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Chapter 1

Introduction

1.1 Road Traffic Management

With the development of the global economy, the amount of motor vehicles worldwide has
been rapidly increasing, while the traffic infrastructure could not be easily extended due to
high costs and space limitations. The large amount of motor vehicles can cause various
problems in traffic networks, such as traffic accidents, traffic congestion, air pollution, etc.
Traffic accidents cause safety problems, traffic congestion leads to a waste of time, and air
pollution harms human health. Road traffic management [9, 91, 114] is one of the methods
that can be used to address various problems in traffic networks. Road traffic management
[9, 91, 114] consists of obtaining traffic information, applying traffic control, managing
traffic demands and incidents, monitoring and supporting drivers, etc. Considering that
travel and transportation through freeway networks are quite crucial in people’s daily life, in
this thesis we focus on the traffic control problem of freeway networks, where the main goal
is to reduce traffic congestion and traffic emissions.

The control measures for freeway networks include speed limits, ramp metering, route
guidance, and so on [47, 58, 97, 116]. Speed limits can limit the maximum speeds on
freeway stretches, ramp metering can limit on-ramp traffic flows entering the mainstream
roads, and route guidance can provide advices for choosing routes. In this thesis, we mainly
consider Variable Speed Limits (VSL) and Ramp Metering (RM) for controlling traffic flows
to reduce traffic congestion and traffic emissions for freeway networks, since VSL and RM
are efficient in reducing traffic congestion and traffic emissions, and they are relatively easy
to realize [94, 102, 116]. The VSL and RM rates (i.e. the control inputs) can be determined
according to different traffic conditions, by means of various approaches, e.g. feedback
control, optimal control, model predictive control, and so on. In conventional feedback
control [57, 96], the control inputs for freeway networks are determined by feedback control
laws, with parameters for the control laws computed a priori. In optimal control
approaches [5, 61, 90], the control inputs for freeway networks are determined by solving
optimization problems, i.e. the optimization of performance criteria defined over some
period. In model predictive control [22, 37, 50, 79, 85, 98] for freeway networks, the control
inputs are determined by solving an optimization problem with an objective function
defined over some prediction period, with the latest measurements of traffic variables taken
into account and a receding-horizon scheme applied.
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1.2 Problem Statement

1.2.1 Research Goals

In order to reduce traffic congestion and traffic emissions in freeway networks by means of
traffic control, it is helpful to improve the accuracy of traffic models that describe traffic
dynamics and traffic emissions. Traffic flows comprise of individual vehicles, and the
dynamics and emissions of individual vehicles could be described according to the
characteristics of individual vehicles. However, due to the large amount of vehicles, it is
time consuming to describe the dynamics and emissions of individual vehicles. The
computational complexity can be reduced by describing the dynamics and emissions of
multiple vehicles in an aggregated way, instead of considering individual vehicles. Traffic
dynamics and traffic emissions can be aggregated for all classes of vehicles (e.g. cars, and
trucks). However, in this case the differences between different classes of vehicles cannot be
described. Thus dynamical characteristics (e.g. free flow speed, and capacity) that differ for
different vehicle classes cannot be captured. In this thesis, we aim to extend several traffic
flow models and traffic emission models so that the specific characteristics of each vehicle
class can be captured.

Various uncertainties exist in freeway networks, and the uncertainties affect the
performance of the freeway networks. Robust control approaches take into account
uncertainties when determining the control inputs, and they can be used to handle
uncertainties in freeway networks. Since the dynamics of traffic flows are usually
considered to be nonlinear and nonconvex, it is challenging to develop robust control
approaches for freeway networks, due to the complexity of the nonlinear-nonconvex
dynamics. Furthermore, the computational complexity will be high for large-scale freeway
networks. However, they can be divided into small subnetworks for reducing the
computational complexity. In this case, developing robust approaches will involve extra
challenges, such as accounting for the effects of uncertainties for neighboring subnetworks.
In this thesis, we aim to develop a robust control approach that can handle uncertainties for
freeway networks, and a robust control approach based on multiple controllers for
large-scale freeway networks that takes into account uncertainties for the entire freeway
networks.

The research goals are listed as follows:

* Improve the accuracy of traffic flow models and traffic emission models by extending
multi-class traffic flow models and traffic emission models, where the characteristics
of each vehicle class can be captured.

e Improve the performance of freeway networks by developing a robust control
approach with uncertainties being taken into account in the control procedure,
considering schemes that can reduce the computational complexity of the robust
control problem.

* Improve the performance of a large-scale freeway network by developing a robust
distributed control approach, where uncertainties in freeway networks and the
computational load of the robust distributed control problem are taken into account
in the control design process.
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1.2.2 Methodology

For reaching the research goals, the methodologies that are considered in this thesis are
listed next:

* Model Predictive Control

In this thesis, the basic approach that is used for controlling freeway networks is
Model Predictive Control (MPC) [22, 79, 85]. The MPC approach is based on dynamic
prediction and a receding-horizon scheme. The future performance of the controlled
system over a prediction period is predicted through traffic models, and the predicted
performance is optimized by solving an optimization problem, yielding an optimal
control input sequence over a control period, which is covered by the prediction
period. After that, the first element of the optimal control input sequence is applied to
the controlled system, and the prediction period is shifted one control step ahead. In
MPC, the measurements of traffic variables are taken into account for determining
the optimal control input sequence; thus MPC could be considered to be a
closed-loop control approach. MPC can be used for nonlinear-nonconvex systems,
and for handling multi-objective optimization problems and constrained
optimization problems.

e Parameterized Model Predictive Control

Parameterized MPC [34, 86, 130] is an extension of standard MPC. More specifically,
in parameterized MPC, the control inputs are described using control laws that are
functions of the system states and outputs. In the control procedure, the parameters
of the control laws are optimized so as to optimize the predicted performance. The
time step length for updating the parameters of the control laws can be different from
the time step length for updating the control inputs; thus the parameters can be
considered to be constant over the prediction period, while the control inputs can still
vary due to the variations of system states and outputs. The Parameterized MPC
approach can be applied for the sake of reducing the number of optimization
variables in optimization problems to be solved, so that the computational load can
be reduced w.r.t. the standard MPC approach.

¢ Scenario Approach for Robust Control

In the scenario approach for robust control [19], only a finite number of scenarios for
uncertainties are accounted for when designing robust control approaches. For linear
systems with convex constraints, Calafiore and Campi [19] established a bound on the
number of uncertainty scenarios needed for achieving a specified probabilistic
robustness level, which is defined as an upper bound of the probability of violation of
constraints; moreover, they showed that the bound only increases slowly with the
increase of the specified probabilistic robustness level. The scenario approach is an
efficient way for reducing the computational complexity in robust control problems.
Further analyses and applications of the scenario-based scheme can be found in
[13, 20, 111, 131]. In this thesis, we apply the scenario approach for designing robust
control approaches for freeway networks.

¢ Distributed Model Predictive Control
Distributed Model Predictive Control (DMPC) [24, 27] involves multiple controllers
for controlling a large-scale system that can be divided into multiple subsystems.
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Each of these controllers is used for controlling a subsystem, which is a part of the
considered large-scale system. Particularly, the large optimization problem for a
large-scale system is decomposed into small local optimization problems, which are
solved by local controllers. By adopting the DMPC approach, the computational
complexity of the control problem for large-scale systems can be reduced. In this
thesis, we apply DMPC for controlling large-scale freeway networks, in combination
with the scenario approach for handling uncertainties.

1.3 Contributions of the Thesis

The main contributions of this thesis are listed below:

e We extend several multi-class macroscopic traffic flow models and traffic emission
models. In particular, we extend a multi-class version of METANET, extend
FASTLANE with variable speed limits and ramp metering, integrate VI-macro with
multi-class traffic flow models, and extend a multi-class macroscopic version of
VERSIT+. Moreover, we compare these models by means of a case study.

* End-point penalties, which are included in the objective function for MPC to take into
account the control performance beyond the prediction period, are developed for
Model Predictive Control (MPC) of freeway networks, and the effectiveness of the
end-point penalties is evaluated by simulations.

e A scenario-based Receding-Horizon Parameterized Control (RHPC) approach is
proposed for controlling freeway networks in the presence of uncertainties, and the
effectiveness of the scenario-based RHPC approach is investigated via a simulation
experiment.

* We develop a scenario-based Distributed Model Predictive Control (DMPC) approach
for large-scale freeway networks based on a reduced scenario tree, and evaluate the
effectiveness of the proposed scenario-based DMPC approach by a numerical
experiment.

1.4 OQutline of the Thesis

For a brief overview, the structure of this thesis is shown in Figure 1.1. There are 6 chapters
in this thesis, including the current chapter about the introduction of this thesis. Chapter 2
reviews traffic models, MPC, robust model-based control, and robust DMPC. In Chapter 3,
several multi-class macroscopic traffic flow models and traffic emission models are
extended. Chapter 4 proposes a scenario-based RHPC approach for freeway networks.
Although the scenario-based RHPC approach is developed based on the multi-class
METANET model of Chapter 3, it can also be used for other multi-class traffic flow models,
even for single-class traffic flow models; thus, we consider Chapter 4 to be independent of
Chapter 3. In Chapter 5, we propose a scenario-based DMPC approach in order to control
large-scale freeway networks in the presence of uncertainties, based on the scenario
scheme that is also used in Chapter 4. Thus, Chapter 5 is considered to be an extension of
the scenario scheme used in Chapter 4 to a distributed setting.
More specifically, the thesis is organized as follows:
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e Chapter 2 reviews traffic models, MPC, robust model-based control, and robust
DMPC. We first discuss different types of traffic flow models: microscopic traffic flow
models, single-class macroscopic traffic flow models, and multi-class macroscopic
traffic flow models. We also introduce the single-class macroscopic traffic flow model
METANET and the multi-class macroscopic traffic flow model FASTLANE, which are
used as the basis for the extensions in Chapter 3. Then we review different types of
traffic emission models: microscopic traffic emission models and macroscopic traffic
emission models. Moreover, we introduce the microscopic traffic emission model
VERSIT+ and the macroscopic traffic emission model VI-macro, which are also used
as the basis for the extensions in Chapter 3. Next, we introduce the basic concepts of
MPC, recent work on MPC for traffic networks, and RHPC (i.e. parameterized MPC)
for traffic networks. We also review recent work on robust model-based control, both
in general and for traffic networks. After that, we review recent work on DMPC and
robust DMPC, both in general and for traffic networks.

e In Chapter 3, several multi-class macroscopic traffic flow models and traffic emission
models are extended. More specifically, we incorporate variable speed limits and
ramp metering into the first-order multi-class traffic flow model FASTLANE, extend
the second-order single-class traffic flow model METANET to a multi-class version,
combine VT-macro with multi-class traffic flow models, and extend VERSIT+ to a
multi-class macroscopic version. We also propose to include end-point penalties in
the objective function of MPC for the considered freeway network, in order to
improve the control effectiveness without significantly increasing the computational
load. After that, we present a case study for evaluating the extended multi-class traffic
flow models and multi-class traffic emission models, with both the total time spent
and the total emissions included in the MPC objective function. In this case study, the
effectiveness of the end-point penalties is also evaluated by simulations. The
simulation results show that for multi-class METANET in combination with emission
models, the weighted sum of the TTS and the TE can be reduced, with the maximum
queue length dynamics being captured better than for FASTLANE; moreover,
including the end-point penalties can further improve the total performance.
However, for FASTLANE in combination with emission models, even when the
end-point penalties are included, the performance for the TTS and the TE is still
worse than that for the no-control case, and the queue length constraint violations are
still relatively large. Our publications relating to this chapter include [68-70, 72, 101].

* In Chapter 4, a scenario-based RHPC approach for freeway networks is proposed in
order to handle uncertainties. We first develop several RHPC laws for variable speed
limits and ramp metering rates based on the multi-class setting, and present some
considerations for the RHPC laws. Next, we describe uncertainties in demands and
traffic compositions for traffic networks, and present the motivations for proposing
the scenario-based RHPC approach. After that, we propose the scenario-based RHPC
approach by considering a limited number of uncertainty scenarios for dealing with
the robust control problem. In the scenario-based RHPC approach, a queue length
constraint penalty is considered to avoid infeasibility problems. Moreover, the
scenario-based RHPC approach is based on a min-max setting, in which the worst
case of the sum of the control objective function and the queue length constraint
violation penalty is optimized. At last, we include a case study for evaluating the
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effectiveness of scenario-based RHPC, by comparing it with nominal RHPC and
standard control. The simulation results show that scenario-based RHPC is effective
in improving the control performance, with minor queue length constraint violations,
while for nominal RHPC and standard control in general there are either relatively
large queue length constraint violations or only minor performance improvements.
The work presented in this chapter has been published in [71, 73].

e In Chapter 5, a scenario-based DMPC approach is proposed for controlling
large-scale freeway networks with uncertainties taken into account. We first describe
uncertainties in large-scale traffic networks, and distinguish global uncertainties for
the overall network from local uncertainties for individual subnetworks. Then, we
present DMPC for large-scale traffic networks, including MPC for large-scale traffic
networks and the decomposition of MPC for large-scale traffic networks. Next, based
on an expected-value setting and a min-max setting, we first include global
uncertainties into the scenario-based DMPC problem, and then we propose to
include local uncertainties in the scenario-based DMPC problem by defining a
reduced scenario tree instead of a complete scenario tree. Afterwards, we embed the
DMPC algorithm Alternating Direction Method of Multipliers (ADMM) into the
scenario-based DMPC approach based on the reduced scenario tree. In the end of
Chapter 5, we present a case study for investigating the effectiveness of the
scenario-based DMPC approach based on the reduced scenario tree, in comparison
with nominal DMPC and the scenario-based DMPC approach based on the complete
scenario tree. The simulation results indicate that for both the expected-value setting
and the min-max setting, scenario-based DMPC based on the reduced scenario tree
can improve the total performance w.r.t. the no-control case, with the queue length
constraints being satisfied. However, nominal DMPC could not improve the total
performance w.r.t. to the no-control case, owing to violation of the queue length
constraints. The work of this chapter has been summarized in [74].

* In Chapter 6, we conclude the thesis, and give some recommendations for future work.






Chapter 2

Traffic Models and Model Predictive
Control

In this chapter we review some previous work on traffic flow models, traffic emission
models, model predictive control, robust model-based control, and robust distributed
model predictive control.

2.1 Traffic Flow Models

2.1.1 Microscopic Traffic Flow Models

Microscopic traffic flow models [10, 120] describe the dynamical behaviors of individual
driver-vehicle pairs, including accelerating, decelerating, maintaining speeds and gaps to
leading vehicles, lane changing, and so on. In the past several decades, many microscopic
traffic flow models have been developed for describing traffic phenomena occurring in
reality, and a lot of effort has been focused on the calibration and validation of microscopic
traffic flow models, such as in [8, 18, 53, 106]. Based on microscopic traffic flow models,
some traffic flow simulators have been developed by different institutions, e.g. VISSIM
developed by PTV Group, Germany, and SUMO developed by the German Aerospace
Center, Germany.

Microscopic traffic flow models are capable of describing the characteristics of
individual vehicles; thus they can simulate flow dynamics in traffic networks in a detailed
way. Microscopic traffic flow models are often used as process models for evaluating the
effectiveness of the control approaches for traffic networks. However, when online
model-based control is applied, the computational burden for using microscopic traffic
flow models for determining the control inputs is quite large, making the implementation
of model-based control intractable. Instead, macroscopic traffic flow models, which
describe traffic flows in a macroscopic way, are often used for determining the control
inputs in model-based control for traffic networks.

2.1.2 Single-Class Macroscopic Traffic Flow Models

In macroscopic models, traffic flows are often considered to be similar to fluid or gas flows;
thus, the dynamics of traffic flows are described through aggregated traffic variables for
vehicles, including density, mean speed, flow, and so on, and the aggregated traffic variables
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vary with space and time [10, 120]. Macroscopic traffic flow models can reproduce some
collective phenomena occurring in real traffic networks, such as the propagation of shock
waves [120]. In the past decades, various single-class macroscopic models have been
developed for describing traffic flows, by assuming that all vehicles in the considered traffic
network have the same physical characteristics, i.e. the difference between different classes
of vehicles is ignored. The different classes of vehicles refer to cars, buses, vans, trucks, and
so on. According to the number of independent state variables (i.e. the order of a traffic flow
model), the existing single-class macroscopic traffic flow models can be classified as
first-order models [65, 109, 124], second-order models [103, 124], or models with even
higher orders [52, 54]. In this thesis we mainly focus on first-order models and
second-order models. Therefore, we only review some previous work on first-order models
and second-order models in the following two paragraphs.

First-order traffic flow models describe the relationship between flow (or speed) and
density through static fundamental functions, which were first proposed in the
Lighthill-Whitham-Richards (LWR) model [65, 109]. In the LWR model, flow (or speed) is
assumed to be uniquely determined by density, i.e. once density is known, flow (or speed)
can be determined from a static fundamental function. Some other first-order traffic flow
models are also available in the literature, e.g. the Cell Transmission Model (CTM) [30, 31].
For example, the CTM model of [30] is a discrete approximation of the IWR model,
including a set of difference equations for updating traffic variables at every time step; the
shape of the flow-density fundamental diagram is an isosceles trapezoid.

In second-order traffic flow models, there are two independent state variables: the
speed and the density. The earliest second-order macroscopic traffic flow model is the
Payne-Whitham (PW) model [103, 124], where compared to the IWR model one more
equation (i.e. an acceleration equation) is included for computing the speed. The
METANET model [60, 84] is another second-order macroscopic traffic flow model, where a
relaxation term, a convection term, and an anticipation term are used for updating the
speed. According to the literature [7, 49, 51, 93], in general second-order models are more
accurate than first-order models, due to the fact that second-order models can avoid
certain non-realistic phenomena generated in first-order models. For instance, at the head
and tail of shock waves (or traffic jams), the abrupt change in speed resulting from the large
change in density in first-order traffic flow models does not correspond to reality; however,
this abrupt change can be avoided in second-order traffic flow models. Besides, in
first-order traffic flow models the tail of a shock wave has a higher speed than the
high-density body of the shock wave, and the tail will catch up with the body, causing an
unrealistically sharp rear end of the shock wave, which can be avoided in second-order
traffic flow models. In addition, first-order models cannot reproduce capacity drop near
on-ramps and in shock waves, while second-order models can reproduce this capacity
drop.

2.1.3 Multi-Class Macroscopic Traffic Flow Models

Some first-order multi-class macroscopic traffic flow models have been developed by
researchers. Wong and Wong [125] extended the IWR model [65, 109] to a multi-class
version, in which the essential characteristics of each vehicle class remain unchanged, i.e.
the states of a vehicle class depend on the fundamental diagram of that vehicle class and
the total density. Wong and Wong [125] validated that the multi-class LTWR model can
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reproduce some traffic phenomena that the single-class LWR model cannot reproduce, e.g.
two-capacity phenomena, hysteresis phenomena of phase transition, and platoon
dispersion. Logghe [75, 76] also developed a multi-class version of the LWR model, where
each class is subject to its own fundamental diagram, and is considered to be limited within
an assigned space of the road. Van Lint et al. [122, 123] proposed the FASTLANE model,
which is a first-order multi-class macroscopic model. Here dynamic passenger car
equivalents are used to describe different vehicle classes, taking into account the
differences in the space occupied by a vehicle class under different traffic conditions (e.g.
different densities). Schreiter et al. [112] proposed a multi-class controller based on
FASTLANE, specifically rerouting the different traffic classes, and showed that a multi-class
controller can improve the control performance more than a single-class controller.

The second-order model METANET has also been extended to multi-class by some
researchers. Caligaris et al. [21] extended the macroscopic model described in [92] by
accounting for two different vehicle classes. They used the steady-state relation between
speed and density for representing the interference between these two vehicle classes they
used. Deo et al. [35] proposed a multi-class version of the METANET model [60, 84] in
which passenger car equivalents are used to represent different vehicle classes. For the
multi-class METANET model of Deo et al. [35], the total effective density, the joint
maximum density, and the joint critical density are considered to be the same for all vehicle
classes. Two options are considered by Deo et al. [35] for computing the desired speeds for
different vehicle classes. One option is to use the convex combination of all
class-dependent fundamental diagrams, limited by the desired speed of the given vehicle
class; the other option is to use the same approach as in FASTLANE: when the total effective
density is larger than the joint critical density, the fundamental diagrams are the same for
all vehicle classes; otherwise, the fundamental diagrams for different vehicle classes depend
on class-dependent free-flow speeds. Pasquale et al. [102] extended the METANET model to
a two-class version, where a conversion factor between cars and trucks, which is analogous
to passenger car equivalents, is used for describing different vehicle classes. Similarly to
[35], the total density, the maximum density, and the critical density in terms of cars are
considered to be the same for both cars and trucks. However, in [102] the desired speed of a
vehicle class is defined by means of the desired speed function of that vehicle class, based
on class-specific parameters, the maximum density, and the total density; this is different
from the above two options for defining the fundamental relationship between the desired
speed and density for a vehicle class in [35].

2.1.4 Single-Class METANET Model

The METANET model [60, 84] is a second-order macroscopic model that describes traffic
flows in traffic networks. In METANET, links (indexed by m) are used for representing
freeway stretches without major change in road geometry, and each link is divided into
several homogenous segments (indexed by i). Traffic flows enter the considered traffic
network through origins (e.g. mainstream origins and on-ramps), and leave the considered
traffic network by arriving at destinations (e.g. mainstream destinations and off-ramps).
Moreover, nodes (indexed by o) include more than one upstream links (e.g. on-ramps) or
more than one downstream links (e.g. off-ramps).

In single-class METANET [60, 84], all vehicles are assumed to belong to the same class
with the same characteristics. The traffic dynamics of segments are described through flows
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Figure 2.1: An illustrative freeway network

(Gm,i), densities (pm,;), and speeds (v,,,;). The traffic dynamics of origins are described
through origin flows (q,) and queue lengths (w,) at origins, etc. Figure 2.1 shows an
illustrative freeway network consisting of several links, one mainstream origin, one
mainstream destination, one on-ramp, and one off-ramp, including the corresponding
traffic variables.

Remark 2.1 Note that the METANET model involves a time and space discretization. For
traffic flow models based on discrete space and time, the Courant-Friedrichs-Lewy (CFL)
condition [28] is often considered in order to ensure the stability. In particular, no vehicle
should cross a segment in one simulation time step 7T [49], i.e.

T < min (2.1)

me L piree

m

where v’ is the free flow speed in link m, L,, represents the length of the segments of link
m, and Iy is the set of all links. O

The dynamic equations for segment i of link m are as follows:

Am,i (k) = pmPm,i(K) Vi (k) (2.2)
Pm,i(k+1) =pm,i(k)+ (Gm,i-1(k) = qm,i (k) (2.3)
Lypim
T
Vm,i(k"' 1= Um,i(k) + T_(Vm(pm,z(k)) - Vm,i(k))

T
+ L—Um,i(k)(vm,i—l(k) = Um,i(k))

m

_ Tnm Pmi+1(k) = pm,i(k)

2.4
Liytm Pm,i(k) +Km @4
1 ;(f) | @m
Vi (Om.i (k) = v exp [ —— Pm,i (K) (2.5)
" am \ pG

in which k is the time step counter corresponding to the time instant ¢t = kT, T is the
simulation time interval, y,, is the number of lanes of link m, V,, represents the desired
speed for link m, p%it is the critical density in link m, and 7,,, 15, kKm, and a,, are model
parameters. The desired speed equation including a variable speed limit can be defined as
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follows [50]:
. 1 (k)
Vin(Om,i(k)) = mm(uf;ee exp (—— (p’”’c’m ) ),(1 +0m) O (k) (2.6)
am Pm '
where v%i is the speed limit that is applied in segment i of link m, and 1+ ¢, is the non-

compliance factor in link m, which allows for modeling enforced and unenforced variable
speed limits.
The flow g, for an on-ramp origin o is described as:

wo (k)

qo(k) =min | d, (k) + T, Coro(k),Cy (

max __
pm pm,l(k))] (2.7)

%ax _ p(r:rrlit
in which d, is the demand at mainstream origin o, w, is the queue length at mainstream
origin o, C, is the capacity of on-ramp o, r, is the ramp metering rate at on-ramp o, p,1 is
the density of the first segment of the link m that is connected to on-ramp o, and p},* is the
maximum density of link m.

According to [50], the flow g, for a mainstream origin o is

. wo(k)

qo(k) = min (do(k) + OT , qg,lr,nl(k)) (2.8)

with
crit vlim (k.) —aIn U};gll (k) |\ @m if Ulim (k.) <V, crit
gim =4 HrPm fmd R S (2.9)
m, .
EmP5 Vi (5 if Vlrinlﬁ(k) > Vin(p5!
where q};lml is the maximum inflow of the first segment of the link m that is connected to the

mainstream origin o, vlrgnl (k) = min(vfnL’1 (k), vm,1(k)) is the speed that limits the flow in the
first segment of link m at time step k.

The queue length at a mainstream origin o or an on-ramp origin o is described through
the following equation:

Wo(k+1) = wo(k) + T(do (k) — qo(k)) (2.10)

In addition, we refer to [50, 60, 84] for more details about METANET and its extensions.

2.1.5 Basic FASTLANE Model

FASTLANE [122, 123] is a first-order multi-class macroscopic traffic flow model that is
represented by links (indexed by m), and each link is divided into several homogeneous
cells (indexed by i), which are similar with segments in METANET. Other components of
traffic networks are similar as those for METANET: origins, on-ramps, off-ramps, and
destinations, etc.

The main feature of FASTLANE is that it uses dynamic passenger car equivalents (pce)
for representing different vehicle classes by means of a representative vehicle class. Based on
the dynamic pce, the different space occupied by vehicles under different traffic conditions
(different traffic densities) is taken into account. In FASTLANE, the dynamic pce (©,,,; ) for
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a vehicle class (indexed by c) in cell i of link m is defined as

_ SctThe Umiic 2.11)

T S1 4 Thy - Umiin
in which vy, ; . represents the speed of vehicle class c in cell (m, i), s. is the gross stopping
distance! of vehicle class c, and Th,¢ is the minimum time headway2 of vehicle class c. The
index 1 denotes the reference vehicle class.

Based on the dynamic pce, the effective density> (pf}ﬁci) in cell i of link m is defined as

¢
Pig?i =2 OmicOmic (2.12)

c=1

where p,,; . is the density of vehicle class c in cell (m,i), and n is the total number of all
vehicle classes.

Since we use the FASTLANE model within a MPC framework in this thesis, we present the
discrete-time form of FASTLANE as follows. The discrete-time forms of (2.11) and (2.12) are
given as follows *:

Set+ Thye- Um,i,c(k)

Omiclk)= (2.13)
he S1+ T Umyin (k)
¢
PECK) =Y Omyiclh=1)pm,i,c (k) (2.14)

c=1

The basic equations for computing the flow, density, and speed of vehicle class c in cell i
of link m are

Gm,i,c(K) = pmPm,i,c(K)Vm,i c(k) (2.15)
(b 0 - gl (o) (2.16)

Pm,iclk+1)=pmiclk)+

Lnpim

efc
Um,ic(k) = Vm,c(Pm,i(k))
£ £ (Wpre— (r:r;ijtt £ it
Tee efc . , efc cri
Ume — pm'i(k)pc—m for pm,i(k) < Oomijt
. . mjt
vfr?jttp(r:rrlt}t ( _ p?rgci(k)_p(;rrzl,}t

, efc crit
P (k) ete P ) for pii (R) = Py

(2.17)

pm,efc pm,jt

where g,,,; . is the flow of vehicle class ¢ in cell i of link m, q,’n’Zl is the flow of vehicle class ¢

from cell i to cell i + 1 of link m, vfffﬁ is the free-flow speed for vehicle class c in link m, v%i]?t

is the joint critical speed for all vehicle classes in link m, p%i]?t is the joint critical density® for

The gross stopping distance is the sum of the length of a vehicle and the distance to the lead vehicle [122].

2The minimum time headway is equal to the minimum allowed distance between two vehicles driving in
series divided by the speed of the following vehicle [118].

3The effective density p‘fqﬁfl., the joint critical density Ponjo and the effective maximum density prrf;f‘é‘fc in
link m are expressed in pce/km/lane, the density p,,, ;. of vehicle class c in cell i of link m is expressed in
vehicle/km/lane.

4Note that in (2.14) the dynamic pce at time step k—1 is used: ©,,;(k—1). According to (2.13), Oy, ;¢
depends on vy, ; ¢, which is determined by pfrf;i according to (2.17); thus, 0, ; . (k) cannot be computed before

pfﬁci(k) is computed. This is why ©,, ; .(k—1) is used in (2.14).

crit
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max

all vehicle classes in link m, and p is the effective maximum density® in link m. Note that

m,efc
crit crit max Cp : 3
Vit Pmjo and P efc 4T€ joint parameters for all vehicle classes, and they can be determined

through parameter identification for FASTLANE based on class-specific measurements.

The traffic demand of cell i of link m needs to be distributed among different vehicle
classes, according to the traffic composition in cell i of link m. This composition is
represented by the flow ratio A, ; . of vehicle class c in cell i of link m:

®m,i,c(k) qm,i,c(k)

Am,ie(k) = 5 (2.18)
Om,i,j (k) Gm,i,j (k)
j=1
The flow of vehicle class ¢ from cell i to cell i + 1 of link m is described as follows:
. 1
i,i+1 .
’ k)= —— Dyic(k), i c(k)Sh iv1(k 2.19
9m,c (k) Omio(k) mln( myi,c(K), Am,i,c (K)Sm,iv1( )) ( )

where the demand D, ; . of vehicle class ¢ and the supply S,;,,; for all vehicle classes in cell i
of link m are defined as

f f i
D, c(pefc-(k)) _ ngm,i,c(k)tom.,i,c(k.) Vm,c(p(:nfi(k)) for an?i(k) < P%t . (2.20)
B HomAm,i,c (R) 5 VT for  pfr; (k) = pio
crit Ucrit for efc ( k) < crit
Sm,i (€. (k) = HmPmjiOmi Pm it = Pmj 2.21)
m,1 i - . .
™ P ) Vi, (5, (K)) - for o€ (k) = portt

For more details about FASTLANE, we refer to [122, 123].

2.2 Traffic Emission and Fuel Consumption Models

2.2.1 Microscopic Emission and Fuel Consumption Models

Microscopic emission and fuel consumption models describe the emissions and fuel
consumption of individual vehicles, based on vehicle dynamics over time and space. Some
microscopic emission models have been developed in the literature [4, 6, 66, 128]. The
CMEM model in [6] uses sec-by-sec velocity, or distribution of modal activity, or average
traffic characteristics for computing emission rates or fuel consumption rates. In COPERT
[128], the travel speeds of individual vehicles are used as inputs for estimating emission
rates and fuel consumption rates. In VI-micro [4] and VERSIT+ [66], both the travel speeds
and accelerations of individual vehicles are used as inputs for estimating emission rates and
fuel consumption rates. Some simulators for microscopic emission models are also
available, e.g. EnViver, which is developed based on VERSIT+ by TNO, Netherlands, and the
module for emissions and fuel consumption in SUMO [11], which is based on a continuous
model derived from values stored in the HBEFA database [1].

Microscopic emission and fuel consumption models can simulate emissions and fuel
consumption in traffic networks in a detailed way, and they can be used as process models
for estimating emissions and fuel consumption in traffic networks. In model-based control



16 Modeling, Robust and Distributed Model Predictive Control for Freeway Networks

for reducing emissions and fuel consumption in traffic networks, macroscopic emission
models can be used for determining the control inputs, with the computational burden
reduced w.r.t. the case that microscopic emission models are used.

2.2.2 Macroscopic Emission and Fuel Consumption Models

Macroscopic emission and fuel consumption models describe emissions and fuel
consumption for aggregated vehicles, instead of individual vehicles. According to [120],
emission factors can be aggregated for all vehicles in the considered traffic network over the
entire period, yielding global emission factors independent of time and space; emission
factors can also be aggregated for vehicles in individual links over the entire period, yielding
local emission factors depending on space; moreover, emission factors can be aggregated
for vehicles over distance and time, yielding instantaneous emission factors depending on
space and time.

Some macroscopic emission models have been developed in the literature
[29, 102, 107, 127, 130]. As introduced in [107], macroscopic emission model MOBILE5a is
based on average-trip speeds, and macroscopic emission model MOBILE6 is based on
vehicle testing over facility cycles for different facility types and average speeds. In [127] Yu
et al. developed a macroscopic emission model for China, based on real-world emission
measurements in China and supplementary data modeled by MOBILE6. In [127], emission
factors are based on vehicle age distribution, and vehicle-specific power (which depends on
speed and acceleration), etc. Zegeye et al. [130] developed the VI-macro model by
integrating the VI-micro model with the METANET model. The VI-micro model uses the
speeds and accelerations of individual vehicles as inputs. In [130], two types of
accelerations were proposed, i.e. the inter-segment acceleration corresponding to those
vehicles stay in one segment within one time step, and the cross-segment acceleration
corresponding to those vehicles moving from one segment to the next segment within one
time step. Next, these two types of accelerations are used for computing emission rates and
fuel consumption rates in [130]. For example, Csiko6s et al. [29] extended the COPERT model
into a macroscopic version by introducing the concept of the spatiotemporal window; the
average speeds over individual spatiotemporal windows are used as the inputs for the
COPERT model for estimating emission factors for different vehicle classes. In [102],
Pasquale et al. combined a multi-class version of METANET with COPERT for reducing
traffic congestion and traffic emissions through nonlinear optimization control.

2.2.3 VERSIT+ Model

The VERSIT+ model [66, 115] is a microscopic emission model developed based on a large
number of emission tests. The VERSIT+ model requires speed-data profiles as inputs. In the
VERSIT+ model, the emission rate EM,, (expressed in g/s) of a single vehicle is estimated as
follows [66]:

Uo,y if v(k) <5, a(k)) <0.5

EM. (k) = uy,y + Uy y(z2(k)) + + us y(z(k) — 1)+ if 5<v(k) <50 or v(k)<5, alk)>0.5
Y Us,y + s,y (2(k))+ + ug,y(2(k) — 1)+ if 50 < v(k) <80
uz,y + gy (2(k) = 0.5)1 + ug y (2(k) — 1.5) if v(k) > 80

(2.22)
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where y represents the emission category (e.g. CO,, NO,, and SPM10), Up,y, ..., Ug,y are model
parameters, v is the speed of the vehicle in km/h, a is the acceleration of the vehicle in m/ s2,
and z is defined as

z(k) = a(k) +0.014v(k) (2.23)

In addition, the function (x). is defined as

0 ifx<oO

2.2.4 VT-Macro Model

The VI-macro model [130] is a macroscopic emission and fuel consumption model. It has
been developed based on an integration of the VI-micro model [4] and the METANET model
(60, 84]. However, it is possible to use the VI-macro model together with other macroscopic
traffic flow models. VI-micro is a microscopic emissions and fuel consumption model, i.e.,
it yields the emissions and fuel consumption rate of an individual vehicle. So this model
requires the speed and the acceleration of a single vehicle as inputs. However, the METANET
model only yields the space-mean speeds of segments. The accelerations can be derived
from the METANET model as follows [130].

For each segment, two acceleration components are considered: inter-segment
acceleration and cross-segment acceleration. They are defined as follows:

Um,i (k) = Upm,i(k—1)

am's (k) = — = (2.25)
k) - va (k-1
cross (k) Vﬁ( ) ;a( ) (2.26)

where the indices a and f represent different adjacent segments, on-ramps, or off-ramps.
The numbers of vehicles that correspond to these two accelerations are

nnt (k) = Linfim P m,i (k) = T G, (k) (2.27)
ng (k) = Tqa(k) (2.28)

Based on the accelerations, the VI-macro model yields estimates of the emission rates
and the fuel consumption rates for segments:

EM T () = T (k) exp | ( (K Pya ~1“‘er(lc)) (2.29)
EMCIOSE (k) _ n;r%SS(k) eXp (V (k)Py ~CIOSS(k)) (2.30)

lnter

where Py, is a model parameter matrix, y € Y = {CO,NOy, HC, fuel}, and 0y, ;, , Ug, and

Zr%ss are vectors in the form of ¥ = [1 x x2 x%]T.

The VI-macro model does not yield the emission rate of CO,. According to [104, 129],
an approximate affine relationship exists between the emission rate for CO, and the fuel

a

SPM10 represents respirable suspended particle in the atmosphere, i.e., particles with diameter of 10
micrometres or less.
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Figure 2.2: Model predictive control

consumption rate. Thus, the CO, emission rate (EMco,,»,;) can be estimated as
EMco,,m,i (k) = ¥1Vm,i(k) +Y2EMyel, m,i (k) (2.31)
where y; and y, are model parameters, and EMge] 1,,; is the fuel consumption rate given by

EMiyel,m,i (k) = EMp", (k) + 3~ EMEEOS (k) (2.32)

fuel,m,i fuel,a,(m,i
ael™®.
m,i

where I ;;p ; is the set that includes all the upstream segments and origins that directly connect
to segment (m, i).

2.3 Model Predictive Control

2.3.1 General Model Predictive Control

Model Predictive Control (MPC) [22, 79, 85] is a control approach that is based on dynamic
prediction and a receding-horizon scheme. Figure 2.2 is a representation for a closed-loop
MPC process, including the controlled system and the MPC controller.

Assume that the controlled system is described by a discrete-time nonlinear model of the
following form®:

x(k+1) = f(x(k), u(k), D(k)) (2.33)
y(k) = h(x(k)) (2.34)

where f is the state function, h is the output function, x represents the state vector, y
represents the output vector, u represents the control input vector, and D represents the
uncontrollable input vector.

In MPC, the predicted performance of the controlled system over the prediction period
([kT, (k + Np)T)) is evaluated using an objective function, based on prediction models. The
objective function of the MPC problem is in general a function of the predicted state vector
X(k), the predicted output vector j(k), the control input sequence vector ii(k), and the

5Note that in Chapter 2 we assume T, = T for the sake of simplicity of notation, with T, the control time
interval.
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predicted external uncontrollable input vector D(k), which are defined as follows:

x(k) =[x (k+1),...,x" (k+Np)] " (2.35)
Jk) =y (k+1),...,y" e+ Np1T (2.36)
i) =[ul&k),...,u’ (k+N.- 17 (2.37)
D(k) = [D"(k),..., DT (k+ N, - 1T (2.38)

Note that for reducing the number of variables in the optimization problem of MPC, a control
horizon (IN¢) can be chosen as less than or equal to the prediction horizon (Np), i.e. N < Np,.
Then the control input u(k + I) equals u(k+ No — 1) for [ = N,..., N, — 1.

The MPC problem is defined as follows:

ILItl(}cr)l J(x(k), y(k), a(k)) (2.39)

st. x(k+I1+1)=f(x(k+D,ulk+1D,D(k+1)) 1=0,...,Np—1 (2.40)
yik+D)=hx(k+D) I=1,...,Np (2.41)

x(k) = xx (2.42)
u(k+)=u(k+N.—1), I=Ng...,Np—1 (2.43)
xtk+DeX, I=1,..,N, (2.44)
ylk+DeY, l:1,...,NlD (2.45)
ulkk+Del, 1=0,...,N.—1 (2.46)

where ] is the objective function, x; represents the measured state vector at time step k, X
is the set of all the feasible states, Y is the set of all the feasible outputs, and U is the set of all
the feasible control inputs.

The controller determines the control input sequence (k) that optimizes the value of
the objective function subject to the constraints. According to the receding-horizon
scheme, only the first element of the optimal control input sequence is applied to the
controlled system. After that, the prediction period shifts to the next control step, and the
control inputs are optimized again. In addition, an end-point penalty [15, 26, 99], which is
based on the system states at the end of the prediction period, can be added to the objective
function for ensuring stability:

J(x(k), y(k), @t(k)) + @ (x(Np)) (2.47)

where ®(x(Np)) represents the end-point penalty.

2.3.2 Model Predictive Control for Traffic Networks

MPC can be used for on-line traffic management, considering its capability to deal with
nonlinear systems, multi-criteria optimization, and constraints, and it has been
successfully tested in simulations of traffic systems [2, 37, 40, 46, 50, 77, 81, 98].

Hegyi et al. [50] applied MPC for freeway networks to reduce the total time spent, i.e. the
total time that all vehicle spend in the considered network, with variable speed limits and
ramp metering as control measures. Hegyi et al. [50] showed by a case study that MPC with
variable speed limits and ramp metering can significantly reduce the total time spent.
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Papamichail et al. [98] proposed a nonlinear MPC approach for coordinating ramp
metering, in combination with AMOC (Advanced Motorway Optimal Control)[61] and the
feedback control approach ALINEA [96]; Papamichail et al. showed by a simulation
experiment that the proposed approach can perform better than uncoordinated ramp
metering. Aboudolas et al. [2] proposed a rolling-horizon quadratic-programming
approach for large-scale urban networks, with traffic flows being modeled based on the
store-and-forward modeling paradigm, and the effectiveness of the proposed approach in
[2] was demonstrated by a simulation experiment. Lu et al. [77] proposed a control
approach for maximizing bottleneck flows for freeway networks, with variable speed limits
and ramp metering as control measures. In that approach, variable speed limits are first
determined by control laws, based on mainstream flow, on-ramp demand, and the
characteristics of drivers; next, ramp metering rates are determined by means of MPC.
Moreover, it was shown by a numerical experiment that this approach could significantly
improve the traffic performance wur.t. the no-control case. Hadiuzzaman et al. [46]
proposed a variable speed limit strategy with fundamental diagrams at bottlenecks
explicitly considered, and Hadiuzzaman et al. showed by a case study that the proposed
approach in [46] together with the MPC approach can effectively reduce traffic congestion.
Frejo et al. [40] proposed a MPC approach for freeway networks based on discrete signals
for variable speed limits, and showed by a case study that the proposed method in [40] can
result in a good performance, with the computation time decreased. Maggi et al. [81]
proposed different MPC approaches, which differ for the prediction models (CTM and
modified CTM) and the objective functions, and the different approaches in [81] was
compared by means of simulations. With ramp metering as the control measure for freeway
networks, Ferrara et al. [37] developed an event-triggered MPC approach, in which the
control inputs are not computed at every control time step, but based on an event-triggered
rule. In [37], the event-triggered MPC problem is formulated in a mixed-integer linear form;
thus the optimization problem can be solved by efficient solvers. Moreover, Ferrara et al.
[37] showed the effectiveness of their approach by numerical simulations.

2.3.3 Receding-Horizon Parameterized Control for Traffic Networks

A Receding-Horizon Parameterized Control (RHPC) approach for traffic networks has been
developed by Zegeye et al. [130] based on a receding-horizon control scheme and
parameterized control laws for single-class traffic models. RHPC is a variation of standard
MPC: in MPC the control inputs are directly optimized for the whole control period, and the
number of variables in the optimization problem is determined by the length of the control
period. In contrast, in RHPC the control inputs are parameterized and only the parameters
of the control laws are optimized instead of all control inputs. These parameters can be
time-varying or constant over the control period, and therefore the number of variables in
the optimization problem can be decreased with respect to that of standard MPC. Zegeye et
al. validated by a case study that the performance improvement for RHPC can be almost the
same as standard MPC, and the computational load for RHPC is much lower than that for
standard MPC.

't Hart [117] also investigated some parameterized MPC laws for freeway networks based
on single-class traffic model. In [117], eleven parameterized control laws were considered in
total, and it was shown that seven of the considered parameterized MPC laws could result
in similar performance as standard MPC, with relatively low computational burden w.r.t.
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standard MPC.
For more details about the RHPC approach, we refer to Section 4.1.

2.4 Robust Model-Based Control

2.4.1 General Robust Model Predictive Control

Since the predictions of the future evolutions of the controlled networks are used for
determining the optimal control actions in MPC, the uncertainties that affect the accuracy
of the predictions will also affect the control performance and the satisfaction of constraints
on states and outputs. In particular, these uncertainties include the uncertainties in
measurements of states, the uncertainties in model parameters, the uncertainties in the
external uncontrollable inputs, and so on, since the measured states, the model
parameters, and the uncontrollable inputs are used for predicting future traffic dynamics.
Robust MPC approaches [23, 33, 45, 83, 113] take into account uncertainties in the control
design procedure in order to improve the control performance and to ensure the
satisfaction of constraints.

There are some robust MPC approaches available in the literature for handling
uncertainties for MPC. For instance, one type of approach is based on Lyapunov functions,
see e.g. [33, 113]. Another type of approach is tube-based MPC, see e.g. [83], where a model
predictive controller forces the trajectories of the disturbed system to be within a tube
around a central reference trajectory, which is obtained by a nominal control approach with
tightened constraints on states and inputs. Moreover, a min-max scheme is used for
handling uncertainties in [23, 45], where the worst-case control objective functions among
all the considered uncertainties are optimized. In addition, in [23] constraints on the
control inputs and system outputs are taken into account for all possible uncertainties, and
in [45] only constraints on the control inputs are considered.

2.4.2 Robust Model-Based Control for Traffic Networks

Various uncertainties exist in model-based control procedures for traffic networks. In
particular, demand uncertainties, model uncertainties, missing samples, sensor errors, and
delays are all significant factors in model-based traffic control. In multi-class traffic models,
the fractions of different vehicle classes in the demands at the origins of the network are
required. Thus, the uncertainties in the estimation of these fractions will affect the control
performance. Considering these uncertainties in the model-based control design is
important for improving the control performance and for ensuring the satisfaction of
constraints.

Some robust control approaches have been developed for traffic networks. Tettamanti
et al. [119] developed a min-max MPC approach for urban networks to minimize the
objective function in the worst-case scenario. Ukkusuri et al. [121] proposed a robust
optimal traffic signal control approach for traffic networks with the future demand assumed
to be uncertain, and they developed a robust system-optimal control approach with an
embedded cell transmission model. Similarly considering the uncertainties in the
origin-destination (OD) demands, Jones et al. [56] proposed a near-Bayes near-Minimax
method for robust traffic signal control for an urban network, and obtained a good
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compromise solution between the Bayes case and the Minimax case. Zhong et al. [132]
dealt with the robust control problem by using a min-max scheme, and solved the optimal
control for freeway networks using a set of recursive coupled Riccati difference equations.
Huang et al. [55] proposed Iterative Optimizing Control with Model Bias Correction
(IOCMBC) for handling uncertainties in traffic signal control. In the IOCMBC approach, a
model bias correction is included by adjusting the model output and the slope of the model
based on the measurements.

2.5 Robust Distributed Model Predictive Control

2.5.1 Distributed Model Predictive Control

A large-scale traffic network is hard to control through centralized MPC due to the
computational complexity. In Distributed Model Predictive Control (DMPC), a large-scale
network is divided into small subnetworks, which are assigned to local agents.

Some approaches have been developed for partitioning large-scale networks into small
networks in the literature [89, 110, 133]. Ocampo-Martinez et al. [89] developed a
partitioning approach on the basis of graph-theory: they represent a system by means of a
graph, and divided the system graph into a number of non-overlapping subgraphs by
identifying the highly coupling subgraphs. By means of a simulation experiment, the
partitioning approach in [89] was shown to be capable of reducing the computational
complexity with negligible loss of performance w.r.t. the centralized MPC approach. Zhou
et al. [133] proposed a fast network division approach based on optimizing a criterion for
the quality of the partition schemes, and the fast network division approach was shown to
be efficient in partitioning real-world urban traffic networks by a case study. For the
anticipatory control problem for large-scale traffic networks, Rinaldi et al. [110] proposed a
dynamic decomposition mechanism, which can recognize when and which controllers
should be grouped in clusters, based on the sensitivity of traffic variables to the control
inputs. In [110] the effectiveness of the dynamic decomposition mechanism was tested by
numerical case studies involving MPC for traffic networks; the results show that the new
approach outperforms both the fully centralized MPC approach where the controllers are in
one group, and the fully decomposed MPC approach where all the controllers are in
different groups.

After partitioning the large-scale network into small networks, the overall optimization
problem is decomposed into local optimization problems for the local agents by methods
such as primal decomposition or dual decomposition [27]. In the dual decomposition
method [27, 87], coupling constraints between subnetworks are incorporated into the
overall control objective function by Lagrangian relaxation or augmented Lagrangian
relaxation, resulting in a dual problem that can be decomposed into local optimization
problems. It can be shown [14, 24, 87] that when the control objective functions and the
inequality constraints of subnetworks are convex and the equality constraints of
subnetworks are affine, the solution of the original overall optimization problem can be
retrieved by iteratively solving the dual problem in a distributed way.

Some researchers also use DMPC for nonlinear-nonconvex systems, and they use
numerical experiments for investigating the control effectiveness. For instance, Frejo and
Camacho applied DMPC for a nonlinear-nonconvex freeway network in [39], where they
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did not include coupling terms in the control objective function, and they adopted a setting
in which each local controller can negotiate with other controllers through communication
about coupling variables. Frejo and Camach [39] showed by a numerical experiment that
DMPC can improve the control performance w.r.t. the no-control case, albeit that the
control performance is suboptimal compared to that for the centralized control approach.
Ferrara et al. [38] reformulated a nonlinear traffic flow model as a mixed logical dynamical
system including linear equalities and inequalities. By considering a freeway network as a
system of systems, Ferrara et al. [38] developed two different DMPC approaches: a so-called
partially connected noniterative independent algorithm where each local controller
optimizes a local control objective function, and a so-called partially connected
noniterative cooperative algorithm where each local controller optimizes the weighted sum
of the control objective functions of that local controller and all neighbors. Ferrara et al. [38]
showed by a case study that the control performance can be improved by DMPC compared
to the no-control case, and that the DMPC approach based on the so-called partially
connected noniterative cooperative algorithm leads to a control performance that is close
to that for the centralized control approach.

2.5.2 Robust Distributed Model Predictive Control

In DMPC, local agents communicate with other agents to obtain solutions for the control
problem of the overall network. Apart from the uncertainties of the current local agent, the
uncertainties appearing in other local agents also affect the control effectiveness of DMPC.
Some robust DMPC approaches have been developed in [42, 62, 63, 80, 82, 108].

For linear systems, in [42, 108] a constraint tightening scheme is used for dealing with
uncertainties in DMPC. In [42], local constraint sets are tightened to account for
uncertainties, and the global constraint set is taken as the Cartesian product of tightened
local constraint sets, ensuring robustness w.r.t. small disturbances. In [108], constraints are
tightened in a monotonic way to ensure robust feasibility, including additional margins in
the coupling constraints of each local agent to account for the uncertainties for neighboring
subsystems.

For nonlinear systems, some robust DMPC approaches are also available in the
literature. Li and Shi [63] proposed a robust DMPC approach for continuous-time
decoupled nonlinear subsystems, where coupling occurring in a global control objective
function is incorporated into local control objective functions. In [63] a robustness
constraint making local cost functions (Lyapunov functions) decrease was proposed to
ensure robustness against external bounded disturbances. Furthermore, some robust
DMPC approaches have been developed for nonlinear systems based on scenario trees for
uncertainties [62, 80, 82]. In these approaches, the considered scenarios for uncertainties
are distributed to different local agents, i.e. each local agent deals with one scenario for the
uncertainties. Non-anticipativity constraints, which are incorporated into local control
objective functions, are introduced in these approaches for ensuring that the control inputs
of one agent equal the control inputs of other agents at the same time step. Note, however,
that the approaches in [62, 80, 82] are not designed for multiple subsystems, but for a single
system only.
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2.6 Summary

In this chapter, we have reviewed some previous work about traffic flow models, traffic
emission models, model predictive control both in general and for traffic networks, robust
model-based control both in general and for traffic networks, and robust distributed model
predictive control both in general and for traffic networks.

As prediction models for MPC, in this thesis a multi-class METANET model will be
compared with the FASTLANE model in combination with multi-class macroscopic
emission models extended based on VI-macro and VERSIT+; this has not yet been done in
the literature. Furthermore, in this thesis we will develop a robust RHPC approach and a
robust DMPC approach for freeway networks, which have not yet been developed in the
literature.



Chapter 3

Model Predictive Control Based on
Multi-Class Macroscopic Traffic Models

In order to describe the heterogenous nature of traffic dynamics through macroscopic
models, in this chapter we extend a multi-class macroscopic traffic flow model: a new
multi-class METANET model, integrate a macroscopic emission model VI-Macro with
multi-class traffic flow models, and extend a new multi-class macroscopic emission model:
multi-class VERSIT+. To allow for a comparison with the new multi-class METANET model,
we also extend the first-order multi-class macroscopic traffic flow model FASTLANE with
variable speed limits and ramp metering. These multi-class macroscopic traffic flow and
emission models are used next as prediction models in online model predictive control for
freeway networks. Besides, end-point penalties are also included to account for the
behavior of the considered traffic system beyond the prediction period.

3.1 Multi-Class Macroscopic Traffic Flow Models

3.1.1 Extensions of FASTLANE

The FASTLANE model of [122, 123] does not yield the queue lengths at origins (indexed by
0). Besides, traffic control measures such as speed limits and ramp metering are also not
included. Here we extend the FASTLANE model with a queue length equation, and we also
include variable speed limits and ramp metering.

Just as in METANET [60], we introduce a simple queue equation for estimating the queue
lengths at origins:

Wo,c(k+1) = wy (k) + T(do,c(k) - qo,c(k)) 3.1

where w, . is the queue length of vehicle class ¢ at origin o, g,, is the flow of vehicle class ¢
at origin o, and d, . is the external demand of vehicle class c at origin o.

Following the METANET speed equation of [50], a variable speed limit is incorporated in
the speed equation as follows:

Um,i,c(k) = min (Vi (055,K) ), (1+ 8 m,0) vy, () (3.2

where 1+ 6, represents the non-compliance factor of vehicle class c in link .

25
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In order to apply ramp metering in traffic networks, the on-ramp flow equation with
ramp metering is defined as

1 .
oK) = G — s min (1o Do k), Ao oo ()i, () (3.3)
in which (m, 1) indicates the cell to which the on-ramp connects, O,  is the dynamic pce
for vehicle class c at on-ramp o, D, . is the total demand of vehicle class ¢ at on-ramp o, and
Ao,c is equal to the traffic composition at on-ramp o set by the user, representing the share for
vehicle class ¢ among the total demand at on-ramp o. In addition, A, is defined as follows:

~ CSfC 3.4)

0™ ~efc efc )
Co+Crty

where CSfC represents the effective capacity for on-ramp o, and Cfrfc_l represents the
effective capacity for the upstream link m — 1 of the link m that connects to on-ramp o, and
ce and Cfrfc_l are represented in pce/h. The effective capacities CS and Cfrfc_l are joint
parameters for all vehicle classes, and they can be determined by parameter identification
based on class-specific measurements.

3.1.2 Multi-Class METANET Model

In this section, we propose a new multi-class METANET model based on the method that
is used by Logghe for developing the multi-class LWR model in [75, 76]. In particular, it is
assumed that each vehicle class is constrained within an assigned space of the road, being
subject to its own fundamental diagram:

pm,i,c) (3.5)

Am,i,c

dm,i,c = am,i,ch(

where Qc(0m,i.c) = EmPm,i,cVm,i,c is the flow function of vehicle class ¢, and @, ; . is the road
space fraction of vehicle class c in segment i of link m, which is defined as the ratio between
the assigned space and the whole road space. The road space fractions for different classes
of vehicles are always nonnegative, with the sum of all fractions equal to 1:

Am,i,c =0 (3.6)

Nc
Y Amyie=1 3.7)
c=1

The actual density divided by the road space fraction for a vehicle class is considered to be
the effective density of that vehicle class. Similarly, the actual flow divided by the road space
fraction for a vehicle class is considered to be the effective flow of that vehicle class.

Traffic Flow Equations for Multi-Class METANET

Referring to single-class METANET [60, 84], the equation for computing the flow g, ; . of
vehicle class ¢ in segment i of link m is the same as (2.15), and the equation for computing
the queue length w, . of vehicle class c at origin o is the same as (3.1). The density p,,; . of
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vehicle class ¢ in segment i of link m is computed as follows:

T

pm,i,c(k+ 1) = pm,i,c(k) + I (qm,i—l,c(k) - qm,i,c(k)) (3.8)

mMHm

Class-dependent parameters (T,,,.c, Nm,c» Km,co p%{tc, vfff_‘j, and a,, ) are necessary for

computing the speed v, ; . and the origin flow g, .. These class-dependent parameters
describe different characteristics of different vehicle classes, and they can be determined by
parameter identification based on class-specific measurements. The speed of vehicle class
¢ in segment i of link m is described through the following equation:

m,i,c k
(Vm,c (,0,—,()) - Vm,i,c(k))

Umic(k+1) =V, c(k)+
m,i,c m,i,c am'l"c(k)

m,c

T
+ = Um,i,c (K) (Um,i-1,c(K) = Ui, (K))
Lm

_ Trlm,c pm,i+l,c(k)_pm,i,c(k)
LinTm,c Pm,ic(k) +Km,c

(3.9)

where 7, ¢, N m,c, and x ,, - are model parameters for vehicle class c in link m, and the desired
speed function V,, . for vehicle class c in link m is defined as:

ok -1 e\
mec(Pm,z,c( ))ngngXp( ( Pm,i,c(k) ) ) (3.10)

a’m,i,c(k) am,c am,i,c(k)P%i,tc
in which a,, . is a model parameter of vehicle class c in link m, and p%‘tc is the critical density
of vehicle class c in link m.

According to Hegyi et al. [50], a variable speed limit is included in the desired speed
function V,, . for vehicle class ¢ similarly to (3.2):

Pm,i,c(k))_ . ( (Pm,i,c(k)) SL
Vm'c(—am,i,c(k) =min |V —am,i,c(k) y (L +0m, )V, (k) (3.11)

The flow g,,. of vehicle class c at on-ramp o is

max __ Pm,l,c(k)
wo,c(k) Pm,c a1, (k)

qo,c(k) =min do,c(k) + ’ ro(k)am,l,c(k)co,m am,l,c(k)co,c (3.12)

max __ Crit
m,c — Pm,c

where the index 1 represents the segment that the on-ramp is connected to in link m, @, 1,¢
is the road space fraction of vehicle class ¢ in segment 1 of link m, C, . is the theoretical
maximum capacity of on-ramp o if there would be only vehicle class c, p},;% is the theoretical
maximum density of link m if there would be only vehicle class ¢, and p;,1, is the density of
vehicle class ¢ in segment 1 of link m.

For a mainstream origin o, the flow equation of vehicle class c is similar to the single-class
equation developed in [50]:

Wo,c (k)

Go,c(k) =min | do,c(k) + g (k) (3.13)

lim

where g, .

is the maximum inflow of vehicle class c for the first segment of link m that is
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Figure 3.1: Traffic regimes for two vehicle classes

connected to the origin:

llm (k) T
RS, )| e 22 |
lim _ Ve
qm 1, c(k) - if vlrlnrfll c(k) < Vm c(pcrlt (3.14)
i c(k)ﬂmpcrlt Vm C(pcrlt) if Vlrgfll,c(k) Vo, C(pcrlt

in which V};?ml k) = mln(v 1(k) Um,1,c(k)) is the speed that limits the flow for vehicle class ¢
in the first segment of hnk m at time step k, and a,, ; . is used for converting effective flows

to actual flows.

Road Space Fractions and Traffic Regimes

According to the densities for different vehicle classes, three traffic regimes are defined here,
i.e. free-flow, semi-congestion, and congestion. The road space fractions are determined on
the basis of these traffic regimes. Figure 3.1 shows the traffic regimes for the case with two
vehicle classes.

* Regime A: Free-Flow

In the free-flow regime, the effective density of each vehicle class is less than or equal
to its critical density. Therefore, the sufficient and necessary condition for the free-flow
regime is

pmlc( ) crit

P~ c(k) me  forallc (3.15)

Based on (3.7) and (3.15), the constraint that separates the free-flow regime from the
semi-congestion regime is obtained as follows:

¢ X
Z pmlc(k) <1 (3.16)

crit
c=1 pm c
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According to (3.15), we define the space fraction of vehicle class c as

Pm,i,c(k)

P
am,i,c(k) = e Omi ](k_) (3.17)

Z crit

j=1 'Om,j

* Regime B: Semi-Congestion

From the macroscopic behavioral theory for traffic dynamics and empirical
phenomena in [32], it could happen that slower vehicles are still in the free-flow
regime, while faster vehicles are already in the congested mode. Similarly to [75, 76],
in the multi-class setting faster vehicle classes are considered to get in the congested
mode earlier than slower vehicle classes, and the desired speeds of the congested
vehicle classes are considered to be equal. The semi-congestion regime corresponds
to the case that the desired speeds of the congested vehicle classes are larger than or
equal to the desired speeds of slower vehicle classes that are still in the free-flow
regime. In the semi-congestion regime, the effective density of at least one vehicle
class is less than or equal to its critical density, and the effective density of at least one
vehicle class is larger than its critical density.

In order to obtain the boundary condition distinguishing the semi-congestion regime
from the congestion regime, it is assumed that all vehicle classes are congested except
for one vehicle class c;, that is on the verge of getting in the congested mode, i.e. the
effective density of vehicle class c;, is equal to its critical density, resulting in the
following road space fraction for vehicle class c;,:

pm,i,c;‘n(k)

AUmyic, (K) = —o (3.18)

pm,c;‘n

Actually, c;, is the vehicle class with the slowest desired speed when all vehicle classes
are assumed to be on the verge of getting in the congested mode:

-1
c,, = argmin (vfffg exp ( )) (3.19)

c=1,..,n¢ am,c

The following relation holds according to the definition of the semi-congestion regime:

Pm,i,c; (k)) (Pm i c(k))
V, o | —2—|<V, _ (3.20)
M Cm (am,i,cfn (k) e am,i,c(k)

for c¢=1,...,ncwithc#c,

Considering (3.7), (3.18), and (3.20), the boundary condition distinguishing the semi-
congestion regime from the congestion regime is obtained as follows:

¢

)y Pmic®) | (3.21)

crit=
c=1 Pmyec
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crit*

where p is determined by the following equation:

m,c
1
critx crit Uf'r?eg* -1 e
Cm
Pme =Pme | ~AmeIn| ——=exp (3.22)
’ ) a %
m,c m,cCy,

The proof of (3.21) and (3.22) is as follows:

Proof. The proofis based on (3.7), (3.10), (3.18), and (3.20). Substitute (3.10) into (3.20),
and consider (3.18):

Am,c
-1 -1 i ok '
Ufree* exp( ) < Vgle,g exp( ( pm,l,c( ) ) ) (3.23)

Am,c \ Am,ic(k)pGie

forc=1,...,ncwithc#cy,

From (3.23), the following equation can be obtained:

free

Pm,i (k) crit vm,c;‘n ( -1 ) e
———< —am,cIn ex 3.24
ey~ e | 7 Eme T Tfree S g, o
for c¢=1,...,ncwithc#c),
The right-hand side of (3.24) is equal to p{'*, cf. (3.22). Hence,
ok
% < Amic(k) (3.25)
pm,c
for c¢=1,...,ncwithc#c),
For vehicle class c;,, p%“cm = p?,rl“c* Considering (3.7), the boundary condition for the
¢ - (k
semi-congestion regime can be obtained: Z % <1,i.e. (3.21).

c=1 m,c

Suppose that S’C;;r;g (k) denotes the set of all vehicle classes that are in the congested

mode in segment i of link m at time step k, and ng‘l?(k) denotes the set of all vehicle
classes that are in the free-flow mode in segment i of link m at time step k. The space
fractions for the vehicle classes that are in the free-flow mode are

pm,i,c(k)

crit
m,c

Um,ic(k) = for ce She(k) (3.26)

The space fractions for the congested vehicle classes are obtained by solving the
following system of equations:

A, i,c (k) a’m,i,lm,i(k)

Pmyic(k)) _ Pm,iy, ; () cong .
Vm,c( ) = melm,i (— for ce Sm,i (k)/{lm,z} 5.27)

ZCES::I)Eg(k) am,i,c(k) =1- Zéesﬁze;(k) am,iyé(k)

where /,,, ; is an arbitrary element of S’C;I;g(k).
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* Regime C: Congestion

In the congestion regime, the effective density of each vehicle class is larger than its
critical density; the desired speeds of all classes of vehicles are equal.

The constraint for the congestion regime is the restriction on the maximum density:

Pm,i,c(k) < ,max

Pm e for ¢c=1,...,n. (3.28)

Am,i,c

Note that p%“c < Pmyic

Considering (3.7) and (3.28), the boundary condition for the congestion regime is
obtained as follows:

N - (k
Z pm,l,c( ) < 1 (329)

max
c=1 pm,c

The space fractions can be derived by equating the desired speeds of all classes of
vehicles:

A1 (k) A, i2(k)

i k m,i k
Vm,l(pm, ,1( )) — mez(P ,,2( ))

(3.30)

pm,i,nc—l(k)) _ (Pm,i,nc(k))
Vn’;,nc—l (am,i,ncfl(k) - Vm,nc am,i,nc(k)
2ol Amick) =1

3.2 Multi-Class Macroscopic Traffic Emission Models

VT-micro and VERSIT+, which has been introduced in Section 2, are microscopic emission
models, and they describe the emissions generated by individual vehicles. Considering the
computational complexity, in Model Predictive Control (MPC) for traffic networks we want
to describe the total emissions in a macroscopic way, not for individual vehicles. As a
macroscopic version of VI-micro, VI-macro is based on the single-class METANET model.
In the thesis VI-macro is integrated with multi-class traffic flow models. Similarly, we also
extend the microscopic emission model VERSIT+ to a multi-class macroscopic version,
which can be used together with multi-class traffic flow models.

3.2.1 Multi-Class VI-Macro Model

When the VI-macro model, which has been developed in [130] based on the single-class
METANET model, is used for a multi-class setting, it is necessary to integrate it with
multi-class macroscopic traffic flow models. In the ensuing part of this section, the
explanations are given for multi-class METANET and FASTLANE with segments being
equivalent to cells, but the multi-class VT-macro model can also be used for other
multi-class macroscopic traffic flow models.

For multi-class traffic flows, the inter-segment acceleration (denoted by ai;'“l?fc) and cross-
segment acceleration (denoted by a;f%fi) for vehicle class c are defined as follows:

i Um,i,c(k+1) = Vi c(k)
e k) = i

(3.31)
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vgc(k+1) = vg (k)
aglgs ) = 2 (3.32)

The numbers of vehicles corresponding to the above two types of accelerations are as
follows:

S (k) = Lintm P m,i,c (k) = TG o (K) (3.33)
g (k) = Tqq,c (k) (3.34)

inter : : : : inter Cross
where n i (expressed in veh) is the number of vehicles corresponding to a i and N Bro
(expressed in veh) is the number of vehicles corresponding to a®'%>*

a,B,c’

Two types of emission rates (denoted by EMi;}fﬁ'rl.,C and EM;}IESEC) corresponding to a‘gfrc

and a®"%*® are as follows:
a,B,c
int int ~T ~int

EMIST, (k) = nife" (k) exp (0, ; () Py, (k) (3.35)

EMESSS (k) = nssss (k) exp (4,0 () Py, 4595 (k) (3.36)

in which Py is a class-dependent parameter matrix, and o, ; ., dm sy, g and ago are

vectors in the form of ¥ = [1 x x* x3]T.
The emission rate EMco,,m,i,c for COz for vehicle class ¢ in segment i of link m can be

estimated as

EMCOg,m,i,C(k) =Y1,c Vm,i,c(k) + YZ,CEMfuel,m,i,c(k) (3.37)

where y;,. and y, . are class-dependent model parameters, and EMyyel m,ic is the fuel
consumption rate for vehicle class ¢ in segment i of link m given by

EMiuel,m,ic (k) = EMper . (k)+ Y. EM{o® (k) (3.38)

fuel,m,i,c fuel,a,(m,i),c
up
“EIm,i

Remark 3.1 The approach for extending the multi-class VI-macro model based on
multi-class macroscopic traffic flow models is general in the sense that it can be used for
any emission model using car characteristics, and with speeds, accelerations, and jerks as
inputs. Since the jerks are not derived above, jerk equations are included in AppendixA. O

3.2.2 Multi-Class VERSIT+

Based on the VERSIT+ model in [66], we extend a multi-class VERSIT+ model by means of
the approach for extending the multi-class VI-macro model. In particular, the
inter-segment acceleration and the cross-segment acceleration are also used here. The

feQi inter Cross : :
emission rates EM Yy (g/s) and EMy,oc,ﬁ,c (g/s) corresponding to the inter-segment
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acceleration and the cross-segment acceleration are as follows:

inter . inter
I’lmyl-,c(k) uo)yyc lf Umyi,c(k) < 5, am,iyc(k) < 0.5

inter inter inter
nm,i,c(k)(ulv%c + uer’rC(Zm,i,c(k))"' + u3,)’,0(zm,i,c(k) - 1)"')

if 5< Up,i,c(k) <50 OF Vpy i (k) <5, ams’ (k) >5

inter _ . . .
EMy i) = T () (1 + 15,0 (2000 (K)) 4 + s, (2007 (K) — 1))

ng;:(f’rc(k) (u7,y,c + u8yy,C(Z;r;,tie,rc(k) -0.5), + u9,y,c(zi;11,tie'rc(k) - 1-5)+)

if 80< vpc(k)

(3.39)

P9 (K) gy if Va,c(k) <5, ag e (k) < 0.5

n;r,%s:i(k)(ul,y.c Uiz, y(Zg o ())+ F Usy,c (2 570 (k) = b-)

if 5< (k) <50 or vy (k) <5, aZ%* (k) >0.5

a,B,c

Cross _
EMyap e () =) ncross () (1, e + sy, (2S5 (RN 1 + s e (255550) 1))

if 50 < vqc(k) <80

Mg oK) (U7,y,c + Us,y,c (2 o (k) = 0.5)4 + Us,yc (25 g (K) — 1.5).)

a,B,c
if 80 < vg (k)

(3.40)
inter Cross
where ug,y,c,..., Ug,yc are class-dependent model parameters, and z, ' and z/ o are
defined as

inter inter

20 (k) = aln'S (k) +0.014Up, i o (k) (3.41)
Cross _ ,Cross

Za.pe= Ag poe +0.014v4 ¢ (3.42)

in which inter-segment acceleration a™" and the cross-segment acceleration azr%si are

expressed in m/ s?, andv,,; c and v, ¢ are expressed in km/h.

3.3 MPC with End-Point Penalties

The newly extended models (FASTLANE with extensions, multi-class METANET, multi-class
VT-macro, and multi-class VERSIT+) are used as prediction models. The control measures
that we choose are variable speed limits and ramp metering.

3.3.1 Performance Criteria

Various performance criteria can be considered when constructing the objective function
for traffic management. As a proof of concept for reducing traffic congestion and traffic
emission in an integrated way, in this chapter we consider the Total Time Spent (TTS) and
the Total Emissions (TE) as performance criteria.
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The total time that all vehicles spend in the considered traffic network is denoted by Total
Time Spent7 (TTS), and defined as follows:

(ke+Np)M-1 p,

TTS(k)=T Y. Y. pe| 2 HmPmic(DLm+ Y Woc()) (3.43)
j=keM  c=1 (m,i)ely 0€0y

where I is the set of all pairs of link and segment indices (m,7) in the traffic network, O,
is the set of the indices of all origins, k. is the control time step counter, which corresponds
to the time instant ¢ = k. T. (with T, the control time interval®), M = T,/ T is assumed to be
a positive integer, p. indicates the fixed passenger car equivalents (pce) for vehicle class c,
and in this chapter p. = s./s;.

The TE indicates the total emissions that all vehicles in the considered traffic network
generate. The TE for emission type y is defined as

(kc+Np)M—-1 p, ) )
TEy(k)=T >, 2| X EMT D+ ) EMJER (D+ ) EMyGE())
j=kcM  c=1\(m,i)elyy a,BEPyn 0€0y)
(3.44)

in which Py is the set of all pairs of adjacent segments and origins, and EMIJ?},eg represents

the emission rate of emission category y for vehicles in queue at origin o. The emission rate
EM}% is computed in a similarly way as EM‘;‘;?Z. ~» with vehicles in queue considered to have
low speeds and no acceleration.

3.3.2 End-Point Penalties

In MPC for traffic networks, obtaining appropriate control performance may require a long
prediction period, since it is recommended [50] to select the prediction period to be in the
order of the typical travel time for a vehicle to cross the traffic network. This makes
computation slow and complex for large-scale traffic networks. In this section, we propose
to use end-point penalties to take into account the performance of the considered traffic
network beyond the prediction period.

End-Point Penalty Derived from the TTS

Based on the definition of the TTS, we develop a TTS end-point penalty, which is an estimate
of the TTS for all vehicles that are still in the network at time step (k. + Np) M. Particularly,
the TTS end-point penalty consists of the following parts:

* The number of vehicles in each segment multiplied by the time ;> ((k. + Np) M) that
a vehicle that is present in that segment at time step (k. + Np) M would on the average
need to get to its destination.

* The number of vehicles in each origin queue multiplied by the time 57" ((kc + Np) M)

that a vehicle present in that origin queue at time step (k. +Np) M would on the average
need to get to its destination.

"Note that the TTS index here includes the TTS for all segments, the TTS for all origins, and the TTS for all
on-ramps, and they are treated equally, i.e. their weights are equal to 1.
8Note that in Sections 3.1 and 3.2 we assume 7. = T. Now we consider the general case with T¢ # T.
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The formula for computing the TTS end-point penalty is

n¢
TTSend(kc) — Z Z ,Umpm,i,c((kc"'NP)M)Lmtrem ((kC+Np)M)

m,i,c
c=1(m,i)ely

+ Y wocllke+ Np) M) 15 (ke + Np) M) (3.45)

o,C
0€0,

End-Point Penalty Derived from the TE

Based on the definition of the TE, we develop a TE end-point penalty, which is an estimate
of the total emissions that the remaining vehicles at time step (k. + Np) M generate before
leaving the traffic network. The TE end-point penalty consists of the following two parts:

* The number of vehicles in each segment at time step (k. + Np) M multiplied by the
emissions TE}QE ; .((kc+ Np) M) that a vehicle present in that segment at time step (k¢ +
Np)M would on the average generate before leaving the network.

* The number of vehicles in each origin queue at time step (k¢ + Np)M multiplied by
the emissions TE}‘:'(‘,I}C((ICC + Np) that a vehicle present in that origin queue at time step
(k¢ + Np) M would on the average generate before leaving the network.

The formula for computing the TE end-point penalty is

Tc

TES (k) =), 3. pmPmic((kc+ Np) ML TEYD; (ke + Np) M)

c=1(m,i)ely
+ Y woc((ke+ Np) MTE} (ke + Np) M) (3.46)
0€0q

Remark 3.2 Note that Origin-Destination (OD) matrices are needed for computing the
proposed end-point penalties, since they both depend on the destinations of vehicles. As
reviewed in [12], OD matrices can be estimated based on traffic counts by means of both
static methods [36, 78, 100] and dynamic methods [25, 48, 88]. In this chapter, we just
assume that a good estimate of the OD information is available. O

3.3.3 Overall Objective Function for MPC

For different traffic conditions, the traffic control objectives may be conflicting [3]. We aim
to achieve a balanced trade-off between the TTS and the TE here. However, the approach
that we develop is generic, and it can also accommodate other performance indicators. As
examples, variable speed limits and ramp metering are chosen as control measures.

The overall objective function of the online traffic control in this chapter is defined as
follows:

TTS(k¢) TEy(kC)
J(ko) =érrs = + érpy——
) TTSnom J;/ yTEy,nom
framp ferdet ( ctrl 1 2
rot (D=1 (=1
NcNRM 1=k OEOZramp 0 0 )
$speed ket Ne—1 Z ( U(r:rtzri'(l) - U;ﬂ'(l -1 )2
NeNysL I=ke (m,i)€lspeed V%f?nax
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TEend (kc)

Z é«end

end TEy end
TTS;om yey TEy nom

end TTSend(kc)

R 4 v ———— (3.47)

where ¢tts, {TE,y» Sramp, $speed E%I%g, and éend are nonnegative weights, TTSom, TEy nom,

TTS | and TE?,I}%m are the corresponding ' nominal" values for some nominal control
profile (e.g. the no-control case), Ny is the number of groups of metered on-ramps, and
Nyst, is the number of groups of variable speed limits, Oramp is the set of all metered

free free rctrl is the

on-ramps, Ispeed is the set of all segments with speed limits, vy, ., = max v, ry
C

ramp metering rate of on-ramp o for a given control step, v Ctrl

i of link m for a given control step, and for k = M (k.- 1) + 1,...,Mkc, ro(k) = rotﬂ(kc) and
vfnL’i (k) = U;;ri (k¢). In (3.47), the first term and the second term are performance indices; the
third term and the fourth term are used for penalizing the variations of the control inputs;
the fifth term and the sixth term are end-point penalties for takeing into account the
performance beyond the prediction period.

is the speed limit in segment

3.4 Case Study: Comparison of Multi-Class Macroscopic
Traffic Models

We now present a case study for comparing the multi-class traffic flow models and traffic
emission models of Sections 3.1-3.2, and for evaluating the effectiveness of the end-point
penalties proposed in Section 3.3.

3.4.1 Benchmark Network

The case study is based on the Dutch freeway A13, where we consider the direction from
Rijswijk to Rotterdam, as shown in Figure 3.2. The start of the considered part of the A13 is
seen as the mainstream origin (Op), and the end of the considered part of the A13 is seen as
the mainstream destination (Dy). There are four on-ramps (O, O,, O3, and O4) and four off-
ramps (Os, Og, O7, and Og) each of which consists of a single lane, and all the on-ramps are
metered. The main road subsumes three lanes, and variable speed limit signs are installed
through the whole stretch. According to the location of on-ramps, off-ramps, and variable
speed limit signs, the main road (7.8 km) is divided into 21 links, and in total 23 segments, i.e.,
most links only have 1 segment. More specifically, Table 3.1 lists the lengths of all segments
(indexed from Oy to Dy in the form of (m, i)) and the positions of the variable speed limit
signs (15 positions in total, numbered as 1, ..., 15).

The microscopic simulators VISSIM and ENVIVER are used as process models for
representing the real traffic network. VISSIM is used for simulating the traffic flows, and
ENVIVER is used for simulating the emissions. The case study can be seen as a proof of the
concept for the integrated control approach for reducing traffic congestion and traffic
emissions; thus the VISSIM bases are chosen so that in VISSIM relevant phenomena are
present, such as capacity drop and stability of traffic flows. The multi-class traffic flow
models and traffic emission models extended in Sections 3.1-3.2 are used as prediction
models in MPC. In both the process models and the prediction models, we consider two
classes of vehicles (i.e. cars and trucks), and the traffic variables for different vehicle classes
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Origin O, ,

VSL group 1

VSL group 2

VSL group 3

VSL group 4

@

Destination D,

Figure 3.2: Part of the Dutch freeway A13 considered in the case study (Oy: Rijswijk; O and
Os: Delft-Noord; O, and Og: Delft; Oz and O;: Delft-Zuid; O, and Og: Service area
Vrijenban.)

Table 3.1: Segments and Variable Speed Limits (VSL)

Segment Ly ¢y 6y »1y 61 L 71 6]
Length (km) 0.28 0.40 0.40 0.21 0.31 0.28 0.56 0.24
VSL - 1,2 3 4 - - 5 6
Segment 91 o1 (10,2) (11,1) 12,1 @131 (14,1) (14,2
Length (km) 0.27 034 0.33 0.34 0.33 0.59 0.37 0.37
VSL - 7 - 8 9 - 10 -
Segment (15,1) (@16,1) 17,1 (@18,1) (19,1 (20,1) (21,1)
Length (km) 0.25 0.32 0.35 0.43 0.28 0.23 0.37
VSL - 11 12 13 14 - 15
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Microscopic simulators:
VISSIM+Enviver

MPC controller

Traffic models:
Multi-class METANET
FASTLANE
Multi-class VERSIT+
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Figure 3.3: Model predictive control for A13

can be measured in VISSIM. The control procedure of MPC based on the extended
multi-class models is shown in Figure 3.3.

3.4.2 Identification of the Model Parameters

In order to describe the traffic flows and emissions through the models extended in Sections
3.1 and 3.2, the parameters for these models need to be calibrated. The mainstream demand
and the on-ramp demands for identification, which are shown in Figure 3.4, are generated
based on the field measurements of the A13 on Feb. 18, 2014. The fraction of trucks in all
the demands is taken as 0.1, considering the actual situation on the A13. These demands are
used as the inputs for the microscopic simulator VISSIM, and the outputs from VISSIM are
used as the inputs for ENVIVER. The simulation results of VISSIM and ENVIVER are used for
identifying the parameters of the multi-class macroscopic models of Sections 3.1-3.2, and
the measured mainstream speeds in VISSIM for several representative segments are plotted
in Figure 3.5.

For multi-class METANET and FASTLANE, the objective for the identification procedure
is to fit the TTS. Similarly, for multi-class VERSIT+ and multi-class VI-macro, the objective
for the identification procedure is to fit the TE, where only CO, is considered. The optimizer
"lIsqnonlin" in MATLAB has been used for solving the calibration problem, based on the
"trust-region-reflective" algorithm.

The prediction period length is chosen as 15 minutes, which corresponds to the average
time needed for a vehicle to cross the freeway stretch under consideration. We consider the
morning rush hours from 8.00 am to 10.00 am for the identification of the model
parameters. For the period 8.00 am-10.00 am, the average calibration and validation errors
within the prediction period between the measured TTS and the predicted TTS by
METANET and FASTLANE are shown in Table 3.2. The calibration and validation errors for
multi-class VI-macro and multi-class VERSIT+ in the period 8.00 am-10.00 am are shown in
Table 3.3. Three scenarios for the traffic demands are considered for assessment:

¢ Scenario 1: the scenario used for identification;

e Scenario 2: Scenario 1 + sinusoidal noise (with an amplitude equal to 5% of the
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Table 3.2: Calibration (Scenario 1) and validation (Scenarios 2 and 3) errors for traffic flow
models

Scenariol Scenario2 Scenario3
Multi-class METANET 8.8% 9.2% 7.7%
FASTLANE 8.1% 7.4% 6.8%

Table 3.3: Calibration (Scenario 1) and validation (Scenarios 2 and 3) errors for emission

models
Scenariol Scenario2 Scenario 3
Multi-class VERSIT+ 2.6% 3.3% 4.3%
Multi-class VI-macro 1.1% 1.3% 1.4%

demands for Scenario 1, and with a cycle time of 15 minutes);

e Scenario 3: Scenario 1 + white noise (with an amplitude equal to 5% of the demands
for Scenario 1).

From Table 3.2, it can be noticed that for multi-class METANET the calibration error is
8.8%, and the validation error is 7.7% — 9.2%; for FASTLANE, the calibration error is 8.1%,
and the validation error is 6.8% — 7.4%. Thus, both the calibration errors and the validation
errors are comparable for multi-class METANET and FASTLANE. From Table 3.3, it can be
seen that for multi-class VERSIT+ the calibration error is 2.6%, and the validation error is
3.3% — 4.3%; for multi-class VI-macro, the calibration error is 1.1%, and the validation error
is 1.3% — 1.4%. The calibration errors and the validation errors are thus also comparable for
multi-class VERSIT+ and multi-class VI-macro.

Based on the model parameters obtained, the total fundamental diagram (basic flow-
density relationship) of the new multi-class METANET model is shown in Figure 3.6, and the
space fractions for cars are plotted in Figure 3.7.

3.4.3 Control Set-up

Scenario 1 as shown in Figure 3.4 is considered for control in this case study. The control
time interval (T¢) is chosen as 5 minutes, the control period length is chosen as 10 minutes
(N:T¢ = 10 minutes, N, = 2), and the prediction period length is chosen as 15 minutes
(NpTc = 15 minutes, N, = 3). The simulation time step (T) is selected to be 6 seconds,
according to (2.1).

Recall that all four on-ramps are metered, i.e. Ngy = 4. According to the actual length
of the on-ramps, the maximum permitted queue lengths for all vehicle classes (wg‘(jxfc , 0 €
Oramp = 101, 02, 03, O4}) are repetitively 100, 100, 200, 50 pce. We divide the 15 positions (as
listed in Table 3.1) installed with variable speed limit signs into 4 groups (Nyst, = 4):

* VSL group 1: VSL 1-VSL 4, i.e. variable speed limits before Oy;
* VSL group 2: VSL 5-VSL 7, i.e. variable speed limits between O; and Oy;
* VSL group 3: VSL 8-VSL 10, i.e. variable speed limits between O, and Os;

e VSL group 4: VSL 11-VSL 15, i.e. variable speed limits after Os.
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Figure 3.6: Total fundamental diagram for cars and trucks based on multi-class METANET
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Considering that all segments are relatively short, we assume that vehicles in a segment
without a variable speed limit sign are subject to the variable speed limit for the closest
upstream segment with a variable speed limit sign.

As will be explained below, two groups of approaches are implemented for comparing
multi-class macroscopic traffic flow models and traffic emission models extended in
Sections 3.1-3.2, and for investigating the effectiveness of the end-point penalties proposed
in Section 3.3.

Comparison for multi-class traffic models

For the multi-class macroscopic traffic flow models and traffic emission models, we compare
four approaches without end-point penalties as follows:

e Approach A: multi-class METANET and multi-class VERSIT+;

* Approach B: multi-class METANET and multi-class VI-macro;

e Approach C: FASTLANE and multi-class VERSIT+;

e Approach D: FASTLANE and multi-class VI-macro.

For each approach, we consider 3 combinations of weights without end-point penalties:

e Combination 1: {11s=1, {TE,c0,=0.1, 6%%‘;:0, and f%;dcozzo;

e Combination 2: {115=0.5, {TE,c0,=0.5, f%{}%:o, and é%}](,iCOg =0;

e Combination 3: ¢175=0.1, ¢TE,C0,=1, 6%%‘;:0, and (fi}%ficozzO.

Assessment of end-point penalties

In order to investigate the effects of the end-point penalties, we also implement the following
four approaches:

* Approach E: multi-class METANET and multi-class VERSIT+ with end-point penalties;

e Approach F: multi-class METANET and multi-class VI-macro with end-point
penalties;

» Approach G: FASTLANE and multi-class VERSIT+ with end-point penalties;
» Approach H: FASTLANE and multi-class VI-macro with end-point penalties.

As an illustration, we choose ¢rrs=1 and ¢1g,co,=0.1 (the same as in Combination® 1) for
Approaches E to H. For {rrs=1 and {1g,c0,=0.1, an investigation has been done to find

appropriate Eﬁ‘é and &4 for the end-point penalties; the values obtained are &&24=0.1

TE,CO» TTS
end _
and fTE,coz =0.01.

We solve the control problem by means of "fmincon" in Matlab based on the ’active-
set’ algorithm and a multi-start scheme. An investigation has been done to ensure that the

9Combinations 2 and 3 are not considered here, since for Approaches E to H we mainly focus on the
comparison between the case with end-point penalties and the case without end-point penalties, not on the
effects of different combinations of weights for the TTS and the TE.
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CPU time for the approaches including multi-class METANET and the approaches including
FASTLANE are roughly the same. Thus for Approaches A, B, E, and E 50 starting points are
used for every control step, and for C, D, G, and H, 70 starting points are used for every
control step.

3.4.4 Simulation Results and Analysis

All simulations are implemented on a computer with 2 Intel(R) Xeon(R) CPU E5-1620 v3
@3.50GHz processors. For each approach and each combination of weights, 10 runs with
different random seeds corresponding to different starting points for "fmincon" are
implemented, and the average results are listed in Tables 3.4-3.7. In addition, we have also
recorded the CPU time for each approach and each combination of weights, and the results
are listed in Tables 3.4-3.7.

In these tables, ]IT?STE represents the relative improvement for JrrsTg in the entire
simulation period w.r.t. the case without control:

TTS¢ot TEco,,tot
JrTs,TE = €11 +STECO (3.48)
TTSnom TECOg,nom
]no control ]control
]1rnp TTS,TE TTS,TE (3.49)
TTS,TE ~ Jho control :
TTS, TE

where TTSyonm is the TTS over the prediction period for the no-control case computed at the
first control step, TTS; is the total time spent over the entire simulation period, TEco, nom is
the TE of CO; over the prediction period for the no-control case computed at the first control
step, and TEco, ot represents the TE of CO; over the entire simulation period. In addition,
]%%‘%‘1}3“01 represents Jts T for the case without control, and ]%%g%%l represents Jrrs tg for the
case with control based on Approaches E-H.

We define a total objective function Jio as follows:

Jop =& TTSot re TEc0, tot
tot =6TTSme— TSTECO,
° TTSnom 2TECO,,nom
wy (k
+£queue max max maX Z PeWo.c(k) -1,0 (3.50)
0€ Oramp =1,...,kend c= wo,efc

where kepq is the last simulation time step of the entire simulation period. The last term of
Jiot TEepresents the maximum queue length constraint violation for all on-ramps over the
entire simulation period, and the weight for this term is set to be a large value aiming at
evaluating the satisfaction of queue length constraints: {queue = 10. This total objective
function is used for comparing the total performance including the TTS, the TE, and the
queue length constraint violations, where higher values indicate a worse total performance.

Results for multi-class traffic models without end-point penalties

The results for multi-class traffic models without end-point penalties are listed in Tables 3.4-
3.6.
From Tables 3.4-3.6, it can be seen that Approach A (multi-class METANET and multi-

class VERSIT+) can improve the performance for TTS and TE ( ]lTnTlg 15 2-2% —6.8%) W.r.t. the
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Table 3.4: Simulation results for Combination 1

Approaches J.,  ymr e ConstmVIORIons o cpy
A 2.2% 2.3% 1.0% 0% 0% 0% 0% 8.6 7.7
B 2.4% 2.6% 0.6% 0% 0% 0% 0% 8.6 11.4
C 5.7%  -7.5% 12.6% 43.5% 0% 1254% 0% 21.8 10.0
D -8.6% -10.8% 14.1% 48.1% 14.6% 210.2% 0% 30.6 10.7

Table 3.5: Simulation results for Combination 2

i - i Constraint violations
Approaches ]lTHTlgTE e Y e o, 0, 05 04 Jiot CPU (h)
A 3.9% 1.0% 6.8% 0% 0% 0% 0% 7.7 7.0
B 2.4% 2.1% 2.8% 6.6% 0% 0% 0% 8.4 10.1
C 0.6% -129% 14.2% 10.2% 8.1% 229.2% 0% 30.8 10.7
D 02% -14.0% 14.6% 574% 0% 2209% 0% 30.0 13.3

Table 3.6: Simulation results for Combination 3

Approaches J.,  yme e COMSUEOVIORTONS . g opy by
A 6.8% 1.3% 7.4% 5.1% 0% 0% 0% 8.6 6.1
B 3.7% 1.8% 3.9% 26.5% 0% 0% 0% 11.0 8.9
C 13.1% -17.3% 16.1% 37.9% 23.8% 177.0% 0% 25.3 10.3
D 12.7% -15.0% 15.5% 107.1% 18.9% 188.7% 0% 26.5 12.9

Table 3.7: Simulation results for Combination 1 with end-point penalties

Approaches JiL.,  ymr e CONSTMIMEVIOEONS |y cpy
E 3.5% 3.6% 1.5% 0% 0% 0% 0% 8.5 8.2
F 4.2% 4.5% 1.1% 0% 0% 0% 0% 8.4 12.4
G -9.7% -11.8% 11.7% 57.2% 6.3% 236.3% 0% 33.3 8.0
H -5.9% -7.8% 12.8% 69.0% 7.7% 157.8% 0% 25.1 10.0

no-control case, with relatively small queue length constraint violations (0% —5.1%). The
queue length constraint violations only occur for Combination 3, which has a high weight
for TE. Approach B (multi-class METANET and multi-class VI-macro) can also improve the
performance for TTS and TE ( ]lTIfflIS)yTE : 2.4% — 3.7%) w.r.t. the no-control case, but the queue
length constraint violations increase from 0% to 26.5% with the increase of the weight for TE.
The queue length constraint violations for multi-class METANET increase with the weight for
TE, probably due to the fact that vehicles in queues are considered to generate less emissions
than vehicles that are driving, since the vehicles in the queues have low speeds and almost

no acceleration. For all the combinations of weights, Approaches A and B reduce both TTS
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(]iTr;lg :1.0% —2.6%) and TE (]iTIEp : 0.6% — 7.4%) w.r.t. the no-control case. When the weight
for TE increases, the value of TE is further reduced, with a sacrifice in the reduction for TTS.
For Approach A, the values of Jy are less than or equal to those for Approach B for all the
combinations of weights, i.e. the total performance for Approach A is better than the total
performance for Approach B.

The approaches based on FASTLANE (C and D) lead to a worse performance for TTS

and TE ( ]iTnTlg g - —8.6% — —5.7%) than the no-control case for Combination 1, but a better
performance for TTS and TE ( ]lTr;lgTE : 0.2% — 13.1%) than the no-control case for

Combination 2 and Combination 3. For all the combinations of weights, Approaches C and
D decrease TE (]ITn];lp 1 12.6% — 16.1%) but increase TTS (]lTHTIE : —17.3% — —7.5%) wr.t. the
no-control case. When the weight for TE increases, the value of TE is further reduced, with a
sacrifice in TTS. Note, however, that for all the combinations there are consistent queue
length constraint violations for on-ramps O; (10.2% — 107.1%) and O3 (125.4% — 229.2%).
Thus the values of Ji¢ (21.8 —30.8) for the approaches based on FASTLANE (C and D) are
much higher than the values (7.7 — 11.0) for the approaches based on multi-class METANET
(A and B), i.e. the total performance for the former approaches is worse than that of the
latter approaches. High constraint violations can lead to traffic jams upstream of the given
on-ramps, which is an important issue to be handled when a control approach is
developed. For the settings of our experiment, the approaches based on multi-class
METANET are more capable of dealing with the queue length constraints.

Comparing the CPU time for Approach A (which is based on multi-class METANET and
multi-class VERSIT+) with that for Approach B (which is based on multi-class METANET
and multi-class VI-macro), we find that Approach A is faster than Approach B for the 3
considered combinations of weights. Comparing the CPU time for Approach C (which is
based on FASTLANE and multi-class VERSIT+) with that for Approach D (which is based on
FASTLANE and multi-class VI-macro), we find that Approach C is faster than Approach D
for the 3 considered combinations of weights.

Results for end-point penalties

The results for approaches with end-point penalties are included in Table 3.7, and these
results are now compared with results in Table 3.4. In comparison with the approaches
based on multi-class METANET without end-point penalties (A and B in Combination 1),
including end-point penalties (E and F) can further improve the performance for TTS and

TE (]iT”TlgTE : 3.5% — 4.2%), while there is still no queue length constraint violation.

Approaches E and F further improve TTS (]iTHTlg : 3.6% —4.5%) and TE (]iTrlrElp :1.1% - 1.5%)
w.r.t. Approaches A and B. In addition, the values of Ji, (8.4 —8.5) are also further reduced
w.r.t. the approaches without end-point penalties. Thus, for approaches based on
multi-class METANET we can say that end-point penalties can improve both the
performance for TTS and TE and the total performance.

The approaches based on FASTLANE with end-point penalties (G and H) cannot reduce
the high constraint violations for on-ramps O; (57.2% — 69.0%) and O3 (157.8% — 236.3%)
to a low level, and the values of Ji,¢ (25.1 —33.3) are still much higher than those for the
approaches based on multi-class METANET (A, B, E, and F). This might be because of the
first-order characteristics of FASTLANE, which makes the estimations of end-point penalties
less reliable.

Comparing the CPU time for Approaches A and B (which are based on multi-class
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METANET without end-point penalties) with that for Approaches E and F (which are based
on multi-class METANET with end-point penalties), we find that when the end-point
penalties are included the CPU time is increased by 6.5% for Approach A, and by 8.8% for
Approach B. However, for the approaches based on FASTLANE, the CPU time for Approach
G (with end-point penalties) is reduced compared to Approach C (without end-point
penalties), and the CPU time for Approach H (with end-point penalties) is also reduced
compared to Approach D (without end-point penalties).

Control Inputs

For each of the Approaches A-D based on Combination 1 of weights and for each of the
Approaches E-H, the control inputs determined by a representative run among the 10
repeated runs (cf. the first paragraph of Section 3.4.4) are plotted in Figures 3.8-3.9.

As can be seen in Figure 3.8, speed limits differ from the maximum speed limit (i.e. free-
flow speed of cars) in the period 8 h-8.3 h for Approaches A and B (which are based on multi-
class METANET without end-point penalties). For Approaches E and F (which are based
on multi-class METANET with end-point penalties), speed limits differ from the maximum
speed limit for a longer period (8 h-9h) than Approaches A and B. For Approaches C, D, G,
and H (which are based on FASTLANE), variable speed limits fluctuate much more than for
Approaches A, B, E, and F (which are based on multi-class METANET).

From Figure 3.9, ramp metering rates differ from the maximum metering rate (i.e. 1) in
the period 8h-8.3h for Approaches A and B (which are based on multi-class METANET
without end-point penalties), and in a longer period (8h-9h) for Approaches E and F
(which are based on multi-class METANET with end-point penalties). Similarly to the speed
limits, for Approaches C, D, G, and H (which are based on FASTLANE), ramp metering rates
fluctuate much more than for Approaches A, B, E, and F (which are based on multi-class
METANET).

Analysis of Traffic Behavior

For the same settings as Figures 3.8-3.9, the densities and speeds of several representative
segments are plotted in Figures 3.10-3.13.

From Figures 3.10-3.11, it can be noticed that the profiles of densities for all the
considered control approaches are similar to those for the no-control case, i.e. there is no
clear peak for densities. Moreover, it can be seen in Figures 3.12-3.13 that the speeds for all
the considered approaches are also similar to those for the no-control case, i.e. the speed
profiles are do not fluctuate heavily. Note that even the profiles of speeds and densities are
similar to those for the no-control case, the control approaches based on multi-class
METANET (Approaches A, B, E, and F) can still improve the control performance, e.g. for
Approach F the performance for TTS and TE is improved by 4.2% without queue length
constraint violation.

Overall conclusions for the case study

On the basis of all the simulation results, we can conclude that the approaches based on
multi-class METANET combined with emission models can reduce the TTS and the TE in
a balanced way; moreover, the multi-class METANET model captures the maximum queue
dynamics better than FASTLANE although they are both based on the same queue model.
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For the approaches based on multi-class METANET, including the end-point penalties can
further improve the total performance. However, for the approaches based on FASTLANE,
even though the end-point penalties are included, the performance for the TTS and the TE
is still worse than that for the no-control case, and the queue length constraint violations
are still large, probably because the end-point penalties cannot be appropriately estimated
based on FASTLANE.

3.5 Summary

We have extended a second-order multi-class traffic flow model (multi-class METANET) and
two multi-class traffic emission models (multi-class VERSIT+ and multi-class VI-macro). We
have also incorporated variable speed limits and ramp metering in the first-order multi-class
traffic flow model FASTLANE, to allow for a comparison with multi-class METANET in Model
Predictive Control (MPC) for freeway networks. End-point penalties are proposed to account
for the future evolution of the traffic system beyond the prediction period.

A simulation experiment has been implemented to compare these multi-class traffic
flow models and traffic emission models, and to evaluate the effectiveness of the end-point
penalties. Eight approaches have been considered for MPC for part of the Dutch freeway
network A13, i.e., the four approaches based on the multi-class traffic flow models and
traffic emission models, as well as these approaches with the end-point penalties. The
results show that the approaches based on multi-class METANET can improve the
performance for TTS and TE in a balanced way w.r.t. the no-control case with smaller queue
length constraint violations than those for FASTLANE. For these approaches based on
multi-class METANET, including end-point penalties can further improve the performance
for TTS and TE and the total performance with a small sacrifice in the computational
efficiency. On the other hand, for the given case study, the approaches based on FASTLANE
lead to consistent queue length constraint violations, which may cause traffic jams
upstream of the corresponding on-ramps; furthermore, for these approaches including
end-point penalties cannot improve the total performance, probably due to the less reliable
estimations of end-point penalties based on FASTLANE.






Chapter 4

Scenario-Based Receding-Horizon
Parameterized Control for Traffic
Networks

In this chapter, we propose a tractable scenario-based Receding-Horizon Parameterized
Control (RHPC) approach for freeway networks. Some RHPC laws based on multi-class
traffic models are developed; instead of the control inputs, only the parameters of these
control laws are optimized in the control procedure. Thus the number of optimization
variables in the optimization problem for determining the control inputs can be decreased
w.r.t. conventional MPC, allowing us to reduce the computational burden. In the
scenario-based RHPC approach, we use a scenario-based scheme together with a min-max
scheme to deal with the robust control problem, considering a finite set of uncertainty
scenarios to obtain the worst case of the sum of the control objective function and a
constraint violation penalty.

4.1 RHPC Based on Multi-Class Traffic Models

In the RHPC approach [117, 130], the control inputs are parameterized as control laws
depending on traffic states and outputs, and the parameters in these control laws are
optimized instead of the full control input sequence i (k.). When multi-class traffic models
are considered as prediction models, RHPC laws need to be extended to the multi-class
case. As an extension of the single-class case of RHPC laws in [117, 130], in this chapter we
develop several new RHPC laws for freeway networks, based on multi-class traffic flow
models. Note that the RHPC laws developed in this chapter are independent from the
multi-class traffic flow model that is considered. Even if the considered multi-class
METANET model is replaced by some other multi-class traffic flow models, these RHPC
laws can still be adopted.

4.1.1 RHPC Laws for Variable Speed Limits

Based on multi-class METANET, the following control laws for Variable Speed Limits (VSL)
are proposed:

55
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link m at control step k¢ + [, k, and x, are small positive values to prevent the divisors to be
0, and 0,,,i .0, Om,i,c,1, and 0, -2 are the control parameters to be optimized in the control
process.

is the density fraction of vehicle class ¢ in segment i of

The RHPC laws (4.1)—(4.4) are constructed based on the traffic states and outputs of the
current segment (m,i) and the next segment (m,i + 1), which reflect the future traffic
situation that vehicles in the current segment will encounter. Inspired by the speed
equation of multi-class METANET, Law (4.1) consists of the maximum free-flow speed
among all vehicle classes, the relative variations in class-dependent speeds from the current
segment to the next segment at control step k. + [, and the relative variations in
class-dependent equivalent densities from the current segment to the next segment at
control step k; + [. Compared with Law (4.1), the second term of Law (4.2) represents the
relative differences between the class-dependent desired speeds and actual speeds in the
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current segment at control step k. + [. Law (4.3) includes the maximum free-flow speed
among all vehicle classes and the relative variations in flows from the current segment to
the next segment at control step k. + /. With the class-dependent desired speeds and actual
speeds as inputs, Law (4.4) is inspired by the PI-ALINEA law for ramp metering [126].

4.1.2 RHPC Laws for Ramp Metering Rates

Two control laws for Ramp Metering (RM) rates are developed based on multi-class
METANET as follows:

crit _ Pma,c(ke+])
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where the index m in (4.5) and (4.6) represents the link that is connected to on-ramp o, the
index 1 represents the first segment of that link, and 0,,.; and 0,2 are the control
parameters to be optimized in the control process.

Law (4.5) is a generalization of the ALINEA law [96], and Law (4.6) is a generalization of
the PI-ALINEA law [126].

4.1.3 Discussions on RHPC Laws

In (4.1)-(4.6), the control parameters can vary for the different control steps over the control
period. Thus the control inputs can vary with both the control parameters and traffic states.
The following alternatives about the control parameters can be considered:

* The control parameters (0,,,i .0, Om,i,c,1, Om,ic,2) 0o,c,1, and 0, ¢ 2) in the RHPC laws are
not necessarily optimized for every control step (i.e. every T¢). This will introduce a
new time step (of which the length is different from 7;) for updating the control
parameters for RHPC laws. In this case, the frequency of updating the control
parameters can be reduced. However, for simplifying the exposition we just assume
that the control parameters in the RHPC laws are optimized at every control step (i.e.
every T¢) in this chapter.

* The control parameters (0,0, Om,ic1» Om,ic2» 0o,c1, and 0, .2) do not necessarily
vary for every control step (T.) over the control period ([k. T, (ke + N¢)T¢)), i.e. they
can vary with a different time step from T and the time step for updating the control
parameters. In this case, the number of variables to be optimized over the control
period can be smaller than that for standard MPC. For instance, the control
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parameters can be assumed to be constant over the prediction period
([kcTe, (ke + Np)Tc)), which covers the control period; thus the control inputs vary
only with traffic states over the prediction period.

* The control parameters (0,,,;.c,1, Om,i.c.2) 0o,c,1, and 0, ¢ 2) can be assumed to be equal
for different vehicle classes. Thus the variations in traffic states and outputs for
different vehicle classes are combined based on density fractions for different vehicle
classes, and the number of optimization variables in the RHPC optimization problem
is reduced compared to the case with class-dependent control parameters.

* For a traffic network, the control parameters (0,,,i,0, Om,i.c.1» Om,ic2» Oo,c1, and O, ¢ 2)
for different segments and on-ramps can be grouped, e.g. the parameters for the
segments of the same link can be assumed to be equal. Then the number of
optimization variables in the RHPC optimization problem to be solved is reduced
w.r.t. the case that the control parameters are not grouped.

e Apart from laws (4.1)-(4.6), other control laws can also be developed based on the
evolution of traffic flows.

In addition, upper bounds and lower bounds for variable speed limits and ramp metering
rates are guaranteed by finally applying the following saturated control inputs:

Ve ca(ke) = max(min(vS (ke), Vmax,m)> Umin,m) (4.7)
rg,tsrllt(kc) = max(min(rgtﬂ(kc), I'max,0)> 'min, o) (4.8)
in which v;ﬂ.ysat represents the saturated variable speed limit in segment i of link m, rgtsr;t

represents the saturated ramp metering rate at on-ramp 0, Umaxm and Umin,m are respectively
the upper bound and lower bound of the variable speed limits in link 7, and rmax,0 and 7min,o
are respectively the upper bound and lower bound of the ramp metering rate at on-ramp o.

4.2 Scenario-Based RHPC

4.2.1 Uncertainties in Demands and Traffic Compositions for Traffic
Networks

The uncontrollable inputs in on-line model-based control for freeway networks include
mainstream demands, on-ramp demands, boundary conditions, etc. As an example, let us
here consider uncertainties in traffic demands, including uncertainties in the total
demands and uncertainties in the fractions of different classes of vehicles in the total
demands. Note, however, that other types of uncertainties can also be dealt with using the
proposed scenario-based RHPC approach.

According to the literature [12, 25, 100], A nominal demand profile can be estimated in
various ways, based on historical data and on-line measurement data. An intuitive way is
that the nominal demand is estimated as the average of historical data. The nominal demand
can be separately estimated for different weekdays and weekends, so that the characteristics
of different weekdays and weekends can be described more accurately. Moreover, if on-line
measurements are available, shifting and scaling the nominal demand according to these
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Figure 4.1: An example of real demands and nominal demand

measurements can also improve the estimation. In addition, another way is to build a library
of possible uncertainties and their possibilities of appearances.

As an illustration, we consider here the Dutch freeway A13 near Rijswijk. In the direction
of Rotterdam, the upstream boundary of the considered part of the A13 is seen as the
mainstream origin. For the Al13, the measurements for flows and speeds are available at
"regiolab-delft.nl". Note that here we consider the measured flows at the mainstream origin
to be the real demands, since for the chosen period (5.00-12.00 on several Fridays in 2013
and 2014) no congestion occurs, i.e. the measured speeds are close to the maximum speed
for most of the time. The total mainstream demands of A13 for the considered period are
shown in Figure 4.1. The real demands are plotted with the same linetype (normal line
width) and these real demand profiles overlap with each other. A nominal demand profile is
estimated as the average of these historical real demands and shown in Figure 4.1 with a
different linetype (thickened line width). This figure shows that real demands fall within a
confidence band around the nominal demand profile. Thus it makes sense to model
uncertainties in the nominal demand profile as noise limited by a lower bound and an
upper bound.

The estimations of the fractions of different vehicle classes (i.e. traffic compositions) can
be obtained in a similar way as the estimation of the nominal demand profile. However, the
estimations of these fractions ask for separate measurements for different vehicle classes,
which can be obtained by cameras installed along freeway stretches, or by inductive loops
when all data derived from GPS devices allows to identify the type of detected vehicles. In
robust control for freeway networks based on multi-class traffic models, uncertainties in the
estimations of the fractions of different vehicle classes are nonnegligible.
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4.2.2 Motivation for Scenario-Based RHPC

With uncertainties included, it is assumed that a traffic network is described as a discrete-

time nonlinear system of the following form!?:

Xo(k+1) = fo,(x,(k), u(k), Dy, (k), w(k)) (4.9)
Yo (k) = h(x, (k) (4.10)

where f, represents the state function for the case with uncertainties, x,, represents the state
vector (containing e.g. densities and speeds) for the case with uncertainties, y,, represents
the output vector (containing e.g. flows) for the case with uncertainties, D,, represents the
uncontrollable input vector (containing e.g. demands) for the case with uncertainties, the
vector w contains the uncertainties of the traffic network, and u represents the control input
vector (containing e.g. ramp metering rates and variable speed limits) for the traffic network.

The control input sequence vector (k) is given by (2.37). The predicted state vector
(X, (k)), the predicted output vector (¥, (k)), and the predicted uncontrollable input vector
(D, (k)) are defined as follows:

Xo() =[x (k+1),..., x] (k+ N)IT (4.11)
Jo) =y k+1),..., y e+ Ny)IT 4.12)
Dy(k) = DL ), ...,D} (k+ Ny — 117 (4.13)

Since the uncontrollable inputs are usually assumed to be known nominal values in
nominal RHPC, the predicted states yielded by the nonlinear prediction model are
influenced by the realizations of the uncertainties over the prediction period, and one
realization of the uncertainties is denoted by the vector @(k):

(k) = (0" (k),...,0" (k+ N, - D]" (4.14)

In case the real values and the nominal values of the uncontrollable inputs are
significantly different, the control decisions given by nominal RHPC may not result in an
improvement of the control performance, while guaranteeing the constraints to be
satisfied. However, the realizations of the uncertainties (@(k)) are not known a priori, and
the robust control problem is a computationally hard problem. A min-max scheme [23] can
be used for solving the robust control problem. The robust RHPC problem based on the
min-max scheme can be formulated as follows:

min  max J, (%, (k), Jo (k), @(k)) (4.15)
atk) k)W

st Xp(k+1+1) = fy(xp(k+D,ulk+1),Dy(k+1D),w(k+1) 1=0,...,Ny—1 (4.16)

Yolk+1D) =hixy(k+0) [=1,...,N, (4.17)
X (k) = xX (4.18)
Xpk+DEX, 1=1,...,N, (4.19)
Yolk+DeY, 1=1,...,N, (4.20)

10Note that in the current Section 4.2.2 we assume T, = T for the sake of simplicity of notation; for Section
4.1 and Sections 4.2.3-4.3, the general case T, # T is considered.
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Equations (2.43) and (2.46)
for all @(k) e W

where J,, represents the objective function for the case with uncertainties, x! represents the
measured state vector at time step k for the case with uncertainties, W represents the set of
all the possible realizations of uncertainties over the prediction period, and the uncertainty
realizations in W are in general form.

For the robust control problem consisting of (2.43), (2.46), and (4.15)-(4.20), the
computational complexity increases rapidly as the size of traffic network grows, making the
problem intractable in practice. As a solution we propose a novel tractable scenario-based
RHPC approach for freeway networks.

4.2.3 Scenario-Based RHPC Based on Multi-Class Traffic Models

In this chapter we use Total Time Spent (TTS) as the control performance index, but it is
important to note that other control performance indices such as Total Emissions (TE) can
also be included according to the aim of the traffic control. As an illustration, variable speed
limits and ramp metering are chosen as control measures.

Without including uncertainties, the objective function can be defined as

TTS(]CC)+ framp ket Ne=1

](k ) :fTTS rCtI’l (j) _ rCtI‘l(j _ 1) H
C TTSnom NcNRM j:kc OEOZramp o o 2
fspeed ket Ne=1 Z Ctrl (]) Ctﬂ (] = 4.21)
NcNyst, j=ke  (m,i)€lspeed vffleﬁm , .

where r,(k) = r¢"(k.) and vor (k) = Ve (ke) for k = Mkc +1,...,M(kc + 1). In (4.21), the
first term is the performance 1ndex and the second term and the third term are used for
penalizing the variations of the control inputs.

In order to obtain the optimal control inputs in RHPC for freeway networks, traffic state
variables need to be predicted with future demands as exogenous inputs. Nominal RHPC
for freeway networks adopts nominal demands, which may be very different from real
demands. The differences between nominal demands and real demands may affect the
control performance and the satisfaction of constraints.

Here we propose a tractable scenario-based RHPC approach, aiming at improving the
behavior of the controlled system by taking into account uncertainties. The scenario-based
scheme is used for reducing the computational burden w.r.t. the case that all possible
uncertainties are considered, making the robust control problem more tractable. Moreover,
aiming at the satisfaction of the queue length constraints, we include a queue length
constraint violation penalty; hence, the queue length constraints are treated as soft
constraints, to avoid infeasible optimization problems under uncertainties.

The objective function for the tractable scenario-based RHPC approach is as follows!!

Jmax(ke) = max Jo(Xo(ke), Yo (ke), Gi(ke))
a(ke)eQ(ke)

11As an illustration of how to include a constraint violation penalty, here we consider queue length
constraints only. Note that constraints on outputs and other states can be dealt with in a similar way.
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w
+7y max max Z Pe OC(]) —1,0)) (4.22)
0€ Oramp j=keM,..., (kc+Np)M 1.0

oefc
where Q(k.) = {@; (ko), ..., @ (ke)} € W represents the set of H possible scenarios that will be
considered for the scenario-based RHPC approach for control time step k, wzneaf’z is the
maximum allowed queue length (in pce) for all vehicle classes at on-ramp o, and y is a
positive weight to penalize queue length constraint violation under uncertainties
@ (ko) € Q(ke).

The objective function Jpnax represents the worst case of the chosen H possible
uncertainty scenarios, and Jmax is minimized in the scenario-based RHPC approach. The

scenario-based RHPC problem for freeway networks is defined as follows:

mlin Jmax(kc) (4.23)

(k)

s.t. Equations (2.43), (2.46), and (4.16) — (4.18)
forall @(ke) € Q(ke)

In the above scenario-based RHPC problem, when the maximum queue length is
smaller than the maximum permitted value, the queue length constraint violation penalty
equals 0; thus the TTS is optimized. However, if the maximum queue length is larger than
the maximum permitted value, the queue length constraint violation penalty will be taken
into account. Due to the high weight y for the queue length constraint violation penalty, the
queue length will be in general optimized so that the maximum queue length is smaller
than the maximum permitted value. The inner max operator of the queue length constraint
violation penalty ensures that once the maximum queue length in the entire prediction
period exceeds the maximum permitted value, the queue length constraint violation
penalty will be taken into account.

4.3 Case Study: Assessments of Scenario-Based RHPC

4.3.1 Benchmark Network

The benchmark network shown in Figure 4.2, which has been simulated with other
controllers in some papers [41, 50], is used for the case study. This network includes one
mainstream origin, one on-ramp, one destination, and two links. Link 1 is 4 km long and
divided into 4 segments with a length of 1 km. Link 2 is 2 km long and divided into 2
segments with a length of 1 km. Thus the length of the segments for both links is L,, = 1 km,
for m =1,2. The on-ramp connects to the first segment of link 2. There are two lanes in the
main road, and 1 lane in the on-ramp road. In the third and fourth segments of link 1
variable speed limits are present, and ramp metering is used at the on-ramp. It is assumed
that the queue length at the origin is not limited, and the outflow at the destination is
unrestricted. The multi-class METANET model that has been extended in Chapter 3 is used
as both the simulation model and the prediction model.

We consider two classes of vehicles in the network: class 1 represents cars, and class 2
represents trucks. The parameters for these two classes of vehicles are as follows [50, 60, 76]:
piree = 106 km/h, am, = 16761, 6,1 = 0.12, pffl‘tl = 35 veh/km/lane,

m,1

p%alx = 175 veh/km/lane, Cpain,1 = 2034 veh/h/lane, and Conramp,1 = 1934 veh/h/lane for
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m = 1,2; vffleg = 83km/h, apy = 2.1774, 6,2 = 0.05, p‘;fl‘tz = 19 veh/km/lane,
p%azx = 75 veh/km/lane, Cpain2 = 990 veh/h/lane, and Conramp,2 = 890 veh/h/lane for
m = 1,2. Common parameters for cars and trucks are [50, 60]: 7,,, = 18s,
Km,c = 40 veh/h/km, and 7, = 60 km?/h for ¢ = 1,2 and m = 1,2. The passenger car
equivalents are p; = 1 and p, = 7/3. In order to avoid spill-back to the upstream stretch of
the on-ramp, the total queue length of cars and trucks at the on-ramp is limited to 150 pce.
The simulation period covers 1 h, and the simulation time step is T = 10 s (according to

21, T < Ly — 34 s). As for other parameters, we select {trs = 1, ¢ramp=Cspeed = 0.1,

Ufree
T.=60s, anr:ile = 7. The control time step is 6 times larger than the simulation time step,
because the control inputs should not be changed too frequently in practice. Here we
suppose that the weights {1rs, ¢ramp, and ¢speeq are defined by policy makers. The control
performance index TTS dominates in the objective function, and the penalties to avoid
abrupt variations in control inputs are minor in comparison with the TTS. The control
parameters for the RHPC laws depend on the future predictions. Hence, the prediction
period is not too long to avoid large prediction errors under uncertainties. However, the
prediction period cannot be too short either due to the requirement for crossing the
considered traffic network within the prediction period. Thus the length of the prediction
period is chosen according to the typical travel time through the considered network as
suggested in [50].

4.3.2 Control Set-up
Nominal Demands and Uncertainties

The nominal demands at the mainstream origin and the on-ramp are shown in Figure 4.3.
The nominal density fraction for trucks is Byuck = 0.1. The real demands are generated by
adding random disturbances to the nominal demands. Here we consider two cases:

* Case 1: there are only uncertainties in the total demands;

¢ Case 2: there are uncertainties in both the total demands and the estimations of truck
fractions.

The uncertainties in the total demand values are limited within 10% with a base value of 100
veh/h. As for the truck fractions, we assume that the range is from 0 to 0.3. Both uncertainties
for the total demands and for the truck fractions are described as uniform random noise. For
each case, 10 scenarios for uncertainties, corresponding to 10 realizations of real demands,
are investigated to evaluate the effectiveness of the scenario-based RHPC approach.
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Figure 4.3: Nominal demands for the benchmark network

Both nominal RHPC and scenario-based RHPC are implemented for comparison. In
scenario-based RHPC, 10 uniform random uncertainty scenarios are used for obtaining the
worst-case objective function. These 10 uncertainty scenarios are different from the
aforementioned 10 realizations of real demands. This is due to the fact that the real
realizations of future demands are not known a priori and can thus not be used in the
control procedure. However, the uncertainty scenarios used in scenario-based RHPC are
generated in the same way as the aforementioned 10 realizations of real demands.

Control Approaches

As examples, the RHPC Laws (4.1) and (4.4) for variable speed limits, and (4.5) and (4.6)
for ramp metering rates are adopted in the case study. We test and compare the following
approaches for the aforementioned two cases of uncertainties:

e Nominal RHPC 1 (NRHPC 1): Law (4.1)+Law (4.5);
* Scenario-Based RHPC 1 (SRHPC 1): Law (4.1)+Law (4.5);
¢ Nominal RHPC 2 (NRHPC 2): Law (4.4)+Law (4.6);
¢ Scenario-Based RHPC 2 (SRHPC 2): Law (4.4)+Law (4.6);

Note that the number (100) of starting points for "fmincon" for every control step is chosen
as the same for the above approaches.

For comparison, we also apply a standard control scheme for the combination: Law (4.4)
+ Law (4.6), which are PI-ALINEA-like laws. In the standard control scheme, the parameters
for the control laws are constant for the entire simulation period, and they are determined
beforehand. The following approaches based on the standard control scheme are tested:

e Standard Control 1 (SC 1): using nominal demands and fractions of cars and trucks,
with the queue length constraint violation penalty;
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e Standard Control 2 (SC 2): using 10 random scenarios for uncertainties, with the queue
length constraint violation penalty;

¢ Standard Control 3 (SC 3): based on nominal demands and fractions of cars and trucks,
with the queue length constraint violation penalty and a queue override scheme!?;

¢ Standard Control 4 (SC 4): based on 10 random scenarios for uncertainties, with the
queue length constraint violation penalty and a queue override scheme.

Note that (4.7) and (4.8) are also used for the standard control approaches.

The weight vy is tested for different values: 0.01,0.1,1,10,100. In this case study, we
assume that the control parameters of the RHPC laws are the same for all vehicle classes,
and that they are constant over the entire prediction period. Moreover, the control
parameters are different for segment 3 and segment 4 of link 1. For the control parameters
in the RHPC laws the control period covers 1 control step, while for the actual control
inputs the control period covers 7 control steps, due to the variations of the traffic states
used in the RHPC laws.

4.3.3 Simulation Results and Analysis

In the remainder of this section, ]iTr?Sp represents the relative improvement in the Total Time
Spent (TTS) w.r.t. the no-control case, while J,e, represents the maximum relative queue
length constraint violation that is defined as:

Znil (pc wo,c(k))
— -1,0
o,efc

(4.24)

]pen =max max
k=1,...,Kend w

where kepq is the last simulation time step of the entire simulation period, and the total
performance J is defined as

TTStot
Jtot = = *+ Y /Jpen (4.25)

TTSnom

For each combination of the values of y (5 values), the realizations of real demands (10
scenarios), and the control approaches (8 control approaches), the closed-loop simulation
is repeated 10 times with different random seeds, which correspond to different starting
points for "fmincon"!3. The average of the results for the 10 repeated closed-loop
simulations is considered as the result for a combination. The average control performance
improvements, the average constraint violations, and the total performance of the results
for 10 different realizations of real demands are listed in Tables 4.1-4.8. Furthermore, the
standard deviations of the results for 10 different realizations are also included in Tables
4.1-4.8.

12In the queue override scheme [95], the ramp metering rate is set to be 1 if the maximum queue length
exceeds the maximum permitted value.

13The optimization function "fmincon" in Matlab is used for solving optimization problems in the case
study, based on the "active-set" algorithm.
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Table 4.1: Simulation results for NRHPC 1 and SRHPC 1, Case 1

Approaches NRHPC 1 SRHPC 1
Yy 001 01 1 10 100 | 0.01 0.1 1 10 100

Ji™P 7.4% 6.7% 6.5% 6.4% 6.2%)| 6.6% 6.1% 6.0% 5.9% 5.8%
Average Jpen 25.5%9.0% 7.7% 6.6% 5.5%| 13.4%2.3% 1.9% 1.8% 1.6%
Jou 154 156 156 163 212|156 157 157 159 17.3

'mg 0.3% 0.4% 04% 0.3% 0.2%| 0.5% 0.4% 0.3% 0.3% 0.3%

Jrr
zt;/?;jt?(r)(ril]pen 25% 1.2% 1.3% 2.2% 2.1%| 2.1% 0.4% 0.3% 0.2% 0.3%

Jot 02 03 03 05 23 |03 03 03 03 04

Table 4.2: Simulation results for NRHPC 1 and SRHPC 1, Case 2

Approaches NRHPC 1 SRHPC 1
Yy 001 01 1 10 100 |0.01 01 1 10 100

S0 6.1% 4.4% 4.7% 4.6% 4.6% |4.7% 4.3% 4.3% 4.2% 4.1%

Average Jpen 53.4% 21.5% 12.7% 11.2% 10.6%| 18.2% 2.5% 1.6% 1.2% 1.0%
Jot 189 209 193 203 29.7 |19.1 19.2 193 194 203

Standarg /115 0-3% 12% 03% 0.3% 03% | 0.2% 0.2% 0.2% 0.2% 0.3%
doviation Jpen 40% 19.5%4.2% 2.7% 2.8% | 5.3% 1.0% 0.8% 0.7% 0.6%
Jot 04 56 04 05 30 [04 04 04 04 07

Table 4.3: Simulation results for NRHPC 2 and SRHPC 2, Case 1

Approaches NRHPC 2 SRHPC 2
Yy 001 01 1 10 100 [ 0.01 0.1 1 10 100

Ji™P 9.5% 53% 5.1% 5.1% 5.0%]| 9.4% 5.0% 5.0% 5.2% 5.2%
Average Jpen 70.0%4.5% 3.0% 4.0% 3.8%| 66.3%0.8% 0.8% 0.8% 0.6%
Jor 150 158 158 162 19.7|151 158 159 160 164

P 0.9% 0.2% 0.3% 0.3% 0.2%| 0.7% 0.2% 0.3% 0.3% 0.3%

Jrt
figil:t?:i Joen 84% 1.2% 15% 2.0% 1.1%| 7.1% 0.6% 0.5% 0.3% 0.4%

Jot 03 03 02 02 11 |03 02 02 06 0.5

Table 4.4: Simulation results for NRHPC 2 and SRHPC 2, Case 2

Approaches NRHPC 2 SRHPC 2
Yy 001 01 1 10 100 [ 0.01 01 1 10 100

Jrrs 72%  4.2% 4.0% 4.0% 4.0%| 6.3% 3.9% 3.7% 3.7% 3.7%

Average Jpen 125.7%12.5%10.1%8.7% 9.1%| 82.0%2.7% 1.4% 1.0% 0.8%
Jwor 187 193 194 20.1 284|188 193 194 195 20.2

imP 5% 0.3% 0.2% 02% 02%| 0.6% 02% 0.3 0.2% 0.2%

TTS
Standard 22.3% 5.4% 2.6% 2.9% 2.9%| 17.5%1.8% 0.8% 0.6% 0.3%

s pen
deviation " 04 04 04 06 31 |04 04 04 05 04
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Table 4.5: Simulation results for SC 1 and SC 2, Case 1

Approaches SC1 SC2
y 001 01 1 10 100 |0.01 0.1 1 10 100
Jrrs 6.1% 11.5%2.2% 4.1% 6.0% | 12.1%12.1%1.9% 1.6% 2.2%
Average Jpen 114.2% 86.2% 62.6% 52.9% 70.0% | 93.3% 90.0% 0% 0%  0.1%
Joot 298 148 169 21.3 856 |14.7 147 163 164 16.4
mp 6% 0.5% 2.8% 1.9% 0.3% | 0.3% 0.4% 0.2% 0.2% 0.2%
Standard ~TTS
deviation Jpen 18:9% 6.1% 45.5%28.5%8.9% | 5.7% 5.8% 0% 0%  0.2%
Jot 448 02 05 26 91 [02 03 02 02 04
Table 4.6: Simulation results for SCI1 and SC2, Case 2
Approaches SC1 SC2
y 001 01 1 10 100 001 01 1 10 100
Jrrs 6.1% 87% 19% 26% 6.1% |93% 1.0%0.9% 1.3% 0.4%
Average Jpen 241.0% 167.9% 104.5% 82.1% 151.0%| 173.2%0% 0% 1.3% 1.1%
Jot 189 185 20.8 27.8 169.9 | 182 19.8 19.9 20.0 21.1
JIMP 2%  0.4% 2.2% 0.6% 0.4% | 0.6% 0.1%0.2% 0.3% 0.4%
Standard ~TTS
deviation Jpen 38:4% 35.0% 65.1% 25.4% 11.8% | 31.0% 0% 0% 3.0%3.1%
Jot 05 04 05 27 120 |04 04 05 0.6 3.2
Table 4.7: Simulation results for SC3 and SC4, Case 1
Approaches SC3 SC4
y 001 01 1 10 100 [ 001 0.1 1 10 100
Jrrs 2.0% 4.2% -1.9% 1.0% 1.9%| 4.6% 4.6% 2.8% 0.7% 2.3%
Average Jpen 13.5%12.2%6.6% 6.7% 6.9%| 7.9% 14.1%0.6% 0.5% 0%
Jot 163 16.0 17.0 172 23.2|159 159 162 16.6 163
Jore 1.2% 02% 1.0% 0.4% 0.7%| 1.0% 0.6% 0.7% 1.0% 0.2%
Standard ~TTS
deviation Jpen 2:9% 3.8% 4.1%  3.5% 3.8%| 4.0% 23% 1.9% 12% 0%
Jot 04 02 03 03 41 [03 03 03 03 02
Table 4.8: Simulation results for SC3 and SC4, Case 2
Approaches SC3 SC4
y 0.01 01 1 10 100 |0.01 0.1 1 10 100
JiP 1.1% 35% -1.2% 0.6% 1.6% | 3.8% 2.7% 1.8% 1.0% 1.5%
Average Jpen 21.4%26.2%8.3%  10.1% 14.0%| 27.7% 16.7%0.4% 0% 0%
Joor 199 194 204 21.0 33.8 |193 19.6 19.7 199 19.8
JiP 0.6% 03% 1.2% 0.3% 0.6% | 0.4% 0.5% 0.3% 0.2% 0.2%
Standard ~TTS
deviation Jpen 7-0% 7:8% 4.0%  4.9% 6.6% | 4.1% 52% 13% 0% 0%
Joot 05 04 0.6 07 7.0 |04 04 04 04 04
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Comparison w.r.t. Performance and Constraint Violations

In this section, the approaches ignoring uncertainties are first compared to the
corresponding approaches including uncertainties, i.e., NRHPC 1 w.r.t. SRHPC 1, NRHPC 2
w.r.t. SRHPC 2, SC 1 w.r.t. SC 2, and SC 3 w.r.t. SC 4. After that, all approaches are compared
together based on Figures 4.4-4.9, which display the relative control performance
improvements (i.e. the improvements on TTS), constraint violations, and the total
performance.

1. Results for NRHPC 1 and SRHPC 1:

According to the results for Case 1 in Table 5.1, the control performance improvements
for SRHPC 1 (5.8% — 6.6%) are less than the control performance improvements for
NRHPC 1 (6.2% — 7.4%). However, NRHPC 1 leads to higher queue length constraint
violations (5.5%—25.5%) than SRHPC 1 (1.6%—13.4%) for all values of y considered. For
SRHPC 1, the queue length constraint violations (1.6%—2.3%) are relatively small when
Y € {0.1,1,10,100}. Comparing the values of Ji;, we find that SRHPC 1 (15.9 — 17.3)
results in better total performance than NRHPC 1 (16.3 —21.2) for y € {10,100}. For
both NRHPC 1 and SRHPC 1, the standard deviations of ¢ and Jio; are small, and
the standard deviations of J,e,, are large.

The results for Case 2 are shown in Table 4.2. Just as for Case 1, the control
performance improvements for SRHPC 1 (4.1% — 4.7%) are less than the control
performance improvements for NRHPC 1 (4.4% —6.1%). For NRHPC 1, the queue
length constraint violations (10.6% — 53.4%) are higher than those for SRHPC 1
(1.0% — 18.2%) for all values of y considered. For SRHPC 1, the queue length
constraint violations (1.0% — 2.5%) are relatively small when y € {0.1,1,10,100};
furthermore, for these values of y, the total performance for SRHPC 1 (19.2 —20.3) is
not worse than the total performance for NRHPC 1 (19.3 —29.7). The standard
deviations of Jpr& and Jio are small for both NRHPC 1 and SRHPC 1 except for
NRHPC 1 with y = 0.1. For both NRHPC 1 and SRHPC 1, the standard deviations of

Jpen are large.

2. Results for NRHPC 2 and SRHPC 2:

The results for Case 1 are shown in Table 4.3. The control performance improvements
for SRHPC 2 (5.0%—9.4%) are slightly less than the control performance improvements
for NRHPC 2 (5.1% — 9.5%) when y € {0.01,0.1,1}. SRHPC 2 (5.2%) can even improve
the control performance more than NRHPC 2 (5.0% — 5.1%) when y € {10,100}. The
queue length constraint violations for NRHPC 2 (3.0% — 70.0%) are higher than those
for SRHPC 2 (0.6% —66.3%) for all the values of y considered. For y € {0.1,1,10, 100}, the
queue length constraint violations for SRHPC 2 (0.6% — 0.8%) are quite small. SRHPC
2 (16.0 — 16.4) results in a better total performance than NRHPC 2 (16.2 —19.7) when
y € {10,100}. For both NRHPC 1 and SRHPC 1, the standard deviations of /¢ and Jiot
are small, and the standard deviations of Jpen are large.

The results for Case 2 are shown in Table 4.4. For all the values of y considered, the
control performance improvements for SRHPC 2 (3.7% — 6.3%) are less than the
control performance improvements for NRHPC 2 (4.0% — 7.2%). However, NRHPC 2
leads to higher queue length constraint violations (9.1% — 125.7%) than SRHPC 2
(0.8%-82.0%) for all values of y considered. When y € {0.1,1,10,100}, SRHPC 2 can
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reduce the queue length constraint violations (0.8% — 2.7%) to relatively low values;
furthermore, for these values of y, the total performance for SRHPC 2 (19.3 —20.2) is
not worse than the total performance for NRHPC 2 (19.3 —28.4). For both NRHPC 1
and SRHPC 1, the standard deviations of ]lTHTlg and Jiot are small, and the standard
deviations of Jpen are large.

3. Results for SC 1 and SC 2:

The results for Case 1 are shown in Table 4.5. For SC 1 with all values of y considered
and for SC 2 with y € {0.01,0.1}, the control performance improvements are 2.2% —
12.1%, however, the queue length constraint violations (52.9%—114.2%) are quite high.
For SC 2 with y € {1,10,100}, the queue length constraint violations (0% — 0.1%) are
small, but the control performance improvements (1.6% — 2.2%) are also small. For all
the values of y considered, the total performance for SC 2 (14.7 —16.4) is better than
the total performance for SC 1 (14.8 - 85.6). For SC 1, the standard deviations of /7%
and Jpen are large in general, and the standard deviations of Ji¢ are small except for
Y = 0.01. For SC 2, the standard deviations of ]iTnTlg » Jpen, and Jio are small except for
the standard deviations of Jpen with y = 100.

The results for Case 2 are shown in Table 4.6. For SC 1 with all values of y considered
and for SC 2 with y = 0.01, the control performance improvements are 1.9% — 9.3%,
with high queue length constraint violations (82.1% — 241.0%). When
Y €1{0.1,1,10,100}, the queue length constraint violations are reduced to 0% — 1.3% for
SC 2, but the control performance improvements are quite small (0.4% — 1.3%). For
y € {1,10,100}, the total performance for SC 2 (19.9 — 21.1) is better than the total
performance for SC 1 (20.8 —169.9). For SC 1 and SC 2, the standard deviations of J s
and Jpen are large in general, and the standard deviations of Jio are small in general.

4. Results for SC 3 and SC 4:

The results for Case 1 are shown in Table 4.7. For SC 3 with all values of y considered
and for SC 4 with y € {0.01,0.1}, the control performance is changed by —1.9% — 4.6%,
but the queue length constraint violations (6.6% — 14.1%) are still high, although they
are reduced w.r.t. SC 1 without queue override scheme. This is due to the fact that
when the mainstream is congested the vehicles at the on-ramp cannot enter the main
road even if the ramp metering rate is 1. For SC 4 with y € {1, 10, 100}, the queue length
constraint violations (0% — 0.6%) are small, while the control performance
improvements (0.7% — 2.8%) are also small. For all the values of y considered, the total
performance for SC 4 (15.9 — 16.6) is better than the total performance for SC 3
(16.0 — 23.2). For SC 3 and SC 4, the standard deviations of ]lTnTlg and Jpen are large in
general, and the standard deviations of Ji, are small in general.

The results for Case 2 are shown in Table 4.8. For SC 3 with all values of y considered
and for SC 4 with y € {0.01,0.1}, the control performance is changed by —1.2% — 3.8%,
with high queue length constraint violations (8.3% — 27.7%), which are reduced w.r.t.
SC 1 without queue override scheme. For SC 4 with y € {1,10,100}, the queue length
constraint violations are reduced to 0% — 0.4%. Nevertheless, the control performance
improvements (1.0% — 1.8%) are also small. For y € {1,10,100}, the total performance
for SC 4 (19.7 — 19.9) is better than the total performance for SC 3 (20.4 —33.8). For



76 Modeling, Robust and Distributed Model Predictive Control for Freeway Networks

SC 3 and SC 4, the standard deviations of ]iTnTlg and Jpen are large in general, and the
standard deviations of Ji, are small in general.

5. Overall comparison for all approaches:

The control performance improvements for TTS ( ]iTnTlg), constraint violations (Jpen),
and total performance (/i) for all approaches considered are plotted in Figures
4.4-4.9. In these figures, the lines with marker symbols correspond to the approaches
ignoring uncertainties (NRHPC 1, NRHPC 2, SC 1, and SC 3), and the lines without
marker symbols correspond to the approaches including uncertainties (SRHPC 1,
SRHPC 2, SC 2, and SC 4).

For both cases of uncertainties (Case 1 and Case 2), the control performance
improvements for TTS for SC 2, SC 3, and SC 4 are small in comparison with NRHPC
1, NRHPC 2, SRHPC 1, and SRHPC 2 when y € {1,10,100}. For SC 1, the queue length
constraint violations are much higher than those for NRHPC 1 and NRHPC 2 for both
cases of uncertainties (Case 1 and Case 2). Due to the inclusion of a queue override
scheme, the queue length constraint violations for SC 3 are comparable with those for
NRHPC 1 and NRHPC 2 for both cases of uncertainties (Case 1 and Case 2). The
queue length constraint violations are reduced to low values for SRHPC 1, SRHPC 2,
SC 2, and SC 4 when the weight y for the queue length constraint violation penalty is
large enough, e.g. y € {1,10,100}. In Jio, a larger weight y for the queue length
constraint violation penalty corresponds to assigning more importance to satisfying
the queue length constraint. When the weight y is large enough (e.g. y € {10,100}), the
total performance for SRHPC 1, SRHPC 2, SC 2, and SC 4 is better than that for
NRHPC 1, NRHPC 2, SC 1, and SC 3.

Control Inputs

One realization of uncertainties for Case 2 is chosen as an illustrative example for showing
the control inputs. For y = 100, the variable speed limits and ramp metering rates for all the
considered control approaches with y = 100 are respectively shown in Figures 4.10-4.11.

As shown in Figure4.10, the variable speed limits of the nominal RHPC approaches
(NRHPC 1 and NRHPC 2) are similar with those of the scenario-based RHPC approaches
(SRHPC 1 and SRHPC 2), and there are no large fluctuations for either of them. However,
the standard control approaches (SC 2, SC 3, and SC 4) except for SC 1 yield variable speed
limits that fluctuate more than the nominal RHPC approaches (NRHPC 1 and NRHPC 2)
and the scenario-based RHPC approaches (SRHPC 1 and SRHPC 2).

Figure 4.11 shows the ramp metering rates. The nominal RHPC approaches (NRHPC 1
and NRHPC 2) and the scenario-based RHPC approaches (SRHPC 1 and SRHPC 2) can
appropriately address the variations in the demand for the on-ramp, i.e., the ramp metering
rates increase when there is a peak in the on-ramp demand from t=0.1 h to t=0.35 h (as
shown in Figure 4.3). However, for the standard control approaches the ramp metering
rates do not increase in a similar way.
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78

Modeling, Robust and Distributed Model Predictive Control for Freeway Networks

Ramp metering rate Ramp metering rate

Ramp metering rate

Ramp metering rate

NRHPC 1

NRHPC 2

SC1

SC3

087

067

047

021

Time (h)

087
067
04r

2 || S

0 0.2 0.4 0.6 0.8 1
Time (h)

0 . . . .
0 0.2 0.4 0.6 0.8 1
Time (h)
1 y . . T
S
08r 1
067
04r
0.2

Time (h)

0 0.2 0.4 0.6 0.8 1

0 0.2 0.4 0.6 0.8 1

Ramp metering rate Ramp metering rate Ramp metering rate

Ramp metering rate

SRHPC 1

SRHPC 2

SC2

SC4

0.2 : : : :
0 0.2 0.4 0.6 0.8 1

Time (h)
1
08r U

067

0.4r

0.2r

0 0.2 0.4 0.6 0.8 1
Time (h)

0 0.2 0.4 0.6 0.8 1
Time (h)

0.2

0 0.2 0.4 0.6 0.8 1
Time (h)

Figure 4.11: Ramp metering rates (Case 2)
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Figure 4.12: Queue lengths at the mainstream origin (Case 2)

Analysis of Traffic Behavior

For the same settings as Figures 4.10-4.11, the queue lengths at the mainstream origin and
the on-ramp, and the densities and speeds for segments are plotted in Figures 4.12-4.17.

From Figure 4.12, it can be seen that the queue lengths at the mainstream origin are
decreased w.r.t. the no-control case for both the nominal RHPC approaches (NRHPC 1 and
NRHPC 2) and the scenario-based RHPC approaches (SRHPC 1 and SRHPC 2). In
comparison with the no-control case, the queue lengths at the mainstream origin are also
reduced for the standard control approaches (SC 1, SC 2, SC 3, and SC 4). From Figure 4.13,
the control approaches ignoring uncertainties (NRHPC 1, NRHPC 2, SC1, and SC 3) lead to
queue length constraint violations. These queue length constraint violations are effectively
reduced by the control approaches considering uncertainties (SRHPC 1, SRHPC 2, SC 2, and
SC4).

From Figures 4.14-4.15, it can be noticed that the evolutions of the densities for
segments are similar for all the considered approaches, and from an overview the peak
values of densities during 0.2 h-0.6 h are reduced for all the considered approaches w.r.t. the
no-control case.

From Figures 4.16-4.17, it can be seen that the speeds for the standard control
approaches SC 2 and SC 3 fluctuate more than those for the RHPC approaches (NRHPC 1,
NRHPC 2, SRHPC 1, and SRHPC 2). The fluctuations in speeds for segments correspond to
variable speed limits shown in Figure 4.10.
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Figure 4.13: Queue lengths at the on-ramp (Case 2)

Overall Conclusions of Results

According to the results of the above simulation experiment, we can give the following
conclusions:

1. The nominal RHPC approaches ignoring uncertainties (NRHPC 1 and NRHPC 2) can
improve the control performance (i.e. the TTS) but with high queue length constraint
violations for all the considered values of the weight y for the queue length constraint
violation penalty.

2. The scenario-based RHPC approaches including uncertainties (SRHPC 1 and SRHPC
2) can also improve the control performance, while there may be a small sacrifice in
the control performance improvement compared to the nominal RHPC approaches
ignoring uncertainties (NRHPC 1 and NRHPC 2). The queue length constraint
violations are significantly reduced w.r.t. the nominal RHPC approaches ignoring
uncertainties (NRHPC 1 and NRHPC 2) when the weight y for the queue length
constraint violation penalty is large enough.

3. The scenario-based RHPC approaches including uncertainties (SRHPC 1 and SRHPC
2) are more conservative in improving the control performance and satisfying the
queue length constraints than the nominal RHPC approaches ignoring uncertainties
(NRHPC 1 and NRHPC 2). This may be due to the fact that the scenario-based RHPC
approaches including uncertainties (SRHPC 1 and SRHPC 2) are optimizing the worst
case of the sum of the control objective function and the queue length constraint
violation penalty among all the considered uncertainty scenarios.
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Figure 4.14: Densities of cars for segments (Case 2)
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Figure 4.15: Densities of trucks for segments (Case 2)
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Figure 4.16: Speeds of cars for segments (Case 2)
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Figure 4.17: Speeds of trucks for segments (Case 2)
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4.

9.

10.

The standard control approach ignoring uncertainties (SC 1) can improve the control
performance; however, the queue length constraint violations are quite high for all
the considered values of the weight y for the queue length constraint violation
penalty. Even when a queue override scheme is included in the standard control
approach ignoring uncertainties (SC 3), there are still high queue length constraint
violations. This is due to the fact that when the mainstream is congested the vehicles
at the on-ramp cannot enter the main road even if the ramp metering rate is 1.

. The standard control approaches including uncertainties (SC 2 and SC 4) can

significantly reduce the queue length constraint violations when the weight y for the
queue length constraint violation penalty is large enough. However, the control
performance improvements for these approaches are less than those for the
scenario-based RHPC approaches including uncertainties (SRHPC 1 and SRHPC 2).

. When there are also uncertainties in truck fractions (Case 2), the queue length

constraint violations may be even higher in comparison with the case that there are
only uncertainties in the total demand (Case 1).

. There are still small queue length constraint violations for the approaches including

uncertainties (SRHPC 1, SRHPC 2, SC 2, and SC 4). This is probably due to the fact
that we use only a limited number of scenarios for the uncertainties when solving the
control problem.

When the weight y for the queue length constraint violation penalty is large enough
(in general, ¥y = 1 in our case study) for the approaches including uncertainties
(SRHPC 1, SRHPC 2, SC 2, and SC 4), the queue length constraint violations are
significantly reduced compared to the approaches ignoring uncertainties. Increasing
the weight y to be even larger (y € {10,100}) does not significantly affect the control
performance improvements and the ability of reducing queue length constraint
violations. However, a larger weight y for the queue length constraint violation
penalty corresponds to putting more emphasis on satisfying the queue length
constraint. For appropriate values of the weight y (e.g. y € {10,100}), the total
performance for the approaches including uncertainties (SRHPC 1, SRHPC 2, SC 2,
and SC 4) is better than that for the approaches ignoring uncertainties (NRHPC 1,
NRHPC 2, SC 1, and SC 3).

According to standard deviations, the RHPC approaches (NRHPC 1, NRHPC 2, SRHPC
1, and SRHPC 2) are comparable for the different scenarios considered in control
performance improvements, but they differ for the different scenarios considered in
queue length constraint violations.  Note that for the scenario-based RHPC
approaches (SRHPC 1 and SRHPC 2), the queue length constraint violations are
minor when the weight y for the queue length constraint violation penalty is large
enough; although the relative standard deviations are large, the actual variations in
these violations are still small. The standard control approaches SC 1, SC 3, and SC 4
differ for the different scenarios considered in both control performance
improvements and queue length constraint violations.

The variable speed limits of the standard control approaches SC 2, SC 3, and SC4
fluctuate more than those of the RHPC approaches (NRHPC 1, NRHPC 2, SRHPC 1,



86 Modeling, Robust and Distributed Model Predictive Control for Freeway Networks

and SRHPC 2). This might be because control parameters that are constant over the
entire simulation period cannot appropriately reflect the relation between the
optimal variable speed limits and the variations in the traffic states. The RHPC
approaches (NRHPC 1, NRHPC 2, SRHPC 1, and SRHPC 2) can appropriately address
the peak in the on-ramp demand by increasing the ramp metering rates at
corresponding time; however, the standard control approaches (SC 1, SC 2, SC 3, and
SC4) do not increase the ramp metering rates in a similar way.

In conclusion, we can say that the scenario-based RHPC approaches are effective for
satisfying queue length constraints, at the cost of a small sacrifice in the control
performance. Note that avoiding high queue length constraint violations is significant for
on-ramps with strict limits on queue lengths, e.g. the on-ramps that are connected to busy
urban stretches or intersections in upstream. High queue length constraint violations at
these on-ramps may cause spill-back to upstream stretches; thus, scenario-based RHPC is
helpful for these on-ramps.

4.4 Summary

In this chapter, we have developed a scenario-based Receding-Horizon Parameterized
Control (RHPC) approach for freeway networks. For the scenario-based RHPC approach,
we have developed several RHPC laws for freeway networks based on multi-class
METANET. In the analysis of uncertainties for freeway networks we have particularly
considered uncertainties in traffic demands, consisting of the uncertainties in the total
demands and the uncertainties in the estimations of the fractions of different vehicle
classes. However, other types of uncertainties can also be dealt with using the proposed
scenario-based RHPC approach. A queue length constraint violation penalty has been
included in the objective function of scenario-based RHPC, to prevent infeasible
optimization problems under uncertainties. In the scenario-based RHPC approach, the
worst case of the sum of the control objective function and the queue length constraint
violation penalty among a finite number of uncertainty scenarios is optimized in the
control process.

A case study was implemented to assess the effectiveness of this newly proposed
scenario-based RHPC approach. Two combinations of the RHPC laws for Variable Speed
Limits (VSL) and Ramp Metering (RM) were considered: a VSL law based on the variations
in the speeds and densities from one segment to the next in combination with an
ALINEA-like RM law, and a PI-ALINEA-like VSL law in combination with a PI-ALINEA-like
RM law, for which both nominal RHPC approaches and scenario-based RHPC approaches
were implemented. Standard control approaches (PI-ALINEA-like) were implemented for
comparison, and a queue override scheme was also considered as extra comparison. The
results show that the nominal RHPC approaches may lead to high queue length constraint
violations even if the weight for the queue length constraint violation penalty is high. The
scenario-based RHPC approaches are more conservative than the nominal RHPC
approaches, and they can significantly reduce the queue length constraint violations when
the weight for the queue length constraint violation penalty is large enough, with small
sacrifices in control performance improvements. The standard control approach ignoring
uncertainties may lead to high queue length constraint violations, which are still high even
when a queue override scheme is used. This is due to the fact that when the mainstream is
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congested the vehicles at the on-ramp cannot enter the main road even if the ramp
metering rate is 1. The standard control approaches including uncertainties can reduce the
queue length constraint violations to a low level when the weight for the queue length
constraint violation penalty is large enough; however, the control performance
improvements are less than those for the scenario-based RHPC approaches. Overall, for the
given case study we can conclude that scenario-based RHPC is capable of effectively
improving the control performance without high queue length constraint violations.






Chapter 5

Scenario-Based Distributed Model
Predictive Control for Traffic Networks

In this chapter a scenario-based Distributed Model Predictive Control (DMPC) approach
based on a reduced scenario tree is developed for large-scale freeway networks. In the new
scenario-based DMPC approach, the uncertainties in a large-scale freeway network are
distinguished into two categories: global uncertainties for the overall network and local
uncertainties applicable to subnetworks only. We propose to use a reduced scenario tree
consisting of global scenarios and a reduced local scenario tree, instead of using a complete
scenario tree consisting of global scenarios and all the combinations of the local scenarios
for all subnetworks. Moreover, an expected-value setting and a min-max setting are
considered for handling uncertainties in scenario-based DMPC. The results for a numerical
experiment show that the new scenario-based DMPC approach is effective in improving the
control performance while at the same time satisfying the queue length constraints in the
presence of uncertainties. Additionally, the proposed approach results in with a relatively
low computational burden compared to the case with the complete scenario tree.

5.1 Global Uncertainties and Local Uncertainties in
Large-Scale Traffic Networks

5.1.1 Uncertainties in Large-Scale Traffic Networks

In large-scale freeway networks, uncertainties can be introduced through various sources,
such as the measurements of traffic states, the external uncontrollable inputs, the
parameters of prediction models, and so on. For example, uncertainties are usually
introduced in the process of measuring traffic states due to factors like the accuracy of
sensors. Similarly, uncertainties are often introduced in the procedure of estimating the
external uncontrollable inputs, such as demands and boundary conditions. Furthermore,
uncertainties are also introduced in the procedure of calibrating the parameters of the
prediction models. More specifically, the accuracy of the parameters of the prediction
models for freeway networks can be affected by various uncertain factors, such as weather
conditions (e.g. sunny or rainy), traffic compositions (e.g. cars and trucks), and extra flows
to some destinations caused by events (e.g. a pop concert or a soccer game). Particularly,
the weather conditions can affect free-flow speeds; the traffic compositions can affect the

89
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accuracy of most model parameters; extra flows to some destinations can affect turning
rates at intersections.

The uncertainties for large-scale freeway networks can be described in different ways.
For instance, uncertainties often fall within some confidence bands around the nominal
profiles; thus uncertainties can be described by means of some bounded sets including all
the possible values of the uncertainties. Uncertainties can also be described by building a
library of the possible scenarios for the uncertainties, and the possibilities of the
appearances for these scenarios can be estimated. Note that bounded sets can be used for
describing an infinite number of realizations of uncertainties, while a library of scenarios
can be used for describing a finite number of uncertainty scenarios. In this chapter, we
assume that the uncertainties are described by means of a library consisting of finite sets
that cover all possible scenarios of uncertainties. In this case, it is possible to use an
expected-value setting (which is probabilistic) for robust control, based on the probabilities
for uncertainty scenarios.

5.1.2 Global Uncertainties and Local Uncertainties

In order to develop a scenario-based DMPC approach for large-scale freeway networks, we
divide the uncertainties in the considered overall network into two categories, i.e. global
uncertainties and local uncertainties. The global uncertainties are those uncertainties that
apply to the overall network, e.g. the uncertainties in network-wide global weather
conditions. The local uncertainties are those uncertainties that apply to a single network,
including the uncertainties in local weather conditions, local traffic compositions, local
demands at origins, boundary conditions, the measurements of traffic states, and so on. We
define a set for global scenarios and a set for local uncertainties. In particular, Qgop is
defined as the set of all the possible global scenarios, and leoc is defined as the set of all the
possible local scenarios for subnetwork s. The global scenarios in Qg apply to all
subnetworks, while the local scenarios in Q'°° only apply to subnetwork s.

Distinguishing global scenarios from local scenarios can reduce the size of the scenario
tree w.r.t. the case that all uncertainties are considered in the same way. The number of
combinations of the local scenarios for all subnetworks is the multiplication of the numbers

of the local scenarios for individual subnetworks, i.e. H Nﬁoc, with Ng,p the number of
SZI,...,Nsub

subnetworks and N'°° the number of the local scenarios for subnetwork s. If global
uncertainties are considered in the same way as local uncertainties, there will be Ngop
scenarios for each subnetwork corresponding to global uncertainties, and the number of
possible combinations is Ngloszub. Otherwise, if global uncertainties are considered to be
the same for all subnetworks, there will be Ngop combinations for global uncertainties for
all subnetworks. The total number of combinations for all uncertainty scenarios is equal to
the number of combinations for local scenarios multiplied by the number of combinations
for global scenarios. Therefore, when global uncertainties are treated in a different way
from local uncertainties, the number of combinations for all uncertainty scenarios is
significantly reduced in comparison with the case that they are not distinguished.
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5.2 DMPC for Large-Scale Traffic Networks

5.2.1 Model Predictive Control for Large-Scale Traffic Networks

The prediction model METANET considered in this chapter is nonlinear and nonconvey,
and therefore the resulting optimization problem for Model Predictive Control (MPC) is
nonlinear and nonconvex. We consider a large-scale freeway network, which can be divided
into several subnetworks. Couplings between subnetworks are described by means of
interconnecting constraints for the subnetworks. The performance criteria are assumed to
be additive for different subnetworks, i.e. the sum of the performance criteria for different
subnetworks equals the performance criterion for the overall network. Thus, the
centralized model predictive control problem can be formulated as follows:

Nsub
o omin Y Jo(Xs(k), Ps(k), s (k) (5.1)
U1 (k). ling,y (k) s27
st. xs(k+z+1) = fi(xs(k+2), us(k + 2), D™ (k + 2), E™ (k + 2)) (5.2)
forz=0,...,Np—1
Vs(k+2) = hg(xs(k+2) forz=1,...,Np (5.3)
xs(k) = x¥ (5.4)
us(k+z)=us(k+N:;—1) forz:NC,...,Np—l (5.5)
Fy(xs(k), ys(k), tis(k)) <0 (5.6)
EP (k+2) - B (k+2) =0 for je ST, z=0,..., N, — 1 (5.7)
fors=1,..., Ngup
Nsub
where Z ] s()”cs(k), ys(k), ﬂs(k)) represents the overall control objective function, Js is the

s=1
local control objective function of subnetwork s, f; is the dynamic function of subnetwork

s, hg is the output function of subnetwork s, x; represents the state vector of subnetwork s,
x¥ represents the measured state vector of subnetwork s at time step'* k, y, represents the
output vector of subnetwork s, u; represents the control input vector for subnetwork s, F; is
a general constraint function!® on the states, outputs, and control inputs for subnetwork s
over the prediction period, S = {j;1,..., j 5,NubJ 18 the set of all the indices for the neighbors

of subnetwork s, with N'® the number of the neighbors of subnetwork s, DI represents the

external uncontrollable input vector for subnetwork s (e.g. demands for subnetwork s),

E (k) = [(]E}.Isl1 s(k))T, ceo (E}n . S(k))T]T represents the interconnecting input vector (w.r.t.
L s,Ngb’

agent s) for subnetwork s from all neighbors at time step k, (5.7) represents the
interconnecting constraints between subnetwork s and all neighbors, E}ns represents the
interconnecting input vector (w.r.t. agent s) for subnetwork s from neighboring subnetwork
J» E?‘]“ represents the interconnecting output vector (w.r.t. agent j) from neighboring
subnetwork j to subnetwork s, and Eg‘}t(k) = Ks,j[ij(k), ij(k),ujT(k)]T, with Kj ; the
interconnecting output selection matrix from j to s. In addition, the vectors X(k), ys(k),

4In Sections 5.2-5.5, we assume T, = T for the sake of simplicity of notation; in Section 5.6 the general case
with T, # T is considered.

I5Note that (5.6) comprises all equality and inequality constraints on the states, outputs, and control inputs,
such as inequality constraints for limiting the maximum queue lengths at on-ramps.
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Figure 5.1: Uncontrollable inputs and interconnecting inputs and outputs for an example
network

and 7iz(k) are defined as follows:

%s(k) = [xsT (k+1),...,x5" (k+Np)IT (5.8)
Pst) = [ys" (k+1),...,y5" (k+ Np)I" (5.9)
iis(k) = [ug" (k),...,us" (k+ Ne— 11" (5.10)

As an example, Figure 5.1 shows the uncontrollable inputs and the interconnecting
inputs and outputs for a network including 3 subnetworks. For a subnetwork, both the
uncontrollable inputs and the interconnecting inputs can affect the dynamics of that
subnetwork. The interconnecting outputs of a subnetwork can affect the dynamics of the
neighbors of that subnetwork. Note that in this chapter we only consider interconnecting
equality constraints between individual subnetworks. However, it is possible to include
other types of interconnecting constraints, such as interconnecting inequality constraints
between individual subnetworks (e.g. an upper bound on the flow from an on-ramp to an
adjacent stretch that belongs to another subnetwork).

The interconnecting constraints (i.e. (5.7)) can be merged into the overall control
objective function in (5.1) by defining an augmented Lagrangian function as follows
[14, 87]:

L(%1 0, 1 (k), @ (K, ..., Eny (K), Ty, (K), G, (K), A (K))

NSU N .
= Zb Js(%s(), 7s(), s (k) + Y (A (k)T (B, (k) — E2% (k)
B B ]
s=1 jeS‘slb
- - 2
+ =B - Bl ) (5.11)

where AM™(k) = [AT [(K),..., (A7

T : o in
L, (k)'1", e is a positive constant, )Lj's

’ Nsub

, Db
ub N, sub
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represents the Lagrange multiplier vector corresponding to E;.f‘s, and Al"(k), ii]?s(k), Ei].{ls(k),
and Eg‘}t(k) are defined in a similar way to Xs(k) (i.e. (5.8)) over the prediction period
covering steps k+z,z=0,...,Np — 1.

According to duality theory [14, 16, 87], the dual problem associated with the original
problem (defined by (5.1)-(5.7)) is defined as maximizing (5.11) over the Lagrange multipliers
while minimizing (5.11) over the control inputs, i.e. as follows:

max min  L(&(k), 71(k), @iy (k), ..., Xn... (K), TN (), Gin.. (K), A™(k 5.12
max omin LG 0, 7R, B0, D, (0, P, (00, A, (0, A7 R) (512

s.t.(6.2)—(56.6) fors=1,..., Ngup

Referring to [14, 24, 87], if the local control objective functions (i.e. J; in (5.1)) and the
inequality constraints (i.e. (5.6)) of subnetworks are convex and the equality constraints (i.e.
(5.7)) of subnetworks are affine, the solution of the original problem (defined by (5.1)-(5.7))
can be obtained by iteratively solving the dual problem (defined by (5.2)-(5.6), and (5.12)).
In the procedure for solving the dual problem, the Lagrange multipliers are fixed within one
iteration, and for a given iteration they are estimated according to the solution for the
previous iteration.

5.2.2 Decomposition of the MPC Problem for Large-Scale Traffic
Networks

In order to solve the centralized control problem through DMPC, the augmented
Lagrangian function (5.11), which is not separable due to the quadratic terms, needs to be
distributed to local agents. In the literature [17, 59, 87], some approaches have been
developed for decomposing the quadratic terms, such as block coordinate descent [87],
dual ascent [17], and auxiliary problem principle [59]. With these approaches, the
centralized control problem can be distributed to local agents, and a local agent iteratively
solves the following problem with fixed Lagrange multipliers within one iteration:

min (5 (%0, 750, ) +
E}r;ls(k),.f,EmNnb (k) _ . .
B o @ T (A0, A, B 0, B (0) (5.13)
]ESnb

s.t. (6.2) — (56.6) fors=1,..., Ngup

in which Ji"®T is the function handling the interconnecting variables determined by agent s,
E;";t represents the interconnecting output vector (w.r.t. agent s) from subnetwork s to
. . . Out . . .
ne1ghbor1n~g subnetwork j, A 7.5 represents the Lagrange multiplier vector corresponding to
E%, and A(]?‘;t(k) and E;.";t(k) are defined in a similar way to X;(k) (i.e. (5.8)) over the

Js?
prediction period covering steps k+z, z=0,..., Np — 1.

5.3 Scenario-Based DMPC with Global Uncertainties

In this section, we include global uncertainties into the scenario-based DMPC problem. We
consider an expected-value setting (which is probabilistic) and a min-max setting for



94 Modeling, Robust and Distributed Model Predictive Control for Freeway Networks

handling global uncertainties in the scenario-based DMPC problem. The symbols x; g, ys ¢,
inter in in in out out in 9in out I
Jsgr fsg Fsg Jsg ' Dsgr Ese Ej,s,g, Es'].yg, E].,s,g, Ag, /lj,s,g(k), and Aj,s,g have similar
meanings to the corresponding symbols without subscript g in Section 5.2, but now they
apply to the case with global uncertainties. In addition, X;¢(k) and y;¢(k) in a similar way

to Xs(k) (i.e. (5.8)) over the prediction period covering steps k+z, z = 1,..., Np; E}nsg(k),

E;’)‘}fg(k), E?Efg(k), A?(k), /1‘].’}syg(k), and /l?fgg(k) are defined similarly to (k) (i.e. (5.8)) over

the prediction period covering steps k+z, z=0,..., N, — 1.

5.3.1 Scenario-Based DMPC with Global Uncertainties on the Basis of an
Expected-Value Setting

For different scenarios for global uncertainties, the control input variable is uniformly
defined, i.e. iy = fi5) = -+ = U, Negiob with the subscripts 1,..., Ngop corresponding to global
scenarios. This is because in our scenario-based DMPC approach each agent is assumed to
deal with all the scenarios for one subnetwork. The centralized scenario-based MPC
problem for the large-scale freeway network considered in Section 5.2 can be formulated as
follows:

Nglob Nsub
i Xs,0(K), V5,0 (K), Tis(k 5.14
m(k)ﬁ};ﬁsub(k) g; Ps s; o Eag k) 75 (00, (1) o1

st Xgg(k+2+1) = fg(Xs,g(k+2), sk +2), DYy (k+ 2), ESy (k + 2),wg(k+2))  (5.15)

8
forz=0,...,Ny,—1
Vs,g(k+2) = hg(xsg(k+2)) forz=1,...,N, (5.16)
X5,g(k) = x¥ (5.17)
wg(k+2) € Qgob(k+2) forz=0,...,Np—1 (5.18)
Fy g (%s,g(K), 75,4 (K), T15(k)) < 0 (5.19)
EP (k+2)—EM (k+2)=0 forjeS® 2=0,...,N,—1 (5.20)
Equation (5.5)
fors=1,..., Nsup, and g = 1, ..., Ngiop
Nglob Nsub
where Z Pg Z Is, g(fés,g(k), Vs,g(k), as(k)) represents the overall control objective function
g=1 s=1

for scenario-based DMPC with global uncertainties, g is the index for the scenarios for global
uncertainties, and py is the probability of global scenario g, w¢ represents scenario g for
global uncertainties.

Referring to [14, 87], the augmented Lagrangian function with global uncertainties can
be defined as follows:

Lg (5(:1,]. (k)) j}].,]. (k)) il]_ (k)r L] stubrNglob (k)) j}NsubrNglob (k)) aNsub (k)) Agl(k))
Nglob Nsub

= g; pg . (Js,g(fcs,g(k), Ps,g(k), ds(k)) + Y ((Zi]{‘s,g(k))T(E}?s,g(k)—EO‘“ (k)

= S 5.J.8
2] - B m)|) (5.21)
2 [ Fisg 558" ||, .
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Each subnetwork is assigned a local agent, which determines the optimal local control
inputs. For handling uncertainties in the joint constraint on the states, outputs, and control
inputs, (5.19) can be incorporated into the local control objective functions via penalty
terms. As described in Section 5.2, the quadratic terms in (5.21) can be decomposed for
different subnetworks. Similarly to Section 5.2, we also let each local agent iteratively solve
the following scenario-based control problem for a subnetwork

Ngiob

min Y PelJog(Fsg k), 75g (), 1s(K)

iig -1
D g B g
st g gy T max(Fyg(Fsg(k), Js,g(K), 1is(K)), 0)
Js1,s8 77 J, ynb:58 . ~. ~ ;

! nter m out in out
+ %b imter (Ain, o (), A9 (R), B0, o (), B9, (k) (5.22)
Jjess

s.t. (5.5),(5.15) — (5.18)

in which T' is a relatively high weight w.r.t. the weights for J; ; and ]isflgter . Moreover, the order
of magnitude of I should be higher than those of the weights for J; ¢ and ]isflg,er. Similarly to
Section 5.2, the Lagrange multipliers are fixed within one iteration of solving the scenario-
based control problem for each subnetwork, and they are computed based on the solutions

of the previous iteration.

In the current Section 5.3 only global scenarios are considered; in the following Sections
Nglob

5.4 to 5.6 local scenarios will also be included. We define the part after Z Pg in (5.22) as the
g=1

local total objective function for subnetwork s in global scenario g, and denote it as ]g’gt,:

T30 (Es,g (k), 75, (), s k), AT (K), A9, (K), EIf o (), 94, (k)

:]s,g(xs,g(k)»ys,g(k)»as(k))+rmaX(Fs,g(js,g(k);ys,g(k)yas(k))yo)
inter (1 ~out . ~out
T 02,00 B0, E2 ) 52
Jjess

For the sake of simplicity of notation, in the following descriptions, we do not include the

inputs for §°§ i.e. X5g(k), J5,6(k), tis(k), A‘]??s'g(k), A?}fgg(k), E}ryls,g(k), E;.’,‘;fg(k).
Nglob
According to (5.22), the local fotal objective function Z Pg ]Ef’é is optimized by local

g=1
agent s. Since global scenarios apply to all subnetworks, the sum of the local total objective

functions for all subnetworks is the same as the overall total objective function, which is
defined as the expected value of the overall total objective function values for all global
scenarios:

Ngup [Nglob Ngiob Nsub
> (Z ngﬁ?gt) =2 pg(z ]E?gt) (5.24)
s=1 \ g=1 g=1 s=1

Therefore, in the expected-value setting, the overall total objective function is jointly
optimized by the local agents when only global uncertainties are included.
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5.3.2 Scenario-Based DMPC with Global Uncertainties on the Basis of a
Min-Max Setting

The scenario-based DMPC problem with global uncertainties on the basis of the min-max
setting for a local agent s is defined as follows:

min max Jy (5.25)
_ a5 (k) 8=1,....Nglob
En (k),...,E™ (k)
Js1s.8 Jg,nb'$8
fout out
B B B s ¢

s.t. (56.5),(5.15) — (5.18)

where ]g’é

by local agent s.

is defined in (5.23), and the local total objective function max ]ﬁf’f’f is optimized
g: yeeey glOb

The sum of the local total objective functions for all subnetworks is an upper bound of
the overall fotal objective function, which is defined as the maximum overall total objective
function value among all global scenarios:

max J2 ) > max Je (5.26)
s=1 \&=L...Ngiob o€ &=L, Ngiob \ s=1 8

This is because for defining the overall total objective function, all subnetworks correspond
to the same global scenario; however, for defining local total objective functions, different
subnetworks may correspond to different global scenarios. For subnetworks, the global
scenarios that are considered to be the worst for local fotal objective functions are worse
than or equal to the global scenario that is considered to be the worst for the overall total
objective function. Therefore, in the min-max setting, an upper bound of the overall fotal
objective function is jointly optimized by the local agents when only global uncertainties are
included.

5.4 Scenario-Based DMPC on the Basis of a Reduced
Scenario Tree of Global and Local Uncertainties

In this section, we include local uncertainties into the scenario-based DMPC problem by
developing a reduced scenario tree. The expected-value setting (which is probabilistic) and
the min-max setting are considered for handling local uncertainties in the scenario-based
DMPC problem. The symbols X5 1, Vsg,1, Jsg,10 fsgr Fsgl» Disflg,l, and E?,l;,tg,l also have
similar meanings to the corresponding symbols without subscripts g and [ in Section 5.2,
but now they apply to the case with global uncertainties and local uncertainties. In
addition, X (k) and y;g;(k) are defined in a similar way to X;(k) (i.e. (5.8)) over the
prediction period covering steps k+z, z = 1,..., Np, and E;";tg l(k) is defined similarly to
Xs(k) (i.e. (5.8)) over the prediction period covering steps k + z, z=0,..., N, — 1.
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5.4.1 Reduced Scenario Tree of Global and Local Uncertainties

For computing local total objective functions, local agents need interconnecting inputs from
neighboring subnetworks. For a given global scenario for a subnetwork, the interconnecting
inputs from neighboring subnetworks are considered to be predicted for the same given
global scenario. However, local uncertainties only apply to certain subnetworks; thus, for a
given subnetwork s, any local scenario in Qljoc may occur for neighboring agent j.

When all the combinations of the local scenarios for all subnetworks are considered, i.e. a
complete local scenario tree for local uncertainties is constructed, the total number of these
combinations for a given global scenario is

Necom = H Nioc (5.27)

s=1,...,Ngup

Thus the number of the combinations to be handled by a local agent is N¢on, for a given
global scenario. In this case, the computational burden is large due to the large size of the
complete local scenario tree.

In order to reduce the computational burden w.r.t. the complete local scenario tree, we
propose a reduced local scenario tree, in which the interconnecting inputs for a subnetwork
from neighboring subnetworks are assumed to be independent of the local scenarios for the
neighboring subnetworks. The interconnecting inputs for a given subnetwork and the
interconnecting outputs from the neighboring subnetworks to the given subnetwork
describe the same physical quantities. Thus, the interconnecting outputs of a neighboring
subnetwork are combined for all the local scenarios for that neighboring subnetwork,
resulting in the combined interconnecting outputs corresponding to the interconnecting
inputs for the given subnetwork.

We define the reduced scenario tree by combining all global scenarios and the reduced
local scenario tree for the entire network. Similarly, we define the complete scenario tree by
combining all global scenarios and the complete local scenario tree for the entire network.
For subnetwork s, the number of combinations of global scenarios and local scenarios for
the reduced scenario tree (i.e. NglobNioc) is smaller than that for the complete scenario tree
(i.e. Nglob Ncom). Therefore, the computational burden for processing the reduced scenario
is relatively small w.r.t. that for processing the complete scenario tree.

5.4.2 Scenario-Based DMPC on the Basis of a Reduced Scenario Tree and
an Expected-Value Setting

In the expected-value setting, the interconnecting outputs for a subnetwork are combined
as follows:

l loc
s,NS

ot -
Ef gk = IZI PsIE g g 1 (K) (5.28)
=ls1

where [ is the index for the local scenarios for a subnetwork, and p;; is the probability of
local scenario [ for subnetwork s.

The scenario-based DMPC problem on the basis of the reduced scenario tree and the
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expected-value setting for a local agent s is defined as follows:

Nglob lS,Nk)C
min Z Pg( Z Ps,l(]s,g.l(xs,g,l(k)’ys,g,l(k)rﬂs(k))
) its (k) g=1 1=l
in- o (K),..., B (k)
Js15.8 I npbS8

fout fout ~ ~ ~
Fionsg® B g +rmax(Fs,g,l(xs,g,l(k),ys,g,z(k),us(k)),o))

ter( i - out . out
+.§b]§f}ger(/11fs,g(k),A?};,g(k),E}?S,g(k),E?,‘;,g(k))) (5.29)
Jjesy

st Xog1(k+2+1) = fig1(%sg1(k+2), us(k +2), DYy | (k +2), By (k+ 2), g (k + 2),
wsi(k+2)) forz=0,...,Ny—1 (5.30)

Vs,gi(k+2) = hs(x5g1(k+2) forz=1,...,N, (5.31)
X5,6,1(k) = x¥ (5.32)
ws1(k+2)€Q(k+2) forz=0,...,N,—1 (5.33)

Equations (5.5) and (5.18)
forg=1,...,Ngopand [ =1,..., N©°°
where w; ; represents scenario / for the local uncertainties for subnetworks s.

Note that for the reduced scenario tree, the local total objective function (]g’g,) for
subnetwork s in global scenario g, which is introduced in Section 5.3, is redefined as the

Ngiob
partafter Y pgin (5.29):
g=1
T35 (X g,10K), Js,g,1(K), 5 (), AT (h), A9 (R), B (), By, (K))
ls,Ng"C
= Y PoalJogilEs g1 (R), 7s.g1(K), 5(0)
1=l
+FmaX(Fs,g,z(%s,g,z(k),ys,g,l(k),ﬁs(k)),o))
inter ( 7in 3 out ~in Hout
+ glbfs,g (A, (), A% (k) P (), 'Y, (K)) (5.34)
J€9s

5.4.3 Scenario-Based DMPC on the Basis of a Reduced Scenario Tree and
a Min-Max Setting

In the min-max setting, the interconnecting outputs for a subnetwork can be combined as
follows:

E°U (k)=  max
RN _
S, 1reeer s,N%OC

Equt ( k) _ Ein

2
psgl 5..g 0 H2 (5.35)
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which corresponds to the local scenario that leads to the maximum distance between
E;)E,tg,l(k) and E;“J g(k). Note that other alternatives'® for defining E;";tg can also be
considered.

The scenario-based DMPC problem on the basis of the reduced scenario tree and the

min-max setting for a local agent s is defined as follows:

min max J (i.e. (5.25))
its (k) 8=1,....,Nglob

Fin mHin

Ejirsg®ree EjsyN?b,syg(k)

Eout  (k),...,Eout (k)

Js1,:5.8 fs,Nyb‘S‘g

s.t. Equations (5.5), (5.18), and (5.30) — (5.33).

where the local total objective function ( ];f’éf) for subnetwork s in global scenario g is defined
as follows:

e (g, 10K), Js,g,1 (), s (R), AT (), AS, (K, B (K), Byt ()

= max  (JogalEsgi(K), T g (), s(K)

1=l 1,0l yloc

+Tmax (Fy g 1 (% g,1(6), Js 6,1 (K), 5(K), 0)

- R -
+ %bfz?gefm‘;}s,g(k),A‘;};g(k),E}I}S_g(k),E;’};_g(k)) (5.36)
Jjess

5.5 Alternating Direction Method of Multipliers for Scenario-
Based DMPC

The newly proposed scenario-based DMPC approach in this chapter is developed based on
the dual decomposition method and the augmented Lagrangian relaxation method. As an
illustration, the Alternating Direction Method of Multipliers (ADMM) [17] is chosen as the
DMPC algorithm in this chapter. Note that the newly proposed scenario-based DMPC
approach is independent of the considered DMPC algorithm, and it can be easily combined
with other DMPC algorithms based on the dual decomposition method, such as the serial
DMPC algorithm proposed in [87], accelerated gradient methods [43], etc.

In this section, we mainly apply ADMM to the new scenario-based DMPC approach
developed in Section 5.4. More specifically, we adopt the "General Form Consensus
Optimization" stated in Chapter 7.2 of [17], where the dual decomposition method and the
augmented Lagrangian method are used for decomposing the overall optimization problem
into local optimization problems.

16An alternative way to define E;";‘g (k) in the min-max setting can e.g. be

Fout _ inter (3 in Jout Fin Fout
EjSe = max (A7 (), AT, (R), o (R), EF S, (K0)

=bs, 10t yloc
s, N
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5.5.1 Couplings between Subnetworks in ADMM

In Chapter 7.2 of [17], global variables are used for describing couplings between
subnetworks. The interconnecting inputs of agent s from agent j should ideally equal the
interconnecting outputs of agent j to agent s, since they correspond to the same quantities.
These interconnecting inputs and outputs for different agents corresponding to the same
quantities should converge to the same global variables through negotiation iterations
between agents. For a specific combination of global scenario and local scenario, the
number (Ngy) of global variables is

Ngy= Y. NP (5.37)

Based on the setting in Sections 5.3 and 5.4, the overall global variable for global
scenario g is defined as Gg(k) = [(Gg,1(k))7,..., (Gg,Ngv(k))T] T_ In order to apply ADMM, the
interconnecting constraint (5.20) should be replaced with

. nb
EQ% (k) = Gj,s,g(k) =0 for jeS; (5.38)

{ EP (k)= Gjsglk)=0
5.8

in which G;j ;¢ is the global variable corresponding to the interconnecting variable from
subnetwork j to subnetwork s for global scenario g, and G j,5,¢(k) is defined as

Gjs,g(k) = PjsGg(k) (5.39)

where P; ; is the matrix for selecting the global variable corresponding to the interconnecting
variable from subnetwork j to subnetwork s, and G; ;¢ (k) and Gg(k) are defined in a similar
way to Xs(k) (i.e. (5.8)) over the prediction period covering steps k+ z, z=0,..., N, — 1.

Note that if (5.35) is used for defining E;?,‘;,tg(k), Eisflj’ 4 (k) should be replaced by G,j,g(k),
since interconnecting variables should converge to global variables in ADMM:

E%Y (k)=  max

~ - 2
58 E9¢ 100 =Gy g (k) H2 (5.40)

l:ls,l ..... s,NLOC
The function J§ is defined as follows:

Jog (AL g 007, (A (D7, (BT (k) (B9, (k)7™)

j.5.8 5s8 158 158
[ e | ER el B0 = Gragthn? ? 541
| AU || BT | T 2 ||| (B U7 = (G g (RN ], '

where o represents the negotiation iteration number, and both /lijns g and JL‘]?‘f g are
determined by agent s.

5.5.2 Algorithm for Scenario-Based DMPC on the Basis of ADMM

The algorithm for the scenario-based DMPC approach on the basis of the reduced scenario
tree is described as follows:
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1. Initialization: let 0 = 1 and €? = oo, and set an appropriate value for e. For
s=1,..., Ngup, let x;(k) equal the measured state vector xf; let us(k) equal the initial
control input variable; estimate f)‘s“g l(k) according to historical data; let

(;lijrylsyg(k))" =0 and (ﬂ?ifg)” = 0; and initialize (G;,5¢(k))” and (Gs,j,¢(k))° by a warm
start 7.

2. Fors=1,..., Ngyp, in a parallel fashion or a serial fashion agent s determines (ii(k))? +
(E;r,‘s, g(k))"“, and (E;?‘;tg(k))" *1 for j € S"P by solving the local problem defined by:
(5.5), (5.18), (5.29)-(5.33), and (5.41).

3. For s=1,..., Ny, update the global variables for all pairs of s and j € S?b:

~ 1 . -

(Gjsg (kN7 = Z((Ej g (RN + (BO (k)™ (5.42)
~ o 1 Fin o ou o

(Gs,j,.g (k) +1=§((E3,].,g(k)) (B9 )T (5.43)

4. For s =1,..., Ngyb, update the Lagrange multipliers for all pairs of sand j € S?b:

A, RN = (AR (k) + e((E, (k) = (G5 g (k)T (5.44)
AT ()T = AT ()7 + e((EF, ()7 = (G g ()7 (5.45)

5. Check the stopping condition:

(A (K)o +! = (A (k))9) "

il ((Ain (k))0'+1 _ ([\in (k))U)T

N, glob N, glob

(AU e+t = (AUt (k))) "

(([\out (k))0'+1_([\0ut (k))O')T

Nglob Nglob 00
(5.46)
out _ out T out T T _ o+1
where Ag (k) = [()L].M,Lg(k)) ,...,(AjN b rNsub:g(k)) 1" forg=1,..., Ngop. If€77" <
SUb” Neub

€ (e: a small positive value), stop the optimization, and output (ii5(k))°*!. Otherwise,
g0 to step 2.

7In the warm start, we assume that for the first control step the control inputs equal the initial control
inputs over the prediction period, and that for other control steps the control inputs over the prediction period
are estimated by shifting one step ahead the optimal control input sequence obtained at the previous control
step, based on the receding-horizon scheme [22, 79].
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5.6 Case Study: Assessment of Scenario-Based DMPC

5.6.1 Benchmark Network

We consider a freeway network as shown in Figure 5.2 for the case study. In this freeway
network, there are 10 links (m = 1,...,10), 1 mainstream origin (Op), 1 unrestricted
destination (Dy), 3 on-ramps (O;, O, and Os), and 3 unrestricted off-ramps (04, Os, and
Og). In total, these 10 links are divided into 18 segments with equal length L,,=1km. The
mainstream stretch includes 2 lanes, and each on-ramp or each off-ramp includes 1 single
lane. The positions of variable speed limits (Nysy, = 6) are shown in Figure 5.2, and all
on-ramps are metered (Ngm = 3). The queue lengths at all on-ramps are limited within 100
veh for avoiding spill back to upstream stretches. The turning rates at all off-ramps are
assumed to be fixed as 5% of the mainstream flow. For applying scenario-based DMPC, the
network is divided into 3 subnetworks (S;, S, and S3), and each subnetwork includes 6
segments, 1 on-ramp, and 1 off-ramp.

The single-class traffic flow model METANET is used as both the process model and the
prediction model. According to [50, 60], the nominal parameters for METANET are chosen
as follows:  Cpain=2100veh/h/lane, Conramp=2000veh/h/lane, 7=18s, 7=60 km?/h,
x=40veh/km/lane, a,,=1.867, &,,=0.1, v®=102km/h, p%i=33.5veh/km/lane, and
pmd*=180veh/km/lane for m =1,...,10. The weights in local fotal objective functions are as
follows: ¢1rs = 1, Espeed = 0.05, {ramp = 0.05, and I' = 100. The simulation time interval is
T = 10s, and the control time interval'* is T, = 180s. As suggested in [50], the prediction
horizon is chosen according to the average time needed for a vehicle to go through the
considered subnetwork: this leads to N, = 3, and the control horizon is chosen to be
smaller than Np: N = 2. The considered simulation period is 2.5 h, and Figure 5.3 shows the
nominal demands for the mainstream origin and on-ramps.

5.6.2 Control Settings
Uncertainty Scenarios

* Uncertainty Scenarios for the Simulations
Uncertainties in weather conditions (sunny or rainy) are considered as global
uncertainties for the overall network. We suppose that the model parameter 7 and the
free-flow speed v’ are affected by weather conditions. For sunny days, 7 and v’
are considered to be nominal values given in Section 5.6.1. For rainy days, 7 is
considered to be 5% larger than the corresponding nominal value, i.e. 7=18.9s, and
qurfe is considered to be 5% smaller than the corresponding nominal value, i.e.

vi'€-96.9km/h. The probability for sunny days is assumed to be 0.8, and the
probability for rainy days is assumed to be 0.2.

Uncertainties in demands are considered as local uncertainties for subnetworks.
Based on nominal demands, three base demand scenarios over the entire simulation
period are considered for constructing scenarios for simulations and scenario-based
DMPC:

— Base demand scenario 1: nominal demands with a probability of 0.7;

— Base demand scenario 2: 90% of nominal demands with a probability of 0.1;
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Figure 5.2: The Freeway network used for the case study
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Figure 5.3: Nominal demands for the mainstream origin and on-ramps

- Base demand scenario 3: 110% of nominal demands with a probability of 0.2.

In this case study, we consider 10 demand scenarios for the simulations, of which the
sampling step length is assumed to be equal to the control time step interval. Each
of these 10 demand scenarios is constructed as follows: for each origin and at every
sampling step the demand is randomly set to be one of the 3 base demand scenarios
with the corresponding probabilities (i.e., 0.7, 0.1, 0.2). In the considered 10 demand
scenarios for the simulations, 8 are for sunny days, and the remaining 2 are for rainy
days.

Uncertainty Scenarios for Scenario-Based DMPC

For scenario-based DMPC, global scenarios include sunny days and rainy days;
demand scenarios (i.e. local scenarios) are constructed on the basis of the base
demand scenarios. If all the possible combinations of the 3 base demand scenarios
are considered, then for a given origin and for a given control step, there are 27 (i.e.
(3 base scenarios)’\?) possible demand scenarios over the prediction period. The
probability of each of these 27 demand scenarios is obtained by multiplying the
probabilities of the selected base demand scenarios for all sampling steps over the
prediction period. Next, we ignore the demand scenarios with probabilities lower
than 0.02, which leaves 10 demand scenarios over the prediction period for each
origin at every control step, of which the total probability is 0.868. Thus the number of
the considered demand scenarios for each origin at each control step is significantly
reduced, while the total probability is still large. Note that in the expected-value
setting the probability for each of the remaining 10 demand scenarios needs to be
divided by 0.868, so that the equivalent total probability equals 1. The same 10
demand scenarios are also considered in the min-max setting.
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Control Approaches

The following control approaches are considered:
e Nominal DMPC: based on nominal parameters and nominal demands;

e Scenario-Based DMPC 1: based on the reduced scenario tree and the expected-value
setting;

* Scenario-Based DMPC 2: based on the reduced scenario tree and the min-max setting.

For scenario-based DMPC 2, (5.40) is used for determining interconnecting outputs for
global scenarios.

All approaches are implemented in a serial scheme, i.e. local agents solve local
optimization problems in a serial fashion, taking into account the latest information of
neighboring local agents [87]. For all approaches, we set a fixed CPU time for all
computations including negotiation iterations between agents for every control step (note
that in this case the stopping condition (5.46) is not used). Two cases are considered, for
one case the fixed CPU time for every control step for all control approaches is set to be 3
minutes, and for the other case the fixed CPU time for every control step for all control
approaches is set to be 10 minutes'®. All optimization problems are solved by the
"fmincon" function based on the "active-set" algorithm in MATLAB, with the prediction
model METANET coded in C. All simulations are implemented on a computer with 2
Intel(R) Xeon(R) CPU E5-1620 v3 @3.50GHz processors.

Performance Index

In the case study, the single-class METANET model is used as the prediction model, and TTS
is considered as the performance criterion. For single-class traffic flows, TTS is defined as
follows:

(ke+Np)M—1
TTS(ko) =T ). Y. Pmi@Lmim+ Y, Wo(2) (5.47)
z=kc.M (m,i)ely 0€0y)

The objective function for a subnetwork is the same as (4.21), but TTS is computed for single
class traffic flows as in (5.47).

5.6.3 Results and Analysis
Performance

For a simulation scenario, the simulation with a control approach is repeated 10 times for
different random seeds corresponding to different random starting points for "fmincon",
and the average of the results for the 10 repetitions is considered as the result for that
simulation scenario. In Tables 5.1-5.2, for a control approach, the average and the standard
deviation of the results for all simulation scenarios are listed.

18Note that in this chapter we make the CPU time for different approaches equal for fair comparison. In
practice, the CPU time for each control step is required to be less than or equal to T, and this can e.g. be realized
by means of fast implementation or parallel implementation, which are outside the scope of this chapter.
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Table 5.1: Simulation results, CPU time for every control step: 3 minutes.

Approaches Nominal DMPC  Scenario-Based  Scenario-Based
DMPC1 DMPC 2

Jirs 6.9% 5.2% 4.6%

Average  Jpen 12.0% 0% 0%
Jot) —6.1% 5.2% 4.6%
Jrrs 0.8% 0.7% 0.5%

Standard > 4.5% 0% 0%

deviation “j,.
J 4.8% 0.7% 0.5%

tot

Table 5.2: Simulation results, CPU time for every control step: 10 minutes.

Approaches Nominal DMPC  Scenario-Based  Scenario-Based
DMPC1 DMPC 2
Jrrs 6.9% 6.0% 5.5%
Average  Jpen 12.4% 0% 0%
o ~6.6% 6.0% 5.5%
Jrrs 0.8% 0.7% 0.6%
Standard ' 4.7% 0% 0%
deviation “j, .
J 5.1% 0.7% 0.6%

tot

In Tables 5.1-5.2, ]iTnTlg represents the relative improvement in TTS w.r.t. the no-control

case over the entire simulation period, Jpen represents the maximum of the relative queue
length constraint violations for all on-ramps over the entire simulation period:

Joen = max| max w"(k)—lo (5.48)
pen k=1, kena WX 7 '

where kepg represents the last simulation time step of the entire simulation period, and w;***
represents the maximum permitted queue length for on-ramp o. The symbol ]tig:p represents
the relative improvement in the total performance w.r.t. the no-control case, and the total
performance is defined as

Jiot = TTStotal
tot TTSnom

+TJpen (5.49)

with TTSioa the total time spent over the entire simulation period in a closed-loop
simulation.

From Tables 5.1-5.2 we can see that for nominal DMPC the total performance is worse
than that for the no-control case, while for scenario-based DMPC the total performance is
improved w.r.t. the case without control. More specifically, the TTS can be improved by
nominal DMPC, but the queue length constraints are not satisfied, leading to a worse total
performance than the no-control case. For scenario-based DMPC, the TTS is improved less
than nominal DMPC, but the queue length constraints are satisfied, resulting in an
improvement of the total performance.

When the CPU time for every control step is increased from 3 minutes to 10 minutes,
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the total performance is further improved by scenario-based DMPC; however, this not the
case for nominal DMPC. This is probably due to the fact that nominal DMPC does not take
into account uncertainties; thus longer CPU time can lead to control inputs corresponding
to a better total performance for the nominal model parameters and the nominal demands.
However, due to the presence of uncertainties, these control inputs in general may result in
a worse total performance. . .

Moreover, the standard deviations of ]ITI;IE, Jpen, and ]igip are all small for scenario-based

DMPC. However, the standard deviations of Jpen and ]ig;p are relatively large for nominal
DMPC. This shows that scenario-based DMPC results in a more stable total performance
than nominal DMPC.

Comparing scenario-based DMPC for the expected-value setting (scenario-based
DMPC 1) with scenario-based DMPC for the min-max setting (scenario-based DMPC 2), we
can see that for this case study using the expected-value setting can improve the total
performance more than using the min-max setting. This is probably due to the fact that the
same uncertainty scenarios are used for the expected-value setting and the min-max
setting. For the min-max setting the worst case of the total performance among all the
considered uncertainty scenarios is optimized, resulting in more conservative control
inputs than those for the expected-value setting.

Control inputs

For one realization of uncertainties and the case that the CPU time for every control step is
fixed as 10 minutes, the variable speed limits and the ramp metering rates for all the
considered approaches are plotted in Figures 5.4-5.9.

From Figures 5.4-5.6 we can see that the variable speed limits determined by
scenario-based DMPC are more fluctuating than those determined by nominal DMPC.
Similarly, from Figures 5.7-5.9 we can see that the ramp metering rates determined by
scenario-based DMPC are more fluctuating than those determined by nominal DMPC at
on-ramp O;. For the other two on-ramps (O, and Os) the ramp metering rates determined
by scenario-based DMPC slightly fluctuate in comparison with those determined by
nominal DMPC.

The fluctuations in the control inputs determined by scenario-based DMPC are probably
due to the fact that scenario-based DMPC takes into account uncertainties. The predictions
for the dynamics of the considered freeway network are fluctuating due to the uncertainties,
and this makes the control inputs determined by scenario-based DMPC fluctuating. Another
reason might be that when applying the new scenario-based DMPC approach for a nonlinear
nonconvex freeway network, the convergence between neighboring subnetworks is not easy
to be obtained. Besides, since we have a nonlinear-nonconvex problem, at every control
step the solutions of the local controllers in general converge to local optima instead of a
global optimum of the centralized control problem; this could also lead to fluctuations in
the control inputs.

The ramp metering rates plotted in Figures 5.8-5.9 are optimal for the given setting of the
case study. In practice, zero capacities for on-ramps can be avoided by limiting the minimum
permitted metering rates or by penalizing the number of stops of vehicles at on-ramps.
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Figure 5.4: Variable speed limits for Nominal DMPC
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Figure 5.5: Variable speed limits for scenario-based DMPC 1
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Analysis of Traffic Behavior

For the same realization of uncertainties and settings as Figures 5.4-5.9, the densities and
speeds of segments for all the considered control approaches are plotted in Figures 5.10-
5.16.

From Figure 5.10, it can be noticed that the queue length at the mainstream origin is
reduced to 0 by both nominal DMPC and scenario-based DMPC. Nominal DMPC can lead
to queue length constraint violations (up to 20%) at on-ramps, while scenario-based DMPC
do not lead to queue length constraint violations.

From Figures 5.11-5.13, for the period (0.3h-0.7h) corresponding to the peaks of
densities in the no-control case, the densities are more clearly reduced by both nominal
DMPC and scenario-based DMPC for segments (e.g. segments (1,1)-(4,2)) which are closer
to the mainstream origin.

From to Figures 5.14-5.16, it can be seen that for the period (0.3 h-0.7 h) corresponding to
the peaks of densities in the no-control case, the speeds are more clearly increased by both
nominal DMPC and scenario-based DMPC for segments (e.g. segments (1,1)-(4,2)) which are
closer to the mainstream origin.
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Computational Efficiency w.r.t. the Complete Scenario Tree

In the case study, we did not apply scenario-based DMPC on the basis of the complete
scenario tree. For evaluating the computational efficiency, we select the scenario-based
DMPC approach on the basis of the complete scenario tree and the expected-value setting
as a reference case. This approach is described in Appendix B.

By a numerical test we find that for scenario-based DMPC on the basis of the complete
scenario tree, a local agent takes about 28 minutes on average to solve the local
optimization problem once for one starting point at a given control step; this is much
longer than the fixed CPU time for a control step for scenario-based DMPC on the basis of
the reduced scenario tree. @~ However, we can estimate the total time needed for
scenario-based DMPC on the basis of the complete scenario tree to finish the same number
of negotiation iterations as for scenario-based DMPC on the basis of the reduced scenario
tree. For the case that the CPU time for every control step is fixed as 3 minutes, the total
number of negotiation iterations for a single run for scenario-based DMPC on the basis of
the reduced scenario tree is about 500. According to the test, it takes roughly 14 hours for
finishing one negotiation iteration for scenario-based DMPC on the basis of the complete
scenario tree; hence, it would take about 7000 hours for finishing 500 negotiation iterations.

According to the above discussion we can confirm that the computational efficiency of
scenario-based DMPC on the basis of the reduced scenario tree is much higher than that of
scenario-based DMPC on the basis of the complete scenario tree.
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5.7 Summary

In this chapter, we have developed a new scenario-based DMPC approach for freeway
networks by distinguishing global uncertainties for the overall network from local
uncertainties for particular subnetworks only. Instead of constructing a complete scenario
tree with all the combinations of the local scenarios for all subnetworks considered, we
have proposed to construct a reduced scenario tree by combining the interconnecting
outputs for a subnetwork for all the local scenarios for that subnetwork. To reduce the
computational burden, in the new scenario-based DMPC approach, an expected-value
setting (which is probabilistic) and a min-max setting are considered for combining local
scenarios and for defining fotal objective functions for subnetworks, which include both
control performance indices and constraint violation penalties.

We have illustrated by a numerical experiment that for scenario-based DMPC on the
basis of the reduced scenario tree the total performance can be improved compared to the
no-control case, with the queue length constraints satisfied; while for nominal DMPC, the
total performance could not be improved w.r.t. to the no-control case, due to the violation
of the queue length constraints. The experiment also showed that both the expected-value
setting and the min-max setting are effective in improving the total performance.






Chapter 6

Conclusions and Future Work

Aiming at improving the control performance, reducing constraint violations, and
improving the computational efficiency, in this thesis we have extended several multi-class
macroscopic traffic flow models and traffic emission models, evaluated the effectiveness of
end-point penalties in model predictive control for freeway networks, and developed a
scenario-based receding-horizon parameterized control approach and a scenario-based
distributed model predictive control approach for freeway networks. In this chapter, we first
give conclusions of the thesis; next, we present some recommendations for future work.

6.1 Conclusions of the Thesis
The contributions of the thesis are concluded as follows:

e Several multi-class macroscopic traffic flow models and traffic emission models
have been extended and evaluated.

The effectiveness of Model Predictive Control (MPC) for traffic networks relies to a
large extent on the models that are used for predicting the evolution of traffic
dynamics. In order to reduce the computational load, usually macroscopic prediction
models are used. In single-class macroscopic traffic flow models and traffic emission
models, all vehicles in the considered traffic network are aggregated in space and
time, without including the differences between different classes of vehicles, such as
cars, vans, buses, and trucks. Extending multi-class macroscopic traffic flow models
and traffic emission models by taking into account the differences between different
classes of vehicles is a way to improve the accuracy of prediction models for MPC for
traffic networks.

In Chapter 3, we have extended several multi-class macroscopic traffic flow models
and traffic emission models. In particular, we have extended the second-order
single-class METANET model to a multi-class version, by considering three traffic
regimes: free flow, semi-congestion, and congestion. Based on the traffic regimes, we
define road space fractions for different vehicle classes, which reflect interactions
between different vehicle classes. It is assumed that a vehicle class is constrained
within its assigned road space specified by the road space fraction for that vehicle
class, and that a vehicle class is subject to the fundamental diagram of that vehicle
class. Moreover, for comparison with the extended multi-class METANET model, we
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have incorporated variable speed limits and ramp metering into the first-order
multi-class traffic flow model FASTLANE. For estimating traffic emissions in the
multi-class setting, we have integrated the macroscopic emission model VI-macro
with multi-class traffic flow models, and have extended the microscopic emission
model VERSIT+ to be a multi-class macroscopic version.

We implemented a case study for comparing the above mentioned multi-class
macroscopic traffic flow models and traffic emission models. In the case study, both
the Total Time Spent (TTS) and the Total Emissions (TE) were included in the
objective function for MPC. A microscopic traffic flow simulator VISSIM and a
microscopic traffic emission simulator EnViver were used as simulation models. All
the four possible combinations for the above multi-class macroscopic traffic flow
models and traffic emission models were used for predicting future traffic dynamics:
multi-class METANET and multi-class VERSIT+, multi-class METANET and
multi-class VI-macro, FASTLANE and multi-class VERSIT+, and FASTLANE and
multi-class VI-macro. It was shown by the case study that combining the extended
multi-class METANET model with the multi-class VI-Macro model or the multi-class
VERSIT+ model can improve the TTS and the TE in a balanced way, and that the
extended multi-class METANET model can better describe on-ramp queues than
FASTLANE. The results suggest that the extended multi-class METANET model,
which is a second-order model, can be a better choice for jointly reducing traffic
congestion and traffic emissions than the first-order FASTLANE model.

The effectiveness of end-point penalties in MPC for freeway networks has been
evaluated.

The prediction period length for MPC for traffic networks relates to the size of the
controlled network. For achieving appropriate performance, larger traffic networks
require longer prediction periods, leading to higher computational complexity.
Instead of directly increasing the prediction period length, a way to extend the period
covered by MPC for determining the control inputs is to include penalties in the
control objective function, estimating the performance beyond the prediction period.

In Chapter 3, we have proposed end-point penalties corresponding to the TTS and
the TE for the vehicles that are present in the considered traffic network at the end of
the prediction period. By including the end-point penalties corresponding to the TTS
and the TE in the objective function for MPC, the performance beyond the prediction
period can be taken into account.

In the case study in Chapter 3, the four approaches for the extended multi-class
macroscopic traffic flow models and traffic emission models were also used for the
case with end-point penalties. The simulation results show that including end-point
penalties in MPC based on the extended multi-class METANET model can further
improve the control performance (about 2% better than the case without the
end-point penalties), with the queue length constraints being satisfied. However, this
is not the case for FASTLANE, probably due to the first-order characteristics of
FASTLANE, which can lead to unreliable estimations for the end-point penalties. In
general, the results indicate that including well-estimated end-point penalties in MPC
for traffic networks can further improve the control performance, with the queue
length constraints being satisfied.
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* A scenario-based receding-horizon parameterized control approach for freeway
networks has been developed.

Uncertainties occurring in the procedure of implementing MPC for traffic networks
will affect the control effectiveness, including the improvement of control
performance, the satisfaction of constraints on states and outputs, etc. Thus, the
control effectiveness of MPC for traffic networks can be improved by developing
robust MPC approaches, which take into account uncertainties. In general the
computational burden for robust MPC approaches will increase compared to the case
that uncertainties are not included. Parameterized MPC laws can be considered for
reducing the computational burden, since in the control procedure instead of the
control inputs only the parameters of MPC laws are optimized, making it possible to
reduce the number of optimization variables to be determined w.r.t. standard MPC.

In Chapter 4, we have proposed a scenario-based Receding-Horizon Parameterized
Control (RHPC) approach for freeway networks. Particularly, several RHPC laws for
variable speed limits and ramp metering rates have been developed for the
multi-class traffic setting. In the scenario-based RHPC approach, the constraints on
the lengths of on-ramp queues are incorporated into the control objective function
via a queue length constraint violation penalty, to avoid infeasible optimization
problems. To deal with uncertainties, we have considered a scenario-based scheme
with a finite set of uncertainty scenarios in combination with a min-max setting. The
motivation for applying the scenario-based scheme is to reduce the computational
load in comparison with the case that all the possible uncertainty realizations are
considered. The motivation for adopting the min-max setting is to minimize the
worst-case control performance over the finite set of scenarios considered, and to
guarantee satisfaction of the queue length constraints for the finite set of scenarios
considered.

A numerical experiment was implemented for illustrating the effectiveness of the
scenario-based RHPC approach. Scenario-based RHPC was compared with nominal
RHPC and standard control (i.e. feedback control). For standard control, the following
four settings were considered for determining the parameters for the control laws:
ignoring uncertainties'®; ignoring uncertainties and adopting a queue override
scheme; accounting for uncertainties!?; accounting for uncertainties and adopting a
queue override scheme. For appropriate weights for the queue length constraint
violation penalty, the simulation results are summarized as follows. Scenario-based
RHPC can effectively reduce the TTS (3.7% — 6.0%) with low queue length constraint
violations (0.6% — 1.9%). In contrast to scenario-based RHPC, nominal RHPC can
reduce the TTS (4.0 — 6.5%) a bit more, but the queue length constraint violations are
higher (3.0% — 12.7%). When uncertainties are not taken into account for determining
the parameters for the control laws, standard control can lead to high queue length
constraint violations (52.9% — 151.0%); but even when a queue override scheme is
adopted, there are still queue length constraint violations (6.6% — 14.0%). When
uncertainties are taken into account for determining the parameters for the control

9For standard control in this case study, ignoring uncertainties means that nominal demands and nominal
fractions of different vehicle classes are used for determining the parameters for the control laws; accounting
for uncertainties means that 10 random scenarios for demands and fractions of different vehicle classes are
used for determining the parameters for the control laws.
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laws, standard control can lead to small queue length constraint violations
(0% — 1.3%), while the reductions of the TTS (0.4% — 2.8%) are also small compared to
scenario-based RHPC. In comparison with other considered approaches,
scenario-based RHPC can both effectively improve the control performance and keep
the queue length constraint violations at a low level.

A scenario-based distributed model predictive control approach for freeway
networks has been developed.

Due to the computational complexity, it is hard to control a large-scale traffic network
by means of centralized MPC. Distributed Model Predictive Control (DMPC) can be
used for controlling a large-scale traffic network, by dividing it into subnetworks and
distributing the control problems for the subnetworks to local agents. In general,
there are couplings between neighboring subnetworks, so the control effectiveness
for a subnetwork can also be affected by the uncertainties for the neighboring
subnetworks. Scenario-based DMPC controls a large-scale traffic network through
collaborative local agents, with uncertainties taken into account®® for determining
the control actions.

In Chapter 5, we have developed a scenario-based DMPC approach for a large-scale
freeway network including multiple subnetworks based on a scenario tree for
uncertainties. We distinguish global uncertainties (which apply to the overall
network) from local uncertainties (which only apply to individual subnetworks), and
assume that all these uncertainties are described by finite sets of scenarios. A
straightforward way of combining the local scenarios for different subnetworks is to
consider all the combinations of the local scenarios (i.e. to construct a complete local
scenario tree); however, the computational load will be large in this case. Therefore,
we have proposed to construct a reduced local scenario tree for the entire network for
combining the local scenarios for different subnetworks. In the reduced local
scenario tree, the dynamics of a subnetwork are predicted for different local scenarios
for that subnetwork by assuming that the interconnecting inputs for that subnetwork
from neighboring subnetworks are independent of the local scenarios for the
neighboring subnetworks. Afterwards, a reduced scenario tree for the entire network
can be defined by combining global scenarios with the reduced local scenario tree.
Moreover, we consider an expected-value setting and a min-max setting for
combining local scenarios for each subnetwork and for defining total objective
functions that include both performance indicators and queue penalties for
subnetworks.

A numerical experiment was executed for evaluating the scenario-based DMPC
approach based on the reduced scenario tree. Scenario-based DMPC based on the
reduced scenario tree was compared with nominal DMPC (which is based on a
nominal prediction model) for the expected-value setting and the min-max setting.
The simulation results show that the total performance including the TTS and the
queue length constraint violation penalty can be improved by scenario-based DMPC
based on the reduced scenario tree (4.6% — 5.2%), and the total performance can be
further improved (5.5% — 6.0%) when the allowed CPU time for every control step is
increased from 3 minutes to 10 minutes. Moreover, for scenario-based DMPC based

20Uncertainties can e.g. be taken into account by using a scenario-based approach.
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on the reduced scenario tree, both the expected-value setting and the min-max
setting are effective in improving the total performance. However, the total
performance is worse than the no-control case for nominal DMPC (-6.1%), and by
increasing the allowed CPU time for every control step from 3 minutes to 10 minutes
the total performance becomes even worse (—6.6%). This might be because of that for
longer allowed CPU time nominal DMPC can result in the control inputs leading to a
better total performance estimated based on the nominal prediction model, but in
general these control inputs lead to a worse total performance due to uncertainties.

6.2 Recommendations for Future Work

In this section, we present several possible topics for future research.
e Further assessment of the approaches developed in this thesis based on case studies:

- For the extended multi-class traffic flow models and traffic emission models in
Chapter 3, the model parameters can be identified for more scenarios, or by
means of other algorithms such as a stochastic genetic algorithm [105]. The
model parameters for the extended multi-class traffic flow models can also be
identified to fit the measured flows and densities to the predicted flows and
densities.

- The impact of end-point penalties on the control effectiveness for MPC can be
further investigated by testing suitable weights for the end-point penalties in
different control conditions, and by comparing the case including the end-point
penalties with the case that longer prediction periods are considered.

— The way for choosing uncertainty scenarios for scenario-based RHPC and
scenario-based DMPC can be further investigated.

— The impact of data coverage (availability) and data type on the approaches
developed in this thesis can be investigated.

— The effectiveness of the extended multi-class traffic flow models and traffic
emission models, the scenario-based RHPC approach, and the scenario-based
DMPC approach based on the reduced scenario tree can be investigated for
networks with different layouts and for a wide range of traffic scenarios. For
instance, the effectiveness of the scenario-based RHPC approach can be
investigated for uncertainties with different distributions and different skewness
factors.

* Fast MPC based on multi-class prediction models:
For on-line applications of real traffic networks, a fast MPC scheme [67] can be
combined with multi-class traffic models. In the fast MPC scheme, the control inputs
for a given control step are obtained by re-adjusting the control inputs pre-computed
before that control step, according to the measured states at that control step. The
challenges for developing fast MPC approaches based on multi-class prediction
models involve obtaining the optimal control inputs within the available time interval
(i.e. the control sampling time interval), and analyzing the sensitivities of the control
inputs w.r.t. the multi-class traffic states. For obtaining the optimal control inputs
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within the available time interval, one option is to reduce the number of optimization
variables in the optimization problems to be solved; this can e.g. be realized by
parameterizing the control input variables via parameterized control laws.

Robust MPC based on model bias correction:

The idea behind the model bias correction approach in [55], i.e. using the
measurements to adjust the model, can be considered for developing robust MPC
approaches for freeway networks. For example, the latest measurements can be used
to adjust prediction models, or to adjust the control inputs generated based on
nominal prediction models. The challenges here are to find suitable compensation
laws, and to obtain appropriate parameters for the compensation laws.

Robust event-triggered MPC for freeway networks:

Event-triggered MPC [37] only optimizes the control inputs when some specified
conditions (i.e. triggering rules) are satisfied, instead of at every control step. The
triggering rules are usually constructed based on checking the errors between
predicted states and measured states. By adopting event-triggered MPC, the
frequency of solving optimization problems for obtaining the optimal control inputs
can be reduced. In general, event-triggered MPC is applied for systems without
significant uncertainties. For systems with uncertainties, robust event-triggered MPC
[64] can be developed. For determining the control inputs, uncertainties can be taken
into account by developing robust MPC approaches. The main challenge is then to
account for uncertainties when defining triggering rules. The triggering rules could
be designed by linearizing traffic models and applying the approach of [64]. Another
way is to first develop robust triggering rules for the nonlinear or piecewise-affine
case, and next apply them to traffic models; for the piecewise-affine case, the traffic
models then need to be first transformed to the piecewise-affine form (see e.g. [44]).

Scenario-based hierarchical MPC for freeway networks:

For scenario-based DMPC for a large-scale traffic network with global uncertainties
distinguished from local uncertainties, an alternative is to consider a hierarchical
scheme, in which two or more control layers are present: one or more high-layer
coordinators and low-layer local controllers. The main challenge is to combine global
uncertainties and local uncertainties in the hierarchical scheme, which is different
from the distributed MPC scheme considered in this thesis. One option for
combining global uncertainties with local uncertainties in the hierarchical scheme is
as follows.

On the basis of global uncertainties, the high-layer coordinators estimate
interconnecting variables, which are considered as reference quantities for local
controllers. A local controller obtains the optimal control inputs by minimizing a
local objective function that is defined based on local traffic states and
interconnecting variables for all global uncertainties and local uncertainties for that
subnetwork. With the optimal control inputs used for estimating interconnecting
variables by the coordinators, the above procedure is repeated until a stopping
condition is satisfied. The stopping condition can be defined as a threshold on the
differences in Lagrange multipliers between two adjacent iterations, or it can be
defined as a limitation on the CPU time.



Appendix A

Computation of Jerks for Multi-Class
Macroscopic Traffic Flow Models

The equations for computing jerks for multi-class traffic flows are developed based on the
multi-class METANET model of Chapter 3; however, the equations can also be used for other
multi-class macroscopic traffic flow models. As shown in Figure A.1, there are three types of
jerks (i.e. derivatives of accelerations) in segment i of link m at time step k:

e Segment i —1 — segment i —1 — segment i: this kind of jerk corresponds to those
vehicles moving within segment i — 1 from time step k —2 to k — 1, and moving from
segment i — 1 to i from time step k—1to k:

jm i l(k) _ a(crgg,sl”s—l),(m,i),c(k) - a%fgl,c(k - 1)
Y T
_ Um,i,c(k) - 2Vm,i—l,c(k_ 1+ Um,i—l,c(k_z) (A1)
T2 '

e Segmenti—1 — segmenti — segment i: this kind of jerk corresponds to those vehicles
moving from segment i —1 to i from time step k—2 to k—1, and moving within segment
i from k—1to k:

inter Cross
imiea(k) = ap () = agy ) oniek=1
m,i,c,2 T
Upstream Current Downstream
segment segment segment
! I
] ‘ ! Two time steps back
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‘ ‘ E One time step back
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I

Figure A.1: Jerk: derivative of acceleration
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_ Um,ic(K) =2Vm,ic(k—=1)+ Vpi-1,c(k—2)
= Tz

(A.2)

e Segment i — segment i — segment i: this kind of jerk corresponds to those vehicles
moving within segment i from time step k-2 to k—1, i.e.
ainter ( k) _ ainter ( k— 1)

m,i,c m,i,c

jm,i,c,3(k) = T

_ U,i,c (k) =20 i c(k—1) 4+ vy i c(k—2)
= Tz

(A.3)



Appendix B

Scenario-Based DMPC on the Basis of a
Complete Scenario Tree and an
Expected-Value Setting

The scenario-based DMPC problem based on the complete scenario tree and the expected-
value setting (which is probabilistic) for a local agent s is defined as follows:

Nglob Ncom

I}l(llf)l )y Pg( Z pz(]sgg(xsg[(k) Ts,g,0(K), 1is(k))

ilg -1
E}“lsgi(k) ..... E}n osge® § i ) i
B B +YmaX(Fs,g,Z(xs,g,f(k),J’s,g,[(k),Ms(k)),O)
Js 158, I npbS8

oY A, AT, (0, BT, R, B, () (B.1)
jesnb

S.t. Xsgo(k+2+1) = fig0(%s5,g,0(k+2), us(k+2),D gg(k+z) gg(k+z) wglk+2), (B.2)
we(k+2z)) forz=0,..,Np—1

Vs,g0(k+2) = hs(x5g0(k+2) forz=1,..,Np (B.3)
Xo,g,0(k) = x¥ (B.4)
wolk+2z)€ Q‘OC(k +2)x - x QRE (k+2) forz=0,..,Np—1 (B.5)

Equations (5.5) and (5.18)
forg=1,..., Ngob, and  =1,..., Neom

where w, represents a combined local uncertainty scenario for all subnetworks in the

complete scenario tree, and py is the probability for w,. The symbols X5 ¢, Vsg.0) J5,g.0)
Fig.0, ];ngte;, fsgoo A ] s g0 A;";tg o E;ns o0 E;";tg 0 Dln ,»and Eln , have similar meanings to
corresponding symbols without subscripts g and ( 1r1 Sectlon 5 2 but now they are for the

case with global uncertainties and combined local uncertainty scenarios for all
subnetworks. In addition, X (k) and jsg ¢(k), are defined in similarly to Xs(k) (i.e. (5.8))

. . . . _ t
over the prediction horizon covering steps k+ 2z, z = 1,...,Np; A ]Sg f(k), /"'?};g, g(k),

E;r,ls,g, k), and E“;";tg (k) are defined in a similar way to %(k) (i.e. (5.8)) over the prediction

horizon covering steps k+z, z=0,..., N, — 1.
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Summary

Modeling, Robust and Distributed Control for Freeway
Networks

In Model Predictive Control (MPC) for traffic networks, traffic models are crucial since they
are used as prediction models for determining the optimal control actions. In order to
reduce the computational complexity of MPC for traffic networks, macroscopic traffic
models are often used instead of microscopic traffic models. These macroscopic traffic
models can be divided into homogeneous, single-class models and heterogeneous,
multi-class models. In general, multi-class models are more accurate than single-class
models, without increasing the computational complexity significantly. In MPC a more
accurate model in general implies a better prediction of the controlled system, providing
the controller more accurate information for determining the control actions. Therefore,
developing and using multi-class traffic models is one way to improve the effectiveness of
MPC. Apart from the above characteristics of traffic models, other factors such as
uncertainties in external inputs and model parameters can also affect the accuracy of
predictions. Thus another way for improving the effectiveness of MPC is to take into
account the effects of these uncertainties and to develop robust MPC approaches for
handling these uncertainties. Apart from improving the effectiveness of MPC, making MPC
feasible for large-scale traffic networks is also important, due to the rapid increase of the
computational complexity of the MPC optimization problem with the size of the controlled
system. For large-scale systems, Distributed Model Predictive Control (DMPC) is often
considered for making the control approach computationally feasible. Moreover, robust
DMPC can be developed for ensuring both feasibility and robustness. In this context, the
following three topics are studied in this thesis:

e Several multi-class macroscopic traffic flow models and traffic emission models are
extended.

* A scenario-based Receding-Horizon Parameterized Control (RHPC) approach is
proposed.

* A scenario-based DMPC approach with global uncertainties and local uncertainties
distinguished is developed.

First, we propose new multi-class macroscopic traffic flow and emission models
including a new multi-class METANET model, and two new multi-class emissions models:
multi-class VI-macro and multi-class VERSIT+. To allow comparison with the new
multi-class METANET model, we also extend the first-order multi-class traffic flow model
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FASTLANE with variable speed limits and ramp metering. These new multi-class
macroscopic traffic flow and emission models are used as prediction models in MPC for
freeway networks. In addition, end-point penalties are included to account for the behavior
of traffic flows beyond the prediction period. Through numerical experiments we show that
the new multi-class METANET model combined with the extended emission models can
reduce the total time spent and the total emissions in a balanced way w.r.t. the non-control
case. The experiments also show that the new multi-class METANET model captures the
maximum queue length dynamics better than FASTLANE although they are both based on
the same queue model. Moreover, the experiments indicate that including end-point
penalties can further improve the performance for the MPC approaches based on the new
multi-class METANET model, but not for the MPC approaches based on FASTLANE.

Next, we propose a scenario-based Receding-Horizon Parameterized Control (RHPC)
approach. In this approach, we use a scenario-based scheme to deal with the robust control
problem for traffic networks, considering a limited set of scenarios for the uncertainties.
The worst case of the considered scenarios is actually optimized in a min-max setting. In
contrast to MPC, in RHPC only the parameters of control laws are optimized, instead of all
the control inputs. As a result, the number of variables in the optimization problem can be
decreased w.r.t. conventional MPC, allowing us to reduce the computational burden.
Several RHPC laws are developed based on multi-class traffic flow models. We illustrate
through simulation experiments that nominal RHPC approaches ignoring uncertainties
may lead to high queue length constraint violations, and that scenario-based RHPC
performs best as it is capable of improving the control performance without resulting in
high queue length constraint violations.

At last, we develop a scenario-based DMPC approach with global uncertainties and
local uncertainties distinguished. For a large-scale traffic network consisting of multiple
subnetworks, two types of uncertainties can be distinguished: global uncertainties and
local uncertainties. We assume that all these uncertainties are described through finite sets
of scenarios. Thus, a tree based on the considered uncertainty scenarios can be built. An
intuitive way of combining the local scenarios for different subnetworks is to consider all
the combinations of the local scenarios (i.e. to construct a complete scenario tree).
However, the computational burden will be very large in this case. Therefore, we propose to
construct a reduced scenario tree for combining the local scenarios for different
subnetworks, in which the interconnecting outputs of one subnetwork are combined for all
the local scenarios for that subnetwork. Furthermore, two settings are considered for the
new approach, i.e. an expected-value setting and a min-max setting. The numerical
experiments show that the new scenario-based DMPC approach based on the reduced
scenario tree is effective in improving the control performance while at the same time
satisfying the constraints in the presence of uncertainties, with a relatively low
computational burden compared to the case with the complete scenario tree.

Shuai Liu



Samenvatting

Modellering en Robuuste en Gedistribueerde Regeling voor
Snelwegnetwerken

Verkeersmodellen zijn cruciaal voor modelgebaseerde voorspellende regeling (in het
Engels: Model Predictive Control (MPC)) in verkeersnetwerken: zij worden gebruikt als
voorspellende modellen om de optimale regelacties te bepalen. Om de rekencomplexiteit
van MPC voor verkeersnetwerken te reduceren worden vaak macroscopische in plaats van
microscopische modellen gebruikt. Deze macroscopische verkeersmodellen kunnen
worden opgedeeld in homogene, eenklassige modellen en heterogene, meerklassige
modellen. In het algemeen zijn meerklassige modellen nauwkeuriger dan eenklassige
modellen, zonder dat zij significant meer rekencomplexiteit vereisen. Een nauwkeuriger
model in MPC betekent in het algemeen een betere voorspelling van het te regelen systeem:
de regelaar krijgt dan immers meer nauwkeurige informatie om regelacties te bepalen.
Daarom is het ontwikkelen en gebruiken van meerklassige modellen een van de methodes
om MPC-regelaars effectiever te laten functioneren. Naast de bovengenoemde
eigenschappen van verkeersmodellen spelen andere factoren, zoals onzekerheden in
externe ingangen en modelparameters, een rol in de nauwkeurigheid van de
voorspellingen. Daarom bestaat een andere methode om de effectiviteit van MPC te
verhogen erin de gevolgen van deze onzekerheden mee te nemen en robuuste
MPC-methodes te ontwikkelen die met deze onzekerheden om kunnen gaan. Naast het
verbeteren van de effectiviteit van MPC moet MPC ook geschikt gemaakt worden voor
grootschalige verkeersnetwerken, dit vanwege de snelle toename van de rekencomplexiteit
door de groei van de omvang van het aan te sturen systeem. Voor grote systemen wordt
vaak overwogen gebruik te maken van gedistribueerde MPC (in het Engels: Distributed
Model Predictive Control (DMPC)), omdat dat de regelaanpak qua rekentijd beheersbaar
maakt. Daarnaast kan voor het garanderen van zowel haalbaarheid als robuustheid
robuuste DMPC worden ontwikkeld. Vanuit deze overwegingen worden in dit proefschrift
de volgende drie onderwerpen behandeld:

* het uitbreiden van diverse meerklassige macroscopische verkeersstroom- en
verkeersuitstootmodellen,

* het voorstellen van een scenario-gebaseerde, verschuivende-horizon,
geparametriseerde regelmethode,

* het ontwikkelen van een scenario-gebaseerde DMPC-methode met zowel algemene
onzekerheden als plaatselijke onzekerheden.
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Wij stellen ten eerste nieuwe meerklassige macroscopische verkeersmodellen voor
waaronder een nieuw meerklassig METANET-model en twee meerklassige
uitstootmodellen, nl. meerklassig VI-macro en meerklassig VERSIT+. Om de vergelijking
met het nieuwe meerklassige METANET-model mogelijk te maken, breiden we ook het
eerste-orde  meerklassige verkeerstroommodel FASTLANE wuit met variabele
snelheidslimieten en toeritdosering. Deze nieuwe meerklassige macroscopische
verkeersstroom- en uitstootmodellen worden gebruikt als voorspellingsmodel in MPC voor
snelwegnetwerken. Daarnaast worden eindpunttermen toegevoegd aan de doelfunctie om
rekening te houden met het gedrag van de verkeersstromen na de voorspeltijd. We laten
met behulp van numerieke experimenten zien dat het meerklassige METANET-model
gecombineerd met de uitgebreide uitstootmodellen de tijd die voertuigen in het netwerk
doorbrengen en de totale uitstoot op een evenwichtige manier kunnen verminderen in
vergelijking met de niet-geregelde situatie. Ook laten de experimenten zien dat het nieuwe
meerklassige METANET-model de dynamiek van de maximale wachtrijlengte beter aankan
dan FASTLANE, hoewel beide gebaseerd zijn op hetzelfde wachtrijmodel. Verder tonen de
experimenten aan dat het toevoegen van eindpunttermen de prestaties van MPC met het
nieuwe meerklassige METANET-model verder kan verbeteren, dit in tegenstelling tot
methodes die met FASTLANE werken.

Verder stellen we een scenario-gebaseerde, verschuivende-horizon, geparametriseerde
regelmethode (in het Engels: Receding Horizon Parameterized Control (RHPC)) voor. Voor
deze methode maken we gebruik van een scenario-gebaseerde benadering om het robuuste
regelprobleem aan te pakken. Het slechtste geval van de beschouwde scenario’s wordt nu
geoptimaliseerd in een min-max kader. In tegensteling tot MPC worden in RHPC alleen de
parameters van de regelwetten geoptimaliseerd en niet alle regelingangen. Daardoor kan
het aantal variabelen in het optimalisatieprobleem worden verminderd ten opzichte van
conventionele MPC, wat de rekentijd verkort. Diverse RHPC-wetten worden ontworpen op
basis van meerklassige verkeersstroommodellen. Door middel van simulatie-experimenten
tonen we aan dat nominale RHPC-methodes, die onzekerheden negeren, kunnen leiden tot
schending van de randvoorwaarden voor de wachtrijlengte, en dat scenario-gebaseerde
RHPC het best functioneert en in staat is om de regelkwaliteit te verbeteren zonder de
randvoorwaarde voor de wachtrijlengte te schenden.

Ten slotte ontwerpen we een scenario-gebaseerde DMPC-methode met aparte
algemene onzekerheden en plaatselijke onzekerheden. Twee soorten onzekerheden voor
grootschalige verkeersnetwerken bestaande uit verscheidene subnetwerken kunnen
worden onderscheiden: algemene onzekerheden voor het hele netwerk en plaatselijke
onzekerheden voor de individuele subnetwerken. We nemen aan dat al deze onzekerheden
kunnen worden beschreven door eindige verzamelingen scenario’s. Daardoor kan een
boom die gebaseerd is op de betreffende onzekerheden, worden gebouwd. Een intuitieve
manier waarop de plaatselijke scenario’s voor diverse subnetwerken kunnen worden
onderscheiden, is door alle combinaties van de plaatselijke scenario’s te beschouwen
(d.w.z. door een complete scenarioboom op te stellen). De rekentijd in dit geval zal echter
zeer lang zijn. Daarom stellen we voor om een gereduceerde scenarioboom op te stellen
voor het combineren van plaatselijke scenario’s voor diverse subnetwerken, waarin de
verbindende uitgangen van een subnetwerk gecombineerd worden voor alle plaatselijke
scenario’s voor dat subnetwerk. Verder worden twee varianten voor de nieuwe aanpak
beschouwd, nl. een verwachte-waarde variant en een min-max variant. De numerieke
experimenten tonen aan dat de nieuwe scenario-gebaseerde DMPC-methode, die gebruik
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maakt van de gereduceerde scenarioboom, effectief de regelkwaliteit verbetert en ondanks
de aanwezigheid van onzekerheden tegelijkertijd voldoet aan de randvoorwaarden, met
een relatief lage rekentijd in vergelijking tot de methode gebaseerd op de complete
scenarioboom.

Shuai Liu






Curriculum Vitae

Shuai Liu was born in September 1988, Zhoukou, Henan Province,
China. In 2009, she received the B.Sc degree from College
of Aerospace Science and Engineering in National University of
Defense Technology, China. Afterwards, she became a master
student in the same college of the same university. In 2011,
she obtained the M.Sc degree of Aeronautical and Astronautical
Science and Technology.

In December 2011, she got a scholarship from the China
Scholarship Council and became a Ph.D candidate at the Delft

Center for Systems and Control, Delft University of Technology, the Netherlands. Under the
supervision of Prof. Bart De Schutter and Prof. Hans Hellendoorn, in her Ph.D project she
worked on multi-class macroscopic traffic flow and emission models, scenario-based model
predictive control, and scenario-based distributed model predictive control for freeway

networks.

155






TRAIL Thesis Series

The following list contains the most recent dissertations in the TRAIL Thesis Series. For a
complete overview of more than 150 titles see the TRAIL website: www.rsTRAIL.nl.

The TRAIL Thesis Series is a series of the Netherlands TRAIL Research School on transport,
infrastructure and logistics.

Liu, S., Modeling, Robust and Distributed Model Predictive Control for Freeway Networks,
T2016/7, May 2016, TRAIL Thesis Series, the Netherlands

Calvert, S. C., Stochastic Macroscopic Analysis and Modelling for Traffic Management,
T2016/6, May 2016, TRAIL Thesis Series, the Netherlands

Sparing, D., Reliable Timetable Design for Railways and Connecting Public Transport Services,
T2016/5, May 2016, TRAIL Thesis Series, the Netherlands

Rasouli, S., Uncertainty in Modeling Activity-Travel Demand in Complex Urban Systems,
T2016/4, March 2016, TRAIL Thesis Series, the Netherlands

Vries, J. de, Behavioral Operations in Logistics, T2016/3, February 2016, TRAIL Thesis Series,
the Netherlands

Goni-Ros, B., Traffic Flow at Sags: Theory, Modeling and Control, T2016/2, March 2016,
TRAIL Thesis Series, the Netherlands

Khademi, E., Effects of Pricing Strategies on Dynamic Repertoires of Activity-Travel Behaviour,
T2016/1, February 2016, TRAIL Thesis Series, the Netherlands

Cong, Z., Efficient Optimization Methods for Freeway Management and Control, T2015/17,
November 2015, TRAIL Thesis Series, the Netherlands

Kersbergen, B., Modeling and Control of Switching Max-Plus-Linear Systems: Rescheduling
of railway traffic and changing gaits in legged locomotion, T2015/16, October 2015, TRAIL
Thesis Series, the Netherlands

Brands, T., Multi-Objective Optimisation of Multimodal Passenger Transportation Networks,
T2015/15, October 2015, TRAIL Thesis Series, the Netherlands

Ardig, Ozgiil, Road Pricing Policy Process: The interplay between policy actors, the media and
public, T2015/14, September 2015, TRAIL Thesis Series, the Netherlands

Xin, J., Control and Coordination for Automated Container Terminals, T2015/13, September

157



158 TRAIL Thesis Series

2015, TRAIL Thesis Series, the Netherlands

Anand, N., An Agent Based Modelling Approach for Multi-Stakeholder Analysis of City
Logistics Solutions, T2015/12, September 2015, TRAIL Thesis Series, the Netherlands

Hurk, E. van der, Passengers, Information, and Disruptions, T2015/11, June 2015, TRAIL
Thesis Series, the Netherlands

Davydenko, 1., Logistics Chains in Freight Transport Modelling, T2015/10, May 2015, TRAIL
Thesis Series, the Netherlands

Schakel, W., Development, Simulation and Evaluation of In-car Advice on Headway, Speed
and Lane, T2015/9, May 2015, TRAIL Thesis Series, the Netherlands

Dorsser, J. C. M. van, Very Long Term Development of the Dutch Inland Waterway Transport
System: Policy analysis, transport projections, shipping scenarios, and a new perspective on
economic growth and future discounting, T2015/8, May 2015, TRAIL Thesis Series, the
Netherlands

Hajiahmadi, M., Optimal and Robust Switching Control Strategies: Theory, and applications
in traffic management, T2015/7, April 2015, TRAIL Thesis Series, the Netherlands

Wang, Y., On-line Distributed Prediction and Control for a Large-scale Traffic Network,
T2015/6, March 2015, TRAIL Thesis Series, the Netherlands

Vreeswijk, J. D., The Dynamics of User Perception, Decision Making and Route Choice,
T2015/5, February 2015, TRAIL Thesis Series, the Netherlands

Lu, R., The Effects of Information and Communication Technologies on Accessibility, T2015/4,
February 2015, TRAIL Thesis Series, the Netherlands

Ramos, G. de, Dynamic Route Choice Modelling of the Effects of Travel Information using RP
Data, T2015/3, February 2015, TRAIL Thesis Series, the Netherlands

Sierzchula, W. S., Development and Early Adoption of Electric Vehicles: Understanding the
tempest, T2015/2, January 2015, TRAIL Thesis Series, the Netherlands

Vianen, T. van, Simulation-integrated Design of Dry Bulk Terminals, T2015/1, January 2015,
TRAIL Thesis Series, the Netherlands

Risto, M., Cooperative In-Vehicle Advice: A study into drivers’ ability and willingness to follow
tactical driver advice, T2014/10, December 2014, TRAIL Thesis Series, the Netherlands

Djukic, T., Dynamic OD Demand Estimation and Prediction for Dynamic Traffic
Management, T2014/9, November 2014, TRAIL Thesis Series, the Netherlands

Chen, C., Task Complexity and Time Pressure: Impacts on activity-travel choices, T2014/8,
November 2014, TRAIL Thesis Series, the Netherlands

Wang, Y., Optimal Trajectory Planning and Train Scheduling for Railway Systems, T2014/7,
November 2014, TRAIL Thesis Series, the Netherlands

Wang, M., Generic Model Predictive Control Framework for Advanced Driver Assistance
Systems, T2014/6, October 2014, TRAIL Thesis Series, the Netherlands



