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a b s t r a c t
Pricing is considered an effective management policy to reduce trafﬁc congestion in transportation networks. In this paper we combine a macroscopic model of trafﬁc congestion in
urban networks with an agent-based simulator to study congestion pricing schemes. The
macroscopic model, which has been tested with real data in previous studies, represents
an accurate and robust approach to model the dynamics of congestion. The agent-based
simulator can reproduce the complexity of travel behavior in terms of travelers’ choices
and heterogeneity. This integrated approach is superior to traditional pricing schemes.
On one hand, trafﬁc simulators (including car-following, lane-changing and route choice
models) consider travel behavior, i.e. departure time choice, inelastic to the level of congestion. On the other hand, most congestion pricing models utilize supply models insensitive
to demand ﬂuctuations and non-stationary conditions. This is not consistent with the
physics of trafﬁc and the dynamics of congestion. Furthermore, works that integrate the
above features in pricing models are assuming deterministic and homogeneous population
characteristics. In this paper, we ﬁrst demonstrate by case studies in Zurich urban road network, that the output of a agent-based simulator is consistent with the physics of trafﬁc
ﬂow dynamics, as deﬁned by a Macroscopic Fundamental Diagram (MFD). We then
develop and apply a dynamic cordon-based congestion pricing scheme, in which tolls
are controlled by an MFD. And we investigate the effectiveness of the proposed pricing
scheme. Results show that by applying such a congestion pricing, (i) the savings of travel
time at both aggregated and disaggregated level outweigh the costs of tolling, (ii) the congestion inside the cordon area is eased while no extra congestion is generated in the neighbor area outside the cordon, (iii) tolling has stronger impact on leisure-related activities
than on work-related activities, as fewer agents who perform work-related activities changed their time plans. Future work can apply the same methodology to other network-based
pricing schemes, such as area-based or distance-traveled-based pricing. Equity issues can
be investigated more carefully, if provided with data such as income of agents. Value-oftime-dependent pricing schemes then can also be determined.
Ó 2012 Elsevier Ltd. All rights reserved.

1. Introduction
To alleviate trafﬁc congestion in cities, congestion pricing has been proposed by researchers and policy makers as an
effective trafﬁc management policy, with direct applications to cities, e.g. London, Singapore and Stockholm. The intention
of pricing is to change travelers’ behavior choice, such as departure time, route or mode choice and to reduce congestion by
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charging users for the external costs they create. A comprehensive literature summary of congestion pricing models can be
found in Yang and Huang (2005). The theoretical background of pricing has relied on the fundamental concept, ﬁrst introduced by Pigou (1920) and followed by Vickrey (1963) and other researchers: if on each link of a network a toll is charged,
which equals to the additional congestion cost imposed on other users by an extra traveler, the sum of consumer surplus and
total revenue is maximized. In the trafﬁc assignment literature tolls of this type belong to the ﬁrst-best pricing and have been
proposed to drive a user equilibrium pattern (Wardrop, 1952) towards a system optimum. Despite their idealized theoretical
basis, ﬁrst-best pricing models have been impractical and difﬁcult to implement. Merchand (1968) investigated second-best
tolls using a general equilibrium model. According to the second-best pricing models, e.g. Arnott et al. (1990), Small and Yan
(2001), Verhoef (2002), tolls are charged in a subset of selected links where the bottlenecks are. Demand pattern changes, e.g.
departure time choice or mode choice, as the ‘‘utility’’ of travelers changes for a given toll. For example, in Vickrey’s model
(1969) a traveler experiences a utility cost of waiting in the queue and a penalty, ‘‘schedule delay’’, which is the difference
between the actual time passing the destination and the desired time; accordingly. The traveler may adjust his departure
time to avoid high schedule delay. Equilibrium is obtained when no individual has an incentive to alter his departure time.
Arnott et al. (1988) extended the schedule delay concept with heterogeneous travelers, however applied at a single bottleneck only and without pricing. The common inadequacies of the existing models include: (i) user heterogeneity is not well
dealt with, e.g. ‘‘utility’’ is identical for all travelers, while in reality utilities varies in trip purpose, desired arrival time, willingness to pay, etc., (ii) demand elasticity is limited to departure time and route choice where in reality mode choice and
travel or not travel are also important components and (iii) Pigouvian-type tolls assume a network supply curve (desired
or input demand vs. average travel cost) which is not consistent with the physics of trafﬁc (Geroliminis and Levinson, 2009).
The second issue of pricing is that charging individual links is difﬁcult to implement. Instead, pricing schemes of aggregated
links and networks have been developed and applied in different cities (Zhang et al., 2008). Recently, Maruyama and Sumalee
(2007) compared the performance of cordon- and area-road pricing schemes regarding their efﬁciency and equity. Anderson
and Mohring (1997) examined congestion on the Twin Cities road network having drivers face marginal rather than average
costs to reﬂect optimal prices using a user equilibrium assignment for a single period. Yang and Huang (1998) examined the
principle of marginal-cost pricing in a road network. The basic ambiguity in most of these models is that trafﬁc conditions are
considered stationary. Furthermore, the traditional network supply curve for congestion pricing modeling, relating input demand to average travel cost, is not consistent with the physics of trafﬁc. This is because (Geroliminis and Levinson, 2009) for a
given desired demand over a period of time, the total cost expressed in delay terms (i) is sensitive, during congested conditions,
to small variations of ﬂow within the given period and (ii) depends on the initial state of the system and the level of congestion.
On the other hand, it has been broadly shown through simulation and ﬁeld experiments (e.g., Munoz and Daganzo, 2003; Helbing et al., 2009; Geroliminis and Daganzo, 2008) that the linkage between pertinent variables ﬂow, speed and density on a
spatially disaggregated level (one link) is very scattered and does not follow a well-deﬁned curve. One of the reasons is that
trafﬁc systems are not in steady-state conditions at a link level. Thus, the estimated congestion toll based on idealized versions
of these curves may not be optimal and the system may be either still congested if under-priced or very uncongested if overpriced. According to the same research, a Macroscopic Fundamental Diagram (MFD) model can better capture trafﬁc behavior
on an aggregated level, say an urban network, without the detailed knowledge of conditions in individual links. It was recently
observed from empirical data that by spatially aggregating the highly scattered plots of ﬂow vs. density from individual loop
detectors in networks (roughly) homogeneously loaded with trafﬁc, the scatter almost disappeared and a well-deﬁned Macroscopic Fundamental Diagram exists between space-mean ﬂow and density. The homogeneity of trafﬁc conditions assumed
in each aggregated network is also consistent with the homogeneity that applies to ﬂow and density when dealing with road
congestion in urban economic models (Small and Chu, 2003; Arnott, 2007; Arnott and Inci, 2010).
Recently, Geroliminis and Levinson (2009) combined Vickrey’s theory with a macroscopic trafﬁc model to identify the
equilibrium solution for a congested network in the no-toll case. A dynamic model of cordon-based congestion pricing (such
as for the morning commute) for networks was also developed consistent with the physics of trafﬁc. In comparison to the
bottleneck model, in the network case the optimal length of the toll period was found to be smaller than the congestion period in the no-toll case and the total delay savings to be higher than the total toll paid. The above work assumes deterministic
and homogeneous population characteristics. This might result in non-optimal estimated tolls. Agent-based models are possible solutions for representing demand elasticity and heterogeneity. This is because (i) activity-based demand generation is
utilized. Change in travel cost does not only inﬂuence travel behaviors of an agent but also his daily plan, which is a more
realistic and accurate representation, (ii) agents have different value of utilities when they perform different activities, which
introduce heterogeneity among agents, (iii) one agent’s behavior affects other agents’ decisions (Zhang et al., 2008) and (iv)
lots of efforts have been made on realizing individual heterogeneity, e.g. different value-of-times and schedule-delays to
agents. If the output of an agent-based model shows the property of the MFD, we can develop a dynamic network-wide congestion pricing schemes controlled by a macroscopic tool. This approach is more robust since tolls are determined based on
trafﬁc ﬂow dynamics, rather than the traditional models based on demand–supply curves and marginal cost, which are sensitive to demand ﬂuctuations and non-stationary conditions.
Empirical and simulation studies have been carried out to test and evaluate the effectiveness of different congestion pricing schemes at network level. For example Seik (2000) investigated the advantages of Singapore’s Electronic Road Pricing, in
term of efﬁciency, ﬂexibility, equity, practical convenience, reliability, etc. De Palma et al. (2005) investigated the welfare
gains and the resulting behavioral changes (such as departure time shift) of ﬁrst-/second-best pricing schemes in METROP-
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OLIS by using cost-beneﬁt analysis. Similar analysis can also be found in May and Mline (2000), de Palma and Lindsey (2006),
etc. In this paper, we will carry out similar evaluations for testing the effectiveness of our approach.
Based on the discussion above, to test the effectiveness of different congestion pricing schemes such as cordon- or areabased pricing, one could (if the output of an agent-based model is able to represent collective trafﬁc behavior as expressed by
the MFD) utilize this macroscopic description to develop a congestion pricing scheme in the agent-based model. Advantages
of using this macroscopic tool also lie in that it has lower collection and transaction costs than link-based or area-based tolling and is based on trafﬁc models that are readily observable with existing monitoring technologies. Therefore, the objectives
of this research are: (i) to investigate the existence of the MFD in an agent-based simulator, (ii) to develop and apply an MFDcontrolled cordon-based pricing, (iii) to examine the effectiveness of the proposed pricing scheme and how trips with different purposes are affected. In our study, the utilized agent-based simulator is MATSim (www.matsim.org), a state-ofthe-art multi-agents based simulator which was developed jointly by ETH Zurich and TU Berlin.
The rest of this paper is structured as follows: we describe the basic principles of the agent-based simulator in Section 2,
while the main features of the MFD model are presented in Section 3. In Section 4 we explain the algorithm of an MFD controlled dynamic cordon-based pricing and we analyze how the necessary variables can be estimated from MATSim. Results of
case studies are given in Section 5, where the existence of MFD and the effectiveness of the proposed pricing scheme are
shown. In the ﬁnal section we draw conclusions and point out future work.

2. Multi-agent based trafﬁc simulator
We now introduce some basic concepts of the agent-based trafﬁc simulation model MATSim, which has been widely applied for transport and land use studies, e.g. Axhausen (2008), Löchl and Axhausen (2010) and Davidsson et al. (2005), and
travel behavior modeling, e.g. Waraich et al. (2009a), Vertic et al. (2010) and Nagel and Flötteröd (2009). The simulator integrates activity-based demand generation with dynamic trafﬁc assignment. Activity-based demand generation (ABDG) models generate daily activities in sequence and trips connecting these activities for every ‘‘agent’’ in the network. Demand
generation thus is embedded in a concept of daily activity demand from which the need for transport is derived. Random
utility theory is used to generate plans of daily activities. Each agent is assigned with different utility functions when performing different activities therefore behavioral differences among the agents are realized. Besides, in the context of ABDG,
the entire activity plan (mode choice, departure time choice and the activity sequence) is the unit of decision to iterate route
assignments. These are superior to traditional demand generation models. The simulation structure of the system can be
summarized as follows (Meister et al., 2010): for every agent, one initial activity plan is given. Input data such as population
and land use data, as well as network data are processed to generate this initial demand. Each agent initially has only one
plan. The selected activity plans are simulated along the timeline in the model representation of the physical world: (i) of
loading the agent on the network link at which the previous activity is located at a given departure time, (ii) of moving
the agent along a given route through the network, where it interacts with other agents under way, and (iii) unloading
the agent from the network at the link of the destination activity. Different from a variety of models for the simulation of
car trafﬁc with discrete entities, including car-following models and lane-changing models, the approximation of trafﬁc in
MATSim is fulﬁlled as the following: each road segment is modeled as a First In First Out queue, with a minimum service
time of the length of the road segment divided by the maximum travel speed. The maximum number of vehicles that a queue
can discharge equals the road capacity, depending on the number of lanes, etc. The capacity is thus a predetermined value, as
opposed to models with ﬂow dynamics where the actual maximum outﬂow is inﬂuenced by the number of accumulated
vehicles (density) and their interactions. The only concept related to ﬂow dynamics integrated into the queuing simulation
is a shockwave between vehicles traveling backwards at constant speed in the case of trafﬁc jam discharge, bringing in some
notion of kinematic waves represented in their full scale in macroscopic trafﬁc models. In order to compare activity plans,
they are evaluated with a measure of general utility, called score, including utilities for activities and penalties for undesired
manners. The related scoring function describes the agent’s preferences. The score of a daily activity plan Uplan is given by a
utility equation, the detail of which can be found in Meister et al. (2010). Given the score, a replanning strategy is selected by
probability such as change of mode choice and another plan is created and then executed; or agents just decides which plan
to select from its existing memory for the next execution according to a Logit-type probability. This iteration cycle is stopped
after the properties of the system fulﬁll a stopping criterion. Conceptually, the system has to run until the agents cannot signiﬁcantly improve the score of the executed plans and when the agent-based stochastic user equilibrium is reached. The
simulation process can be brieﬂy summarized by Fig. 1. In order to decide, if the ‘‘equilibrium’’ has been reached, the best,
average, executed and worst plan of all agents are compared after each iteration. As the scores of these plans converge and

Fig. 1. Co-evolutionary simulation process of MATSim (Waraich et al., 2009b).
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the improvements of the score between iterations decrease, the simulation is stopped. The execution time of such a
simulation can take from hours to days for real-word scenarios depending on the population size and network trafﬁc resolution (Waraich et al., 2009b).
3. The Macroscopic Fundamental Diagram
The idea of an MFD with an optimum accumulation belongs to Godfrey (1969) but the veriﬁcation of its existence with dynamic features is recent (Geroliminis and Daganzo, 2007, 2008). These papers showed, using a micro-simulation and a ﬁeld
experiment, (i) that some urban regions approximately exhibit a ‘‘Macroscopic Fundamental Diagram’’ (MFD) relating the number of vehicles to space-mean ﬂow of the region, (ii) there is a robust linear relation between the regions average ﬂow and the
rate with which vehicles reach their destinations (outﬂow) and (iii) the shape of the MFD is a property of the network itself
(infrastructure and control) and not very sensitive to different demand patterns. Property (i) is important for modeling purposes
as details in individual links are not needed to describe the congestion level of cities and its dynamics. Even though the ﬂowdensity plots for individual links exhibit considerable scatter, the scatter nearly disappears once individual loop detector data
are spatially aggregated, and points lie along a well-deﬁned curve. It can also be utilized to introduce simple control strategies to
improve mobility in homogeneous city centers (see e.g. Daganzo, 2007; Geroliminis and Daganzo, 2007). The main logic of the
strategies is that they try to decrease the inﬂow in regions with points in the decreasing part of an MFD. Property (ii) is important
for monitoring purposes as ﬂow can be easily observed with different types of sensors while outﬂow is more difﬁcult. Property
(iii) is important for control purposes as efﬁcient active trafﬁc management schemes can be developed without a detailed
knowledge of O–D tables. For a review of other works related to MFD the reader could refer to Geroliminis and Sun (2011a).
Mathematically speaking, consider a region of a city, which trafﬁc state is described by properties mentioned in the previous paragraph. Then the state of the system, n(t), is governed by the mass conservation equation: dn
¼ I0 ðtÞ  GðnðtÞÞ, where
dt
n is the number of the vehicles in a road network, I0 (t) is the inﬂow to the network at time t, and G is the MFD as expressed by
the total outﬂow from the system as a function of n. This equation simply explains that trafﬁc systems are dynamic and to
estimate the state of the system at time t, the knowledge of the input ﬂow is not sufﬁcient, but boundary conditions are
needed, i.e. the state of the system at a prior time t’. Thus, a trafﬁc model that estimates the average travel time based on
a speciﬁc demand–cost curve ignores not only variations in the demand, but more importantly that this travel time will
be different if the initial state of the system is in different trafﬁc regimes.
Three trafﬁc regimes can be observed for a unimodal-shape MFD, which are in conceptual agreement with the same regimes in the link fundamental diagram (lFD). For notation purposes, let’s deﬁne I, II and III the MFD regimes and i, ii and iii
the lFD regimes. Regime I represents under-saturated states where most of the links are in regime i of the lFD, i.e. queues are
transient and the total number of vehicles served is smaller than the maximum possible. Regime II represents saturated
states. Most of the links are in regime ii and ﬁlled part way with permanent queues and many trafﬁc signals operate at capacity. There is a limit to vehicle accumulation corresponding to queues that ﬁll the links. In regime ii, travel production (as
expressed by vehicle–kilometers travelled per time unit) is approximately constant, but never larger than the quantity
P
L  g  s, where L is the link length, g is the duration of green phase and s the saturation ﬂow of the signal of an intersection.
Furthermore, the critical density is achieved during Regime II. The critical density is the density at which maximum outﬂow
(or network capacity) is achieved and this is usually the objective for a successful trafﬁc management strategy. In Regime III
ﬂow decreases with accumulation, corresponding to oversaturated states of the network and long queues or spillbacks are
observed in many links, which results in states of regime iii for the lFD. These states cannot arise by increasing the input ﬂow,
but a restriction from downstream is necessary, for example if queues from downstream links block the departures during
the green phase. Regime III consists of states where queues ﬁll many links, vehicles are stopped or moving at less than saturation ﬂows because of spillbacks. Congestion would be unevenly distributed over the network if states of individual link in
regimes i and iii occurred simultaneously. This would create points beneath the curve, as we will show later. Nevertheless, to
have a well-deﬁned MFD, it does not mean that for the individual links should all belong in the same regime, as this is unrealistic. For a more detailed description of the distribution of link density of for low scatter MFDs, the reader can refer to Geroliminis and Sun (2011b). An example of the three regimes will be illustrated later.
As pointed out in Section 2, the agent-based simulator does not focus on modeling detailed disaggregated characteristics
of trafﬁc, like car-following, queue dynamics, etc. This is the main motivation for us to carry out the investigation to see if its
outputs are consistent with the physics of trafﬁc at an aggregated level, as expressed by a MFD. Apart from investigating the
MFD, we also need to examine if spillback phenomena can be observed since this is the key reason of the existence of capacity decrease. It is known that a model with point queues (where vehicles take zero space), will produce a much slower (or
non-existent) decreasing part of MFD (Regime III).
4. Methodology
4.1. Development of an MFD-controlled cordon pricing scheme
Assuming that the MFD and other trafﬁc phenomena are well produced in the agent-based model, we would like to develop a macroscopic pricing scheme controlled by MFD. The idea, instead of using the traditional demand-supply curve, is to
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determine a toll so that the targeted network operates at its saturated (maximum throughput) level or slightly less. These
two levels correspond to the right hand side of Regime I and Regime II described in Section 3. In other words, once MFD trafﬁc state drops to Regime III at time t and the trafﬁc density of the network Kt exceeds the critical density Kcr, we apply a toll
to shift agents’ departure time in such a way so that the network state remains to Regimes I and II. Nevertheless, the center of
a city experiences higher level of congestion than the periphery, so pricing should be applied in a smaller cordon for equity
issues. The algorithmic steps of determining when, where and how a toll should be charged is the following:
(i) Deﬁne the initial pricing: cordon area, duration of tolling, amount of toll.
(ii) Obtain travel plans of agents including departure, mode, route choice, etc. and execute the plan and the trafﬁc in MATSim until the agent-based equilibrium is achieved (After each iteration agents update their travel plans, the equilibrium will be achieved after 40–50 iterations.).
(iii) Obtain the resulting trafﬁc performance and identify the duration of congested states by the MFD. Congested state is
deﬁned when network density Kt of the cordon area exceeds the critical network density Kcr, as illustrated by Fig. 2a.
(iv) Obtain the average network density of the congested states K t , which is the average of all the Kt in the congested
states.
(v) Apply a proportional controller to update the toll by Eq. (1).
(vi) Start a new simulation and apply the updated toll in (v). Follow again from step (ii). This process will be repeated until
there is no congested-states observed on the resulting MFD, as illustrated by Fig. 2b.

Tolli ¼ maxð0; Tolli1 þ cðK t  K cr ÞÞ

ð1Þ

The proportional controller is a classic linear feedback control strategy. It is known in control theory that dynamical systems with well-deﬁned properties (e.g. small errors in the state description) can be stabilized with a feedback strategy to a
desired state by choosing an appropriate value of parameter c in Eq. (1). Detailed information on proportional controllers can
be found in Ogata (2001). Basically the controller states that if Kt exceeds Kcr, an additional toll is charged and its value is
proportional to the difference between Kt and Kcr. For practical consideration, time index t here refers to morning and evening peak and two different tolls are estimated accordingly. Parameter c is the constant proportion, which inﬂuences the rate
of achieving the optimal toll. Kcr is a constant as well and estimated from the MFD directly, recalling that Kcr is a property of
the network. These types of controllers have been widely-applied in freeway trafﬁc ﬂow management, e.g. the well-known
ramp-metering algorithm ALINEA (Papageorgiou et al., 1991) utilizes it as the core control law to control ﬂow entering from
on-ramp to main freeway. Stability analysis has shown the global convergence of this law: For all choices of controller
parameters the strategy preserves closed-loop stability and forces the actual Kt to reach the desired one (Kosmatopoulos
and Papageorgiou, 2003).
The choice of the value of Kcr in Eq. (1) can be a policy decision. Some might argue that if Kcr belongs in Regime I the toll is
very strict and over-charging might occur, as the system operates in a state less than its capacity. Nevertheless, this does not
necessarily indicate over-charging, unless the total toll paid outweigh the total travel time savings. The reason is that the
length of the toll period is shorter than the length of the congestion period without toll. This is because the network capacity,
as expressed by the MFD, decreases for high values of network density and the system is not operating at the maximum network ﬂow during congestion (this is not the case in the classical bottleneck problem of morning commute (Vickrey, 1969),
where toll period is equal to the congestion period). Nevertheless, the system operator can choose the desired toll in a way to
maximize the network ﬂow and as a result to transfer the highest possible number of users. The value of toll which results in
points in the MFD just without Regime III can be set as the lower bound, while the one which results the total toll paid just
equal to total travel time savings can be set as the upper bound in order to avoid over-charging. This higher toll will push the
system to operate at a smaller than the maximum outﬂow during the toll period, but with higher average speed and some
potential savings in travel delay. This also implies that we should use a smaller value for Kcr in Eq. (1). For example, state for
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Fig. 2. An illustration of the MFD, density of network accumulated vehicles Kt vs. network outﬂow, critical density Kcr identiﬁed, congested states identiﬁed.
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Kcr = 20 veh/km in Fig. 2 is a more reliable and less equitable state, because the average speed is higher (and more likely to be
stable), but the system operates at a network outﬂow below the maximum. Thus, fewer people (presumably those with a
higher value of time) pay the toll and travel in the rush hour. State for Kcr = 35 veh/km is more equitable (with a higher ﬂow)
but has a slower speed, so the total welfare may be smaller depending on the distribution of the value of time within the
population. Also, state with smaller critical density is more reliable because given that users reaction in toll changes is
not part of the model, a toll may not be efﬁcient at all times, and allow the system to reach congested states with Kt > Kcr.
In which state of the MFD a city should operate is a policy decision. Also, note that the city operates in the part of MFD with
critical density. This means that most of the links during the peak hour operate in regime ii (capacity) and a few in regime i
and iii. During the same period without pricing most of the links were in regime iii. While the objectives of existing operational pricing strategies are similar, the MFD gives the quantitative tools to meet these objectives and identify the efﬁciency
and operability of a network.
4.2. Data derivation
To implement the macroscopic trafﬁc analysis, one needs to obtain the trafﬁc variables of space mean density (vehicle per
kilometer) Kt and trip completion rate (outﬂow) At of a network for certain time intervals. Kt is the number of vehicles in a
network, Nt, divided by the total length (lane–kilometers) of the network L at time t. Since the number of vehicles on one link
equals to ki  Li, Kt actually is a weighted space mean density and therefore reasonably reﬂects trafﬁc states at an aggregated
level. Trip completion rate (outﬂow) At is simply the sum of the number of ﬁnished trips ai reaching destination at link i for
the whole network. See Eq. (2).

Kt ¼

P
Nt ð I ðki  li  ni ÞÞ
¼ P
ð I ðli  ni ÞÞ
L

ki ¼

ei  qi
;
li  ni

At ¼

X
ai ;

ð2Þ

I

where i e I denotes an individual link i in the network; qi is the number of vehicles leaving link i while ei is the number of
vehicles entering, ki is the trafﬁc density of link i, li is the length of link i and ni is the number of lanes of link i. As demonstrated by Geroliminis and Daganzo (2008) there is a linear relation between At and space mean ﬂow Qt which can be calculated as Kt in Eq. (2) by using qi instead of ki. Then, one will also see that an MFD exists between Qt and Kt. This can be
observed later in Fig. 3.
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Fig. 3. (a) The MFD for a 4.5 km radius area (note that the value of Y-axis here is ‘‘ﬂow’’ and different from the other ﬁgures) in Scenario 1; (b) the MFD of a
1 km radius area in Scenario 2; (c) the MFD of a 1 km radius area in Scenario 3.
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4.3. Network partitioning
One of the main characteristics for a well-deﬁned MFD is that the target network is homogeneously loaded and congestion is not unevenly distributed. For a big city with congestion heterogeneously distributed, Ji and Geroliminis (2011) developed an algorithm for partitioning the network into regions with well-deﬁned MFDs. The motivation is to facilitate effective
control for each region, as by aggregating congested and uncongested regions, the resulting MFD might exhibit high scatter
and cannot identify the problematic region. We apply the same idea here and utilize a simpler ﬁlter to ﬁnd a centered subnetwork where a cordon-based pricing can be easily implemented. To do this, we ﬁrst calculate the density of every individual link of the network. We examine the distribution of these densities and zoom in on the region where congestion exists
and the variance of link density (which is a proxy for heterogeneity) during peak periods is below a typical threshold.
5. Case studies and results
In this section, we investigate the applicability of the methodological framework with an agent-based simulation of Zurich urban road network and we present analyses for three different scenarios. Scenario 1 utilizes less population and a lower
demand level (Mohit, 2010), compared to the other two scenarios. The resulting trafﬁc condition is semi-congested. In Scenarios 2 and 3, higher demand is deployed (Meister et al., 2010), that caused signiﬁcant level of congestion and states in the
Regime III of the MFD. Since more agents are traveling the network, heavy congestion occurs in Scenarios 2 and 3 therefore
we are able to see if pricing can be an efﬁcient strategy to ameliorate the mobility in the network. To make congestion even
heavier, lower values of link capacities are applied in Scenario 3. In all the scenarios only 25% of the population (agents) is
used in the simulation. For a 100% population scenario, which has 7 million agents/day, one simulation run (40–50 iterations) requires a high performance computer 4 days to ﬁnish. While for a 25% population scenario it requires 1 day, including
the optimization of tolls. By comparing two runs with 25% and 100% agents, the macroscopic variables of the simulation have
almost identical values. For the sake of computational cost, we utilize the 25% population scenarios.
5.1. Investigation of trafﬁc phenomena in the agent-based model
Before implementing the cordon-pricing strategy of Section 4.1, we investigate if a Macroscopic Fundamental Diagram exists for the study site and how the agent based simulator can reproduce trafﬁc phenomena, like spillbacks and queue
propagation.
5.1.1. The Macroscopic Fundamental Diagram
Density, ﬂow and outﬂow are estimated according to Section 4.2 at 5 min resolution. For Scenario 1, The MFD for a
4.5 km-radius area of the center of city Zurich is shown in Fig. 3a. States in Regime I and in the beginning of Regime II
are observed, indicating that the network on a macroscopic level is not heavily congested. Even if we focus on the center
of the city that attracts most of the trips, the MFD obtained after ﬁltering the network to a 1.5 km area around the center
of the city does not contain more congested states. To observe a complete MFD with congested states, we look at Scenarios
2 and 3 where more agents are employed for simulations and consequently more trafﬁc is generated. The MFDs are shown in
Fig. 3b and c for the city center with a radius of 1 km (about 1000 links). We observe that (i) comparing to Scenario 1, Scenarios 2 and 3 have a complete Regime II in which network is operated at its capacity and (ii) congestion Regime III exists,
where with higher density of agents in the network, the number of agents, which reach their destinations decreases. Note
that the shape and scatter of the MFD is different in Fig. 3c. This is because in Scenario 3 smaller link capacities are utlized to
create additional congestion. Therefore the dynamics of trafﬁc are more complex and this results in higher scatter.
5.1.2. The fundamental diagram (FD) and spillback effects
We now provide a detailed investigation on how congestion propagates from one link to another. Flow rate qi and density
ki are calculated for each link i. We study if spillback effects are present and long queues can decrease the output of upstream
links. Fig. 4 shows the lFDs for four consecutive links along one of the arterial roads of Zurich in Scenario 1. The color1 of the
points in the ﬁgure indicates the corresponding link. Note that at a density of 40 veh/km, the ﬂow rate reaches its maximum and
remains the same value until a density of 150 veh/km. Then ﬂow decreases as density increases, indicating that congestion happens at the latter point. Secondly, we see that congestion spills back from downstream to upstream, as the links in green and
yellow operate in regime i and ii while the links upstream experience states in regime iii. These observations make clear that
queues are growing from downstream to upstream and blocking effects are present in the simulator. We also observe that
queues propagate from downstream to upstream, as congestion appears upstream at a later time. Note also that the individual
links fundamental diagrams exhibit higher scatter, especially in the congested regime.

1

For interpretation of color in Figs. 1–10, the reader is referred to the web version of this article.
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Fig. 4. An illustration of congestion propagation along consecutive links. Axis x is the density of the road and axis y is the ﬂow rates. Note that the scenario
utilized 25% of the population.

5.1.3. An explanation of scatter in the MFD
Now let us have a more careful look at Scenario 1 to provide an explanation for the scatter in the shape of its MFD. By
zooming in Fig. 3a, we observe hysteresis loops in the (At, Kt) trajectory. Similar phenomena have been observed by
Geroliminis and Sun (2011a,b) for freeway networks: higher network ﬂows are observed for the same average network
density in the onset and lower in the offset of congestion. This is because there are differences in the spatial distributions
of congestion, and the variance among link densities, for the same level of average network density for different times.
Fig. 5 shows a contour plot of link densities of all links in the network at three different times when the network holds
the same amount of vehicles. At each link location the density value is shown as the diameter of a circle. The chosen times
are 6h35, 9h15 and 11h40, correspondingly the highest point, the lowest point and the medium point in Fig. 3a. The time
points refer to the onset of the morning peak from 6h30 to 9h30, and the offset from 9h30 to 11h30. In the ﬁgure, the size
of the ‘‘bubble’’ is the value of density while X and Y axes are the coordinates of links. Note that trafﬁc is more uniformly
distributed at 6h35 than at 11h40, while at 9h15 densities are extremely high at some locations. The standard deviations
of link density are 24, 29 and 32 veh/km respectively, while ﬂow rates are 840 veh/h, 720 veh/h and 600 veh/h. In the next
section, we show that even if the MFDs of Fig. 3 exhibit some scatter, the cordon-pricing schemes can signiﬁcantly improve
the mobility patterns.

6h35
9h15
11h40

Fig. 5. Link density contour plots of the network at time 6h35, 9h15 and 11h40. Axis represent coordinates of links (x, y-axis represent coordinates).
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5.2. Analysis of pricing
5.2.1. A cordon-based pricing controlled by MFD
The analysis in the previous section shows that the results of MATSim are consistent with previous studies with trafﬁc
simulation data or ﬁeld experiments for MFDs. We now test the effectiveness of the MFD-based pricing scheme proposed
in Section 4.1. The data of Scenario 2 are used, which experiences heavy congestion and scatter. In this way, we expect to
provide a stricter test for the effectiveness/robustness of a cordon-based pricing scheme, given that our macroscopic approach is less accurate. The targeted cordon area is a circle of 1 km-radius, the area inside the red solid ring in Fig. 6. Agents
who cross the border of the area, the red line, will pay a toll. Before we apply any toll on the cordon, we run one simulation
until it achieves equilibrium. Network density over time is plotted in Fig. 7a, while the resulting MFD is plotted in Fig. 7b.
Given the ‘‘no pricing’’ curve in these two ﬁgures, the following information is calculated, which is an input to Equation 2:
the critical density Kcr (28 veh/km) and the periods for charging a toll (from 7:30 am to 9 am and from 4 pm to 8 pm).
To identify the optimal toll values, we apply the algorithm of Eq. (1). An initial toll of 1€ for the morning while 4€ for the
evening is applied in the ﬁrst trial. A value of 1 euro/density for the regulator parameter c is used. The optimal toll is achieved
after four updates: a 2€ toll is charged for the morning peak, while 10€ toll is charged between 18:30 and 19:30 and an 8€ is
charged for the rest part of the evening peak). We see in Fig. 7a that trafﬁc congestion drops as the amount of toll increases;
and in Fig. 7b, congestion states in Regime III disappear. Thus this aggregated approach for pricing, which does not consider
individual link behavior, produces the desired results to reduce congestion and identiﬁes the appropriate value of pricing
tolls to meet the desired mobility goals. Furthermore, we look at the same graphs for the area outside the charging zone
as deﬁned in Fig. 6 (1.5 km distance from the cordon line, concentric). The motivation is to check if the trafﬁc conditions
in the periphery become worse. Fig. 7c shows that the density of the neighbor area slightly increases. The explanation is
some agents who travelled through the cordon area now choose to detour within the neighbor area in order to avoid the
toll. But if we look at the MFD for this area, which is shown in Fig. 7d, the entire area is operating in Regime I and II. Trafﬁc
volumes on the links in the cordon area are illustrated in Fig. 8, in which red colors represent congested links and green color
uncongested or at capacity. By applying a toll, trafﬁc decreases during peak hours and travel conditions are improved. We
now provide a quantitative analysis to estimate delay savings after the implementation of tolls.
From an economic point of view, we look at travel time savings (as expressed by vehicle hours travelled) and total toll
costs. Total travel time savings are estimated as the reduced travel time of the cordon area minus the increased travel time
of the periphery. Results are summarized in Table 1. Considering the average value of travel time savings (VTTS) of the agents
is 15€/h (Axhausen et al. (2007)), the total savings in the study network are larger than the total toll paid, by an amount of
about 20%. Note that most congestion charging methodologies charge a toll equal to the delay cost, while in our case savings
are signiﬁcantly higher. This is a promising result at an aggregated level. Furthermore, we also investigate the savings at an
individual user level, which is calculated as travel time savings per km travelled per trip. We see that the effectiveness ratio
between travel savings per km travelled per trip inside cordon (positive) and outside cordon (negative) is 7, much higher
than the same ratio at the aggregated level (in veh-hours), which is around 1.5. This indicates that a low amount of additional
delay (0.13 min per km per trip) which generates almost no impact for the outside cordon, creates signiﬁcant savings inside
the cordon (almost 1 min per km per trip). Zhang and Levinson (2005) among the others argue that the value-of-time should
be a non-linear function of travel delay, i.e. the effect of a longer delay (in €/min) is much more signiﬁcant than the effect of a
short delay. Furthermore, comparing the Zurich results to the cordon pricing case of London, the improvement in travel time
savings in London is 0.7 min per km per agent (information from Transport for London, http://www.tﬂ.gov.uk), which shows
that our pricing scheme is more effective.

Fig. 6. The targeted cordon area (area insider the solid line) and the neighbor area (between the solid line and the dotted line), the city of Zurich.
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Fig. 7. For Cordon area (a) network density time series before and after ﬁnal pricing; (b) the MFDs before and after the ﬁnal update of pricing; for outside
Cordon (c) density time series before and after the ﬁnal update of pricing; (d) the MFDs before and after the ﬁnal update of pricing. The green bars indicate
toll period.

Fig. 8. Link trafﬁc volumes in the no-toll scenario (left) and the 4th-toll scenario (right) at 19 pm.

Table 1
Summary of the social of the proposed pricing.

Aggregated social gain

Disaggregated social
gain

TTT savings (in cordon)

TTT savings (Out cordon)

Effectiveness
ratio

6356 veh-h
Travel savings per km travelled per trip (in
cordon)
0.94 min

4541 veh h
Travel savings per km travelled per trip (out
cordon)
0.13 min

1.5
Effectiveness
ratio
7

5.2.2. Further investigation of behavioral shifts
In this part, we analyze the impact of pricing on shifting the time of departure of agent trips. One direct impact is that
agents change the time they pass the cordon line. Fig. 9 shows a time series of the ﬂow of agents crossing the cordon line
with and without pricing. It is clear that some amount of agents avoid passing the cordon line during the tolling-period,
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Fig. 9. Time series of the ﬂow of agents passing the cordon.
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Fig. 10. Time shift of WA (a) and NWA (b) in the no pricing and the ﬁnal pricing scenarios.

which is shown in green color. In the morning peak, agents tend to switch to later times while in the evening peak agents
change their crossing times in both sides of the toll period. We now see which type of agents and to what extent agents
change their behavior because of tolls.
In the current version of MATSim, two types of heterogeneity exist among agents: (i) a random error in the utility function
as this is expressed by an extreme value distribution of the logit model and (ii) a consistent heterogeneity when agents perform different activities. This heterogeneity is determined by the duration of the performed activity. Given this information,
we can identify the impact of pricing on different activities. We classify activities into two groups: purpose of going-to-work
and leaving-from-work, as work-related activities (WA); and purpose of going-to-leisure as non-work-related activities
(NWA). Fig. 10 shows the comparison of time shift of performing WA and NWA trips in the ‘‘no pricing’’ and the ‘‘with pricing’’ scenarios. The green bars mark the toll periods. Both groups of agents experience a time shift. Agents performing WA
tend to switch the starting time of their trip to an earlier time, while agents performing NWA tend to switch to both earlier
and later times. The explanation is that for work-related activities the penalty of earliness is lower than this of lateness.
About 5% of WA trips shift during the morning toll period while the amount for NWA is 15.7%. During the evening toll period,
16.1% of WA and 19.5% of NWA shift their departure time. We can observe that WA are much less sensitive to small value of
toll, as adjusting WA is less ﬂexible than NWA. For higher tolls, the impacts are more substantial. An additional explanation
for the observation that the morning shift is less than evening shift, is that starting time of the activities is ﬁxed in the morning, therefore agents have to be on time to avoid a large penalty of not performing their trip (do nothing); while in the evening there is more ﬂexibility. Given the optimal pricing, the number of agents who perform NWA by car outside toll period
reduces, which is due to mode change. A deeper investigation on behavioral shift and equity can be done, if individual data
such as income or value of time of agents are available, similar to Axhausen et al. (2007).
6. Conclusions
In this work, we introduce a new approach to develop a cordon-based congestion pricing scheme. The idea is to utilize a
macroscopic trafﬁc model, the Macroscopic Fundamental Diagram, to determine optimal tolls for an urban network. The
methodology was evaluated with an agent-based model for the city of Zurich. We ﬁrst investigate the feasibility of combining an agent-based model with an MFD network representation by examining the outputs of three simulation scenarios on
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the urban road network of Zurich. We ﬁnd that the outputs of the agent-based model are consistent with the physics of trafﬁc. On the link level, the agent-based model is able to reﬂect spill-back effects once congestion is formed. On the macroscopic
level, it shows the existence of an MFD linking network trip completion rate and network density. In addition, the cause of
some scatter in the MFD can be explained by the uneven distribution of congestion, results which are consistent with empirical observations.
Given these ﬁndings, we test the proposed cordon-based pricing in the city of Zurich, utilizing a controller to update tolls
of a 1 km-radius cordon area. By an iterative process (in total of four updates), congestion represented by Regime III on the
MFD in the area, is eliminated. Meanwhile, there is almost negligible negative impact on the neighbor area outside the cordon area (between 1 km- and 2.5 km-radiuses). Total travel time savings by imposing the toll outweighs the total toll paid
plus the increased travel time for the outside cordon area. The savings of time per distance travelled outweighs signiﬁcantly
the extra cost per distance travelled for the users that avoid traveling in the charging zone. Furthermore we examine the
behavioral shift on performing work and non-work activities. Pricing has stronger impact on non-work-related activities,
as more agents tend to change time plans to avoid tolls. Work trips also show time shift but are more stable even for higher
toll, as expected.
We would conclude that the proposed pricing scheme is effective both from a trafﬁc and an economic point of view.
Determining tolls by MFD is a promising approach for congestion pricing. Following this work, future studies are recommended on: (i) how other macroscopic pricing schemes can improve mobility patterns, such as area-based pricing or distance based pricing, (ii) equity impacts, provided with the necessary data, e.g. income, car ownership, (iii) investigate the
effectiveness of a time-dependent toll and a value-of-time-dependent toll. The fast convergence of the agent-based model
in identifying the optimal toll (4 updates) shows that this methodology could be directly applied by cities without the need
of time-consuming and expensive surveys on a large part of the population or tedious simulation experiments, if data from
loop detectors or GPS are available. Nevertheless, survey information can be useful to create more equitable schemes.
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