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ABSTRACT 
 
Traffic congestion is a major problem throughout the world, causing both economic and 

environmental damage. Pursuing sustainable transport system is becoming more important, 

and thus need to find an efficient policy to embody. Strategies that are typically applied to 

reduce congestion problems are often increasing the capacity of the road infrastructure or 

improving the efficiency of existing transportation networks using traffic management 

strategies. Infrastructure expansions has become difficult due to land use constraints, and 

construction costs. Traffic management strategies that provide competitive public 

transportation, integrated with other modes, will help to reduce traffic congestion toward 

producing a reliable and sustainable transport system. However, the efficiency of any traffic 

management strategy should be evaluated prior to its implementation to figure out the most 

efficient strategy to implement. Currently, policy makers rely on many models that predict 

traffic conditions for the evaluation of traffic management strategies. However, existing traffic 

models pose many limitations prevents the accurate prediction of real-world traffic conditions 

due to the problem complexity in terms of demand elasticity and the large number of inputs 

required. Therefore, development of an evaluation tool for traffic management strategies that 

can consider traffic dynamics still a challengeable ongoing research topic that need more 

research efforts especially on city-scale urban transportation networks.  

 

Recent advances in traffic flow theory at the network level, namely the Macroscopic 

Fundamental Diagram (MFD), reveals the existence of well-defined laws of congestion 

dynamics at aggregated levels. The MFD has been used for evaluating the performance of 

large-scale urban road networks. Evaluations of traffic management strategies in unimodal 

systems, i.e. car traffic only, has performed using vehicular Macroscopic Fundamental 

Diagram (vMFD). However, multimodal networks including public transport as well as car 

traffic need both vMFD and passenger Macroscopic Fundamental Diagram (pMFD) to fully 

consider the effects of passenger occupancy and usage of each transport mode. This research 

aimed at characterizing a tool for evaluating traffic management strategies in multimodal 

transportation networks with focus on improvement of the performance of existing 

transportation infrastructure. Specifically, this thesis concern these points; 

1. Modeling a multimodal city-scale urban network and handle evaluating mode, route, 

and departure time choices effects.  
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2. Identifying a representation of the vMFD and pMFD that appropriate for evaluating 

multimodal network performance.  

3. Confirm the applicability of MFD as a tool for evaluating traffic management strategies 

in multimodal transportation networks in the presence of MFD hysteresis. 

4. Based on MFD, evaluating different traffic management strategies effect on a 

multimodal network performance to suggest the efficient one to implement. 

5. Establishing a bridge between a performance evaluation tool and the available practical 

traffic data. 

 

To meet with my research objectives, both vMFDs and pMFDs should be evaluated together. 

However, the relationships between two MFDs are not well analyzed in the literature, 

especially the relationship between MFD shapes and different travel choice flexibility. So, as 

a first step of this thesis, network traffic conditions associated with different modes, routes, and 

departure time choices were analyzed based on vMFDs and pMFDs. To consider vehicle flow 

along with passenger flow, the multi-agent transport simulation framework (MATSim) was 

used. The vMFD and pMFD have been presented in the literature using different relationships 

between flow and density. These methods are analyzed to identify the most appropriate 

representation for multimodal network’s performance. It was found that both vMFD and pMFD 

should be presented using vehicle densities for x-axis and using vehicle and passenger flow for 

y-axis respectively. The results showed a reasonable interpretation of network performance 

under different choice scenarios using the suggested diagrams. It is concluded that mode choice 

ratio and departure time shifting have markedly large effects, whereas route choice does not. 

Hysteresis loops are observed in both vMFD and pMFD. The hysteresis loop can be defined as 

multiple flows observed for a given value of density, and it is said to be a good indicator of 

congestion severity. Understanding the correlation between these loops and traffic 

characteristics is needed. If clear correlations found, looped MFD can be quantified and directly 

utilized as a measure of network performance.  

 

The existing literature has mainly discussed correlating MFD loop width (difference in density) 

and height (difference in flow “capacity drop”) with congestion heterogeneity, however, the 

relationship between the capacity drop  and network conditions is not fully understood, and the 

effects of traffic management on the overall performance of a multimodal network have been 

little studied. Loop width and height were correlated to the congestion heterogeneity (standard 

deviation of density), network performance (average traveler’s travel time) and travel time 
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variability (standard deviation of travelers’ travel time). The MFD loop was partitioned into 

upper and lower parts according to the congestion-building and dissipation periods that 

provided understanding a number of relationships that have not been found in the literature. It 

was found that the heights of both loops have opposite effects on the standard deviation of 

density, which affects the correlation with the overall loop height. This illustrates why no 

relationship between capacity drop and congestion heterogeneity has been found in the 

literature. The height of the upper part of the loop is sensitive to the average passenger travel 

time whereas the height of the lower part of the loop is more sensitive to the standard deviation 

of density. That is, network performance inversely affects the capacity drop while the network 

is loading, whereas congestion heterogeneity increases the flow reduction during network 

unloading with congestion dissipation. Moreover, a critical network flow and density during 

congested periods was determined. Beyond these values, the travel time variability increases 

sharply depending on the ratio of car users in the network. These results may help road 

authorities to making tradeoffs between the maximum flow/density and the required travel time 

reliability.  

 

Due to its strong relations with network performance, considering MFD hysteresis loop in 

evaluating traffic control effects on network performance is important. Road pricing strategies 

effect on a multimodal network performance was evaluated considering MFD hysteresis 

characteristics. It was found that pricing some links for a short duration with an optimum charge 

calculated based on MFD hysteresis characteristics provides higher travel time savings than 

the previous relevant studies. The findings of this thesis are of great importance to recommend 

a simple tool to identify management strategies that maximizing vehicle and passenger 

throughput for cities (MFD that can be utilized to monitor and predict traffic performance in 

urban networks in the presence of its hysteresis). In addition, MFD can be achieved with 

feasible data inputs and implementation costs. The thesis provided potential suggestions for 

evaluating network conditions considering both vehicle and passenger traffic using the 

available practical traffic data (loop detector data with a limited survey on passenger traffic). 

Although simulation results are promising, empirical real data for a multi-modal network 

require evaluation. Practical application of the proposed method requires detailed information 

on vehicle- and people-flow counts, vehicle occupancies, and origin-destination matrices. 
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CHAPTER 1 
 

1. INTRODUCTION 
 

1.1.Overview 

 

All over the world, traffic volumes had grown rapidly and people compete through different 

modes using a limited infrastructure leading to notable traffic congestion problems. Due to 

growing concerns about energy consumption and time savings, transportation planners have 

become increasingly interested in developing strategies to reduce congestion and allow for 

reliable and sustainable transportation. The economic costs of congestion in Egypt (Greater 

Cairo only) are beyond travel delays, and they include wasted fuel, health impacts due to poor 

air quality and accidents, and impacts on economic productivity. When all combined, the yearly 

economic cost of traffic congestion could reach up to 4% of Egypt’s GDP. This means an 

economic cost to Egypt of up to EGP 50 billion a year (USD 8 billion/year). World Bank report 

recommends the need for sustainable solutions that involve an expansion of the public transport 

system and a revision of transport pricing. Large investments in public transport can be costly 

and difficult to fund, but if they can reduce congestion costs by a modest percentage, the 

benefits will be very significant. Revising the pricing of public and private transportation (e.g., 

introduction of congestion charges) will contribute to reducing the use of private vehicle as 

well as generating the necessary funds to make public transport investments. This is the most 

sustainable way forward for reducing traffic congestion and costs in Cairo (World Bank, 2012).   

 

Traffic management strategies that provide competitive public transportation, integrated with 

other modes, will help to reduce traffic congestion toward producing a reliable and sustainable 

transport system. Therefore, there is a need for strategies that considering the role that the 

integration between different modes plays in the dynamics and performance of transportation 

networks. However, the efficiency of any traffic management strategies should be evaluated 

prior to its implementation to figure out the best strategy. Currently, policy makers rely on 

many models that predict traffic conditions for the evaluation of traffic management strategies. 

However, existing traffic models in transport economics pose severe theoretical and empirical 

limitations in realistic applications. The problem complexity in terms of demand elasticity and 
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the large number of required inputs prevents from the accurate prediction of real-world traffic 

conditions in those models. In addition, complex large-scale urban transport networks have 

competing modes, and there is a need to understand the network’s flow dynamics for both 

private and public vehicles, the joint effect of individual’s travel choices (mode, route and/or 

departure time) increase the problem complexity and the spread of congestion may not be 

homogeneous.  A development of an evaluation tool for traffic management strategies that can 

consider traffic dynamics is still a challengeable ongoing research topic that need more research 

efforts especially on city-scale urban transportation networks. This dissertation provides a step 

in this direction. 

 

1.2.Problem statement 

 

Many large-scale cities all over the world suffer from traffic congestion that encouraged road 

authorities to increasing the capacity of the road infrastructure and/or improving the efficiency 

of existing transportation networks using traffic management strategies. Infrastructure 

expansions has become difficult due to land use constraints, and construction costs. Moreover, 

infrastructure expansions has not been keeping up with the increasing use of the systems, and 

there is increasingly widespread congestion of transport networks. Traffic management 

strategies that provide competitive public transportation, integrated with other modes, will help 

to reduce traffic congestion toward producing a reliable and sustainable transport system. 

However, the evaluation of the effects of these strategies on network-wide traffic conditions is 

a hard task due to different reasons (e.g., complexity of optimization problem that considering 

different traffic conditions on large-scale network and in terms of demand elasticity and the 

large number of required inputs). In addition, some mega cities in developing countries (e.g., 

Cairo) have a lack of traffic data that can be used for evaluating congestion relief strategies. 

Therefore, there is a need for a simplified evaluation tool that consider network-wide traffic 

conditions with few variables and less data on hand. 

 

In this aspect, the vehicular macroscopic fundamental diagram (vMFD) simplifies network-

wide traffic conditions by a relationship between average network flow and density. It has been 

used in the literature to evaluate the performance of transportation networks subject to different 

congestion relief strategies. Recent studies on the macroscopic vMFD showed that it is a 

promising tool for investigating traffic management strategies (e.g., Knoop et al., 2012; Zheng 

et al., 2016). The vMFD has been used in the literature to indicate traffic conditions in 
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multimodal transport networks (Zheng and Geroliminis, 2013), but the vMFD concerns the 

performance of only vehicles. Consequently, the number of passengers using each transport 

mode is not taken into account. However, complex city-scale urban transport systems include 

competing modes, and there is a need to understand the network flow dynamics for both private 

and public vehicles and people flow. Recently, some researchers tried to consider passenger 

flow by developing the so-called passenger macroscopic fundamental diagram (pMFD) (Zheng 

and Geroliminis, 2013; Geroliminis et al., 2014; Chiabaut et al., 2014; Chiabaut, 2015). Though 

these initiations are promising, many open ongoing topics exist and more research effort still 

need as summarized as follows. 

 

1- Need for wider research on multimodal city-level networks  

Promising research that expands the conventional single mode MFD to a multimodal 

framework has been found in the literature (e.g., Zheng and Geroliminis, 2013; Chiabaut, 2015). 

However, there are many ways to improve the applicability of such works by relaxing 

assumptions which restrict the application to real cities. Studies on the effects of vehicle 

interactions on network performance are still away from the reality. Gonzales (2011) assumed 

that transit lanes are well-managed and are dedicated so that there are no conflicts / interactions 

between different vehicle types which reduce the capacities of the both modes. In reality, a 

better understanding of the space-competing phenomenon among multiple modes is needed. 

Also the dedicated bus lanes and parking spaces in Zheng and Geroliminis (2013) are assumed 

to be distributed evenly over the network. They optimized the percentage of road space 

allocation while the detailed bus lane assignment is not captured in their model. They 

theoretically partitioned the network into regions with specific available modes for each region 

which is again away from the reality. More sophisticated ways to operate cars and transit 

together, or transit systems with different types of services are still needed. Extending the 

existing frameworks to multimodal is a possible research direction towards expressing more 

general crowding dynamics (including cars, public transport, bicycles and pedestrians). Then 

the challenge is how to utilize MFD as a simplified tool for evaluating multimodal network 

performance on a way that as close as possible to the real-world conditions? 

 

2- Investigating pMFD characteristics is needed 

Evaluations of traffic management strategies in unimodal transport systems can be performed 

with the vMFD alone. However, multimodal transportation networks need both pMFD and 

vMFD to fully consider the effects of passenger capacities and usage of each public and private 
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transport modes. However, the existing pMFD studies, except for Geroliminis et al. (2014), 

relies on passenger density or accumulation that approximated based on the vMFD by assuming 

arbitrary occupancy for buses and cars, which does not reflect real-world conditions. On the 

other hand, Geroliminis et al. (2014) developed a three-dimensional passenger MFD (3D-

pMFD) in a simulation-based multimodal network relating accumulations of cars and buses to 

passenger flows. However, according to the authors, neither the vehicle nor the passenger flow 

dynamics was studied in detail, and they still need to be investigated. Furthermore, cars and 

buses are not homogeneously distributed in urban networks, and their assumption of such 

homogeneity between the two modes was not realistic. Chiabaut (2015) also used the pMFD 

with vMFD to identify the level of service over a whole multimodal network. However, the 

shape of the pMFD may change and scatter due to the complexity of multimodal networks and 

differences between mode characteristics, which may affect the accuracy of any traffic 

performance evaluation. Evaluations of network performance under different traffic control 

strategies have been examined by the characteristics of the shape of the vMFD (e.g., Ji et al., 

2010, Jong, 2012). However, the pMFD shape should also be investigated to identify its 

suitable representation.  

 

3- Scattered MFD for heterogeneous city-level networks 

Early works on theoretical formulations of MFD relied on regularity conditions; a 

homogeneously loaded network, slow-varying well-distributed demands, homogeneous 

network with similar links and/or redundant network with enough route choice options. Recent 

studies (Keyvan-Ekbatani et al., 2013; Daganzo et al., 2011; Geroliminis and Sun, 2011a) have 

shown that flows of networks with heterogeneous distribution of density are different from 

those with more homogeneity conditions. (Mazloumian et al., 2010; Geroliminis and Sun, 

2011a; Geroliminis and Sun, 2011b) showed that well-defined MFD is expected when the 

variations of link densities are small while larger variations of link density result in smaller 

flow, which causes the scatters in the MFD.  

 

A possible solution for heterogeneous networks is that they might be partitioned to many 

homogeneous regions with small variances of link densities (Ji and Geroliminis, 2012). The 

theoretical and empirical testing of this problem still an open ongoing research. Ji and 

Geroliminis (2012) has proposed a method for homogeneous zoning to minimize the standard 

deviation of link densities within zones. However, their algorithm assumes static traffic states 

and they pointed out some limitations. The partitions should not be small because the law of 
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large numbers will not apply and high scatter might exist in the MFDs. More partitions will 

obstruct applying simple control strategies because control might change the route choices and 

detailed ODs might be needed (Ji and Geroliminis, 2012). In addition, in case of multi-region 

cities with multiple centers of congestion and/or attraction, control policies are more 

complicated and not well-understood (Haddad et al., 2012). The best strategy that provides 

homogeneous spatial distribution of density over the whole network and producing less scatter 

MFD is still needed for city level evaluation. This need studying the network as one unit, the 

challenge is how to get stable MFD without partitioning the network or how to evaluate 

network performance in the presence of MFD hysteresis that is expected for city-scale 

networks? 

 

1.3.Objective 

 

The wide objective of this study is to characterize a tool for evaluating traffic management 

strategies in multimodal transportation networks with focus on an improvement of the 

performance of existing transportation infrastructure. To achieve this main objective, the 

following sub-objectives are concerned. 

 

1- Modeling traffic dynamics on a city-scale urban network that consider overall network-wide 

traffic conditions and handle evaluating different travel choice effects (i.e., mode, route, 

and departure time).  

2- Identifying the most appropriate representation of the vMFD and pMFD for a multimodal 

network that lead to proper evaluation of network performance and consequently, can lead 

to ideal management decisions.  

3- Confirm the applicability of MFD as a tool for evaluating traffic management strategies in 

multimodal transportation networks in the presence of MFD hysteresis that is expected for 

complicated real world networks. 

4- Evaluating the effect of different traffic management strategies that can be applicable for 

implementation on a multimodal network performance based on evaluation of MFD in 

terms of social and economic aspects. 

5- Establishing a bridge between a performance evaluation tool and the available practical 

traffic data. 
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1.4.Dissertation skeleton 

 

This dissertation consists of seven chapters. After the brief introduction that highlighted the 

problem statement, research objective and the structure of this dissertation in this chapter, six 

chapters will be presented as follows. 

 

Chapter 2 provided an extensive review of the literatures that relevant to the investigated topic. 

 

Chapter 3 analyzed the vMFD representation based on its strong correlation with the pMFD. 

Then the pMFD was characterized. This chapter evaluated a multimodal network performance 

according to different hypothetical travel choices using a suggested representation of the pMFD. 

To consider vehicle flow along with passenger flow, the multi-agent transport simulation 

framework (MATSim) was used. Based on pMFD and vMFD, a range of car use ratio that may 

improve network performance was determined. The results showed a reasonable interpretation 

of network performance under different choice scenarios using the suggested diagrams. 

 

Chapter 4 attempted to find a relationship between the MFD of a multimodal network and its 

characteristics. According to the findings of Chapter 3, hysteresis loops are observed in both 

vMFD and pMFD. Therefore, this chapter investigated correlating these loops with a network 

performance and travel time reliability indicators, represented by the average passenger travel 

time and its standard deviation respectively. Moreover, the MFD loop was divided into two 

parts according to congestion onset and offset periods and found that the heights of the two 

parts had opposite effects. It is also found that network performance inversely affected the 

height of part of the loop while the height of its other part increased with an increase in 

congestion heterogeneity. These results may help to evaluate network performance in the 

presence of MFD hysteresis, leading to elaborated management decisions. 

 

Chapter 5 investigated road congestion pricing as a well-known example of the most important 

traffic control strategies toward congestion reduction. The effect of different road pricing 

strategies on a multimodal network performance was evaluated by referring to MFD hysteresis. 

Different pricing durations were compared using MFD loop characteristics based on congestion 

building and dissipating times (loading, congestion and recovery intervals) to suggest the most 

efficient pricing interval. Then, for those suggested intervals, the pricing value was optimized 

in order to keep the average network density under a predefined critical density. It is found that 
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pricing some links for a short duration with an optimum charge calculated based on MFD 

provides higher travel time savings than the previous relevant studies. 

In addition, for deploying the findings to real-world applications in lights of the available 

vehicular flow data and the difficulty of having passenger flow data. Based on conclusions 

reached in Chapter 3, both vehicular and passenger traffic information are needed for accurate 

evaluations of traffic control effects on network conditions. Due to a difficulty of collecting 

practical passenger traffic data, correlations founded in Chapter 4 can ease this problem. This 

relationship can be used for estimation of passenger traffic information based on the practical 

vehicular data observed by loop detectors. The reached results provide potential suggestions 

for evaluating network conditions considering both vehicle and passenger traffic using the 

available practical traffic data (loop detector data with a limited survey on passenger traffic). 

 

Chapter 6 summarized the findings and provided the main conclusions of this dissertation as 

well as possible further research directions. 
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CHAPTER 2 
 

2. REVIEW OF LITERATURE 
 

2.1.Traffic control evaluation  

 

Currently, policy makers rely on forecasting models for an evaluation of transportation policies 

to decide a suitable policy that can be implemented to alleviate traffic issues in cities all over 

the world. Daganzo (2007) noted that the level of detail and complexity of available urban 

transportation models have steadily increased over decades: from the static and largely 

aggregate “four-step” models to the “disaggregate demand” and “network equilibrium” 

extensions; and the “dynamic simulation” models. Three limitations prevent the accurate 

prediction of real-world traffic conditions in those models: (i) the models require too many 

inputs, such as dynamic origin–destination (OD) matrices; (ii) driver navigation is an 

unpredictable gaming activity; and (iii) oversaturated networks behave chaotically.  Addison 

and Heydecker (1993) showed that problem (ii) arises because “rational” drivers try to 

anticipate the congestion level along their possible paths and they need to know the decisions 

of “rational” drivers who may not have yet left but can arrive at the locations in question before 

them. These new drivers may face with the same conundrum and trying to guess the decisions 

of other drivers. Obviously then, drivers from all origins are engaged in a multi-sided double-

guessing game that is unpredictable in nature. Daganzo (1996) and Daganzo (1998) concerned 

the problem (iii) and found that the output flows of congested networks are hypersensitive to 

the input demand. 

 

To alleviate these problems, some helpful work has already been done. A macroscopic model 

of steady state urban traffic was proposed in Herman and Prigogine (1979), further developed 

in Ardekani and Herman (1987) and fitted to data in Mahmassani et al. (1987). The latter two 

references propose that steady-state functions of a specific form exist between the number of 

vehicles in the network and every one of the following network-wide averages for, vehicle 

speeds, flows and fraction of stopped vehicles. The references explore the dependence of these 

functions on the structure of the network but not their sensitivity to the OD demands. If 

insensitive, the functions could be viewed as properties of the network and be used to predict 
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outflows in a dynamic environment. They could be an important element in a theory of 

macroscopic of network dynamics. Daganzo (2007) proposed a congestion management model 

that alleviate the problem (iii) by modeling city traffic at an aggregate level, focusing on control 

policies that perform equally well independent of the detailed inputs (i) and particular driver 

antics (ii). The basic idea consists in dividing the city into neighborhood-sized reservoirs (of 

dimensions comparable with a trip length) and to shift the modeling emphasis from 

microscopic predictions to macroscopic monitoring and control. 

 

As a well-known example for traffic control, road congestion pricing is one of the most 

important traffic control strategies toward congestion reduction. The advantage of congestion 

pricing over other travel demand management policies is that it encourages individuals to adjust 

all aspects of their behavior: number of trips, destination, mode of transport, time of day, route, 

and so on, as well as their long-run decisions on where to live, work and set up business. By 

intelligent transportation system (ITS) technologies (e.g., electronic toll collection, ETC), 

various congestion pricing strategies can be implemented. Pricing models may expect the effect 

of these strategies to determine the proper one to implement. Many traditional congestion 

pricing models have been developed to describe the evolution of travel demand (demand-side) 

and traffic (supply-side) over time and space.  

 

Congestion pricing models can be classified in two different classes: static marginal cost 

pricing models that assume congestion as stationary and the bottleneck models that consider it 

dynamically. Walters (1961) and Vickrey (1963) have devolved a large category of congestion 

models known as Marginal-Cost Pricing (MCP) models. The concept of MCP models is to 

charge every link of the network such that the toll equals the congestion costs imposed to all 

users by an extra traveler in order to bring the user equilibrium toward a system optimum. The 

main drawback of MCP is that congestion is assumed as constant, while in reality it varies 

considerably. Consequently, travel times can differ significantly over the time. Later, Vickrey 

(1969) introduced bottleneck models where congestion is considered as a queue at a bottleneck 

and vehicles are able to move at free-flow speed in the absence of queue (demand-side 

specification). Moreover, every user who needs to pass through a bottleneck to reach his 

destination incurs ‘schedule delay’ costs in case of early or late arrival. Then, during the peak 

hours when demand is higher than capacity, users have to choice between suffering longer 

delays to arrive on time or travelling earlier or later (supply-side specification). Hence, all the 

travelers choose the “departure time to minimize their generalized trip cost which includes 
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vehicle operating costs, travel time, schedule delay costs and tolls (if any)” (de Palma and 

Lindsey, 2011). The equilibrium is reached when no one can reduce his costs by changing 

departure time. 

 

The previous road pricing models have some limitations such as utilizing link travel cost 

functions that set limits in considering traffic dynamics especially on large-scale urban 

networks. Most of those studies assumed a steady-state traffic condition or demand-type of 

capacity-supply functions. Geroliminis and Levinson (2009) showed that the total delay cost is 

sensitive to small flow variations within a given period and depends on the initial state of the 

system and the level of congestion. They combined Vickrey’s theory with a macroscopic traffic 

model to identify the equilibrium solution for a congested network in the no-toll case. A 

network-wide dynamic model of cordon-based congestion pricing (such as for the morning 

commute) was also developed so as to be consistent with the physics of traffic. In comparison 

with the bottleneck model, in the network case, by applying an optimal toll, the delays were 

eliminated and the length of the rush hour shortens. 

 

Geroliminis and Daganzo (2008), among others, concluded that the Macroscopic Fundamental 

Diagram (MFD) could better capture traffic conditions of an urban network on an aggregated 

level by a well-defined relationship between average network flow and density. Zheng et al. 

(2012) showed that traffic conditions represented by MFD is consistent with the conditions 

applied in the urban congestion economic models (Small and Chu, 2003; Arnott, 2007; Arnott 

and Inci, 2010). Recent studies have shown promising results on evaluating traffic control 

based on the MFD (e.g., Zheng and Geroliminis, 2013; Zheng et al., 2012; Zheng et al., 2016). 

They concluded that the application of a macroscopic representation of network traffic 

conditions to the design of traffic control models represents a valuable approach to overcome 

some limitations of the traditional analytical models.  

 

Traditional traffic control evaluation models pose severe theoretical and empirical limitations 

in realistic applications. The problem complexity in terms of demand elasticity and the large 

number of required inputs prevents from the accurate prediction of real-world traffic conditions 

in those models. To simplify network-wide traffic conditions, recent studies showed that MFD 

may have a potential to provide a simpler way to assess traffic control impacts on the 

transportation network. Therefore, many researchers have been using MFD to evaluate the 
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performance of transportation networks. Research on MFD has reviewed in details in the next 

subsections.  

 

2.2.Vehicle macroscopic fundamental diagram “vMFD” 

 

Daganzo (2007) proposed a theoretical basis for the existence of a relationship between average 

network flow and density provided that vehicles are uniformly distributed across space. The 

vMFD was later demonstrated analytically by Daganzo and Geroliminis (2008) and empirically 

by Geroliminis and Daganzo (2008). Since then, many researchers have used the vMFD as an 

indicator of network performance (e.g., Buisson and Ladier, 2009; Zheng et al., 2012; 

Geroliminis and Daganzo, 2007). The next subsections highlight the main measures used for 

representing a vMFD and summarize some of the research that used vMFD to evaluate traffic 

control strategies in networks. 

 

2.2.1.  Representation of the vMFD  

 

Most previous studies have used the average flow or the production as the vertical axis of the 

vMFD. The average flow (q) is the average number of vehicles traveled per unit time (also 

known as performance). The average flow can be weighted (qw) or unweighted (qu), as shown 

in Equations (2.1) and (2.2). The production (PD) is the total number of kilometers traveled 

within a certain period of time (veh-km/h). It is calculated by multiplying the flow by the length 

of the part of the network it represents (l) for a given period of time (Δt) and summing this for 

all links (i) in the network (z), as shown in Equation (2.3). The performance (PF) as shown in 

Equation (2.4) can be obtained by dividing the production by the total network length 

representing the average (weighted) flow (Jong, 2012). 

 

                      (2.1) 

                           (2.2) 

                            (2.3) 

                          (2.4) 

 

Various measures have been used for the horizontal axis of the vMFD. The most popular 

measures used are the accumulation and the network density. These values can be weighted or 
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unweighted, too. The accumulation (A), as shown in Equation (2.5), is calculated by multiplying 

the density (k) over the length of the part of the network it represents (l) for a given period of 

time (Δt) and summing this for all links (i) in the network (z) (Jong, 2012). The average network 

density , as shown in Equation (2.6), is also frequently used: 

 

                           (2.5) 

                            (2.6) 

 

2.2.2.  History of vMFD representation and recommended shape 

 

Godfrey (1969) has been studied aggregate urban traffic models by proposing a unimodal 

macroscopic relationship between average network flow and density. Later, a number of 

researchers in this regard have been developed using simulation data (e.g., Herman and 

Prigogine, 1979; Mahmassani et al., 1984; Mahmassani et al., 1987; Mahmassani and Peeta, 

1993) or empirical data (e.g., Ardekani and Herman, 1987; Olszewski et al., 1995). However, 

their data has been found to be sparse or not enough to demonstrate the existence of an invariant 

macroscopic relation for real urban networks (Jong, 2012). On the other hand, Daganzo (2007) 

proposed the theoretical basis for the existence of the relationship between the average network 

flow and density and provided that vehicles are uniformly distributed across space. The vMFD 

was later proved analytically (Daganzo and Geroliminis, 2008) and empirically (Geroliminis 

and Daganzo, 2008). Since then, many researches utilized vMFD as an indicator for network 

performance (e.g., Keyvan-Ekbatani et al., 2012; Buisson and Ladier, 2009; Zheng et al., 2012; 

Keyvan-Ekbatani et al., 2013; Geroliminis and Daganzo, 2007).  

 

The early vMFD was proposed by Geroliminis and Daganzo (2007), who simulated detailed 

data about the streets, intersections, and signal timings in San Francisco, with demand ranging 

from empty streets to complete gridlock as shown in Figure 2.1. They concluded that the vMFD 

was robust for many different origin-destination (OD) patterns. Further Geroliminis and 

Daganzo (2008) related network density to network flow using data collected from loop 

detectors and GPS-equipped taxis in Yokohama. They found that, although the data collected 

from individual detectors across the network varied greatly, the aggregation of the values from 

all the detectors revealed a smooth relationship. They also showed that the rate of ending trips 

was proportional to the average network flow, so the MFD for a city network was consistent. 
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They also concluded that the vMFD was independent of the demand (the average network flow 

is maximal for the same density value, regardless of the time-varying OD tables). Later, Stamos 

et al. (2015) discussed a vMFD for the city of Thessaloniki, Greece, using a simulation and 

showed that the vMFD existed independently of the specific OD matrices and demand level 

and preserved its shape (only the values of the average weighted flow and density were 

affected). Ji et al. (2010) studied factors influencing the vMFD shape using a microscopic 

simulation model to derive vMFDs under different conditions and for different types of network. 

Their results also indicated that the vMFD shape was a property of the network geometry. 

These findings suggest that the vMFD is a reliable tool for predicting the effects of different 

traffic management policies. 

 

 
Figure 2.1 vMFD for San Francisco for four different OD tables and empirical vMFD for 

Yokohama for two days (Gonzales et al., 2011). 

 

Daganzo and Geroliminis (2008) tried to find theoretical approximation for vMFD and 

introduced the idea of “cuts” which are boundary lines envelop vMFD and forms its shape. 

They first proved the existence of vMFD for any multi-block, signal-controlled street without 

turning movements using variational theory (VT). They assumed the network to have a fixed 

number of lanes and any number of intersections controlled by traffic signals. They also 

assumed vehicles in the network to be conserved, e.g. the network is circular. Under these 

hypotheses they proved that the MFD network can be expressed as:         

                                             

                            (2.7) 
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Where u is the speed of a moving observer that travels across the network. u is comprised 

between –w, the congested wave speed, and uf, the free flow speed. R(u) is an upper bound for 

the number of vehicles that can overtake an observer moving at the average speed of u. R(u) 

can illustrate the lower envelope of lines on the (k, q) plane defined by  with u 

as the parameter and they called these lines as “cuts”. Daganzo and Geroliminis (2008) used 

the same data of San Francisco and Yokohama to draw a theoretical approximation for vMFD. 

They concluded that the average flows and densities on networks, satisfying certain regularity 

conditions, can be represented by cuts bounds, and therefore these networks should have 

vMFDs close to these cuts. 

 

Later, many researches represented the vMFD using the cuts on the flow density diagram (e.g., 

Courbon and Leclercq, 2011; Xie et al., 2013; Leclercq et al., 2014; Chiabaut et al., 2014). 

Chiabaut et al. (2014) extended the work of Daganzo and Laval (2005) and Xie et al. (2013) 

that defines an accurate estimation method founded on VT for arterials with heterogeneous 

traffic signal parameters. They (Chiabaut et al., 2014) estimated vMFDs considering traffic 

signal settings where buses represented as a moving obstruction by introducing the impacts of 

moving bottlenecks (MB) and intermittent bus lanes (IBL) into the framework of (Daganzo 

and Laval, 2005). They also presented the cost rate on a path corresponding to a bus trajectory 

as a linear function of the speed. Thus, any complex bus trajectory within a link can be replaced 

by a straight line with the same boundary points. They draw the vMFD defined by cuts as 

shown in Figure 2.2(a) (Red lines define the vMFD). Figure 2.2(a) presents the resulting free-

flow and congested cuts calculated for an arterial and a bus system headway of 3 min while, 

and Figure 2.2(b) depicts the estimated vMFDs for various values of bus time-headway h. It 

clearly shows that the presence of bus transit systems on the arterials reduces the maximal 

capacity. They found that the maximal capacity decreases with the increase of h and that bus 

has a major effect on the vMFD shape as shown in Figure 2.2(b).  
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Figure 2.2 Estimated vMFD (a) whole sets of cuts for a given headway (h = 3 min), (b) 

estimated vMFDs for different headways (Chiabaut et al., 2014). 

 

Many researches have compared the different analytical and experimental methods used for 

drawing vMFD and how empirical data or cuts defined the shape of vMFD (e.g., Courbon and 

Leclercq, 2011; Xie et al., 2013; Leclercq et al., 2014). All these papers used the flow density 

(q-k) diagram for representing the vMFD. Most of studies in the literature used the relation 

between q and k (weigted or unweighted) to represent the vMFD while, few researches used 

production accumulation relation. Illustration of these studies is provided in the following sub-

sub sections. 

 

2.2.2.1. Flow - density vMFD. 

 

Early studies using empirical data on Yokohama and Toulouse (Geroliminis and Daganzo, 

2008; Buisson and Ladier, 2009) and simulated San Francisco data (Geroliminis and Daganzo, 

2007) have used (q-k) relation to represent the vMFD. Zhang et al. (2013) and Gayah, et al. 

(2014) analyzed the effect of adaptive signaling on traffic dynamics using (q-k) vMFD. Zhang 

et al. (2013) examined the effect of different types of adaptive traffic control schemes on two-

way arterial street networks with signalized intersections. Gayah et al. (2014) concerned traffic 

on an idealized grid network. Using Simulation and theoretical analyses of this network, they 

suggest that adaptive traffic signals can help create more uniform vehicles distributions 

resulting in more consistent and reproducible vMFDs. They also found that adaptive traffic 

signals provide stability when the network is moderately congested, which increases average 

flows and decreases the likelihood of gridlock. On the other hand, for very congested network, 
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flows tend to be limited by downstream congestion and queue spillbacks, and adaptive signals 

have no effect on aggregate behavior of the network. As they illustrated in Figure 2.3, more 

flexible scheme (SOTL) provides higher average flows in the congested branch of the vMFD 

than the less flexible schemes (SCATS-L and SCATS-F). They explained why all three vMFDs 

in Figure 2.3 experience a sharp drop in flow in the congested branch (drops appear to be 

associated with the density for which adaptive signals are no longer beneficial). These results 

might interpret why empirically derived vMFDs (e.g., Yokohama and Toulouse, as described 

in Geroliminis and Daganzo (2008) and Buisson and Ladier (2009) do not exhibit the chaotic 

behavior associated with network instability. Heavy congestion is not observed in these 

networks and the instability only arises for very congested states (Gayah et al., 2014).  

 

 
Figure 2.3 Aggregate flow-density relationship for three different adaptive control schemes. 

(Zhang et al., 2013; Gayah et al., 2014). 

 

Knoop (2013) proposed a Generalized MFD (GMFD) relates the average flow to both the 

average density and the inhomogeneity of density (the standard deviation of the densities in 

different cells in the network). They proved that weighted flow is a continuous function of the 

weighted density and inhomogeneity of density and using this function, they described the 

hysteresis patterns (the effects of traffic dynamics and inhomogeneous congestion on the 

vMFD). Their result is consistent with many other results as concluded by Mazloumian et al. 

(2010) that vMFD may has a significant amounts of scatter in which multiple flows may 

observed for a given value of density. Hysteresis patterns may also arise for which flows during 



18 

the onset of congestion are significantly different from those during the dissipation of 

congestion (Buisson and Ladier, 2009).  

 

2.2.2.2.Production - accumulation vMFD 

 

Zheng and Geroliminis (2013) represented vMFD as a relation between accumulation of 

vehicles and the outflow to evaluate the effect of road space distribution on the performance of 

a congested multimodal network. They proposed an optimization problem with the objective 

of minimizing the total passenger hours traveled (PHT) to serve the total demand by 

redistributing road space among modes. A simulation has performed on a multimodal city case 

study to investigate the performance of two space allocation strategies. They found that the 

dynamic allocation strategy can minimize the PHT as it utilizes the bus lane space better during 

the off-peak period and serves a higher amount of passengers during peak period. Although 

Knoop (2013), Zheng et al. (2011) and Ji et al. (2010) have described vMFD as a relation 

between accumulation of vehicles and the production, they actually used different measures. 

Knoop (2013) have used the weighted density and weighted flow but call as accumulation and 

production respectively. While Zheng et al. (2011) used network density (refers to as 

accumulation in veh/km) correlated to arrival rate (trip finish rate) expressed as the production, 

Ji et al. (2010), studied the factors influencing the vMFD shape using a microscopic simulation 

model to derive vMFDs under different conditions and for different types of networks. They 

used the weighted flow but call as production. Their Results indicated that a relationship exists 

between production and accumulation for the whole network as well as for parts of the network 

focused on freeway or urban links. They concluded that vMFD shape is a property of the 

network and the applied traffic control measures. They found that congestion onset and 

resolution lead to heterogeneous traffic conditions with congestion at specific locations in the 

network, resulting in loops in congested parts of the vMFD as shown in Figure 2.4.  
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 Figure 2.4 vMFD on A10 west, northbound from simulation results for a single run (Ji et al., 

2010). 

 
2.2.2.3.Using different vMFD representations 

 

Some researches (e.g., Mahmassani et al. 2013; Geroliminis et al. 2014) have tried different 

vMFD drawing methods in search for the suitable representation of traffic dynamics. 

Mahmassani et al. (2013) connected overall network variability to the vMFD using both 

simulated and empirical data. They computed the distance-weighted mean travel time rate and 

standard deviation of travel time for every 5 minute interval as in Equations (2.8) and (2.9), 

respectively.  

 

                             (2.8) 

                             (2.9) 

 

where, 

i  : vehicle index 

n  : total number of vehicles 

ti  : travel time of vehicle i 

di  : travel distance of vehicle i 

t′i  : travel time rate of vehicle i, in min/mile 
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Using simulation data, Mahmassani et al. (2013) plotted network density with the space-mean 

speed and with network flow rate for four different networks, as presented in Figure 2.5. They 

observed from Figure 2.5(a, c, e and g) that a smooth curve exists, relating space-mean speed 

and network density, regardless of the demand level, even when homogeneity conditions do 

not hold. They found that within a single network, although the speed-density curves cover 

different ranges at different demand levels, these curves overlap with each other and follow the 

same trend. They also found the same situation in the flow-density diagrams (Figure 2.5 b, d, 

f and h) and concluded that the high degree of overlap in the produced curves suggests that the 

shape of vMFD is an inherent property of the network that is not particularly sensitive to the 

overall demand levels when the OD matrix structure remains unchanged. Using trajectory data 

collected from GPS-equipped vehicles in the New York City, Mahmassani et al. (2013) related 

the number of vehicles traveling in the network to the number of trips completed within each 

5 minute interval (instead of the network density and flow rate which cannot be obtained 

directly from sample trajectory data). In Figure 2.6, they found a positive correlation, which is 

consistent with the uncongested part of the vMFD in Figure 2.5. They proved how the weighted 

standard deviation of travel time rate changes with number of vehicles traveling and number 

of completed trips and concluded that travel time variability increases with network density 

and flow rate, at least before the maximum network flow rate is reached as they shown in Figure 

2.7.  
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Figure 2.5 Network speed-density and flow-density diagrams for (a-b) Chicago; (c-d) 

Baltimore; (e-f) Salt Lake city; (g-h) Chart (Mahmassani et al., 2013). 
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Figure 2.6 Number of completed trips vs. number of vehicles traveling (Mahmassani et al., 

2013). 

 

 
Figure 2.7 (a) Weighted standard deviation of travel time rate vs. number of vehicles 

Traveling; (b) Weighted standard deviation of travel time rate vs. number of vehicles 

traveling (Mahmassani et al., 2013). 

 

Geroliminis et al. (2014) developed a three-dimensional MFD (3D-MFD) for a multimodal 

network based on simulation data. They related the number of cars and buses to the total flow 

in the network. They tested different vMFD drawing methods relating the accumulation or the 

densities of cars and buses in the network to the total network flow. They found that the vehicle 

circulating flow decreases monotonically with the number of buses serving in the network, 

while the passenger throughput is maximized at a non-zero accumulation of buses. Recently, 

Schreiber et al. (2016) proposed an integrated general equilibrium mode choice model that 

combines a consumer choice utility maximization framework with the 3D-MFD of Geroliminis 
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et al. (2014). The residential location of households is assumed to be fixed in this model. An 

equilibrium is reached once representative agents of different household income levels totally 

arbitrage over their range of choices. The model is empirically tested for the city of Zurich, 

Switzerland. 

 
2.2.3.  Competitive analysis of different vMFD representation methods 

 

2.2.3.1. Production against performance 

 

Production versus performance have compared by Jong (2012). He recognized that the 

production does not consider how the traffic is processed in the network, but only the distance 

that can be travelled in the network. He recommended that the performance should be used to 

consider the efficiency with which the traffic is processed to can compare different vMFDs to 

each other as it considers the length differences among the networks. However, he argued that 

the performance does not give an indication of the capacity of the specific network and could 

lead to a wrong interpretation of the quality of the network. Jong (2012) presented different 

vMFDs by drawing the accumulation versus the production and versus the performance for a 

simulation network. They concluded that evaluating a network solely on the production or the 

performance give a different view on the network. For a full assessment of the effect of changes 

to the network, both production and performance should be evaluated.  

 

2.2.3.2. Accumulation against network density 

 

Accumulation depends on the free speed, network length, capacity and signal timing. On the 

other hand, the average network density takes into consideration the length differences and can 

be used to compare the vMFDs of different networks. The accumulation provides insights in 

the (storage) capacity of the network, whereas the density shows the efficiency with which the 

traffic is processed Jong (2012). Both accumulation and density are needed for evaluating a 

network according to Jong (2012). He argued that for a specific control strategy, such as 

perimeter control, it is important to know the accumulation at which the flow is maximized, 

while, to quantify the effect of toll pricing scheme for example, employed in two different 

networks to each other, it could be better to use the average network density, as this scales the 

values the vMFD of both networks to roughly the same size.  
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2.2.3.3.The effect of using different units  

 

The effects of representing the vMFD by different combinations of measures using the same 

data set for a network were tested by Jong (2012). Figure 2.8 shows the result. Based on 

Figure 2.8 (d), he concluded that “the arterial has a higher performance at a higher network 

density. However, redirecting vehicles to the arterials is not a true decision, as Figure 2.8 (b) 

shows that the optimal arterial’s accumulation is only half that of the subnetworks. Then, the 

best strategy is keeping the arterial close to its optimal accumulation, as it can process traffic 

more efficiently than the subnetworks. In the case that the number of vehicles in the arterial 

should transgress this optimum, traffic should be stored in the subnetworks, as spill-back sets 

in at a much higher accumulation because the production is much higher in the subnetwork 

than in the arterial.” This means that looking at only one figure is insufficient for evaluating 

the network. He added that the performance and accumulation vMFD, shown in Figure 2.8 (b), 

may be preferable. 

 

 
Figure 2.8 Different vMFD representations using the same data set for a simulation network 

(Jong, 2012). 

 

From Jong (2012), it can be concluded that using a different relationship results in a completely 

different vMFD. The PF-K MFD enables investigation of how well traffic is processed in the 

network and can be used to compare different traffic management strategies or networks. 

(c) (d) 

(b) (a) 
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However, the effects can only be qualified not quantified. The PD-A MFD is better for 

quantifying the effect of specific measures or changes to the network because it incorporates 

the actual network length, but it does not show improvements in traffic flow. The PF-A and 

PD-K are not used frequently, Jong (2012) concluded that the PF-A MFD reflected most of the 

information needed to compare networks for purposes of determining which network performs 

better (the network should be kept at maximum production). Additionally, it shows the most 

suitable accumulation to ‘store’ traffic in cases where the accumulation becomes too high. The 

PD-K MFD is not completely clear because the meaning of the relationship between the 

production and the network density is not fully understood (viscosity or diffusivity), making it 

currently unsuitable for use Jong (2012). Consequently, I suggest using both the PF-K and PF-

A for evaluating the effects of management strategies. However, vMFD alone not give the full 

story. To better represent the network performance, pMFD should be considered along with 

vMFD. Analyzing the representation of pMFD has not studied in the literature. The following 

section provides existing and suggested representation of pMFD. 

 

2.3. Representation of passenger macroscopic fundamental diagram (pMFD) 

 

The vMFD considers only the vehicle accumulation and production in a network. Eichler and 

Daganzo (2006) presented the first approach to considering the number of passengers. However, 

the number of passengers was approximated, and the analysis remained rather qualitative. 

Recently, Zheng and Geroliminis (2013), Geroliminis et al. (2014), Chiabaut et al. (2014) and 

Chiabaut (2015) introduced the first concepts of the pMFD. Some researchers have tried to 

present pMFD shapes using different relationships. Chiabaut et al. (2014) developed an 

analytical estimation of the pMFD based on the vMFD. They related the number of passengers 

in an arterial to the space mean speed of these passengers; then, using the car flow and bus flow 

estimated from the vMFD and assuming an average occupancy for cars and buses, they 

determined the average passenger density. They presented the pMFD by plotting passenger 

density versus passenger flow. Chiabaut (2015) extended the work of Chiabaut et al. (2014), 

showing that pMFD shape depended strongly on the mode ratio. To understand how traffic 

conditions are modified by the mode choice of passengers, he investigated the user and system 

optimums on a meshed urban network with signalized intersections, assuming that the flows 

were distributed uniformly among origins and destinations. He found that a specific 

combination of bus and car users resulted in optimal situations. However, the spatial 

distribution of traffic conditions on the network was not considered, and the assumption of a 
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uniform distribution of flows needed to be relaxed, allowing for heterogeneous OD demands 

and mode choice ratios. 

 

Geroliminis et al. (2014) developed a three-dimensional passenger MFD (3D-pMFD) in a 

simulation-based multimodal network relating accumulation of cars (nc) and buses (nb) to 

passenger flows (p). However, according to the authors, neither the vehicle flow nor the 

passenger flow dynamics was studied in detail, and these still needed to be investigated. 

Furthermore, cars and buses are not homogeneously distributed in urban networks, and their 

assumption of such homogeneity between the two modes was not realistic. Chakirov (2015) 

investigated the optimal first-best toll in a multimodal network, based on the vMFD and pMFD, 

and evaluated outcomes against a no-toll policy. He addressed the optimal pricing question for 

roads shared by private and public transport vehicles. Applying the idea of marginal social 

pricing within an agent-based simulation framework, three scenarios were compared: the base 

case without tolls, vehicle-based first-best pricing, and passenger flow-based pricing. For both 

toll policies, Chakirov (2015) found a reduction in the hysteresis phenomena in the pMFD, 

meaning that pricing mitigated the occurrence of capacity drop due to an inhomogeneous 

distribution of vehicles in the network and mitigated instability in the network during reloading 

and the inability of the network to sustain the peak period throughput. 

 

In conclusion, evaluations of traffic management strategies in unimodal transport systems can 

be performed with the vMFD alone. However, multimodal transport networks need both pMFD 

and vMFD to fully consider the effects of passenger capacities and usage of each public and 

private transport mode. Although the existing pMFD has different representations, as discussed 

above, all these studies, except Geroliminis et al. (2014), relied on passenger density or 

accumulation. The passenger density or the total accumulation of passengers in the network at 

a certain time is approximated based on the vMFD by assuming arbitrary occupancy for buses 

and cars, which does not reflect real-world conditions. In fact, to consider overall traffic 

conditions, passenger throughput is a function of vehicular traffic. Searches for the vehicular 

traffic conditions leading to maximal vehicle and passenger flow should be investigated. To 

fill this gap, this dissertation suggest that the pMFD can be presented as passenger flow versus 

vehicle density or accumulation that is a challenge due to the needed analysis of the travel 

behavior of individual travelers. Agent-based models are possible solutions for representing 

demand elasticity and heterogeneity. This is because: 
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(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)  

 

2.4. Multi-agent simulation (MATSim) 

 

The agent-based model MATSim has been widely applied for transport and land use studies 

and travel behavior modeling. MATSim is a microscopic traffic simulation framework that can 

simulate travel choices on large-scale networks in a reasonable computation time. It uses an 

iterative approach for agent-based dynamic traffic assignments in which each traveler is 

simulated separately and termed an agent. Based on a queue-based traffic assignment, 

MATSim simulates the interactions between private and public transport modes considering 

spillover effects and allows time-dependent calculation of travel times. In MATSim, agents 

learn and adapt within an iterative process try to find optimal routes, modes, and/or departure 

times to maximize their utility. Following each iteration of the queue-based network 

assignment, the choices of each agent are evaluated and scored, allowing agents to select more 

successful options for execution of their schedule in the next iteration. Each traveler makes 

his/her travel choices from his/her choice set based on a random utility model seeking a 

convergence of individual and total utilities and, thus, an agent-based stochastic user 

equilibrium (SUE) after numerous iterations (Nagel and Flotterod, 2009). MATSim simulation 

process can be summarized as follows: 

 

• Initiate the input data by providing the network geometry and traffic data and the 

initial demand (daily plans for each agent); then, iterate the following steps. 

• Randomly select a plan for each agent simultaneously.  

• Score the selected plan for each agent and simultaneously evaluate the executed plans 

based on a utility function (Nagel and Flotterod, 2009 and McCarthy, 1982).  

• Generate new plans (e.g., route, mode, and/or departure time changes) for some 

agents selected randomly (according to the allowed percentage of agents). 

• Finally, select a plan for each agent. 
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The interaction between agents is indirect: agents react to delays caused by congestion. The 

agents have knowledge (their score) based on their own experience, but they receive 

suggestions for better plans from external modules; e.g., a router that suggests routes that may 

be better than those of which the agent is aware (McCarthy, 1982). This dissertation used the 

integrated public transport simulation package, in which buses share road space with cars and 

are affected by congestion, to simulate traffic in the extended Sioux Falls network.  

 

2.4.1. The utility function 

 

As mentioned above, the MATSim framework uses an agent-based SUE formulation, which 

relies on co-evolutionary iterative learning and a utility-based approach to model behavior on 

individual level. Following a trial and error approach, every agent optimizes its daily activity 

schedule from iteration to iteration and accumulates a certain number of possible daily 

schedules, also called plans, in its memory. This is analogous to choice set generation and is 

followed by a probabilistic approach for selection of a plan from the choice set of plans using 

a multinomial logit model. During the choice set generation phase, agents change routes, modes 

or departure times from iteration to iteration, as specified in the configuration, and evaluate the 

outcome of the executed daily activity chains after the network loading. The ultimate goal of 

each individual agent is the maximization of its total utility gained through the day, which 

eventually leads to the convergence of the system to a state that can be considered as the 

stochastic user equilibrium. Detailed discussion of this approach is presented by (Nagel and 

Flotterod, 2009). The process of choice set generation based on utility maximization for each 

agent is highly dependent on the chosen utility functions. In MATSim the total utility of each 

agent is a sum of two major utility functions: the utility gained by performing activities and 

(dis-)utility of traveling:  

 

                             (2.10) 

 

Where  is the utility of a given, daily plan; m is the total number activities and trips. The 

number of activities and plans is assumed to be the same; for the sake of consistency, the first- 

and last activity should be of the same type and are counted as one.  is the (positive) utility 

from performing activity i; is the (negative) utility from undertaking a trip i. 
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The utility from performing activities and the utility earned from activity performance is 

calculated using a logarithmic approach, presented by (Charypar and Nagel, 2005): 

 

                             (2.11) 

 

Where  is the total utility gained from performing activity for the time  ; is the 

marginal utility of an activity at its typical duration; is the typical duration of the activity ; 

is a scaling parameter, which becomes relevant in case the activities can be dropped from 

the daily schedule. 

 

The disutility of traveling is calculated for each trip and based on the mode of transportation 

for car, public transport and walk respectively as follows:  

 

                           (2.12) 

                          (2.13) 

                          (2.14) 

 

where  is the total disutility from trip i, which depends on the trip duration and the 

monetary cost caused by the trip. The monetary cost can contain fixed cost per trip, as in the 

case of a flat fare for public transport usage; or distance dependent cost, such as petrol and 

maintenance cost in case of car. is an alternative specific constant, which allows to capture 

effects neglected by the model, e.g. additional cost resulting from searching and paying for 

parking. 

 

Literature showed that the complexity of traffic evolution and travel behavior makes the 

performance of urban transport system hard to predict by simple analytical assumptions, 

especially in city-scale multimodal networks. On the other hand, the MFD has been used for 

evaluating the performance of different transportation networks. However, investigating the 

performance of multimodal networks including public transport as well as car traffic is limited. 

Multimodal networks need both vMFD and pMFD to fully consider the effects of passenger 

occupancy and usage of each transport mode. The shape of the MFD may affect the accuracy 

of any traffic performance evaluation. Several studies have examined the characteristics of the 
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shape of the vMFD. However, I believe that the pMFD shape should also be investigated in 

efforts to identify a suitable representation. Due to lack information on passenger flow, the 

existing pMFD studies approximated passenger density based on the vMFD by assuming 

arbitrary occupancy for buses and cars, which does not reflect real-world conditions. Agent-

based models are possible solutions to consider vehicle flow along with passenger flow and for 

representing demand elasticity and heterogeneity. In the following chapters, this thesis covers 

the following points that are not fully covered in the literature; 

 

1- Modeling a city-scale urban network considering overall network-wide traffic conditions 

and handle evaluating mode, route, and departure time choice effects.  

2- Identifying a representation of the vMFD and pMFD that appropriate for evaluating 

multimodal network performance and confirm the applicability of MFD as a tool for evaluating 

traffic management strategies in multimodal transportation networks. 

3- Based on MFD, evaluating different traffic management strategies effect on a multimodal 

network performance to suggest the efficient one to implement. 

4- Establishing a bridge between a performance evaluation tool and the available practical 

traffic data. 
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CHAPTER3 
 

3. EVALUATION OF TRAVEL CHOICE EFFECTS BASED ON THE 
VMFD AND PMFD 

 

3.1.Introduction  

 

In this chapter, multimodal network performance was evaluated under different travel 

conditions using vehicle macroscopic fundamental diagram (vMFD) and passenger 

macroscopic fundamental diagram (pMFD). The MFDs of cars and public transport users under 

different mode, route, and departure time choice scenarios were estimated. The vMFD and 

pMFD have been presented in the literature using, among other measures, different 

relationships between flow and density. These methods are analyzed in the chapter 2 to identify 

the most appropriate representation of a multimodal network’s performance. It was found that, 

to capture the traffic conditions leading to the maximum flow, both vMFD and pMFD should 

be presented using vehicle densities. To consider vehicle flow along with passenger flow, the 

multi-agent transport simulation framework (MATSim) was used. MATSim considers the 

interaction of traffic dynamics for private cars and buses using a queue-based dynamic traffic 

assignment simulation.  

 

3.2.Simulation of a multimodal network 

 

The extended Sioux Falls network, proposed by Chakirov and Fourie (2014), was used. The 

MATSim simulation was performed using the integrated public transport simulation, where 

buses share road space with cars and are affected by congestion. The individual route, mode, 

and departure time choices for agents can be explored and used for vMFD and pMFD drawing. 

The extended Sioux Falls network consists of two road types; urban and highway roads, with 

a total of 334 links and 282 nodes. The bus network consists of five bus lines with a 5-min 

headway operation as shown in Figure 3.1. In total, 56,904 workers commute, and 27,206 

persons perform secondary activities, with a total of 168,220 daily trips. Every agent performs 

only one round trip per day (home – work – home or home – secondary – home). The time 

window for an activity and its typical duration affect how peaked or spread out the demand in 

the peak-hours, so this will reflect the degree of congestion in the network. The work activity 
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is opened at 8 am and closed at 6 pm, with a typical duration of 9 h, while secondary trips can 

be taken between 8 am and 8 pm and completed within 1 hour during this period. For the 

assignment of secondary activity locations for the 27206 persons, no capacity restrictions are 

enforced. All buildings that have commercial use or are marked as community facilities, are 

considered as potential activity locations. The location assignment is performed with a 

parameter free radiation model (Chakirov and Fourie, 2014). The spatial distribution and 

resulting numbers of work places and secondary activity locations in each zone show a 

significant correlation in their spatial distribution, with high densities in the east-central and 

southern parts of the city. 

 

As illustrated in chapter 2, each traveler makes his travel choices from his choice set based on 

a random utility model seeking to an SUE. The total utility of each agent is a sum of two major 

utility functions: the utility gained by performing activities and (dis-)utility of traveling. The 

utility from performing activities calculated using a logarithmic approach. The disutility of 

traveling is calculated for each trip and based on the mode of transportation (car, public 

transport and walk respectively). The behavioral parameters used for the utility model for the 

Sioux Falls Scenario shown in table 3.1. MATSim allows different travel choices for 

individuals. The simulation presented here enables mode, route, and/or departure time choices 

for some individuals according to the different traffic management strategies described in the 

next subsection. In the cases of the rerouting of an agent, new routes for all trips in the daily 

schedule are determined based on time-dependent link travel times from previous iterations 

using the classical Dijsktra algorithm. For mode choice, an agent can change among car, bus, 

and walking. Agents can also randomly modify their departure times and activity durations 

within a pre-defined time window in their daily plans. The simulation assumed flexible 

mode/departure time shifting without any bus capacity/arrival time constraints. 

 



33 

    
Figure 3.1 Sioux Falls network and bus line configuration. 

 

Table 3.1 Behavioral parameters for the Sioux Falls Scenario (Chakirov and Fourie, 2014). 

 Parameter Value 

Behavioral 
parameters 

 +0.96 [utils / h] 
 0.0 [utils / h] 

 -0.18 [utils / h] 
 -1.14 [utils / h] 
 -0.18 [utils / h] 

 0.062 [utils / $] 
 -0.562 [ utils ] 

 0.0 [ utils ] 
 0.0 [ utils ] 

Monetary cost 
PT fare 2.0 [$] 
Car cost per km  0.4 [$ /km] 
Parking cost 6.0 [$ /trip] 

 

3.3.Management strategy evaluation 

 

Different travel choice combinations were tested to determine maximum passenger and vehicle 

throughput. The goal is to find the optimum traffic conditions associated with different modes, 

routes, and departure time choices based on vMFDs and pMFDs. Then, traffic management 

strategies that can produce these optimum conditions can be recommended for future 

extensions. The simulation was performed for a control case that represented network 

conditions without any re-planning availability for agents. Then, different mode combinations 

were compared based on permitting mode, route, and/or departure time re-planning. Study 

cases are summarized in Table 3.2 and were evaluated based on network performance, 
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indicated by vMFDs and pMFDs. Mode choice was changed by fixing the disutility for 

traveling by car and changing the disutility for traveling by bus. The marginal disutility for the 

car mode was set referring to (Chakirov and Fourie, 2014), and the marginal disutility for the 

bus was varied between +1 and -9. According to Rieser et al. (2009), this might involve altering 

the attractiveness of buses (e.g., by fare changes), leaving everything else constant. Rieser 

(2010) concluded that less flow fluctuation and a more stable and faster optimization process 

could be achieved by allowing only some of the population to generate new plans. He stated 

that a typical setup in MATSim is to allow re-planning for 10% of the agents. Route, mode, 

and departure time choice re-planning probabilities were thus permitted for 10% of agents in 

this paper, and all selections were based on agent-based SUE, as illustrated in Section 2.4. Bus 

fleet size and headway were constant for all cases. 

 

Table 3.2 Travel choice scenarios applied to evaluations of network performance. 

Case Mode Choice Route Choice Departure Time Choice 

Base Case  ------- ------- ------- 

Case 1   ------- ------- 

Case 2   -------   

Case 3     ------- 

Case 4       

 

 

3.4.Results 

 

3.4.1. Base case 

 

Figure 3.2(a) and (b) shows the vMFD and pMFD for the base case, respectively. The different 

time periods in the figure represent the time slices of the observed flow and density. The right 

(larger) and left (smaller) loops represent the morning and evening periods, respectively. The 

time slice details will be the same for all subsequent figures and are thus omitted from the 

following figures for the sake of simplicity. The loops are large compared to several previous 

studies (e.g., Saberi and Mahmassani, 2013). The reason is trying to introduce more 

heterogonous congestion in the network. Wang (2016) empirically proved the existence of 

large loops in many Japanese networks. He draw the MFD from Detectors data and simulation 
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founded that such large hysteresis are existed, also the actual data and the simulation produce 

the same MFD. 

 

  
(a) (b) 

 
(c) 

Figure 3.2 (a) vMFD, (b) pMFD, and (c) average travel time of vehicle and passengers for 

the base case for the whole network.  

 

 

The maximum average flows in the morning and the evening peaks differ from each other in 

both the vMFD and pMFD, as the network is more congested in the morning peak (the wider 

the loop, the more severe the congestion, according to Qian (2009)). This is clear from the large 

difference in the average vehicle travel time between morning and evening peaks, as shown in 

Figure 3.2(c), showing that the travel time for the morning peak was longer than that for the 

evening peak. This may be due to the differences in the purposes of trips in the morning and 

evening, as morning trips include both home–work and home–secondary–home trips and 
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evening trips include work–home and home–secondary–home trips. The secondary trips in the 

simulation can be taken and finished within 1 hour during the day. Indeed, travel patterns may 

reasonably be expected to differ between the morning and evening. Thus, in later analyses, the 

MFDs for morning and evening periods are drawn separately. 

 

3.4.2. Case 1: Effect of mode choice on the vMFD and pMFD  

 

Figure 3.3 shows the vMFD for the different scenarios shown in Table 3.3. In this case, the 

disutility of traveling by bus (β) was varied from +1 to -9. The following can observed based 

on Figure 3.3 and Table 3.3: 

 

 It is difficult to detect differences in the MFDs of the different scenarios. 

 This is because, in most scenarios, there was the same percentage of cars, and travelers 

shifted only between buses and walking, which would not affect the vMFD because the 

bus fleet did not change. 

 Variation in the disutility of traveling by car (e.g., by congestion pricing) may lead to 

greater variation in the number of cars in the network. 

 

 

      
                                           (a)                                                            (b) 

Figure 3.3 Effect of mode choice in vMFD (a) for morning peak (b) for evening peak, 

according to different bus disutility (β). 
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Table 3.3 Mode choice ratio for different scenarios according to different bus disutility. 

  Bus Disutility (β) 
+1.0 -1.0 -3.0 -5.0 -7.0 -9.0 

Bus % 36% 32% 28% 25% 24% 22% 
Car % 57% 59% 61% 62% 62% 62% 

Walking % 7% 9% 11% 13% 14% 16% 
 

To clarify the vMFDs to show the mode share ratio selection, the disutility of traveling by car 

(βc) was varied to push shifting to buses and decrease the number of cars in the network. Table 

3.4 summarizes mode-share ratios for different scenarios. Due to the randomness of the 

simulation resulting from the random utility model, the simulation results are dependent on the 

initial random seed. Horni et al., (2011) discussed this issue in detail. To ensure the reliability 

of the simulation results, three runs were performed with different random seeds for each 

scenario shown in Table 3.4. The differences in the results are shown in Table 3.5; the 

variability in the results was low, depending on the random seed used. This holds for all 

scenarios, suggesting that the simulation results analyzed here are reliable. Convergence to 

SUE was reached by conducting up to 500 iterations in all simulation runs. After a total of 500 

iterations for each simulation run, the outcome of the last iteration is used to calculate the flow, 

density, and mode choice ratio, as shown in Equations (2.4) and (2.6) in chapter 2. 

 

Table 3.4 Mode choice ratio for different scenarios according to different car disutility. 
 

 Car Disutility (βc) 
Base Case 1 0.5 0 -0.5 -1 

Bus % 19% 29% 30% 34% 36% 39% 
Car % 78% 65% 62% 58% 55% 52% 

Walking % 3% 6% 7% 8% 8% 9% 
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Table 3.5 Simulation results (500 iterations) for different scenarios according to random seed. 
Simulation outputs Seed 1 Seed 2 Seed 3 Mean Standard deviation 
Bus % 18.87% 18.87% 18.87% 18.87% 0.000 
Car % 78.18% 78.18% 78.18% 78.18% 0.000 
Foot % 2.95% 2.95% 2.95% 2.95% 0.000 
Average network flow during 
morning period (veh/h) 

285.729 285.729 285.729 285.729 0.000 

Average network density during 
morning period (veh/km) 

18.180 18.281 17.574 18.012 0.383 

Average daily passenger travel 
time (sec.) 

2482.357 2460.940 2468.311 2470.536 10.880 

Standard deviation of daily 
passenger travel time (sec.) 

2946.357 2929.260 2932.239 2935.952 9.133 

Bus % 29.53% 29.40% 29.42% 29.45% 0.070 
Car % 64.33% 64.37% 64.32% 64.34% 0.026 
Foot % 6.14% 6.23% 6.26% 62.1% 0.062 
Average network flow during 
morning period (veh/h) 

239.751 239.493 239.392 239.545 0.185 

Average network density during 
morning period (veh/km) 

12.741 12.548 12.769 12.686 0.121 

Average daily passenger travel 
time (sec.) 

2640.876 2624.613 2609.131 2624.873 15.874 

Standard deviation of daily 
passenger travel time (sec.) 

2963.922 2954.015 2937.980 2951.972 13.091 

Bus % 30.62% 30.71% 30.53% 30.62% 0.090 
Car % 62.02% 61.99% 62.16% 62.06% 0.091 
Foot % 7.36% 7.30% 7.31% 7.32% 0.032 
Average network flow during 
morning period (veh/h) 

238.164 238.122 237.946 238.078 0.116 

Average network density during 
morning period (veh/km) 

8.420 8.338 8.292 8.350 0.065 

Average daily passenger travel 
time (sec.) 

1950.942 1942.759 1956.008 1949.903 6.685 

Standard deviation of daily 
passenger travel time (sec.) 

1970.037 1953.985 1972.096 1965.373 9.916 

Bus % 33.37% 33.50% 33.48% 33.45% 0.070 
Car % 58.61% 58.50% 58.52% 58.54% 0.059 
Foot % 8.02% 8.00% 8.00% 8.00% 0.012 
Average network flow during 
morning period (veh/h) 

227.689 227.022 226.548 227.086 0.573 

Average network density during 
morning period (veh/km) 

6.807 6.802 6.764 6.791 0.024 

Average daily passenger travel 
time (sec.) 

1825.989 1822.418 1836.237 1828.215 7.173 

Standard deviation of daily 
passenger travel time (sec.) 

1743.213 1738.904 1755.181 1745.766 8.433 

Bus % 36.23% 36.17% 36.28% 36.23% 0.055 
Car % 55.26% 55.37% 55.24% 55.29% 0.071 
Foot % 8.51% 8.46% 8.47% 8.48% 0.026 
Average network flow during 
morning period (veh/h) 

214.938 214.693 214.736 214.789 0.131 

Average network density during 
morning period (veh/km) 

5.672 5.583 5.621 5.626 0.045 

Average daily passenger travel 
time (sec.) 

1768.487 1760.818 1768.000 1765.768 4.294 

Standard deviation of daily 
passenger travel time (sec.) 

1670.353 1663.292 1675.021 1669.555 5.905 

Bus % 39.73% 39.75% 39.74% 39.74% 0.010 
Car % 51.76% 51.73% 51.65% 51.71% 0.057 
Foot % 8.50% 8.52% 8.61% 8.54% 0.059 
Average network flow during 
morning period (veh/h) 

204.313 204.481 204.558 204.451 0.125 

Average network density during 
morning period (veh/km) 

4.835 4.833 4.841 4.837 0.004 

Average daily passenger travel 
time (sec.) 

1747.800 1750.093 1747.382 1748.425 1.460 

Standard deviation of daily 
passenger travel time (sec.) 

1659.020 1662.319 1657.535 1659.625 2.449 
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Figures 3.4 and 3.5 illustrate vMFD and pMFD for these scenarios, respectively. As shown in 

these Figures and Table 3.4, it was found that the network gradually improved by decreasing 

the number of cars in the network. For vMFD (see Figure 3.4), the congested part decreased 

gradually but was still present in the morning peak, and this was accompanied by a slight 

increase in the maximum flow. In contrast, the congested part almost disappeared in the 

evening period, with less scatter in the vMFD, which was accompanied by a slight decrease in 

the maximum flow. The pMFD showed the same trend for network improvement (see Figure 

3.5); the congested part disappeared gradually by decreasing the number of cars in the network. 

For the morning period, the maximum flow increased and critical density decreased by 

decreasing the number of cars in the network. For the evening period, the congested part and 

the scatter disappeared, and the pMFD showed free flow, which was accompanied by a notable 

increase in the flow. 

 

The βc = 0 case showed a congested vMFD in the morning peak, with 58% of passengers 

traveling by car. An additional decrease in the car user percentage (keeping the same bus fleet) 

would allow the network to operate near free flow. Thus, rather than decreasing the number of 

cars in the network, I choose the βc = 0 case as the mode ratio for use in the next cases to 

improve the MFD with other choice dimensions. 

 

   
                                           (a)                                                            (b) 

Figure 3.4 Effect of mode choice on vMFD (a) for morning peak (b) for evening peak, 

according to different car disutility (βc). 
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                                           (a)                                                            (b) 

Figure 3.5 Effect of mode choice on pMFD (a) for morning peak (b) for evening peak 

according to different car disutility (βc). 

 

In summary, decreasing the number of car users led to greater improvement in the pMFD, as 

shown by the increase in the maximum passenger flow, which was accompanied by the 

disappearance of the congested part. For the vMFD, the improvement associated with 

eliminating the congested part was evident, and the maximum vehicle flow either remained the 

same as or decreased compared with the base case. 

 

3.4.3. Case 2: Effects of mode and departure time choice on the vMFD and pMFD 

 

In this case, using the congested state selected from case 1 (βc = 0, above), a random 10% of 

agents were allowed to modify their departure times (by ±10 min, ±20 min, or ±30 min) as well 

as their mode choice. 

 

As shown in Figure 3.6(b), permitting departure time shifting in addition to mode choice (MD) 

decreased the right-hand side of  the vMFD for the evening period, which led to a decrease in 

congestion but without an increase in the maximum flow over the base case. For the morning 

peak in Figure 3.6(a), it shifted the critical density of the network from fewer than 20 veh/km 

to more than 30 veh/km without a significant change in the maximum flow.  For the morning 

peak pMFD as shown in Figures 3.7(a), the maximum passenger flow increased markedly, with 

a shift in the critical density from fewer than 20 veh/km to more than 30 veh/km. For the 

evening peak in the pMFD as shown in Figures 3.7(b), the maximum flow increased, keeping 

the same network density (almost 20 veh/km). The least pronounced effect was found with the 
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±10 min departure time shift, and the case with the range of ±30 min was selected for 

subsequent cases. 

 

    
                                           (a)                                                            (b) 

Figure 3.6 Effect of mode and departure time choice on vMFD (a) for morning peak (b) for 

evening peak. 

 

  
                                           (a)                                                            (b) 

Figure 3.7 Effect of mode and departure time choice on pMFD (a) for morning peak (b) for 

evening peak. 
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                                           (a)                                                            (b) 

 Figure 3.8 Effect of mode and route choice on vMFD (a) for morning peak (b) for evening 

peak. 

 

    
                                           (a)                                                            (b) 

Figure 3.9 Effect of mode and route choice on pMFD (a) for morning peak (b) for evening 

peak. 
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In this case, rerouting was allowed for a random 10% of agents in addition to an independent 

random 10% of agents allowed to modify their departure times by ±30 min with mode choice 

as in case 1 (βc = 0, above). As shown in Figures 3.10 and 3.11, combined mode, route, and 

departure time choice (MRD) showed no significant improvement over case 2 with regard to 

mode and departure time shifting (MD). 
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                                           (a)                                                            (b) 

Figure 3.10 Effect of combined mode, route and departure time choice on vMFD (a) for 

morning peak (b) for evening peak. 

 

    
                                           (a)                                                            (b) 

Figure 3.11 Effect of combined mode, route and departure time choice on pMFD (a) for 

morning peak (b) for evening peak. 

 

To summarize, the mode choice ratio and departure time shifting had the greatest effects on 

improving the MFD, whereas rerouting had no significant effect. The effect of departure time 

shifting improved both the pMFD and vMFD markedly and yielded the largest network 

improvement. It was also observed that the vMFD and pMFD provided integrated insights 

about the performance of the network, as can be seen in Figures 3.4 and 3.5. In terms of the 

pMFD for the morning peak presented in Figure 3.5(a), the MFD was maintained in the second 

part (optimal throughput) for βc = 0.0. In terms of the vMFD for the morning peak presented 

in Figure 3.4(a), the MFD was maintained in the third part (congested part) for the same case 
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(βc = 0.0). However, both figures also reflect the expected improvements associated with 

providing different choice combinations. This analysis supports that both the vMFD and pMFD 

should be drawn for a full evaluation of multimodal networks. This integration of the pMFD 

and vMFD may be less important for unimodal analyses. 

 

3.5.Conclusion and recommendations 

 

Based on a wide range of literature, the vMFD is a function of the network topology and 

infrastructure but is not very sensitive to demand change and OD structure. Its shape is 

preserved with different demand and OD matrix sizes but changes for extreme values of flow 

and density. Thus the vMFD has been regarded as a reliable tool with which traffic agencies 

manage situations and evaluate approaches to improving mobility (Chiabaut, 2015). Many 

researchers (e.g., Keyvan-Ekbatani et al., 2015; and Haddad, 2015) have used vMFDs in 

modeling and evaluating traffic control strategies. The vMFD can also be used to assess the 

performance of a multimodal transportation network by comparing different traffic 

management strategies (Chiabaut, 2015). By considering passenger flow, the pMFD helps to 

evaluate such complex networks (Zheng and Geroliminis, 2013; Geroliminis et al., 2014; 

Chiabaut et al., 2014). 

 

The representations of the vMFD and pMFD impact performance evaluation and, consequently, 

affects decision-makers’ actions; inappropriate representations of the vMFD and pMFD can 

lead to less-than-ideal management decisions. Thus, proper presentations of vMFDs and 

pMFDs were discussed in details in this chapter and different vMFD representations in the 

literature have been analyzed and widely compared. It has been concluded that both 

performance-density and performance-accumulation diagrams could be used when evaluating 

the effects of management strategies. However, to develop efficient control policies that 

maximize vehicle and passenger throughput, the pMFD should also be considered along with 

the vMFD in assessments of the overall traffic conditions of multimodal networks. Few papers 

on the pMFD have used different methods, and these studies have drawn passenger flows with 

approximate values for passenger density or passenger accumulation in the network. It is 

recommend that the pMFD should be presented as passenger flow versus vehicle density (or 

accumulation) to consider the overall traffic conditions, while passenger throughput is a 

function of vehicular traffic. It was also found that, to determine the vehicular traffic conditions 

leading to maximum vehicle and passenger flow in a multimodal network, both the vMFD and 
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pMFD should be unified or drawn separately and that vehicle density or accumulation should 

be used in both. 

 

Building on previous conclusions, this chapter’s concern was the use of MATSim, applied to 

an extended Sioux Falls network, to evaluate travel choice effects. Car and bus flows in the 

network are evaluated in the context of the choices of mode, route, and departure time made 

by agents using vMFDs and pMFDs. It was found that both the pMFD and vMFD reflected the 

expected improvements due to different choice combinations. It is found that mode choice and 

departure time shifting had reasonable effects on improving the MFD, whereas route choice 

did not. The greatest effect was for departure time shifting together with mode choice, which 

largely improved both the pMFD and vMFD. This may be because the assumed flexible 

mode/departure time shifting without any bus capacity/arrival time constraints. Changing car 

use ratio with departure time shifting kept the network operating in the first stage of the MFD 

(free-flow stage) in both pMFDs and vMFDs, showing reasonable increases in maximum 

passenger flow. However, maximum vehicle flow was not increased. This supports that both 

the vMFD and pMFD should be used in a full evaluation. The pMFD form proposed here 

assisted the evaluation of multimodal network that is more complex and an ongoing hot topic. 

This chapter has proposed one of the simple and efficient methods to evaluate it. Transport 

operators may need such simplified ways with few possible variables that can be handled for 

use in real world practice. 

 

Using pMFD and vMFD, a range of car use ratio that may improve network performance were 

obtained. Traffic control that can produce the optimum modal share of cars is a future research. 

However, the proposed model can suggest the possible range where the optimal strategy lies, 

and it can contribute to save some computational costs. Although the proposed approach is 

promising, more research is needed. Research is currently conducted in a simulated traffic 

environment. Although it is accepted that generating evidence from empirical studies on the 

MFD is challenging because of the detailed data required (such as traffic counts, passenger 

counts, vehicle occupancies, and OD matrix), empirical analyses of multimodal networks using 

real data sets are needed. 
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CHAPTER4 
 

4. QUANTIFICATION OF THE HYSTERESIS OF MACROSCOPIC 
FUNDAMENTAL DIAGRAMS AND ITS RELATIONSHIP WITH THE 
CONGESTION HETEROGENEITY, PERFORMANCE AND TRAVEL 
TIME RELIABILITY OF A MULTIMODAL NETWORK 

 

4.1.Introduction 

 

As illustrated in chapter 2, recent studies have observed hysteresis loops in the MFD that is, 

for the same network density, higher network flows occur during congestion onset than during 

congestion offset. In chapter 3, MFD were used to qualify the effect of route, mode, and 

departure-time choices on multimodal network performance based on simulation results. 

However, a quantitative evaluation of MFD loops was not provided. Quantifying MFD 

hysteresis loops and correlating them to different traffic characteristics may help in comparing 

the effects of different management strategies on network performance, leading to more 

appropriate management decisions. The existing literature has mainly discussed correlating 

MFD loop width (difference in density) and height (capacity drop) with congestion 

heterogeneity, but has failed to prove a relationship between the capacity drop and traffic 

conditions. Little attention has been paid to the relationship between MFD loops with network 

performance and travel time variability. Travel time variability (TTV) has a significant effect 

on the performance of transportation systems. When evaluating the effect of traffic 

management strategies, it is critical to characterize the TTV as well as the traffic flow and 

density. However, recent studies also indicated hysteresis loops in travel time variability 

diagram (TTVD) that relates average travel time to its standard deviation. In particular, for 

journeys with the same average travel time, the TTVs for departures as congestion dissipates 

are higher than the TTVs for departures during congestion onset. Therefore, it is needed to 

investigate the relationship between TTVD and MFD diagram. Moreover, a quantification of 

the MFD loop in complex multimodal networks has not been investigated in the literature.  

 

The objective of this chapter is thus to quantify MFD hysteresis loops and their relation with 

congestion inhomogeneity (standard deviation of density), network performance (represented 

by average passenger travel time), and travel time variability. These relationships were 
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investigated based on multi-agent simulation results, for the Sioux Falls network with different 

mode-share ratios (car and bus users). Moreover, the MFD loop was divided into two parts by 

looking at loop transitions (according to congestion onset and offset periods). It is suggested 

here that looking at these transition points may help in answering the question why the effect 

of capacity drop has not been found in the literature; it may have existed at some interval but 

not have been detected when looking at overall loop intervals.  

 

Section 4.2 reviews the MFD hysteresis phenomena. section 4.3 discusses the efforts in 

characterization of MFD loops, sections 4.4 provide a suggested criteria for MFD loop 

partitioning, sections 4.5, 4.6 and 4.7 respectively present the relationship of MFD hysteresis 

loop with standard deviation of density, network performance and travel time variability 

diagram. Then section 4.8 provides the conclusion of this chapter.  

 

4.2. Hysteresis phenomena 
 

Hysteresis is a phenomenon may occur in various systems (it has been found in physical, 

mechanical, ecological and biological systems). For any system, hysteresis exist when a 

looping behaviour of the input-output graph is occured. Generally, hysteresis refers to a relation 

between two scalar time-dependent quantities that cannot be expressed in terms of a single 

value function, but takes the form of loops (Morris, 2011). Early investigation of hysteresis 

phenomena in traffic engineering field belongs to Edie (1963) and Treiterer and Myers (1974). 

They illustrated the hysteresis of the speed-density relationship according to acceleration and 

deceleration. Detailed illustration of traffic hysteresis characteristics can be found in (Zhang, 

1999). Recently, Ji et al. (2010) performed a simulation of a combination of an urban arterial 

and an urban freeway and found that during congestion onset and offset, the MFD was scattered. 

Buisson and Ladier (2009) used empirical data on Toulouse and showed that the MFD might 

have a hysteresis. They summarized the following possible reasons for such hysteresis: 

 

 Differences between highways, surface streets, city center and suburban roads. 

 When demand is not distributed uniformly, congestion may occur in only some parts 

of the network. 

 Differences in data-measurement locations: some loops are located near traffic signals, 

and some are much farther away. 
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For urban networks, Mazloumian et al. (2010) showed by simulation that the variance in 

density over different locations was an important factor when determining total network 

performance. They concluded that, “an inhomogeneity in the spatial distribution of car density 

increases the probability of spillover, which substantially decreases the network flow.” Later, 

Geroliminis and Sun (2011b) confirmed the findings of Mazloumian et al. (2010) using 

empirical data from the Yokohama metropolitan area. Daganzo et al. (2011) showed that 

turning at intersections was the key reasons for the drop in the performance with unevenly 

spread congestion. Gayah and Daganzo (2011) tested the effects of driver adaptivity on MFD 

hysteresis for a homogeneous square-grid network simplified as a two-bin network. They 

concluded that, when congestion resolved, it did not do so instantaneously at all locations; 

however, it did resolve completely from one side of the queue, causing clockwise hysteresis 

loops in the MFD. They also concluded that these clockwise hysteresis loops should be 

expected, even under conditions of perfect network symmetry with uniform demand, and that 

they will diminish when drivers avoid congestion by an adaptive re-routing process. They 

suggested that the presence of highly adaptive drivers might explain why no hysteresis loop 

existed in Yokohama, and they expected the Yokohama network to exhibit a clockwise 

hysteresis loop if it was subjected to disturbances. Knoop et al. (2012) concluded that 

congestion resolution would increase the spatial variance of the accumulation and thus 

(relatively) decrease the performance. To consider the spatial inhomogeneity, Knoop (2013) 

proposed a generalized MFD (GMFD) that related the average flow to both the average density 

and the inhomogeneity of density (the standard deviation of the densities in different links). 

They showed that weighted flow was a continuous function of the weighted density and the 

inhomogeneity of density and they described hysteresis patterns using this function. Their 

results were consistent with many other studies (e.g., Mazloumian et al., 2010 ) and MFDs may 

have a scatter in which multiple flows may be observed for a given value of density. 

 

In response to the appearance of MFD hysteresis loops, some researchers had developed 

clustering algorithms to divide the network into homogeneous sub-networks to get low 

scattered MFD (e.g., Ji and Geroliminis, 2011; Ji and Geroliminis, 2012). Overview of relevant 

research can be found in (Jain, 2010). Qian (2009) suggested that the size of the drop in MFD 

loops when congestion resolves (the difference between the values of flow accompanying a 

certain value of density) could reflect congestion severity. Additionally, Knoop et al. (2012) 

concluded that the hysteresis loops in a MFD were an effect by themselves. Nevertheless, there 
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has been limited research concerning the relationship between MFD hysteresis loops and traffic 

conditions, as detailed below. 

 

4.3.Characterization of MFD hysteresis loops 
 

Saberi and Mahmassani (2012) investigated the effect of the spatial and temporal distribution 

of congestion on the form and characteristics of MFD hysteresis loops based on loop detector 

data for Portland and found a scattered pattern in the MFD when the spatial distribution of link 

densities was inhomogeneous. Also, Gayah and Daganzo (2011) characterized hysteresis loops 

by their direction of formation: ‘clockwise’, ‘counter-clockwise’, and ‘figure-eight’.  

 

Later, Saberi and Mahmassani (2013) investigated hysteresis and capacity drop phenomena in 

three different freeway networks in the US using loop detector data. They identified two types 

of capacity drop: capacity drop while the network was loading due to the network’s inability 

to sustain its throughput at its peak value for a relatively long time; and capacity drop associated 

with network instability during a reloading process such as the afternoon loading period after 

an incomplete recovery from the morning peak period. They observed two loop shapes on both 

freeways. A loop was associated with unstable recovery of a network in which the average 

network flow constantly decreased when the average network occupancy decreased. Another 

loop shape was observed when the network was recovering, and the average network flow 

remained roughly unchanged when the average network occupancy decreased. They tried to 

correlate the size of the hysteresis loop and the standard deviation of network occupancy during 

the recovery phase. They found a very weak correlation between the standard deviation of 

network occupancy and both the width and height of the hysteresis loop. However, they found 

that the hysteresis loop area (by multiplying the width and height of the loop) correlated with 

a congestion homogeneity index (the difference between the number of congested and 

uncongested links divided by the total number of links in the network) with a correlation 

coefficient of 0.77. Shi and Lin ( 2014) used loop detector data to investigate the characteristics 

of MFDs for an urban expressway network in Shanghai, China. They explored factors that 

affected the characteristics of hysteresis loops. Using two days’ data, resulting in four different 

hysteresis loops, they found a direct correlation between the width of the hysteresis loop and 

the mean speed, meaning that when congestion of the network was more severe, wider 

hysteresis loops formed. However, they also found no correlation between the capacity drop of 

a hysteresis loop and the mean speed. 
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Although these studies (Saberi and Mahmassani, 2013; Shi and Lin, 2014) used different 

variables (standard deviation of network occupancy and mean speed, respectively), there was 

a direct inverse relationship between these variables when looking at a specific regime (loading 

or recovery period). In the loading process, the flow and density increased rapidly, the standard 

deviation of density was relatively low, and the average speed was relatively high (congestion 

did not happen). When the congestion dissipated, the densities of many links decreased. 

However, some high-density links, still in congestion, led to higher standard deviation of 

density among links. Moreover, flows on high-density links were low with congestion and the 

flows of low-density links were definitely low. Meanwhile, the average network speed in the 

recovery period was lower because of congestion, which also led to lower network flow. This 

means that both studies reflect the same result, that capacity drop was independent of the traffic 

situation. 

 

Orfanou et al. (2012) correlated capacity drop, acceleration, and spacing to hysteresis shape 

based on vehicle trajectory data observed by video cameras on the I-80 freeway in San 

Francisco. They identified determinants that affected the shape of hysteresis and related them 

to two driver-behavior classes: aggressive and timid. They classified the loops into two 

categories and concluded that aggressive behavior by the following vehicle resulted in a 

counter-clockwise hysteresis loop, whereas timid behavior resulted in a clockwise hysteresis 

loop. The spacing and acceleration of the following vehicle at the end of the hysteresis were 

found to be dominant, while the capacity drop between the onset and offset of hysteresis was 

the least influential factor and could not fully describe the hysteresis loop in terms of its form 

or duration. Recently, Muhlich et al. (2015) used MFDs to compare traffic performance on 

various idealized hierarchical urban networks consisting of local and arterial streets using 

microsimulation. They differentiated arterials from local streets by additional travel lanes and 

additional green time at intersections. Using the size and shape of hysteresis loops, they found 

that the presence of arterials had a significant impact on the spatial distribution of congestion 

in the network. They subjectively compared networks based on the width and height of 

hysteresis loops (a superior network has a smaller width and height). However, they did not 

investigate the quantitative relationship between the size of hysteresis loops and congestion 

inhomogeneity. 

 

Like MFD hysteresis loop, Fosgerau (2010) proved the existence of a hysteresis loop in the 

relationship between average travel time and its variance (for journeys with the same average 
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travel time, the variance for departures as congestion dissipates are higher than the variance for 

departures during the onset of congestion). MFD and TTV are two important indicators of the 

performance of a transport network, and both have been extensively studied. However, 

simultaneous research using both indicators is scarce because of their unclear relationship. 

Relevant research on MFD and TTV measures and their relationship is discussed below.  

Travel time variations due to the growth of traffic congestion has motivated research into travel 

time reliability analysis, which has yielded various definitions and measures for travel time 

variability and reliability (e.g., van Lint et al., 2008). These include travel time percentile, 

buffer index, planning time index, frequency of congestion, standard deviation (variance) of 

travel time, coefficient of variation, percent variation, and so on. However, all these measures 

are closely related to the variation of travel time. The average and standard deviation (variance) 

of travel time are generally used to describe travel time reliability, and much research has 

focused on the TTV effect on travel choices (e.g., Brownstone and Small, 2005; Bates et al., 

2001). Also, several studies (e.g., Brownstone and Small, 2005; Lam and Small, 2001) have 

reported that people value both travel time and its variability in their travel behavior. These 

studies suggested that travel time reliability is an important performance indicator of transport 

system efficiency and has a marked effect on travel behavior. Consequently, TTV metrics have 

been incorporated into travel choice models (e.g., Lam and Small, 2001).  

 

However, determining the standard deviation of travel time is difficult, and it has been 

suggested that it should be estimated from travel time observations. In the absence of traffic 

congestion, a short average travel time is usually accompanied by a low standard deviation. 

While congestion propagates, average speed decreases and vehicle interactions increase, which 

accentuates fluctuations in travel time (Prigogine and Herman, 1971). TTV reportedly 

increases in proportion to average travel time. Taylor (1982), using collected data from public 

transit in Paris, found that the average travel time is proportional to its standard deviation, and 

Mahmassani et al. (2012) reported a linear relationship between travel time and its standard 

deviation using both simulation (using DYNASMART) and real vehicle trajectory data on 

Irvine, the Baltimore–Washington Corridor and New York City, US. TTV estimation and 

prediction at both the segment and link levels (e.g., Hasan et al., 2011) and at the path level 

(e.g., Lyman and Bertini, 2008; Rakha et al., 2006) has also been investigated. Some of these 

studies show that travel time distribution is affected by average demand level and speed–flow 

relationship; i.e., TTV depends on the traffic density and flow on the road. All the above studies 

focused on the link and path levels. At the network level, Mahmassani et al. (2013) analytically 
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demonstrated a relationship between MFD and TTVD in the presence of a linear relationship 

between travel time and its standard deviation.  

 

Characterization of MFD and TTVD facilitates evaluation of feasible control strategies. If 

MFD and reliability were correlated, they would provide an overall view of network efficiency. 

However, as the TTVD might not be a simple proportion (travel time and its standard deviation 

are not proportionally correlated), its relationship to MFD is more complex. Bates et al. (2003) 

observed counter-clockwise hysteresis loops in the relationship between average travel time 

and its variance on a highway. Fosgerau (2010) theoretically proved the existence of these 

counter-clockwise loops at isolated bottlenecks based on the Vickrey model (Vickrey, 1969). 

Mahmassani et al. (2013) simulated four urban networks in the US based on both loop detector 

and probe data. They found that the mean travel time (per unit distance) and its standard 

deviation were linearly related and that these were correlated with the MFD. Their simulation 

involved the period when congestion builds up; they did not explore the hysteresis that occurs 

during the recovery period, when congestion dissipates. Mittal et al. (2017) simulated the effect 

of vehicle-to-vehicle connectivity on travel time reliability; however, they also ignored the 

loops that occur in the TTVD.  

 

To the author’ knowledge, few researchers have investigated TTVD hysteresis. Yildirimoglu 

et al. (2013) and Gayah et al. (2014) investigated the characteristics of the hysteresis loop of 

TTVD focusing on day-to-day travel time variability. “If all days have the same type of spatial 

heterogeneity, then the temporal variability of travel time will be zero (all trips starting at the 

same time on different days will have the same travel time” (Yildirimoglu et al., 2013: page 4). 

They developed an MFD using empirical data obtained by loop detectors and fitted a 

polynomial function to the empirical data. The former MFD revealed a clockwise hysteresis 

loop, whereas the latter showed no hysteresis. Although the two TTVDs are not identical, both 

exhibited a counter-clockwise hysteresis loop. The authors concluded that the clockwise loop 

in the MFD is not the only reason for the counter-clockwise loop in the TTVD. However, its 

existence might affect the size and the shape of the hysteresis in the TTVD. Although this result 

highlights the importance of the correlations between loop sizes, they did not investigate the 

relationship between the sizes of the two loops. They argued that the TTVD loop is generated 

across time not across space, like the MFD loop. However, this dissertation  suggest that for a 

specific time of day, both loops can be correlated. They additionally noticed that “there are 

specific times of a day that belong to onset for some days and offset for others and other times 
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that might experience no delay or a high delay with significant probability.” Consequently, 

according to the authors, their theoretical analysis of morning commuting time (among 

different days) does not describe stochastic behavior. This is a research priority and is 

considered in this chapter.  

 

4.4.Suggested MFD loop partitioning  

 

Based on (Saberi and Mahmassani, 2013) and Shi and Lin (2014), this dissertation represented 

hysteresis loops by width (difference in density), height (capacity drop), and area. Moreover, 

the loops were decomposed into congestion onset and offset times (associated with the 

maximum flow and loop start points). The reason for doing so was derived from the important 

results found by Xu et al. (2014). They developed an automatic calculation method to extract 

hysteresis loops from network flow-density data by looking at loop transitions, which are 

constituted by the maximum average network flow, start and end points of the hysteresis loop 

and its direction. Their results showed higher spatial spreads of density during the starting point 

of the hysteresis loop. Thus, it is suggested here that looking at these transition points may help 

in answering the question of why the effect of capacity drop has not been found in the literature; 

it may have existed at some interval but not have been detected when looking at overall loop 

intervals. Thus, in the next subsections, it is suggested to divide loop area into two parts (Figure 

4.1) according to different transition points. This chapter will also test the relationship 

considering both loading and recovery periods instead of looking at recovery period alone, as 

Saberi and Mahmassani (2013) did. 

  

Figure 4.1 Transition points on MFD loops. 
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Where, 

 

4.5.Relationship between loop metrics and standard deviation of density 

 

Different supply characteristics and different mode-choice combinations were tested to 

consider a variety of MFD loops using Sioux Falls network (Chakirov and Fourie, 2014). The 

supply characteristics of scenarios 1, 2, and 3, shown in Table 4.1, represent homogeneous 

networks where all links have the same number of lanes, with three different capacity levels. 

Different mode-choice combinations are developed in scenarios 4, 5, and 6 (the scenarios 

developed in section 3.4.2; Table 3.3; in chapter 3). The different mode-share ratios are shown 

in scenarios 4, 5, and 6 (Table 4.1). The MFDs for different scenarios are shown in Figure 4.2. 

The MATSim outputs were used to calculate the values of the weighted average network flow, 

the weighted average network density as in Equations (2.4) and (2.6) respectively(as stated in 

chapter 2), and the standard deviation of density among links are calculated using the following 

equations. 

 

                            (4.1) 

                            (4.2) 

 

where, 

 : Density of link  at time . 
 : Length of link . 
 : Set of links in the network. 
  : Average of link densities at time . 
 : Standard deviation of density at time . 
 : Average of standard deviation of density over a hysteresis loop. 

 

 

Max point : point at maximum flow 
Start point : point at loop start. 
End point : point at loop ends 
whole loop : loop with height ∆Q and width ∆k. 
Part 1 loop : congested part with height  and width . 
Part 2 loop : recovery part with height  and width . 
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Table 4.1 Scenarios of different network charactristics and different mode-choice combinations 

for Sioux Falls network. 

Scenario 

 Network characteristics Mode-share ratio 

Link 
type 

No. of lanes Free flow speed 
km/h 

Flow capacity 
veh/h Car % Bus % walk% 

Urban Highway Urban Highway Urban Highway 

Scenario 1 Urban 2 ------ 50 ------ 2000 ------ 78% 19% 3% 

Scenario 2 Urban 2 ------ 50 ------ 1500 ------ 78% 19% 3% 

Scenario 3 Urban 1 ------ 50 ------ 2000 ------ 78% 19% 3% 

Scenario 4 Urban + 
Highway 2 3 50 90 800~1000 1700~1900 58% 34% 8% 

Scenario 5 Urban + 
Highway 2 3 50 90 800~1000 1700~1900 55% 36% 8% 

Scenario 6 Urban + 
Highway 2 3 50 90 800~1000 1700~1900 52% 39% 9% 

 

 

     

                                           (a)                                                            (b) 

Figure 4.2 MFDs for different scenarios (a) morning peak, (b) evening peak. 
 

Previous research approximated the size of a hysteresis loop as the product of its width and 

height. To ensure the accuracy of this approximation, the actual size of the loop was calculated 

for a random two-thirds sample of MFDs shown in Figure 4.2 (four morning and four evening 

loops) and compared the results with the approximation. As shown in Figure 4.3, a reasonable 

coefficient of determination (R2) value found between the actual area and its approximation, 

when correlated with the standard deviation of density, the approximated area size showed 

almost the same correlation trend and accuracy as with the actual one. Thus, for simplicity, the 

approximated area (by multiplying the width and height of the loop) was used. Different 

relationships were found between the average standard deviation of density (for the recovery 
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phase only and considering both the loading and recovery phases) and loop metrics. Table 4.2 

shows the R2 values for those relationships. 

 

Table 4.2 R2 values for relations between standard deviation of density and loop metrics. 

 Whole loop Part 1 loop Part 2 loop 
(∆Q*∆k) ∆k ∆Q (∆q1*∆k1) ∆k1 ∆q1 (∆q2*∆k) ∆k ∆q2 

Average standard 
deviation of density 

(calculated over 
recovery phase only) 

0.762 0.634 0.046 0.554 0.570 -0.320 0.862 0.634 0.841 

Average standard 
deviation of density 

(calculated over 
loading and recovery 

phases) 

0.784 
 

0.721 
 

0.021 
 

0.578 
 

0.646 
 

-0.390 
 

0.902 
 

0.721 
 

0.857 
 

 

 

(a) 

   

                                         (b)                                                                 (c) 

Figure 4.3 Correlation between (a) actual versus approximated loop area, (b) the standard 

deviation of density versus actual loop area, and (c) the standard deviation of density versus 

approximated loop area. 
 

Judging from Table 4.2, the standard deviation of the density is directly correlated with the 
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correlation between the standard deviation of density and loop area and its width. For the whole 

loop area, the R2 value when the average standard deviation of density was calculated over the 

recovery period only, was 0.762. However, when the average standard deviation of density was 

calculated over loading and recovery periods, the R2 value was 0.784. Additionally, a weak 

correlation was found between loop height and standard deviation of density (as in the results 

of (Saberi and Mahmassani, 2013); (Shi and Lin, 2014); (Orfanou et al., 2012)). Although the 

overall loop area correlation to the standard deviation of density may be sufficient, dividing 

the loop into two parts provides additional insights: 

 

 The correlation between the standard deviation of density and the metrics of the Part 2 

loop are stronger than for the overall loop. That is, the Part 2 loop alone can represent 

the heterogeneity effect.   

 The correlation between the standard deviation of density and the heights of two loop 

parts (R2 = 0.390 and 0.857 for ∆q1 and ∆q2, respectively) are stronger than its 

correlation with overall loop height (R2 = 0.021). Additionally, the two heights are 

oppositely correlated to the standard deviation of density (Figure 4.4). This illustrates 

why the relationship between capacity drop and congestion inhomogenity was not found 

in previous research ((Saberi and Mahmassani, 2013); Shi and Lin, 2014; Orfanou et al., 

2012). There may be two reasons: 

1) ∆q1 is the capacity drop that occurred while demand was still high and the network 

was loading, and is associated with the inability of the network to sustain its 

throughput at its maximum value for a long time (Saberi and Mahmassani, 2013). 

During a congestion regime, more loading leads to less heterogeneity because all links 

become congested; this increased congestion causes a decrease in network flow and, 

consequently, an increase in ∆q1. Thus, ∆q1 increases with the decrease in standard 

deviation of density. 

2) ∆q2 occurred during the recovery process. During congestion dissipation, the densities 

of many links will decrease; however, some links are still in congestion, leading to a 

higher standard deviation of density among links. The flow on most links will 

decrease (due to congestion or due to low link occupancy) and, consequently, ∆q2 

will increase. Thus, the larger is ∆q2, the more heterogeneous is the congestion 

distribution during the recovery phase. 
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(a) 

   

                                  (b)                                                                   (c) 

Figure 4.4 Relationship between avarge standard deviation of density with (a) height of 

overall loop (b) height of part 1 loop and (c) height of part 2 loop. 
 

4.6.Relationship between loop metrics and network performance 

 

To compare a wide range of mode-share ratios and, consequently, a variety of network 

performance conditions, the scenarios generated in chapter 3, as shown in Table 3.3, were used 

here. The scenarios were developed by varying the marginal disutility for the car between 1.0 

and -1.0 and leaving everything else constant, allowing mode choice re-planning for 10% of 

the agents, as illustrated in Section 3.3. Note that bus fleet size and headway were constant in 

all cases. Figure 4.5 represents the relationship between the average network flow and the 

average network density for different mode choice combinations during the morning and 

evening peaks. The relationship between the size of a MFD loop and network performance 

(measured by the average passenger travel time) was tested. Using MATSim output, the 
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average passenger travel time and average passenger travel time over a hysteresis loop are 

estimated according to the following equations; 

 

                            (4.3) 

                           (4.4) 

 

Where  

 : Trip travel time of traveler  (min). 

 : Set of traveler whose departure time is . 

 : Average passenger travel time over a hysteresis loop. 

 

   

                                           (a)                                                            (b) 

Figure 4.5 MFDs for different mode-share ratios (a) morning peak (b) evening peak. 
 

The relationship between the size of a MFD loop and network performance was tested. Table 

4.3 shows R2 values for the relationships between the average passenger travel time and loop 

metrics. A direct correlation was found between the average passenger travel time and loop 

size and width. Also, a weak relationship was found between the average passenger travel time 

and overall loop height, which is the same result as the relationship between the standard 

deviation of density and whole loop height (Table 4.2). However, by dividing the loop into two 

parts, a clear inverse relationship was found between the average passenger travel time and the 

height of Part 1 of the loop (R2 = 0.701). However, a weak correlation was found between the 

average passenger travel time and the height of Part 2 of the loop (R2 = 0.510) (Figure 4.6).  
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Comparing Figure 4.4 and Figure 4.6 shows that the correlation between the standard deviation 

of density and the height of the Part 2 loop is stronger than its correlation with the height of the 

Part 1 loop, whereas the correlation between the average passenger travel time and the height 

of the Part 1 loop is stronger than its correlation with the height of the Part 2 loop. This means 

that network performance inversely affects the height of the Part 1 loop whereas the height of 

the Part 2 loop increases with the increase of the spatial spread of density. Network 

performance inversely affects the capacity drop while the network is loading, while the 

inhomogeneous spatial distribution of congestion increases the flow reduction during network 

unloading with congestion dissipation. As discussed in detail in Section 4.3, the capacity drop 

in the Part 1 loop occurs due to network loading, although it is unable to sustain its flow at its 

maximum value for long. More loading leads to a decrease in network flow correlated with an 

increase in ∆q1. While ∆q2 occurs during congestion dissipation, as some link densities 

decrease and some links are still in congestion, this leads to a higher standard deviation of 

density among links that is correlated with the ∆q2 increase. 

 

From Figure 4.5 increasing the number of car users increases the density and severity of 

congestion, as indicated by the increase in the width of the MFD loop. The scenarios of ‘78% 

Cars’ and ‘65% Cars’ (where 78% and 65% of travelers use cars, respectively) lead to more 

severe congestion and larger ∆k1. Consequently, a higher average passenger travel time occurs. 

However, ∆q1 decreases according to its inverse relationship to average passenger travel time; 

this is accompanied by a decrease in traffic flow and a large increase in density (large ∆k1). 

This increase in density can be eliminated by reducing the number of car users. The scenario 

of ‘58% Cars’ results in light congestion, indicated by a decrease in traffic flow and a small 

increase in density, accompanied by an increase in ∆q1 and, consequently, a lower average 

passenger travel time. An additional decrease in the percentage of car users, while keeping the 

bus fleet the same, would allow the network to operate with nearly free flow: see the results for 

the ‘52% Cars’ and ‘55% Cars’ modes. 
 

Table 4.3 Summary of R2 values for relationships between network performance and loop 

metrics. 

 
Whole loop Part 1 loop Part 2 loop  

(∆Q*∆k) ∆k ∆Q (∆q1*∆k1) ∆k1 ∆q1 (∆q2*∆k) ∆k ∆q2 

Average passenger 

travel time 
0.860 0.883 0.336 0.767 0.806 -0.701 0.888 0.883 0.510 
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                                           (a)                                                            (b) 

Figure 4.6 Relationship between average passenger travel time an (a) height of part 1 loop 

and (b) height of part 2 loop. 
 

4.7.Travel Time Variability and MFD Relationships. 

 

Travel time variability (TTV) has a significant effect on the performance of transportation 

systems. When evaluating the effect of traffic management strategies, it is critical to 

characterize the TTV as well as the traffic flow and density. However, few studies have 

evaluated both effects in an entire network. Many researchers (e.g., Lyman and Bertini, 2008; 

Rakha et al., 2006) have concluded that the TTV depends on the traffic density and flow. 

However, these studies focused on the link and path levels only, and research into travel time 

variability at the network level is limited. Inspired by the MFD, Mahmassani et al. (2013) 

simulated four networks based on loop detectors and probe data and suggested the existence of 

a relationship between MFD and travel time statistics, when travel time and its standard 

deviation are proportionally correlated. However, Bates et al. (2003) observed a hysteresis loop 

in the relationship between average travel time and its variance on a highway. In particular, for 

journeys with the same average travel time, the variances for departures as congestion 

dissipates are higher than the variances for departures during the onset of congestion. Also, 

Buisson and Ladier (2009) found hysteresis loops in MFDs derived from empirical 

observations of different freeways. The relationship between MFD hysteresis and the spatial 

distribution of density has been investigated (e.g., Mazloumian et al., 2010; Geroliminis and 

Sun, 2011b). However, little attention has been paid to the relationship between MFD loops 

and travel time statistics, which relates average travel time to its standard deviation referred to 

as a travel time variability diagram (TTVD).  
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Mahmassani et al. (2013) simulated only the period when congestion builds up; they did not 

explore the hysteresis that occurs during the recovery period (when congestion dissipates), and 

Mittal et al. (2017) ignored the loops that occur in the TTVD. Yildirimoglu et al. (2013) and 

Gayah et al. (2014) characterized the hysteresis loops in the relationship between average travel 

time and its day-to-day variability. Although Yildirimoglu et al. (2013) proved that MFD 

hysteresis affects the size and shape of TTVD hysteresis, they did not investigate the 

relationship between the sizes of the two loops. They noted that the TTVD loop is generated 

across time, not across space, like the MFD loop. However, it is suggested that both loops can 

be correlated at a certain time of day. Gayah et al. (2014) recommended studying the TTV 

between individuals on a given day or peak and quantifying its loop. The objective of this 

section is to establish a bridge between MFD and travel time reliability, leading to network-

wide characterization, by relating the overall TTV for a given network to a commonly used 

performance indicator (MFD). The resulting data can be used to determine the critical network 

flow and density required to guarantee a particular level of travel time reliability. Specifically, 

the relationship between TTVD hysteresis loops and MFD loops, were investigated taking into 

account traffic loading and recovery during the morning period of a multimodal network using 

a multi-agent transport simulation framework (MATSim).  

 

In this part, the recommendations of Gayah et al. (2014) were considered by studying the TTV 

between individuals on a given peak, quantifying its loop, and correlating it with MFD loops 

that did not totally covered in the literature to date. Also, taking into account traffic loading 

and recovery during the morning period of a multimodal network. The case of MFD with 

clockwise hysteresis loops was only studied because it is the most common type according to 

Gayah and Daganzo (2011). A multimodal network was evaluated under different mode share 

ratios. Different mode choice combinations (scenarios generated in chapeter3, as shown in 

Table 3.3) were used to find the average network vehicular throughput and density. Also, the 

average travelers’ travel time, its variability under different mode share ratios, and the 

correlations between these and the network parameters were determined. This work can be 

extended by finding traffic management strategies with appropriate mode share ratios to ensure 

that travel times meet reliability criteria. The TTVD were calculated based on MATSim outputs 

using the following equations: 
 

                                        (4.5) 
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                              (4.6) 

 

Where: 

 : Average travellers’ travel time during time slice ∆t (min). 
 : Trip travel time of traveller j (min). 
 : Set of travellers who finished their trips during time slice ∆t. 

 :  Total number of travellers who finished their trips during time slice ∆t. 
 : Standard deviation of travellers’ travel time during time slice ∆t (min). 

 

According to traffic flow theory, when network congestion reduces the average speed and 

increases the frequency of interactions between vehicles, the TTV and average travel time 

increase (Mahmassani et al., 2013). However, this relationship is not linear during the recovery 

period, when congestion begins to dissipate. During the morning period, a counter-clockwise 

hysteresis loop was found in the TTVD, which is similar to the clockwise loops found in the 

MFD (Figures 4.7 and 4.8, respectively). The number on each plot represents the time of day 

(e.g., 8:00 AM refers to trips completed between 8:00 AM and 8:59 AM). Figure 4.7 shows a 

clear hysteresis loop in the TTVD. This overall trend is not affected by varying the mode share 

ratio. The maximum travel time appears at 9:00 AM for all mode share ratios, and magnified 

views of the TTVD among different mode share ratios at 9:00 AM are shown on the right of 

Figure 4.7. This shows that the TTV differs according to the mode share ratio. The sharp 

decrease in the travel time standard deviation as the proportion of car users increases from 52% 

to 58% (‘52% Cars’ to ‘58% Cars’) and from ‘62% Cars’ to ‘65% Cars’ suggests the following. 

First, for low car-user percentages (‘52% Cars’ and ‘55% Cars’), the network operates with 

nearly free flow and the spatial spread of density is not heterogeneous as no congestion has 

occurred. Then, when 58% or more of travelers use cars, light congestion propagates between 

7:00 AM and 8:00 AM (Figure 2), which aggravates a light increase in the standard deviation 

of travel time at 9:00 AM, as shown on the right of Figure 4.7. Second, the sharp decrease in 

the standard deviation of travel time when car users increases from 62% to 65% (right of Figure 

4.7) is due to congestion, and the standard deviation of travel time decreases sharply when 78% 

of travelers use cars due to severe congestion (Figure 4.8). 

 

Figure 4.8 shows that decreasing the number of car users reduces the density (serving the same 

number of travelers) and reduces the severity of congestion, as indicated by the decrease in the 

width of the MFD loop. At the most congested time, 8:00 AM, the mode ‘78% Cars’ leads to 
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severe congestion. This is indicated by the decrease in traffic flow and large increase in density 

from 7:00 AM to 8:00 AM. The increase in density during this period can be eliminated by 

reducing the number of car users. Indeed, ‘58% Cars’ results in light congestion from 7:00 AM 

to 8:00 AM, as indicated by a decrease in traffic flow and a small increase in density. An 

additional decrease in the percentage of car users while keeping the bus fleet unchanged would 

allow the network to operate with nearly free flow; see the results for ‘52% Cars’ and ‘55% 

Cars’. With regard to changes in plots over the day, the congestion at 8:00 AM aggravates the 

higher average travel time at 9:00 AM for all mode share ratios (Figure 4.7). Then, during the 

recovery period (9:00 AM to 10:00 AM), the standard deviation of travel time for ‘78% Cars’ 

and ‘65% Cars’ increases markedly (Figure 4.7). After 10:00 AM, both the average and 

standard deviation of travel time decrease as congestion dissipates. Overall, Figures 4.7 and 

4.8 show small variations in average network density (among different modal share ratios) at 

7:00 AM as the network is operating freely without congestion. However, average network 

flow and density vary markedly for trips completed at 8:00 AM, whereas average travel time 

and its standard deviation do not. The fluctuations in average travel time and its standard 

deviation are aggravated at 9:00 AM and 10:00 AM during congestion resolution. After 

congestion resolution (i.e., after 10:00 AM), the fluctuations in average travel time and its 

standard deviation decrease. 

 

In the absence of hysteresis loops, Mahmassani et al. (2013) found that an MFD is clearly 

correlated with a TTVD (represented as a linear relationship between the average travel time 

and its standard deviation). To test the correlation between the hysteresis of the TTVD and 

MFD loops, the following analyses were performed. First, to quantify the hysteresis loops of 

the TTVD and MFD, the areas of both loops, which approximated as the product of the vertical 

and horizontal sizes of the loop, were compared. Calculated coefficients of determination (R2) 

show strong correlations between loop sizes and their components, specifically the differences 

in flow, density, and the average and standard deviation of travel time (loop height and width). 

Second, the problem was decomposed into congestion building and dissipating times. These 

components were remarkably correlated: the maximum network flow was inversely correlated 

with the maximum standard deviation of travel time, and the maximum network density was 

proportionally correlated with the maximum travel time. This relationship holds for all mode 

share ratios, the network flow decreases as the TTV increases, and the travel time increases 

with increasing network density. Table 4.4 lists the R2 values for these relationships. 
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In light of these correlations, the two diagrams were combined, plotting the standard deviation 

of the travel time against the network flow and density. The combined diagrams show the 

existence of a critical network flow and density at which the network becomes congested. 

Beyond these values, the TTV increases sharply (Figures 4.9 and 4.10). These diagrams 

provide useful information regarding the appropriate mode ratio. Figure 4.9 shows that the 

standard deviation of travel time dramatically increases after 8:00 AM with ‘78% Cars’ and 

‘65% Cars’, compared to with ‘58% Cars’ and ‘62% Cars’. Also, the left side of Figure 4.10 

shows that for ‘58% Cars’ and ‘62% Cars’, at which the densities are 30 and 40 veh/km, 

respectively, the deterioration of the standard deviation of the travel time (between 8:00 AM 

and 9:00 AM) is less than that for higher proportions of car users (between 8:00 AM and 10:00 

AM). The recovery periods are also shorter (Figures 4.9 and 4.10) when 58% or 62% of 

travelers use cars, the congestion window ends at 9:00 AM rather than 10:00 AM for ‘78% 

Cars’ and ‘65% Cars’. The right side of Figure .10 shows a decrease in the standard deviation 

of travel time (from 1408 to 1315 min) with increasing network density (from 29 to 40 veh/km) 

when the proportion of car users increases from 58% to 62%. Moreover, the standard deviation 

of travel time decreases (from 1315 to 1248 min) with increasing network density (from 40 to 

53 veh/km) when the proportion of car users increases from 62% to 65%. However, network 

flow increases from 411 to 484 veh/h when the proportion of car users increases from 58% to 

62%, whereas it decreases from 484 to 433 veh/h when the proportion of car users increases 

from 62% to 65% (Figures 4.9). 
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Figure 4.7 Loops of travel time variability. 
 

Figure 4.8 Loops of macroscopic 

fundamental diagrams. 

Figure 4.9 Flow–travel time variability 

diagram. 
 

 

  

Figure 4.10 Density–travel time variability diagram. 
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Table 4.4 R2 values for relationships between TTVD and MFD hysteresis loops. 

Correlated Variables TTVD 
Loop Area 

TTVD Loop 
Height 

TTVD Loop 
Width 

Max. SD of 
Travel Time 

Max. Travel 
Time 

MFD Loop Area 0.78     
MFD Loop Height  -0.83    
MFD Loop Width   0.91   

Max. Network Flow    -0.72  
Max. Network Density     0.90 
 

Thus, reliability can be improved by maintaining the proportion of car users at 58–62% and 

keeping the network density at 29–40 veh/km (Figures 4.9 and 4.10). More reliable conditions 

and higher densities can be achieved by allowing up to 65% of car users; however, this reduces 

the flow rate. Any further increase in the percentage of car users would produce severe 

congestion (see the results for ‘78% Cars’ in Figure 4.8). However, a change in the percentage 

of car users, while keeping the size of the bus fleet unchanged, may produce severe bus 

crowdedness. To evaluate the bus load/capacity ratio, bus loads for different mode share ratios 

at different hours were calculated and compared with the hourly bus capacity. The hourly bus 

capacity of the entire network is calculated based on operated bus frequencies (five bus lines 

with a 5-min headway; as illustrated in Section 3.2). The number of seats per bus was assumed 

to be 38, with space for an additional 52 standing passengers. Figures 4.11 and 4.12 show the 

bus occupancy ratio (bus load divided by bus capacity) for seated and standing passengers. An 

occupancy ratio of 1 means that buses are fully occupied, and an occupancy ratio >1 means 

that buses are loaded to more than capacity. Figure 4.11 shows that buses are overloaded for 

all mode share ratios during the morning and evening peaks (except ‘78% Cars’ during the 

morning peak). However, when standing passenger capacity is considered during the morning 

peak, only ‘52% Cars’ and ‘55% Cars’ cause bus overloading (Figure 4.12). When car users 

comprise 58% and 62% of all travelers, the bus occupancy ratio is ~ 80%, meaning that the 

standing capacity is not fully used. Theoretically, this is not a severely unreliable condition 

while buses have unused standing capacity. This reliability level depends on the acceptance of 

standing by travelers, which may be considered by adding a disutility parameter to the random 

utility model. 
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Figure 4.11 Bus load/capacity ratio for seated travelers. 

 

 
Figure 4.12 Bus load/capacity ratio considering standing travelers. 

 

4.8.Summary and conclusions 

 

MFDs that relate the average network density and flow have been used in the literature for 

network performance evaluation. However, it is difficult to attain low scattered MFDs in real-

world city-scale networks: instead, recent studies have suggested more complex MFDs that 

exhibit a hysteresis loop. In particular, for the same network density, a higher network flow 

occurs during congestion onset than during congestion offset. Investigating the relationship 

between these loop sizes and network performance is of great importance in comparing the 

effect of different management strategies. This chapter investigated quantifying MFD 

hysteresis loops and the relationship between the size of this loop and congestion heterogeneity, 

network performance and travel time variability diagram in multimodal networks. 
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The MFDs were estimated for traffic conditions associated with different mode-share ratios 

(car and bus users) on the Sioux Falls network, based on a multi-agent transport simulation. 

Mode choice was based on a random utility model with an agent-based stochastic user 

equilibrium. The goal was to compare traffic conditions associated with different mode-share 

ratios, based on MFDs, and, consequently, evaluate the effect of different management 

strategies on network performance in the presence of a hysteresis loop. First, a quantification 

method for MFD loops was evaluated. Previous research (Geroliminis and Sun, 2011b; Mittal 

et al., 2017) has approximated hysteresis loop area as the product of its width and height. To 

ensure that this approximation does not affect result accuracy, I calculated the actual loops’ 

areas for a sample of the developed MFDs and compared the results with the approximation. 

Second, I correlated loop dimensions with the standard deviation of density (representing 

congestion heterogeneity), the average passenger travel time (as an indicator of multimodal 

network performance) and travel time variability. Moreover, the problem was decomposed into 

its components by dividing loop area into two parts, according to congestion onset and offset 

times (associated with the maximum flow point and loop start points during network recovery). 

I tested the effect of partitioning loop area, based on the important results found by Xu et al. 

(2014), who concluded that a higher spatial spread of density occurred during the starting point 

of the hysteresis loop. 

 

By correlating with the standard deviation of density, the approximated area showed almost 

the same correlation trend and accuracy as did the actual area. It is concluded that a hysteresis 

loop’s width (difference in density), its height (capacity drop), and its area (by multiplying the 

loop’s width and height) are representative metrics for MFD loops. Different relationships were 

found between the average standard deviation of density and loop metrics. It is concluded that 

the average standard deviation of density should be calculated over both loading and recovery 

periods, and not for the recovery period alone, especially for loops covering a long period. 

Dividing loop area into two parts according to congestion onset and offset times (upper and 

lower parts, respectively) provides some important insights. The partitioning criteria for a 

loop’s area suggested in this chapter are helpful for understanding a number of relationships 

that have not been found in the literature. It was found that the correlation between the standard 

deviation of density and the loop’s lower part is stronger than its correlation with the overall 

loop. That is, the lower part of the loop alone can represent the heterogeneity effect. It is also 

found that the correlation between the standard deviation of density and the heights of both 

loops’ parts was stronger than the correlation with overall loop height. This is because the two 
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heights have opposite effects on the standard deviation of density, which affects the correlation 

with the overall loop height. This illustrates why no relationship between capacity drop and 

congestion inhomogenity has been found in previous research (Geroliminis and Sun, 2011b; 

Mittal et al., 2017; Yildirimoglu et al., 2013), as interpreted in detail in Section 4.5. 

 

For network performance, a clear inverse relationship was found between the average 

passenger travel time and the height of the upper part of the loop (R2 = 0.70), while it was 

weakly correlated with the height of the lower part of the loop (R2 = 0.51). Additionally, useful 

conclusions were reached when comparing the correlation between the metrics of the MFD 

loop and both the standard deviation of density and the average passenger travel time. It was 

found that the standard deviation of density was strongly correlated with the height of the lower 

part of the loop while the average passenger travel time had a strong inverse correlation with 

the height of the upper part of the loop. It is concluded that the height of the upper part of the 

loop is sensitive to the average passenger travel time whereas the height of the lower part of 

the loop is more sensitive to the standard deviation of density. That means that the  network 

performance inversely affects the capacity drop while the network is loading, whereas the 

inhomogeneous spatial distribution of congestion increases the flow reduction during network 

unloading with congestion dissipation. These findings may help in using the hysteric MFDs 

that are expected for city- scale networks.  

 

For travel time variability, the simulation performed in this chapter confirmed the existence of 

counter-clockwise hysteresis loops in the relationship between travel times and their variability 

and also confirmed their correlation with MFD hysteresis loops. The simulation results 

confirmed that the shapes of the TTVD and MFD loops are independent of the mode share 

ratio. The overall travel time reliability experienced by users traveling in a multimodal network 

is related to the network-wide average flow and density. Reasonable relationships were found 

between the sizes of the MFD and TTVD hysteresis loops. Combined diagrams showing the 

standard deviation of travel time against the network flow and network density were generated. 

These diagrams suggest the existence of a critical network flow and density during congested 

periods. Beyond these values, the TTV increases sharply. The corresponding deterioration in 

travel time reliability depends on the ratio of car users in the network. These results provide 

insight that will enable road authorities to improve traffic management by making tradeoffs 

between the maximum flow/density and the required travel time reliability. Transport operators 

may need such simple methods that are useful under real-world conditions. The reached results 
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suggest a range within which the optimal mode share ratio is located, which will reduce 

computational costs. Although the results are promising, empirical evidence from multimodal 

networks, using real data sets is needed. Control of traffic to generate the optimum modal share 

of cars will be the subject of next chapter. 
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CHAPTER 5  
 

5. EFFECT OF DIFFERENT ROAD PRICING STRATEGIES ON A 
MULTIMODAL NETWORK BY MFD HYSTERESIS-BASED 
ANALYSIS 

 
5.1.Introduction 

 

In the previous chapter, a quantification of MFD hysteresis loop is estimated and strong 

relations found to network performance. Therefore, considering MFD hysteresis loop in traffic 

control management is important. Road congestion pricing is one of the most important and 

effective traffic control strategies toward congestion reduction. The advantage of congestion 

pricing over other travel demand management policies is that it encourages individuals to adjust 

all aspects of their behavior: number of trips, destination, mode of transport, time of day, route, 

and so on, as well as their long-run decisions on where to live, work and set up business. By 

intelligent transportation system (ITS) technologies (e.g., electronic toll collection, ETC), 

various congestion pricing strategies can be implemented. Pricing models may expect the effect 

of these strategies to determine the proper one to implement. Traditional congestion pricing 

models rely on link travel cost functions and assumed steady-state traffic conditions or constant 

demand-supply functions, which may not represent the practical traffic conditions of city-scale 

urban networks. Recent studies on the macroscopic fundamental diagram (MFD) showed that 

it is a promising tool for investigating traffic control strategies (e.g., Knoop et al., 2012; Zheng 

et al., 2012; Zheng et al., 2016). The MFD may have a potential to provide a simpler way to 

assess traffic control impacts on the transportation network. Therefore, there are several studies 

have been using MFD to evaluate the performance of transportation networks with road pricing 

schemes (e.g., Knoop et al., 2012; Zheng et al., 2012). Zheng et al. (2016) studied a time-

dependent area-based pricing and have updated pricing value based on the critical density 

appeared in MFD. They focused on travelers’ heterogeneity and their travel choices due to 

different pricing values.  

 

Existing studies that discuss road pricing schemes using MFD have relied on a well-defined 

(or low-scattered) MFD. However, a hysteretic MFD may exist in real-world conditions of 
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city-scale networks as discussed in the previous chapters. In such case, evaluating congestion 

pricing scheme based on idealized and well-defined MFD curves may provide improper results. 

To author’ knowledge, there is no research in the literature concerning about evaluating 

congestion pricing schemes considering MFD hysteresis. The objective of this chapter is 

evaluating the effect of different pricing strategies on a multimodal network performance 

considering the characteristic of MFD hysteresis loops. Different pricing schemes were 

evaluated and the network performance was compared based on MFD shape in the presence of 

MFD hysteresis loops. These strategies are tested on a multimodal (cars and buses) network 

using a multi-agent transport simulation (MATSim). Next section provides literature reviews 

for research that are relevant to road congestion pricing schemes. Section 5.3 illustrates the 

methodology followed to develop different pricing schemes. The steps followed for determine 

the pricing location, pricing time and optimum pricing value are described in Sections 5.4, 5.5 

and 5.6 respectively. Section 5.7 proposed a feedback-type pricing scheme considering MFD 

loop size. Finally, Section 5.8 provides the main conclusions of this chapter. 

 

5.2.Background on road pricing 

 

After the pioneering study by Pigou (1920) who developed the static marginal cost pricing 

(MCP) models, road pricing has been extensively investigated during last decades. The MCP 

assumes a constant demand-supply relationship which is impractical because of the expected 

difference in travel times/costs for peak and off-peak periods (de Palma and Lindsey, 2011; Al 

Rawi et al., 2012). Many modeling improvements have been developed over the years such as 

bottleneck models that defined congestion as a queue at a bottleneck (e.g., Vickrey, 1969; 

Verhoef, 2002; Arnott, 2007) and models that derived user equilibria of route choices 

considering the cost of pricing (e.g., Lou et al., 2010; Wu et al., 2011). Some other models such 

as second-best pricing models have tried to consider demand elasticity and real-world 

conditions, by apply pricing to some bottleneck links (e.g. Verhoef, 2002; Arnott et al., 1990; 

Small and Yan, 2001). de Palma and Lindsey (2011) provided a summary of the models on the 

first- and second-best pricing models and Small and Verhoef (2007) provided an overview of 

the extensions of the bottleneck and small network models.  

 

To consider the heterogeneity of users, researchers have utilized the previous models with 

distinguishing travelers who have different value of times (VOT) (e.g., van den Berg and 

Verhoef, 2011; Qian and Zhang, 2013; Tian et al., 2013). Other researchers (e.g., Yang and 
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Zhang, 2002; Yin and Yang, 2004) have included some social and spatial equity constraints to 

optimize road pricing for multimodal networks. Lawphongpanich and Yin (2010); Nie and Liu 

(2010); Xiao et al., (2013) used Pareto improving approaches assuming that not all travelers 

have negative effects due to road pricing. Maruyama and Sumalee (2007) compared the 

performance of cordon pricing and area pricing schemes in terms of their efficiency and equity 

and Zhu et al. (2013) developed a theoretical framework to consider equity. Wu et al. (2012) 

and Xiao et al. (2013) analyzed pricing effect on different income groups by developing 

income-based pricing strategies. In short, current road pricing models have mostly utilized link 

travel cost functions that limit considering traffic dynamics, especially on large-scale urban 

networks. Most of those studies assumed a steady-state traffic condition or fixed demand-

supply relationships.  

 

To consider overall network-wide traffic conditions, Geroliminis and Levinson (2009) showed 

that the total delay cost is sensitive to small flow variations and depends on the congestion 

severity and the initial traffic conditions. They combined a macroscopic traffic model with 

Vickrey’s model (Vickrey, 1969) to determine traffic equilibrium in the congested network 

when no pricing and cordon-based pricing are applied. They found shorter optimal pricing 

duration and higher delay savings can be accomplished compared to the traditional bottleneck 

model. To simplify network-wide traffic conditions, Geroliminis and Daganzo (2008), among 

others, found a well-defined relationship between average network flow and density referred 

to as MFD that can represent traffic conditions of an urban network on an aggregated level. 

Furthermore, Zheng et al. (2012) showed that traffic conditions represented by MFD are 

consistent with the conditions applied in the urban congestion economic models by (Arnott, 

2007; Small and Chu, 2003; Arnott and Inci, 2010). Since that many studies have employed 

MFD for the development of traffic management strategies such as perimeter control-gating 

measures (Keyvan-Ekbatani et al., 2013; Geroliminis et al., 2013), routing strategies (Knoop 

et al., 2012) and motorway management (Chow, 2015).  

 

Recently, some researchers investigated pricing models using MFD (Zheng et al., 2012; Zheng 

et al., 2016; Geroliminis and Levinson, 2009; Zheng and Geroliminis, 2013; Gonzales and 

Daganzo, 2012). Simoni et al. (2015) derived the optimal pricing using MFD and marginal cost 

theory and Zheng et al. (2012) studied a cordon pricing during the peak hour based on MFD. 

They have used a multi-agent simulation tool and found that the scheme properly reduced 

congestion with high travel time savings. Zheng and Geroliminis (2013) concurrently applied 
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dynamic pricing with dynamic road space allocation for different modes using MFD. Zheng et 

al. (2016) investigated area-based pricing effect on a multimodal network considering user 

heterogeneity. They described the congestion level by MFD in the same manner like Zheng et 

al. (2012) with differentiating two groups of users with respect to their value-of-time using 

agent-based simulation. Their pricing scheme also showed a reasonable efficiency in 

congestion reduction.  

 

Nevertheless, it has been broadly shown empirically and through simulation that the MFD may 

not follow a well-defined curve showing a scattered MFD (e.g., Buisson and Ladier, 2009; 

Gayah and Daganzo, 2011). They found that multiple flows may be observed for a given value 

of density, and the flows during the onset of congestion differ significantly from those during 

the dissipation of congestion (referred to as hysteresis loop). MFD hysteresis loops may appear 

when congestion does not occur uniformly throughout the network (Buisson and Ladier, 2009). 

Gayah and Daganzo (2011) tested the hysteresis on MFD in a simplified two-bin network and 

concluded that the existence of a MFD hysteresis loop can be expected even on a symmetric 

network with uniform demand. Thus, MFD hysteresis may exist on city-scale networks because 

the spread of congestion may not be homogeneous. Consequently, assessing road pricing based 

on idealized MFD curves may not be optimal. This chapter evaluates different road pricing 

schemes considering MFD hysteresis.  
  

5.3.Simulation framework and pricing schemes evaluation based on MFD 

 

MATSim framework allows agents to adapt their departure times from iteration to iteration. 

The performance of modified plans is evaluated considering the constraints for each activity 

type. These constraints can include earliest and latest activity start times; typical and minimal 

activity duration; and opening times of facilities where the corresponding activities are 

performed. The activity constraints define the time intervals and typical utility duration 

parameter within the activity utility function (McCarthy, 1982). Consequently, the relation 

between the time window for an activity and its typical duration affect how peaked or spread 

out the demand in the peak-hours will be and therefore the degree of congestion of the network. 

In this part of the thesis, a rigid activity constrains were added for the Sioux Falls network. In 

the simulation, work activity commenced at 8 AM ±5min and finished at 5 PM ±5min. 

Secondary trips were made between 8 AM and 8 PM (duration ≤ 1 h) and finished before the 

end of this period. The simulation is performed for a whole day from 12:00 AM to 11:59 PM. 
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The simulation is run for 80 iterations. In each iteration, 10% of the agents can modify their 

routes in addition to an independent 10% can readjust their departure time. After a relaxed 

system state, all re-planning modules are switched off and an additional 20 iterations without 

re-planning are performed, where agents select one of the plans saved in the memory using the 

multinomial logit choice. The number of plans which each agent can keep in its memory is 

limited to 6. After a total of 100 iterations, the outcome of the last iteration is considered to be 

a base case, i.e. the situation in which no pricing strategy is implemented. The second run 

implements the pricing strategy for additional 100 iterations, within each iteration, 10% of the 

agents adapt routes, 10% adapt departure time and 10% of agents can switch between modes 

car, bus or performs a trip on foot.  

 

The MFD is derived from the average network density and the average network flow based on 

MATSim outputs. First, the average link density ( ) and average link flow ( ) for each link 

i have computed over 5 min intervals as follows.   
 

                             (5.1) 

 

where  is the density derived at time  and  is the difference in density between 

intervals  and , and is calculated as follows:  

 

                              (5.2) 

 

where  and  are the number of vehicles entered/left the link i at time t respectively, li is 

the length of link i, and n is the number of lanes of the link. 

 

The outflow  is estimated as the rate of vehicles leaving link i during the time interval  

between t -1 and t.  

 

                               (5.3) 

 

Then the MFD, for a network consists of a set of links z, that represents the relationship between 

the averages (among all individual links) of the network flow  and network density  during 

time slice t that can be calculated using the following equations: 
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                                (5.4)  

                                               (5.5) 

 

Where N is the number of links in the network. 
 

Zheng et al. (2012) and Zheng et al. (2016) estimated a cordon-pricing value based on the 

critical density of the network by applying the pricing to reduce the average network density 

at time t ( ) to prevent from exceeding the critical density ( ) that can be determined from 

the MFD of the base case. In this study, I try to apply the same approach to a link-based pricing. 

The general steps are: (a) simulate the base case including departure and route choices of agents 

till reaching SUE. then, determine  and , (b) simulate the pricing scheme if  <= , 

then finish and obtain the final pricing strategy, (c) if  > , apply Equation (5.6) to update 

the toll, (d) re-simulate using pricing value reached in step (c), and (e) repeat steps (b) to (d) 

until reaching MFD with  <= .  

 

                             (5.6) 

 

Where 

 : The  adjustment of the pricing during period t. 
 : The pricing value reached in the previous strategy. 

 : The average of all  in the congested time ( ). 
c : A parameter for the proportion of increasing toll value related to the 

amount of density increase (here, set as 1$/density). 
 

The feedback controller 1 of Zheng et al., (2012) shown in Equation (5.6) depend only on the 

difference between the Kcr and the average network density . Zheng et al., (2016) 

extended the controller 1 to controller 2 as in Equation (5.7).  is proportional to 

the magnitude that the average network density  exceeds , and the difference between 

the resultant densities under the current pricing  and its previous one . 1 and 

2 are the proportional and integral gain parameters, respectively.  

 

             (5.7) 
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The toll-updating scheme employs a Proportional-Integral (PI) type controller, which is a 

classic feedback control strategy. It was demonstrated that dynamic systems with well-defined 

properties (e.g. small errors in the traffic states) can be stabilized with this type of feedback 

strategy to a desired state as well. Comparing to the toll controller (5.6), controller (5.7) 

distinguishes temporal difference in congestion level, and gives higher flexibility in toll 

adjustment based on user’s adaption to the toll. In particular, this schemes allows reduction of 

toll if  is smaller than  which benefits the users from being not overcharged 

(Zheng et al., 2016). 1 and 2 are constant and positive parameters. Zheng et al. (2012) and 

Zheng et al. (2016) have performed those steps, however, they did not explore the MFD 

hysteresis. Nevertheless, according to Gayah and Daganzo (2011), MFD hysteresis is expected 

to appear in real-world conditions of city-scale networks. In this chapter, different pricing 

schemes were tested in the presence of MFD hysteresis loops. To achieve that, the following 

steps are performed. 

 

 Analyze the spatiotemporal spread of congestion to determine the required pricing 

times and locations over the entire network during whole day hours. Consequently, 

suggest the pricing locations and, if it is needed, the pricing starting and ending time.  

 Analyze the effect of applying a constant pricing value on the suggested locations 

during different periods to check the periods that need to be charged. 

 Test the sensitivity of pricing time intervals by applying different pricing periods during 

the suggested periods (intervals within these periods based on the characteristics of 

MFD hysteresis) to determine alternatives of pricing intervals that improve network 

performance. 

 Apply and update the toll-updating scheme to determine the suitable pricing scheme 

and its optimum value. 

 

5.4.Determining the required pricing locations  

 

Figure 5.1 represents the MFD for the base case resulted from simulating the traffic on the 

network for a whole day without applying pricing as illustrated in Section 5.3. As shown in 

Figure 5.1, a clockwise hysteresis loop was found in the MFD of the base case. It shows that 

two loops were formed; the wider one represents congested heterogeneous traffic conditions 

during morning period while the other one shows the network operating with nearly free flow 
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but with mostly homogeneous spatial spread of density during evening period. The spatial 

distribution of congestion is analyzed for the whole day to identify the links to be charged. 

Figure 5.2 presents the links densities during morning and evening peaks. It is found that the 

congestion appears heterogeneously on the southern part of the network where there are many 

work places. I look at the congested links during different hours to test whether there is a need 

for charging different links during different periods. It is found that some links are congested 

during the morning peak and that the congested links in the evening peak are among those that 

congested during the morning. It is therefore suggested that a pricing strategy can be applied 

in a set of links that do not to be changeable over time (the congested links during the morning 

that already include the congested links in the evening). Figure 5.3 shows the suggested set of 

links to be charged. To suggest the suitable pricing period, constant pricing values are applied 

during the whole day (1$, 2$ and 3$). Figure 5.4 shows that MFD morning loop is notably 

affected by different pricing levels, whereas evening loop does not. However, a decrease in the 

network flow may occur in the morning period after applying some pricing schemes (for both 

2$ and 3$ cases as Figure 5.4 (a) shows). Therefore, different pricing intervals (within the 

morning period loop) and their pricing values were investigated. These intervals are suggested 

based congestion building and dissipating times (loading, congestion and recovery intervals) 

as illustrated in Figure 5.5. First, the sensitivity of MFD morning loop to these pricing intervals 

was investigated. Then, alternatives of pricing intervals that expected to decrease congestion 

and improve network flow were suggested and compared. Finally, the optimum pricing value 

for those alternatives was determined.  

 

 
Figure 5.1 Macroscopic fundamental diagram for the base case for whole day simulation. 
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Figure 5.2 Average link density (veh/km) for Sioux Falls network for different day hours. 
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Figure 5.3 The suggested links to be priced (highlighted in red color). 

 

 

 

 

 

(a) 
 

(b) 

Figure 5.4 Macroscopic fundamental diagram for different pricing values during (a) morning 

peak and (b) evening peak. 
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Figure 5.5 Divide the MFD loop according to critical points to different time periods (pricing 

interval highlighted in red color). 
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5.5.Determining alternatives of pricing intervals that improve network performance 

 

To compare effects of different pricing time intervals, a fixed pricing value (3$) for all pricing 

intervals was applied as shown in Figure 5.6. Toll_L, Toll_C and Toll_R apply pricing during 

loading (6:00~7:25), congestion (7:30~8:00) and recovery (8:00~12:00) periods, respectively. 

Toll_L+C, Toll_C+R and Toll_L+C+R apply pricing during loading and congestion; 

congestion and recovery; and loading, congestion and recovery periods, respectively. 

Toll_C+R_Exact represents the period contains densities larger than the critical density 

irrespective of occurring in congestion or recovery period, as shown in Figure 5.5. As a result, 

three patterns observed, as shown in Figure 5.6. (P1 to P3). 

 

P1 includes toll scenarios Toll_L+C, Toll_L+C+R and Toll_whole day. All pricing strategies 

give almost the same effect in terms of network flow. Among them, Toll_L+C is better because 

of the smallest loop height (capacity drop, ∆Q), as shown in Figure 5.7. However, the three 

tolls associated with network flow reduction only by 14% (200 veh/hr), which may be 

economically inefficient. Moreover, Toll_L+C strategy provided savings in the total people-

hours traveled (sPHT) more than Toll_L+C+R and Toll_whole day strategies (Table 5.1). 

MATSim provides the total number of people who paid the toll, the average length of all 

charged trips and the total tolls paid (TTP). Table 5.1 provides a quantitative comparison 

between the proposed pricing schemes based on the following measures; 

 

(1) sPHT as a traffic performance indicator, 

(2) The efficiency ratio defined as the ratio between sPHT and the vTTP (vTTP  is the TTP 

converted to the unit of time by the VOT as 15.49$/h, obtained from (McCarthy, 1982)) 

by all travelers, treated as a measure for the efficiency of the pricing strategies, 

(3) The percentage of people who shift to public transport, as an indicator for the sustainability 

of a multi-modal network.  

 

P2 represents for Toll_C, Toll_C+R and Toll_C+R_Exact. Literature (e.g., Zheng et al., 2012; 

Zheng et al., 2016) have applied the toll at the time that the network density is greater than the 

critical density (Toll_C+R_Exact strategy here, as shown in Figure 5.8 (a, b)). All pricing 

strategies of P2 group have almost the same impact and produces a significant improvement in 

network performance. These strategies preserved network flow at its maximum (or it is slightly 

increased) and the congested branch disappears as shown in Figure 5.9. Compared to Toll_C+R 
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and Toll_C+R_Exact strategies, Toll_C provided the smallest ∆Q (as shown in Figure 5.9) and 

the highest sPHT savings (as shown in Table 5.1). It can be concluded that applying the toll at 

the congested time only is more efficient and there is no need to continue road pricing after 

congestion dissipation, as is done in the previous research. This highlights the significance of 

considering MFD loop characteristics while determining the pricing period. Previous research 

determined the pricing period as shown in Figure 5.8(a, b). 

 

P3 shows that Toll_L is better than Toll_R as proved by sPHT values in Table 5.1. Comparing 

with superior pricing strategies in P2 and P3 (strategies Toll_C and Toll_L) shows that both 

strategies improved the MFD morning loop as shown in Figure 5.6 and proved by the efficiency 

ratio values in Table 5.1. Toll_L preserved the maximum flow in the congestion regime and 

improved its duration with a slight decrease in loop size (density and its heterogeneity did not 

have significant improvements) while Toll_C improved maximum flow with a notable decrease 

in density and loop size. Moreover, Toll_C saved more sPHT with more people shift to public 

transport than Toll_L (Table 5.1). However, Toll_L has higher efficiency ratio value than 

Toll_C. Nevertheless, it should be noted that this high efficiency ratio value is because of the 

small value of vTTP. The sPHT value of Toll_L is less than Toll_C, meaning that Toll_C is 

better in terms of time savings. The level of service of Toll_L strategy is lower than Toll_C 

level of service, highlighting the need to consider users’ value of time and reliability in such 

comparison. Moreover, it is a policy decision to consider economically efficient strategy 

(Toll_L) or strategy that provides more time savings and reliability (Toll_C). These two pricing 

strategies are analyzed in details in the next subsection to study the effect of reducing the toll 

interval and to quantitatively determine the best pricing strategy in terms of the optimum 

pricing value in the section 5.6. 
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Figure 5.6 Comparison of MFDs for the different pricing intervals with a fixed toll value. 

 
 

 

 
Figure 5.7 MFDs for the group strategies P1. 

 

  

0

200

400

600

800

1000

1200

1400

1600

0 10 20 30 40 50

N
et

w
or

k 
flo

w
  v

eh
/h

r

Network density  veh/km
Base case Toll_L Toll_C
Toll_R Toll_L+C Toll_C+R
Toll_C+R_Exact Toll_L+C+R Toll_whole day

P3
P2

P1

0

200

400

600

800

1000

1200

1400

1600

0 10 20 30 40 50

N
et

w
or

k 
flo

w
  v

eh
/h

r

Network density  veh/km
Base case Toll_L+C

Toll_L+C+R Toll_whole day

∆Q

Toll time "6:00 - 8:00"

Toll_L+C

06 00 

Toll time "6:00 - 12:00"

Toll_L+C+R



87 

 

 

 

(a) (b) 
Figure 5.8 Illustration of toll interval for strategy “Toll_C+R_Exact” in (a) density 

time series diagrams and (b) the MFD. 

 

 

 

Figure 5.9 MFDs for the group strategies P2 
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Table 5.1 Travel time savings and total toll paid for the proposed pricing strategies. 

Pattern Scenario 
 

No. of 
people 

who paid 
toll 

 
 

The 
average 
paid trip 
length 

 
(m) 

Total 
Tolls Paid 

“TTP” 
 

($) 

People-
Hours 

Traveled 
“PHT” 

 
(hr) 

Saving in 
People-
Hours 

Traveled 
“sPHT” 

(hr) 

value of 
Total 
Toll Paid  
“vTTP” 

 
(hr) 

Efficiency 
ratio 

 
 
 

(%) 

Modal 
shift to 
public 

transport 
 

(%) 

 Base case 0 0 0 98479.4     

P1 

Toll_C 10699 280.77 148653 77065.5 21413.9 9602.9 223% 11.75% 

Toll_C+R_Exact 12564 319.83 193941 77440.5 21038.9 12528.5 168% 12.75% 

Toll_C+R 15982 344.75 281796 79506.7 18972.7 18203.9 104% 15.86% 

P2 

Toll_L+C 14015 355.75 252624 77536.1 20943.4 16319.4 128% 14.53% 

Toll_L+C+R 19605 421.5 404259 81213.2 17266.2 26114.9 66% 18.31% 

Toll_whole day 21263 473.36 703176 94490.8 3988.7 45424.8 9% 28.03% 

P3 
Toll_L 4016 223.81 65112 80622.8 17856.7 4206.2 425% 9.41% 

Toll_R 10941 278.93 165681 82081.8 16397.6 10702.9 153% 12.43% 

 

5.5.1. Sensitivity analysis of pricing interval for Toll_C and Toll_L strategies. 

 

Applying the toll in the whole congested (or loading) period may be overestimated and apply 

the toll in less interval during those periods may be economically efficient. Therefore, in this 

part a sensitivity analysis for Toll_C and Toll_L strategies are performed to study the effect of 

reducing the toll interval as follows. 

 

a) Three scenarios were compared in which the start time is fixed as 7:30 (congestion 

starting time) and increase the toll interval from 10 min ~ 30 min with increment 10min 

(e.g., “dur 10 min” scenario means that toll duration is 10min starting from 7:30). 

Figure 5.10 shows that “dur 10min” has the lowest flow and largest density compared 

to “dur 20min” and “dur 30min”. Table 5.2 shows that all tolling durations are worse 

than “dur 30min”. Although, “dur 10min” has the highest efficiency ratio value, it has 

the lowest sPHT savings. The high efficiency ratio value is because of the small value 

of vTTP. That is “dur 30min” is better in terms of time savings. 
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Figure 5.10 MFD diagram for different toll duration estimated for the Toll_C strategy. 

 

Table 5.2 Travel time savings and total toll paid for different toll duration estimated for the 

Toll_C strategy. 

Scenario 
 

No. of 
people 
who 

paid toll 
 
 

The 
average 
paid trip 
length 

 
(m) 

Total 
Tolls Paid 

“TTP” 
 
 

($) 

People-
Hours 

Traveled 
“PHT” 

 
(hr) 

Saving in 
People-
Hours 

Traveled 
“sPHT” 

(hr) 

value of Total 
Toll Paid 
“vTTP” 

 
 

(hr) 

Efficiency 
ratio 

 
 
 

(%) 
Base case 0 0 0 98479.4    

Toll_C (dur 30min) 10699 280.77 148653 77065.5 21413.9 9602.9 223% 

dur 20min 8813 246.04 110580 77205.7 21273.7 7143.4 298% 

dur 10min 6535 189.65 62838 79942.8 18536.6 4059.3 457% 

 
b) In these scenarios, it is checked if decreasing the toll interval in the congested period to 

10min toll duration instead of 30 min duration is economically efficient or not. It is 

tested by changing the toll start time for three scenarios (tolling the 1st 10 min, 2nd 10 

min and 3rd 10 min of congestion period). Only 10 min toll time is fixed in the range of 

7:30 ~ 8:00 am (congested MFD branch). As seen from Figure 5.11, applying the toll 

in the 1st 10 min, 2nd 10 min or 3rd 10 min in the congested branch give different results. 

Judging from Table 5.3, applying the toll in the 1st 10 min is better than in 2nd 10 min 

and 3rd 10 min compared to base case in terms of sPHT saving, however the three cases 

is worse than Toll_C (by tolling the whole 30 min congestion period), which means 

that applying the toll for whole time interval of the congested branch is needed. 
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Figure 5.11 MFD diagram for different toll interval estimated for the Toll_C strategy. 

 
 
Table 5.3 Travel time savings and total toll paid for different toll interval estimated for the 

Toll_C strategy. 

Scenario 
 

No. of people 
who paid toll 

 
 
 
 

The 
average 
paid trip 
length 

 
(m) 

Total 
Tolls Paid 

“TTP” 
 
 

($) 

People-
Hours 

Traveled 
“PHT” 

 
(hr) 

Saving in 
People-
Hours 

Traveled 
“sPHT” 

(hr) 

value of 
Total Toll 

Paid  
“vTTP” 

 
(hr) 

Efficiency 
ratio 

 
 
 

(%) 
Base case 0 0 0 98479.4       

Toll_C (dur 30min) 10699 280.77 148653 77065.5 21413.9 9602.9 223% 

1st10min 6535 189.65 62838 79942.8 18536.6 4059.3 457% 

3rd10min 7394 155.76 54198 80483.7 17995.7 3501.2 514% 

2nd10min 7826 176.27 63351 81099.3 17380.1 4092.4 425% 

 

c) Instead of applying the toll to the completely loading period (Toll_L, here 6:00 am ~ 

7:30 am), less time interval in the loading time strategy “Toll_L” was tested. In these 

scenarios, the toll end time is fixed at 7:30 am (which is the time at maximum flow) 

and change the start time. It is tested for three scenarios 10, 20, 30 min before the 

maximum flow time (i.e., 7:20 ~ 7:30, 7:10 ~ 7:30 and 7:00 ~ 7:30 respectively). Figure 

5.12 shows MFD diagram for these scenarios and it can be seen that no significant 
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difference between these cases, which mean that no need to apply the toll for long time 

before congestion start. As seen in Table 5.3, all scenarios is better than the Base case, 

however “L_10 min before” has the highest sPHT savings. It means that 10 min toll 

before the congestion start time is enough and no need to apply the toll for long time 

(the time at the network start loading and until congestion start). 

 

This analysis shows that reducing pricing interval (within congestion period) is not beneficial 

and tolling the whole congestion period (30 min here) is needed. In case of tolling loading 

period, tolling only 10 min before the congestion start time is enough. In the next section, the 

optimum pricing value for Toll_C and Toll_L strategies was determined (by tolling the whole 

30 min congestion period and 10 min before the congestion start time, respectively). Moreover, 

the results were compared with the relevant studies. 

 

 
Figure 5.12 MFD diagram for different toll duration estimated for the Toll_L strategy. 

 

Table 5.4 Travel time savings and total toll paid for different toll interval estimated for the 

Toll_L strategy. 

Scenario 
 

No. of 
people 

who paid 
toll 

 
 

The 
average 
paid trip 
length 

 
(m) 

Total 
Tolls Paid 

“TTP” 
 
 

($) 

People-
Hours 

Traveled 
“PHT” 

 
(hr) 

Saving in 
People-
Hours 

Traveled 
“sPHT” 

(hr) 

value of 
Total Toll 

Paid  
“vTTP” 

 
(hr) 

Efficiency ratio 
 
 
 

 
(%) 

Base case 0 0 0 98479.4    

Toll_L 5624 251.5 93204 79332.0 19147.4 6020.9 318% 

L_30min_before 5236 232.0 84348 79326.8 19152.6 5448.8 351% 

L_20min_before 4646 207.6 71352 77844.2 20635.2 4609.3 448% 

L_10min_before 3794 149.9 44688 77022.0 21457.4 2886.8 743% 
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5.6.Determining the optimum pricing value based on the existing toll-updating scheme 

 

This section quantitatively determine the best pricing strategy in terms of the optimum pricing 

value for Toll_L and Toll_C strategies. Figure 5.13 shows the result of applying the feedback 

controller 1 as described in Section 5.3 for Toll_L and Toll_C strategies for pricing period 

(7:20~7:30 and 7:30~ 8:00 respectively) with a predefined critical density 30 veh/km. Toll_C 

strategy improved maximum flow and controlled the maximum density to be less than 30 

veh/km with an optimum pricing value of 4.4$. On the other hand, although the critical density 

was set as 30 veh/km, Toll_L strategy could not control network density to be under 30 veh/km 

even after updating pricing value from 1$ to 8$ or 13.2$ but it preserved the maximum flow in 

the congestion regime and improved its duration. This means that either Toll_C or Toll_L 

strategy can be applied with an optimum pricing value of 4.4$ or 1$, respectively. Table 5.5 

show that Toll_C is better in terms of time savings (more sPHT) with more people shift to 

public transport than Toll_L. However, Toll_L has higher efficiency ratio value than Toll_C. 

Nevertheless, it should be noted that this high efficiency ratio value is because of the small 

value of vTTP. It is a policy decision to consider economically efficient strategy (Toll_L) or 

strategy that provides more time savings and reliability (Toll_C) as detailed in Section 5.5. 

 

 
Figure 5.13 MFD diagram for the optimum toll values estimated for the Toll_C and Toll_L 

strategies based on controller1. 
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Table 5.5 Travel time savings and total toll paid for the proposed pricing strategies. 

Pattern Scenario 
 

No. of 
people 

who paid 
toll 

 
 

The 
average 
paid trip 
length 

 
(m) 

Total 
Tolls Paid 

“TTP” 
 
 

($) 

People-
Hours 

Traveled 
“PHT” 

 
(hr) 

Saving in 
People-
Hours 

Traveled 
“sPHT” 

(hr) 

value of 
Total Toll 

Paid  
“vTTP” 

 
(hr) 

Efficiency 
ratio 

 
 

 
(%) 

Modal 
shift to 
public 

transport 
 

(%) 

 Base case 0 0 0 98479.4     

Optimum 
pricing 

values for 
P2 & P3 

Toll_C 4.4$ 9210 189.3 157995.2 77544.6 20934.8 10206.4 205% 12.69% 

Toll_L1$ 5374 403.8 33483.0 81943.8 16535.6 2163.0 765% 8.56% 

Toll_L 8$ 2837 77.3 84432.0 81321.7 17157.7 5454.3 315% 12.59% 

Toll_L 13.2$ 1202 21.1 37870.8 83727.5 14751.9 2446.4 603% 12.56% 

 

5.7. Proposing a toll-updating scheme considering MFD loop size 

 
Zheng et al. (2012) and Zheng et al. (2016) have performed the price controller 1 and 2 

respectively; however, they did not explore the MFD hysteresis. This section aims at update 

the feedback controller (controller 3) taking into account the valuable finding on the correlation 

of MFD hysteresis loop and the system performance, which achieved in chapter 4. The 

objective is eliminating part 1 loop area based on the findings that network performance is 

sensitive to the height of part 1 area. The illustration of MFD loop area is shown in Figure 5.14. 

The updated pricing value (  depending on the whole area of the hysteresis 

loop  instead of the deference between the Kcr and the average network density 

. The whole area of the hysteresis loop should not exceed a predefined critical area 

( ). Critical area is the difference between whole loop area and area of 

part 1 loop for the base case as described in Equation (5.8). As shown by controller 3 in 

Equation (5.8), is proportional to two terms distinguishes temporal difference in 

congestion level, and gives higher flexibility in toll adjustment based on user’s adaption to the 

toll. In particular: 1) the difference between the MFD loop area under the current pricing and 

MFD critical area from the base case. 2) the difference between the MFD loop area under the 

current pricing and  allows reduction of toll if the current MFD loop area 

is smaller than its previous one that benefits the users from being not overcharged (Zheng et 

al., 2016) 1 and 2 are the proportional and integral gain parameters, respectively that will be 

analyzed later. 

 

In this section, the optimum pricing value was calculated for applying “Toll_C+R_Exact” (that 

has been used in Zheng et al., 2012 and Zheng et al., 2016) and “Toll_C” (that provided the 
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highest sPHT savings as shown in Table 5.1) using their controllers and the controller proposed 

here and compare the results. 

 

 (5.8) 

 

Where: 

 : Toll value under current adjustment v. 
 : Whole loop height. 
 : Whole loop width. 
 : The width of part 1 loop. 

 : Constants and have positive values 
 

 
Figure 5.14 illustrate the MFD loop component.  

 
5.7.1. Results and Performance of the pricing scheme 

 

In this section, the controllers are applied for both pricing times strategies (“Toll_C+R_Exact” 

and “Toll_C”) to explore the efficiency of each strategy. For controller 1 and 2 the critical 

density is set to 30 veh/km. Constants c1 and c2 used for different controllers are described in 

table 5.6. Next figures shows the resulted MFD for different controllers for both time strategies. 

Tables 5.7 and 5.8 summarized the performance for the different applied strategies. 

 

Table 5.6 Coefficients values of the controllers. 

Type of updating toll scheme C1 C2 
controller 1 1.0 0.0 
controller 2 0.5 0.3 
controller 3 1.0 1.0 
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To compare the efficiency of the two pricing time strategies over the three controllers, MFD 

for each controller (controller1, controller 2 and controller 3) are drawn separately for both 

pricing time strategies. Figure 5.15 shows the effect of toll time for different price controller 

strategies. These figures shows that the pricing time strategy “Toll_C” is always better due to 

higher maximum flow, lower maximum density and smaller MFD loop than 

“Toll_C+R_Exact”. Therfore, it can be concluded that the pricing time strategy (determining 

pricing interval) is very important in terms of improving MFD for all controllers. In terms of 

optimum pricing values, “Toll_C” is always better and providing pricing values less than 

“Toll_C+R_Exact” for both controller 1 and 2. When applying “Toll_C” instead of 

“Toll_C+R_Exact”, optimum pricing values are decresed from 5.08$ to 4.40$ and from 

4.15$ to 2.79$ for controller 1 and 2 respectively. Although, pricing value slightly increased 

from 1.69$ to 2.02$ for controller 3, strategy “Toll_C” provides better MFD characteristics as 

discussed earlier. This analysis show that “Toll_C” is qualitatively better than 

“Toll_C+R_Exact” at least in terms of MFD shape irrespecting of controler type applied. This 

assure the results reached in Section 5.5 that there is no need to continue road pricing after 

congestion dissipation, as is done in the previous research (Zheng et al., 2012; Zheng et al., 

2016). The superiority of “Toll_C” or “Toll_C+R_Exact” and the superiority of applying 

different controlers is quantified below. 

 

 

(a) (b) (c) 

Figure 5.15 Effect of toll time for different price controller strategies for (a) PI controller 1 

as (Zheng et al., 2012) (b) PI controller 2 as (Zheng et al., 2016) (c) PI controller 3. 
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To compare the efficiency of the three PI controllers, MFD for the three PI controllers are 

drawn for “Toll_C+R_Exact” and “Toll_C” respectively. Figure 5.16 shows the effect of 

different price controller strategies. It shows that the suggested controller 3 give a toll value 

less than the two other controllers. Figure 5.16 show that Controller 3 gives almost the same 

or better network performance compared to controller 2 for both “Toll_C” and 

“Toll_C+R_Exact” strategies respectively. 

 

       
(a)                                                                       (b) 

Figure 5.16 Effect of different price controller strategies (a) for “Toll_C+R_Exact” b) for 

“Toll_C”. 

 

From the Tables 5.7 and 5.8, for the three PI controllers, the efficiency ratio for 

“Toll_C+R_Exact” is less than that for “Toll_C”. The efficiency ratio of “Toll_C” is almost 

twice as much as the efficiency ratio of “Toll_C+R_Exact” for all controllers. This means that 

the suggested pricing strategy “Toll_C” is more beneficial. The tables also show that for both 

“Toll_C+R_Exact” and “Toll_C”, the suggested PI controller 3 is more beneficial than other 

controllers in terms of efficiency ratio. Comparing the efficiency ratio for PI controller 3 for 

“Toll_C+R_Exact” and PI controller 2 for “Toll_C” (224% and 342% respectively) shows that 

the effect of pricing time is more efficient than the type of controller used. It is concluded that 

the suggested PI controller 3 improved the efficiency ratio; however, the toll time is more 

important than the type of controller. In other word, considering the hysteresis loop transitions 

points in determining the toll interval is more important than considering the hysteresis loop 

area in determining the optimum toll value (the type of toll updating scheme). 
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Table 5.7 Travel time savings and total toll paid for the proposed pricing strategies for toll time 

strategy Toll_C+R_Exact “7:30 ~ 8:30”. 

Pattern Scenario 
 

No. of 
people 

who paid 
toll 

 
 

The 
average 
paid trip 
length 

 
(m) 

Total 
Tolls Paid 

“TTP” 
 
 

($) 

People-
Hours 

Traveled 
“PHT” 

 
(hr) 

Saving in 
People-
Hours 

Traveled 
“sPHT” 

(hr) 

value of 
Total 

Toll Paid  
“vTTP” 

 
(hr) 

Efficiency 
ratio 

 
 

 
(%) 

Modal 
shift to 
public 

transport 
 

(%) 

 Base case 0 0 0 98479.4     

Optimum 
pricing 

values for 
different 

PI 
controller 

Cont.1_5.08$ 11753 202.6 256692.4 80272.17 18207.23 16582.2
0 110% 15.91% 

Cont.2_4.15$ 11416 179.82 184343.0 79556.15 18923.25 11908.4
6 159% 14.73% 

Cont.3_1.69$ 15249 367.28 132996.2 79265.8 19213.6 8591.49 224%  12.04% 

 

Table 5.8 Travel time savings and total toll paid for the proposed pricing strategies for toll time 

strategy Toll_C “7:30 ~ 8:00”. 

Pattern Scenario 
 

No. of 
people 

who paid 
toll 

 
 

The 
average 
paid trip 
length 

 
(m) 

Total 
Tolls Paid 

“TTP” 
 
 

($) 

People-
Hours 

Traveled 
“PHT” 

 
(hr) 

Saving in 
People-
Hours 

Traveled 
“sPHT” 

(hr) 

value of 
Total 

Toll Paid  
“vTTP” 

 
(hr) 

Efficiency 
ratio 

 
 
 

(%) 

Modal 
shift to 
public 

transport 
 

(%) 

 Base case 0 0 0 98479.4     

Optimum 
pricing 

values for 
different 

PI 
controller 

Cont.1_4.4$ 9210 189.3 157995.2 77544.6 20934.8 10206.4 205% 12.69% 

Cont.2_2.79 $ 9036 186.3 91207.89 78344.8 20134.6 5891.98 342% 11.57% 

Cont.3_2.03 $ 9848 215.5 74417.77 78389.4 20090.0 4807.35 418% 11.03% 

 

5.7.2. Sensitivity analysis on the constants of the proposed controller  
 

Zheng et al. (2016) shows through a sensitivity analysis that system performance does not differ 

significantly when proper values of the parameters c1 and c2 are chosen, and the proposed 

pricing controller shows the robustness in congestion reduction. Given the complexity of the 

system dynamics, analytical derivation of the two parameters c1 and c2 in price controller is 

extremely difficult. Therefore parameters c1 and c2 were determined via trial-and-error. In this 

sub-section, the simulations executed under four combinations of the values of c1 and c2 

parameters. All the four scenarios reach the agent-based equilibrium where the average cost of 

the users nearly keeps unchanged. 

 

Figure 5.17 shows the resulted MFD and toll rates at the equilibrium. The different values given 

to c1 and c2 are listed in the legend. According to the figure, it is found that the values of the 
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parameters affect the final optimal toll, while less effect in the congestion level. Let us compare 

the performance indicators between an aggressive toll scheme where price changes with higher 

magnitude (for example in the case of c1 300%, c2 100%) and a mild toll scheme (the case of 

c1 100%, c2 100%). The aggressive scheme imposes higher toll rates, however lead to an 

almost the same reduction of congestion (same density level on average). Table 5.9 shows the 

travel time savings and total toll paid among the controller 3 constants. Comparing the 

efficiency ratio of the two toll schemes, it is found that the mild toll scheme gives higher total 

travel time (PHT) and efficiency ratio (78,634 hr, 418%) compared to the aggressive toll 

(78,389 hr, 326%).  

 

As a general remark, the system performance appears not very sensitive to the fluctuation of 

the chosen values of the control parameters. While further case studies might be needed, the 

efficiency of the final pricing is not significantly dependent on the choice of parameters if a 

range of proper values can be found in advance via trial-and-error. It should be noted that 

differences in the final system performances can still be identified, which are as expected. 

Nevertheless, it is infeasible to obtain optimal control parameters via analytical ways using 

classical control theory approaches, for transportation systems of complex behavioral 

dynamics.  

  
(a) (b) 

Figure 5.17 (a) The MFD and (b) toll rates for scenarios with different values of parameters 

c1 and c2 of the proposed controller 3. 
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Table 5.9 Travel time savings and total toll paid for controller 3 constants. 

Scenario Toll 
value 

No. of 
people 
who 

paid toll 
 

 

The 
average 
paid trip 
length 

 
(m) 

Total 
Tolls Paid 

“TTP” 
 
 

($) 

People-
Hours 

Traveled 
“PHT” 

 
(hr) 

Saving in 
People-
Hours 

Traveled 
“sPHT” 

(hr) 

value of 
Total 

Toll Paid  
“vTTP” 

 
(hr) 

Efficiency 
ratio 

 
 

 
(%) 

Base case ----- ----- ----- ----- 98479.4 ----- ----- ----- 
c1:100%, c2:100% 2.03$ 9848 215.5 74417.77 78389.40 20090.0 4807.35 418% 

c1:100%, c2:200% 1.30$ 10159 221.1 47863.4 78785.06 19694.3 3091.95 637% 

c1:200%, c2:100% 2.32$ 9531 197.7 79529.6 78241.12 20238.3 5137.57 394% 

c1:300%, c2:100% 2.58$ 9491 209.8 94224.18 78634.13 19845.3 6086.83 326% 

  

5.8. Potential for practical evaluations  

 

Practical traffic data availability is the main challenge for evaluating network conditions. 

Although vehicular traffic data can be observable, practical passenger traffic data is difficult to 

observe. The vMFD has been drawn in the literature based on several data sources from either 

road side units at fixed points as; radars, loop detectors, and video cameras such as Closed 

Circuit Television (CCTV)… etc, or from movable stations floating car data (FCD), as probe 

vehicles and Global Positioning Systems (GPS). Some studies relied on data sources from both 

road side sensors and floating car data such as Bluetooth Media Access Control Scanners 

(BMS) used by Tsubota (2014). The BMS put at major intersections to detect any Bluetooth-

equipped devices, and records their Media Access Control (MAC) ID and Timestamp. By 

matching MAC IDs at two different locations, the travel time can be calculated as the difference 

of the timestamps. 

 

Existing traffic data collection technologies set limits for the direct real time estimation of 

average network flows and densities. Loop detectors, the most common method used to collect 

traffic data, tend to be inaccurate in urban areas. These detectors tend to be placed near 

intersections, and the presence of queues at signals can spill back onto the detector causing 

incorrect density estimates (Gayah and Dixit, 2013). Therefore, loop detector location has been 

found to even significantly affect macroscopic relationships (Buisson and Ladier, 2009; X. Wu 

et al., 2011 ; Courbon and Leclercq, 2011). Other fixed detectors, such as cameras, can mitigate 

this, but they are unable to cover the entire network without significant expenses. Probe 

vehicles traveling in the traffic stream can also be a useful way to collect traffic information. 

However, heuristic algorithms (Srinivasan and Jovanis, 1996) and simulation studies (Chen 
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and Chien, 2000) suggest that a large number of probe vehicles are needed to accurately 

determine network-wide traffic conditions.  

The recent advancement in new measurement techniques, such as the Global Positioning 

System (GPS) enabled devices, has made it possible for vehicles already traveling in the 

network to serve as mobile probes. The operational principle of GPS is based on a GPS receiver 

in the vehicles that calculates current time position by receiving GPS satellites signals. Since 

these GPS devices are placed in vehicles driven by regular drivers, equipped vehicles travel 

through the network with the same driver behavior and origin–destination patterns as the 

general traffic stream. Consequently, the vMFD estimation utilising such measurement has 

become of interest to researchers (Leclercq et al., 2014; Saberi et al., 2014). In most studies, 

GPS data comes from the GPS-equipped taxis, which trace taxis movements in the network 

assuming that those taxis provide an unbiased estimator of the normal vehicles. Herrera et al. 

(2010) provided an example of such an approach for a freeway. Tsubota (2014) used GPS-

equipped taxis and BMS scanners (placed at several intersections) data to estimate vMFD for 

Brisbane. He found that the average taxi trip length is shorter than those calculated based on 

BMS, which means that the taxi samples were not representative enough for the whole vehicles. 

Due to this, the variables based on taxi trajectories are mostly underestimated. He found that 

Bluetooth represents the overall traffic conditions. However, Bluetooth data is available only 

at some intersections that equipped with BMS scanners and its spread is expensive. 

 

High cost of emerging monitoring systems restrict their development especially in developing 

countries. More recently, Cellular Phones (CPs) data is considered as a traffic sensor through 

the CPs' spatiotemporal updates. Its main advantage for MFD estimation is providing both 

vehicular and people flow data. In Egypt, some recent CP Apps were introduced in Cairo and 

Alexandria. By May 2013, those Apps has attracted about 0.5 million users (out of the 3 million 

smart phone users in Egypt) Who traveled 2,591,456 km (Basyoni et al., 2017). Given a high 

CP penetration rate, this data may provide an online traffic monitoring system suitable for non-

disciplined Egyptian traffic flow and that can support various modes of transport for 

multimodal intercity travel management.  

 

Combining the available vehicular data (from either loop detectors, CCTV, FCD, GPS, or 

BMS) with a representative sample for passenger flow data from cellular Phone data or a survey 

data may help for overall traffic evaluation, requiring relatively little information and few 

calculations. Based on conclusions reached in Chapter 3, both vehicular and passenger traffic 
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information are needed for accurate evaluations of traffic control effects on network conditions. 

Correlations founded in Chapter 4 can ease the difficulty of collecting practical passenger 

traffic data. As shown in Figure 5.18, a relationship exists between the height of the upper part 

of vMFD loop and the average passenger travel time. This relationship can be used for 

estimating passenger traffic information based on the practical vehicular data observed. The 

correlation between the average passenger travel time and its actual values is acceptable with 

R2 value of 0.84 as shown in Figure 5.19. These results are based on the multi-agent simulation 

provided in Chapters 3 and 4 that provide both vehicular and passenger traffic data. Although 

these relationships may rely on a network structure and may not be generalized, practitioners 

can estimate these relationships easily for their networks by performing a sample survey for 

passenger traffic. These relationships can be validated based on the survey and loop detector 

data and used for evaluating network conditions. 

 
 
 

 
Figure 5.18 The relationship between the average passenger travel time and loop height ∆q1. 
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Figure 5.19 The relationship between the actual and estimated average passenger travel time. 

 
Figure 5.20 shows a comparison between the different pricing strategies performed in section 

5.7. The figure highlights the comparison between different strategies based on actual 

passenger travel time (resulted from multi-agent simulation) and the estimated one (based on 

the relationships shown in Figures 5.18, 5.19). Figure 5.20 shows that both actual and estimated 

passenger travel time have the same overall trend, both values show that tolling the whole 

congestion period with 4.4$ provide the lowest average passenger travel time among other 

strategies. However, comparing efficiency ratio of different strategies shows that tolling the 

whole congestion period with 2.03$ is the best strategy. The difference between both cases is 

the pricing controller used. Controller 3 suggested in this chapter provides better efficiency 

ratio although it has an average passenger travel time slightly higher than controller 1. This is 

related to the total paid tolls as illustrated in this Chapter. Other pricing strategies (that 

determined tolling period disrespecting MFD loop) have lower efficiency ratio which 

highlights the significance of considering MFD loop characteristics in determine pricing period 

and its optimum value. These results provide a potential suggestions for evaluating network 

conditions considering both vehicle and passenger traffic using the available practical traffic 

data (loop detector data with a limited survey on passenger traffic). 
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Figure 5.20 The actual and estimated average passenger travel time and the efficiency ratio 

for different toll scheme. 

 
5.9.Conclusion 

 

Emerging ITS technologies (e.g., ETC) facilitate applying different traffic control actions that 

should be evaluated before implementation. This chapter investigated the effect of different 

road pricing strategies on a multimodal network performance using a MFD hysteresis. Using 

the multi-agent simulation, the traffic conditions under different link-based pricing strategies 

were forecasted. Different pricing strategies (for different pricing locations, duration and value) 

were compared visually using MFD loop characteristics and quantitatively using different 

measures to suggest the most efficient pricing strategies. Then, for those suggested strategies, 

the pricing value was optimized in order to keep the average network density under a 

predefined critical density. Pricing locations are determined based on the spatial spared of link 

densities during different hours. Then, whether there is a need for charging different links 

during different periods was tested. For the studied network, it was found that pricing is needed 

only for the morning period and that the links to be charged can be fixed during that period. 

For these suggested links, different pricing intervals (within the morning period) were 

compared by applying a fixed pricing value. These intervals are suggested based on congestion 

building and dissipating times (loading, congestion and recovery intervals) during the morning 

period and compared with charging longer intervals (even the effect of a whole day pricing is 

evaluated).  
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It was found that pricing strategies for either network loading or congestion interval 

significantly improve network performance. These two pricing strategies are compared after 

determining their optimum pricing values, in terms of travel time savings and modal shift from 

private to public transport. It was also found that charging the pre-determined links for 30 min 

during congestion time provides time savings more than charging a 10 min during network 

loading before congestion. However, later case provides a smaller value of total tolls paid with 

lower speed. It is a policy decision to consider a strategy that provides more time savings and 

reliability or economically efficient strategy with lower speed. However, charging the pre-

determined links during congestion time provides more savings in the total people-hours 

traveled (sPHT) than previous studies. It can be concluded that applying the toll at the 

congested time only is more efficient and there is no need to continue road pricing after 

congestion dissipation as done in Zheng et al. (2012) and Zheng et al. (2016).  

 

In short, it is concluded that the PI controller suggested in this research improved the efficiency 

ratio; however, the toll time is more important than the type of controller. In other words, 

considering the hysteresis loop transitions points in determining the toll interval is more 

important than considering the hysteresis loop area in determining the optimum toll value. This 

highlights the significance of determining pricing period based on MFD loop characteristics. 

These results may provide recommendations that are helpful for implementing elaborated 

traffic control schemes. 
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CHAPTER 6 
 

6. CONCLUSION AND FUTURE RESEARCH 
 

6.1 Conclusion 

 

Urban transport system performance is hard to predict due to the complexity in road 

infrastructure and travel behavior, especially in city-scale multimodal networks. The vMFD 

revealed describing congestion dynamics at aggregated levels and it has been utilized as a 

reliable tool for evaluating the performance of largescale networks. However, the same 

knowledge for city-scale multimodal networks is limited. The main objective of this study is 

to characterize a tool for evaluating traffic management strategies effect on multimodal 

network performance. To consider vehicle flow along with passenger flow, the multi-agent 

transport simulation framework, MATSim was used. Based on vMFDs and pMFDs, different 

travel choice combinations were evaluated to determine maximum passenger and vehicle 

throughput associated to traffic management strategies.  

 

It was found that both vMFD and pMFD should be presented using vehicle densities. A 

reasonable interpretation of network performance under different choice scenarios is performed 

using the suggested diagrams. Hysteresis loops are observed in both vMFD and pMFD. 

Therefore, to compare different cases in the presence of the MFD loops, the correlation 

between these loops and traffic characteristics is investigated. Findings conclude that a 

hysteresis loop’s width (difference in density), its height (capacity drop), and its area (by 

multiplying the loop’s width and height) are representative metrics for MFD loops. To consider 

congestion heterogeneity, the average standard deviation of density should be calculated over 

both loading and recovery periods, and not for the recovery period alone as literature did. The 

partitioning criteria suggested in this dissertation for dividing loop area into two parts according 

to congestion onset and offset times (upper and lower parts, respectively) are helpful for 

understanding a number of relationships that have not been found in the literature. The 

correlation between the standard deviation of density and the heights of both loops’ parts was 

stronger than the correlation with overall loop height, because the two loop heights exerted 

opposite effects on the density standard deviation, explaining why no relationship between 

capacity drop and congestion inhomogeneity was found in previous research. It is concluded 
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that the height of the upper part of the loop is sensitive to the average passenger travel time 

whereas the height of the lower part of the loop is more sensitive to the standard deviation of 

density. That is, network performance inversely affects the capacity drop while the network is 

loading, whereas the inhomogeneous spatial distribution of congestion increases the flow 

reduction during network unloading with congestion dissipation. Reasonable relationships 

were found between the overall travel time reliability experienced by users traveling in a 

multimodal network and the average network flow and density that suggest the existence of a 

critical network flow and density during congested periods. Beyond these values, the TTV 

increases sharply depending on the ratio of car users in the network.  

 

Due to its strong relations with network performance, considering MFD hysteresis loop in 

traffic management evaluation is important. Existing research on accurate assessment of 

congestion pricing on multimodal networks is limited, this dissertation evaluated the effect of 

different pricing strategies on a multimodal network performance considering the characteristic 

of MFD hysteresis loops. It was found that pricing pre-determined links for either network 

loading or congestion interval significantly improve network performance. However, later case 

provides more savings in the total people-hours traveled than previous studies. Applying the 

toll at the congested time only is more efficient and there is no need to continue road pricing 

after congestion dissipation as done in the literature. This highlights the significance of 

determining pricing period based on MFD loop characteristics.  

 

The findings of this thesis are of great importance to analyze a simple tool to identify different 

management strategies that maximizing vehicle and passenger throughput for cities (MFD that 

can be utilized to monitor and predict traffic performance in urban networks in the presence of 

its hysteresis). Policy-makers can rely on the MFD-based tools to adjust management strategies 

and operate a city at different mobility levels by making tradeoffs between the maximum 

flow/density and the required travel time reliability. They may need such simple methods that 

are useful under real-world conditions. In addition, MFD can be achieved with feasible data 

inputs and implementation costs therefore are easily applicable in largescale urban city 

networks. The reached results provide potential suggestions for evaluating network conditions 

considering both vehicle and passenger traffic using the available practical traffic data (e.g., 

loop detector, CCTV, FCD, GPS or BMS with a limited survey on passenger traffic or a 

representative sample from cellular phone data).  
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 6.2 Future research 

 

In this dissertation, an agent-based simulation approach provided new prospects to consider 

both vehicular and passenger movements for aggregate overall evaluation of management 

strategies. The reached relationships are network signature and can not be generalized for other 

networks. The relationships are expected to found in other networks with the same correlation 

trends but may have different determination coefficients. Further verification for those 

relationships is the next research priority. The following challenges need more investigation: 

 

This dissertation considered the utility gained by performing activities and disutility of 

traveling by each mode as the main contributor for travel behavior while the real cost of 

transport depend on a variety of other factors that affect attractiveness of private and public 

transport modes. For example, bus stops allocation and planning, parking spaces and 

intersections signaling can affect public/private transport attractiveness. Road pricing is only 

one of many strategies for improving efficiency of the transport system and should be applied 

in integration with wider actions. 

 

Research is currently conducted in a simulated traffic environment. After the simulation 

reaching a relaxed system state with constant average travel times and constant average realized 

utility from iteration to iteration, the output of the last iteration considered to be in SUE and 

used its result for the analysis. Many studies (e.g., Rieser 2010, Grether et al., 2009) proved 

the reliability of such simulation framework. Rieser (2010) validated these criteria by 

comparing simulation results with theoretical values for a simple hypothetical transit network 

based on the bottleneck model (Vickrey, 1969) and found that the analytical calculation and 

the simulation produce the same results. In addition, three different random seeds simulations 

were performed in this dissertation to check results reliability. However, there are some other 

issues have not been addressed sufficiently in the application of MATSim so far. The result of 

one single iteration is interpreted as the result of the transport model, which should compared 

with real-world evidence. The queue model used for the simulation imposes a kind of a barrier 

on the level of detail that can be simulated. This is already apparent in the existing simulation 

where interactions on links can only take place at the start or end of a link, e.g. limiting a close 

approximation to reality when handling bus stops. In addition, the simple car–following models 

used in current simulation assumes that drivers keeping a constant vehicle spacing. Confirming 

the reached results by traditional microscopic models is an important further research.  
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A validation of the results reached in Chapter 4 is also required with some recent approaches 

that consider MFD embedded in the traffic assignment model. Yildirimoglu et al. (2017) 

developed an assignment model incorporated in the MFD, and established a dynamic stochastic 

user equilibrium conditions. They designed a stochastic network loading to consider trip length 

and speed variations that are averaged through the method of successive averages to reach 

fixed-point solution for the system. The aggregated dynamics was iteratively deployed to 

compute experienced travel time and identify the interaction of route decisions in the following 

time periods. Their model outperforms the other assignment models which do not result in 

equilibrium. Yildirimoglu et al. (2014) proposed a route guidance system based on modeling 

user equilibrium and system optimum within the MFD framework. Recently, Amirgholya and 

Gao (2017) considered the density variations in the network by combining Vickrey’s model 

with the MFD. They employed the MFD to approximate the network outflow at each point in 

time as a function of the instantaneous vehicular density of the system in the morning commute 

problem with a general distribution of schedule preferences overtime for identical users. 

 

This dissertation has focused on the conceptual aspects of a transit simulation, only presenting 

a limited set of real applications of the simulation. Real-world case studies will certainly require 

additional extensions with larger number of analysis modules and modifications of the routing 

algorithms. The travel choice complexity (route, mode and/or departure time) used in current 

simulation are still rather limited. Additional modules that modify the activity patterns such as 

adding more activities to agent’s plan or performing combined location and mode choice 

module may improve simulation results. Only car and bus modes are considered, further 

research may think about integrating additional kinds of traffic in the model such as freight and 

commercial traffic, bicycles and pedestrians. 

 

Although it is accepted that generating evidence from empirical studies on the MFD is 

challenging because of the detailed data required (such as traffic counts, passenger counts, 

vehicle occupancies, and OD matrix), empirical analyses of multimodal networks using real 

data sets are needed.  

 

Recently, many empirical studies have been documented, providing further insights and 

facilitating the applications of the MFD in cities. So far, however, no generally accepted 

functional form has been identified. The functional form of the MFD allows a physically 

meaningful estimation and thus enhances its applicability.  Zhou (2013), using the method of 
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cuts by (Daganzo and Geroliminis, 2008), tried to improve the approximation model to 

minimize the number of cuts. They compared their approximation with a simulation using 

cellular automation model showing that they are highly compatible with each other; however, 

they found some deviations occur near some situations. Ambühl et al. (2018) proposed a MFD 

functional form based on the smooth approximation of an upper bound of traffic states. They 

proved the applicability of the form using empirical data. They defined the upper bound as a 

trapezoidal diagram, which depends on four physical parameters: free-flow speed, capacity, 

jam density, and wave speed. However, both previous studies formulations ignored the 

hysteresis phenomena. In response to MFD hysteresis, Wang et al. (2015) explained the MFD 

loops based on the time-series pattern of the average flow and average density. Their results 

showed that the formation of a hysteresis loop in an MFD corresponds to the slopes formed 

with the increase/decrease of the average flow and density (appears in their time-series 

patterns). The verification and explication of such mechanisms are very important future 

research topics in this area. Proposing a functional form for the MFD with hysteresis is an 

important further direction specially applying and modifying the method of cuts by (Daganzo 

and Geroliminis, 2008) and gaining from the findings of (Wang et al., 2015). 

 

The MFD-based evaluations of optimal road pricing value are based on the critical density 

appeared on the MFD of the base case. However, due to congestion, travelers may start to look 

at alternative ways of traveling in reality that may affect traffic distribution and consequently, 

change the critical density. An interesting alternative would be to use the critical density of the 

last iteration for the previous pricing value. Moreover, heterogeneous user preferences affect 

network-wide traffic conditions and consequently, affect social benefits. Without any 

additional road pricing payments, travelers with low value of time may gain from the behavior 

of others with high value of time. Therefore, disaggregated analysis of groups according to 

their socio-economic characteristics as well as activity- and travel patterns require further 

studies. 
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