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Abstract

Nowadays, the high demand for road transportation often reaches a point where it exceeds
the capacity of freeway traffic networks, resulting in congestion. Freeway traffic congestion
is a major social problem, as it is the reason for increased time delays, higher accident risk
and environmental pollution. There is, therefore, the need for a sustainable solution that can
be implemented on the existing road infrastructure. Freeway traffic control is considered as
such a solution. It uses different control measures, in order to improve the performance of
the freeway traffic network, by influencing the drivers’ behaviour.

The Variable Speed Limits (VSLs) are a traffic control measure that aims to increase traffic
safety, improve traffic flow and reduce the environmental pollution. Towards the improvement
of the freeway traffic flow, easy-to-implement VSL control algorithms are used as mainline
metering control approach.

Two easy-to-implement VSL algorithms are reported, namely the Mainstream Traffic Flow
Control (MTFC) and the Logic-Based control algorithm for Variable Speed Limits (LB-VSL).
The algorithms are usually implemented in an non-adaptive framework. The main contribu-
tion of this thesis is that it proposes an adaptive framework for both algorithms, in which
the critical density of the freeway traffic network at bottleneck’s location is estimated on-line.
This estimated critical density is used to adjust the controllers’ parameters in real-time.

Three different estimation methods for the bottleneck’s critical density are studied, namely the
Parameter Estimation (Parameterschatter) method, the Simple Derivative Estimation (SDE)
and the Kalman-Filter-based derivative Estimation (KFE) methods. All three methods focus
on the real-time estimation of the derivative of the Fundamental Diagram (FD), in order to
produce estimations of the critical density.

A case study is performed to evaluate the performance of the three algorithms. A hypothetical
12 km long freeway stretch is used, which contains two VSLs installations and a lane-drop
bottleneck. In the first part of the case study an accident scenario is studied, which decreases
the critical density at the bottleneck’s location. The second part of the case study evaluates
the three adaptive easy-to-implement VSL algorithms under the assumption of a decrease of
the critical density across the whole network, due to bad weather conditions.
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Chapter 1

Introduction

1-1 Overview and Motivation

One of the major problems plaguing today’s societies and causing serious problems on people’s
quality of life, as well as on the environment, is freeway traffic congestion. It is an un-deniable
fact that both the number of road users and the need for transportation grows systematically
the last decades, leading, at least during rush hours, the demand to exceed the capacity
of the existing infrastructure around metropolitan areas. Some negative cited examples of
traffic congestion on freeways are the increased time delays, the higher accident risk and the
waste of fuel, with the latter increasing the emissions of polluting gases into the atmosphere.
According to the European Commission [10], "CO2 emissions from transport would remain
one third higher than their 1990 level by 2050 and congestion costs will increase by about
50% by 2050".

An environmental-friendly and cost-effective solution to address the aforementioned problem
is the freeway traffic network’s dynamic traffic control. This work focuses on improving the
performance of the freeway traffic network by means of maximum throughput by utilizing the
Variable Speed Limits (VSLs) as appropriate traffic control measure.

The application of the VSLs contributes to the reduction of the traffic congestion by mod-
erating the capacity drop phenomenon that reduces the flow at bottleneck locations. To
achieve that, the VSLs limit the density at bottleneck locations, by decreasing the mainline
flow using appropriate control algorithms. From the available VSL algorithms [20],[13],[12]
this thesis focuses on easy-to-implement algorithms since their parameters are tuned with
ease and are more suitable for real applications. In particular, the Mainstream Traffic
Flow Control (MTFC) [4],[5] and the Logic-Based control algorithm for Variable Speed Lim-
its (LB-VSL) [11], [16] algorithms are preferred since they carry the advantages of the other
VSL schemes as well as they show robustness and a performance close to optimal one. The
MTFC and LB-VSL algorithms improve the traffic efficiency by maximizing the traffic net-
work’s outflow. This is achieved by trying to maintain the density at the bottleneck location
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2 Introduction

Figure 1-1: Example of fundamental diagram of traffic [8]

close to the critical density. However, the value of the critical density at the bottleneck loca-
tion changes due to bad weather conditions and/or accidents. Thus, the on-line estimation
of the critical density is expected to have a positive impact on the VSL algorithms.

To this end, three different estimation methods are put into work: the Parameter Esti-
mator (PE) [23], the Simple Derivative Estimation (SDE) [32] and the Kalman-Filter-based
derivative Estimation (KFE) [32],[24],[22] . Furthermore, some parameters of both controllers
are updated on-line to increase their performance. Lastly, a critical comparison between the
two control algorithms w.r.t. the aforementioned estimation methods is performed.

1-2 Freeway Traffic Control

1-2-1 Aim of freeway traffic control

The goal of freeway traffic control can be the reduction of the emissions produced by the usage
of the freeway network, the increase of the network’s performance in terms of throughput
maximization or the increase of safety and the reduction of the accidents’ rate. In this thesis,
the objective of traffic control is to reduce the congestion and increase network’s throughput.

In order to achieve traffic congestion reduction, first some basic notions of freeway traffic
modeling are required. To describe the dynamics of freeway traffic in this thesis, traffic flow
is expressed at an aggregate level, as collective vehicular flow. This means that a macroscopic
viewpoint is used to describe the evolution of freeway traffic. For this representation, three
aggregated variables are used to describe the traffic state of a network’s section, namely the
density ρ (expressed in veh

km·lane), the flow q (expressed in veh
h ) and the mean speed v (expressed

in km
h ).

1-2-2 Fundamental Diagram (FD)

The steady-state relationship between flow and density (or speed and density) is modelled
using the Fundamental Diagram (FD). The FD represents the theoretical relation between
the traffic flow q and density ρ at a given section of the freeway, in case of homogeneous
and stationary traffic conditions [8], [2]. The FD is a curve with a characteristic shape,
which can vary for each freeway section. An example of FD, which was initially described in
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1-2 Freeway Traffic Control 3

[18], can be seen in Figure 1-1. The FD differs from the flow-density diagram of the traffic
network, which is obtained from measurements, since from measured data non-stationary
traffic conditions of heterogeneous vehicles are obtained. However, the FD can be fitted to
flow-density measurements, in order to obtain the traffic network’s unknown parameters of
the capacity, critical density and jam density.

Capacity is defined as the maximum value of the traffic flow that can be reached at a freeway
section. The capacity is reached for a density called critical density. If the density is increased
further, then the traffic flow decreases. The density at which the traffic flow becomes zero
again is called jam density.

1-2-3 Capacity drop

A bottleneck is a location in the freeway, where congestion starts. A bottleneck can be
active or inactive. A drop in the capacity occurs, whenever the bottleneck is activated. This
means that the traffic flow exiting the bottleneck location is lower than its capacity, which
was measured before the activation of the bottleneck. The capacity drop is defined as the
difference between the free-flow capacity and the capacity of the bottleneck after its activation
[8],[6].

To avoid the capacity drop phenomenon, specific control actions can be applied to the freeway
traffic network, which can limit the density at the bottleneck, in order to keep this density
below the critical one. The density’s limitation can be achieved by the application of one or
more traffic control measures.

1-2-4 Traffic control measures

The most common control measures used in dynamic traffic control applications are the ramp
metering and the variable speed limits.

Ramp Metering (RM) is the most well-studied and commonly applied traffic control measure
in freeways. RM controls, using a traffic light, the flow of vehicles that want to enter the
freeway from an on-ramp. The amount of vehicles per time unit is determined by carefully
selected red, green and amber light timings.

Variable Speed Limits (VSLs) is a freeway control measure, used to limit the maximum speed
at the mainline, in order for specific performance, safety, or environmental criteria to be
satisfied.

1-2-5 Variable Speed Limits (VSLs)

The working principle of the VSL systems depends on the objectives they have to fulfil,
which are the safety improvement, the traffic flow improvement and the reduction of the
environmental impact.

It can be easily understood that speed reduction on freeways can be associated with an
improvement in safety [9],[31]. Less accidents happen when speeds are lower, both in adverse
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traffic conditions or extreme weather conditions. Also, VSLs may contribute in reducing
collisions, when they are used as a means of warning in case of an incident happening nearby.

Furthermore, VSLs play an important role in traffic flow improvement. This can be achieved
by preventing a traffic breakdown on a bottleneck, by temporarily metering the traffic flow
in the mainline.

1-3 Contribution

This thesis aims to improve the performance of the easy-to-implement VSL algorithms by in-
corporating the effect of the on-line estimation of the critical density in their implementation.
In particular, the adaptivity is accomplished by rendering the controller’s gain dependence
on the estimated critical density. The latter is obtained via Parameter Estimator (PE), Sim-
ple Derivative Estimation (SDE) and Kalman-Filter-based derivative Estimation (KFE). The
control performance of all three methods is studied and compared under two realistic scenarios
related with traffic jams, namely under rain and accident conditions.

1-4 Thesis Outline

The thesis is structured as follows. Chapter 2 presents the relevant literature on adaptive
control for easy-to-implement Variable Speed Limit (VSL) algorithms. Chapter 3 proposes
six adaptive, easy-to-implement VSL control algorithms for freeway traffic control. Chapter
4 presents a case study that evaluates the performance of the proposed adaptive algorithms.
Finally, Chapter 5 concludes this thesis, discusses the obtained results and suggests areas for
future work.
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Chapter 2

Literature Review: Adaptive control
for easy-to-implement Variable Speed

Limit algorithms

This chapter outlines the related work on the application of Adaptive control for easy-to-
implement Variable Speed Limit (VSL) algorithms. The reader is expected to be familiar
with the basic notions of VSL algorithms for freeway traffic networks and the on-line es-
timation methods of critical density or occupancy at bottleneck’s location. The chapter is
structured as follows. Section 2-1 outlines the different approaches for freeway traffic model-
ing. Then, in section 2-2, the METANET model is analyzed. In section 2-3, VSL modeling
is discussed. Subsequently, section 2-4 outlines two easy-to-implement VSL algorithms. In
Section 2-5, adaptive control in freeway traffic control is discussed and in 2-6 the most well-
studied adaptive control algorithms for RM are analyzed. Section 2-7 presents three different
estimation methods for the derivative of the FD. In section 2-8, some conclusions are drawn
and, finally, in section 2-9, the problem statement for this work is given.

2-1 Modeling of freeway traffic

A reliable mathematical model of traffic is a prerequisite to process traffic data reliably and
accurately estimate or predict undesirable traffic conditions. Moreover, traffic flow modeling
is essential during the design and the test phase of a control strategy.

Traffic models can be classified, with respect to the level of detail that they use to describe
the dynamic behaviour of the traffic system, into microscopic, mesoscopic and macroscopic.

• Microscopic models describe the dynamics of each vehicle in the traffic stream and how
it interacts with other vehicles and road infrastructure.
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6 Literature Review: Adaptive control for easy-to-implement Variable Speed Limit algorithms

• Mesoscopic models use probability distribution functions to represent the behaviour of
the drivers individually and an aggregate way to describe the changes in the traffic flow.

• Macroscopic models describe traffic flow at an aggregate level, using mean speed, flow
and density as variables. These models can be further classified in first-order, second-
order and higher order, according to the number of state variables they use.

Macroscopic traffic models are suitable for real-time, model-based control, because they have
a relatively low computational complexity. They can also capture enough dynamics for real-
time traffic control. Hence, in the majority of control application, macroscopic traffic models
are used. The rest of this work uses a macroscopic modelling approach as well. In the following
section an overview of macroscopic traffic modelling is given.

2-1-1 Macroscopic traffic flow models

Advantages of macroscopic traffic flow models

As already mentioned, macroscopic models are more suitable for control applications, com-
pared to microscopic or mesoscopic models. Macroscopic models are less computationally
intensive than microscopic models, which provides the benefit of fast simulation of the free-
way network. This advantage of macroscopic traffic models can be useful in case of on-line
predictive control applications. Furthermore, the cost function used in case of macroscopic
models contains terms which are expressed using aggregate variables. That makes the cost
that corresponds to a specific traffic state easy to be computed. A macroscopic traffic model
has often fewer parameters than a microscopic model to estimate. Thus, the identification and
the calibration of the traffic model is simpler. In addition, macroscopic models are expressed
as state space models, which makes control design more intuitive and applicable.

Macroscopic models in freeway traffic flow modeling

Macroscopic traffic models can be differentiated between first-order and second-order, de-
pending on the number of aggregate variables they use to describe the traffic dynamics. In
the related literature, the most commonly used first-order traffic model is the Cell Transmis-
sion Model (CTM) [7]. On the other hand, the macroscopic second-order traffic model that is
widely used in the context of freeway traffic modeling is the Modele d’Ecoulement de Trafic
sur Autoroute NETworks (METANET) model [26].

The CTM includes a static speed-density relationship. METANET considers speed as a
second state variable with its own state equation. In this way, METANET is able to capture
additional dynamics. Thus, the most important reason for choosing METANET for this work
is that it can reproduce the capacity drop phenomenon [33]. The METANET model is further
analyzed in the following section.

2-2 The METANET model

The Modele d’Ecoulement de Trafic sur Autoroute NETworks (METANET) was firstly in-
troduced in [26] as a macroscopic simulation tool, which included a deterministic, discrete,
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2-2 The METANET model 7

second-order traffic flow model. Since then, METANET [29] is the most used macroscopic,
second-order traffic flow model, as it is suitable for modeling and control purposes. The model
has a good accuracy level combined with adequate simulation speed.

The macroscopic nature of the model has to do with the definition of some variables that
express the average behavior of the traffic at specific locations and time instances. The model
is discretized in time and space.

K time intervals with the sample time denoted by T [h] constitute the time horizon. So,
each time instant can be denoted by t = k · T, k = 0, 1, . . . ,K. Concerning the space, the
discretization refers to each link. Each link m is divided into Nm segments which have the
same length denoted with Lm[km] and a number of lanes λm.

For the rest of this work, Nm = 1∀m. Therefore, it is not necessary to differentiate between
links and segments. Thus, only the index i is used from now on.

Furthermore, for stability, it should hold that Li > Tvf,i, where vf,i is the free flow speed in
link i.

For each segment i, three variables are important, namely the traffic density ρi(k) (veh/k-
m/lane), the mean speed of the vehicles vi(k)(km/h) and the traffic volume or traffic flow
qi(k)(veh/h).

2-2-1 Link equations

The following equations describe the system dynamics of METANET model. The first equa-
tion (Eq. (2-1)) describes the conservation of vehicles principle, while the second one (Eq. (2-
2)) computes the traffic flow that leaves from each link during each time step.

ρi(k + 1) = ρi(k) + T

λiLi
(qi−1(k)− qi(k) + qr,i(k)− βi(k)qi−1(k)) (2-1)

where qr,i(k) is the traffic flow entering the link i from the connected on-ramp (if any), βi(k)
is the percentage of vehicles exiting the link i from the connected off-ramp (if any).

qi(k) = λi · ρi(k) · vi(k) (2-2)

The third equation (Eq. (2-3)) gives the mean speed’s dynamic behavior as a sum of four terms,
namely the previous mean speed, a relaxation term, a convection term and an anticipation
term. These terms are further analyzed in [14].

vi(k+ 1) = vi(k) + T

τi
(V (ρi(k))− vi(k)) + T

Li
vi(k) (vi−1(k)− vi(k))− µi(k)T

τiLi

ρi+1(k)− ρi(k)
ρi(k) +Ki

(2-3)

where τi(time constant),µi (anticipation constant) and Ki are model parameters that have to
be identified, V (ρi(k)) is the desired speed for the drivers.
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8 Literature Review: Adaptive control for easy-to-implement Variable Speed Limit algorithms

According to [19], the model should take two different values for the anticipation constant, in
order to have better reproduction of shock waves and capacity drop. Therefore, the following
equation (Eq. (2-4)) gives the anticipation constant.

µi (k) =
{
µi,h for ρi+1 (k) ≤ ρi (k)
µi,l Otherwise (2-4)

where µi,h and µi,l are model parameters.

The drivers’ desired speed (Eq. (2-5)), without VSLs, is defined as follows:

Vi(k) = vf,ie
− 1
ai

(
ρi(k)
ρcrit,i

)ai
(2-5)

where ai is a parameter of the fundamental diagram, vf,i is the free flow speed, ρcrit,i is the
critical density, i.e the density at which the maximum flow is achieved.

The above mentioned parameters are not the same for every freeway network and, therefore,
the model needs to be simulated and validated in order for these values to be determined.

In cases that modeling of lane drops in the mainstream or modeling of merging phenomena
caused by on-ramps is required, extra terms are added in Eq. (2-3).

For speed drop caused by merging phenomena:

− δiTqr,i(k)vi(k)
Liλi (ρi(k) +Ki)

(2-6)

where δi is a model parameter.

For speed drop caused by lane-drop:

−
φiT∆λi−1ρi−1 (k) v2

i−1 (k)
Li−1λi−1ρcrit,i−1

(2-7)

where φi is a model parameter and ∆λi−1 = λi−1 − λi

The last equation of the model defines the flow that enters the freeway from an on-ramp:

qr,i(k) = min
(
Cr,iri(k), Di(k) + wi(k)

T
,Cr,i

ρm,i − ρi(k)
ρm,i − ρcrit,i

)
(2-8)

where ρm,i (jam density) and Cr,i (on-ramp capacity) are model parameters, ri(k) is the ramp
metering rate (ri(k) = 1∀k for unmetered on-ramp), Di(k) is the on-ramp demand, wi(k) is
the length of the queue on the on-ramp.

The first term in Eq. (2-8) corresponds to the maximal flow allowed by the metering rate, the
second term to the traffic that is willing to enter the freeway from the on-ramp at simulation
step k and the third one to the maximal flow allowed by the mainstream conditions [20].
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2-3 Variable speed limit modeling 9

For the dynamics of the queue length on the on-ramp, a simple queue model is used:

wi(k + 1) = wi(k) + T (Di(k)− qr,i(k)) (2-9)

The same queue model can also be used for the queue length on the mainline origin, sub-
stituting the ramp demand with the mainstream demand and the ramp flow with the flow
entering the mainline.

The Eq. (2-9) corresponds to the conservation of vehicles principle for an origin link and states
that the number of vehicles waiting in the queue to enter the freeway will be the number of
vehicles that waited in the queue the previous time period plus the difference between the
demand flow at the origin at time period k and the outflow of that link at the same time
period.

2-2-2 Boundary conditions

Due to the fact that the traffic conditions downstream and upstream of a freeway segment
influence the traffic state of that segment, some boundary conditions have to be defined.
These conditions correspond to the upstream speed, which is set equal to the speed of the
first segment v1(k), the upstream flow, which is limited by an active speed limit or by the
actual speed of the first segment, and the downstream density, which is set either equal to
the density of the last segment or equal to the critical density.

2-3 Variable speed limit modeling

The METANET model analyzed in the previous section does not include the effects of VSLs.
The effects of VSLs are described in [28]. The application of the VSLs has an effect on the
three characteristic parameters of the FD, namely the free-flow speed, the critical density and
the capacity. In the related literature, three different models are considered, to incorporate
the effects of VSLs into the METANET model.

The first modeling approach, proposed by Hegyi et al. in [21], considers a modification of
the drivers’ desired speed equation whenever the VSLs are active. The model considers a
parameter that reflects the drivers’ compliance rate.

In the second modeling approach, proposed by Papamichail et al. in [30] and used mainly by
Carlson et al. in [5] and [3], a speed ratio of the VSL value over the legal speed limit value
when VSLs are inactive, is defined.

The third modeling approach, proposed by Frejo et al. in [15], combines the advantages of
both previously mentioned methods. The effect of a VSL is modelled by modifying all three
parameters of the FD, namely the critical density, the free flow speed and the capacity. Frejo
et al. VSL model uses a calibration parameter for each one of the those parameters. However,
its calibration procedure requires more time.
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10 Literature Review: Adaptive control for easy-to-implement Variable Speed Limit algorithms

Choice of VSL model In this work, the model of Hegyi et al. is used. Not only is the
simplest of the three, but also includes the drivers’ compliance rate, which increases the
model’s accuracy [15].

In Hegyi et al. model, the drivers’ desired speed is given by the equation Eq. (2-10):

Vi(k) = min
(
vf,ie

− 1
ai

(
ρi(k)
ρcrit,i

)ai
, (1 + αi)Vc,i(k)

)
(2-10)

where αi reflects the drivers’ compliance rate, Vc,i(k) is the speed limit value on link i

2-4 Variable speed limit algorithms

The VSLs algorithms for freeway traffic control focus mostly on one of the following three goals
[15]: increase traffic safety, improve traffic efficiency, reduce fuel consumption and emissions.

This thesis focuses on the second goal, namely the improvement of traffic efficiency. This is
achieved using mainline metering algorithms. Three different types of such algorithms are
commonly used, which are the following: optimization-based algorithms, easy-to-implement
algorithms and intermediate approaches.

In this work, the easy-to-implement VSL algorithms are chosen to be used, as they are
simple, suitable for real-time applications (as their computation complexity is low), robust to
measurement errors [11] and they depend less on model’s accuracy compared to optimization-
based algorithms [17].

Among the existing easy-to-implement VSL algorithms which focus on traffic efficiency im-
provement, the Mainstream Traffic Flow Control (MTFC), and the Logic-Based control algo-
rithm for Variable Speed Limits (LB-VSL) algorithms are considered in this work. The main
reasons for that choice are that they can be easily implemented, their parameters can be sim-
ply tuned and they are quite robust. Also, they both consider requirements connected with
safety and practicality, making them suitable for simulations that approximate the reality.

2-4-1 VSL implementation constraints

Whenever the aforementioned VSL control algorithms are implemented in real-life applica-
tions, some implementation constraints should be considered. According to [13], two of these
constraints are the temporal and the spatial constraint. Furthermore, for safety reasons, a
minimum and a maximum allowable VSL value is usually used (V SLmin, V SLmax). Finally,
the discrete nature of VSL values is also considered as a constraint.

Regarding the temporal constraint, the VSLs in real applications should change in a smooth
way, to avoid accidents and a lack of comfort for the drivers. Thus, a maximum difference
γ(kmh ) in the VSL values that will be displayed to the drivers by the same gantry between two
consecutive simulation time steps, is introduced. The Eq. (2-11) describes this constraint.

|Vc,i(k + l)− Vc,i(k + l − 1)| ≤ γ (2-11)
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2-4 Variable speed limit algorithms 11

where l = 0, 1, . . . Nu − 1, with Nu being the control horizon.

This constraint should be applied to every segment i that is controlled by a VSL.

As far as the spatial constraint is concerned, it corresponds to the difference that the value of
the VSLs displayed in two adjacent segments during each simulation time step should have.
It should be bounded by another constant value ζ(kmh ). Eq. (2-12) is used to represent this
constraint.

|Vc,i+1(k + l)− Vc,i(k + l)| ≤ ζ (2-12)

This constraint must be satisfied by all segments that are controlled by a VSL and have an
adjacent segment which is also controlled by a VSL.

Regarding the discrete nature of VSLs, the displayed to the drivers values should have dis-
crete values, which are usually limited by a predefined set S. In the literature, two different
approaches have been used in order to deal with that constraint.

The first one initially considers VSLs as continues variables, their continuous values are op-
timized and discretization is applied before the values are displayed to the drivers. In the
second approach, the discrete characteristic of the VSL values should be directly considered
during the optimization [13]. In this case, discrete optimization techniques are required.

2-4-2 Logic-Based control algorithm for Variable Speed Limits (LB-VSL)

The first easy-to-implement VSL algorithm used in this work is the Logic-Based control
algorithm for Variable Speed Limits (LB-VSL), proposed in [11]. This algorithm is designed
to reduce or avoid the congestion created at bottleneck locations. The controller computes the
number of vehicles that have to be held back or released in order to maximize the bottleneck’s
outflow, by preventing the capacity drop phenomenon. This number is used to change the
values of the VSLs either upwards or downwards.

The LB-VSL algorithm uses a feed-forward control structure that aims at the anticipation of
the future evolution of the bottleneck’s density and at the activation of the VSLs before the
critical density is reached.

Among the advantages of this control algorithm are the easy tuning, the low computation
time, the effectiveness and robustness.

Below are presented the six equations that produce all necessary variables for the implemen-
tation of the LB-VSL algorithm.

The first equation, Eq. (2-13), corresponds to the total number of vehicles that should be
held back at time step k (at the most upstream segment).

Vhold ,1(k) =max
[
0, Tff (k)

(
QiB (k)− CB

)
− λBLB (ρcrit,B − ρB(k))

]
(2-13)

where Tff(k) is the exact time that is needed for all vehicles that are located at most at
distance LA upstream of the bottleneck at time step k to reach the bottleneck’s location,
QiB(k) is the average flow over all lanes that enters the bottleneck during Tff(k), CB is a
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12 Literature Review: Adaptive control for easy-to-implement Variable Speed Limit algorithms

tuning parameter, usually around the capacity of the bottleneck, λB is the number of lanes at
the bottleneck location, LB is bottleneck’s length, ρcrit,B is bottleneck’s critical density, ρB(k)
is the bottleneck’s density at time step k.

The time period Tff(k) is given by the equation:

Tff(k) = LA/v̂A(k) (2-14)

in which LA is the distance between the bottleneck and the most upstream segment with
VSL installed and v̂A(k) is the weighted sum of all segments’ speeds, given by the following
equation:

v̂A(k) =
∑
i∈DA vi(k)L̂i

LA
(2-15)

where vi(k) is the speed at segment i, L̂i is the distance between two detectors, namely
detectors i and i+ 1, DA is the set of all detectors in the distance LA.

In this work, it is assumed that detectors are present in all segments upstream the bottleneck
[11],

The average flow QiB(k) is given as the weighted sum of all flows, by the equation that follows:

QiB(k) =
∑
i∈DA qi(k)L̂i

LA
(2-16)

where qi(k) is the flow at segment i.

The second equation, Eq. (2-17), corresponds to the total number of vehicles that have to be
released at time step k (at the most upstream segment).

Vrel,1(k) =max
[
0,−Tff(k)

(
QiB(k)− CB

)
+ λBLB (ρcrit,B − ρB(k))

]
(2-17)

where CB is a calibration parameter that has to be set between the capacity of the bottleneck
and the congested outflow (capacity minus capacity drop) of the bottleneck [11].

In every time step, either one or both of the Eq. (2-13) and Eq. (2-17) should be zero.

The following equation, Eq. (2-18), which is the third equation of LB-VSL, gives the value of
the VSL once it is decreased, which happens when Vhold ,j(k) > 0.

V SLj(k) = max
[

Ljλjvj(k)ρj(k)
(1 + αj) (Ljλjρj(k) + Vhold,j(k)) , V SLj

]
(2-18)

where V SLj(k) is the speed limit at time step k in the freeway segment j, vj(k) is the speed
at time step k in the freeway segment j, λj is the number of lanes in segment j, Lj is the
length of segment j, αj is the compliance parameter of segment j, VSLj is the minimum speed
limit that can be applied.
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2-4 Variable speed limit algorithms 13

Once the value of VSL is increased, which happens in the case of (Vrel,j(k) > 0), the following
equation, Eq. (2-19), which is the fourth equation of LB-VSL, holds:

VSLj(k) =


VSLj ifρj(k) ≤ Vrel,j(k)

Ljλj

min
[

Ljλjvj(k)ρj(k)
(1+αi)(Ljλjρj(k)−Vrel,j(k)) ,VSLj

]
otherwise

(2-19)

where VSLj is the maximum speed limit that can be applied.

The fifth equation, Eq. (2-20), computes the remaining number of vehicles that still have to
be held back after the VSL decrease in segment j:

Vhold, j+1(k) = max
[
0,
(
Vhold, j(k)− V hold

VSL, j(k)
]

(2-20)

where V hold
VSL, j(k) corresponds to the number of vehicles that are going to be held back by the

VSL of segment j. This value is computed as follows:

V hold
VSL,j(k) = λjLj max

(
0, vj(k)ρj(k)

(1 + αj) VSLj(k) − ρj(k)
)

(2-21)

In a similar way, sixth equation, Eq. (2-4-2), computes the remaining number of vehicles that
should be still released after the VSL increase in segment j.

Vrel,j+1(k) = max
(
0,
(
Vrel,j(k) + V rel

VSL,j(k)
)

(2-22)

where V rel
VSL, j(k) gives the number of vehicles that are going to be released by the VSL of

segment j. This value is computed as follows:

V rel
VSL,j(k) = λjLj min

(
0, vj(k)ρj(k)

(1 + αj) VSLj(k) − ρj(k)
)

(2-23)

The are, therefore, two parameters that should be tuned for the LB-VSL algorithm, namely
the CB and CB.

2-4-3 Mainstream Traffic Flow Control (MTFC)

The second easy-to-implement VSL algorithm used in this work is the Mainstream Traffic
Flow Control (MTFC) algorithm enabled via VSLs. The basic idea of MTFC is to enable the
mainstream traffic flow upstream of a bottleneck to take values ordered by an appropriate
control strategy, in order to establish optimal traffic condition for any appearing demand.
The local aspect of the MTFC concept can be seen in Figure 2-1.

In [3], a VSL-based MTFC feedback cascade controller is proposed. The two loops of the
feedback cascade control structure can be seen in Figure 2-2. This control structure is found
to approximate the optimal controller’s efficiency. It is also simpler, more robust and easily
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Figure 2-1: A local aspect for MTFC [4]

Figure 2-2: Two-loop feedback cascade control structure [3]

implementable. Also, the controller considers practical and safety requirements, which makes
it suitable for field implementations.

For the implementation of the MTFC algorithm, two equations are required to be defined, as
it can be seen in Figure 2-2.

In the first equation, Eq. (2-24), b corresponds to the VSL rate and is approximately equal to
the displayed VSL divided by the legal speed limit without VSL [3]. It is actually an integral
(I) regulator, and has the following form in the time domain:

b(k) = b(k − 1) +KIeq(k) (2-24)

where KI is the integral gain, eq is the flow control error (per lane), eq = q̂c(k)− qc(k).

The second equation, Eq. (2-25), computes the reference flow q̂c(k) and the measured density
ρout is compared with the target density ρ̂out. This target density, for throughput maximiza-
tion, is taken equal to the critical density ρcrit. It is a proportional-integral (PI) regulator,
with the following form in the time domain:

q̂c(k) = q̂c(k − 1) +
(
K ′P +K ′I

)
eρ(k)−K ′Peρ(k − 1) (2-25)

where K ′P is the proportional gain, K ′I is the integral gain, eρ is the density control error (per
lane), eρ = ρ̂out(k)− ρout(k).

For the computation of the value of the VSL, the following equation 2-26 is used, as already
mentioned.

V SLj(k) =vfb(k) (2-26)

where vf is the legal speed limit without VSL.
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2-5 Adaptive control in freeway traffic control 15

The are, therefore, three gains that should be tuned for the MTFC algorithm. Those are the
K ′P and K ′I for the PI controller (primary controller) and KI for the I regulator (secondary
controller).

2-5 Adaptive control in freeway traffic control

Based on [1], "An adaptive controller is a controller with adjustable parameters and a mech-
anism for adjusting the parameters". In the context of adaptive control, the controller’s
parameters are not constant, because some parameters of the plant’s model are unknown,
change unpredictably or vary slowly in time. These variations in the process parameters are
caused by parameter disturbances, which affect the performance of the control system.

A freeway traffic network needs to be controlled with an adaptive control mechanism, because
changes in traffic model’s parameters can occur due to unpredictable external disturbances,
like mainline or on-ramp demands, weather conditions, or incidents, as well as due to the
implementation of control measures that affect the process dynamics and are not modeled
accurately.

According to the literature, the adaptive control techniques for freeway traffic systems focus
mainly on RM and on the estimation of the critical occupancy.

As far as the VSLs are concerned, to the best of the author’s knowledge, the literature that
uses them in an adaptive framework is quite limited, if not nonexistent.

In this chapter, the adaptive control approaches used in the literature for RM ([32], [24], [22])
are presented. The existing adaptive algorithms for RM are mostly variations of the ALINEA
control algorithm. They use measurements of flow and occupancy.

2-6 Adaptive controllers for RM

In the recent literature, the ALINEA control algorithm (Eq. (2-27)) [27] and its variations
are the most commonly used and well-studied strategies for traffic-responsive and local RM.
Those strategies are also chosen by most of the researchers as the base algorithms in order to
develop adaptive control approaches for RM.

The ramp metering strategy ALINEA is actually an integral regulator, which reads as follows:

r(k) = r(k − 1) +KR [ô− oout(k)] , (2-27)

where KR is a constant and positive parameter, oout(k) is the (measured) downstream occu-
pancy and ô is a desired value for the downstream occupancy.

The goal of the adaptive control approaches for RM is the downstream flow (qout) maximiza-
tion. This goal is achieved when the set value (or target value) ô is equal to the critical
occupancy ocrit [24].
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In the non-adaptive case, the critical occupancy is estimated before the application of the
RM algorithm. However, it is proven that the measurements of flow and occupancy do not
cover the area of critical occupancy. Also, "the critical occupancy may change in real time
because of environmental conditions (rain, darkness), traffic composition (trucks), or other
control measures (e.g., VSLs)" [24]. Thus, the on-line estimation of the critical occupancy is
useful and studied by many researchers when RM is considered. The RM strategies, which
contain algorithms for the estimation of the critical occupancy, are mentioned below.

AD-ALINEA The first algorithm is the AD(adaptive)-ALINEA algorithm, which is proposed
in [32]. It uses real-time flow (qout(k − 1)) and occupancy (oout(k − 1)) measurements to
generate estimates for the critical occupancy (õcrit(k)). Then, these estimates are used as set
values in the ALINEA algorithm (ô(k) = õcrit(k)).

The estimation of the critical occupancy õcrit(k) is based on the estimation of the derivative
D = dqout

doout
at the current estimate õcrit(k − 1). Depending on the value of the derivative, the

current estimate õcrit(k− 1) is either increased or decreased by ∆. In case of D = 0, the new
estimate of the critical occupancy is set equal to the estimate of the previous time step. The
same happens in the case that the derivative has a value in the interval [D−, D+], where D−
and D+ correspond to the down and upper limit for a change of the estimate of the critical
occupancy.

Modified AD-ALINEA The second algorithm, proposed in [24], is the Modified AD-ALINEA.
The modification of the original AD-ALINEA were made to increase its robustness and ac-
curacy in real traffic conditions.

The modified AD-ALINEA algorithm is combined with the Simple Derivative Estimation
(SDE) method (see 2-7-2).

The modifications correspond to the addition of some extra steps. Initially, an extra step
reduces the value of õcrit(k) by ∆ every K time units, in order to guarantee that the decrease
of the critical occupancy after an increase is properly tracked by the estimation algorithm,
as explained in [24]. The next modification of the original AD-ALINEA algorithm is the
addition of a threshold value for the modification of the critical occupancy estimation, in case
two consecutive measurements are close to each other. Furthermore, the time derivative δ(k),
which is based on two consecutive measurements is restricted to take values in the interval
[δmin, δmax]. Finally, the value of õcrit(k) is restricted to the interval [õmin

crit , õ
max
crit ], in order to

ensure that the estimate of the critical occupancy will not take very small or very high values.

Adaptive D-ALINEA algorithm in PPA Since 2013, RM, together with other traffic con-
trol measures, has begun to be implemented in a large Field Operational Test (FOT), the
Amsterdam Practical Trial (APT) or PraktijkProef Amsterdam (PPA) [22].

In the PPA, an adaptive control algorithm is used for RM. This algorithm is based on the
well-known algorithm for RM, D-ALINEA, which is a variation of the ALINEA algorithm.
The difference between D-ALINEA and ALINEA is that the D-ALINEA algorithm uses the
density instead of the occupancy as the measured variable and the target value [23], as it can
be seen in the Eq. (2-28).
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r(k) = r(k − 1) +KR [ρ̂− ρout(k − 1)] (2-28)

The adaptive version of D-ALINEA, that is utilized in the PPA, uses a Parameter Estimator
(PE) or Parameterschatter to "estimate the critical density and the capacity at the bottleneck
location" [22]. Thus, the PE uses on-line measurements of the traffic state to estimate the
critical density on-line. Then, the target density value is computed using ρ̂ = ξ ∗ ρcrit, with
ξ ≤ 1. In this way, the implemented target density value never exceeds the estimated critical
density. The estimation method adopted in the PPA for the critical density follows the
AD-ALINEA algorithm described earlier, modified for density instead of occupancy.

AD-RMC In [23], a new ramp metering algorithm with parameter adaptation is proposed.
The name given to this algorithm is Adaptive Ramp Metering Controller (AD-RMC). This
algorithm uses a variation of the PI (Proportional-Integral)-ALINEA algorithm. The original
PI-ALINEA algorithm uses the occupancy, while its variation used in [23] uses density mea-
surements and density as target value. The variation of PI-ALINEA used in [23] can be seen
in Eq. (2-29)

r(k) = r(k − 1)−KP [ρout (k − 1)− ρout (k − 2)] +KI [ρ̂− ρout (k − 1)] (2-29)

The AD-RMC proposed in [23], which is presented in Eq. (2-30), uses time-dependent values
for both the controller’s gains KP, KI, and also for the target density ρ̂.

r(k) = r(k − 1)+KP (k) [ρ̂(k)− ρout(k − 1)] +KI(k)
∫ k

1
(ρ̂(k)− ρout(k − 1)) dk (2-30)

The adaptive law used in [23] for the controller’s gains KP and KI is the gradient method,
which is also used in [25] for updating the gains of a PI-controller for a real-time traffic
management application.

The target density value (ρ̂(k)) is determined adaptively using the equation ρ̂(k) = ξ∗ ρ̂crit(k),
with ξ ≤ 1. Thus, the estimation of the critical density in every time step k (ρ̂crit(k)) is needed.
This estimation uses the derivative of the FD at time k (D(k)) and one of the following update
rules for overcritical (Eq. (2-31)) or undercritical (Eq. (2-32)) traffic conditions.

The update rule for overcritical traffic conditions is chosen if the calculated derivative is on
the "left" of the interval (β−, β+), while the update rule for undercritical traffic conditions is
selected if the derivative is on the "right" of the same interval. In case the derivative is found
to be "inside" the interval, the critical density is not updated.

For overcritical conditions (D(k) < β− < 0)

ρ̂crit(k) =
{
αρ̂crit(k − 1) + (1− α)ρout(k) if ρ̂crit(k − 1) > ρout(k)

ρ̂crit(k − 1) if ρ̂crit(k − 1) ≤ ρout(k) (2-31)

For undercritical conditions (D(k) > β+ > 0)

Master of Science Thesis Georgios Tsaniklidis
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ρ̂crit(k) =
{
αρ̂crit(k − 1) + (1− α)ρout(k) if ρ̂crit(k − 1) < ρout(k)

ρ̂crit(k − 1) if ρ̂crit(k − 1) ≥ ρout(k) (2-32)

The constant weighing smoothing factor α ∈ (0, 1) is used "to prevent oscillatory behaviour"
[23]. Due to the non-symmetric form of the FD around the critical density, |β+| > |β−|, as it
can be seen in Figure 2-3.

2-7 Estimation methods for the derivative of the FD

In the previous section, the state-of-the-art in adaptive ramp metering algorithms is reported.
All the algorithms previously mentioned have one common step before calculating the critical
density, the real-time estimation of the derivative of the FD. Three different methods are
reported in the literature to calculate this quantity, namely the Parameter Estimator (PE)
method used in [23] (or Parameterschatter), the Simple Derivative Estimation (SDE) method
used in [32] and the Kalman-Filter-based derivative Estimation (KFE) method, which is re-
ported in [32],[22] and in [24]. Both AD-ALINEA and AU-ALINEA algorithms are tested in
[32], using the Simple Derivative Estimation (SDE) and Kalman-Filter-based derivative Es-
timation (KFE) methods for the derivative D determination, having similar results. Also, in
[24], the modified AD-ALINEA algorithm is tested using both of these derivative estimation
methods, resulting slightly better performance for the KFE algorithm. The adaptive version
of D-ALINEA, that is utilized in the PPA, uses a Parameter Estimator (PE) or Parameter-
schatter to "estimate the critical density and the capacity at the bottleneck location" [22].
Also, in the PPA, the AD-ALINEA algorithm is used in combination with the KFE approach
(modified for density instead of occupancy) for the estimation of the derivative. Finally, the
AD-RMC uses the PE method for the estimation of the derivative of the FD.

2-7-1 Parameter Estimator (PE)

The first estimation method, namely the Parameter Estimator (PE), is based on the Least
Squares (LS) method to determine the derivative of the FD. It uses measurements of flow
(q) and density (ρ) taken the last T time steps. The equation for the derivative estimation
in this case, follows:

D(k) =
∑T
i=k−T (ρ(i)− ρ̄) ∗ (q(i)− q̄)∑T

i=k−T (ρ(i)− ρ̄)2
(2-33)

where ρ̄ and q̄ are the mean values of the density and flow, respectively.

2-7-2 Simple Derivative Estimation (SDE)

The second estimation method, namely the Simple Derivative Estimation (SDE), estimates
the derivative of the FD at the simulation time step k (D(k)) using the exponential smoothing
technique for the time derivatives δ(k), as it can be seen in Eq. (2-34). The time derivatives
δ(k) are based on measurements of the flow and occupancy from the last two time steps.
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Figure 2-3: Critical density update in PE

δ(k) = qout (k − 1)− qout (k − 2)
oout (k − 1)− oout (k − 2) (2-34)

After having calculated the time derivatives δ(k), the exponential filter presented in Eq. (2-35)
can be applied.

D(k) = αδ(k) + (1− α)D(k − 1) (2-35)

where α ∈ (0, 1) is a constant smoothing parameter.

2-7-3 Kalman-Filter-based derivative Estimation (KFE)

The third method for the estimation of the derivative of the FD is the Kalman-Filter-based
derivative Estimation (KFE). This method also uses real-time measurements of flow (qout(k−
1)) and occupancy (oout(k− 1)). The occupancy measurement should be close to the current
estimate of the critical occupancy. The idea is to fit a straight line to these measurements.
This line should be expressed by the Eq. (2-36).

qout = D (oout − õcrit) + E (2-36)

Therefore, it is needed to "recursively estimate the parameters D(
veh
h
% ) and E (vehh ) around

the current estimate õcrit" [32].

To achieve this, the method uses a Kalman filter with state x =
[
D
E

]
. The method is further

analyzed in chapter 3.
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2-8 Conclusions

This chapter presents the relevant literature on adaptive control for freeway traffic control. In
the first section, freeway traffic modeling is discussed. Section 2-1 presents the macroscopic
traffic model METANET. This model is chosen to be used as the simulation model for this
work, as it is the most suitable for control purposes. It provides a good trade-off between
computational complexity and model accuracy and it can model capacity drop phenomenon.
In the next section, three modeling approaches are presented, which incorporate the effects of
VSLs into the METANETmodel. Hegyi et al. model is chosen to be used in this work to model
the VSL effects. In the fourth section, the different goals of the VSL algorithms are briefly
mentioned and two easy-to-implement VSL algorithms, which focus on the improvement
of traffic efficiency, are chosen to be further analyzed. Those are the MTFC and LB-VSL.
Section 2-5 discusses adaptive control in freeway traffic. The existing literature focuses mainly
on the RM as control measure, and uses mostly the ALINEA control algorithm with its
variations. Those algorithms improve traffic efficiency, by maximizing network’s throughput.
This is achieved by trying to reduce the capacity drop phenomenon near bottleneck locations.
In section 2-6, the main adaptive control algorithms for RM are mentioned. The algorithms
focus on downstream flow maximization, firstly by estimating on-line the critical occupancy
or critical density at the bottleneck location and secondly by setting the control strategy’s
target density or occupancy equal to this estimated value. For the estimation of the critical
density or critical occupancy, all three methods presented in 2-7 have the same goal, namely
the estimation of the derivative of the FD. Three different methods are presented for the
estimation of the derivative of the FD. Those are the PE, SDE and KFE.

2-9 Problem Statement

This work investigates how the easy-to-implement MTFC and LB-VSL control algorithms
can be combined with the estimation methods PE, SDE and KFE for freeway traffic control
with VSLs. The estimation methods are modified to incorporate density measurements and
estimate the critical density. Also, the VSL algorithms are made adaptive, by adjusting their
parameters using estimated values for the freeway traffic netwrok’s critical density. The goal
is to increase freeway traffic network’s performance, in terms of throughput maximization.
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Chapter 3

Online critical density estimation for
adaptive easy-to-implement Variable

Speed Limit algorithms

This chapter proposes six adaptive, easy-to-implement control frameworks for freeway traffic
control with VSLs. Modified versions of the MTFC and LB-VSL easy-to-implement VSL
control algorithms are combined with the PE and modified versions of the SDE and KFE
estimation methods, to estimate on-line the freeway traffic network’s critical density at bot-
tleneck’s location.

1. The SDE and KFE estimation methods are adjusted to include the critical density in-
stead of the critical occupancy and the complete SDE and KFE algorithms are reported.

2. The estimation method PE is combined with the update rule for the critical density
from the AD-RMC algorithm.

3. The MTFC algorithm is adjusted to have variable gains K ′P(t), K ′I(t) and KI(t).

4. The LB-VSL algorithm is adjusted to have variable calibration parameters CB(t) and
CB(t).

The notation and modelling concepts of METANET model are considered. The chapter is
structured as follows. In Section 3-1, the framework used in this chapter is introduced. Section
3-2 discusses the three different approaches for the online estimation of the critical density.
In section 3-3, the adaptivity added to the MTFC and LB-VSL algorithms is reported. The
parameters of the estimation methods and control algorithms are summarized in 3-4. Finally,
the conclusions are stated in section 3-5.
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3-1 Framework introduction

This section provides an introduction to the framework used in this chapter. Freeway traf-
fic control is achieved by the usage of different control measures. In this work, the VSLs
are chosen to be used. The easy-to-implement VSL algorithms MTFC and LB-VSL are uti-
lized, which aim at the improvement of traffic efficiency, by means of outflow maximization.
To maximize the positive impact of those algorithms, the traffic network’s density at the
bottleneck’s location should be as close as possible to the critical density.

However, the value of the critical density changes, due to many reasons, such as environmental
conditions or incidents. Hence, the real-time estimation of the critical density is crucial. For
that, three estimation methods, which produce an estimate of the network’s critical density,
are implemented. In those estimation methods, the calculation of the derivative of the FD is
required. The estimation of the derivative of the FD is studied, by comparing three different
algorithms, namely the PE, SDE and KFE. The last two methods are modified to include
measurements of density. They are also adjusted to estimate the critical density instead of
the critical occupancy. Furthermore, the parameters CB and CB of the LB-VSL and the
controllers’ gains K ′P, K ′I and KI of the MTFC algorithm are updated on-line to increase the
controllers’ performance.

3-2 Online critical density estimation

In chapter 2, the SDE and KFE estimation algorithms are explained. However, those algo-
rithms use measurements of occupancy and estimate on-line the critical occupancy. In this
work, the measurements of density are used instead and the algorithms produce estimates for
the freeway traffic network’s critical density at the bottleneck’s location. Below are presented
the modified versions of the SDE and KFE algorithms.

3-2-1 Modified Simple Derivative Estimation (SDE) algorithm

In the modified SDE algorithm, the calculation of the time derivatives δ(k) is based on
measurements of flow and density from the last two time steps.

δ(k) = qout (k − 1)− qout (k − 2)
ρout (k − 1)− ρout (k − 2) (3-1)

After having calculated the time derivatives δ(k), the exponential filter can be applied.

D(k) = αδ(k) + (1− α)D(k − 1) (3-2)

where α ∈ (0, 1).

In the existing SDE algorithm, the critical density ρ̃crit is used instead of the critical occu-
pancy. Depending on the value of the derivative D, the critical density is either increased or
decreased by ∆. If D = 0 or if the derivative has a value in the interval [D−, D+], the new
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Figure 3-1: Critical density update in SDE

estimate of the critical density is set equal to the estimate of the previous time step. Due to
the non-symmetric form of the FD around the critical density, |D+| > |D−|, as it can be seen
in Figure 3-1

The modified SDE algorithm is presented below.

a. Initialize D(0) = 0, k = 1, ρ̃crit(0) = ρmin
crit

b. Enter the new measurements qout(k − 1), ρout(k − 1)
c. Reduce ρ̃crit(k) every K time units by ∆, unless ρ̃crit(k) = ρmin

crit
d. If |ρ̃crit(k − 1)− ρout(k − 1)| > P, then ρ̃crit(k) = ρ̃crit(k − 1); go to Step k
e. If |ρout (k − 1)− ρout (k − 2)| ≥ ε calculate δ(k)
otherwise, set ρ̃crit(k) = ρ̃crit(k − 1) and go to Step k
f. If δ(k) ≥ δmax then δ(k) = δmax; if δ(k) ≤ δmin then δ(k) = δmin
g. Update the value of the derivative D(k)
h. If D(k) > D+ then set s(k) = +1; if D(k) < D−then set s(k) = −1;
otherwise set s(k) = 0
i. Calculate the quantity ρ̃c

crit(k) = ρ̃crit(k − 1) + s(k)∆; update the
critical density estimate according to

ρ̃crit(k) =


ρ̃c

crit(k) if ρ̃c
crit(k) ∈

(
ρmin

crit , ρ
max
crit

)
ρmin

crit if ρ̃c
crit(k) ≤ ρmin

crit
ρmax

crit if ρ̃c
crit(k) ≥ ρmax

crit
j. If s(k) 6= 0, set D(k) = 0
k. Set k := k + 1; go to Step b.

In step a, the necessary initializations are introduced. Step c reduces the value of the estimate
of the critical density by ∆ every K time units, in order to guarantee that the decrease of
the critical occupancy after an increase is properly tracked by the estimation algorithm, as
explained in [24]. In step e, a threshold value is introduced for the modification of the critical
density estimation, in case two consecutive measurements are close to each other. In step
f, the time derivative δ(k), which is based on two consecutive measurements, is restricted
to take values in the interval [δmin, δmax]. Finally, in step i, the value of the critical density
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estimate is restricted to the interval [ρmin
crit , ρ

max
crit ], in order to ensure that the estimate of the

critical density will not take very small or very high values.

3-2-2 Modified Kalman-Filter-based derivative Estimation (KFE) algorithm

The KFE method uses real-time measurements of flow (qout(k−1)) and density (ρout(k−1)).
The flow and density measurements that are used for the estimation of the derivative are
sufficiently close to the current estimate of the critical density, in order to fit a straight line
to these measurements. This line should be expressed by the Eq. (3-3).

qout = D (ρout − ρ̃crit) + E (3-3)

Therefore, it is now needed to estimate the parameters D(kmh ) and E (vehh ) around the current
estimate ρ̃crit.

The state of the Kalman filter and the state equation remains the same as x =
[
D
E

]
and

x(k) = x(k − 1) + z(k) (3-4)

where z is the system noise with covariance Z. Only table c changes in the output equation,
as follows:

y(k) = c(k)x(k) + w(k) (3-5)

where

• y(k) = qout(k)

• c(k) =
[
(ρout − ρ̃crit) 1

]
• w(k) is the output noise with covariance matrix W.

Based on the above, the resulting Kalman filter now reads:

x̂(k) = x̂(k − 1) + H(k − 1)[y(k)− c(k)x̂(k − 1)] (3-6)

where

• x̂(k) is the estimate of the state vector x

• H(k − 1) is the gain vector

• y(k)− c(k)x̂(k − 1) is the output error
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The filter gain vector H(k) is calculated using the following equation:

H(k − 1) = [Π(k − 1) + Z] cT (k)
{
c(k) [Π(k − 1) + Z] cT (k) +W

}−1
(3-7)

where Π, the error covariance matrix, is updated according to the Eq. (3-8).

Π(k) = [Π(k − 1) + Z]−H(k − 1)c(k) [Π(k − 1) + Z] (3-8)

For the initial values of vectors x̂ and Π the following equations are used:

Π(0) = Z (3-9)

x̂(0) =
[

0
qest

cap

]
(3-10)

where qest
cap is the estimate of the capacity of the freeway downstream of the bottleneck.

The following algorithm represents the modified KFE algorithm for the critical density esti-
mation.

a. Initialize D(0) = 0, k = 1, E(0) = qest
cap, ρ̃crit(0) = ρmin

crit ,Π(0) = Z.
b. Enter the new measurements qout(k − 1), ρout(k − 1)
c. Reduce ρ̃crit(k) every K time units by ∆, unless ρ̃crit(k) = ρmin

crit
d. If |ρ̃crit(k − 1)− ρout(k − 1)| > P, then ρ̃crit(k) = ρ̃crit(k − 1); go to Step i
e. Calculate H(k-1), D(k), E(k),Π(k) in this order
f. If D(k) > D+ then set s(k) = +1; if D(k) < D−then set s(k) = −1;
otherwise set s(k) = 0.
g. Calculate the quantity ρ̃c

crit(k) = ρ̃crit(k − 1) + s(k)∆; update the
critical density estimate according to

ρ̃crit(k) =


ρ̃c

crit(k) if ρ̃c
crit(k) ∈

(
ρmin

crit , ρ
max
crit

)
ρmin

crit if ρ̃c
crit(k) ≤ ρmin

crit
ρmax

crit if ρ̃c
crit(k) ≥ ρmax

crit
h. If s(k) 6= 0, set E(k) := E(k) +D(k)∆ and D(k) = 0
i. Set k := k + 1; go to Step b.

Almost all the steps of the above algorithm are same as in the case of SDE method, except for
the calculation of the derivative of the FD, which is performed in step e in above algorithm.

3-2-3 Critical density estimation and PE

In this work, the aforementioned estimation methods for the derivative of the FD, SDE and
KFE, are compared with the PE estimation method. The PE method is presented in 2-7-1.
This estimation method is combined with the update rule for the critical density estimation
from AD-RMC algorithm, as described in (2-31) and (2-32).
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3-3 Adaptive easy-to-implement Variable Speed Limit algorithms

In this section, adaptivity is added to the previously mentioned easy-to-implement VSL al-
gorithms MTFC and LB-VSL.

3-3-1 Adaptive Mainstream Traffic Flow Control (MTFC)

In section 2-4-3, the MTFC algorithm is reported. The controller consists of one integral (I)
regulator and one proportional-integral (PI) regulator in a two-loop feedback cascade control
structure. The I regulator contains the gain KI , while the PI regulator contains the gains
K ′P and K ′I. In this work, those gains are made variable. This means that the controllers’
gains are updated in each controller step. The update of the controllers’ gains is based on the
value of the estimated critical density produced by the aforementioned estimation methods
PE, SDE and KFE. The equations of the adaptive MTFC control algorithm are presented
below.

In the first equation, Eq. (3-11), b corresponds to the VSL rate and is equal to the displayed
VSL divided by the legal speed limit without VSL, that is b(k − 1) = V SL(τ−1)

vf
.

b(k) = b(k − 1) +KI(τ)[q̂VSL(k)− qVSL(k)] (3-11)

where

• KI(τ) is the adaptive integral gain updated in every controller’s step,

• q̂VSL(k) is the estimated flow exiting the segment with the VSL installation and

• qVSL(k) is the measured flow exiting the segment with the VSL installation,

The temporal VSL implementation constraint is also applied, as it can be seen is Eq. (3-12),
together with a minimum and maximum allowable limit for the applied VSL, as presented in
Eq. (3-13).

|V SL(τ)− V SL(τ − 1)| ≤ γ (3-12)

V SLmin
vf

≤ b(k) ≤ V SLmax
vf

(3-13)

For the adaptive gain KI(τ), the following equation has been used.

KI(τ) = KI(
ρ̂crit(τ)
ρcrit(0) ) (3-14)

The second equation, Eq. (3-15), gives the reference flow q̂VSL(k) using the measured density
ρVSL(k) and the estimated critical density ρ̂crit(τ).
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q̂VSL(k) = q̂VSL(k − 1) +
(
K ′P(τ) +K ′I(τ)

)
(ρ̂crit(τ)− ρVSL(k))−K ′P(τ) (ρ̂crit(τ)− ρVSL(τ))

(3-15)

where

• K ′P(τ) is the adaptive proportional gain updated in every controller’s step and

• K ′I(τ) is the adaptive integral gain updated in every controller’s step

For the adaptive gains K ′P(τ) and K ′I(τ), the following equations have been used.

K ′P(τ) = K ′P( ρ̂crit(τ)
ρcrit(0) ) (3-16)

K ′I(τ) = K ′I(
ρ̂crit(τ)
ρcrit(0) ) (3-17)

3-3-2 MTFC gains’ equations

For each one of the adaptive gains’ equations of the MTFC algorithm, Eq. (3-14), Eq. (3-
16) and Eq. (3-17), three different equations were evaluated. All possible combinations were
checked and the selected ones were shown to result in the lowest value of TTS for all considered
scenarios. The three different equations used for each adaptive gain of the MTFC algorithm
are presented below.

For the adaptive gain KI(τ), the following equations were evaluated:

• KI(τ) = KI( ρ̂crit(τ)
ρcrit(0) )

• KI(τ) = KI( ρcrit(0)
ρ̂crit(τ))

• KI(τ) = KI(1− ζ(1− ρcrit(0)
ρ̂crit(τ))) , where ζ ∈ [0.1, 0.9]

Similarly, for the adaptive proportional gain of the PI controller of the MTFC algorithm, the
following equations were evaluated:

• K ′P(τ) = K ′P( ρ̂crit(τ)
ρcrit(0) )

• K ′P(τ) = K ′P( ρcrit(0)
ρ̂crit(τ))

• K ′P(τ) = K ′P(1− ζ(1− ρcrit(0)
ρ̂crit(τ))) , where ζ ∈ [0.1, 0.9]

Finally, for the adaptive integral gain of the PI controller of the MTFC algorithm, the fol-
lowing equations were evaluated:
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• K ′I(τ) = K ′I(
ρ̂crit(τ)
ρcrit(0) )

• K ′I(τ) = K ′I(
ρcrit(0)
ρ̂crit(τ))

• K ′I(τ) = K ′I(1− ζ(1− ρcrit(0)
ρ̂crit(τ))) , where ζ ∈ [0.1, 0.9]

In all different cases the same value was used for the initial critical density value. Also, the
same values have been used for the constant gains KI, K ′P and K ′I.

3-3-3 Adaptive Logic-Based control algorithm for Variable Speed Limits (LB-VSL)

The LB-VSL algorithm is presented in section 2-4-2. The controller uses a feed-forward control
structure, which aims to prevent the congestion at bottleneck’s location. The algorithm
computes the total number of vehicles that should be held up or released, in order to maximize
the outflow at the bottleneck’s location. The are two parameters which need to be tuned
for the implementation of the LB-VSL algorithm. Those are the CB and CB. The former
usually takes values around the capacity of the bottleneck, while the latter is set between
the capacity of the bottleneck and the congested outflow of the bottleneck. In this section,
those two parameters are updated adaptively. The update rule is based on the value of the
estimated critical density produced by the PE, SDE and KFE estimation methods. Below
are presented the equations of the adaptive LB-VSL control algorithm.

In the first equation, Eq. (3-18), Vhold ,1 corresponds to the total number of vehicles that
should be held back.

Vhold,1(k) =max
[
0, Tff (k)

(
QiB (k)− CB(τ)

)
− λBLB (ρ̂crit,B(τ)− ρB(k))

]
(3-18)

where

• CB(τ) is updated on-line in each controller’s time step and

• ρ̂crit,B(τ) is the estimate of bottleneck’s critical density

The rest of the parameters mentioned in Eq. (3-18) are explained in section 2-4-2.

For the adaptive parameter CB(τ), the following equation has been used.

CB(τ) = CB(1− 0.4(1− ρ̂crit,B(τ)
ρcrit,B(0) )) (3-19)

In the second equation, Eq. (3-20), Vrel,1 corresponds to the total number of vehicles that
have to be released.

Vrel,1(k) =max
[
0,−Tff(k) (QiB(k)− CB(τ)) + λBLB

(
ρ̂crit,B(τ) − ρB(k)

)]
(3-20)

where
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• CB(τ) is updated on-line in each controller’s time step and

• ρ̂crit,B(τ) is the estimate of bottleneck’s critical density

The rest of the parameters mentioned in Eq. (3-20) are explained in section 2-4-2.

For the adaptive parameter CB(τ), the following equation has been used, after trial-and-error.

CB(τ) = CB(1− 0.4(1− ρ̂crit,B(τ)
ρcrit,B(0) )) (3-21)

The same temporal VSL implementation constraint as in the case of MTFC algorithm is also
applied for the LB-VSL controller. This constraint can be seen is Eq. (3-12). The minimum
and maximum allowable limit for the applied VSL is already included in the implementation
of the original LB-VSL algorithm, as it can be seen in Eq. (2-18) and Eq. (2-19).

3-3-4 LB-VSL parameters’ equations

Similarly to the MTFC case, for each one of the adaptive parameters’ equations of the LB-VSL
algorithm, Eq. (3-19) and Eq. (3-21), three different equations were evaluated. All combina-
tions were considered and the selected ones were shown to result in the lowest value of TTS
for all different scenarios. The three different equations used for each adaptive parameter of
the LB-VSL algorithm are presented below.

For the adaptive parameter CB(τ), the following equations were evaluated:

• CB(τ) = CB( ρ̂crit(τ)
ρcrit(0) )

• CB(τ) = CB( ρcrit(0)
ρ̂crit(τ))

• CB(τ) = CB(1− ζ(1− ρcrit(0)
ρ̂crit(τ))) , where ζ ∈ [0.1, 0.9]

Finally, for the adaptive parameter CB(τ), the following equations were evaluated:

• CB(τ) = CB( ρ̂crit(τ)
ρcrit(0) )

• CB(τ) = CB( ρcrit(0)
ρ̂crit(τ))

• CB(τ) = CB(1− ζ(1− ρcrit(0)
ρ̂crit(τ))) , where ζ ∈ [0.1, 0.9]

As in the case of the MTFC algorithm, the same value was used for the initial critical density
value. Also, the same values have been used for the constant parameters CB and CB.
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3-4 Control Parameters

In this section, the control parameters are reported. The parameters which need to be selected
correspond to the estimation methods for the online critical density estimation, as well as to
the adaptive easy-to-implement VSL algorithms and the VSL implementation constraints.
Below tables summarize all parameters.

Method Control Parameter Units Description

PE

T − interval length for the derivative

β− km
h

lower threshold value of derivative
for critical density update

β+ km
h

upper threshold value of derivative
for critical density update

α − weighing smoothing factor

SDE

ρmin
crit

veh
km·lane minimum value for the critical density

ρmax
crit

veh
km·lane maximum value for the critical density

K sec interval for critical density reduction

∆ veh
km·lane

value for the critical density reduction
every K seconds

P veh
km·lane

threshold value for
critical density estimation update

ε veh
km·lane

threshold value for
difference in two consecutive density measurements

δmax
km
h threshold value for time derivative

δmin
km
h threshold value for time derivative

α − constant smoothing parameter
D+ veh

km·lane threshold value for derivative estimate
D− veh

km·lane threshold value for derivative estimate

KFE

qest
cap

veh
h estimate of the bottleneck’s capacity

Z - covariance matrix of system noise
W - covariance matrix of output noise
ρmin

crit
veh

km·lane minimum value for the critical density
ρmax

crit
veh

km·lane maximum value for the critical density
K sec interval for critical density reduction

∆ veh
km·lane

value for the critical density reduction
every K seconds

P veh
km·lane

threshold value for
critical density estimation update

D+ veh
km·lane threshold value for derivative estimate

D− veh
km·lane threshold value for derivative estimate

Table 3-1: Estimation methods’ parameters
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Method Control Parameter Units Description

Adaptive
MTFC

vf
km
h free-flow speed

KI
h

veh·lane gain of I controller
K ′P

km
h·lane proportional gain of PI controller

K ′I
km

h·lane integral gain of PI controller

ρcrit(0) veh
km·lane

initial guess for
critical density

qmin
km
h lower threshold for flow

qmax
km
h upper threshold for flow

Adaptive
LB-VSL

αj - compliance parameter of segment j
Lj km length of segment j

λ - number of lanes in the
VSL application area

L̂i km distance between detectors

LA km distance between bottleneck and
the most upstream segment with VSL installed

λB - number of lanes at
the bottleneck location

LB km bottleneck’s length

CB
veh
h

tuning parameter
between the congested outflow

of the bottleneck (capacity minus capacity drop) and
the capacity of the bottleneck

CB
veh
h

tuning parameter
(around bottleneck’s capacity)

ρcrit(0) veh
km·lane initial critical density guess

VSL
Constraints

γ km
h

maximum difference in the VSL values
displayed by the same gantry

between two consecutive simulation time step
V SLmin

km
h minimum allowable VSL value

V SLmax
km
h maximum allowable VSL value

Table 3-2: Controllers’ parameters

3-5 Conclusions

In this chapter an introduction to the framework used in this chapter is provided. The well-
known easy-to-implement VSL algorithms MTFC and LB-VSL are modified in an adaptive
framework, in order to maximize bottleneck’s outflow. The critical density at the bottleneck
location and the controllers’ parameters are estimated on-line.

More specifically, the critical density at the bottleneck’s location is estimated online using
three estimation methods. The first one uses the PE method together with the updated rule
for the critical density from the AD-RMC algorithm. The second method uses a modified
version of the SDE algorithm, in which the critical occupancy is replaced by the critical
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density. Similar approach is followed for the third estimation method, which is a modified
version of the KFE algorithm.

Regarding the adaptivity added to the MTFC algorithm, the three controllers’ gains, KI, K ′P
and K ′I, are considered to be updated online is each controller’s time step, using the estimated
value of the critical density and an initial guess of the critical density.

For the LB-VSL algorithm, the two tuning parameters CB and CB are chosen to be updated
adaptively in a similar way, using again the estimated value of the critical density.

Finally, all control parameters are summarized.
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Chapter 4

Case study

The adaptive easy-to-implement Variable Speed Limit algorithms proposed in Chapter 3 are
evaluated in this chapter. This is done by comparing their performance under two different
scenarios, namely under accident and rain conditions. The chapter is structured as follows.
Section 4-1 discusses the case study details. Section 4-2 describes the parameters of the
estimation methods that need to be defined. The next two sections describe the case studies
in detail. In Section 4-3 the accident scenario is studied, while in section 4-4 rain conditions
are considered in the traffic network. Lastly, the chapter is concluded in section 4-5.

4-1 Case study details

In this section the details of the case study are discussed. Firstly, the freeway traffic network
used in the simulations is described. Then, the performance criteria used to evaluate the
control algorithms are presented. Subsequently, the computer specifications used to run the
simulations are mentioned. Lastly, the no-control simulation result is presented to be used as
benchmark.

4-1-1 Freeway traffic network

The freeway traffic network used in [11], shown in figure 4-1, is used in this work to evaluate
the performance of the proposed control algorithms. It is an hypothetical 12 km long freeway
stretch, consisted of N=12 segments and λi=3 lanes. Each segment has a length of Li=1 km.
The 4th segment has an on-ramp and the 11th has a lane drop. Segment 11, which has 2
lanes, is considered as a bottleneck, in which congestion is created once the demand is high
enough. Two segments of the considered traffic network are equipped with VSLs, namely
segment 5 and 6. The VSLs can only take a limited number of discrete values in the range of
{40, 50, 60, 70, 80, 90, 100}. Also, they can either increase or decrease by 10 km/h for each
controller time step. For those implementation constraints the MATLAB function floor has
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Figure 4-1: Freeway traffic network used

α µH µL φ K δ a

2 80 20 0.1 40 0.01 0.1

Table 4-1: METANET parameters

been used in the equations 2-18 and 2-19 for the LB-VSL controller and in the equation 2-26
for the MTFC controller.

The considered network is simulated using the METANET model. The VSL model proposed
in [20] is used to include the effects of VSLs. All network’s segments have the same METANET
parameters. The simulation time is chosen to be three hours. The length of the controllers’
time step is Tc = 60s, while the length of the simulation time step is T = 10s. So, 180
controller sample steps and 1080 simulation steps are presented.

The on-ramp of segment 4 has a capacity of Cr = 2000vehh , the free-flow speed is vf = 110kmh ,
the critical density is ρc = 32 veh

(km·lane) , the maximum density is ρm = 180 veh
(km·lane) , and τ = 18s

is the time constant. In Table 4-1, the reader can find the rest of METANET’s parameters.

As shown in figure 4-2, the demand scenario used for the ramp has a constant value of 500vehh ,
while for the mainline, a demand scenario which creates congestion for the second hour of the
simulation is used. The used demand scenario creates no queues on the on-ramp or on the
mainline.

For the implementation of the LB-VSL controller, flow and speed detectors are considered for
segments 5 to 10, while for MTFC controller, segment’s 11 density and segment’s 6 flow are
measured.

The initial guess for the critical density of the bottleneck is considered 32 veh
km·lane . Then, it is

estimated on-line. The initial guess is done using METANET’s fundamental diagram.

4-1-2 Performance criterion

The goal of this thesis is to develop adaptive easy-to-implement VSL control algorithms for
freeway traffic networks, by estimating on-line the bottleneck’s critical density, in order to
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Figure 4-2: Mainline and on-ramp demands
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increase freeway traffic efficiency. To measure the efficiency of the controllers, the performance
indicator used is the Total Time Spent (TTS) by all drivers in the network, including the
waiting time experienced on the on-ramp and the mainline queue. It is computed using the
following equation 4-1 [20].

TTS =
180∑
k=1

(T
2∑
j=1

wj(k) + T
12∑
i=1

(ρi(k)Lλ)) (4-1)

Furthermore, to evaluate the methods used to estimate online the critical density at the
bottleneck location, the mean absolute estimation error was used. For the calculation of this
quantity, the equation 4-2 was used.

MAER = 1
180

180∑
k=1

(|ρrealcrit − ρ̃crit|) (4-2)

4-1-3 Computer specifications

All the simulations in this work are conducted on a Toshiba Satellite P50 − C, containing
an Intel Core i7 processor and 12GB of RAM. The simulations are evaluated in MATLAB
R2019b.

4-1-4 Congestion scenarios

Two different congestion scenarios are considered in this case study. In the first scenario,
an accident on segment 11 (bottleneck) of the traffic network is simulated. The accident
happens at the start of the second simulation hour and lasts for 30mins (t = 60 to 90 min).
For the accident’s simulation, the critical density of segment 11 is reduced from 32 veh

km·lane to
22 veh

km·lane . This is affecting the driver’s desired speed and creates congestion at the bottleneck
location. In the second scenario, heavy rain is considered in the whole traffic network, during
the second hour of the simulation (t = 60 to 120 min). To simulate the rain conditions, the
critical density of all network’s segments is reduced during the second hour from 32 veh

km·lane to
20 veh

km·lane . Due to the rain conditions, higher delays are observed for the network’s drivers,
who drive at lower speeds.

4-1-5 No-control simulation result

When simulating the traffic network without any control measure, congestion appears in the
freeway for both scenarios, as it can be seen in the figures 4-3, 4-4, 4-5, 4-6. The congestion
appears during the second hour of the simulation and is resolved during the third hour. So,
during the third hour, free flow conditions prevail in the whole traffic network. The TTS for
the no-control case can be found in the table 4-2.

Figure 4-3 shows the speeds in all the freeway traffic network’s segments in the accident case,
while figure 4-4 presents the densities. As it can be observed, congestion appears in segments
7 to 12.
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No-control simu-
lation scenario

TTS (veh ·hours)

scenario accident 1244.23
scenario rain 1335.05

Table 4-2: TTS comparison, no-control in accident and rain scenarios

Figure 4-3: Scenario accident - speeds in no-control case

Figure 4-4: Scenario accident - densities in no-control case
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Figure 4-5: Scenario rain - speeds in no-control case

Similarly, for the rain scenario, figures 4-5 and 4-6 present the speeds and densities respectively
in the whole network when no control is applied. As it can be seen, congestion appears in all
the segments of the freeway traffic network.

4-2 Parameters of the estimation methods

In this section, the choices made for the parameters of the estimation methods are reported.
The choices can be different based on the congestion scenario.

PE For the PE estimation methods, four parameters have to be decided. In both accident
and rain scenarios all parameters are same for the MTFC and LB-VSL controllers. Below
table presents the values chosen for the PE algorithm.

Parameter Value
T 6
β− −10kmh
β+ 80kmh
α 0.5

Table 4-3: PE parameters

The choice of the above parameters for PE was made by trial-and-error. According to [32],
the absolute value of β− should be smaller than the value of β+, because of the asymmetric
shape of the FD. As for the smoothing parameter α, its value depends on the value of the
time interval T, or else on the number of the last density and flow measurements used [23].
The value of the interval length of the derivative, T, is chosen to be determined over six
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Figure 4-6: Scenario rain - densities in no-control case

preceding measurements, which corresponds to 1 min time, given that the simulation time
step is 10 sec. The same value was also used in [23].

Simple Derivative Estimation (SDE) In the case of the SDE method, all eleven parameters
are considered the same for all four scenario cases. Below table presents the values chosen for
the SDE algorithm.

Parameter Value
α 0.99
D+ 20 veh

km·lane
D− −10 veh

km·lane
ρmin

crit 20 veh
km·lane

ρmax
crit 40 veh

km·lane
K 600s
∆ 5 veh

km·lane
P 2 veh

km·lane
ε 0.1 veh

km·lane
δmin −100kmh
δmax 100kmh

Table 4-4: SDE parameters

As in the case of PE, the parameters of the SDE algorithm were chosen by trial-and-error.
However, the logic behind the selection of the parameters was based on [23], in which oc-
cupancy measurements are used in the algorithm instead of density measurements. For the
values of D+ and D−, the rule |D+| > |D−| was used, which is due to the non-symmetric
form of the FD around the critical density. Low threshold values were used for both the

Master of Science Thesis Georgios Tsaniklidis



40 Case study

upper and lower limit of the derivative estimates. The lower and upper limit for the value
of the critical density were selected based on reasonable limits for free-flow and congested
states, respectively, of the selected freeway traffic network. A high value was selected for α,
smoothing parameter for the exponential filter, as "a strong smoothing calls for lower thresh-
old magnitude and vice versa" [24]. Regarding the values of δmin and δmax, although δ(k) was
never found to reach these limits, it was deemed necessary to introduce the limits to prevent
D(k) from taking unreasonably high or low values in the case of corrupted data. The value of
P, threshold value for the critical density estimation update, was selected to be the same for
both SDE and KFE algorithms. A selection of a small value for P indicates that there will be
no derivative update (and critical density estimation) if the current density measurement and
the last estimate of the critical density are not close to each other, which seems reasonable
so that density measurements that are not close to critical density are excluded. Regarding
the selection of the values for the parameters K and ∆, K = 600sec and ∆ = 5 veh

km·lane were
considered as appropriate. Finally, a very small value was selected for ε, as "no modification
in the estimation of the critical density should be allowed when two consecutive density mea-
surements are very close to each other, because in this case the time derivative δ(k) may not
be a reliable estimate of the actual derivative" [24].

Kalman-Filter-based derivative Estimation (KFE) For the KFE algortihm, ten parameters
have to be chosen. As it can be seen in the following table, the parameters’ values are same
for all different scenarios. The output noise w(k) is considered to be zero, so the covariance
matrix is W = 0. The system noise follows normal distribution with mean value 0 and
standard deviation 0.5.

Parameter Value
qest

cap 6000vehh
Z Z ∼ N (0, 0.5)
W 0
ρmin

crit 20 veh
km·lane

ρmax
crit 40 veh

km·lane
K 600s
∆ 5 veh

km·lane
P 2 veh

km·lane
D+ 20 veh

km·lane
D− −10 veh

km·lane

Table 4-5: KFE parameters

The parameters of the KFE algorithm which are also used in the SDE algorithm were selected
to be the same in both algorithms. The logic behind the selection procedure is explained in
the previous paragraph. For the initial value of E, E(0), which is equal to an estimate of the
bottleneck’s capacity qest

cap, it was selected to be used the same value used as maximum flow
limit in the MTFC algorithm.
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4-3 Case study A : Accident scenario

In this section, the results of the first case study are presented. An accident in segment 11
is simulated for 30 minutes, during the first half of the second hour of the simulation. The
critical density at the bottleneck location is reduced for 30 mins from 32 veh

km·lane to 22 veh
km·lane .

The initial density guess at the bottleneck location is 32 veh
km·lane .

In the first subsection, the MTFC algorithm is simulated with the full knowledge of the critical
density at each simulation step. In each one of the next three sections, one estimation method
is combined with the MTFC algorithm. Then, the same structure is followed for the case of
the LB-VSL algorithm. First the LB-VSL algorithm is simulated using the real values of
the critical density, while in the last three sections the controller is combined with the three
estimation methods. The chosen parameters are given below for each controller.

The TTS by all drivers in the network is presented in each subsection. Also, speed and density
figures are used to capture the controllers’ effect on the freeway traffic network. Finally, the
absolute estimation error is calculated for all estimation methods.

The MTFC controller’s parameters in the accident case can be found in table 4-6.

Controller Control Parameter

Adaptive
MTFC

vf = 100kmh
KI = 0.0707 h

veh·lane
K ′P = 109.49 km

h·lane
K ′I = 2.6502 km

h·lane
ρ̂crit(0) = 32 veh

km·lane
qmin = 1000kmh
qmax = 6000kmh

Table 4-6: Accident scenario: MTFC Controller’s parameters

The LB-VSL controller’s parameters in the accident case can be found in table 4-7.

Controller Control Parameter

Adaptive
LB-VSL

αj = 0.1
Lj = 1km
λ = 3

L̂i = 1km
LA = 6km
λB = 2

LB = 1km
CB = 3171.8vehh
CB = 4514.2vehh

ρ̂crit(0) = 32 veh
km·lane

Table 4-7: Accident scenario: LBVSL Controller’s parameters
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Figure 4-7: Scenario accident - speeds with adaptive MTFC - full knowledge of ρcrit

4-3-1 Mainstream Traffic Flow Control (MTFC) + No estimation

In this section, the MTFC algorithm uses the real values of the critical density at each instant.
The results are presented below.

First, the speeds of all network’s segments are shown in figure 4-7. As it can be observed,
compared to the no-control case, the congestion is resolved earlier in time. However, when
the adaptive MTFC algorithm is applied, the congestion appears also in segments 4,5 and 6.
Figure 4-8 presents network’s densities with the adaptive MTFC controller knowing the criti-
cal density during the whole simulation time. As in the case of the speeds’ figure, the adaptive
MTFC controller is able to provide free-flow conditions earlier in the traffic network, compared
to the no-control case.
The TTS for all the drivers in the traffic network was found to be 1200.71veh · hours, which
is a 3.49% decrease compared to the no-control case.

4-3-2 Mainstream Traffic Flow Control (MTFC) + Parameter Estimator (PE)

In this section, the PE method is combined with the MTFC algorithm and the results are
presented below. In the figure 4-9, it can be observed that, using an accurate initial guess
for the bottleneck’s critical density, the PE estimation method seems to be able to track
the reduction of the critical density after the first simulation hour. However, the estimation
algorithm cannot track properly the critical density increase after the decrease, which leads
to undercritical conditions, meaning that the estimated critical density is lower than the real
one.
Figures 4-10 and 4-11 shows the speeds and densities for all the segments of the traffic network,
when the adaptive MTFC algorithm is combined with the estimation method PE. We can
observe lighter congestion at the bottleneck location, compared to the no-control case.
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Figure 4-8: Scenario accident - densities with adaptive MTFC - full knowledge of ρcrit

Figure 4-9: Accident scenario: MTFC Controller with PE, Bottleneck’s Critical Density Estima-
tion
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Figure 4-10: Scenario accident: speeds with MTFC Controller and PE

Figure 4-11: Scenario accident: densities with MTFC Controller and PE
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Figure 4-12: Accident scenario: MTFC Controller with SDE, Bottleneck’s Critical Density Esti-
mation

The TTS in this case was found to be 1198.38veh · hours, which corresponds to a 3.68%
decrease compared to the no-control case.
Regarding the mean absolute estimation error it was found to be 2.84 veh

km·lane .

4-3-3 Mainstream Traffic Flow Control (MTFC) + Simple Derivative Estimation
(SDE)

In this section, the SDE method is combined with the MTFC algorithm. The results can be
seen in figure 4-12.
As it can be seen in figure 4-12, the SDE method can track better, compared to the PE
method, the changes of the critical density at the bottleneck location. It can properly track
the critical density’s decrease during the second hour of the simulation, but the increase once
the congestion starts to resolve cannot be identified.
In figures 4-13 and 4-14, the speeds and densities for all the segments of the traffic network
are presented, when the adaptive MTFC algorithm is combined with the estimation method
SDE. Both figures show very similar results with the PE case.
The TTS in this case was found to be 1199.06veh · hours, which corresponds to a 3.63%
decrease compared to the no-control case, and slightly lower decrease than the PE case. In
addition, the mean absolute estimation error was found to be 3.75 veh

km·lane , which is higher
than the PE case.

4-3-4 Mainstream Traffic Flow Control (MTFC) + Kalman-Filter-based deriva-
tive Estimation (KFE)

The KFE method is combined with the MTFC algorithm and the results are presented in this
section. Figure 4-17 shows the estimated critical density when the KFE method is combined
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Figure 4-13: Scenario accident: speeds with MTFC Controller and SDE

Figure 4-14: Scenario accident: densities with MTFC Controller and SDE
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Figure 4-15: Scenario accident: speeds with MTFC Controller and KFE

with the MTFC algorithm for the accident scenario.
The speeds and densities for all network’s segments are also presented in figures 4-15 and 4-16
, respectively, in which similar results as in the previous cases can be observed.
The TTS in this case was found to be 1196.27veh·hours, which corresponds to the lowest value
for the accident case with the MTFC algorithm. A 3.85% decrease is observed, compared
to the no-control case. Furthermore, the mean absolute estimation error for this case was
3.22 veh

km·lane , which is higher than the PE case, but lower than the SDE case.

As it can be seen in the figure 4-17, the KFE algorithm seems not able to track the reduction
of the critical density after the first simulation hour. However, the estimation algorithm
approximates the critical density after the decrease, during the last hour of the simulation.
This happens due to step c of the KFE algorithm, which reduces the estimate every K time
units.

4-3-5 Logic-Based control algorithm for Variable Speed Limits (LB-VSL) + No
estimation

In this section, the LB-VSL algorithm has full knowledge over the real values of the critical
density at each instant. The results are presented below.
Figures 4-18 and 4-19 present the speeds and densities, respectively, in all the segments of
the freeway traffic network. As it can be observed from the figures, the LB-VSL algorithm
shows slightly better results at the bottleneck location, compared to the MTFC algorithm.
However, when the MTFC algorithm is used, congestion is created in the VSL application
area, which later reduces the inflow to the bottleneck, resulting in better overall results.
The TTS achieved when the adaptive LB-VSL algorithm was used is 1242.94veh · hours,
which corresponds to a decrease of 0.1%, compared to the no-control case.
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Figure 4-16: Scenario accident: densities with MTFC Controller and KFE

Figure 4-17: Accident scenario: MTFC Controller with KFE, Bottleneck’s Critical Density Esti-
mation

4-3-6 Logic-Based control algorithm for Variable Speed Limits (LB-VSL) + Pa-
rameter Estimator (PE)

The PE method is combined with the LB-VSL algorithm and the results are presented below.
In the figure 4-20, the bottleneck’s critical density is estimated using the PE method. It
can be observed that the algorithm can track the reduction of the critical density during
the second hour of the simulation. However, the algorithm overestimates the critical density
during the second half of the simulation time, resulting in higher values of critical density,
compared to the real values.
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Figure 4-18: Scenario accident - speeds with adaptive LBVSL - full knowledge of ρcrit

Figure 4-19: Scenario accident - densities with adaptive LBVSL - full knowledge of ρcrit
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Figure 4-20: Accident scenario: LB-VSL Controller with PE, Bottleneck’s Critical Density Esti-
mation

The traffic network’s speeds in all the segments, when the PE estimation method is used,
are shown in figure 4-21, while the densities are presented in figure 4-22. Compared to the
no-estimation case, it can be seen that the PE slows down the vehicles’ speeds in segments 5
and 6 after the first simulation hour.
This speed reduction has a positive impact on the TTS, which was found to be reduced by
0.36%, compared to the no-control case, at the value of 1239.70veh · hours.
Finally, the mean absolute estimation error it was found to be 5.70 veh

km·lane , which is the highest
observed for the accident scenario case.

4-3-7 Logic-Based control algorithm for Variable Speed Limits (LB-VSL) + Sim-
ple Derivative Estimation (SDE)

In this section the SDE method is combined with the LB-VSL algorithm. Once again, the
SDE algorithm seems to be able to track the reduction of the critical density during the
accident time, but not the increase once the congestion starts resolving. As it can be seen
in figure 4-23, the estimation is quite similar to the case of the MTFC algorithm, and it
results to a TSS of 1236.05veh · hours, which corresponds to a 0.66% decrease compared to
the no-control case.
Figures 4-24 and 4-25 present the speeds and densities, respectively, in all the segments of
the freeway traffic network, when the SDE method is selected. As it can be observed from
the figures, the LB-VSL algorithm, when combined with the SDE method, has very similar
results, in terms of the speeds and densities of all the vehicles in all the segments, with the
case of the PE method.
The mean absolute estimation error was found to be 3.89 veh

km·lane , which is smaller compared
to the PE case.
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Figure 4-21: Scenario accident: speeds with LB-VSL Controller and PE

Figure 4-22: Scenario accident: densities with LB-VSL Controller and PE
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Figure 4-23: Accident scenario: LB-VSL Controller with SDE, Bottleneck’s Critical Density
Estimation

4-3-8 Logic-Based control algorithm for Variable Speed Limits (LB-VSL) +
Kalman-Filter-based derivative Estimation (KFE)

The KFE method is combined with the LB-VSL algorithm and the results are presented in
this section. Similarly to the MTFC case, the KFE algorithm cannot track the reduction
of the critical density after the first simulation hour. However, the estimation algorithm
approximates the real critical density after the decrease, during the last hour of the simulation.
This happens due to step c of the KFE algorithm, which reduces the estimate every K time
units. The TTS in this case was found to be 1244.23veh · hours, which shows no change
compared to the no control case.

The traffic network’s speeds in all network’s segments, when the KFE estimation method is
used, are shown in figure 4-27, while figure 4-28 shows the corresponding densities.

Finally, the mean absolute estimation error it was found to be 3.22 veh
km·lane , which is the lowest

observed for the accident scenario case, same as in the case of the MTFC algorithm when
combined with the KFE estimation method.

4-4 Case study B : Rain scenario

The results of the second case study are presented in this section. Rain in the whole network
is simulated for 60 minutes, during the second hour of the simulation. The critical density of
the whole network is reduced for one hour from 32 veh

km·lane to 20 veh
km·lane . As in the accident

scenario case, the initial density guess at the bottleneck location is 32 veh
km·lane .

The first subsection presents the MTFC algorithm when simulated with the full knowledge of
the critical density at each simulation step. The next three sections show the results of the
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Figure 4-24: Scenario accident: speeds with LB-VSL Controller and SDE

Figure 4-25: Scenario accident: densities with LB-VSL Controller and SDE

Master of Science Thesis Georgios Tsaniklidis



54 Case study

Figure 4-26: Accident scenario: LB-VSL Controller with KFE, Bottleneck’s Critical Density
Estimation

combination of each one of the three estimation methods with the MTFC algorithm. Then,
the results of the simulation of the LB-VSL algorithm are presented. First the LB-VSL
algorithm is simulated using the real values of the critical density, while in the last three
sections the controller is combined with the three estimation methods.

In each subsection, the TTS by all drivers in the network is presented. Speed and density
figures are also used to capture the controllers’ effect on the freeway traffic network. Finally,
the absolute estimation error is presented for all estimation methods.

The parameters of the MTFC algorithm are the same as in the case of accident scenario.
Their values can be found in the table 4-6.

The LB-VSL controller’s parameters in the rain scenario case are also same as in the accident
case and can be found in table 4-7.

4-4-1 Mainstream Traffic Flow Control (MTFC) + No estimation

In this section, the MTFC algorithm has the full knowledge of the real values of the critical
density at each instant. The results are presented below.

Initially, the speeds and densities in all the segments of the freeway traffic network are pre-
sented in the figures 4-29 and 4-30, respectively.

As it can be observed in figure 4-29, compared to the no-control case, the adaptive MTFC
algorithm shows no improvement.

Similar situation can be seen in figure 4-30, which presents network’s densities with the
adaptive MTFC controller knowing the critical density during the whole simulation time. As
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Figure 4-27: Scenario accident: speeds with LB-VSL Controller and KFE

Figure 4-28: Scenario accident: densities with LB-VSL Controller and KFE
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Figure 4-29: Scenario rain - speeds with adaptive MTFC - full knowledge of ρcrit

Figure 4-30: Scenario rain - densities with adaptive MTFC - full knowledge of ρcrit
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in the case of the speeds’ figure, the adaptive MTFC controller is not able to provide better
results compared to the no-control case.

The computed TTS in the rain scenario without any estimation was 1335.05veh ·hours, which
is same to the no-control case.

4-4-2 Mainstream Traffic Flow Control (MTFC) + Parameter Estimator (PE)

In this section, the PE method is combined with the MTFC algorithm and the results are
presented below. Figure 4-31 shows that the PE algorithm is able to accurately track bottle-
neck’s critical density during the first two hours of the simulation. However, the algorithm
cannot properly identify the increase of the critical density once the rain stops.

The TTS in this case was found to be 1334.16veh · hours, which corresponds to a 0.07%
decrease compared to the no-control case.

Figure 4-31: Rain scenario: MTFC Controller with PE, Bottleneck’s Critical Density Estimation

Figures 4-32 and 4-33 show the speeds and densities for all the segments of the traffic network,
when the adaptive MTFC algorithm is combined with the estimation method PE. Slightly
lighter congestion can be observed at the bottleneck location, compared to the no-control
case.

Regarding the mean absolute estimation error, it was found to be 5.18 veh
km·lane .

4-4-3 Mainstream Traffic Flow Control (MTFC) + Simple Derivative Estimation
(SDE)

In this section the SDE method is combined with the MTFC algorithm. The SDE method
seems to be able to track the decrease of bottleneck’s critical density when the rain starts.
Moreover, as it can be seen in the figure 4-34, the SDE algorithm can also identify the increase
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Figure 4-32: Scenario rain: speeds with MTFC Controller and PE

Figure 4-33: Scenario rain: densities with MTFC Controller and PE

of the critical density after rain stops. However, the final estimated value of the critical density
is higher than the real one.

In figures 4-35 and 4-36, the speeds and densities for all the segments of the traffic network
can be found. When the adaptive MTFC algorithm is combined with the estimation method
SDE, we can observe no difference, which can also be confirmed by the TTS calculation.

The TTS by all drivers in the network was found to be 1334.16veh ·hours, which corresponds,
as in the case of the PE algorithm, to a 0.07% decrease compared to the no-control case.
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Figure 4-34: Rain scenario: MTFC Controller with SDE, Bottleneck’s Critical Density Estimation

Regarding the mean absolute estimation error, it was found to be 2.76 veh
km·lane , which is the

lowest value for the MTFC algorithm in the rain scenario.

4-4-4 Mainstream Traffic Flow Control (MTFC) + Kalman-Filter-based deriva-
tive Estimation (KFE)

The KFE method is combined with the MTFC algorithm for the rain scenario and the results
are presented in this section. The KFE method, as it can be seen in figure 4-37, can adequately
track the decrease of the critical density. However, once the rain stops and the critical density
is increased, the algorithm is not able to follow the change.
The speeds and densities for all network’s segments are also presented in figures 4-38 and 4-39
, respectively, in which similar results as in the previous cases can be observed.

The TSS in the rain scenario and the MTFC algorithm with the KFE estimation method
was found to be 1334.23veh · hours, which corresponds to a 0.06% decrease compared to the
no-control case.
Finally, the mean absolute estimation error it was found to be 5.91 veh

km·lane , which is the highest
for the rain scenario case when the MTFC algorithm is used.

4-4-5 Logic-Based control algorithm for Variable Speed Limits (LB-VSL) + No
estimation

In this section, the LB-VSL algorithm is simulated, knowing the real values of the critical
density at each instant. The results are presented below.
Figures 4-40 and 4-41 present the speeds and densities, respectively, in all the segments of
the freeway traffic network.
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Figure 4-35: Scenario rain: speeds with MTFC Controller and SDE

Figure 4-36: Scenario accident: densities with MTFC Controller and SDE
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Figure 4-37: Rain scenario: MTFC Controller with KFE, Bottleneck’s Critical Density Estimation

As it can be observed from the figures, there is no major difference between the LB-VSL
algorithm and the MTFC algorithm. However, when the MTFC algorithm is used, slightly
better results are observed, in terms of TTS reduction.

The TTS achieved when the adaptive LB-VSL algorithm was used is 1335.04veh · hours,
which corresponds to no decrease, compared to the no-control case.

4-4-6 Logic-Based control algorithm for Variable Speed Limits (LB-VSL) + Pa-
rameter Estimator (PE)

In this section, the PE method is combined with the LB-VSL algorithm. The bottleneck’s
critical density is estimated using the PE method. Based on the results presented in the
figure 4-42, it can be observed that the algorithm can track the reduction of the critical
density during the second hour of the simulation. However, the algorithm underestimates
the critical density during the second half of the simulation time, resulting in lower values of
critical density, compared to the real values.

The TSS in the rain scenario and the LB-VSL algorithm with the PE method was found to be
1336.70veh · hours, which corresponds to a 0.12% increase compared to the no-control case.

Figures 4-43 and 4-44 shows the speeds and densities for all the segments of the traffic network,
when the adaptive LB-VSL algorithm is combined with the estimation method PE.

Regarding the mean absolute estimation error it was found to be 5.27 veh
km·lane .
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Figure 4-38: Scenario rain: speeds with MTFC Controller and KFE

Figure 4-39: Scenario rain: densities with MTFC Controller and KFE
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Figure 4-40: Scenario rain - speeds with adaptive LBVSL - full knowledge of ρcrit

Figure 4-41: Scenario rain - densities with adaptive LBVSL - full knowledge of ρcrit
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Figure 4-42: Rain scenario: LB-VSL Controller with PE, Bottleneck’s Critical Density Estimation

4-4-7 Logic-Based control algorithm for Variable Speed Limits (LB-VSL) + Sim-
ple Derivative Estimation (SDE)

In this section the SDE method is combined with the LB-VSL algorithm. As it can be seen in
the figure 4-45, the SDE algorithm can accurately track the critical density at the bottleneck’s
location. The algorithm is able to follow both the decrease of the critical density once the
rain starts and also the increase of the critical density after the rain stops.

The TSS in this case was found to be 1335.42veh · hours, which corresponds to a 0.03%
increase compared to the no-control case.

Figures 4-46 and 4-47 present the speeds and densities, respectively, in all the segments of
the freeway traffic network, when the SDE method is selected.

The mean absolute estimation error was found to be 1.94 veh
km·lane , which is the smallest for the

rain scenario case.

4-4-8 Logic-Based control algorithm for Variable Speed Limits (LB-VSL) +
Kalman-Filter-based derivative Estimation (KFE)

The KFE method is combined with the LB-VSL algorithm for the rain scenario and the results
are presented in this section. The KFE algorithm can accurately track the critical density at
the bottleneck’s location. The algorithm is able to track the decrease of the critical density
once the rain starts, with a small delay, but it can also identify the increase of the critical
density after the rain stops more accurately.

The TTS by all drivers in the network was found to be 1335.42veh · hours, as in the case of
the SDE algorithm, which corresponds to a 0.03% increase compared to the no-control case.

Georgios Tsaniklidis Master of Science Thesis



4-4 Case study B : Rain scenario 65

Figure 4-43: Scenario rain: speeds with LB-VSL Controller and PE

Figure 4-44: Scenario rain: densities with LB-VSL Controller and PE
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Figure 4-45: Rain scenario: LB-VSL Controller with SDE, Bottleneck’s Critical Density Estima-
tion

The traffic network’s speeds in all network’s segments, when the KFE estimation method is
used, are shown in figure 4-49, while figure 4-50 shows the corresponding densities.

Finally, the mean absolute estimation error it was found to be 2.27 veh
km·lane .

4-5 Conclusions

This chapter evaluates the adaptive easy-to-implement VSL algorithms Adaptive-MTFC and
Adaptive-LB-VSL. Both algorithms are combined with the PE, SDE and KFE estimation
methods, which estimate online the critical density at the freeway traffic network’s bottleneck
location. The evaluation is performed under two different scenarios, namely a rain and an
accident scenario. To measure the performance of the adaptive frameworks, the TTS by all
drivers in the network is calculated. Also, the mean absolute estimation error was calculated
to compare the performance of the estimation methods. Below table 4-8 summarizes the
results for the TTS for all different scenarios. Table 4-9 presents a comparison (in terms of
TSS reduction) with no control, full knowledge of the critical density (no estimation) and
the mean absolute estimation error among all the estimation methods for both the control
algorithms MTFC and LB-VSL.

Based on the results, it can be concluded that the highest reduction in the TTS is achieved
for the accident scenario when the MTFC algorithm is used, in combination with the KFE
method for the estimation of the critical density. The same combination achieves a smaller
decrease of the TTS in the rain scenario. Regarding the LB-VSL controller, it seems to
have better results in the accident scenario at the bottleneck location, compared to the rain
scenario at the whole network. Concerning the different estimation methods, it seems that
the SDE method provides better results in general, as it provides satisfactory reduction of
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Figure 4-46: Scenario rain: speeds with LB-VSL Controller and SDE

Figure 4-47: Scenario rain: densities with LB-VSL Controller and SDE
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Figure 4-48: Rain scenario: LB-VSL Controller with KFE, Bottleneck’s Critical Density Estima-
tion

the TSS in all cases and an adequate tracking of the real critical density.

In terms of the estimation error, it seems that, for the rain scenario, the lowest error is
achieved in the case of the LB-VSL controller, when combined with the SDE method. The
other estimation methods have higher estimation errors for both controllers. Regarding the
accident scenario, the KFE method shows the best results in terms of the estimation error
for both the MTFC and LB-VSL adaptive controllers.

Scenario Controller Estimation Method TTS

Accident

MTFC PE 1198.38veh · hours
MTFC SDE 1199.06veh · hours
MTFC KFE 1196.27veh · hours
LB-VSL PE 1239.70veh · hours
LB-VSL SDE 1236.05veh · hours
LB-VSL KFE 1244.23veh · hours

Rain

MTFC PE 1334.16veh · hours
MTFC SDE 1334.16veh · hours
MTFC KFE 1334.23veh · hours
LB-VSL PE 1336.70veh · hours
LB-VSL SDE 1335.42veh · hours
LB-VSL KFE 1335.42veh · hours

Table 4-8: TTS Estimation method comparison
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Figure 4-49: Scenario rain: speeds with LB-VSL Controller and KFE

Figure 4-50: Scenario rain: densities with LB-VSL Controller and KFE
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Scenario Controller Estimation Method Comparison
with no
control

Comparison
with full
knowledge

Absolute esti-
mation error

Accident

MTFC PE −3.68% −0.19% 2.84
MTFC SDE −3.63% −0.14% 3.75
MTFC KFE −3.85% −0.37% 3.22
LB-VSL PE −0.36% −0.26% 5.70
LB-VSL SDE −0.66% −0.55% 3.89
LB-VSL KFE 0.00% −0.10% 3.22

Rain

MTFC PE −0.07% −0.07% 5.18
MTFC SDE −0.07% −0.07% 2.76
MTFC KFE −0.06% −0.06% 5.91
LB-VSL PE +0.12% +0.12% 5.26
LB-VSL SDE +0.03% +0.03% 1.94
LB-VSL KFE +0.03% +0.03% 2.27

Table 4-9: TTS Reduction and estimation error
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Chapter 5

Concluding remarks

In this chapter the conclusions of this thesis are drawn. Furthermore, a discussion section
has been included with the author’s comments on the results obtained. Also, suggestions for
future work on relevant areas are made. In section 5-1, the main conclusions are stated, while
in section 5-2 the thesis results are discussed. Finally, in section 5-3, future research areas
are reported.

5-1 Conclusions

The goal of this thesis is to study the performance of the easy-to-implement VSL algorithms
MTFC and LB-VSL, in terms of the TTS by all drivers in the freeway traffic network, in
an adaptive control framework. Both proposed adaptive algorithms use adjustable parame-
ters, influenced by the estimated value of the critical density at bottleneck’s location. The
critical density is estimated on-line by three different estimation methods, the PE, SDE and
KFE. The different adaptive control frameworks are tested under the assumption of rain and
accident scenarios.
Under rain conditions, the MTFC shows to perform best under the SDE and PE. The worst
performance is shown under the KFE. The LB-VSL controller seems to show increase instead
of decrease of the TTS by all drivers in the network.
Under accident conditions, the MTFC performs the best in conjunction with KFE. PE and
SDE provide adequate results in terms of the decrease of the TTS, however, all methods seem
to delay to capture the density’s variation. Further, the LB-VSL controller shows the best
performance under the SDE approach. However, the PE again delays to capture the density’s
variation while the KFE methods shows no improvement over the no-control case.
More specifically, the following conclusions can be drawn:

• The well-known easy-to-implement VSL algorithms MTFC and LB-VSL have been up-
dated to include adaptive gains KI(τ), K ′P(τ), K ′I(τ) and adaptive parameters CB(τ)
and CB(τ) respectively.
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• The critical density at the bottleneck’s location is estimated online using three updated
versions of the well-known estimation methods for the derivative of the Fundamental
Diagram, namely the PE, SDE and KFE.

• The adaptive control frameworks are evaluated under the assumption of two different
scenarios that affect the critical density of the bottleneck, namely a rain and an accident
scenario.

• In the accident case, the higher decrease of the TSS is observed when the MTFC algo-
rithm is combined with the KFE method. In this case the decrease is −3.85%

• In the accident case, the decrease of the TSS is maximized when the critical density
at the bottleneck location is overestimated during the congestion period and underesti-
mated while congestion resolves.

• In the rain scenario, the higher decrease of the TSS is observed when the MTFC al-
gorithm is combined with the PE and SDE methods. In both cases the decrease is
0.07%.

• In the rain scenario, only the SDE method in the MTFC case and the SDE and KFE
methods in the LB-VSL case are able to capture the changes of the critical density at
the bottleneck location.

• In terms of the lowest mean absolute estimation error, for the accident case, the KFE
method shows the best results, while for the rain scenario, the SDE method is the most
capable to identify the changes of the critical density.

5-2 Discussion

In this section, the derived results are commented. The obtained decrease in the TTS by
all drivers in the freeway traffic network is not very satisfactory. The higher decrease in the
TTS was noticed in the case of the MTFC controller and the accident scenario, which was a
local incident with shorter duration, which affected less the total delays in the freeway traffic
network. Moreover, the real-time estimation of the critical density at the bottleneck location,
which was added to the adaptive MTFC controller, did not improve much the situation,
compared to the case with full knowledge of the critical density. It was, however, greater the
improvement in the case of the accident, compared to the rain scenario. The rain scenario
was simulated in the whole network and for longer time. The decrease of the critical density
was higher and the total delays were bigger. It is therefore, reasonable to notice better results
in the accident case.

Between the two different control algorithms, the MTFC algorithm showed better results in
both scenarios affecting the critical density. It is reasonable to show better results in the case
of the rain in the whole network, as the LB-VSL algorithm focuses on avoiding the congestion
at bottleneck locations. During the rain conditions in the network, the algorithm is not able
to activate the VSLs before the critical density is reached. For the accident case, the LB-VSL
algorithm could possibly be tuned better to obtain more satisfactory results.
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Regarding the small difference in terms of the TTS decrease when the adaptivity was added to
both controllers, it seems that the logic for the update of the adaptive gains and parameters
could be chosen in a more systematic way. Also, the selection of the controllers’ constant
parameters, as well as the selection of the parameters of the estimation methods, could have
been made following an multi variable optimization method.

Moreover, the high values in the absolute estimation error are obtained due to the inability
of the estimation algorithms to respond to the sudden changes in the critical density. In
most of the scenario cases, the estimation algorithms are able to track the decrease of the
critical density better compared to the case that the critical density increases after a previous
decrease. When the critical density increases after a decrease, the estimation algorithms
are not producing accurate estimates of the critical density, as the derivative calculation is
not indicating undercritical conditions. For that reason, probably smaller fluctuations in the
critical density could have been simulated.

Furthermore, based on the simulation results, the easy-to-implement VSL algorithms studied
in this thesis do not seem to improve much the traffic conditions in case of incidents that highly
affect the traffic network’s critical density. A possible reason for that is because the VSLs
are used to reduce the congestion downstream and close to a bottleneck location, to avoid
or delay the activation of the bottleneck. However, the congestion should be delayed further
upstream with possible multiple control measures in case of an accident or rain conditions in
the freeway traffic network with predefined capacity.

Finally, to the best of the author’s knowledge, all algorithms developed in MATLAB have
been tested and checked for their correctness, to avoid any programming error that could
have affected the results.

5-3 Future Work

In this last section some recommendations for future work are outlined.

• Multiple different demand scenarios for the ramp and the mainline could be used in
the future for the simulations, to guarantee the robustness of the proposed adaptive
frameworks.

• An investigation can be performed for the behavior of the controllers under different
scenarios for drivers’ compliance.

• The application of the proposed adaptive controllers in combination with the online
estimation of the critical density at bottleneck’s location could be introduced in a real
traffic network.

• The controllers’ parameters have been chosen based on trial-and-error. Another inter-
esting approach for future work would be to be chosen based on optimization techniques.

• The freeway traffic network’s capacity can be also estimated online and fed up to the
adaptive easy-to-implement VSL algorithms.
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• The estimation methods for the critical density also contain multiple parameters which
could be optimally chosen based on multi-variable optimization techniques.

• Different values for the initial density guess could be used.

• It would be useful to be studied why the TTS reduction was found low.

• Finally, another case study should be used to compare the performance of the proposed
controllers.
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Glossary

List of Acronyms

FD Fundamental Diagram

VSLs Variable Speed Limits

VSL Variable Speed Limit

LB-VSL Logic-Based control algorithm for Variable Speed Limits

MTFC Mainstream Traffic Flow Control

TTS Total Time Spent

RM Ramp Metering

ALINEA Asservissement Linéaire d’Entrée Autoroutière

METANET Modele d’Ecoulement de Trafic sur Autoroute NETworks

CTM Cell Transmission Model

PE Parameter Estimator

SDE Simple Derivative Estimation

KFE Kalman-Filter-based derivative Estimation

FOT Field Operational Test

APT Amsterdam Practical Trial

PPA PraktijkProef Amsterdam

AD-RMC Adaptive Ramp Metering Controller

LS Least Squares
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