desired velocity vA , which is considered to be around the
speed limit. In state (2) the vehicles are stopped because they stand in the queue at
an intersection, and their velocity is vJ = 0. State (3) represents when traffic light
switches to green, vehicles start moving, and the queue starts dissipating. The flow of
traffic switches from jammed to the critical capacity stage, where the average velocity
of vehicles is vC critical velocity [Varga and Tettamanti 2019]. This is the stage when
the most vehicles can get through a cross-section during a given timeframe.
The state of free flow at time t is represented by density ρA (t) and volume QA (t),
where 0 < ρA (t) ≤ ρC and 0 < QA (t) ≤ QC .
When moving vehicles stop at a traffic light, traffic state moves from free flow state
(ρA (t), QA (t)) to traffic jam state (ρJ , 0). As arriving vehicles reach the tail of the
queue, its growth is represented by queuing shockwave velocity W1 . As the traffic light
switches to green, vehicles start moving and the front of the queue moves backward by
8
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discharge shockwave velocity W2 [Wada et al. 2015]. The connection of shockwaves is
shown in Fig. 2.4 on a triangular fundamental diagram, which gives the basis of the
link vehicle count estimation method elaborated in Chapter 4.

Figure 2.4: Queuing shockwave with W1 velocity and discharge shockwave with W2
velocity on a triangular fundamental diagram. Q denotes traffic volume, ρ denotes
traffic density.
The calculation method of W1 queuing shockwave velocity and W2 discharge shockwave velocity is also described in Chapter 4 as part of the elaborated traffic model.

2.1.3

Vehicle conservation law

The vehicle conservation law is an axiom of traffic modeling. It states that the number
of vehicles on a link at the current time step equals the number of vehicles on the
link at the previous time step plus the vehicles arriving at the link minus the vehicles
leaving the link during the same period:
x(k + 1) = x(k) + xin (k) − xout (k)

(2.9)

where x(k) represents the number of vehicles on the link at the start of time step k,
xin (k) and xout (k) are the numbers of vehicles entering and exiting the link at time
step k.
This basic model can be elaborated more in detail, e.g. it gives the bases of the storeand-forward model [Gazis and Potts 1963], and used for networks state description and
control methodologies because of its simplicity and computational efficiency [Aboudolas
et al. 2009]. A more detailed version of the basic equation (Eq. 2.9) derives the number
of entering and exiting vehicles from vehicle flows and also takes into consideration
non-measured vehicle flows as noise. During sample period T (that ideally equals cycle
time) the dynamics of link z from junction M to N is expressed as follows:
xz (k + 1) = xz (k) + T · [qin,z (k) − qout,z (k) + vin,z (k) − vout,z (k)]

(2.10)

where xz (k) is the number of vehicles on link z at time kT , qin,z and qout,z is the
regular inflow and the outflow at the upstream and the downstream ends of the link
9
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in the sample period [kT, (k + 1)T ]. Other vehicles entering and exiting link z at nonsignalized intersections or parking lots etc. in [kT, (k + 1)T ] are represented by vin,z
and vout,z (see Fig. 2.5).

Figure 2.5: Representation of a signalized urban link with vehicle inflows and outflows
The number of vehicles on links are constrained as follows:
0 ≤ xz (k) ≤ xmax,z , ∀z ∈ Z

(2.11)

where xmax,z is the maximum possible number of queuing vehicles on link z.
In this thesis, regular vehicle inflow and outflow are calculated based on the combination of the shockwave theory and loop-detector measurements, whereas vin,z (k) and
vout,z (k) are treated as model noise. The methodology is elaborated in Chapter 4.

2.2

Shortest path search algorithms

The knowledge of network traffic state is directly exploited by transport operators, and
also, it can be the input for shortest path search algorithms. These help end-users find
the fastest (or best) route and it is also an important element of traffic assignment
algorithms introduced in Section 2.3.
The two most-known shortest path search methodologies are Dijkstra’s [Dijkstra
1959] and Moore’s [Moore 1957], which are quite similar. Moore’s algorithm can be
programmed more easily, however, Dijkstra’s algorithm requires less computation capacity and runs faster, because it examines each link of the network once and only
once. This is the reason why usually Dijkstra’s algorithm is applied in practice. The
algorithm is introduced based on [Van Vliet 1978].
The shortest path is provided as the sequence of nodes of the network from the
starting node (S) to the ending node (E). It should be noted that the shortest path
may also mean the path with the least generalized cost, which represents link costs
according to user preferences e.g. least travel time. In this case, distance is replaced
by generalized cost.
The length of a link between nodes A and B is denoted by dA,B and the total length
of the shortest known route from S to A is denoted by dA .
The algorithm stores the visited and not-yet-visited nodes in two different sets, and
uses a continuously growing table that contains the nodes that are already reached
10
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but not completely analyzed by the algorithm. Additionally, the distance values of
these nodes from the starting point on different paths are also stored and continuously
updated. As the initialization, all dA = ∞ and dS = 0 are set and the origin node S is
set to A. Then, the steps of the algorithm are the following:
1. Calculate the distance (dA,B ) between the current node (A) and all of its consecutive nodes (B) and if dA + dA,B < dB then update dB = dA + dA,B , mark node
B as the predecessor of A, and add it to the table.
2. Mark A as visited and add it to the set of visited nodes and the path. If there
are no more nodes in the set of not-yet-visited nodes, the process is ended. Else:
3. Select the next node from the set of not-yet-visited nodes and return to step 1.
As the result, the shortest paths of network nodes from S are known, including dS,E .
The main difference between the algorithms of Moore and Dijkstra is the principle of
selecting the nodes from the not-yet-visited set. Dijkstra selects the one with the lowest
known distance from S, whereas Moore selects the one that is the oldest entry in the
table [Ortuzar and Willumsen 2011].
In this thesis, shortest path search algorithms are applied in the methods presented
in Chapters 5 and 6.

2.3

Transport impact modeling

The algorithms presented in the previous subsections described or exploited the characteristics of traffic appearing on the network, but they did not include how this traffic
appears. Transport impact models answer this question as not just the traffic itself, but
also travel demands are modeled. These models also describe traffic on a macroscopic
level using aggregated variables (instead of considering individual vehicles or travelers).
Transport impact models comprise of two parts: transport demand and supply
models. Demand includes the number of travelers, their origins and destinations, and
in certain cases, their desired departure times, whereas supply represents the network.
Travelers’ demands are not taken into consideration one by one, they are aggregated on
a higher level using transport zones. The more zones are applied, the more detailed the
model is. As a rule of thumb, 100 zones are needed in a city with 1 million inhabitants
and 50 in a city with 100.000, but significant deviations may occur [B. Horváth et al.
2006].
Zone-level travel demands are aggregated in an origin-destination matrix (OD matrix), which contains for each origin-destination zone pair (i, j) the number of desired
trips (xij ) at a certain period, usually a day or a year. The sum of a row represents
the trips starting from a zone (Oi ) and the sum of a column equals the number of trips
ending (Dj ) at the zone. See Table 2.1 for the details.
The supply model contains the characteristics of private and public transport networks as graphs comprised of nodes and links. Nodes represent intersections and
public transport stop points, links represent roads and public transport connections.
Timetable data of public transport vehicles are also included. Moreover, zones, containing travel demands, are also part of the modeled network. These should cover the
11
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Table 2.1: OD matrix structure
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area without any overlaps or gaps. Connectors connect the centroids of zones to nodes
of the network, making the physical connection between OD matrices and the network.
Such a network representation is shown in Fig. 2.6.

Figure 2.6: Network representation
The transport impact model is generated by the assignment of demands onto the
network (i.e. supply), resulting in the loads of links, which gives the basis of simulation
analysis. This may include the evaluation of basic macroscopic parameters, i.e. volume, speed, and travel time on links, possible usage costs of public transport lines, or
estimation of air and noise pollution generated by traffic.

2.3.1

The four-step model

The prevalent transport impact modeling technique is the four-step modeling methodology [Ortuzar and Willumsen 2011], of which the major steps are summarized in this
section.
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The four-step technique creates transport impact models by combining travel demand and supply originally in four distinct steps: (i) trip generation, (ii) trip distribution, (iii) modal split, and (iv) traffic assignment. Steps (ii) and (iii) can be swapped.
Practically, the first three steps are used for generating travel demand OD matrices
for different transport modes and vehicle categories, which are loaded into the network
(transport supply) in the fourth step resulting in traffic volumes and related variables
of links. Usually, separated OD matrices are generated for public and private transport. The latter one can be segmented into separated matrices: trips by cars, bicycles
etc. depending on the modeling task.
Trip generation aims at predicting the number of trips generated and attracted (Oi
and Dj in Table 2.1) by each zone. In practice, it means that the sums of rows and
columns of the OD matrix are given in this step. Since no trips can be lost in the
system, the sums of production and attraction have to be equal:
Oi =

X
i

X

Dj

(2.12)

j

Trip distribution is the process of distributing starting trips among destination
zones for each origin. From another point of view, it is the process of collecting ending
trips from different origins at each destination. Practically, this step fills in the cells of
the OD matrix having known the sums of rows (Oi ) and columns (Dj ). The following
equations are valid along with Eq. 2.12:
X

xij = Oi

(2.13)

xij = Dj

(2.14)

j

X
i

Modal split is the step of travel mode choice: how many trips will be realized by
public and private transport. These categories can be differentiated in more detail,
e.g. car, bicycle etc. Basically, this step means the split of the OD matrix (OD)
generated in the previous step for different m transport modes (ODm ).
X

ODm = OD

(2.15)

m

It should be noted that trip generation, distribution, and modal split can also be
done simultaneously, which is called a direct transport model. Such an approach is
applied for some OD matrices of the official transport model of the city of Budapest,
Hungary [Modell Tercett Consortium 2015].
Traffic assignment is the step of loading demands into the network, in other words,
the supply side. OD matrices of vehicle trips and public transport trips are assigned
to roads and public transport lines according to their impedance (travel time, cost,
distance etc.) determining route choice behavior. At the end of this step, the traffic
volume on roads and other traffic volume related measures are generated per link and
can be used for decision support.
Several methods have been published for calculating each of the four steps, of which
the detailed description is beyond the scope of this thesis. Only those two assignment
13
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concepts are introduced in detail, which are directly applied in Chapter 5. Further
information on the four-step modeling and related methods can be found in the works
of Ortuzar and Willumsen [2011], B. Horváth [2005], and Cascetta [2001].

2.3.2

Assignment methods applied in the thesis

The two assignment methods applied in this thesis are the all-or-nothing assignment
and the dynamic user equilibrium assignment. In order to describe them in the context
of assignment algorithms, first, the basic principles and the classification of assignment
methods are introduced.
As traffic assignment connects traffic demand and supply, the basic inputs are
required from both sides. The demand side provides the OD matrices of different
modes and categories, whereas the supply side provides the network structure and
the properties of links and nodes (capacity, speed limits of vehicle categories, turning
prohibitions etc). The demand will be assigned to the network by applying shortest
path search models, which results in the distribution of traffic on different routes, which
finally gives the load of the network.
Shortest path search does not necessarily mean finding the path with literally the
shortest distance. It is rather finding a path with the least generalized cost representing
the impedance of the route. This impedance can be composed by combining relevant
factors which give a basis for route choice. These are usually travel time, distance, toll,
but may include other factors, e.g. avoiding difficult intersections or ferries. Algorithms
of Moore [Moore 1957] and Dijkstra [Dijkstra 1959] are the two basic methods for
executing this task.
There is no general rule of classification of assignment methods, almost every research uses different categories; but generally, three dimensions can be differentiated:
network capacity restraint, system evolution over time, and randomness of route choice.
Assignment methods with capacity restraint take into consideration the capacities
of network links and find a specified equilibrium condition. Traffic flows (trips) are
usually distributed according to Wardrop’s first criterion [Wardrop 1952], which states
that the journey times on all routes actually used are equal, and less than those which
would be experienced by a single vehicle on any unused route. In other words, if any of
the travelers would go on a different path, it would take them a longer time. Certainly,
time can be replaced with generalized cost. In this case, every traveler would perceive
a higher generalized cost if they used alternative routes. As an alternative network
equilibrium, the system optimum can be reached according to Wardrop’s second criterion which states that the average travel time is a minimum. This means that the
overall network-level travel time (or generalized cost) is minimum. As Wardrop states,
the first criterion is more likely to occur in practice.
Another classification factor of assignment methods is the evolution of demand and
supply interactions over time. Static assignment procedures do not contain explicit
time modeling, both the state of the network and the demand matrices are constant
throughout the whole process. These algorithms can be used to model aggregate flows
in the examined period. Dynamic assignment methods use a dynamic flow model which
allows the system to evolve over time due to the number of trips or network changes,
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hence route choice behavior and performance measures can also be time-dependent.
Moreover, the capacity of network elements might also change [Cascetta 2001]. This
means that the result is not a single assignment (unlike static methods), rather a series
of assignments for different times of the examined periods with varying OD matrices
and network conditions.
The classification factors introduced so far assume that the behavior of every traveler is the same and all of them completely know the entire network and have all the
necessary information. In reality, users perceive generalized costs differently, and even
if they know what the calculated optimum route is, they might choose a different one
[Outram and Thompson 1978]. The third classification factor reflects on this phenomenon: stochastic assignment methods take it into consideration and use random
variables for it, whereas deterministic methods do not. They calculate by the properties
of the average user.
2.3.2.1

All-or-nothing assignment

The all-or-nothing algorithm is one of the simplest assignment methods. It assumes
that all travelers will choose the shortest (least impedance) route between the origin and
the destination independent of any circumstances. If there are more alternative routes
for an OD pair, either all of the traffic or nothing will be assigned to a certain route.
This method is static, deterministic, and ignores the capacity restraint of roads. It has
been chosen for its very fast computation time, which will be of crucial importance for
the applied method in Chapter 5. It should be noted that the primary function of this
method is to give fast information on travelers’ route choices. For detailed modeling of
the impact, more sophisticated algorithms should be used although the all-or-nothing
procedure is an elementary unit of them.
The simplest algorithm for the all-or-nothing assignment is introduced, based on
the pair-by-pair approach described in [Sheffi 1985] and [Ortuzar and Willumsen 2011].
The algorithm loads elements xij of the OD matrix (see Tab. 2.1) to the shortest paths
(with the least generalized cost) and produces the flows FA,B on links between nodes A
and B. The preparation step is an initialization, which generally makes all FA,B = 0. If
the network has a basic load from other demand matrices, then the impedance values
for the shortest path search are calculated based on it.
The algorithm starts from an origin and takes each destination in turn. When it
is finished, the algorithm moves to the next origin until all origins (and consequently
destinations) are calculated. For each (i, j) pair:
1. Set B to the destination j;
2. If link (A, B) is a backlink of B then increment FA,B to FA,B = FA,B + xij , else
keep its value;
3. Set B to A and set A to the next most distant node;
4. If A = i then process to the next (i, j) pair, else return to step 2.
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2.3.2.2

Dynamic user equilibrium assignment

The dynamic user equilibrium assignment [Bellei et al. 2005] is a much more comprehensive method by representing time-varying demand flows and also even network
properties including modeling queue propagation to upstream links.
Ran and Boyce [1996] define dynamic user equilibrium conditions as follows: for
each OD pair, if the actual travel times experienced by travelers departing at the same
time are equal and minimal, then the dynamic flow over the network is in a travel time
based ideal dynamic user equilibrium state.
The method is deterministic and applies capacity restraints for links. The dynamic
user equilibrium assignment is an efficient tool to simulate urban networks with timevarying demands where congestion is present for more hours of the day with sensible
computation effort. The algorithm has been chosen for these reasons for the method
applied in Chapter 5.
During the dynamic user equilibrium assignment procedure, the demand matrices
are split within the analyzed period for e.g. 15-minute-long intervals and loaded to the
network subsequently. The assignment of the current period takes into consideration
the modeled network traffic state after the previous period. This makes modeling of
queue spillover to upstream links also possible. It is also feasible that the modeled
network state is updated based on real-life measurement data [Gentile and Meschini
2011].
Real-time applications require that the intervals of the algorithm are long enough
so that the assignment process of the current time step can be executed. On the other
hand, it is also required that the update process is fast enough so that the real network
state does not change significantly. To meet both criteria, 15-minute-long intervals are
applied in this thesis.
The dynamic user equilibrium assignment algorithm is designed to reach Wardrop’s
first equilibrium criterion in all k time intervals, practically all (i, j) routes used for an
OD pair have equally minimal generalized costs, whereas all unused routes have higher
or at the least equal costs:
(

cijr (k)

= c∗ij (k)
≥ c∗ij (k)

if x∗ijr (k) > 0
if x∗ijr (k) = 0

(2.16)

where cijr (k) is the generalized cost of route r from origin i to destination j at time
step k, c∗ij (k) is the minimum possible generalized cost of route alternatives at time
step k, and x∗ijr (k) is the number of trips from i to j on route r at time step k.
The flow FA,B (k) on each link from node A to B at time step k is calculated as
follows:
X
A,B
FA,B (k) =
xijr (k)δijr
(k)
(2.17)
ijr

where

(
A,B
δijr
(k)

=1
=0

if path r from i to j includes link (A, B)
otherwise

(2.18)

The generalized cost cA,B (k) of link (A, B) is the function of FA,B (k) as:
cA,B (k) = c(FA,B (k))
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Finally, the generalized cost of path r between i and j at time step k is calculated as:
Cijr (k) =

δijr (k)c(FA,B (k))

X A,B

(2.20)

A,B

The solution of the equilibrium problem, which is guaranteed and exists, is found
by an iterative approximation process. It should be noted that only the link costs
(cA,B (k)), the costs between zones (cij (k)) and the link flows (FA,B (k)) are unique in
the optimum, whereas path flows (xijr (k)) are not. This means that more solutions
are possible for the problem but note that the resulting values of relevant network
performance factors are not affected by them, link costs and traffic volumes remain the
same [Ortuzar and Willumsen 2011].

Figure 2.7: Dynamic user equilibrium process [Bellei et al. 2005]
The entire algorithm of the dynamic user equilibrium is shown in Fig. 2.7. The
demand flow of the current time step is first interacted with the path choice model
that determines path flows. Then the network propagation model is applied which also
depends on the path performances from the previous time step. This step involves the
(step-by-step time-varying) travel times on the network. The resulting link flows give
the input of the link performance model, which results in link performances. The path
performance model generates path performances by summarizing link performances
17
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which are the input of the path choice model together with the demand flow of the
next time step. Further details of the algorithm can be found in [Bellei et al. 2005].

2.3.3

The Budapest Transport Model

A specific example for macroscopic transport impact modeling applied in practice is
the Budapest Transport Model (BTM), which also gives the background for some parts
of this thesis in Chapters 4 and 5. BTM is an integrated multimodal transport model
maintained by BKK Centre for Budapest Transport, the transport organizer of Budapest, Hungary. The bases of the model are created applying the four-step transport
modeling technique. When a business enterprise designs transport development plans
including traffic impact evaluation, usually it has to be prepared using BTM. The basic
model is provided by BKK, which has to be modified by the enterprise according to
the design task. The final model should be given to BKK at the end of the project.
Apart from business, BTM can be used for research purposes as well.
According to its documentation [Modell Tercett Consortium 2015], BMT is a transport planning tool that is:
• based on an integrated transport concept, it contains models for private and
public passenger transport, freight transport and also has a bicycle transport
module,
• continuously maintained by BKK, the model is actualized every year according
to traffic counts and network changes,
• capable of data exchange with different registers and databases,
• fits the transport model of the National Transport Strategy of Hungary [Strategy
Consortium 2014].
Both the demand and the supply model represent a workday on an average October
day, assuming ideal network conditions, i.e. the effect of current reconstruction works is
ignored. Apart from the daily demand matrices for different transport modes, different
matrices are included for certain periods of the day. The model contains not only the
city of Budapest but also includes its agglomeration with almost 200 settlements and
approximately 500.000 commuters per day [Mátrai et al. 2015].
BTM was designed to be software independent, however, it is based on the solution
of PTV Visum transport modeling software. Visum has a COM (Component Object
Model) interface which makes it possible to create, modify or delete most elements
of the model. This allows to extend the features of the software by defining new
algorithms that are not available in the graphical user interface of Visum. In Chapter
5, a Visual Basic Application code is generated in Microsoft Excel for such purposes.
The general transport model is implemented in Visum, the simulation and related tasks
are executed in the COM interface.
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2.4

Filtering algorithms

Direct traffic measurements are not always accurate, usually, they are not entire and
contain some noise; therefore, filtering techniques are utilized to get appropriate results.
In this thesis, in Chapters 3 and 4, linear traffic models are applied with uncorrelated
process and measurement noises of which the distributions are assumed to be Gaussian,
or at the least symmetrical, and their expected values are zero. Considering these
circumstances, traffic state is estimated by using different variants of the Kalman filter
and the H-infinity filter. These are introduced in this section.

2.4.1

Kalman filter

The Kalman filtering technique [Kalman 1960] is a recursive method for linear filtering
of discrete data [Welch and Bishop 1995]. This technique is often used by traffic
engineers because the state of the examined dynamic system (in our case: traffic) can
be precisely estimated, even if the exact nature of the system is unknown.

Figure 2.8: The algorithm of the Kalman filter
A linear difference equation describes the state of a sampled discrete time-invariant
process:
x(k + 1) = Ax(k) + Bu(k) + v(k)
(2.21)
where k = 1, 2, . . . is the discrete time step, x(k) ∈ Rn denotes the true state of the
system, u(k) ∈ Rm denotes the optional control input vector, and v(k) represents the
process noise. A ∈ Rn×n and B ∈ Rn×m are coefficient matrices containing the statetransition model and the control-input model. The sampling period is T , the state
vector is calculated in every [kT, (k + 1)T ] time interval.
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The measurement equation of the system is composed as follows:
y(k) = Cx(k) + w(k)

(2.22)

where y(k) ∈ Rp is the measurement of the true state, C ∈ Rp×n is the observation
model, which relates the measurement to the state, and w(k) is the measurement noise.
Process noise v(k) and measurement noise w(k) are assumed to be uncorrelated
zero-mean Gaussian white noise, i.e. ε(v(k)) = 0 and ε(w(k)) = 0 with covariance Q
and R. The covariance matrices are supposed to be:
Q = ε(v(k)v T (k))
R = ε(w(k)wT (k))

(2.23)
(2.24)

According to Simon [2006], it should be noted that the Kalman filter can be applied
with different noise distributions as well, however, in these cases, better filtering solutions also exist. As the author states, if v(k) and w(k) are uncorrelated, zero-mean,
white, but not Gaussian, the Kalman filter is still the best linear filter, but theoretically,
there may be nonlinear filters that perform better. If v(k) and w(k) are correlated or
not white, modified variants of the Kalman filter can be used.
The concept of the Kalman filter operation is usually described in two distinct,
alternating phases: prediction and correction. In the prediction phase, the filter estimates the state of the next time step based on the state of the current time step.
In the next time step, in the correction phase, the estimation is refined considering
the measurement result of the period. Furthermore, the filter estimates system covariance that is also refined by the result of the latest measurement. The a priori and a
posteriori state estimates at time step k are denoted by x̂− (k) and x̂(k) respectively.
Comparing estimated and observed values, the a priori and a posteriori estimate errors
are obtained. The a priori and a posteriori estimate covariance P − (k) and P (k) are
calculated based on these errors.
The two-phase operation of the Kalman filter is shown in Fig. 2.8.

2.4.2

Switching Kalman filter

The Switching Kalman filter applies a switching system state space representation
[Liberzon 2003]. In this case, the system is described with more (but not infinite) space
state representations that practically mean different operational modes. Moreover,
different Kalman filters can be constructed for them.
The system changes its operational modes followed by the Kalman filter switching
into another mode as a reaction for the change of external effects [Böker and Lunze
2002]. The switching, discrete and linear state space representation is described based
on Eqs. 2.21 and 2.22:
x(k + 1) = Aρ(k) x(k) + Bρ(k) uρ(k) (k) + vρ(k) (k)
yρ(k) (k) = Cρ(k) x(k) + wρ(k) (k)
ρ(k) ∈ S = {1, 2, ..., s}
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Figure 2.9: The algorithm of the Switching Kalman filter
where ρ(k) is the discrete switching signal that refers to the operational mode of the
system at time step k and determines the values of matrices A, B, C and signals u,w,v.
Considering its temporal states, ρ(k) can be rule-based or a random sequence signal.
The operation of the Switching Kalman filter is based on the algorithm shown in
Fig. 2.8. The difference is that in this case, the algorithm is always actualized for the
current ρ(k) system mode. The filter contains intermediate values x̂− (k) and P − (k),
even if the current mode is different from the previous one, i.e. ρ(k) 6= ρ(k − 1). The
modified estimation algorithm is shown in Fig. 2.9.

2.4.3

H-infinity filter

The Kalman filter is an effective and relatively easy method to estimate the state of a
system, however, it performs the best if the system model is accurate and the statistical
properties of noises v(k) and w(k) are exactly known [Shaked and Theodor 1992]. In
contrast, the H-infinity filter (also called as robust Kalman filter) can handle modeling
errors and noise uncertainty much better.
If one sets the traffic description model for urban traffic, there are almost always
some disturbances that cannot be foreseen exactly, e.g. cars exiting or entering the
observed link from non-observed low-traffic links or cars stopping at or starting from
parking lots. The uncertainty of the traffic model is included in the system matrices
[Simon 2006].
The filter tries to minimize the maximum estimation error according to the H∞ norm, the name of the filter is also in connection with this fact. The operator that
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relates the estimation error to the exogenous input possesses an H∞ -norm which is less
than a prescribed positive value [Shaked and Theodor 1992].
The filter applied in this thesis is adopted from Zhu et al. [2002] and described as
follows. The uncertain discrete-time system is given as:
x(k + 1) = (A + ∆A(k))x(k) + Bu(k) + Dv(k)
y(k) = (C + ∆C(k))x(k) + w(k)

(2.28)
(2.29)

where x(k) ∈ Rn is the state vector, y(k) ∈ Rp represents measurement data, u(k) ∈
Rm is the optional control input vector, v(k) ∈ Rn and w(k) ∈ Rm are process and
measurement noises, A ∈ Rn×n , B ∈ Rn×m , C ∈ Rp×n , and D ∈ Rn×m are coefficient
matrices. ∆A ∈ Rn×n and ∆C ∈ Rp×n are time-varying parameter uncertainties, which
are assumed to be of the following structure:
"

∆A(k)
∆C(k)

#

"

=

H1
H2

#

F (k)E

(2.30)

where H1 ∈ Rn×i , H2 ∈ Rp×i , and E ∈ Rj×n are real constant matrices and F (k) ∈ Ri×j
is an unknown real time-varying matrix satisfying the following bound:
F T (k)F (k) ≤ I

(2.31)

For the measurement noises for all integers k ≥ 0 and l ≥ 0, the expected values
fulfill the following criteria:
ε(v(k)) = ε(w(l)) = ε(v(k)wT (l)) = 0
ε(v(k)v T (l)) = V δ(k − l), V ≥ 0
ε(w(k)wT (l)) = W δ(k − l), W > 0

(2.32)
(2.33)
(2.34)

where δ(k) is the Kronecker Delta.
The algorithm of the H-infinity filter is shown in Fig. 2.10. The prediction equations of the filter describe x̂− (k) a priori state estimate, ∆Ae (k) state-transition model
uncertainty, and ∆Ce (k) observation model uncertainty at time step k. The correction
equations result parameter R (k), the gain of the filter KH (k), and the state estimate
x̂(k) at time step k. Parameter (k) > 0 is a chosen parameter, variables S(k) and
Q(k) are expressed as follows:
Q(k) = (S −1 (k − 1) − (k − 1)E T E)−1
(2.35)
1
H1 H2T )(R (k − 1) + CQ(k)C T )−1
S(k) = AQ(k)AT − (AQ(k)C T +
(k)
1
1
·(AQ(k)C T +
H1 H2T )T +
H1 H2T + DV DT
(2.36)
(k)
(k)
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Figure 2.10: The algorithm of the H-infinity filter
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Chapter 3
Data fusion for travel time
estimation in urban road networks
The knowledge of road traffic parameters is of crucial importance to ensure state-of-theart traffic services either in public or private transport. Nowadays, plenty of road traffic
data are continuously collected producing historical and real-time traffic information as
well. The available information, however, arrives from inhomogeneous sensor systems.
Therefore, a data fusion methodology is proposed based on the Switching Kalman filter.
The concept enables efficient travel time estimation for urban road traffic networks.

3.1

Data fusion

This section introduces the background of the concept applied in this chapter by describing the characteristics of different types of data sources and the applicability of
data fusion in urban road traffic.

3.1.1

Measurement techniques and their features

Measurement systems applicable to road traffic data collection can be divided into
two groups: traditional and alternative techniques. Traditional road traffic sensors
are directly planned for accurate traffic data measurement. Basically, cross-sectional
measurements can be done in the road network [Ludvig et al. 2012]; therefore, timedependent parameters can be obtained: time occupancy, time headway, volume, and
time-mean speed. By using a single detector, time mean speed can only be estimated
(by calculating with a mean vehicle length). Even though video image processing
systems are quite developed, these devices can measure basically in a short section of
the road. Therefore, some spatial parameters such as spatial occupancy and density
can be calculated.
In general, well-performing measurement systems can be built up by using traditional sensors (after adequate calibration and smoothing) for continuous measurement.
The drawbacks are the high maintenance and installation costs that make it unrealistic
to set up a system accurately covering all important roads of a town. Another bound
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is that measurements take place only on separated cross-sections. In other words, traditional sensors are not capable of measurements that cover a large area, e.g. OD data
or detailed travel time data cannot be obtained by them.
Alternative sensor technology has become a real option for traffic parameter estimation due to IT developments of the last decade [Vlahogianni et al. 2014]. Nowadays,
numerous historic or real-time databases exist that have relevant information for road
traffic parameter estimation although they have not been directly generated for traffic
estimation purposes.
The most common way of estimation is using floating car data (FCD) information
that contains position data of traveling mobile phones, which is also called floating
mobile data (FMD). FMD can be divided into 2 classes: client-side and server-side
information systems. Client-side FMD is collected from applications typically running
on smartphones for which users get traffic information in exchange. Well-known examples are Waze and the Traffic application of Google Maps. The sources of data are
basically the GPS position of users’ smartphones or sometimes location information of
fleet management companies.
The other option of gathering FCD information from mobile phones is using serverside technologies. The basis of this method is also the observation of traveling mobile
phones, but only at the operator-side. If a mobile phone changes its location, it generates different types of signals according to the operation principles of radiofrequencybased telecommunication. These signals can be also applied as input data for locationbased services [Küpper 2005]. The most important advantage of server-side FMD is
the measurement capability on the whole network, e.g. estimation of OD matrices.
Nevertheless, processing these rough data requires special algorithms [Tettamanti and
Varga 2014].
Another way of FCD estimation is using GPS data of vehicles that are part of a
fleet management system. This information also makes real-time monitoring possible.
During the operation of such systems, an on-board unit provides data of the vehicle,
e.g. actual speed, position, or other information which are important basically for the
operator, such as the fuel consumption. From these traffic data travel times, origindestination, and route information can be estimated accurately. FCD are collected in
numerous systems day-by-day either in the private or the public sector. In the private
sector, usually taxis and delivery trucks apply fleet management. The system that
operates in Berlin is a relevant example, where the traffic control center is provided by
real-time taxi GPS data from each vehicle every 30-60 seconds [Bischoff et al. 2015].
An example of the systems of the public sector is the Hungarian ’FUTÁR’ project
developed for public transportation of Budapest.

3.1.2

Data fusion in urban road networks

The purpose of combined sensor technologies is based on the opportunity that fusion
of different data types results in a better outcome than using only one type of sensor
data.
Data fusion is not a specific technique, it is just an object of making an integrated
database of different types of information. Michell [2007] defines data fusion as follows:
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the theory, techniques, and tools which are used for combining sensor data, or data
derived from sensory data, into a common representational format. In performing
sensor fusion our aim is to improve the quality of the information, so that it is, in
some sense, better than would be possible if the data sources were used individually.
The application of a data fusion method in an urban network has several difficulties
caused by the features of urban traffic [Shahrbabaki et al. 2018]. An obvious problem
is the complicated road network, so route reproduction from server-side FMD sensor
data is much more difficult compared to motorways.
Another difficulty is the effect of signalized traffic control that has a strong influence
on traffic flow [Cheng et al. 2012]. Traffic on motorways is described by macroscopic
fluid models that have a clear principle. In contrast, urban models are either rough or
even if they are detailed, macroscopic models often cannot be applied because of the
high number of necessary measurements and computations.
A further problem is that only loop-detector is capable of direct precise traffic
volume measurement, all of the other sensors are not. The OD data of server-side
FMD can be applied only for rough estimation, e.g. estimation of aggregated zone-tozone travel data.
Considering the problems, the purpose of this research was to find an approach that
does not use complicated models and only tries to precisely estimate the traffic state of
specific urban roads by the fusion of different types of sensor data. Since FMD/FCD
measurements represent travel time well and it can also be estimated from loop-detector
measurements, the unknown parameter of the integrated data fusion model is travel
time.

3.2

Sensor fusion-based travel time estimation on
urban links

Different sensors produce inhomogeneous data during road traffic measurements. Furthermore, not every sensor produces data in every measurement period. In this thesis,
the Switching Kalman filter is applied to fuse these data; therefore, the continuously
changing number of sensors does not cause any difficulties, at the same time the benefits
of the Kalman filter can be exploited.
The Kalman filter, introduced in Subsection 2.4.1, can be directly applied for sensor
fusion. The only condition is that correlation among different measurement noises is
not permitted. If the results of sensor measurements are temporarily available, the
state space representation of travel time estimation is:
x(k + 1) = x(k) + v(k)
y(k) = Cx(k) + w(k)

(3.1)
(3.2)

where Eq. 3.1 describes the system dynamics based on the random walk model, that
is A = I and B = 0. The reason for it is the unknown changing behavior of travel
time, therefore it is considered as a random process. Since in the example presented
in this thesis travel time is estimated only for a single link, x(k) and v(k) are scalar
variables. At the same time, y(k) in the measurement equation describes a system of
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equations. The dimension of y(k) equals the number of sensors. In the example, two
different sensors, loop-detector and FCD are involved measuring travel time:
"

y1 (k)
1
w (k)
=
x(k) + 1
.
y2 (k)
1
w2 (k)
#

" #

"

#

(3.3)

The Kalman filter can estimate state (i.e. travel time) x(k) directly from measurements
y1 (k) and y2 (k) that are automatically weighed according to their covariance. It is
followed by their fusion that results in integrated state estimation. The more precisely
the standard deviations w1 (k) = σ1 and w2 (k) = σ2 are known, the more precise
the operation is. Standard deviations can be determined in an empirical way. In
the example, they can be calculated by the standard deviations of general travel time
measurements derived from FCD and loop-detector data.
The Switching Kalman filter (and also the basic Kalman filter) can be applied if
the system can be observed, that is:
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(3.4)

If no measurement data is available for a current time step, this requirement is not met.
If the data of at least one sensor is at service, the requirement is met. Considering
the frequency of sensor measurements and the number of sensors, only spatially fixed
sensors are able to measure continuously by all means. As a consequence, at least
one cross-sectional loop-detector is required. On major roads of urban networks, this
might be usually available. Any other sensors (e.g. FCD, FMD, Bluetooth, etc.) are
considered as potential devices in the network, whereas their permanent operation is not
a requirement. The main drawback of this approach is measuring travel times by crosssectional detectors, which obviously cannot be done directly. Therefore simulations
have been done in a modeled environment in which it is possible to determine the
mean travel time on a link within typical traffic volume conditions. The result can be
either a function (T=f(Q)) or a simple determination of volume scales. In that case, as
an example, a mean travel time can be determined for 0-200 PCE/h, another one for
201-400 PCE/h, and so on. PCE means the number of vehicles expressed in passenger
car equivalent, i.e. the different types of road vehicles are expressed in the ratio of the
private car [Lay 2009].
Travel times determined for links within different volume conditions during simulations can be applied as measurement results. For a volume data measured by a real
detector, a simulation-based mean travel time can be assigned.
In conclusion, it can be stated that loop-detector data are available in every measurement period, but they are not that reliable, because travel time is not directly
measured. In contrast, FCD is much more reliable, but this data is not generated
every time. This makes the filter operate in the following way. If loop detector data is
available, which is always true, the estimation has a higher uncertainty. If floating car
data is also available, which is not always true, the estimation is much more accurate.
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Therefore, FCD is considered as a set of very reliable measurements, between which the
state of traffic is estimated based on the loop-detector data with higher uncertainty.
The switching system applied in this thesis is based on Eqs. 3.1 and 3.2:
x(k + 1) = x(k) + v(k)
yρ(k) (k) = Cρ(k) x(k) + wρ(k) (k)
ρ(k) ∈ S = {1, 2}

(3.5)
(3.6)
(3.7)

where state variable x(k) represents the estimated travel time of a specific link. Switching signal ρ(k) has an effect only on the measurement equation. Set S contains two
possible different measurement combinations using two different sensor types (loopdetector, FCD). These are shown in Table 3.1.
Table 3.1: Different measurement configurations
ρ(k) yρ(k) (k) Cρ(k) wρ(k) (k)
1
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Measurement vector yρ(k) (k) contains the combination of travel times measured by
sensors of different types. Note that the elements of Cρ(k) are always 1, according to
the number of sensor measurements available, hence it satisfies Eq. 3.4. The Switching
Kalman filter switches according to the signal ρ(k) which is a known value representing
the set of sensor types that provided data in the measurement period. (See Table 3.1.)
Loop-detector measurements are guaranteed in every time step, even if there is no
vehicle on the link. Therefore, the minimum size of matrices is 1 × 1. The sizes of
matrices yρ(k) (k), Cρ(k) , and wρ(k) (k) vary in connection with the number of sensor
types providing information in a time step. The method with two sensor types can be
extended to n sensor types. Table 3.2 shows how these measurements can be combined.
The bottom row represents the case when all n sensor types provide information in a
time step. One of the sensor types (this is loop-detector in our case) should be able
to provide data permanently; therefore, it is included in each configuration. There are
several cases depending on available sensor types between the two extremes, i.e. when
2, 3, ..., (n − 1) sensor types provide data in a measurement period. Certainly, there are
differences among the cases with the same number of sensors. For example, the n = 2
case can occur with loop-detector plus FCD or loop-detector plus Bluetooth device.
For a precise estimation, measurement noise wρ(k) (k) is assumed to be known. Theoretically, this can be determined based on the standard deviation of measurements.
The values of wρ(k) (k) can continuously change, since the standard deviation of a sensor
is not necessarily permanent. Travel times calculated by the cross-sectional detector
have the highest standard deviation. The noise of FCD/FMD measurements is much
lower, which results in more precise estimations. As a consequence, measurement estimation is expected to be much reliable during the rush hours (when FCD/FMD are
probably available) and less out of them. However, during off-peak periods travel time
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Table 3.2: Measurement configurations with n sensors
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data can be calculated from static databases since the effect of traffic is low. The
described data fusion estimation method is shown in Fig. 3.1.

Figure 3.1: The sensor fusion method for the estimation of mean travel times on urban
links.

3.3

The methodology

The elaborated method was tested in a simulation environment in Vissim microscopic
traffic simulator. In order to be able to apply the Switching Kalman filter, the average
travel time and its standard deviation should be known after each measurement period.
The example is shown with loop-detector data and FCD, including the description of
the data processing steps of the two sources.
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3.3.1

Simulation

The simulation network was generated by modeling a specific test link on Villányi út
and its network area around ’BAH’ intersection in the city of Budapest, Hungary. The
test network was generated by taking into consideration the links that have an influence
on the traffic flow of the test link, either as a vehicle input from the entering links or
as a block at the exit. See Fig. 3.2 for further details.

Figure 3.2: Test network in Vissim.
Signal programs were set according to morning weekdays plans of the real network,
cycle time was 90 seconds. Loop-detectors of the simulation environment were also
installed at the same locations as they are in the real network. One detector was
placed at each lane of the test link. It is a very important issue because some traffic
parameters vary in connection with the position on the link. Figure 3.3 shows an
example for this. The average speed on different points of the link is shown as the
function of flow and location. It can be seen that the lowest average speed does not
always occur at the exit of the link. If the queue accumulates, the lowest average speed
occurs at the end of it.
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Figure 3.3: Average speed as the function of volume and location.
Overall 3600 ninety-second-long simulation periods were evaluated on a loaded network with different vehicle inputs ranging from almost empty links to gridlock situations. The network has three vehicle inputs: Villányi út, Karolina út and Budaörsi
út. Real-world loop-detector data show that the ratio of the three inputs is nearly
permanent; therefore, it was not changed during simulations, only the traffic input was
increased gradually. Apart from these basic simulations, some runs contained disturbance in order to model a few extra cases appearing in reality too, e.g. during garbage
collection the truck blocks one of the lanes, or when simply an accident happens. Vehicle inputs were transformed into passenger car equivalents.
Traffic volume and time-occupancy, which is the proportion of time when any vehicle
is over the detector, were measured by the loop-detector in Vissim in 90 seconds.
Volume was calculated as the sum of the values of two detectors, whereas occupancy
is the average of the two measurements in the cross-section.

3.3.2

Travel time estimation with loop-detectors

Travel time can be derived from loop-detector measurements by generating a lookup-table that contains volume and occupancy data in the cross-section as input and
an estimated average time plus its standard deviation as the output. These can be
composed by running simulations or processing historical data.
The evaluation is based on the traffic volume-occupancy (Fig. 3.4) and the travel
time-occupancy (Fig. 3.5) diagrams. Certainly, they can be different on different links,
and it is usually in connection with location within the link (similar to Fig. 3.3).
Furthermore, as the penetration of autonomous vehicles is growing, it is expected that
the values of the fundamental diagram will change. Volume will increase in the traffic
volume-occupancy relation, and according to simulations the shape of the diagram will
be quite similar to the triangular fundamental diagram [Horváth et al. 2018]. The
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changes are in connection with expected different driving characteristics: in the long
run, headway will decrease as well as the standard deviation of vehicles’ speed in the
traffic flow.
The sudden change of travel times in Fig. 3.5 is caused by the nature of the examined
link. If the network starts to be oversaturated and the queue reaches the test link, the
vehicles have no chance to choose any alternative routes; therefore, the intermediate
state is very short until a traffic jam evolves on the link.

Figure 3.4: Connection between traffic volume and occupancy at the measurement
cross-section.

Figure 3.5: Connection between travel time and occupancy at the measurement crosssection.
Both diagrams can be divided into an undersaturated i.e. stable and an oversaturated i.e. unstable region according to the change in travel times or traffic volume.
Vehicles are in free flow in the undersaturated region, whereas in the oversaturated
region the number of vehicles on the link exceeds its capacity. Therefore, traffic jams
32

3.3 The methodology
occur, or at least vehicles cannot pass the signal head during the first green period. In
this case, the average travel time starts to increase rapidly.
The look-up-table is generated in three steps. First, the measured occupancy data
determines whether the state of the traffic is stable or unstable. Second, domains were
generated in the stable and unstable regions according to measured traffic volumes.
Third, each domain was assigned an average travel time and its standard deviation.
These will be the input parameters of the loop-detector data for the Switching Kalman
filter. Every measurement is done simultaneously with the cycle time of the signal
controller, in this case, this period was 90 seconds.
The domains were determined according to cycle time. Volume in the cross-section
of the detector and current travel time were measured at the same time. A domain was
generated for those volumes of which the travel time was similar. This step has two
reasons: the look-up-table will not be unnecessary detailed and the standard deviation
will be lower. If one has few data in a domain, an extreme value may increase standard
deviation significantly, which leads to a dramatic decrease in the accuracy of estimation.
Certainly, the amount of data may not be equal in different domains or on different
links, but it should be noted that it is required to have enough data in each domain to
make statistical analysis.
In order to avoid an extreme travel time value cause high uncertainty in the estimation, these were eliminated if the gap was too big compared to the average travel time
of the domain. Fake travel time measurement results were also eliminated, e.g. when
it was 0 s (see Fig. 3.5). The average travel time and its standard deviation of each
domain were determined after these preparatory steps.
Table 3.3: Look-up-table of the test link.
Domain
Travel time
name stability
volume
average std dev
(veh/period)
(s)
(s)
S 1-7
S 8-12
S 13-17
S 18-22
S 23-26
S 27-31
S 32+

Stable
Stable
Stable
Stable
Stable
Stable
Stable

1-7
8-12
3-17
8-22
3-26
7-31
32+

26.59
27.47
28.31
29.38
30.45
33.08
35.39

3.77
3.19
3.53
4.19
5.74
6.85
7.24

U 1-11
U 12-16
U 17-21
U 22-26
U 27-30
U 31-33
U 34-36
U 37+

Unstable
Unstable
Unstable
Unstable
Unstable
Unstable
Unstable
Unstable

1-11
2-16
7-21
2-26
7-30
1-33
4-36
37+

364.23
278.37
238.16
218.56
202.76
180.09
159.33
142.05

48.17
63.25
36.43
30.73
34.54
35.77
29.47
23.66
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The look-up-table of the test link is shown in Table 3.3 with the domains and the
average travel times and their standard deviation assigned to them. If the standard
deviation of a domain is too high compared to the average travel time, this value should
rather be treated as a suggestion, because the uncertainty is significant.

3.3.3

Travel time estimation with FCD

The method of FCD exploitation has been elaborated based on real data of iData Ltd.
Every time a vehicle logs into the management center, the following data is saved: log
time and date, GPS coordinates, vehicle ID, velocity, and some other issues that are not
exploited for the introduced method. FCD logs of the test area are marked with blue,
relevant data are marked with yellow in Fig. 3.6. It is assumed that vehicle location
data is available every 5 seconds, which determines relevant FCD. Considering that
vehicle speed is 50 km/h, link entrance and exit areas are located 70 meters upstream
of the signal head based on the following calculation:
50

km
h

3.6

km
h
m
s

· 5 s ≈ 70 m.

(3.8)

Figure 3.6: Data set for FCD-based travel time estimation.
Travel time is determined by estimating the time elapsed between passing the signal
head at the upstream and the downstream ends of the link (t0 ). Uncertainty is caused
by the fact that the log points are usually not exactly at the entry or the exit of the
link, a maximum difference of 70 meters occurs. This results in uncertainty times at
the entry (t1 ) and the exit logs (t2 ) that elapse between the last log before passing the
signal head and the actual moment of passing. It is known that
0 ≤ t1 < tlog
0 ≤ t2 < tlog
34

(3.9)
(3.10)
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where tlog denotes log time which is 5 seconds in this case. The actual travel time is
t, but it cannot be measured. The connection between measured t and actual t0 travel
times is expressed as:
t0 = t − t1 + t2
(3.11)
where the exact values of t1 and t2 are also unknown. The calculation process is shown
in Fig. 3.7.

Figure 3.7: Actual (t0 ) and measured (t) travel times.
Measurements of t shall be averaged simultaneously with cycle time. The difference
between t and t0 can be calculated based on t1 and t2 uncertainties, of which the upper
bound is 5 seconds. The worst-case scenario is considered, i.e. the distribution of logs
is assumed to be a continuous uniform distribution. This is worse than reality, but this
is an extra safety factor included in the calculation.
Generally, the standard deviation of a continuous uniform distribution on interval
[a, b] is:
b−a
(3.12)
σ= √
12
Variables a and b are the two extreme points of possible log locations upstream the
signal head. A vehicle passes these two points in tlog time. Therefore, the standard
deviation of log time at a single signal head is the following:
5s
tlog
σ = √ = √ = 1.443 s.
12
12

(3.13)

Since travel time on a link is estimated based on the time elapsed between two
logs (one at the entrance and one at the exit), first the convolution of the continuous
uniform distributions of the two logs is determined, and second the standard deviation
of it is calculated:
s

σ=

t2log t2log
+
=
12
12

s

(5 s)2 (5 s)2
+
= 2.04 s.
12
12

(3.14)

This results in the input values of the Switching Kalman filter in every period: the
average travel time (t) and its standard deviation (σ).
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3.4

The applied Switching Kalman filter

The Switching Kalman filter was implemented in Matlab numerical analysis software.
The sizes of variables of the two possible measurement configurations of the example
are summarized in Table 3.4.
Table 3.4: Dimensions of matrices with different measurement configurations
Size
Variable

Content of variable

Loop
( ρ(k) = 1)

Loop+FCD
( ρ(k) = 2)

x

Estimated travel time

1×1

1×1

P

Expected values of
error covariance

1×1

1×1

Q

Error of state dynamics eq.

1×1

1×1

K

Kalman gain

1×1

1×2

C

State matrix of the system

1×1

2×1

R

Error of measurement eq.

1×1

2×2

y

Measured values

1×1

2×1

In order to reach accurate estimation results, tuning of the Switching Kalman filter
is a very important step. Parameters of Q and R of the filter in different operation
modes can be adjusted according to Böker and Lunze [2002]. The smaller the values
of R are, the filter is more likely to insist on the measurement, whereas the smaller the
values of Q are, the more the estimation is accepted [Welch and Bishop 1995]. Practically Q and R can be simply treated as tuning parameters, however, some assumptions
can be made to determine their values.
Matrix R contains the standard deviations of measurement results in the two configurations as follows.
If ρ(k)
= 1, i.e. only loop-detector data is available at period
i
h
2
k, then R1 (k) = σloop (k) . If ρ(k) = 2, i.e. both loop-detector data and FCD are
"
#
2
σloop
(k)
0
.
available at the period, then R2 (k) =
0
σF2 CD (k)
The value of Q is determined by empirical tuning based on the fact that FCD
measurements are very precise; therefore, if they are available, the filter is more likely
to accept the measurement, otherwise, it is more likely to accept state dynamics. There
is no constant Q that provides accurate estimation results for all traffic conditions. Note
that the value of Q can be different on different links.
Even though the errors of the state dynamics equation (Q) and measurement equation (R) have independent meanings, a connection can be found between them on the
practical engineering side for both states of the filter. At periods when only loopdetector data is available (ρ(k) = 1), Q1 is searched as:
2
Q1 = α · σloop
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Real-life loop-detector data of the test link was analyzed as follows. Measured traffic
volume (> 0 vehicles/period) and occupancy data were ordered to the domains of the
look-up-table (Table 3.3) and each measured data was paired with a standard deviation
value for travel time according to the table. After that, both for the stable and unstable
regions the weighted average of standard deviation values were calculated based on the
number of data in the domains. Finally, the variance of the two values was calculated
(σ 2S and σ 2U ). Empirical tuning of the Switching Kalman filter in ρ(k) = 1 mode results
in the connection of:
2
Q1 (k) = 0.53 · σloop
(k)
(3.16)
for both the stable and the unstable regions of the look-up-table, where σloop (k) denotes
the standard deviation of travel time provided by the look-up-table.
The other mode of the Switching Kalman filter, when both loop-detector data and
FCD are available (ρ(k) = 2), was tuned in the test environment in a much more
simple way based on real-life data of the test link. Even though two data sources are
given, FCD is usually much more precise; therefore, the filter is more likely to accept
its value compared to travel time data estimated from loop-detectors. Moreover, FCD
is considered to have a fixed value of standard deviation (2.04 s, see Eq. 3.14), which
results in Q2 as follows:
Q2 = 10
(3.17)
which is a constant value, independent of k.
The behavior of the filter was tested on input data generated based on real-world
FCD and loop-detector volume and occupancy measurements in 90-second-long periods; there are 40 of them in an hour. It was assumed that 5 FCD records per hour
are available on average, which means that the filter is in ρ(k) = 2 mode in 12.5% of
measurement periods, and ρ(k) = 1 in the remaining 87.5%. Such a test environment
can be seen in Fig. 3.8.

Figure 3.8: Operation example of the Switching Kalman filter.
The uncertainty of loop-detector-based travel time estimation is much higher than
FCD-based, which makes the filter primarily believe the FCD results. The effect of a
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floating car measurement lasts for 4-5 periods, after that the filter gradually returns to
loop-detector data. Certainly, different tuning would result in a different filter behavior.
The reality of estimation was checked by on-site manual travel time measurements. A
further step of the research is to check its operation on synchronized real-time, realworld data.
The proposed data fusion method can be extended to the network level and can
also be used for parameter tuning of traffic description models by setting the traffic
volume-based impedance of links. This helps to determine the change of travel time
generated by traffic volume and provides relevant input for real-time route planning
algorithms, even if no direct travel time measurement data is available. Calibrating
volume-delay functions [BPR 1964] or two-fluid model [Herman and Prigogine 1979]
parameters can also be specific fields of application of the method.

3.5

Contribution

Thesis 1
A Switching Kalman filter-based data fusion methodology has been elaborated for travel
time estimation in urban road traffic networks. The methodology makes it possible to
estimate travel time precisely by fusing inhomogeneous sensor data of traditional and alternative traffic data sources. The efficiency of the methodology has been demonstrated
by fusing loop-detector data with floating car data.
A research gap has been identified in the field of exploiting data fusion in urban road
traffic state estimation. A Switching Kalman filter-based method is proposed in this
thesis to combine sensor data of traditional traffic measurement devices and alternative
traffic data sources. In contrast, existing methods usually rely on homogeneous data
sources for estimating the value of a parameter.
It has been demonstrated that the traffic information arriving from different devices
is inhomogeneous and not all data sources produce data every time, moreover, the
number of available sensors is continuously changing. Travel time has been chosen as
a variable that describes traffic state and different techniques have been elaborated to
calculate it based on data from loop-detectors and floating cars.
A look-up-table setting methodology has been proposed with comprehensive traffic
simulations to exploit loop-detector occupancy and flow data based on the fundamental
diagram. Another method has been introduced for floating car data, building upon the
logs of vehicles around signal heads.
The proposed Switching Kalman filter-based sensor fusion methodology makes the
efficient integrated application of very inhomogeneous types of sensor data possible.
Furthermore, the method has another opportunity, since the information provided by
data fusion can improve real-time macroscopic traffic modeling.
Related publications of the author: [Horváth et al. 2018], [Horváth et al. 2016], [Tettamanti et al. 2014a], [Tettamanti et al. 2014b], [Horváth et al. 2013].
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Chapter 4
Robust vehicle count estimation on
urban signalized links
Besides travel time, link vehicle count is also a very informative metric of traffic state,
it is one of the best inputs for real-time control applications in urban areas [Ban et al.
2011]; however, it is not an easy task to measure it efficiently. In this chapter, an
H-infinity-filter-based robust link vehicle count estimation methodology is elaborated,
using only a single sensor per lane. At the same time, due to the applied robust filtering
algorithm, the accuracy of estimation is on a par with standard research results, which
usually use more sensors or do not apply robust filtering.

4.1

Related estimation methods

Estimation of traffic parameters contains almost always some uncertainty, which affects
the results, and therefore, it is useful to include it into the estimation model somehow.
Non-measurable vehicle flows and generally the uncertain knowledge of traffic states
decrease the accuracy of modeling and may lead to false results. One of the first
research works was conducted by Heydecker [1987] investigating the effect of uncertain
input data for traffic control. Others take into consideration the origin and destination
of traffic flows or use probability information to estimate uncertain traffic demand
[Ukkusuri et al. 2010; Zhang et al. 2010]. Control feasibility is often guaranteed by
a model predictive framework (MPC), e.g. [Aboudolas et al. 2010; de Oliveira and
Camponogara 2010]. Robust MPC is applied by Löfberg [2003], conducting a rolling
horizon estimation process with minimax optimization.
Another traffic-related research area of robust approaches is density estimation,
especially for highway networks, for example, taking into consideration the uncertainty
in the fundamental diagram describing traffic characteristics [Morbidi et al. 2014] or
using a convex optimization technique on links that are not equipped with any sensor
[Nugroho et al. 2019].
A critical aspect of traditional sensor-based data collection is that classical detectors can handle only queue lengths that are between the detector and the stop line at
the exit of the link. The extra queue length upstream to the detector is unknown because the measurements only imply whether the queue has reached the position of the
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sensor or not [Liu et al. 2019]. However, the application of shockwave theory can handle this problem well [Wu and Yang 2013; Yao and Tang 2019]. For the same purpose,
Rostami-Shahrbabaki et al. [2020] applied a two-layer approach by calculating link
and network states simultaneously. The Lighthill-Whitham-Richards shockwave model
[Lighthill and Whitham 1955], implemented in these algorithms, uses the principles of
vehicle conservation and the fundamental diagram, which defines the connection between vehicle flow and density [Cetin 2012]. Flexible, traffic responsive signal program
data can also be an indicator of queue length; for example, Liu et al. [2019] combined
this with the shockwave theory and identified traffic state changes that distinguish
queue discharge from upstream arrival traffic. Finally, it should also be mentioned
that traditional traffic sensors sometimes provide false measurement data, which may
be misleading, but it can be analyzed quite efficiently with uncertainty diagnostics
algorithms [Maghrour and Török 2018].
Probe vehicle data is also often used for traffic state estimation. Such data used
in mathematical models are often connected to theoretical fundamentals of traffic flow
characteristics. A probe vehicle data-based pattern recognition algorithm is elaborated
by Ban et al. [2011], where the essential pattern changes in intersection travel times
and delays are identified. The combination of probe vehicle trajectory data and road
sensor data was used in Cai et al. [2014] to identify critical points indicating queue
growth and dissipation. Probe vehicles can be even public transport buses if they are
not separated from passenger cars in bus lanes [Kumar and Sivanandan 2019].
It should be noted that probe vehicle methods require relatively high market penetration [Zhao et al. 2019]; the higher the value is, the more reliable the results are.
A large accuracy increase can be seen if the proportion of observed vehicles reaches at
least 10% [Wang et al. 2019], but as Mei et al. [2019] state, even 2% can be enough
to obtain reliable information. Certainly, the actual penetration of observed vehicles
is unknown. Therefore, Zhao et al. [2019] presented a method that first estimates
the ratio of observed vehicles to all vehicles and then estimates queue length using
probability theory.
Some researchers use analytical models that are based on the kinematic equations
of vehicle dynamics. Such a model is provided in the work of Comert and Cetin [2011]
for real-time queue length estimation at traffic signals applying Poisson vehicle arrival
distribution. Another model [Cetin 2012] intended to identify the position of the first
and the last probe vehicle in the queue and made assumptions on the queue length
using this information. Some other research estimated queue length and its deviation
with Markov chains [Geroliminis and Skabardonis 2005], Bayesian Networks [Wang
et al. 2019], or with deep learning algorithms [Lee et al. 2019].
The most similar method to the proposed algorithm is elaborated by Lee et al.
[2015], applying Kalman filter to predict downstream arrivals. Two loop-detectors
were used in each lane for determining the residual queue at the start of signal cycles.
In contrast, the proposed method requires only one detector (closer to the upstream
end of the link) and applies the shockwave theory for the entire traffic flow instead
of single-vehicle identification. Furthermore, the H-infinity filter is used, which can
handle the uncertainty of the model and the measurement much better. However, it
is much more difficult to apply since it is very sensitive to parameter tuning [Simon
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2006]. The performance of the filter is evaluated compared to the traditional Kalman
filter.
As a result, this thesis introduces a real-time robust vehicle count estimation technique for urban links at signalized intersections using measurement data of a single
sensor per lane.

4.2

Model for vehicle count estimation

The model is based on the state-space representation of link vehicle count evolution
based on urban shockwave theory. The state equation and the measurement equation
formulate the input model for both the benchmark Kalman filter and the proposed
H-infinity filter estimation. Vehicle count is defined as the number of vehicles in the
traffic flow on a link at the end of the measurement period. The method introduced in
this chapter requires a single loop detector per lane that provides measurement data.
A linear time-invariant state-space model describes the estimation process, which is
conducted at every time step simultaneously with the cycle of traffic lights.
The model is primarily designed to be applied on urban corridors with signalized
intersections, where left turns (considering right-side traffic) are not allowed simultaneously with the opposite through lanes. This is a necessary restriction because vehicles
waiting for a left turn during their green phase can block all vehicles behind them for
a long time, and this is a very rough intervention into the free flow of traffic.
The evolution of vehicle count is described by the state equation, which is based on
the vehicle conservation law as follows:
x(k + 1) = x(k) + qin (k) − qout (k) + v(k)

(4.1)

where x(k) represents the number of vehicles expressed in passenger car equivalent,
standing in the queue at the start of time step k, qin (k) and qout (k) are the numbers
of vehicles joining and leaving the queue at time step k, and v(k) is the noise of state
dynamics.

4.2.1

Calculation of traffic inflow

The inflow of traffic qin (k) is determined by the shockwave model introduced in Varga
et al. [2020] as follows:
qin (k) = tcyc · ρjam · W1 (k)
(4.2)
where tcyc is the cycle time of the traffic light, ρjam is the density of vehicles (vehicles/km) during traffic jams, and W1 (k) is the queuing shockwave velocity. W1 (k) is
formed by vehicles joining the end of the queue. W1 (k) is calculated based on the
triangular fundamental diagram (Fig. 2.4) as follows:
W1 (k) =

qA (k)
qA (k)
=
(k)
ρjam − ρA (k)
ρjam − qvAf ree

(4.3)

where qA (k) is the number of observed vehicles at time step k at measurement point A,
ρjam is density during traffic jams, i.e. the maximum empirical density and vf ree (= vA )
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is the velocity of vehicles while they are in free flow. The usual approach is that
vf ree is considered to be very similar to the speed limit, which is generally 50 km/h in
urban areas. The value of ρjam was observed in Vissim microscopic traffic simulation
software; the numbers of vehicles on links were divided by the lengths of links at
gridlock traffic situations. The average value of ρlane
jam was 157 vehicles/km/lane with a
standard deviation of 1 vehicle/km/lane.

4.2.2

Calculation of traffic outflow

The calculation method of traffic outflow qout (k) applies urban shockwave theory in
a different way, based on discharge shockwave velocity W2 , which is considered to be
a known value of 20 km/h. This was a result of observations both in real life on the
road network in the city of Budapest and in a simulation environment in Vissim traffic
simulator. W2 was determined by observing the movement of the front of the queue
from the moment the traffic light switched to green until it switched to amber. The
distance that the front of the queue moved backward was divided by the length of
green time, which resulted in an average of 20 km/h.
If traffic is heavy, not all vehicles can exit the link during the first green phase;
some of them have to stop again if the flow exceeds the capacity of the intersection.
Therefore, one has to determine the last vehicle in the queue that can exit the link in
the green phase. For this, the model introduces the expression of the effective time
(tef f ), which represents the time elapsed from the start of green time until the outflow
shockwave reaches the last vehicle that can exit the link in that cycle (see Fig. 4.1).
All cars behind it will have to stop again. As the outflow reaches the last exiting car,
it starts accelerating until it reaches its desired speed, after which the car exits the
link with this constant speed (which is assumed to be vf ree ). The car reaches the exit
at the moment when the traffic light switches to amber. The time-space diagram of
the process is shown in Fig. 4.1. The time needed for acceleration is t1 , the time of
constant speed movement is t2 . Note that if the green phase is not long enough to
reach the desired speed, vehicles exit the link in the acceleration phase.
Certainly, if there are fewer vehicles in the queue, everyone can leave during the
green time. Calculation of the outflow requires no extra sensor; measurements of the
inflow sensor can be used if it is necessary. In order to be able to calculate the number
of vehicles exiting the link, the traffic density, outflow shockwave speed, and effective
time have to be known.
max
The maximum expected outflow (qout
) at time step k is calculated as the combination of tef f effective time, ρjam jam traffic density, W2 discharge shockwave speed,
and f (k) pedestrian adjustment factor:
max
qout
(k) = tef f · ρjam · W2 · f (k)

(4.4)

The pedestrian adjustment factor f (k) expresses the effect of pedestrians on the free
flow of traffic. More methodologies are published for this, of which a well-known one is
[Transportation Research Board 2000]. In this research, a similar approach is applied
to express the reduction of right-turning capacities caused by pedestrians crossing the
street parallel to the flow. The adjustment factor of pedestrians is determined on the
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Figure 4.1: Time-space diagram of the trajectory of the last vehicle that can exit the
intersection. The vehicle gets moving in tef f after the traffic light switches to green,
then the vehicle accelerates for t1 until reaching vf ree , and finally moves with this
constant velocity for t2 . The vehicle exits at the end of t2 .
basis of [Transportation Research Board 2000], it is shown in Fig. 4.2 for a given turning
rate. Pedestrian traffic can be estimated using historical data or applying real-time
sensor technology.
4.2.2.1

Calculation of effective time in the basic case

Effective time tef f is the only parameter in Eq. 4.4 of which the value has to be
determined. The calculation of tef f is based on the trajectory information of the last
vehicle that can exit the link (shown in Fig. 4.1). This vehicle is reached by the
discharge shockwave, i.e. it gets moving, in tef f after the traffic light switches to green.
At this moment the position (L) of the vehicle is:
L = tef f · W2

(4.5)

As the discharge shockwave reaches the vehicle, it starts accelerating by a for t1 time
until reaching its desired speed, which is considered to be vf ree .
vf ree = t1 · a

(4.6)

Note that this desired speed can be lower if the network is oversaturated. In this case,
vf ree can be chosen as a lower value.
The covered distance during the acceleration phase is expressed as:
s1 =

vf2ree
2a
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Figure 4.2: Pedestrian adjustment factor for a given (30%) turning rate.
After reaching the desired speed, the vehicle moves on with this constant velocity and
covers s2 distance in t2 time until it reaches the exit of the link. (If green time is
too short and the vehicle does not reach its desired speed until the exit, this phase is
excluded. See further details in Subsection 4.2.2.2.)
s2 = t2 · vf ree

(4.8)

At the end of green time, the vehicle covers the distance between its starting position
and the end of the link. Combining this information with the results of Eqs. 4.7 and
4.8, we obtain:
vf2ree
+ t2 · vf ree
(4.9)
L = s1 + s2 =
2a
The combination and arrangement of Eqs. 4.5 and 4.9 results in
t2 =

W2 · tef f
vf ree
−
vf ree
2a

(4.10)

The effective time and the times of accelerating and constant speed movement phases
equal green time, as shown in Fig. 4.1:
tgreen = tef f + t1 + t2

(4.11)

Finally, tef f is calculated by substituting the results of Eqs. 4.6 and 4.10 into Eq. 4.11.
tef f
4.2.2.2

vf ree · tgreen −
=
vf ree + W2

vf2 ree
2a

(4.12)

Calculation of effective time if green time is short

The previous formula for tef f is valid, if the vehicle has the chance to reach its desired
speed, i.e. the green time is long enough to accelerate until vexit = vf ree . If green time is
shorter, then the vehicle does not have the chance to reach its desired speed. Therefore,
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the phase of constant velocity movement is missing, i.e. t∗2 = 0 and the effective time
(t∗ef f ) and the phase of acceleration (t∗1 ) are shorter, which means that
tgreen = t∗ef f + t∗1

(4.13)

The borderline case is when the last exiting vehicle just reaches vf ree at the end of the
link, therefore, there is no constant speed movement phase. In other words, t2 = 0 in
Eq. 4.11. If green time is shorter than the borderline case, the speed of the vehicle
exiting is lower than vf ree . This means that tef f and t1 have to be calculated in a
different way, and they will have different values. They are denoted as t∗ef f and t∗1 .
The position of the last exiting vehicle at the start of green time is calculated as
follows:
a
L∗ = t∗2
(4.14)
2 1
where t∗1 is the time needed to exit the link after starting acceleration with a (which is
not affected by the length of green time).
The effect of discharge shockwave is calculated exactly the same way as in Eq. 4.5,
W2 is also supposed to be a constant value independent of the length of green time.
L∗ = t∗ef f · W2

(4.15)

where t∗ef f denotes the effective time in the case when the vehicle is not able to achieve
its desired speed because of too short green time. (Note that in some intersections,
where green time is extremely short, drivers may react more quickly, which may result
in a higher value of W2 .)
The acceleration time can be expressed by combining Eqs. 4.13, 4.14, and 4.15 and
solving the quadratic equation for t∗1 . After ignoring the negative solution, we obtain:
q

t∗1

=

1+

2a
W2

· tgreen − 1
a
W2

(4.16)

The effective time is calculated from Eqs. 4.13 and 4.16:
q

t∗ef f

= tgreen −

1+

2a
W2

· tgreen − 1
a
W2

(4.17)

Comparing Eqs. 4.12 and 4.17, we have two ways to express the effective time. The
first one should be applied when the last exiting vehicle has enough space and time
to reach its desired speed (vf ree ), else the second one should be used. The borderline
case is when the vehicle continuously accelerates and exits the link at the moment at
which it has reached vf ree . The borderline green time (tbord ) can be calculated from
both previously introduced approaches by setting t2 = 0 in Eq. 4.11 or t∗1 = vf ree /a in
Eq. 4.14, which will be used later in Eqs. 4.16 and 4.17.
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4.2.2.3

Formula of traffic outflow

Combining the results of previous subsections, the effective green time is calculated as:

tef f =





 tgreen





q

2a
·tgreen −1
1+ W
2

−

a
W2

v2
ree
vf ree ·tgreen − f2a
vf ree +W2

if tgreen < tbord

(4.18)

if tgreen ≥ tbord

max
from which the maximum traffic outflow qout
(k) can be calculated as it has been
introduced in Eq. 4.4. If the network is undersaturated, fewer cars are in the queue
than the maximum possible outflow; therefore, the actual outflow will also be lower. In
these cases, the queue is supposed to completely discharge, so the outflow equals the
remaining queue length from the previous time step (x(k)) plus the number of arriving
vehicles (qin (k)) using the results of Eqs. 4.2 and 4.3. Finally, traffic outflow (qout (k))
at period k is calculated as:



qout (k) = min tef f · ρjam · W2 · f (k); x(k) + tcyc · ρjam ·

4.2.3



qA (k)
ρjam −

qA (k)
vf ree

(4.19)



The state equation

The state equation (Eq. 4.1) can be expressed by the parameters of the previously
introduced traffic model (Eqs. 4.2, 4.3, and 4.19). An important constraint is that
the number of cars standing in the queue can never be negative. Therefore, the state
equation is calculated as:
x(k + 1) = x(k) + tcyc · ρjam ·

qA (k)
ρjam −

qA (k)
vf ree

−



− min tef f · ρjam · W2 · f (k); x(k) + tcyc · ρjam ·



qA (k)
ρjam −

qA (k)
vf ree

+ v(k)

+

(4.20)

where according to Eqs. 2.21 and 2.28 the value of coefficient matrix A is A = 1.
Simply, the value of x(k + 1) is determined as follows at each calculation step:





x(k+1) = 



0 + v(k), if tef f · ρjam · W2 · f (k) ≥ x(k) + tcyc · ρjam ·

qA (k)
q

ρjam − vA

(k)

f ree

x(k) + tcyc · ρjam ·

qA (k)
q (k)
ρjam − vA
f ree

− tef f · ρjam · W2 · f (k) + v(k), else

(4.21)

This provides the input for the a priori state estimation for both the Kalman and the
H-infinity filters after excluding v(k). Note that parameters tcyc , ρjam , vf ree , tef f , and
W2 are known time-invariant constants. Traffic flow qA (k) is measured on the loopdetector, therefore it is also known. It is treated as the control input u(k) of the filters,
where coefficient matrix B can be calculated as a varying parameter with scheduling
parameter p(k) = p(qA (k)) as B(p(k)) = B(p(qA (k))), where the value of B can be
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calculated for every qA as a part of a linear parameter-varying (LPV) model [Mocsányi
et al. 2020]






B(p(qA (k))) = 

0, if tef f · ρjam · W2 · f (k) ≥ x(k) + tcyc · ρjam ·

1


 qA (k)

4.2.4

qA (k)
q

ρjam − vA

(k)

f ree

"

#

tcyc · ρjam ·

qA (k)
q (k)
ρjam − vA
f ree

− tef f · ρjam · W2 · f (k) , else

(4.22)

The measurement equation

The measurement equation is based on the spatial occupancy of the link, expressing
the proportion of the link covered by vehicles [Papageorgiou and Vigos 2008]. The
covered distance on the link at time step k (Lcov (k)) is calculated as:
Lcov (k) = hjam · x(k)

(4.23)

where hjam is the (front bumper to front bumper) headway between two consecutive
vehicles in traffic jams and x(k) is the number of vehicles on the link. The link length
is Ll , the number of lanes is m. The spatial occupancy per lane (os ) is obtained by
dividing the covered length (Lcov ) by the total link-lane length:
os (k) =

hjam · x(k)
Ll · m

(4.24)

Considering the general rule of the connection of macroscopic traffic density (ρ) and
headway (h) [Gartner et al. 2001]:
1
(4.25)
ρ=
h
the formula of Eq. 4.24 can be rewritten as:
os (k) =

x(k)
Ll · m · ρlane
jam

(4.26)

where the numerator contains the current number of vehicles and the denominator
represents the maximum empirical number of vehicles on the link.
Since only a single detector is given per lane, spatial occupancy cannot be measured
explicitly, but as Papageorgiou and Vigos [2008] proved, its value is very similar to time
occupancy (both are percentage values), which can be measured directly in the crosssection of the sensor. Moreover, this statement is valid if the detector is placed at the
appropriate position, for which this chapter provides suggestions in Subsection 4.3.1.
Time-occupancy (time while the vehicle is detected divided by the sample time) is
always connected to a specific cross-section. Spatial occupancy of the lane at time step
k is derived from the time-occupancy of the detector (ot ) placed on the lane, considering
noise z.
ot (k) = os (k) + z(k)
(4.27)
Applying time-occupancy according to Eq. 4.26, the measured number of vehicles
(y(k)) at time step k is obtained as a percentage of the maximum empirical number of
vehicles:
y(k) = Ll · m · ρlane
(4.28)
jam · ot (k)
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By substituting Eqs. 4.26 and 4.28 into Eq. 4.27, we obtain:
x(k)
y(k)
=
+ z(k)
lane
Ll · m · ρjam
Ll · m · ρlane
jam

(4.29)

Finally, the measurement equation is given in the form it is used in this research by
recasting Eq. 4.29:
(4.30)
y(k) = x(k) + Ll · m · ρlane
jam · z(k)
which means that C = 1 and w(k) = Ll · m · ρlane
jam · z(k) according to the measurement
equation definition in Eqs. 2.22 and 2.29.
Both noise of the state equation and the measurement equation (v(k) and w(k))
are independent white noise with normal distribution, and their expected values are 0.

4.3

Simulation environment

Simulation runs were done in two major steps. First, the optimal placement of the
detector had to be decided; therefore, the first set of runs was applied to determine
the possible position of the sensor on the link. Besides, these data were also used
to verify the state equation (Eq. 4.20) and the input (Eq. 4.28) of the measurement
equation (Eq. 4.30). Simulation runs of the second step were applied to identify the
performance of the benchmark Kalman filter and the proposed H-infinity filter, both
using the previously introduced traffic model. The basic configuration of the test link
is shown in Fig. 4.3. This represents a typical section in the road network of the
city center of Budapest, Hungary, where the distance between consecutive signalized
intersections is usually between 2-400 m. The length of the test link (313 m) was chosen
according to this information.

Figure 4.3: Basic configuration of the test link and allowed traffic directions
Later, in the second set of simulations, the basic configuration was modified in order
to simulate disturbance and uncertainty in traffic and test how the proposed method
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performs with increasing disturbances. The intersections of inflow and outflow of the
link and the perimeter of the network are signalized; therefore, residual traffic stays
on the test link in high-traffic simulation scenarios. Simulations were run in Vissim
microscopic traffic simulator, cycle time of traffic signals was 60 seconds, green time at
the exit of the test link was 25 seconds. The green times are equally distributed among
the east-west and the north-south directions. Both directions have 30-30 seconds for
intergreen times, amber and green. Amber lasts for 3 seconds and there are 2 seconds
of intergreen times when no movements are allowed.
The method is primarily designed for urban traffic, where cycle times and the
distance between signalized intersections are relatively short. If cycle time is too long,
regularly more vehicles will accumulate than the capacity of links.
The value of tbord is obtained as tbord = 15.62 s by setting t2 = 0 in Eq. 4.11 and
substituting it into 4.12. Free flow velocity is considered to be equal to the speed
limit in urban areas, i.e. vf ree = 50 km/h. Discharge shockwave is a known value of
W2 = 20 km/h, as described in Subsection 4.2.2. Acceleration is considered to be
a = 2 m/s2 , based on the research work of Bogdanovic et al. [2013] carried out in real
traffic situations.
Since tgreen > tbord in the test network, tef f was calculated according to the second
part of Eq. 4.18.

4.3.1

Determining the position of the sensor

Measuring time occupancy at different locations of the link provides different results;
therefore, the task is to find the location where relevant data can be collected by the
detector for the traffic model. The value of time occupancy is usually much higher at
the exit of the link, where vehicles have to stop to wait for the traffic light. In contrast,
at the entrance of the link, vehicles usually pass the detector without having to stop
anytime, except for gridlock situations. Therefore, one should find the appropriate
position of the detector between these two extremes at some location that represents
the state of the entire link. The method described below is similar to [Papageorgiou
and Vigos 2008].
Different types of traffic situations were simulated, including low and high traffic
volumes, increasing, decreasing, and stagnating queue lengths; almost every condition
was modeled between an empty network and gridlock traffic jam. Measurement data of
6000 minutes were evaluated for both one-lane and two-lane cases; at this stage, both
the input and the output variables of the traffic model were measured. Certainly, in
the second set of simulations, where the model itself was applied, only the input data
were measured, the output data were calculated.
Both the cycle time of traffic lights and the time step of the model were 60 seconds
simultaneously. The output of the measurement is the number of vehicles on the
link; the input is the multiplication of time-occupancy, link length (313 m), gridlock
traffic density (157 vehicles/km/lane), and the number of lanes (which is 1 in the basic
configuration and 2 in the second configuration). By substituting these values into
Eq. 4.28, we obtain the expected connection between vehicle count and time-occupancy
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measured at the optimum cross-section for the 1-lane and 2-lane cases:
yex1 (k) = 49.14 · ot (k)
yex2 (k) = 98.28 · ot (k)

(4.31)
(4.32)

Loop-detectors were placed at every 10 meters of the test link, and time-occupancy
was measured on all of them at every time step. The number of vehicles was calculated
by using the vehicle conservation law (Eq. 4.1 with no noise). The connection between time-occupancy and actual vehicle count was calculated in every cycle for every
loop-detector by linear regression according to the theoretical optimum of Eq. 4.26.
Figure 4.4 shows the correlation between the datasets at each location after evaluating
the results of 2×6000 simulation runs. The position of the detector with the highest
correlation is marked with orange; this is the suggested position of the detector, which
was also used for simulations in the second set of runs. All other detectors are ignored;
however, it can be seen, the detector could be placed at other locations as well, and
the difference is not significant.

Figure 4.4: Correlation between time-occupancy and vehicle count at different locations. The optimum is marked with orange.
The connection between time-occupancy and vehicle count at the optimal location
is formulated as follows:
y1 (k) = 52.50 · ot (k)
y2 (k) = 108.19 · ot (k)

(4.33)
(4.34)

which are quite close to the theoretical connection expressed in Eqs. 4.31-4.32, meaning
that the measurement error is not high.
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4.3.2

Simulations for performance evaluation

The appropriateness of the introduced traffic description model was tested on a second
dataset in Vissim traffic simulator in two rounds. The results were evaluated in Matlab
programming platform, using the benchmark Kalman filter and the proposed H-infinity
filter. The advantage of the H-infinity filter is that it can handle uncertainty much
better than the Kalman filter.
In the first round, four different traffic scenarios were tested to demonstrate robustness by generating gradually increasing traffic disturbance on the network. The first
scenario was the original case with no disturbance; the rest three scenarios contained
10%, 20%, and 30% uncertainty, which was included in the network with an extra
intersection. This extra link was the origin and the destination of disturbing vehicles,
which were generated randomly according to the randomness of the traffic simulator
with average expected values of 10%, 20%, and 30% of the nominal main vehicle input
(qin ). For example, if the nominal disturbance is 10%, it may happen that e.g. 9% of
cars leave the link at the extra intersection and 12% join the main flow at the same
time step. See Fig. 4.5 for the details.

Figure 4.5: Simulation network for performance tests with ν disturbance and p pedestrian traffic (the latter one only for two-lane cases)
In the second round, simulations were extended. The performance of the H-infinity
filter with 30% uncertainty was evaluated on a two-lane link, including pedestrian
traffic too.
Disturbance values were determined according to observations in the road network
of the city of Budapest. The highest experienced value was 20%. This is generated
from uncontrolled entering and exiting flows of the link between signalized intersections.
These vehicles enter and exit from side streets or parking lots with no sensors. In order
to demonstrate the efficiency of the method, situations with 30% disturbance were also
examined. However, it should be mentioned that such high disturbance should not
appear regularly. In such cases, more sensors would be required in real life, observing
side streets with heavy traffic.
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Vissim traffic input data were generated following the daily traffic flow of the city of
Budapest. Traffic input data were derived from the Budapest Macroscopic Transport
Model [Modell Tercett Consortium 2015]. Traffic data of a day was generated, and the
vehicle count was estimated every 60 seconds simultaneously with cycle time, which was
also 60 seconds. In total, 8640 measurement results were generated, 4 times 1440 in the
first round with 0%, 10%, 20%, and 30% disturbance on a one-lane link, and another
1440 in the second round on a two-lane link including pedestrians. The performance
of filters and the accuracy of the introduced traffic model were investigated through
these simulations.

4.4

Simulation results and evaluation

Simulation results of the first round are in line with the assumption that the H-infinity
filter performs better than the Kalman filter due to its basic principle that it is a
filter designed especially for robustness. However, the Kalman filter provides adequate
results too. Simulations of the second round demonstrate that the proposed method
can be used on multiple-lane links as well.

4.4.1

Performance evaluation on one-lane links

The parameters of the filters were tuned so that they can handle as many traffic
situations as possible. This also means that the filters can be tuned more accurately
for specific traffic volumes, but in this case, they would perform much worse in other
conditions. The goal of tuning was to find an intermediate solution that can handle
low and high uncertainties as well; the tuning criterion was to minimize RMSE for
all 5760 measurement results (4 times 1440 of the 4 uncertainty scenarios). The exact
uncertainty is usually unknown; therefore, this parameter of the filter has to be decided
by the user. The value of this parameter was considered to be 20% in the tuning phase.
Generally, the H-infinity filter does not have as extreme values as the Kalman filter.
Related figures of simulation runs on one-lane links with four uncertainty scenarios can
be seen in Appendix A.
As uncertainty increases, both filters tend to underestimate real vehicle count, but
the H-infinity filter always performs better. It is not surprising, because the theoretical
model of the filter handles uncertainty in matrices ∆A and ∆C, whereas the Kalman
filter does not do it so explicitly. In order to make results more visible, linear regression
was applied between real and filtered measurement data; detailed figures can be seen
in Appendix B. The regressed equation of the H-infinity filter was almost identical to
the theoretical optimum in the 0% uncertainty case (y = 0.99x vs. y = x), and the gap
between actual and theoretical values increased gradually until the 30% uncertainty
case (y = 0.91x). These equations show that the H-infinity filter slightly underestimates
real vehicle counts.
Compared to the H-infinity filter, the Kalman filter shows the same tendency, it
is the most accurate at the 0% uncertainty scenario (y = 0.82x), and its performance
decreases gradually until the 30% uncertainty scenario (y = 0.75x), the proportion of
decrease is also approximately the same. The Kalman filter underestimates real vehicle
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count significantly more than the H-infinity filter, the difference between estimation
and reality is between 18-25% on average.
The question arises, if the Kalman filter obviously underestimates vehicle count,
why was it tuned this way? Is it sure that it was the optimum solution? The answer
is that both Kalman and H-infinity filters were tuned to general traffic situations,
optimized for minimizing RMSE. The same parameter sets are used for all uncertainty
scenarios since the current uncertainty in real life is unknown. If the Kalman filter
could be tuned separately for different scenarios, it would result in more precise results
in low uncertainty cases. However, the H-infinity filter would perform significantly
better as uncertainty increases, even if the filters were tuned separately for different
scenarios. (This is, again, only a theoretical possibility.)
Vehicle count is underestimated especially at low traffic volumes, but this is not
a significant problem since all vehicles have the chance to exit the link in the next
green phase in low traffic conditions, and it is in line with the statement of the filter.
Another reason for underestimation at low values is that if there are more consecutive
periods in which queue length is zero, filters insist on that value, even if there are a
few single periods in which the value is above zero. The filters could be tuned to react
more to these changes (and hence not to underestimate queue length), but then the
results would not be so accurate at higher queue lengths. For such cases, time-varying
filter parameters can be applied at different traffic volumes, like Sobolic and Bernstein
[2016] did.
Another issue in connection with the comparison of real and estimated vehicle
counts (figures of Appendix B) is the gradual increase in vehicle count. The geometry of
the network is the reason for that, especially the extra link, where disturbance is let onto
the test link. The expected average value of disturbance in a time-step is 0, i.e. during
the entire simulation the number of disturbing vehicles arriving equals the number of
disturbing cars leaving. But there might be some time intervals when significantly more
disturbing vehicles arrive than leave, hence the queue length increases. The higher the
disturbance (i.e. the uncertainty) is, the longer the extra queue is. Another reason for
increasing values is that the test link has two input links, the regular link controlled
by a signal head and the link of disturbance, which is uncontrolled. If the network is
oversaturated, the regular input does not let more vehicles on the test link than the
capacity of the signal head. On the contrary, the input of the disturbance link has no
such upper limit; therefore, more vehicles can enter the link in oversaturated cases.
Analysis of the four datasets of scenarios shows that the estimation is exact in about
25% of the cases almost independent of the scenario. Only a slight decrease can be
seen for both filters as uncertainty increases. The differences between estimated and
real vehicle counts have nearly the same distribution in both filters; detailed figures
can be seen in Appendix C. As expected, the error increases parallel with the uncertainty. However, a more thorough analysis of the results shows that the Kalman filter
consequently underestimates real vehicle count, unlike the H-infinity filter, which is not
that consequent, it makes mistakes both in positive and negative directions.
Comparing the cumulative results, it can be seen that the H-infinity filter performs
gradually better than the Kalman filter as uncertainty increases. To demonstrate
that, we compare the cumulative proportions of the cases that resulted in a maximum
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absolute estimation error of five vehicles. In the 0% uncertainty scenario, the proportion
of these cases was 89% using the Kalman filter and 90% with the H-infinity filter. In
the 10% scenario, these figures were 85% and 87%, in the 20% scenario 81% and 83%,
and in the 30% scenario 74% and 80%. The performance of both filters decreases,
but the Kalman filter’s decreases more. This is in line with the findings of previous
paragraphs. Summarizing the results of all four uncertainty scenarios on the one-lane
link, we obtain that the estimation error does not exceed 5 vehicles in 82% for the
Kalman filter and 85% for the H-infinity filter.
Table 4.1: Performance of the Kalman filter (KF) and the H-infinity filter (HF). Mean
absolute errors (MAE), mean absolute percentage errors (MAPE), and root mean
square errors (RMSE) are compared. Abbreviation nv denotes number of vehicles.
Undersaturated and Oversaturated
saturated (≤14 vehi- (>14 vehicles)
cles)

All cases

MAE KF
MAE HF
0%
MAPE KF (nv>0)
uncertainty MAPE HF (nv>0)
scenario
RMSE KF
[vehicles]
RMSE HF
Average nv

1.69
1.59
53.3%
52.9%
2.50
2.37
3.21

4.38
4.58
21.0%
22.1%
5.40
5.47
21.64

2.16
2.11
46.5%
46.4%
3.20
3.13
6.39

MAE KF
MAE HF
MAPE KF (nv>0)
MAPE HF (nv>0)
RMSE KF
RMSE HF
Average nv

1.79
1.66
55.0%
54.1%
2.65
2.44
3.24

5.72
5.11
25.3%
23.3%
7.08
6.17
23.20

2.68
2.45
46.9%
45.7%
4.11
3.65
7.80

MAE KF
MAE HF
MAPE KF (nv>0)
MAPE HF (nv>0)
RMSE KF
RMSE HF
Average nv

1.72
1.65
55.0%
54.6%
2.63
2.59
3.08

6.29
5.27
26.5%
23.3%
7.67
6.55
24.39

3.08
2.73
44.9%
43.5%
4.73
4.18
9.43

MAE KF
MAE HF
MAPE KF (nv>0)
MAPE HF (nv>0)
RMSE KF
RMSE HF
Average nv

1.52
1.51
58.4%
59.1%
2.43
2.48
2.59

6.82
5.25
26.2%
21.5%
8.23
6.48
26.09

3.75
3.08
42.3%
40.4%
5.65
4.60
12.46

10%
uncertainty
scenario
[vehicles]

20%
uncertainty
scenario
[vehicles]

30%
uncertainty
scenario
[vehicles]

The performance of filters is summarized in detail in Table 4.1. The results are eval54
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uated separately for oversaturated (>14) and undersaturated (≤14) cases. The border
max
. The green time
of 14 vehicles was determined according to Eq. 4.4 by calculating qout
of the signal head at the exit was 25 seconds, which results in the theoretical value of
max
= 13.4 vehicles/period, which is rounded up to 14 vehicles per period, considering
qout
that the last vehicle might leave the intersection in the amber phase. Therefore, the
assumption is that a maximum of 14 vehicles can exit the test link, i.e. if the queue
length is longer than 14 vehicles, a residual queue will remain on the link after the
green phase. Certainly, this is an estimated value from which some differences may
occur.
If the number of vehicles does not exceed 14 vehicles, both mean absolute error
(MAE) and root mean square error (RMSE) are almost identical for the two filters,
there is no significant difference, and there is neither any difference among different
scenarios. There are not many large errors, RMSE is not much higher than MAE.
Considering that the average vehicle count in low traffic situations was 2.6-3.3 vehicles
on average, the MAE of 1.5-1.8 is relatively high. But this is not a significant difference
in the sense that these values represent short queue lengths that will discharge in the
following green phase since it is 25 seconds long. Comparing the MAEs to a queue
length of e.g. 10 vehicles, which is still in the short-queue-length domain, provides
much smaller relative errors.
The results are different in oversaturated cases. Generally, the H-infinity filter performs better; however, the Kalman filter achieves better results at the 0% uncertainty
case. As uncertainty increases, the advantage of the H-infinity filter gradually increases,
considering both MAE and RMSE values. The gap between MAE and RMSE is not
too high; therefore, it can be assumed that there are not too many high errors. But
there are some, as it is shown in the figures of Appendix C. MAE ranks from 4.6 to
5.3 vehicles for the H-infinity filter and from 4.4 to 6.8 vehicles for the Kalman filter.
Comparing these values to the average vehicle counts in oversaturated cases, a relative
difference of 21% to 23% can be observed for the H-infinity filter and 21% to 27% for
the Kalman filter.
The current disturbance is unknown in real-life applications; therefore, the general
conclusion of the performance of the filters is given by combining the results of the four
uncertainty scenarios. As a rule of thumb, MAE of 1-2 vehicles can be expected in low
traffic cases, independent of the filter applied. In high traffic cases, MAE of 4-7 vehicles
can be expected if the Kalman filter is used and MAE of 4-5 vehicles for the H-infinity
filter. Combining the previous statement with the proportions of absolute estimation
errors (Appendix C) for all cases, we obtain that 88.7% and 85.0% of measurements
result in a maximum of 7 and 5 vehicles estimation error for the Kalman filter and the
H-infinity filter, respectively.

4.4.2

Extended evaluation of the H-infinity filter on two-lane
links with pedestrians

In the second round of simulations, examination of the model was extended for twolane links with the H-infinity filter at the 30% uncertainty rate. Moreover, the effect of
pedestrian traffic was also taken into consideration. Right turn traffic at the exit was
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affected by pedestrian traffic of 600 pedestrians/hour, which means that 10 pedestrians
crossed the road on average at each traffic signal period.
The daily input traffic flows of previous simulations were increased by 70% to reach
approximately the same traffic conditions as in the one-lane cases. The hourly traffic
distribution was kept, according to the Budapest Transport Model. One detector per
lane was applied at the same position as it was in the one-lane scenarios. The overall
occupancy of the measurement cross-section was calculated as the average of the single
occupancy values of the two detectors.
The connection is very strong between real and estimated numbers of vehicles, the
regressed equation was almost identical to the theoretical optimum (y = 0.98x vs.
x = y). Compared to the basic one-lane 30% uncertainty scenario, the filter is less
unlikely to underestimate the numbers of vehicles in the two-lane scenario. The direct
comparison of real and estimated values can be seen in Fig. D.2 in Appendix D.
Absolute estimation error of the one-lane 30% uncertainty scenario exceeded 5 vehicles in 20% of the cases. In contrast, two-lane scenarios exceed 10 vehicles in 20% of
the cases, which also include pedestrian traffic. It should be mentioned that there were
approximately twice as many vehicles on the link as in the original 30% uncertainty
scenario, so the results should be evaluated considering it. Absolute estimation errors
for the two-lane scenario are shown in Fig. D.3 in Appendix D.
Detailed evaluation was conducted similarly to the one-lane scenarios, results were
divided into undersaturated and oversaturated cases in the same way. In the two-lane
scenario, the border of the two cases is twice as much (28 vehicles) as it was in the
single-lane scenarios (14 vehicles).
In undersaturated cases, the filter operates with low MAE and RMSE, but (partly
according to small absolute values) the MAPE is relatively high (see Table 4.2), similarly to the one-lane case, 30% uncertainty scenario with H-infinity filter. At these
low numbers of vehicles, even the estimation error of a single vehicle may result in a
50% percentage error. Although the main point is that the filter is still able to reliably
predict whether cars in the queue can exit the link in the green phase or not since the
average number of vehicles is very small (2.43).
Oversaturated cases are more informative on the estimation performance. Because
of the two lanes, the average number of vehicles is significantly, more than twice higher
than in the one-lane scenarios (unlike the short queue length cases, which were quite
similar). In contrast, MAE and RMSE are less than twice higher, which is a good
result, even though there are some high estimation errors. MAPE is smaller compared
to the 30% one-lane scenario and all other one-lane scenarios too. This means that the
elaborated model can be used for multiple lane links with pedestrian traffic at right
turns as well, by estimating the total number of vehicles on the link.

4.4.3

Limitations of the model

Limitations of the model are mentioned at the end. This method can be applied on
links, where left-turn movements (considering right-side traffic) are separated from
opposite straight movements and do not block each other during the green phase. The
model cannot be applied, if cycle time is extremely long e.g. 240 seconds. Finally,
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Table 4.2: Performance of the H-infinity filter with 30% uncertainty and pedestrian
traffic on a two-lane link compared to the basic one-lane case. Mean absolute errors (MAE), mean absolute percentage errors (MAPE), and root mean square errors
(RMSE) are compared. Abbreviations nv and m denote the number of vehicles and
lanes on link.
Undersaturated and saturated (nv≤14·m)

Two
lanes
with peds
[vehicles]

Oversaturated
(nv>14·m)

All cases

MAE
MAPE (nv>0)
RMSE
Average nv

1.48
55.5%
2.89
2.43

8.85
13.9%
11.25
66.64

5.42
29.5%
8.46
36.76

Reference
MAE
one lane
MAPE (nv>0)
case, no peds RMSE
[vehicles]
Average nv

1.51
59.1%
2.48
2.59

5.25
21.5%
6.48
26.09

3.08
40.4%
4.60
12.46

if the end of the queue permanently exceeds the position of the detector in gridlock
situations, estimation accuracy decreases.

4.5

Contribution

Thesis 2
An H-infinity filter-based robust technique has been elaborated for real-time link vehicle
count estimation on urban signalized links by applying only a single fixed sensor per
lane. The input traffic model of the filter has been described by applying the phenomenon
of traffic shockwaves and kinematic equations of vehicle trajectories.
A research gap has been identified as standard urban link vehicle count estimation
algorithms usually use more sensors per lane, whereas the proposed method uses only
one, which can lead to cost reduction in real-life operation. At the same time, due
to the applied robust filtering algorithm, the accuracy of estimation is on a par with
standard research results.
The state-space model has been elaborated by applying the traffic shockwave theory
on signalized links to describe queue length evolution. Traffic inflow has been expressed
as the multiplication of cycle time, queuing shockwave velocity, and the density of
vehicles at traffic jams. The model of traffic outflow has been set by introducing
a method to calculate effective time, which determines the starting moment of the
last queuing vehicle that can exit the link in the green phase. Based on this, traffic
outflow has been expressed as the multiplication of effective time, discharge shockwave
velocity, the density of vehicles at traffic jams, and a pedestrian adjustment factor.
The constraint is that the number of queuing vehicles cannot be negative.
A methodology has been presented to determine the appropriate position of the
sensor, which is a bit upstream of the middle of the link, by exploiting the connection
between time-occupancy and spatial occupancy.
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The performance of the proposed model has been evaluated by generating gradually increasing traffic disturbance. The traditional Kalman filter has been set as the
benchmark over which the H-infinity filter had an advantage raising together with the
increase of uncertainty. If there was no disturbance on the test link (which was 313
meters long), the estimation error exceeded 5 vehicles in 11% of the cases for the Kalman filter and 10% for the H-infinity filter. In the worst-case simulation scenario, when
the disturbance was 30% of the nominal traffic input, the estimation error exceeded
5 vehicles in 26% and 20% respectively. The performance of the H-infinity filter with
30% traffic disturbance was also examined on a two-lane link with increased traffic
input and pedestrian interaction at the right turn. The estimation error of the number
of vehicles on the link exceeded 10 vehicles in 20% of simulation cases.
Related publications of the author: [Horváth and Tettamanti 2021a], [Horváth and
Tettamanti 2021b], [Tettamanti et al. 2017].
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Chapter 5
Route planning combining the
four-step model and dynamic data
The previous chapters introduced how the traffic state can be estimated by collecting
and processing data of the road network. This chapter describes a method for exploiting the collected results for information provision by introducing a method for route
planning for private transport travelers.

5.1

Route planning involving macroscopic models

Plenty of route planning and navigation methodologies are available, both offline and
online. Offline systems simply take into consideration the road geometry and traffic
rules and therefore, may not always provide the optimal route, because e.g. an accident
happened on it. On the other hand, these maps can be downloaded and they can be
used anytime, no internet connection is needed for them. Online systems use GPS data
of users’ devices, mostly their mobile phones to collect their travel demands and provide
them information based on real-time traffic and network data. Reliable dynamic traffic
data can be provided from those areas of the network where there are enough users.
In contrast, traditional macroscopic traffic models, like the four-step model [Ortuzar
and Willumsen 2011], give a general overview of traffic load and other parameters
e.g. travel time or emissions on the links of the network. These models provide an
average value calculated for a certain period e.g rush hours, day, year. Therefore, if no
real-time traffic data is available for certain parts of the network, or it is not reliable
enough, it can be supplied with static macroscopic modeling data.
At present, no commercial route planner is available for travelers that combines
static macroscopic transport model data with real-time network and demand data. At
the operators’ side, real-world solutions are already applied, like the model of Gentile
and Meschini [2011] is used in the city of Düsseldorf, Germany. The method relies on a
priori estimation of traffic evolution within days through macroscopic traffic simulations
with a dynamic user equilibrium assignment. Real-time traffic measurements are used
to calibrate the model adjusting the a priori estimation to the current traffic state. The
result of such models can be used for traffic management and control for operators and
for route suggestions for travelers, which is the scope of this chapter as well.
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Computation time and capacity are critical factors, research work is focused on
decreasing both. It is either done by a two-level approach that applies a rough estimation on the first level and a precise one on the second level; or by limiting a set
of examined routes between certain hubs before route planning starts. Such a route
guidance methodology was elaborated by Angelleli et al. [2016] with a set of considered
paths for each origin-destination pair from which the system optimum was chosen.
The prevalent two-level approach using macroscopic traffic models is dividing the
whole network into subnetworks of which the network-level macroscopic fundamental
diagrams (MFDs) are generated and continuously monitored. Yildirimoglu and Geroliminis [2014] introduced a hierarchical control and connected route guidance structure
based on MFDs of lower-level subnetworks (regions) and dynamic traffic assignment.
During route guidance, the method determines the sequence of regions instead of links
at the high level and proposes regional routing strategies in the subnetworks. Route
suggestions are given in order to establish dynamic stochastic user equilibrium. The
study has been extended to a route guidance system based on system optimum conditions, however, it had computational difficulties and convergence problems especially
in high congestion scenarios. A two-level city model was applied with a small number
of large size regions where each region consisted of medium-size sub-regions. Route
guidance was provided only in the region-based model [Yildirimoglu et al. 2015].
The concept of dividing the network into regions and calculating their MFDs for
route planning is combined by more researchers with model predictive control (MPC).
Sirmatel and Geroliminis [2018] proposed a network-level MFD-based economic MPC
with perimeter control in heterogeneously congested large-scale urban areas, combined
with regional route guidance. The performance evaluation also included noise in measurements, demand estimation, and the acceptance ratio of route suggestions. Route
guidance can have any effect on control if, depending on the scenario, at least 35-80% of
all travelers use the system and accept its suggestions. These are high values, however,
others do not even investigate this important factor. Another route planning algorithm
with MFD-based MPC was introduced by Hajiahmadi et al. [2013], but only for the
high level, the low level was ignored. For this level, Yildirimoglu et al. [2018] applied
linear integer programming.
It should be noted that MFD-based algorithms are usually tested on artificial networks generated by computers, which makes these proposals rather theoretical at this
stage. In contrast, Ding et al. [2017] applied real network-based simulation (with
generated demand data) for an MFD-based route suggestion concept optimizing total
network delay.
Another common feature of MFD-based concepts is that almost all of them provide
suggestions for travelers from the operator’s point of view to reach system optimum.
But Guo and Ban [2020] analyzed this as a game theory problem of the two players. A
network control framework is proposed by combining MFD-based perimeter control at
the operators’ side and route choice behavior during dynamic user equilibrium at the
travelers’ side.
The four-step macroscopic transport model is hardly used in route planners although it can provide general information on the network state in cases when no realtime data is available. If similar approaches are applied, they usually focus on the
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traffic assignment step and often use link-level OD matrices, of which the origins and
destinations are rather the entrance and exit of intersections or roads at the perimeters
of the examined network instead of region-level zones. Usually, route choice or travel
time is estimated based on FCD or mobile signaling data. For example, Jiang et al.
[2020] estimated travel times with time-varying disturbances and OD matrix among
entry and exit points of the core network. But as Dabbas et al. [2021] pointed out,
aggregated FCD is more useful for that instead of one-by-one data when penetration
is low. Mobile signaling data can be used to increase the accuracy of macroscopic
models and hence provide more accurate route suggestions [Tettamanti et al. 2012].
A two-level programming approach is presented in Han et al. [2016], combining the
continuous network design and route guidance.
An unexploited field of research is identified as the achievements of macroscopic
transport modeling techniques, especially the four-step model with network-level OD
matrices, which can be implemented in route suggestion methods by combining them
with real-time travel demand and network data.
The research principle of Mitsakis et al. [2011] is the closest to the algorithm presented in this chapter, by considering two factors: it combines dynamic assignment
with urban traffic control models. It points out that static assignment models are not
able to capture traffic dynamics and their time-dependent characteristics, therefore
dynamic traffic assignment models are suggested.
The method presented in this chapter applies online travel demand data and a
transport impact model for routing purposes by combining the results of an a priori
and a real-time assignment. The first assignment is detailed, the second one is fast.
This makes it possible to conduct a method that is able to react to time-varying travel
demands and network incidents with relatively small online computation effort.
The methodology uses a two-phase algorithm. First, the predicted traffic state
of the day is calculated in advance by a four-step macroscopic transport model for
every period (e.g. every 15 minutes) of the day, applying predefined static OD demand
matrices and dynamic assignments until finding the dynamic user equilibrium [Ran and
Boyce 1996; Han and Heydecker 2006]. In the second step, when travelers use the route
planning system online, their demands are collected in an actual OD demand matrix
in every period. Static demand matrices of the first step are periodically combined
with actual demand matrices of the second step resulting in a dynamic demand matrix
for every period. Moreover, real-time incidents in the network are also taken into
consideration. A second traffic assignment is conducted at the end of each period with
the resulting dynamic demand matrix and current network incidents. The outcome
of the first assignment with the static matrix and the second assignment with the
dynamic matrix is combined and users will be provided with route suggestions based
on it. The method is demonstrated in a software environment as a proof-of-concept on
the modeled network of District 21, Budapest, Hungary.

5.2

The methodology

The proposed methodology gives a route plan primarily based on a traffic engineering
approach compared to the route planners available on the market. The system applies
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OD matrices and a transport impact model which can provide correct results by using
only fewer fixed sensors. The four-step model increases the accuracy of route plans and
shows the network-level distribution of travel demands. This would not be possible
using only mobile application data, because these methods can only calculate with
the data of active users, whereas macroscopic transport models consider every traveler
(nevertheless, only by estimation). The basic concept of the method is shown in Fig 5.1.

Figure 5.1: Concept of the route planning system
The main idea behind this approach is to use conventional, static demand matrices
for the first iteration of the network load, but later, these matrices are fine-tuned
based on current demands. During the route-planning phase, the system considers the
actual road traffic disturbances and incidents (e.g. road constructions, accidents) and
it can also use dynamic information from automatic vehicle location systems. Based
on the combination of this information and predefined user preferences, the user will
be provided with a tailor-made route suggestion.
The basic, average state of the network is calculated based on historical data:
Static Demand Matrices (SDMs) and the static road network is modeled. The result of
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this step provides the average everyday state of the network. The calculation is done
periodically, therefore, the basic load of the network is calculated for every period of the
day. Static data can also include public transport timetable and bike-sharing station
information if these modes are also modeled. The length of the period is decided by the
user as shown later. This static data set is combined with a real-time dynamic data set
based on the actual state of the network and travel demands. The network is updated
according to current private or public transport events, travel demands are summarized
in an Actual Demand Matrix (ADM) in each period. Static (historical) and dynamic
(real-time) data are combined at the end of each period by the combination of SDM
and ADM, resulting in a Dynamic Demand Matrix (DDM), which is assigned to the
actual network with real-time incidents. Link impedances are updated according to
the assignment result. The process has two main outcomes. First, the operator gets
an overview of the transport state at the end of each period. Second, end-users can
get up-to-date route suggestions. Information on the real transport state is collected
simultaneously and it serves as feedback for the system as real-time input data.
The system operates in T minute long periods (see Fig. 5.2); this thesis proposes 15
minutes, but it can be different according to the operator’s choice. Pre-defined SDMs
are calculated for each period of the day starting from midnight. SDMs are assigned
to the network, which results in the average traffic state of links, ignoring day-specific
events. These are the same for every day. These SDMs and the basic network are finetuned in real-time in every period according to incoming route queries of end-users
and current network incidents. Route queries between distinct points of the network
are collected in an ADM in each period. Considering that the route-planner contains
only a small proportion of current demands (only of those travelers who use the routeplanner), ADM itself does not represent the current state of the network. Therefore,
it must be combined with the SDM of the specific period, so as to obtain a general
estimation of the traffic network. This is an advantage compared to route suggestion
systems existing today, which usually provide information only for those links for which
actual traffic data can be obtained.
In order to determine the present state of the network at period k, SDM (k) and
ADM (k − 1) are combined. Note that ADM (k) is only generated at the end of period
k, so it is not available until the start of period k + 1. It should also be mentioned that
SDMs indirectly already contain the demands of ADMs. (Nevertheless, only as a static
estimation from which the real state, represented by ADM (k), can differ.) Therefore,
ADM (k − 1) cannot be directly added to SDM (k); a more complex method is applied
instead to create the dynamic demand matrix for period k (DDM (k)), which correctly
incorporates the actual demand. SDM (k) is reduced proportionally by the ratio of
the sum of elements of SDM (k) and ADM (k − 1), and then ADM (k − 1) is added to
it as follows:
[ADM (k − 1)]
+ ADM (k − 1)
DDM (k) = SDM (k) · 1 −
[SDM (k)]
!

(5.1)

where [SDM (k)] and [ADM (k − 1)] represent the sum of elements of the static and
actual demand matrices at time steps k and k − 1. The user is provided with the
route suggestion based on the combination of two traffic assignments, the first with
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SDM (k) to the static network and the second with DDM (k) to the real-time network
as described in details in the next section.
Empirical results show that the averaging method depicted in this section works
until the sum of elements in ADM (k − 1) reaches 30% of the sum of elements in
SDM (k). Over this scale, the averaging might give false results and a different method
shall be applied. An important assumption of BTM is that the sum of elements of the
average daily matrix is fixed; in other words, it is assumed that the same number of
trips are realized on the network every (work)day. This approach provides adequate
results with relatively low computation effort. For a more detailed demand model (with
higher computation needs), the stochastic variation of travel demands in day-to-day
changes and the difference in travel behavior may be calculated according to Watling
[2002].

5.3

Application procedure

The method is applied in two major phases: preparation and elaboration. The oneoff preparation phase is for getting the general traffic load of the network before the
operation starts. During the cyclic elaboration phase, real-world travel demands and
network changes are collected and dynamically implemented into the modeled network.
The process is summarized in Fig. 5.2.
The preparation phase can be done any time before the cyclic operation of the
system starts. SDMs are generated for every period of the day; calculating with 15minute-long cycles, 96 matrices are composed for each vehicle category from midnight
to the next midnight. The basic load of the network should be generated using all types
of road vehicle OD matrices. Therefore, freight transport vehicles and some public
transport vehicles (buses and trolleybuses) have to be taken into consideration too if
no separate lanes are dedicated for them. The basic load of the network is obtained
by a dynamic user equilibrium assignment in every period, which not only calculates
with the current SDM, but also with the remaining load of the network from previous
periods [Heydecker and Addison 2006]. Initial loads of the first few periods starting
from midnight are generated from the previous day’s traffic in the last hours. The
assignments run approximately for 10 minutes for each period on an average PC using
the Budapest Transport Model in PTV Visum macroscopic traffic simulation software.
As a result, the volume, average speed, and related parameters are calculated for every
link for every period of the day representing a general state of the network.
The elaboration phase operates with the same T minute-long cycles that are used in
the preparation phase. Each cycle is partly based on the results of the previous cycle;
therefore, the initialization phase (period 0) differs from the others, since no previous
results are available. In the initialization period, the result of the preparation phase is
loaded into the basic network with no incidents. At the same time, travel requests of
end-users and information on traffic incidents are collected.
Dynamic route suggestions are provided from the next period, based on the actual
demands and the network state at the end of the period. Using an average PC and
PTV Visum for the Budapest Transport Model, modifications in the network load are
shorter than the length of the period (15 minutes in this thesis). If the duration of the
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Figure 5.2: Process of system operation. The meanings of abbreviations are the following: AON - All or Nothing, DUE - Dynamic User Equilibrium, SN - Static network with
no incidents, N(k) - Current network state at the end of period k, ADM(k), DDM(k),
SDM(k) - Actual, Dynamic, and Static demand matrices at the end of period k.
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process exceeded it, the system would not be able to operate. Certainly, the length of
cyclic operation periods can be reduced by applying higher computation capacity in
order to obtain a more up-to-date state of the network.
The cyclic operation of the system starts from period 1. First, the network state
is updated according to real-time events collected at period k − 1. At the next step,
DDM (k) is generated from matrices of previously collected demands ADM (k − 1) and
static demands SDM (k) according to Eq. 5.1 and link capacities are also reduced by
the preparation assignment result of SDM (k). After that, an all-or-nothing assignment
is run with DDM (k) with the network conditions at the end of period k − 1. This
operation takes less than 10 seconds. The traffic volume of links is calculated by
combining the volumes resulted by the assignment of DDM (k) and the dynamic user
equilibrium obtained in the preparation phase with SDM (k) as follows:
[ADM (k − 1)]
[ADM (k − 1)]
+ QAON (i, k) ·
Q(i, k) = QDU E (i, k) · 1 −
[SDM (k)]
[SDM (k)]
!

(5.2)

where Q(i, k) is the combined traffic volume of link i at the end of period k, QDU E (i, k)
is the traffic volume after the dynamic user equilibrium assignment of the preparation
phase for link i at period k, and QAON (i, k) is the traffic volume after the all-or-nothing
assignment for link i at period k. [ADM (k−1)] and [SDM (k)] are the sums of elements
in actual and static demand matrices.
Link impedances are calculated by a volume-delay function based on volumes
Q(i, k). The function can be set by the operator. Route plans for users are provided
according to a shortest path search based on the impedance of links. This contains
not necessarily only traffic volume, it may be combined with other factors, e.g. tolls or
emission resulting in a generalized cost function as the objective.

5.4

Demonstration

The operation of the model is demonstrated with simulations in the Budapest Transport Model (BTM) by generating a subnetwork for District 21 of Budapest (Csepel).
The model was applied for passenger car transport, other transport modes were only
part of the basic load of the network, but they were not included in dynamic data
adjustment, and route planning was not given for them. It should be noted that the
generated macroscopic transport model contains some simplifications, but these do not
affect the performance of the demonstration.

5.4.1

Demand and network characteristics

The demonstration model contains 41 internal and 4 external zones, approximately 900
links, and 300 nodes, see Fig. 5.3. Links that have small traffic and play no relevant
network connection role are not part of the model [Modell Tercett Consortium 2015;
Ortuzar and Willumsen 2011]. The road network, zones, and connectors were taken
from BTM without any adjustment. Certainly, transit transport was also taken into
consideration.
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Figure 5.3: Zones, connectors, and road network of the modeled area
Originally, BTM applies daily demand matrices which are almost symmetrical assuming that nearly everyone returns to the location where they started the day. Since
the route planning system contains a preliminary traffic load of the network by assigning SDMs for every period (15 minutes) of the day, the original demand model had
to be refined. It is not enough to multiply the daily matrix by a constant for every
period of the day, because the demands of morning and afternoon rush hours are usually asymmetrical. SDMs of these periods were generated by comparing the number
of inhabitants to the estimated generated traffic of workplaces, educational institutes,
and shops. Inhabitants are the origin of traffic in the morning rush hours and the
destination in the afternoon rush hours. Working, education, and shopping traffic is
the destination in the morning rush hours and the origin in the afternoon rush hours.
It should be highlighted that SDMs are generated to indicate the main tendencies
of daily traffic and to be the basis for demonstrating the operation of the elaborated
route planning method. SDMs are not based on dedicated household surveys.

5.4.2

Application example

The application example uses PTV Visum for transport modeling and Microsoft Excel.
Excel is applied for the demo user interfaces and the external programming of Visum
via its COM interface with a VBA code. The demo framework is shown in Fig. 5.4.
67

5.4 Demonstration
Additionally, it should be noted that the proposed method is software-independent.

Figure 5.4: Demo framework
The pilot user interface is implemented into Microsoft Excel (see Fig. 5.5), where
travelers can enter their demands and operators can enter the effect of traffic incidents
by determining the starting (FromNodeNo) and ending point (ToNodeNo) of links and
their reduced capacities (CapPrT). The exact change in capacities is usually unknown,
except for road closures, when it is 0. The goal of these modifications is to demonstrate
the basic effect of incidents. Certainly, this method can be fine-tuned at a later stage.
Since BTM can suggest routes between zones, each address given by the traveler
must be converted into a zone number that contains it (FromZoneNo and ToZoneNo),
traditional door-to-door route planning is directly not available in this macroscopic
model. Intrazonal route suggestions are not possible according to the principles of
transport impact modeling. The average zone size of the examined subnetwork is
0.55 km2 . An address-zone database is at the operator’s disposal which makes them
possible to automatically assign a zone for each address given by the end-user.

Figure 5.5: Demo user interfaces for travelers and operators
After entering input data, calculations are launched by the VBA code via the COM
interface which drives Visum. Results are exported so that they can be viewed on a
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PC without a traffic modeling software tool. Finally, route suggestions of the pilot
system are shown in Fig. 5.6, for the same origin-destination relation in two different
traffic situations: with and without incident. In the incident case, a different route is
suggested avoiding the incident location marked with a red ’x’ mark.

Figure 5.6: Route suggestion in different traffic situations
Summarizing the above-mentioned factors, the cyclic process of the route planning
method after the preparatory steps is the following:
• Actual incoming route requests are collected for 15 minutes (the length of the
period) and ADM is generated at the end of the period; in the meantime, the
assignment results of the previous period are calculated.
• The operator enters the IDs and the new capacity of reduced capacity links (or
these are automatically imported) and model calculations start at the beginning
of the new period.
• DDM is calculated by combining the current SDM and ADM.
• The weighted average volume [Q(i, k)] and the impedance of each link is calculated by combining the assignment results of the a priori SDM and current
DDM.
• Travelers enter their origin and destination data.
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• The shortest (lowest impedance) path is calculated in the model, travelers are
provided with route suggestions.

5.4.3

Limitations of the methodology

The goal of the presented model is to technically demonstrate that the combination
of theoretic macroscopic models with real-time travel demand and network data is
possible. Therefore, some assumptions were made which did not affect the operation
of the methodology, however, these could be replaced with other approaches.
The length of periods, which is currently 15 minutes, determines the operation of
the model; therefore, it should be as short as possible, so that the differences of modeled
and real network traffic states are minimized. If the duration of real-time simulations
and related calculations is reduced, the length of periods may be reduced as well.
Another way of development is improving ADMs. The pilot system assumes that
all of the planned journeys will be executed, however, under real circumstances, there
are more planned than actual journeys. In future research, a probabilistic approach
can be used to determine the proportion of planned journeys that are actually made.
This can also be estimated by using data of actually guided travelers [Giglio and Sacco
2014].
The all-or-nothing traffic assignment, which is used for its fast calculation speed,
may result in higher traffic volumes on certain links than the capacity parameter of
the volume-delay function, whereas alternative routes might remain nearly empty. Although, this effect is not that strong, because these assignments are combined with the
results of the a priori assignments with SDMs.
Finally, exact validation of the method can be improved by applying real-time
measurement data of fixed sensors or FCD and by elaborating a systematic method for
road capacity decrease instead of educated guesses.

5.5

Contribution

Thesis 3
A route planning methodology has been elaborated for private transport in urban road
networks by combining the traditional four-step transport impact model with real-time
travel demands and network incidents. As a result, route planning becomes more reliable
from a transportation engineering perspective at areas of the network where only sparse
or no real-time data is available.
A research gap has been identified as existing route planning methodologies rarely
combine the four-step transport impact model with real-time travel demand data.
This thesis presents a possible solution for the question of few real-time data as the
four-step model provides traffic state estimation from those areas of the network where
real-time data is not available.
The proposed methodology consists of two main phases: one-off preparation and
cyclic elaboration. In the preparation phase, the predicted traffic state of the network is
calculated for every period of the day using static demand matrices and a dynamic user
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equilibrium assignment. In the elaboration phase, both the network and the demand
matrices are adjusted real-time according to network incidents and occurring travel
demands, and an all-or-nothing assignment is run.
Route plans are generated based on the impedance of links, which is calculated
based on the combination of the assignment results of the preparation and elaboration
phases.
As a proof-of-concept, the methodology has been tested and provided adequate
results with static demand and network data of Budapest (district of Csepel), using
the integrated multimodal transport model of the city. Real-time demands and network
incidents were simulated, modeling various traffic situations.
Related publications of the author: [Horváth et al. 2017a], [Horváth et al. 2017b],
[Mátrai et al. 2016].
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Chapter 6
Multi-objective dynamic routing for
automated public transport vehicles
In this chapter, a multi-objective dynamic routing methodology is presented for primarily autonomous vehicles (AVs) that have to reach certain stops at given times. The
route choice process is based on minimizing a generalized cost function and also taking
into consideration the expected departure times from stops. The method is introduced
via the problem of public transport routing, but it can be extended to other vehicles
as well with a timetable-based operation, e.g. industrial vehicles in a factory.

6.1

Routing methods for automated vehicles with
timetable-based operation

In the early stages of autonomous car development, vehicles moved on predefined routes
independent of the state of the network. Certainly, in real-life cases, it is expected to
react to the changing conditions of paths. Parulekar et al. [2013] introduced an automatic vehicle navigation methodology based on Dijkstra’s algorithm [Dijkstra 1959]
by generalizing costs to each segment of the network. The costs included the length
of the road, weather conditions, and incidents, however, the route was calculated only
at the start of the journey and it was not updated on the move. Self-driving vehicles
carrying passengers or goods have to reach certain destinations at certain times which
also have an effect on the chosen route.
Hawas and El-Shayed [2015] elaborated a methodology for information sharing
among vehicles with no need for a mobility management center. Vehicles store traffic information on their previously completed route and provide it to vehicles in the
opposite direction, which also store this information. Later on, these opposite direction vehicles will get in touch with vehicles going in the original direction and provide
the previously collected traffic state information and their own information as well.
Therefore, vehicles going in the original direction get information on what happens
downstream in front of them. A different approach may be necessary for autonomous
public transport vehicles since they are connected to a management center that can
provide the information collected from different parts of the network. The vehicles and
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the network in automated off-street industrial areas can also be continuously monitored
centrally.
Central management of vehicles is not a new invention, since it is expected that
public transport vehicles are continuously monitored, and the drivers can be instructed
in real-time depending on traffic conditions. Even though it would be possible, public
transport vehicles do not leave their predefined route. Therefore, the multiple edge-cost
dynamic routing method introduced in this chapter can also be applied to traditional
vehicles as an on-board advisory system followed by the driver before it is used in AVs.
In these cases, it may be sensible to consider the ’simplest path’ (with as few turns
as possible) besides the shortest path so that the routing information can be easily
followed by the driver [Duckham and Kulik 2003].
The motion of vehicles can even be planned by using Google Maps network data and
satellite images, and no previously constructed unique road graph is necessary using
the method presented by Hoang and Jo [2015]. In urban networks, heuristic shortest
path algorithms can also be applied. As Fu et al. [2006] conclude, these algorithms can
be generally classified into four strategies: (i) limit the area searched, (ii) decompose
the search problem, (iii) limit the links searched, and (iv) some combination of them.
When taking more objectives into consideration, Pareto optimization can be used
to find relatively fast the set of routes that are obviously better than the other options,
since this requires no objective aggregation which decreases the complexity of such
algorithms. The longer the computational time is, the more solutions can be found
that represent all choices [Diakonikolas and Yannakakis 2009]. But as Disser et al.
[2007] state, even if the Pareto optima are found, the search algorithms need more
time to find a certificate that no further solutions exist. Moreover, in this research, one
of the objectives (travel time) is dominant over the others; therefore, another method
is used.
Some researchers elaborated algorithms for autonomous demand responsive transport. Alonso-Mora et al. [2017] introduced a routing methodology for autonomous
shared taxis combining actual travel requests with predicted future demands from a
historical dataset [Yellow Taxi 2014] of New York taxis. The method resulted in the decreasing number of vehicles needed without passengers having to wait too much. Zhang
et al. [2016] introduced a rebalancing algorithm of autonomous on-demand transport
vehicles in congested networks on a macroscopic level using the same data source.
Autonomous public transport, continuously surveilled by a human employee, is
already in operation in a few cities, for example in low-traffic areas in the center of
Sion, Switzerland [PostBus 2018]. The next step is operating such vehicles in hightraffic areas, however, testing in real traffic conditions can be quite costly. For this, as
a preparatory step, the Scenario-in-the-Loop concept has been presented, which mixes
the characteristics of software and hardware testing. E.g. the vehicle can move on a real
track surface in a test area with real passengers and stops, but the traffic environment
of the city can be simulated, and the sensors of the vehicle can be provided data based
on the simulation [Horváth et al. 2019a,b]. This method can be applied to the proposed
algorithm as well.
This chapter introduces a routing approach that allows timetable-based automated
vehicles to travel on different paths between given points, minimizing the generalized
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cost of the route. Between scheduled stop points, possible routes are modeled as a continuously updated weighted directed graph. The weights represent relevant parameters
of links, collected from surrounding sensors and monitoring systems of the network.
Route optimization is done by Yen’s algorithm [Yen 1970]. The method is designed
so that it can be used primarily by AVs, but it can also be applied to human drivers
guided by a traffic center or simply a mobile app.

6.2

Model framework

The model uses a multiple edge-cost algorithm [Storandt 2012], generally, it proposes
the route with the least generalized cost, but if the vehicle is late, it chooses the fastest
way.

6.2.1

The methodology

The proposed route planning methodology consists of four main stages: (1) general
preparation that is made in advance any time before the start, (2) preparing the route
for the next stop on the fly when reaching the previous stop, (3) approaching the next
stop by continuous re-routing depending on the state of the network, and (4) reaching
the final station, which means the end of the run.
(1) The role of general preparation is to calculate offline as many steps as possible
in advance to spare computing capacity and data traffic. Between consecutive
stops, a subnetwork is determined, which is monitored if the vehicle has to find
an alternative route. The subnetworks are determined by the physical attributes
of the vehicle and the streets, especially width (narrow turns) and traffic rules
(turn prohibitions and one-way streets). Expected departure times from stops
are also collected and offline traffic models are prepared (see the details below).
(2) The sequence of stops is determined in advance, each station has to be reached
at a specific time. As the vehicle moves, the state of the subnetwork between
the previous and the following stop is queried periodically and after each query,
the k-shortest paths are calculated using Yen’s algorithm [Yen 1970] taking into
consideration a generalized cost that can be determined by the user depending
on the relevant aspects of route choice. If there are only fewer than k paths, then
the calculation continues with this set of paths.
(3) Travel times on these paths are calculated and paths exceeding the travel time
limit (i.e. to reach the next stop on time) are excluded. The path with the
least generalized cost is chosen from the remainder. If no paths among these
k-shortest paths can guarantee the arrival on time, another shortest path search
is done based only on travel time, in order to choose the fastest way to minimize
the delay.
(4) Steps (2) and (3) are repeated until the next stop is reached. The whole process
ends when the last stop is reached.
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The flowchart of the process is shown in Fig. 6.1.

6.2.2

Determination of travel times

An important question is how to determine travel time. For this, the Switching Kalman filter-based data fusion approach is proposed using real-time sensor data, real-time
travel time data from the traffic management center, and historical travel time data.
Practically, the state of the network is queried periodically, and the appropriate Kalman filter is selected depending on which data sources data is available from. The
combination of methods presented in Chapters 3 and 5 can result in an appropriate
solution.
The Switching Kalman filter requires input in every time step, therefore, some
guaranteed data is needed. To meet this criterion, each link has a calculated travel
time based on traditional four-step transport models or simply by aggregating historical
data, which means that if there is no real-time data at all, this calculation is taken
into consideration. These models are calculated for each period of the day, e.g. in 15minute-long time intervals. In off-street areas, e.g. storehouses or airports, this basic
travel time is calculated by dividing the length and the speed limit of links. The values
are calibrated using historical data of previous vehicle journeys. Certainly, these data
are valid for incident-free situations and they are for providing a general idea of the
state of the network when no real-time data is available. As input for the Kalman filter,
the calculated value and its deviation are needed. On those links where the calculated
result is more certain (from where more reliable data is available), the deviation is
lower than on those where the result is a rougher estimation.
Traffic centers continuously monitor the state of vehicles in the network, including
their position. Therefore, travel time can be measured directly on links where vehicles
move. This data is generated on each link relatively rarely, it is not guaranteed in every
time step for each link, but it is very precise. Since there are only few data available,
the calculated value of standard deviation would be misleading; therefore, a predefined
value can be used for it. If there is no data at all, the Switching Kalman filter switches
to one of the modes that use different source data.
Apart from static traffic model data and traffic center data, many types of sensor
data can be used to determine travel time on links. In off-street areas, e.g. airports,
it is realistic to apply such sensors in the infrastructure that can identify the vehicles
between two stations and intermediate points on each alternative route. The deviation
(that is the uncertainty) of these sensors has to be determined by using predefined
values representing the accuracy. Since these sensors measure directly the travel time,
they provide very punctual information and have low deviation. On-street sensors are
generally for measuring the number of vehicles from which the travel time has to be
derived. For this, a computationally efficient way is to generate look-up tables for
stable and unstable traffic conditions from historical data as presented in Chapter 3.
Input values that are calculated in advance are certainly less reliable than the
continuously calculated real-time ones that rely on the movement of other vehicles. In
off-peak times, there might be only offline data available, but in these periods, there
are significantly fewer vehicles on the network, therefore, incidents do not cause such
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Figure 6.1: The routing process.
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significant traffic jams and it does not really matter if a vehicle passes a bottleneck.
Therefore, in off-peak periods when sometimes only pre-calculated data is available for
some links, routes can be planned based only on these input data.

6.2.3

Description of the model

The route-search algorithm can be written as follows. Subnetwork G between stops s
and s + 1 is considered as a weighted directed graph
G = (N, L, w)

(6.1)

with N nodes and L links and a cost function w : L → R+ , which gives each link
(i, j) ∈ L a positive cost (i.e. weight): w(i, j) ∈ R+ . Formally, the cost function is
extended as
w : N × N → R+ ∪ 0 ∪ ∞
(6.2)
with w(i, i) = 0 for all i ∈ N and w(i, j) = ∞ for all (i, j) 6∈ L. The chosen route
is selected by comparing paths x0 l1p xp1 l2p . . . lnp xpn for i = x0 ∈ N to j = xn ∈ N in
subnetwork (graph) G from p = 1 to P , where P is the number of possible paths
between i and j in subnetwork G. The cost of path p is calculated as
C =
p

w(x0 , xp1 )

+

n
X

w(xpm−1 , xpm )

(6.3)

m=2

There are two types of costs calculated in the application example: a time cost (Ctp )
that is actually the time needed to get to the next station and a generalized cost (Cgp ),
which can be determined by the user by combining relevant factors. In the example
showed later in this thesis, it is the combination of trip duration and trip length, but
it can include numerous different factors as well in connection with the demands of
passengers, service providers, and financers [Sárközi and Horváth 2016]. This means
that external effects of the operation, such as consequences of air pollution on health,
can also be considered [Jadaan et al. 2018].
As the first step of the route-search algorithm the k-shortest paths (p = 1, 2 . . . k ∈
K) are chosen based on the generalized cost (Cg1 , Cg2 . . . Cgk ). Then trip durations of
these paths are calculated and those that exceed the limit (tlimit ) to reach the next stop
on time are excluded. The alternative with the least generalized cost is chosen from
these remaining paths: min(Cgp ), p ∈ (P ∩ K); Ctp ≤ tlimit . If there is no path among
the k-shortest paths that make it possible to reach the next stop on time, another route
search is done based only on time cost. In this case, the shortest path of this search is
chosen: min(Ctp ), p ∈ P .

6.3

Application example

The routing methodology presented in this thesis is operated between stops of which
the arrival and departure times are previously determined, therefore, the whole journey
of the vehicle can be divided into equivalent sub-processes between consecutive stops.
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In this example, the route planning methodology is shown between such two stops.
The key point is that the vehicle cannot leave any stop earlier as it is in the timetable,
because passengers or goods cannot be left at a stop if they arrive on time. If the vehicle
arrives earlier, it does not matter that much, because it can wait for the predefined
departure time.
A subnetwork is defined between each stop pair, in the example from stop 1 (S1)
to stop 2 (S2). The vehicle departs from the starting stop and queries the state of the
traffic on the links of the subnetwork (see the black links in Fig. 6.2).

Figure 6.2: The monitored subnetwork.
The k (in this case 3) shortest paths with the least generalized cost, A (dash-dotted
line), B (dashed line), and C (solid line) are queried, and also the predicted arrival
times are calculated (see Fig. 6.3). The vehicle chooses the alternative with the least
generalized cost if the arrival is predicted on time. In this case, it is route A.
As the vehicle approaches the next node, it calculates again the 3 shortest paths
in the predefined subnetwork. In the example an incident occurred on the previously
decided route (marked with an ’x’ mark in Fig. 6.4), therefore, route A is no longer
among the best 3 choices. The new set of choices is B (dashed line), C (solid line)
and D (dash-dotted line) of which the only one predicting arrival on time is B, so the
vehicle chooses this option, even if the generalized cost of this route is not the lowest
one. Note that as the vehicle approaches S2, the generalized cost decreases in normal
cases, since the values of distance and travel time left decrease (see Figs. 6.3 and 6.4).
Then, the vehicle starts to move on route B and as it reaches the next node, it
calculates again the 3 shortest paths based on the generalized cost, checks predicted
arrival times, excludes alternatives with late predicted arrival, and chooses the route
from the remainder with the least generalized cost. If there is no such route, a second
shortest path search is done based only on travel time. The sub-process ends when the
vehicle reaches S2. The whole process ends when the vehicle reaches the final stop.
The core question is whether the above-introduced algorithm can really decrease
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Figure 6.3: First route choice.

Figure 6.4: Second route choice.
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the generalized cost of routes and make it possible for vehicles to reach their travel
destination on time compared to the traditional case when vehicles always move on
the same route between stops. Therefore, the introduced example has been extended
and coded in a Matlab software environment to investigate the performance of the
algorithm. The route search was done between S1 and S2 on the same subnetwork as
shown in Fig. 6.2. There was a reference route (route A in Fig. 6.3) representing a
traditional public transport route when the path between stops is fixed and no deviation
is possible. The reference route has the lowest generalized cost and fastest travel time
on an empty network. Simulation runs started from S1 and lasted until S2 was reached.
At the end of each simulation run, the generalized cost and the duration of the actually
completed path were compared to the measures of the original reference route. Overall
1100 scenarios were generated, 990 with regular traffic and 110 with an incident on the
link marked with the ’x’ mark (Fig. 6.4). The scenarios were generated by assigning
random numbers of velocity to links between a lower bound of 3 m/s and an upper
bound of 4 m/s, taking into consideration the average speed of public transport buses
in heavy traffic conditions [Oskarbski et al. 2015]. When an incident occurs the travel
time on the marked link will be five times longer than as usual. Velocity values were
always re-generated after a vehicle reached the next node, therefore, the state of the
network changed dynamically.

6.4

Simulation results

Three aspects of the algorithm were investigated: (1) what is the effect of the number
of shortest paths searched on the simulation time and how do the (2) generalized cost
and (3) travel time of routes change compared to the predefined route with different
weighting values α and β (see the details later).
Having run the simulations for the generated scenarios with each k-shortest path
value from k = 1 to k = 20 the average run times are taken into consideration.
Certainly, run times depend on the complexity of the network, so run times with a
certain value of k will be different on different networks. Therefore, a relative value of
run times is generated by dividing the average run time of case k (Tk ) by the average run
time of case k = 1 (T1 ). The average relative run times (Tkr ) searching the k-shortest
paths are generated as follows:
Tk
Tkr =
(6.4)
T1
where Tk is the average run time of simulations when k-shortest paths are searched
and T1 is the average run time of simulations when only the absolute shortest path is
searched. The average relative run times are shown in Fig. 6.5.
The average relative run time is almost a linear function of the number of shortest
paths searched, therefore, the number of shortest paths searched can be decided arbitrarily based on the performance of the computer when using the algorithm. In the
example case, k = 3 is chosen, because the size of the subnetwork is relatively small
and computing with more alternatives does not lead to better results, but in bigger
networks, it is worth increasing this number. The effect of weighting factors α and β
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Figure 6.5: Average relative run times with different values of k.
is investigated using k = 3 configuration.
The generalized cost function can be constructed by the user, depending on their
preferences, what factors they consider important. In the example case, it is constructed as follows:
Ci = αli + βti
(6.5)
where Ci is the generalized cost of link i, li and ti are the length and the current travel
time on link i, α[1/m] and β[1/s] are weighting factors of the lengths and travel times
of links. In the example the connection between the weighting factors is the following:
α+β =1

(6.6)

The previous equation (Eq. 6.6) is not necessary, α and β can be completely independent of each other, but it is useful to have some constraints because for example
increasing both values simultaneously at the same time will not have any effect on the
route choice. In the application example presented, the lengths of links are shorter than
100 meters, whereas travel times are mostly between 25 and 33 s during incident-free
conditions. So if the values of α and β are equal, then αli > βti , i.e. the length of
the link will have a stronger influence on the generalized cost. As α decreases and β
increases, the travel times of links will be more dominant. Certainly, travel time is also
in connection with the length of the link, but it is true for many factors that can be
taken into consideration, for example, emission, tolls etc.
It should be noted that the overall computational time depends only marginally on
the complexity of the cost function. Analysis of the run times of sub-processes shows
that calculation of the cost function takes only approximately 5% of the total run time.
This does not increase significantly even if more complicated objective functions are
deployed. The most time-consuming process is running Yen’s algorithm which takes
81.5% on average. The internal processes of the software take the remaining 13.5% of
the total simulation time. The effect of weights on generalized cost and travel time
were evaluated by comparing the cost of the route the vehicle completed to the cost of
the originally defined route by calculating with current travel times in each period and
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the route lengths, which are permanent. By comparing the predefined and the realized
routes the costs can decrease, increase or stagnate depending on whether the realized
route has a lower, the same, or a higher generalized cost than the predefined one.
Overall 1100 simulations were run, 100 with each 11 combinations of α and β from
α = 1 and β = 0 to α = 0 and β = 1 (see Figures 6 and 7). Both the generalized
cost and the travel time decreased in most cases with the combination of α = 0.1
and β = 0.9, a bit more than 50% of simulations resulted in increased performance,
however, in this case, almost 20% of simulations provided weaker results than without
using the algorithm (see Figures 6 and 7).

Figure 6.6: Effect of weighting parameters on generalized cost (chosen route vs. predefined reference route).

Figure 6.7: Effect of weighting parameters on travel time (chosen route vs. predefined
reference route).
As a general consequence using a practical engineering approach α = 0.5 and β =
0.5 values seem to be a sensible compromise, since both the generalized cost and travel
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times improve in about 30% of the simulations, whereas there are only 10% when
performance decreases (see Figs. 6.6 and 6.7). Nevertheless, the proper choice of α
and β values is always in connection with the characteristics of the actual network,
e.g. topology.
The overall performance of the algorithm was compared to Dijkstra’s algorithm
which gives the basis of the method. The reference case was Dijkstra’s algorithm
optimized for travel time. The difference in travel times and covered distances of the
proposed algorithm and Dijkstra’s algorithm were analyzed during the 1100 simulation
runs, the results are shown in Fig. 6.8.

Figure 6.8: Performance compared to Dijkstra’s algorithm.
As the value of α increases (until α = 0.6), the proportion of simulation runs
where the vehicle ran on a shorter route increases compared to the reference Dijkstra
case. The reference Dijkstra algorithm is based only on travel time, but the proposed
algorithm also includes distance during calculations, therefore, travel distance never
increases. Note that the α = 0 and β = 1 case equals to the reference Dijkstra case,
therefore, the two methods result in the same route then.
There is only a difference in travel times when the two algorithms suggest different
routes, i.e. the proposed algorithm suggests a shorter route. Travel time decreases in a
bit less than half of these cases, in the other part it increases. When a routing decision
is made, the future cannot be foreseen exactly, therefore, sometimes the proposed
methodology, which is not clearly optimized for travel time, results in a faster route
than the Dijkstra case, which focuses only on travel time. Certainly, when the vehicle
is predicted to arrive late at the next scheduled stop the proposed algorithm is also
based only on travel time, which equals to the reference Dijkstra case.
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6.5

Contribution

Thesis 4
A routing methodology has been elaborated for highly automated public transport vehicles, allowing them to travel on different paths between stops, minimizing the generalized cost of the route, hence contributing to a more efficient operation. The routes
between stops have been modeled as a continuously updated weighted directed graph,
where weights, representing relevant parameters (e.g. length, emission) of links, can be
tailor-made according to the chosen optimum criterion.
A research gap has been identified as traditional public transport vehicles are originally
designed to circulate on fixed routes between scheduled stop points, independently of
the actual state of the network. Autonomous public transport vehicles are tested
according to the same principle, however, they could be operated on continuously
changing paths between stops, depending on the network traffic state. In this thesis,
a routing approach has been presented that allows automated vehicles to travel on
different paths between given points, minimizing the generalized cost of the route.
The algorithm makes it possible to reduce online calculation needs and data traffic
by calculating as many operations as possible in advance. A subnetwork is generated
between consecutive stops and routes are always planned in these subnetworks.
Route optimization has been done by a k-shortest path search technique according
to Yen’s algorithm, depending on the timetable: if the vehicle will reach the next stop
on time, the alternative with the lowest generalized cost is chosen; else the fastest
route is followed. The methodology has been evaluated in a simulation environment
compared to traditional public transport operation with fixed routes, over which it
performed better in 30% of the cases and it was worse only in 10%.
The method has been introduced specifically via the problem of traffic congestion
on public transport paths but can be generalized for any transport system with a
timetable-based operation, e.g. in factories or warehouses.
Related publications of the author: [Horváth 2020], [Horváth et al. 2019a], [Horváth
et al. 2019b], [Horváth et al. 2019c], [Sárközi and Horváth 2016].
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Chapter 7
Conclusions and future work
In this thesis, advanced methods have been presented for urban road traffic monitoring
and related application opportunities focusing on the issues of route planning and
processing related real-time traffic information. The achievements address the problem
of sparse or not complete information available from different areas of the network and
provide routing techniques in connection as a possible field of utilization.
Four thesis points conclude the research results, which can be summarized as follows:
• A data fusion technique has been elaborated for real-time travel time estimation
using the Switching Kalman filter. Different methodologies have been developed
to obtain travel time input information from different data sources. As a result,
diverse measurements can be combined to calculate traffic state more precisely.
• A robust link vehicle count estimation algorithm has been elaborated for urban
signalized links. The methodology requires only a single fixed sensor per lane
and therefore, contributes to cost reduction.
• A private transport routing methodology has been elaborated combining macroscopic transport models with online travel demands and network incident data.
As a result, from a transportation engineering perspective, travelers can be provided with a more valid route plan compared to existing services.
• A routing methodology has been elaborated for highly automated public transport vehicles, making it possible to travel on different paths between scheduled
stop points, hence resulting in a more efficient operation.
Future work consists of two main topics in connection with this research. The
methods elaborated at the link level in Thesis 1 and Thesis 2 serve as building blocks
for network-level traffic state estimation. Accordingly, the extension should take into
account the fact that the traffic state of a link may be affected by its adjacent links as
well, which requires more detailed modeling of queue spillover.
Route planning methods introduced in Thesis 3 and Thesis 4 can be further improved by using them for future traffic management. Transport models provide information on expected future travel demands, which can be exploited by route planning
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algorithms. Provided route plans make it possible to manage traffic by distributing
demands to the same destination to alternative routes to reduce congestion. In connection with that, a probabilistic approach is suggested that determines the proportion of
online planned routes that are actually realized.
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Appendix A
Filtering results of link vehicle
count estimation

Figure A.1: Link vehicle count estimation, 1 lane, 0% uncertainty.
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Figure A.2: Link vehicle count estimation, 1 lane, 10% uncertainty.

Figure A.3: Link vehicle count estimation, 1 lane, 20% uncertainty.
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Figure A.4: Link vehicle count estimation, 1 lane, 30% uncertainty.
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Appendix B
Comparison of real and estimated
vehicle counts

Figure B.1: Real and estimated vehicle counts, 1 lane, 0% uncertainty.
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Figure B.2: Real and estimated vehicle counts, 1 lane, 10% uncertainty.
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Figure B.3: Real and estimated vehicle counts, 1 lane, 20% uncertainty.
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Figure B.4: Real and estimated vehicle counts, 1 lane, 30% uncertainty.
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Appendix C
Proportions of absolute estimation
errors

Figure C.1: Proportion of cases with absolute differences, 1 lane, 0% uncertainty.
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Figure C.2: Proportion of cases with absolute differences, 1 lane, 10% uncertainty.
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Figure C.3: Proportion of cases with absolute differences, 1 lane, 20% uncertainty.
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Figure C.4: Proportion of cases with absolute differences, 1 lane, 30% uncertainty.
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Appendix D
Link vehicle count estimation
results on two-lane links with
pedestrians

Figure D.1: Link vehicle count estimation, H-infinity filter, 2 lanes, 30% uncertainty,
with pedestrians.
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Figure D.2: Real and estimated vehicle counts, H-infinity filter, 2 lanes, 30% uncertainty, with pedestrians.

99

Figure D.3: Proportion of cases with absolute differences, H-infinity filter, 2 lanes, 30%
uncertainty, with pedestrians.
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