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Abstract

With the advent of self-driving cars, Autonomous Mobility on Demand (AMoD) may become a
very popular mode of transport in the near future because of its low price, convenience and other
benefits. This study will explore the congestion effect of introducing a large fleet of autonomous
vehicles to cities on a realistic simulation environment and will develop congestion-aware operation
strategies for the fleet decision-making process. Refuting some previous results, our results show
that replacing private car trips with AMoD rides can improve the overall traffic condition if a good
operating strategy is used. Furthermore, our results also indicate that traffic can still be improved
when only a fraction of the private car trips are replaced by AMoD rides. The higher the replace-
ment rate is, the better the overall traffic will be. The study concludes with the identification of
multiple future research directions that may bring us one step closer to the mobility of future.

Keywords: Autonomous Mobility-on-Demand (AMoD), Dynamic Vehicle Routing Problem,
Congestion-aware, Coordinated Operation, Interaction between Autonomous Vehicles and private
cars.
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Chapter 1

Introduction

With the rising of autonomous driving technology, Autonomous Mobility on Demand (AMoD)
has become a popular topic nowadays and is considered as an alternative to conventional private
vehicles. Because autonomous vehicles can drive between places on their own, a vehicle can be
shared among several users and therefore the upfront cost of AMoD can be significantly lower
than private cars. Similar to the taxi and ride hailing services that are currently available, users
can simply request for a ride and then a car will arrive to them and take them to the destination
conveniently. But unlike the taxi or ride hailing available today, AMoD can offer the same or even
better service at a fraction of the cost, because no human drivers are needed. According to a study,
up to 88% of the fare collected are used to pay the driver[1]. In addition, a well-designed autonomous
driving system can drive in a more energy efficient way than human beings and this further reduce
the cost. Based on the findings in [1], it is possible that the fare to take an autonomous taxi can be
comparable or even slightly cheaper than the cost of driving private vehicle (e.g., fuel, maintenance,
depreciation, insurance, parking). As a result, it is likely that many people will switch from driving
private cars to using AMoD as their mode of transport in the near future when the self-driving
technology is fully mature. With that, an interesting question arises: how will AMoD influence the
traffic in our cities? Will it improve the traffic, or will it intensify the congestion problem that is
already bothering residents in many cities around the globe?

Congestion is a headache for many cities around the world and it is getting worse due to increasing
travel demands as a result of on-going urbanization process. For example, it is estimated that
around 20 billion US dollar may be lost on the traffic jam each year in New York City [2]. In
addition, traffic congestion also increases the amount of harmful gas emitted by vehicles, which
is undermining human’s health. According to WHO, one third of deaths from stroke, lung cancer
and heart disease are due to air pollution [3]. Improving traffic and tackling congestion is therefore
one of the major tasks for the engineers and city planners who design the future of mobility.

AMoD is among the list of the future mobility and it is considered as an effective way to solve the
traffic congestion problem because we can greatly reduce the total number of vehicles if people are
using AMoD instead of owning private cars. This has been mentioned as the benefit of AMoD to the
traffic in many studies on the autonomous driving topic. Reasonable as it sounds to be, this is not
as straightforward. While total number of vehicles is reduced, the number of vehicles running on the
road at any given moment, however, cannot be reduced if same travel demands are to be fulfilled.
In fact, there will be even more vehicles running on the road and more Vehicle Miles Traveled
(VMT) because of empty repositioning drives between travel demands. This can be a major issue
during rush hours, as adding vehicles to traffic jam can severely intensify the congestion and that
is exactly opposite to the hope of improving traffic condition with autonomous vehicles.

Fortunately, however, AMoD does possess advantage that can potentially turn the tide to its
favor. With private vehicles, the traffic tends to converge to Dynamic User Equilibrium (DUE)
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or Wardrop’s Equilibrium [4], which is a Nash Equilibrium and is usually far from the system
optimum. Under such a circumstance, the social benefits are low, and congestion can still happen
even if the system has adequate flow capacity. This means building new roads and enlarging capacity
of current network may not be enough to remove congestion. A fleet of autonomous vehicles, on the
other hand, can improve current situation by behaving more cooperatively and moving the whole
traffic system from the Nash Equilibrium towards a social equilibrium, in which the overall benefits
of the users can be greatly improved. Apart from routing aspect, the dispatching and rebalancing
algorithm also plays an active part in reducing congestion. According to a commonly used traffic
model developed by Bureau of Public Road (BPR) [5], an additional car to a congested road will
add much more to the congestion than that on an empty road. As a result, flattening the peak to
some extent will also be effective in tackling congestion. With AMoD, this can be achieved by a
good operating policy that can decide which request to serve first and whether to serve a request
immediately or deliberately delay the service by a short period of time.

Will the positive effects brought by the AMoD overweight those negative counterparts? In this
study, we will look at how a congestion-aware AMoD system will influence the traffic and examine
if AMoD can be introduced to cities at a large scale. In particular, we will focus on the effect of
replacing private car trips with AMoD rides. Before reaching the conclusion, we will also discuss
some potential further research directions on this topic, such as interaction between AMoD and
public transport and the influence of induced travel demands by AMoD.



Chapter 2

Literature Review

Fundamentals of AMoD Systems

In recent years, many studies have been conducted on large scale Autonomous Mobility-on-Demand
Systems. One focus area of the study is the fundamentals of AMoD systems, where theoretical per-
formance of the AMoD fleet are explored and vehicle positioning problems are studied. Imbalance
between the distribution of origins and destinations of travel demand is one of the key factors
that limit the performance of an autonomous vehicle fleet and this is also the reason why a good
vehicle positioning strategy is very important in AMoD operation. In the article [6], this kind of
imbalance is analyzed in a 2-D Euclidean space and has been characterized by the Earth Mover’s
distance (or Wasserstein Distance, more details can be found in [7]). Identifying the imbalance is
very important when choosing the fleet size of AMoD. As indicated in article [6] and [8], failing to
take imbalance into consideration will lead to poor estimation of the AMoD fleet size and service
quality (i.e., high accessibility and low waiting time). Because of this imbalance, empty vehicles
need to travel from popular travel destination regions to the popular origin (i.e., the starting point)
regions in order to make the AMoD system stay in balance. Therefore, this process is often referred
to as rebalance process in the literature. In order to generate a good rebalancing strategy, several
studies use fluidic models to optimize the rebalance process. For example, in article [9] a station
based model for the city-scale network is constructed and linear programming is performed to
generate optimal rebalance plan under the constant demand pattern. This article also introduced
a real time rebalancing strategy, Adaptive Real-Time Rebalancing Policy, that can respond to the
time-varying demand pattern. In another article [10] based on the same idea of [9], time-varying
demand pattern is included in a different way that allows an optimal rebalancing plan to be cal-
culated under continuously changing travel demands. In addition to the fluidic models, another
method, Queueing-Theoretical approach, is also commonly used in the literature. In article [11],
queueing-theoretical approach based on a closed Jackson network is used to model the AMoD
system. The model is also station-based, like in [9], but instead of relying on fluidic assumption,
vehicles are considered as discrete object. Because of the discrete nature of vehicles in this model,
the author of article [11] has also carried out simulations with real world data and has estimated the
number of autonomous vehicles needed to serve cities like New York (Manhattan) and Hangzhou
without having passengers waiting for too long. Studies on more advanced rebalancing strategies
are still on-going and many interesting strategies, such as adding predictive element [12] or using
a model-free policy [13], are available. Studies on fundamentals of the AMoD systems provide a
general guideline for the operation of an autonomous vehicle fleet. These studies, however, do not
take congestion into consideration or treat it as an exogenous effect. Therefore, for a city scale
application of AMoD system, especially in heavily populated cities, results from these studies may
not be fully applicable.
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Treating Congestion as an Endogenous Effect

When congestion effect is treated as an endogenous effect, the problem becomes much more complex
and interesting results arise from different studies. One common assumption in studies on the topic
of endogenous congestion effect of AMoD operation is that all vehicles running in the network are
controlled by the operator (see Figure 2.1). In one study [14], the author has found out that the
performance of an autonomous vehicles system is very sensitive to the fleet size when congestion
effect is considered as an endogenous effect. Not only the waiting time will be influenced by the
fleet size, network traffic condition will also vary under different fleet sizes. In particular, when
reducing the fleet size from an adequate value, the traffic situation will become worse, which is
contrary to the common belief that the less vehicle we have the less congestion there will be. The
complexity of the problem is also reflected in the computational workload. Linear programming
(integer linear programming) is one of the most frequently used tools in the traffic assignment
problem for AMoD system. In [15], space-time-state networks is used to model the traffic and
several techniques are used to formulate and solve the linear programming problem. In another
article [16], the author developed an optimal routing algorithm based on link transmission model
and use linear programming to solve the problem. Although these algorithms solve for the optimal
solution, as the size of the network and vehicle fleet grows, the complexity of the problem increase
exponentially. As a result, these algorithms are only feasible to run on simplified and very small
network with limited number of vehicles. In a recent study [17], a rolling-horizon optimization
strategy that combines both offline and online calculation is developed to increase the tractability
of the problem and it is feasible to run the algorithm on Manhattan’s network with thousands of
vehicles.

Figure 2.1: Exogenous and Endogenous Effects of Congestion

In addition to the complexity, contradictory results exist on the question whether AMoD will
improve or worsen the traffic. In fact, people already have different opinions on the existing ride-
sharing service operated by companies like Uber and Lyft (which can be treated as a kind of
mobility-on-demand service). For example, two studies, [18] and [19], yield completely different
results on the effect of ride-sharing service on traffic congestion. Similarly, such disagreement also
happens to AMoD. In article [20], the author shows that, in a capacity symmetric network, with an
appropriate algorithm, rebalancing vehicles will not lead to any increase in the congestion, given
that there exists a congestion free customer flow. In a follow up study [21], the author further
introduced a randomized congestion-aware routing algorithm to improve the speed of calculation
without compromising the performance of the algorithm. In other words, as long as the flow
capacity of the network is large enough for the travel demand and a good routing algorithm can
find an congestion free arrangement for all the travel demand, then those additional empty drive
because of the rebalance process will not cause any congestion under a good rebalancing strategy.
These studies demonstrate a positive outlook for the AMoD system. The simplified traffic model
and reliance on the constant travel demand, however, are the limitations of these studies. On
the other hand, a study on the AMoD with a more realistic simulation [22] has pointed out that
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given the same network capacity, introducing AMoD service in cities will only aggravate the traffic
congestion problem we are facing today. The reason for the additional congestion is exactly due to
the additional drive brought by the re-positioning vehicles.

Other Factors

Furthermore, there are other factors, although outside the focus of this study, worth noting when
studying the endogenous congestion effect of AMoD. As AMoD is a new transportation mode, it
is possible that additional travel demands may be induced by this new way to travel. Study [1]
suggests that autonomous vehicles are likely to add more burden to current transportation network
by inducing more travel demand. Because of its convenience and low price, AMoD will attract more
people, such as public transport users and cyclists, to call for a ride and this can further deteriorate
the traffic condition. To simulate how people will choose their mode of transport, discrete mode
choice model [23] and a cost structure based on Charypar-Nagel Utility Function [24] are used in
this study. Apart from this, competition between different AMoD operators [25] and vehicle-level
interaction among self-driving cars, such as lane reserving technique [26] and intelligent traffic
control at intersection [27], will also play a role in the traffic network.

Summary of Literature Review

To conclude the literature review, congestion is a very important aspect to consider when designing
the AMoD systems and it is a very complex problem. Whether AMoD will bring more congestion to
the road or improve the traffic remains as an open question. In addition, due to the high complexity
of the traffic assignment problem in a city scale network, most studies either rely on the simplified
and very small traffic network and model (such as [16], [20] and [21]) or use heuristic and empirical
methods (such as [1] and [22]) to tackle the problem.

Contribution of this work: This work will bridge the gap between the theoretical research
on advanced dispatching algorithms and realistic simulation based studies by developing various
online routing and dispatching algorithms for AMoD system. The algorithms are based on the
theory from theoretical research and are adapted to the realistic simulation environments. The
results of this work may serve as a small effort in mitigating the disagreement on the potential
influence of AMoD system among different studies.
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Chapter 3

Development of Congestion-Aware
Operating Strategies for AMoD
Systems

3.1 Objectives of Fleet Operation

A good AMoD operating strategy should provide a satisfying service quality while keeping the
operational cost low. Before developing any strategy, we need to setup performance criteria to
evaluate whether a strategy is good or not. We will reference to the commonly used evaluation
metrics in the literature and develop our performance criteria for the congestion-aware operating
strategy for AMoD systems.

Waiting time and on-board traveling time (sometimes also referred to as drive time) are commonly
used in the literature to evaluate the service quality of AMoD Systems. For studies on the funda-
mental of AMoD operation, such as [8], [9] and [13], waiting time is the major criteria to evaluate
the service quality of an operating strategy. In these studies, congestion is either ignored or treated
as exogenous effect and vehicles will simply choose the shortest path when traveling and on-board
time will not be influenced by the operating strategy. On the other hand, when congestion is con-
sidered as an endogenous effect of the AMoD vehicles, on-board travel time will also be influenced
by the operating strategy. If all the vehicles choose the shortest path based on free flow travel speed
of the network, congestion is likely to form on some of the roads and the on-board travel time will
increase significantly. In addition to routing of autonomous vehicles, a good operating strategy can
also influence the traffic flow by controlling the departure rate of travel demands in different areas.
For example, the operating strategy can deliberately delay the service for some travel demand by
a short period of time in order to reduce traffic flow during peak hours. Therefore, on-board time
is also a very important criterion for the congestion-aware operating strategy.

Then, we will adapt these two commonly used service quality related criteria to our study. One
of the advantages of the AMoD over private vehicles is that instead of spending a lot of time
in the traffic jam, people can relax at home or in the office until autonomous vehicles arrive at
their doorstep. Apparently, spending time in traffic is not as desirable as resting at home or in
the office. Indeed, it is common practice in many simulation-based studies, such as [1] and [28],
to associate negative utility (i.e., cost) to the time spent on traveling and positive utility to the
time spent at a facility (e.g., home, workplace, shop). Besides, with a fleet that is large enough
to influence the traffic, the average on-board time provide a good indication to the overall traffic
condition. In general, given the same travel demand, a longer average on-board time indicates a
worse overall traffic condition. Because of the above mentioned reasons, on-board time will be the
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major performance criterion for this study. Meanwhile, waiting time should not be ignored, as it
is also not desirable to have the passenger wait for a ride for too long. To define the term “too
long” is difficult as different people will possess different opinions on this definition and it can vary
significantly among different groups of people. However, in general, if the waiting time for a ride is
comparable to the time that needed for other available modes of transport, such as the time needed
for a private car user to go to the parking lot or garage to reach the car and then drive the car to
the road or the time it takes a public transport user to reach a bus or train station and wait for
the vehicle to come, then it will not discourage most of the people from using the AMoD service.
In this work, we define 5 minutes as the critical value for mean and median of waiting time and
15 minutes for 95 percentile waiting time. If the waiting time statistics are below these critical
values, then we will define the service quality as satisfying in terms of waiting time. Note that this
is a general estimation and the tuning of these values may be needed in real world applications.

Apart from providing a high quality service, reducing operational cost is another objective for the
operating strategy. Vehicle Miles Traveled (VMT) is closely related to the operational cost of the
AMoD system. The more distance traveled, the more fuel will be consumed, and maintenance cost
will also be higher. An operating strategy can reduce VMT by better routing the vehicles and
reduce unnecessary re-positioning process of vehicles. Thus, we will also include VMT into our
performance criteria. At this stage, however, operational cost is not the major focus and therefore
VMT will have a lower priority than the service quality related criteria.

To conclude, in this study, on-board time will be the major criteria for the evaluation of an operating
strategy. Waiting time statistics will serve as an additional check to determine if a strategy yield
a satisfying performance. VMT will also be included in the comparison process, but it will only
be used to demonstrate the potential difference in operational cost associated to each operating
strategy.

3.2 Development Environment

In this work, an activity-based multi-agent simulation framework MATSim[29] is used for the
traffic simulation. MATSim uses microscopic modeling of traffic and can efficiently simulate a
city scale network with a large number of agents in a reasonably amount of time. Thanks to the
extension friendly feature of MATSim, extensions with different objectives are readily available.
To allow effective implementation of more advanced dispatching algorithm and detailed analysis
of the AMoD fleet performance, AMoDues [30] add-on is used in this study. In addition to the
improved Autonomous Vehicles Module, AMoDeus also contains several basic unit capacity and
high capacity (ride-sharing) dispatching strategy, which serve as an ideal starting point for this
study.

As the traffic system is very complex, we need to make some assumptions to reduce the complexity
of the problem. The development of the congestion-aware operating strategy in this study relies
on the following two assumptions:
Assumption 1. All private car trips are replaced by the AMoD rides and all the autonomous
vehicles running on the road are controlled by the operating strategy.
Assumption 2. Only car trips are replaced by AMoD rides and there is only one AMoD operator
in the simulated city.

Although these two assumptions are a little bit strong, they serve as a good starting point to study
the endogenous congestion effect of the AMoD operation by excluding many complex elements in
the traffic system. Besides, similar assumptions are also commonly used in many relevant studies
(such as [14] [16] and [20]).
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3.3 Congestion-Aware AMoD Operating Strategy

The Congestion-Aware Operating Strategy (CAOS) mainly consists of two parts: Routing Algo-
rithm (RA) and Vehicle Operating Strategy (VOS). VOS can further be divided into Dispatching
algorithm and Rebalancing algorithm. There are interactions between RA and VOS, but we con-
sider them independent in a first approximation. The overall relationship among the elements of
the complete operating strategy is shown in figure 3.1.

Figure 3.1: Congestion-aware AMoD Operating Strategy

3.3.1 Routing Algorithm

The routing algorithm is an important element in the congestion-aware operation of the AMoD
system. With full control over the whole autonomous vehicles fleet, we can assign vehicles in a
way such that the congestion in the traffic network is minimized. Due to the large size of the city
scales network we are working on in this study, optimal routing plan for a large AMoD fleet is too
complex to compute real time (for example, in [16], even with a new technique on modeling the
problem and with powerful modern computers, the problem is still not possible to be solved in
large scale). Therefore, a heuristic router is a more suitable choice for this study.

There exists an online travel time module called Within-Day Travel Time (WDTT) [31] in the
MATSim extension and can be used to construct an online AMoD router. The WDTT module can
return the travel time of a given link by averaging the travel time of vehicles that has traversed
that link in the last 15 minutes. If no vehicle has passed that link for the last 15 minutes, free flow
travel time will be returned. An online routing algorithm can then be constructed by combing a
shortest path algorithm (e.g., Dijkstra algorithm) with the WDTT real time travel time module.
The cost of a path is set to be the travel time or a linear combination of travel time and distance.
This router is working relatively fast and can diverge the traffic flow to some extent. However,
limitations present when using this router and that will deteriorate the performance of the AMoD
system.

The first limitation of the existing router is lack of updated travel time information on the links.
When the router plans the route, it will use the current travel time information on the links and
once the route has been planned, the vehicle will follow that route until it reaches destination. As
traffic network is a highly dynamic system, congestion can form and relieve within minutes and
travel time information of a link can become obsolete in very short time. During a trip, especially
those longer trips, the “optimal” route generated by the router at the beginning of the trip (top
part of figure 3.2) may no longer be a good choice after some time (bottom part of figure 3.2). The
second limitation of the existing router is that it will only diverge the traffic when congestion has
already formed, and no extra penalty is given to the congestion. This will keep the whole system
stay near the Wardrop’s equilibrium (Nash Equilibrium in traffic assignment problem, see [4] for
a detailed description) instead of the social equilibrium (a desired, optimal assignment).
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Figure 3.2: Limitation of the online router based on WDTT module

Batch Online Rerouting

In order to overcome the first limitation, Batch Online Rerouting process is introduced. For every
time period tr, a fraction x of the running vehicles (randomly chosen) will re-calculate the route
based on the current traffic situation. The variable tr and x are parameter to be tuned. There is not
yet formalized theory or study on the choice of these parameters but in general x should not be too
large such that the traffic flow is diverged from the critical links, instead of moving the congestion
from one place to another. For example, in the extreme case of x being 1 (i.e., 100 percent), all
the vehicles in a region will choose to take the links that are currently less congested and that will
bring congestion to those links. In this case, congestion will not be really resolved, but will simply
translate back and forth in the network. We demonstrate this with a simple example illustrated
in Figure 3.3. On the left of the figure, Route A is congested, and Route B has a good traffic
condition. If we reroute all incoming vehicles based on this traffic information, then all vehicles
will be assigned to Route B. By doing so, it is likely that congestion will begin to form on Route
B and traffic condition on Route A will be improved. Then we will end up in the situation shown
on the right of the figure. If we reroute all incoming vehicles again, all vehicles will be assigned to
Route A and we will move back to the situation shown on the left of the figure. With that, a loop
is formed and congestion is translating in the network instead of being resolved.

Figure 3.3: Congestion translates back and forth in network

The choice of tr depends on the value of x as well as the computational power. To reroute some
vehicles, shortest path problem will be solved and the more frequently reroute is performed the
more computational power it will consume. For a large AMoD system, a high reroute frequency
can lead to heavy computational workloads. On the other hand, with a smaller x, a higher reroute
frequency (i.e., a smaller tr) is desirable so that the probability of a vehicle’s route is based on
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updated travel time information is high. In specific, we can calculate the probability of a vehicle
whose current route is updated. First, we denote the travel time of a link l at time t to be τlptq.
We then define the travel time information to be updated if it is generated at most ∆t time before
(i.e., τlptq is updated if and only if t ě tnow ´ ∆t, and tnow is the current time), and a route is
updated if it is generated by the router based on the updated travel time information. Let M be
the event that a vehicle’s route is updated then we can calculate the probability of M as shown in
equation 3.1. In this study, we set the value of x to be 0.3 (i.e., reroute 30% of the vehicles each
time) and tr to be 30 seconds. Furthermore, we set the ∆t to be 3 minutes (180 seconds), which
means a travel time information is considered as updated if it is generated within 3 minutes. In
this case, we can calculate the probability of a vehicle’s route being updated by plugging in these
parameters into equation 3.1 and the result is 0.882. This suggests that most of the vehicles are
traveling on updated routes.

P pMq “ 1´ p1´ xqp∆t{trq (3.1)

The benefits of this reroute process are illustrated in Figure 3.4. First, it can relieve the congestion
in an area by diverging the traffic flow and not sending additional vehicles to the congested link (see
the blue vehicle in the middle in figure 3.4). In this case, not only are the vehicles being rerouted
benefited from this process, but also the remaining vehicles in the congested area are benefited,
because less vehicles will be presented in that area and the traffic condition can be improved.
Second, reroute process can avoid unnecessary detour due to the outdated travel information
(see the green vehicle on the right in figure 3.4). Similar to the formation of the congestion, the
congestion can be resolved in short time as well. An outdated route may consist unnecessary
detour that will only increase the travel time and distance. With the rerouting process, most of
the vehicles will be traveling on updated routes and the probability of having such detours will be
greatly reduced.

Figure 3.4: Benefits of reroute process

Real Time Travel Time Module

To tackle the second limitation of the existing simple routing algorithm, a new Real Time Travel
Time (RTTT) module is constructed. The module penalizes the route that will lead to the conges-
tion by adding cost to links whose occupation rate and flow rate are close to the capacity or are
already overloaded. In that way, the router will discourage vehicles to travel on those very crowded
links. When the flow rate of a link is well below its capacity, free flow travel time on that link will
be returned and no additional cost will be associated to the link. The new real time travel time
module estimates the travel time of a link by counting the number of vehicles on the link. Based
on the MATSim traffic model, given the flow capacity Cl, the length Ll and free flow travel speed
Vl of link l, the maximum number of vehicles Nfreeflow

l on the l under free flow condition can be
calculated by equation 3.2. If there are more vehicles on the link that that value, then free flow
condition will no longer be met, and the travel time on the link will increase.

Nfreeflow
l “ Cl ¨

Ll

Vl
(3.2)
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The RTTT module is developed based on the literature on traffic assignment problems [32], in
which a simple model is used to demonstrate the difference between Wardrop’s Equilibrium and
Social Equilibrium. Consider a simple network with a direct route through town center and a
bypass (see Figure 3.5). Taking direct route under free flow condition will lead to a shorter journey
than the detour. But the direct route has smaller capacity limit than the bypass and when the
capacity of a road is reached, the travel time will increase as the number of vehicles traveling on
that road increase. In a conventional traffic network, a driver will choose to take the bypass when
the direct route and bypass have the same cost. Usually, when this point is reached (Wardrop’s
Equilibrium), the travel time in the direct route is so long, such that the overall benefits (or social
benefits) of the network is not the optimum. In order to achieve the social equilibrium where social
benefits are maximized, the marginal cost of all routes are equal and minimized. This usually
leads to more vehicles taking the bypass rather than direct route. Although the social benefits are
maximized, for the drivers who take the bypass, there exist incentive for them to choose the direct
route as this will reduce the cost for them. The conventional way to solve this problem is to charge
drivers who take the direct route a toll in order to encourage more people to use the detour. In
the AMoD case, we have full control over the fleet and artificial cost can be associated to the link
that is overcrowded such that the system can move from a Wardrop’s Equilibrium towards a Social
Equilibrium.

Figure 3.5: Town served by a bypass and a town center route (adapted from [32])

In this study, a cost structure with capacitated network structure with linear penalization on
congested link is used by RTTT module for route calculation. The cost structure also distinguishes
the passenger carrying vehicles and empty drive vehicles. The cost Cv

l ptq of traveling on a link l for
vehicle v at time t is a linear combination of the augmented travel time τv

l ptq (i.e., including penalty
for congestion) and the length of the link Ll, and it is shown in equation 3.3. The augmented travel
time is calculated by equation 3.4, where τ0

l is the free flow travel time of the link l and Nl is the
current number of vehicles on the link. χ P t0, 1u is the Boolean variable representing if the vehicle
is carrying passenger with 1 indicating vehicle is driving with customer and 0 meaning the vehicle
is in empty drive (see equation 3.5). r1 and r2 are the discount rate on the free flow capacity of
the link for passenger carrying vehicles and empty vehicle respectively. p1 and p2 are the penalty
terms that associates more cost for traveling on congested links for passenger carrying vehicles and
empty vehicles respectively. taddition

l is the additional travel time for each additional vehicle on the
congested link l under the MATSim traffic model and it is simply the inverse of the capacity of
the link as shown in equation 3.6. Normally, passenger carrying vehicles have higher priority than
the empty vehicles and therefore in general r1 is larger than or equal to r2 and p1 is smaller than
or equal to p2. Due to the complexity of the network and highly dependency of the equilibrium
point on the specific network, it is very difficult to calculate the exact additional cost to associate
to the congested links in order to reach the social equilibrium, thus parameter tuning need to be
performed in each network.
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Cv
l ptq “ fpτv

l ptq, Llq “ α ¨ τv
l ptq ` p1´ αq ¨ Ll with α P r0, 1s (3.3)

τv
l ptq “ τ0

l ` pNl ´N
freeflow
l ¨ pχr1 ` p1´ χqr2qq ¨ pχp1 ` p1´ χqp2q ¨ t

addition (3.4)

χ “

"

1, if v P VDriveW ithP assenger

0, otherwise (3.5)

taddition
l “

1
Cl

(3.6)

Smoothed Link Travel Time Estimation (SLTTE)

In addition, in the case where AMoD vehicles take up the great majority of all the vehicles running
on the roads, the router can be further improved by using Smoothed Link Travel Time Estimation
(SLTTE). With SLTTE, a vehicle will not occupy one unit of capacity of the link it is currently
on. Instead, occupation of that one unit capacity is distributed among the links the vehicle has
just left and the links the vehicle will enter soon (see Figure 3.6). This is possible because we can
track the routes of AMoD vehicles. SLTTE will increase the performance of the router by reducing
the effect of abrupt changes on the occupation rate of links due to the discrete nature of vehicles.

Figure 3.6: Illustration of Smoothed Link Travel Time Estimation (SLTTE)

In this study, we will distribute the occupied capacity of a vehicle across the five links as shown
in the Figure 3.6: 2 links the vehicle has just left, the link the vehicle is currently on and 2
links the vehicle will enter thereafter. We will associate weight to each link in the format of
tw1;w2;w3;w4;w5u, with wi ě 0. The absolute values of each weight can be randomly chosen, and
the distribution is decided by the relative values of the weights. When calculating the occupied
capacity of a vehicle on one of the five links, we will normalize the values such that they sum up
to one (i.e., a vehicle still occupies one unit of capacity in the network). For example, the weight
t1; 2; 4; 2; 1u will lead to the distribution shown in the Figure 3.6 and the occupied capacity of a
vehicle is distributed as t0.1; 0.2; 0.4; 0.2; 0.1u among the five links after the normalization. The
weight t0; 0; 1; 0; 0u will lead to the occupied capacity of a vehicle concentrating on the link the
vehicle is currently on, and this is equivalent to the case in which SLTTE is not applied. For some
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vehicles, the trajectory may not contain the all of the five links (e.g., at the beginning of a trip
or approaching the end of a trip), in that case, only the links covered by the trajectory will be
included in the distribution and occupied capacity will be normalized among those included links.
As SLTTE is an empirical technique based on MATSim traffic model, pre-simulations are necessary
to obtain the most suitable distribution function for SLTTE.

3.3.2 Vehicle Operating Strategy

As shown in Figure 3.1, the Vehicle Operating Strategy (VOS) for the AMoD system can be
divided into two parts: Dispatching algorithm, where vehicles are assigned to the travel demands,
and Rebalancing algorithm, where vehicles are assigned to drive to some locations without actual
requests in order to prepare for future travel demands in that area. Similar to the approach in the
existing literature, the two parts of the VOS operate in collaboration but in two separate loops.
This enables different combinations of dispatching algorithms and rebalancing algorithm to form
new VOSs.

In this section, we will develop three different VOSs. As VOS is part of the Congestion-Aware Op-
erating Strategy, we also take congestion effect into consideration when developing VOSs, which
differs our VOSs from most of existing ones in the literature. We will first go through some back-
ground information and key ideas for the development of VOS. Then, we will introduce each VOS
in detail.

Background Information

In this study, bipartite matching algorithm will be used to form the base of the dispatching and
rebalancing algorithm, which provides an efficient match for the whole system. As a classical
problem, there are several well formalized methods to solve the bipartite matching problem. The
Hungarian method [33] is one of the efficient algorithms to find an optimal bipartite match and
will be used to solve the bipartite matching problem. In order to solve the matching problem, we
need to define the cost of each potential match. In this study, the cost of a potential match between
an available vehicle and a not yet served request is defined as the Euclidean distance between the
vehicle and the request. Note that using Euclidean distance as cost function will not lead to an
optimal solution in terms of total network distance or travel time as traffic network consists of
discrete links and is not a continuous space. Nevertheless, it is the most suitable choice because
of following two reasons: first, using network distance or travel time as cost function requires
computation of shortest path for every potential match which is extremely time consuming in a large
AMoD system; second, using Euclidean distance as cost function can lead to good approximation
of the optimal match in most road networks.

When developing rebalancing algorithm, we will divide the network into small regions (also known
as virtual nodes). The region should be small enough so that travel demand within each region is
relatively uniformly distributed. As the first step, we divide the full network into rectangular regions
of the same size. More advanced techniques, such as requests clustering with k-mean algorithm
(proposed in article [34]), can be used to divide the network. By doing so, we can implement some of
the well-formalized rebalancing algorithms in the literature, which are usually station-based (such
as [8] and [9]). Each region in our network can be considered as a station. Sending a rebalancing
vehicle from one station to another can then be interpreted as sending one vehicle rebalance from
one region to another region. With a small enough region, we can simply pick a random link in
the destination region as the target of the rebalance trip. When there are multiple rebalancing
vehicles and multiple destinations, bipartite matching can be used to generate the optimal match.
In addition, we will slightly abuse the term “rebalance” to include all the empty vehicle operations
that do not directly drive toward any actual request and with the purpose of improving the service
quality.
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Key Idea for Congestion Awareness

The development of a congestion-aware VOS is based on the key idea of limiting departure rate of
the requests. One of the major reasons for congestion to form in traffic network is the concentrated
traffic flow on some links. When the traffic flow on those links go beyond the capacity of those links,
vehicles are going to accumulate on those links due to flow capacity limitation, and congestion will
then begin to form and propagate backward. In addition, when congestion is formed, the flow rate
of the congested links will further reduce, making congestion to become even worse, and a vicious
cycle is formed. One practical way to solve this problem is to limit the departure rate of the travel
demand. With a controlled departure rate, overloading of the network is reduced and the overall
traffic can be improved. This may lead to an increase in the waiting time for those both spatially
and temporally concentrated requests, but the on-board time can be reduced for the whole system.

As we have divided the full network into small regions, we can use them to limit the departure rate.
For each region, limited number of requests enter the request pool of the system where they will
be matched to available vehicles. Requests beyond the limit are temporarily ignored and will wait
for the next dispatching period. When selecting requests in each region to enter the request pool,
several methods can be used. In this study, one of the simplest methods, First Come First Serve
(FCFS) is used, that means the first Nr requests in each region will enter the system requests pool
for matching, where Nr is the departure rate limit for the region.

Vehicle Operating Strategy 1 (VOS1)

To develop the dispatching algorithm for the first Vehicle Operating Algorithm (VOS1), we im-
plement the key ideas of limiting departure rate mentioned above. To pair unserved requests with
available vehicles, we will use bipartite matching scheme. As some requests may be deliberately
ignored for a short period of time by the dispatching algorithm in exchange for a better overall
traffic condition, we name this dispatching algorithm as Tactical Request Ignoring Dispatching
Algorithm (TRIDA). The complete process of TRIDA is shown in Algorithm 3.1.

Algorithm 3.1 Tactical Request Ignoring Dispatching Algorithm (TRIDA)
Result: Generate matching between unassigned requests and unassigned vehicles

1 initialization
2 P ÐH Ź Initialize Request Pool P
3 V Ð all available unassigned vehicles
4 for each region do
5 Lr Ð all unmatched requests in region r Ź Lr is a list structure
6 Sort Lr in term of requests submission time in ascending order
7 m “ minpNr, |Lr|q Ź |Lr| is the size of Lr

8 L1r Ð first m requests in Lr

9 P Ð P
Ť

L1r
10 end
11 perform bipartite matching between V and P

Then, we will develop a rebalancing algorithm for VOS1. Based on the TRIDA above, one obvious
way to rebalance the vehicles is to send available vehicles to the area where there are temporarily
ignored requests. In the next dispatching period, some of those ignored requests will enter the pool
and thus sending vehicles to those area will improve the service quality. Since ignored requests in
a region are caused by high departure rate in that region, which will lead to a very busy traffic,
it is not desirable to send vehicles directly to the region. Instead, rebalancing vehicles are sent to
neighboring areas of the busy region. In order to quantify this, we introduce the limit of incoming
traffic which upper bound the number of vehicles that is assigned to travel towards any region in
the network. As we can treat rebalance trip as pickup drive to a virtual request, it is reasonably to



16 3.3. Congestion-Aware AMoD Operating Strategy

set this limit same as departure rate limit Nr. With this regulation term, those busy regions with
many incoming pickup vehicles will not accept any rebalancing in vehicles which will prevent them
from being overloaded. Available vehicles will be sent to neighbors of those busy regions and it will
take those vehicles less time to reach the customer in the next dispatching period. To generate the
rebalance plan, we randomly choose corresponding number of links in the destination regions as
the targets for rebalancing trips. Then, we use bipartite matching scheme to send the unassigned
available vehicles to those targets of rebalancing trips. As this rebalancing algorithm is responding
to the artificial “imbalance” created by the TRIDA, we refer to it as Pseudo Rebalancing Algorithm
(PRA). Algorithm 3.2 shows the full process of PRA.

Algorithm 3.2 Pseudo Rebalancing Algorithm (PRA)
Result: Generate rebalancing plan

1 initialization
2 LÐH Ź Initialize rebalance destinations set
3 S Ð all regions with ignored requests
4 V Ð all available unassigned vehicles
5 for each region ri in S do
6 N Ð all neighboring region of ri

7 AÐ
ř

rjPN

aj Ź aj is the current available incoming vehicles quota of region rj

8 xÐ number of ignored requests in the region ri

9 while x ą 0 AND A ą 0 do
10 pick a random region rk P N
11 if ak ą 0 then
12 pick a random link l in region k
13 LÐ L

Ť

tlu
14 ak Ð ak ´ 1
15 xÐ x´ 1
16 AÐ A´ 1
17 else
18 remove region k from N
19 end
20 end
21 end
22 perform bipartite matching between V and L

Combing the TRIDA and PRA, we get the complete Vehicle Operating Strategy. During the op-
eration process, dispatching algorithm and rebalancing algorithm will be called at same frequency.
TRIDA will be called first to generate match between available vehicles and requests and based on
the matching results, PRA will then be executed immediately after to produce rebalancing plans.



Chapter 3. Development of Congestion-Aware Operating Strategies for AMoD Systems 17

Vehicle Operating Strategy 2 (VOS2)

The second Vehicle Operating Strategy (VOS2) uses the same dispatching algorithm, TRIDA,
as VOS1. But, instead of PRA, a more active rebalancing algorithm will be used to work with
TRIDA. We develop the new rebalancing algorithm based on the Adaptive Real-time Rebalancing
Algorithm (ARRA), originally proposed in article [9].

The original ARRA use the real time vehicle and travel demand information and spread the
available vehicles evenly across all regions (interpreted from the term "stations" in [9]) in the
network. During each rebalancing period, the number of available unassigned vehicles (staying
vehicles) will be counted and the desired number of vehicles in each region Ndesired is calculated
by dividing that value by the number of active regions (i.e., regions inside the AMoD service
coverage). The number of vehicles possessed by a region is the sum of the staying vehicles inside
a region, rebalancing in vehicles and vehicles arriving with passengers. If the number of possessed
vehicles by a region is greater than the desired value, then the region is referred to as a surplus
region; If the number of possessed vehicle of a region is smaller than desired value, then it is labeled
as a deficit region. The rebalancing algorithm will then send staying vehicles in the surplus regions
into deficit regions.

In order to adapt the original ARRA to this study, some modifications are made. First, a buffer
β is added to the categorization of regions. A region is considered as deficit or surplus only if the
difference between the number of possessed vehicles by the region and the desired value Ndesired

is greater than a threshold. Otherwise, the region is treated as “balanced” and no vehicles will be
rebalanced to or from this region. In the original work of ARRA flow model is used, and the travel
demand are considered as a piece-wise constant flow [9]. In our simulation environment, dynamic
discrete travel demand is used and thus a region can fluctuate between deficit and surplus due to
the newly entering requests and this will lead to unnecessary back and forth rebalance assignment.
Obviously, the back and forth movement of empty vehicles will significantly intensify the congestion
and should be avoided. By introducing the buffer, such problem can be solved and only the region
with non-trivial imbalance will be balanced by the algorithm. Second, when generating a rebalance
plan, a limit of incoming and outgoing flow of vehicles Nmax for all the regions are introduced. This
is similar to the idea in the dispatching algorithm and the first rebalancing algorithm above, and
it will prevent the network from overloading. Third, we modified the rebalancing plan generating
process. As mentioned in the Background information above, we use small regions in our network
to represent the station concept in the original ARRA. Instead of using linear programming to find
the optimal rebalancing flow, we use bipartite matching scheme to generate rebalancing plans.

With above mentioned modifications, the new rebalancing algorithm based on ARRA, General
Rebalancing Algorithm (GRA), is formulated in Algorithm 3.3.

By combing TRIDA with GRA, we get the complete process of the second Vehicle Operating
Strategy (VOS2). Same as in VOS1, the dispatching algorithm and rebalancing algorithm are
called at the same frequency. TRIDA will match unserved requests with available vehicles and
then GRA will produce rebalancing plans based on the matching results.
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Algorithm 3.3 General Rebalancing Algorithm (GRA), based on ARRA [9]
Result: Generate rebalancing plan

1 initialization
2 LÐH, V ÐH Ź Initialize rebalance destinations and rebalance vehicles set
3 Nd ÐH, Ns ÐH Ź Initialize deficit and surplus regions sets Nd and Ns

4 V s Ð all staying vehicles
5 M Ð all active regions
6 Ndesired Ð

|V s
|

|M |
Ź | ¨ | is the number of elements in the set

7 for each region ri in S do
8 Di Ð unmatched travel demands originating from region ri

9 Xji Ð arriving with customer vehicles to ri coming from rj

10 Yji Ð rebalancing vehicles to ri coming from rj

11 ni “ |Vi| `
ř

j‰i

p|Xji| ` |Yji|q ´ |Di| Ź calculate the number of vehicles possessed by ri

12 if ni ď p1´ βqNdesired then
13 d “ Ndesired ´ ni Ź deficit value
14 l “ minpd,Nmaxq

15 Li Ð randomly generate l destination links in region ri

16 LÐ L
Ť

Li

17 end
18 if ni ě p1` βqNdesired then
19 s “ ni ´Ndesired Ź surplus value
20 v “ minpminpd,Nmaxq, V

s
i q Ź V s

i is the set of staying vehicles in region ri

21 Vi Ð randomly choose v staying vehicles in region ri

22 V Ð V
Ť

Vi

23 end
24 end
25 perform bipartite matching between V and L
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Vehicle Operating Strategy 3 (VOS3)

The third Vehicle Operating Strategy (VOS3) is a more advanced VOS that includes the concept
of departure rate limit, pre-calculated feed-forward signals and a real time feedback loop. The
full process of VOS 3 is illustrated in Figure 3.7. With this advanced VOS, we can increase the
efficiency of the AMoD fleet and same travel demands can be served by a smaller fleet without
compromising the service quality.

Figure 3.7: Illustration for VOS3

The dispatching algorithm of VOS3 is similar to TRIDA but matching between unserved requests
and available vehicles only happens within each region, instead of across the network. This is
because the rebalancing algorithm of VOS3, which will be introduced below, relies more on the
concept of region than previous rebalancing algorithms. Because of this region-based matching
characteristic, the dispatching algorithm is named as Region-based Assignment Dispatching Al-
gorithm (RADA). Algorithm 3.4 shows the process of the RADA. Same as in TRIDA, Nr is the
departure rate limit for each region.

Algorithm 3.4 Region-based Assignment Dispatching Algorithm (RADA)
Result: Generate matching between unassigned requests and vehicles

1 initialization
2 for each region ri do
3 RÐ all unmatched requests in region ri

4 V Ð all staying vehicles in region ri

5 Sort R in terms of requests submission time in ascending order
6 n “ minp|R|, Nrq

7 P Ð first n elements in R
8 Perform bipartite matching between P and V
9 end

The Advanced Rebalancing Algorithm (ARA) of the VOS3 consists of two parts: feed-forward part
and feedback part. While feed-forward signal will be calculated offline, the feedback process will
be carried out online during the operation.

The feed-forward part of the VOS3 is based on the idea of an advanced rebalancing algorithm,
Feed-forward Fluidic Optimal Rebalancing Algorithm (FFORA), in the literature [9]. The original
FFORA is developed in a station-based network with constant travel demand flow. It uses travel



20 3.3. Congestion-Aware AMoD Operating Strategy

demand flow among stations to calculate an optimal rebalancing flow (can be think as the counter
flow) such that the total empty drive distance is the least. The algorithm calculates the optimal
rebalancing flow offline based on the available travel demand information (e.g., past data) and
generate a master rebalancing plan before the online operation. During the online operation, the
rebalancing algorithm will read from the pre-calculated master plan and execute corresponding
rebalance assignments.

To implement the idea from FFORA in our study, we again use the region in our network to
represent the station in original FORS. We divide a day into 15-minutes intervals and within each
interval the travel demand flow can be considered as constant. We then use available travel demand
flow data to calculate the optimal rebalancing flow among regions for each time interval and store
it in a file. During the online operation, the file will be read by the VOS to execute feed-forward
part of the rebalancing assignments. To assign a vehicle to rebalance from one region to another, we
will randomly choose an available vehicle in the rebalancing out region and send it to a randomly
selected link in the destination region.

The feed-forward part of the Advanced Rebalancing Algorithm (ARA) is shown in Algorithm 3.5.
αijptq is the theoretical optimal number of to rebalance from region i to region j at time t. To
acquire αijptq, we can read the optimal rebalancing rate from region i to region j at time t from
the pre-calculated file and then multiply that rebalancing rate with the time period between two
consecutive feed-forward part of the ARA is called.

Algorithm 3.5 Advanced Rebalancing Algorithm (ARA), Feed-forward part (based on [9])
Result: Generate feed-forward rebalancing assignment

1 initialization
2 for each region ri do
3 Vr Ð staying vehicles in region ri

4 Calculate αijptq from pre-calculated rebalancing rate data for @j P t1, 2, ..., NRu

5 for each region rj do
6 if αijptq ą 0 AND |Vr| ą 0 then
7 nÐ minpfloorpαijptqq, |Vr|q

8 Send n vehicles from ri to n random links in rj

9 end
10 end
11 end

Finally, we introduce the feedback term in the ARA. Because the feed-forward rebalancing plan is
calculated beforehand, based on projected travel demand, it is very likely that there will be some
differences between the predicted travel demand and the real one. Introducing a feedback term can
eliminate the error caused by the difference between projected demands and real demands. Similar
idea will be used as in the general rebalance strategy introduced in section 3.3.2. We calculate
the deficit or surplus of each region by taking the difference of the number of vehicles possessed
by the region and the current unmatched requests originating in the region. Unlike the general
rebalancing strategy, we do not simply spread the surplus vehicles evenly across the network, we
send more vehicles to the popular departure regions so that the possibility of those region running
out of vehicles will be reduced. For the rest regions, a bare minimum number of surplus vehicles
will be the reference signal to be tracked by the rebalancing algorithm. The feedback part of the
ARA is shown in Algorithm 3.6.
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Algorithm 3.6 Advanced Rebalancing Algorithm (ARA), Feedback part
Result: Generate feedback rebalancing plan

1 initialization
2 V Ð all staying vehicles
3 Rh Ð high demand regions; Rn Ð the rest regions
4 LÐ Φ, V Ð Φ
5 for each region ri do
6 Di Ð unmatched travel demands originating from region ri

7 Xji Ð arriving with customer vehicles to ri coming from rj

8 Yji Ð rebalancing vehicles to ri coming from rj

9 if ri P R
h then

10 Nd
i “ Nh

11 else
12 Nd

i “ Nn

13 end
14 ni “ |Vi| `

ř

j‰i

p|Xji| ` |Yji|q ´ |Di|

15 if ni ď p1´ βqNd
i then

16 d “ Ndesired ´ ni

17 l “ minpd,Nmaxq

18 Li Ð randomly generate l destination links in region ri

19 LÐ L
Ť

Li

20 end
21 if ni ě p1` βqNd

i then
22 s “ ni ´Ndesired

23 v “ minpminpd,Nmaxq, V
s

i q

24 Vi Ð randomly choose v staying vehicles in region ri

25 V Ð V
Ť

Vi

26 end
27 end
28 Perform bipartite matching between V and L

Combining the RADA with ARA, the third Vehicle Operating Strategy (VOS3) is complete. As
the dispatching algorithm in VOS3 generate matching only between vehicles and requests within
each region, the workload is lower than the bipartite matching across the whole network. Therefore,
RADA can be called at a higher frequency than the dispatching algorithm in the previous two VOS.
Similarly, the feed-forward part of the ARA only consists of reading data from the pre-calculated
file and simple calculation and the computational workload is also relatively light compared to the
feedback part of the ARA. As a result, feed-forward part of the ARA can be called more frequently
than the feedback part.
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Summary of VOS

In this section, we have introduced many algorithms for different Vehicle Operation Strategies.
To make it easier for readers to distinguish three VOSs introduced above, we summarize them in
Table 3.1.

As mentioned in the beginning of this chapter, the complete Congestion-Ware Operating Strategy
(CAOS) for AMoD system consists of Routing Algorithm (RA) and Vehicle Operating Strategy
(VOS). Each VOS can be pair up with the newly developed RA in section 3.3.1 to form a complete
CAOS (i.e., CAOS1=RA+VOS1; CAOS2=RA+VOS2; CAOS3=RA+VOS3).

VOS Dispatching Algorithm Rebalancing Algorithm
VOS1 TRIDA (Algorithm 3.1) PRA (Algorithm 3.2)
VOS2 TRIDA (Algorithm 3.1) GRA (Algorithm 3.3)
VOS2 RADA (Algorithm 3.4) ARA (Algorithm 3.5 + 3.6)

Table 3.1: Summary of three Vehicle Operation Strategies

3.4 Simulations and Results

3.4.1 Simulation Setup

Simulation Scenario: Sioux Falls

Sioux Falls is one of the suitable scenarios for the development and testing of AMoD operating
strategies. Sioux Falls is a city in the South Dakota, US (see Figure 3.8) and is a commonly used
scenario for the traffic study. According to [35], this scenario combines fully dynamic demand fitted
with realistic socio-economic and demographic attributes with a small scale network. Although the
Sioux Falls Scenario is not created with the goal to exactly replicate the real world of the Sioux
Falls city, it is a very suitable test bed. For more information on the Sioux Falls scenario and the
data used to create the original scenario, readers may refer to [35].

Some small modifications are needed to adapt the Sioux Falls scenario to this study. The original
network of the Sioux Falls scenario is rather coarse and does not include the roads in the surround-
ing areas of the city center. This limit the route choice option for the AMoD system. Without
adequate routing options, the potential of AMoD operating strategies cannot be fully realized.
Besides, a coarse network also undermines the door-to-door concept of the AMoD system. With
the smaller links inside the residential and business area missing, commuters can only be picked
up or dropped off on major roads instead of at their doorsteps. As a result, to make the Sioux
Falls scenario more suitable for this AMoD study, we regenerate a more detailed network that also
includes roads in the immediate surroundings of the Sioux Fall city based on the data available on
Open Street Map [36]. The newly generated network is shown in Figure 3.9. The travel demands
are then adapted to the new network.

In this work, the public transportation is not analyzed. All public transport trips are converted to
walk and will be excluded from the statistics. This will not have any significant effect on the traffic
condition as public transport trips takes up only a very small percentage of the total travel demand
in Sioux Falls scenario and the small scale public transport network in the scenario has very limited
effect on the congestion. Besides, agents who have activities outside the scenario boundary are also
removed. After the scenario preparation, there are in total around 60,000 agents whose activities
throughout the day are within the boundary of the scenario. An agent in the simulation may make
several trips during the day, such as going to work, going shopping and returning home and that
leads to a total of 120,320 trips throughout the day. Around 90% of the all the trips are car trips
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and those trips are the suitable ones to be replaced by AMoD rides. The rest 10% are walking
(including those converted from public transport trips) or bike trips. Those trips do not influence
the traffic in MATSim simulations and will be excluded from the statistics in this study.

Figure 3.8: Map of the Sioux Falls on Open Street Map

Figure 3.9: Prepared network for the Sioux Falls Scenario

As a common practice in MATSim simulations, a sub-population is used to speed up the process. In
our simulations, a sub-population of 20,000 randomly chosen from the full population is used. This
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corresponds to around 30% of the full population and thus the network capacity (flow capacity
and storage capacity) is shrunk down to 30% of the original value. Among those 20,000 chosen
agents, around 18,000 owns a car and there are in total 36,148 car trips throughout the day. Based
on Assumption 1 and Assumption 2 in section 3.2, all those private car trips will be converted to
AMoD rides and will be served by our AMoD fleet.

To decide the initial AMoD fleet size to serve those travel demands, we refer to the findings in the
literature. According to various studies, such as [37] and [38], the fleet size required for AMoD to
serve all the personal mobility demand in a city can be somewhere between 10 percent and one
third of the number of existing private cars in the city. As a starting point, we use adequate number
of vehicles to test our newly developed CAOS and later in Chapter 4 we will perform stress test
by gradually reducing the fleet size. We choose 6,000 as the initial fleet size to serve the all travel
demands converted from private car trips, which corresponds to one third of the 18,000 existing
private cars in Sioux Falls Scenario.

CAOS setup

Parameters used for the Routing Algorithm are listed in the table 3.2 and values of those parameters
chosen tuned based on the results of pre-simulations. Vehicle Operating Strategy related parameters
are listed in table 3.3. The dispatching and rebalancing frequency for VOS1 and VOS2 are set to
be 30 seconds, which are commonly used in the literature. For VOS3, as mentioned above, a higher
frequency will be used for dispatching algorithm and feed-forward part of the rebalancing algorithm.
The other parameters depend on the scenario and the network. Values for those parameters are
acquired by running pre-simulations.

Parameter Name Value
Reroute part
reroute proportion x 0.3
reroute frequency m 30 seconds
Link travel cost part
time-distance α 1.0
discount ratio r1 0.9
discount ratio r2 0.9
penalty term p1 2
penalty term p2 4
SLTTE
occupation distribution {0; 3; 6; 3; 2}

Table 3.2: Routing Algorithm parameters

Parameter Name VOS1 VOS2 VOS3
Dispatching algorithm
dispatching frequency [second] 30 30 10
departure rate limit per region Nr 20 20 6
Rebalancing algorithm
rebalancing frequency [second] 30 30 FF:10; FB:30
buffer β N/A 0.1 N/A
rebalance rate limit Nmax N/A 20 20
normal region reference Nn N/A N/A 1
popular region reference Nh N/A N/A 10

Table 3.3: Vehicle Operating Strategy parameters
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3.4.2 Benchmarks

In order to evaluate the performance of the new algorithm, the results are compared to benchmarks.
Two benchmarks are used in this study to examine the performance of the new algorithm. The first
benchmark is derived from the Wardrop’s Equilibrium of all the private car trips (i.e., no AMoD
replacement) and the second benchmark is the performance of an existing operating strategy in
the literature.

Benchmark 1

To acquire the first benchmark performance, the conventional MATSim iterative approach is ap-
plied. The detailed introduction to this iterative approach can be found at the MATSim documen-
tation [29]. The same sub-population is used under the same scenario setup as described in section
3.4.1. The only difference is that all private car trips remain unchanged. As the population travel
plan is synthesized to represent real world data, the mode choice and departure time are fixed
during iterations and agents are only allowed to change the route choice during the re-planning
process between two iterations. The strategy of re-planning is set as follow: 0.75 change exponential
beta and 0.25 reroute (note: this is from the MATSim re-planning process and is different from
the reroute term in our Routing algorithm). With adequate iterations, the scenario will reach the
Wardrop’s Equilibrium (also referred to as Dynamic User Equilibrium in MATSim). We use 50
iterations with innovation process (i.e., reroute) turned off after the 45th iteration. The plots of
iteration scoring and travel distance indicate that user equilibrium has been reached well before the
last iteration. From this equilibrium we extract the average travel time and total travel distance of
all the 36,148 car trips. In the private car case, the travel time equals to the on-board time (drive
time) as the time needed to get to the car and drive the car to the network are not included. Also,
for private car users, the term waiting time is trivial as users are always considered to have access
to their own cars.

Benchmark 2

The second benchmark is derived from an existing Operating Strategy in [22], where congestion
effect of the AMoD fleet is studied. The Operating Strategy consists of the Demand Supply Bal-
ancing Dispatching Algorithm [39] and an online router based on Within-Day Travel Time module
[31] in MATSim. The structure of this existing Operating Strategy is a little bit different from the
ones we have constructed above. As there is no rebalancing algorithm, dispatching algorithm is the
only element in the Vehicle Operating Strategy.

The Demand Supply Balancing Dispatching Algorithm (DSBDA) is a heuristic dispatching algo-
rithm that can perform matching between travel demands and available vehicles in very large scale.
DSBDA divides the AMoD system into two situations: oversupply and under supply. In the over-
supply case, requests are assigned to the closest available vehicle. In under supply case, where all
vehicles are busy, the algorithm will wait until one (or more) vehicle becomes free and that vehicle
will be assigned to pick up the request that is closest to it. Because of its simplicity, DSBDA can
effectively operate in a city scale network (such as Berlin) and yield satisfying matching. The online
router based on Within-Day Travel Time (WDTT) module has been introduced at the beginning
of the section 3.3.1. By combing the online router with the DSBDA, a complete Operating Strategy
is formed.
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3.4.3 Results

The results of the newly developed Congestion-Aware Operation Strategies for AMoD system are
shown in figure 3.10. The benchmarks are also included in the same figure for better comparison.

In addition to the numerical results, simulation results are also visualized to provide a more intuitive
comparison between the results. Visualization process is carried out on the Via application from
Simunto [40]. One snapshot of the visualization is showed in figure 3.11. On the left is the AMoD
case with CAOS1; on the right is the Benchmark 1 (private cars case). Each triangle represents a
single vehicle (either conventional private car or self-driving car) and the color of the car represents
the relative speed to the free flow speed of the link the vehicle is currently on. A triangle in green
represents the vehicle is traveling at free flow speed of the link while red indicates that the vehicle
is traveling at a very low speed (i.e., congestion is happening). The colors in between (e.g., lime,
yellow and orange) represent the situations between free flow and congestion. The snapshot is
taken during the evening rush hours, when the travel demands in the Sioux falls reach the peak
value of the day. It can be observed that the traffic condition is better in the AMoD case (on the
left) than the private car case (on the right) even though there are actually more vehicles running
on the road in the AMoD case. The full video of the visualization process is available online (see
appendix).

Figure 3.10: Results
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Figure 3.11: A snapshot of visualization process

3.5 Analysis

The first interesting observation is the comparison between the two benchmarks: the private car
case and the AMoD case with existing operating strategy. The drive time (i.e., on-board traveling
time) of Benchmark 2 is longer than that of Benchmark 1. This means if AMoD system operated by
the strategy in Benchmark 2 (i.e., existing Operating Strategy) is introduced to replace all private
cars trips in the city, it will end up with a making the traffic condition even worse. This confirms the
conclusion in article [22] that introducing AMoD will lead to more congestion if network capacity
remains the same. But this is not the end of the story, because the original DSBDA is not designed
for a congested network and the existing online router has obvious limitations (as discussed in
section 3.3.1 above), and as a result, it is not too surprising that the performance of the operating
strategy is not very impressive in a congested network.

With the implementation of our newly developed CAOSs, which consists of both improved routing
algorithm and vehicle operation strategies developed for congestion tackling purpose, the situation
is different. For both congestion-aware operation strategies, the drive time are reduced by con-
siderable amount compared to both benchmarks. This suggests that passengers spend less time
traveling on the road and the overall traffic condition is improved when congestion-aware AMoD
system is introduced to the city. This can also be confirmed by the visualization of the simulations
(see figure 3.11). In addition, the visualization process also shows that using the congestion-aware
AMoD system, autonomous vehicles will spread across the network and detours are actively taken
when congestion begins to form in some regions. Such active decision maintains a good traffic
flow throughout the network even during peak hours. With the improved online routing algorithm
and the vehicle operating strategy working collectively, the negative effect on traffic due to the
additional vehicles running on the road and additional mileage traveled can be overweighed by the
positive effect of the better coordination of the running vehicles and better controlled travel de-
mands. This implies that AMoD will not increase the congestion, and can even improve the traffic,
under the same network capacity, as long as a suitable strategy is used to operate the system. This
is indeed an optimistic outlook for the AMoD system.
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Apart from the drive time and the congestion, the waiting time and traveling distance should
also be taken into consideration when analyzing the AMoD performance. From the results, it can
be observed that the waiting time statistics (mean, median and 95 percentile) of all three newly
developed CAOSs meet the criteria in section 3.1. This suggests that changing from driving private
cars to riding AMoD will not lead to any significant change in daily plans of the people and the
service quality is satisfying in term of waiting time.

The total Vehicle Miles Traveled (VMT), increases to some extent when AMoD is used to replace
private car journeys. When a more active rebalancing strategy is used, the VMT increases even
more. Unfortunately, the increase in the VMT is inevitable for the AMoD system because au-
tonomous vehicles have to cover the distance between two travel demand they serve consecutively.
Although we can avoid causing additional congestion with the extra VMT by implementing good
operating strategy, it may still lead to some concern on the energy consumption and the potential
fare increase. With improvements in vehicle propulsion technology (e.g., better electric motors,
energy recuperation system) and self-driving algorithm, autonomous vehicles can become more en-
ergy efficient and this concern can be greatly relieved. The details on vehicle propulsion technology
and self-driving algorithm is beyond the scope of this study and therefore will not be included.



Chapter 4

Testing and Extending the
Congestion-Aware Operating
Strategies

Simulations in Chapter 3 show that replacing all the private car trips in Sioux Falls scenario with
congestion-aware AMoD system can improve the overall traffic condition. The results demonstrate
a positive outlook for AMoD systems. In this Chapter, we will carry out some tests to examine the
performance of our newly developed CAOSs under stress and whether the good results in Chapter 3
can be generalized to different scenarios. We will also extend our CAOS to a more realistic setting,
the mixed traffic case, where only some of the private car trips are replaced by AMoD rides and
both autonomous vehicles and private cars present in the traffic network. The three directions we
will work on in this Chapter are summarized in the Figure 4.1.

Figure 4.1: Testing and Extending the CAOS

29
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4.1 Fleet Size Stress Test

The term stress test is a common procedure in many fields, such as in material science, finance and
computer engineering, where a system is exposed to heavy load to examine whether the system
can still work properly or fail to function. In this section, we will perform stress test on the newly
developed CAOSs for AMoD systems. By doing so, we can examine how good the newly developed
CAOSs respond to heavy load and explore the possibility of serving the same travel demands with
a smaller fleet without compromising the service quality.

To increase the load on AMoD system, we can increase the travel demands or reduce the fleet size
(or do both). In this study, we will perform stress test on our CAOSs by reducing the fleet size while
maintaining the same travel demands. By keeping the travel demands unchanged, we do not need
to adjust the capacity of the network, as our network is scaled down based on the size of the sub-
population. In addition, increasing travel demand will lead to more computational workload and
longer simulation time. As a result, reducing the fleet size while keeping travel demands unchanged
is a preferable way to impose more load on the AMoD system.

We use the Sioux Falls scenario to perform stress test on the three CAOSs. The scenario settings
and operating strategies settings remain the same as in Chapter 3 and the only difference is the
fleet size. We gradually reduce the fleet size from 6,000 to 2,000 with a step size of 1,000. By
reducing the fleet size, the waiting time is expected to grow and if waiting time does not meet the
criteria, we have developed in Section 3.1, then we will define the service quality as unsatisfying.
Based on simulation results, when fleet size is reduced to 2,000, none of the CAOS can provide
satisfying service quality in terms of waiting time. Furthermore, obvious shortage of vehicles can
be observed. Therefore, it does not make sense to further reduce the fleet size and we stop at fleet
size of 2,000 for the stress test. The results of stress test are shown in Figure 4.2 to 4.6.

From the results, it can be seen that three CAOSs react differently to the stress test. There is a
minor decrease in the mean drive time as the we reduce the fleet size. The waiting time related
statistics, on the other hand, experience some significant changes when different loads are imposed
on the AMoD system. This is expected as it is obvious that the less vehicles there are, the longer
the AMoD users have to wait for a ride. The total VMT for CAOS1 and CAOS3 increase slightly
as the fleet size reduces while VMT for CAOS2 behaves a little bit differently.

The resilience of a CAOS against stress can be revealed by the waiting time statistics. With an
adequate fleet size, the three CAOSs all provide a satisfying service quality in terms of waiting time
(mean, median and 95 percentile). When we gradually reduce the fleet size, it can be observed that
CAOS3 has a relatively higher resilience to stress compared to the other two CAOSs. At the fleet
size of 3,000, the mean waiting time and 95 percentile waiting time of the CAOS3 is clearly better
than the other two CAOSs. This indicates that CAOS3 is capable of providing a more satisfying
service quality when serving the same travel demands with a smaller fleet size. Indeed, as shown
in Figure 4.3, 4.4 and 4.5, all three waiting time statistics of CAOS3 are well below the criteria
we have developed in Section 3.1, which is marked by the red horizontal dotted line in the figures.
This suggests that with a more advanced rebalancing algorithm, the AMoD system can be less
sensitive to the stress and the same travel demands can be served by a smaller fleet size without
compromising the service quality.

On the other hand, with a smaller fleet size, the VMT become larger for CAOS1 and CAOS3.
This is not surprising because with a smaller fleet size, vehicles need to cover more extra distance
between two trips due to the imbalance of the travel demands. This can be viewed as a tradeoff
between fleet size and service quality. While a smaller fleet size reduces the upfront investment
for the AMoD operator, the induced longer VMT will increase the operational cost. In addition,
throughout the stress test, the VMT of CAOS3 is always larger than CAOS1. This suggests that
AMoD operator also need to tradeoff between the good service quality and longer VMT brought
by a more advanced rebalancing algorithm at the same time.
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For CAOS2, the different behavior in the VMT is because of the structure of the operating strategy.
With adequate vehicles, there will be more rebalance trips to spread all the available vehicles across
the network. When fleet size is reduced, the rebalance process will be reduced significantly as there
are less available vehicles to spread across the network. Meanwhile, vehicles need to cover more
distance between two trips. These two factors are having opposite effect on the VMT and therefore
CAOS2 generates a more complex VMT plot in the stress test.
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Figure 4.2: Stress Test: Mean Drive Time Figure 4.3: Stress Test: Mean Waiting Time

Figure 4.4: Stress Test: Median Waiting Time Figure 4.5: Stress Test: 95% Waiting Time

Figure 4.6: Stress Test: Total VMT
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4.2 Testing on Different Scenarios

To examine the general applicability of the newly developed congestion-aware operation strategies
for AMoD systems, we have tested them in several different scenarios. In this study, Berlin and
Zürich scenarios are used. The setup of the scenarios and results are shown in the subsections
below.

Berlin Scenario

Berlin scenario is adapted from the Open Berlin Scenario [41] which is available online. The original
scenario is modified such that all the car trips will be served by the AMoD vehicles. The modified
version of the scenario can be found on the AMoDeus website. The scenario contains the Berlin city
and its surrounding area (see Figure 4.7 and 4.8). Due to the very large size, the scenario is scaled
down to 12% of the original size and network capacity is also scaled down proportionally. After
the scale down process, the population size is 357,506 and there are in total 509,825 AMoD trips
throughout the day. The network is divided into 298 square regions of the same size to implement
newly developed CAOSs. Parameters of the Routing algorithm for Berlin Scenario remain the same
as in the Sioux Falls Scenario, which are listed in Table 3.2 in Section 3.4.1. The Vehicle Operating
Strategy setup for the Berlin Scenario is shown in Table 4.1.

Parameter Name VOS1 VOS2 VOS3
Dispatching algorithm
dispatching frequency [second] 30 30 10
departure rate limit per region Nr 50 50 15
Rebalancing algorithm
rebalancing frequency [second] 30 30 FF:10; FB:30
buffer β N/A 0.1 N/A
rebalance rate limit Nmax N/A 50 50
normal region reference Nn N/A N/A 1
popular region reference Nh N/A N/A 10

Table 4.1: Berlin Scenario Vehicle Operating Strategy parameters

Figure 4.7: Berlin Scenario in Open Street Map
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Figure 4.8: Berlin Scenario: prepared network

Simulation results of the Berlin Scenario are shown in Figure 4.9. Based on the stress test results,
CAOS3 has higher resilience to stress. Thus, we have carried out additional test for CAOS3 with
smaller fleet size and the result is also included in the table.

Figure 4.9: Berlin Scenario Simulation Results

From the results, it can be seen that all of the newly constructed CAOSs can reduce the mean
driving time in the Berlin Scenario. This means replacing private car trips with AMoD rides can
improve the traffic even though there are more vehicles driving on the road and additional VMT.
The comparison between the newly constructed CAOSs and existing work based on [22] reveals
the importance of a good operating strategy for AMoD system.

We can also observe from the results that the waiting time for CAOS2 is very long. This is because
of the uneven distribution of the travel demands and the very large size of the Berlin Scenario.
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Most of the travel demands are concentrated in the city center area (i.e., in the center of the
network in Figure 4.8). Therefore, spreading all available evenly across the network will lead to
shortage of vehicles in the city center area while many vehicles are waiting for jobs outside the city.
In addition, due to the large size of the map, sending vehicles from outer areas of the network to
the inner areas will take very long time and the waiting time for the travel demands increases as a
consequent. As a result, spreading the available vehicles evenly across the network is not suitable
for a large scenario with unevenly distributed travel demands. In order to improve the performance
of CAOS2 in such kind of scenarios, we need to adapt the rebalancing algorithm to the specific
scenario. When generating rebalancing plans, we need to adjust the number of available vehicles
to send to each region based on the distribution of travel demands over the network.

Zürich Scenario

The Zürich scenario is created by extracting data from the travel information of Switzerland
provided by Sebastian Hörl from Institut für Verkehrsplanung und Transportsysteme (IVT). The
data is highly representative to the reality. We cut out the network for city of Zürich and its
surrounding area from the full data. To do so, we draw a circle centering at the geometric center
of the Zürich city with a radius of 10 kilometers and keep all the network inside the circle (see
Figure 4.10 and 4.11). And then we extract the population whose activities throughout the day
are inside that circle. In order to compensate for the trips made by the population we have cut
out due to having activities outside the circle, we generate artificial travel demands based on the
distribution of the existing ones. The detailed process of artificial demands generation is included
in the Appendix.

With this modification, the pattern of the augmented travel demands may diverge from that of the
real Zürich region. Nevertheless, it is still a very suitable generality test for the newly developed
operating strategies because the network of Zürich and the augmented travel demands are very
different to Sioux Falls. The modified Zürich Scenario have a total of 126,634 travel demands
throughout the day. The network has been divided into 324 rectangular regions of same sizes.
Finally, the capacity of the network is scaled down to 0.18 based on the sub-population size. The
parameter of Routing algorithm remains the same as in Sioux Falls Scenario (see Table 3.2 in
Section 3.4.1). Parameters for the Vehicle Operating Strategies are listed in Table 4.2.

Parameter Name VOS1 VOS2 VOS3
Dispatching algorithm
dispatching frequency [second] 30 30 10
departure rate limit per region Nr 10 10 3
Rebalancing algorithm
rebalancing frequency [second] 30 30 FF:10; FB:30
buffer β N/A 0.1 N/A
rebalance rate limit Nmax N/A 10 10
normal region reference Nn N/A N/A 1
popular region reference Nh N/A N/A 10

Table 4.2: Zürich Scenario Vehicle Operating Strategy parameters

Simulation results are shown in Figure 4.12. Note that with the artificially generated travel de-
mands, the private car case benchmark (i.e., Benchmark 1) is no longer accurate (see Appendix
for details) and will not serve as a good reference point. Because when we generate the artificial
travel demands, we only include the origin and destination locations and departure times. Other
information, such as activities and attributes, are excluded as it requires more advanced techniques
and data to generate which is beyond the scope of this study. Therefore, for Zürich Scenario, we
will only compare the performance of the new CAOSs to the existing operating strategy derived
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from [22]. In addition, same as in Berlin Scenario, we carried out additional test for CAOS3 with
a reduced fleet size to show the resilience of the AMoD system against stress.

Figure 4.10: Zürich Scenario in Open Street Map

Figure 4.11: Zürich Scenario: prepared network
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Figure 4.12: Zürich Scenario Simulation Results

From the results above, we can observe that our newly developed operating strategies can signif-
icantly reduce the time people spend on the roads compared to the existing operating strategy
(Benchmark 2 based on [22]). This means the congestion awareness in our CAOSs are also effective
in the Zürich Scenario. Similar to Berlin Scenario, the Zürich network is large, and the distribution
of the travel demands are not even across the network. Due to these factors, the waiting time for
the CAOS2 is not satisfying. As a result, adaptation of the CAOS2 to the network is needed to
improve the service quality.

Summary of Testing Results

Simulation results in Berlin and Zürich Scenarios have shown that the good performance and con-
gestion relieving effect of the CAOS1 and CAOS3 can be generalized to different scenarios. For
CAOS2, although traffic congestion can still be relieved in different scenarios, the good service
quality cannot be maintained due to the excessively long waiting time. This is because the rebal-
ancing algorithm of CAOS2 is not suitable for large size scenarios with unevenly distributed travel
demands. In order to improve the performance of CAOS2 in such scenarios, some adaptations are
necessary.

In addition, due to the large scale of the Berlin and Zürich scenario, parameter tuning process is
extremely time-consuming. As this study is not focused on developing an AMoD operating strategy
for a specific scenario, we haven’t carry out detailed parameter tuning. In the development process
for the AMoD system in a specific city, studies on the pattern of travel demands and fine tuning
of the parameters can be conducted. This will further improve the performance of the AMoD
operating system.
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4.3 Extension to Mixed Traffic Case

Up to now, we have relied on Assumption 1 in Section 3.2 that all private cars are converted to
AMoD rides to carry out simulations. This is a good starting point for the study on the congestion
effect of AMoD system. In reality, however, it is not very likely that all the private cars on the
streets are replaced by centrally controlled autonomous vehicles. In this section, we will move one
step closer to the reality by removing Assumption 1. By doing so, we extend our study to include
the mixed traffic case, where both AMoD vehicles and private cars are used by the people in the
city to travel.

As mixed traffic case is in general very complex, we need to simplify our system to some extent.
We will keep the Assumption 2 that only private car trips are considered as the potential trips to
be replaced by AMoD rides and there is only one operator in the city. Besides, in reality, people
will choose their mode of transport based on many factors, such as cost and convenience. Modeling
the choice of human beings is a very complex process and it is outside the scoop of this study.
Therefore, we will carry out a sequence of simulations with different fraction of private car trips
replaced by AMoD rides. Before each simulation, we set the replacement rate of AMoD and then
randomly choose corresponding number of agents to switch from driving private cars to using
AMoD. In addition, we will return to the Sioux Falls scenario to carry out the simulations on the
mixed traffic case, because of its small size and concentrated travel flow during peak hours.

Since private vehicles are involved in mixed case simulation loops, MATSim iterative approach will
be used. As we have fixed the mode choice at the beginning of the simulation, the iteration process
for private cars is similar to the one we have carried out in Section 3.4.2. Adequate iterations are
carried out with re-planning strategy of 0.75 change exponential beta and 0.25 reroute (innovation
process of MATSim re-planning). Reroute will be turned off after 90% of the iterations. AMoD
vehicles will also be included during the iteration process. Unlike private cars which will do the
re-planning after each iteration, AMoD vehicles are operated by CAOS and will react to the travel
demand and traffic during each iteration. Based on the pre-simulation results, 50 iterations are
enough for the system to converge to the equilibrium for every AMoD replacement rate.

In order to reduce the effect of the randomness in the mode choice between private car and AMoD
ride, for each replacement rate, multiple random seeds are used for the selection process of agents
to change travel mode from driving private cars to taking AMoD rides. This will lead to multiple
different population files. Simulations will be carried out based on the different population files
and the results will be averaged.

When replacing the private cars with AMoD vehicles, we maintain the total mobility supply at the
same level by applying the conversion rate between private cars and AMoD vehicles. As the first
step moving toward mixed traffic case, we provide adequate AMoD vehicles to serve the fraction
of the population who will use the service. We use the same ratio to replace existing private cars
with AMoD vehicles as in Section 3.4.1: one autonomous vehicle will replace roughly three private
cars. In the 100% replacement rate case, there will be 6,000 autonomous vehicles. For other cases,
the number of autonomous vehicles used can simply be calculated by multiplying replacement rate
to 6,000. The simulation points and setups for the mixed traffic study are listed in Table 4.3.

AMoD Replacement Rate 5% 10% 15% 20% 30% 40% 50% 75%
Fleet Size 300 600 900 1200 1800 2400 3000 4500
Number of Seeds Used 5 5 5 3 3 3 3 3

Table 4.3: Simulation points and setups for mixed traffic study

Note that more simulation points are chosen at the lower AMoD replacement cases and this is
because of two reasons. First, AMoD is now in the emerging phase and it is likely that we will
start from a small AMoD fleet and thus simulation results with a smaller AMoD replacement rate
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will be of more value to serve as a reference. Second, due to the higher computational workload
to simulate autonomous vehicles in MATSim as well as the complexity of the vehicle operation
algorithm itself, the time it takes to complete one iteration grows with the number of autonomous
vehicles in the simulation. A smaller AMoD replacement rate will lead to less autonomous vehicles
in the simulation and the time to run through each simulation will be significantly shorter than
the cases where AMoD replacement rate is higher.

The results of the mixed case simulations are shown in the figures (4.13-4.16) below. The term
SLTTE refers to the Smoothed Link Travel Time Estimation, which is introduced in section 3.3.1.
As SLTTE relies on the knowledge of vehicles’ future move and thus it is only effective when AMoD
vehicles take up the great majority of traffic on the road. In the full AMoD case, applying this
technique will improve the result to some extent, as suggested by the difference between the dotted
line and the solid line in figure 4.13, 4.15 and 4.16.

Figure 4.13: Mean drive time of whole network Figure 4.14: Mean drive time of different modes

Figure 4.15: AMoD users waiting time Figure 4.16: Total travel distance of all agents

From the results above, it can be observed that replacing private cars with shared autonomous
vehicles will improve the overall traffic condition under any replacement rate and the overall traffic
condition gets better as AMoD replacement rate increases. In figure 4.14, we split the mean drive
time (on-board time) of private car drivers and AMoD users. The plot shows that when AMoD
replacement rate is lower than 20%, the mean drive time (on-board time) of autonomous vehicle
riders will be lower than that of private car users and when AMoD replacement rate is higher than
20%, private car users will spend less time traveling on the road than AMoD users. Figure 4.15
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shows that the mean and median waiting time for AMoD users is well below 5 minutes criteria
under all replacement rate, which is an indication for good service quality in terms of waiting
time and majority of the people will not be discouraged to ride an autonomous car because of
waiting time. Lastly, from figure 4.16 we can see that total travel distance for the whole traffic
system increases as the replacement rate of AMoD increases. This is expected because autonomous
vehicles have to cover the additional distance between two consecutive travel demands and with
more AMoD ride, there will be more additional distance.

The plot of average drive time (on-board time) for different travel modes in Figure 4.14 is very
interesting and it provide us an insight on the interaction on the route choice between autonomous
vehicles and human-driven cars. At low AMoD replacement rate, there will be few autonomous
vehicles on the road. Autonomous vehicles will follow a real time optimal path by constantly
updating the travel time information and thus the time to travel on the road will be reduced.
Since autonomous vehicles will actively take detour if there is congestion, private car users are
also benefited to some extent thanks to the reduced number of vehicles present on the congested
links. Due to the small AMoD replacement rate, however, this effect is limited. Therefore, AMoD
users will have a shorter on-board time than the private car users. When AMoD replacement rate
is higher, the positive effect of coordinated operation of autonomous vehicles will have a greater
influence on the network and thus there will be less heavily congested links. While autonomous
vehicles try to maintain a high social benefit, private car users are simply optimizing their personal
interests and behave selfishly, and as a result, private car users benefit more from this condition.

This situation is similar to the prisoner’s dilemma in Game Theory and the autonomous vehicles
are cooperative players while private car users are selfish players. If everyone behaves selfishly (i.e.,
no autonomous vehicles), the system will reach the Wardrop’s equilibrium and the total social
benefits are low. If everyone chooses to cooperate (i.e., 100% AMoD case), the social benefits can
be improved significantly. The only difference to a standard prisoner’s dilemma lies in the mixed
case, where some players behave cooperatively and the others only care for their own interest.
Thanks to the positive effect of the active routing algorithm used by autonomous vehicles, the
lose a cooperative player bears can be offset to some extent and at lower AMoD replacement
rates, choosing to use AMoD will even lead to a higher benefit for the player. For higher AMoD
replacement rates, however, the offset is not large enough to cover the loss and we have the
same situation as in the standard prisoner’s dilemma where selfish players are better off. AMoD
operators and policy makers may be especially interested in this phenomenon and we will discuss
this in Chapter 5.



Chapter 5

Discussion

5.1 Key Learnings

Is replacing private car trips with AMoD rides good for traffic?

Based on the results in this study, our answer to this question is yes. With a Congestion-Aware
AMoD Operating Strategy, replacing all the private car trips in a city with AMoD rides will
relieve traffic congestion and commuters can spend less time on the road. We have also extended
our simulations to the mixed traffic case, where only some of the private cars are replaced by
autonomous vehicles. Results show that traffic condition can still be improved in the mixed traffic
case. Furthermore, the more private car trips are replaced by the autonomous vehicle rides, the
better the overall traffic condition will be. This suggests that in the near future, when autonomous
driving technology is ready for large scale application, introducing congestion-aware AMoD system
into our cities may be one of the solutions to the traffic congestion problem.

One thing, however, needs to be pointed out is that we do not consider the potential induced trips
by this new mode of transport. AMoD can provide very convenient taxi-like service but with only
a fraction of the conventional taxi fare. It is possible that introducing AMoD into city may induce
some new trips from other modes of transport than driving private cars (e.g., walking, cycling and
public transport). With additional travel demands, the benefits of AMoD on the traffic network
may be reduced. This can be a very important point to be considered by the policy makers and
city planners. Some regulatory terms on the AMoD pricing and adaptation of public transport
network may be necessary.

Who will benefit from AMoD?

Apart from the overall traffic condition, we should also look at who will be benefited the most
by introducing AMoD service to our cities. Speaking of benefits, one may think of the business
opportunities brought by this emerging technology. In fact, we don’t need to look into the future
to realize the potential of the mobility market by seeing the success stories of several online ride-
hailing operators around the globe. Here, however, we will focus on the benefits of the people
traveling in the network, or in other word the public interests.

In general, the time spent on the road, especially in congestion, is considered as undesirable and
therefore we can improve the benefits of a group of people (i.e., commuters) by reducing the time
they have to spend on the road. From the result of mixed case study, we can see that when only a
very small size of AMoD fleet is introduced, AMoD user will be benefited more than the private car
users and when AMoD replacement rate is higher (i.e., greater than 20% in Sioux Falls Scenario),

41



42 5.1. Key Learnings

private car users will save more time in the traffic. If we assume the cost of driving private cars
and taking AMoD ride to be the same, then the usage rate of shared autonomous vehicles will
converge to around 20% in Sioux Falls Scenario under current setting. If we want to increase the
usage rate of the autonomous vehicles to further improve the traffic condition, incentives from price
and policy are needed. Price incentive can be divided into two parts: reducing perceived cost of the
time spending on traveling and reducing the fare of the ride. As an advantage of AMoD, sitting
in an autonomous vehicle and relax can be more comfortable and enjoyable than maneuvering a
car in the congested traffic and therefore the cost perceived by AMoD users on the time spent on
the road can be lower compared to private car drivers. In this way, people may still choose to use
AMoD to commute even though a little bit longer time need to be spent on the road compared
to driving private cars. On the other hand, a lower fare on the AMoD ride can be another way to
attract more users. The reduced fare can be the results of different factors at different level, such
as more efficient vehicles and better autonomous driving algorithm or a policy from the authority,
which tax private car users to compensate the AMoD riders who “behave” more cooperatively in
the traffic.

Besides, the behavior of the autonomous vehicles is adjustable and the level of cooperativeness (or
selfishness) can be tuned by setting different parameters. This will also have a big influence on
the social benefits of the whole traffic system. By behaving more aggressively, the average time
AMoD riders spend on the road may be reduced at the cost of total social benefits. For a private
AMoD operator, it is desired as shorter ride time will attract more users to use the service. For
city’s transportation authority, on the other hand, this should be avoided since the benefits of all
travelers across the city is more important.

Bridging the gap among previous studies

In this study, we have not only come up with techniques to tackle the congestion issue, such as
introducing new online routing algorithm and limiting departure rate, but also bridged the gap
among different previous results. While there are some rigorous proved theoretical results on the
AMoD operation, they are limited to the highly simplified network and some very strict assumption,
which sometimes make those results difficult to be directly applied in the real world. On the other
hand, many simulation-based studies on the topic of AMoD rely on the very basic operational
strategies and more focus is given to the other important aspects, such as behaviors of human
beings, pricing and policies. Therefore, as mentioned in Literature Review section, we have seen
some contradictory opinions on whether it is good to introduce AMoD into cities at a large scale.

To bridge this gap, we have adapted some of the well formalized theoretical algorithm to the realistic
simulation environment. The results have shown that the well-designed vehicle operation strategy,
along with congestion-aware elements, can indeed improve the performance of AMoD significantly.
In the scenarios we have used in this study, the improvement is so large that it can turn the tide
to the favor of the AMoD system. This means a good operation strategy is the key to realize the
potential benefits of the AMoD system and it deserve more attention. Meanwhile, a good strategy
should be not only based on the theoretical foundation, but also applicable and adaptable to real
world scenarios. Similar to many of the transportation problems, AMoD operation in large cities
is a very complex problem, an approach with a good combination between theory and practical
application will be necessary to solve the problem.

Fleet size versus total Vehicle Miles Traveled (VMT)

For AMoD operators, fleet size and total VMT are two major sources of cost. It is desirable to keep
them both low for a lower operational cost but reducing fleet size is usually accompanied by the
increase in total VMT. From the comparison between the more advanced strategy, CAOS3, and
the simpler strategy, CAOS1, it can be observed that while CAOS3 enables the travel demands to
be served by a smaller fleet without sacrificing service quality, it also increases VMT. Although
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the additional driving distance does not lead to additional congestion thanks to congestion-aware
operating strategy, the cost associate to the additional VMT, such as fuel cost and maintenance
cost, cannot be saved. Moreover, this additional VMT is due to the imbalanced distribution of the
travel demands, which means empty VMT will inevitably go up as we are trying to reduce the
fleet size. Therefore, AMoD operators need to trade-off between fleet size and VMT and find the
most suitable combination and operation strategy based on their portfolio.

5.2 Possible Future Extensions to This Study

Include Cost Analysis

In the study on the mixed traffic case (i.e., both AMoD vehicles and private cars are present in
the network), we have fixed the mode choice of all the agents throughout the iteration process. We
carry out sequential simulations with a series of hypothetical replacement rates of private car trips
by AMoD rides. This can provide us a general idea on what potential influence introducing different
scales of AMoD service will have on the traffic network. In the future work, we can include cost
analysis and allow agents to freely choose between driving private cars and taking AMoD rides.

With cost analysis, we can model the preference structure of the agents in the simulation loop. The
cost analysis not only includes the explicit monetary costs, such as fuel cost or fare for AMoD rides,
but also takes implicit costs, such as travel time, opportunity costs and comfort, into consideration.
For example, maneuvering a car through congested traffic network can be much more demanding
than sitting back on an autonomous vehicle and enjoying the ride, and therefore the traveling time
for the former mode will have a higher cost than the later one. On the other hand, with a limited
AMoD fleet size, if too many people choose to use AMoD, then waiting time will increase and some
AMoD users may not be able to arrive at their destination on time (e.g., late for work). The excess
waiting time and late arrival are obviously not desirable, and thus a high cost will be associated
to the journey. During the iteration process, agent will explore both travel modes (i.e., driving
private cars and using AMoD) and choose the one that yield less cost. With this, the simulation
will converge to an equilibrium point that has a higher resemblance to reality.

Study on Induced Travel Demands

As mentioned in the Literature Review, AMoD may induce some new travel demands. Since AMoD
can provide very convenient door to door service with a relatively low price, some people may switch
from walking, cycling and taking public transport to using AMoD. Serving those additional travel
demands by AMoD is likely to increase the burden to the traffic network. In the future work, we
can include those induced trips into our analysis.

This can be done by extending the cost analysis to all modes of transport. By associating cost
to different modes of transport, agents in the simulation loops can choose the transport mode
minimize their cost. For example, to attract an agent to switch from taking public transport to
using AMoD, the time and effort saved by riding an autonomous vehicle need to be greater than
the increase in the fare. As can be seen from this example, the induced travel demands directly
relies on the cost structure. In addition, the conversion between implicit cost and explicit cost
requires a multidisciplinary study and it can vary significantly among different cities. Therefore, a
suitable cost structure is the key for the study on the induced demands.

Enable Ride Sharing

AMoD is an idea based on sharing economy where several users share a vehicle instead of owning
one. We can move one step further to allow several commuters to not only share a vehicle but also
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to share the ride. In fact, ride sharing is considered as a method to relieve the congestion. With
ride sharing, several passengers are on board one vehicle and there will be less vehicles running
on the road. This can be especially effective against the congestion on critical links, such as the
major roads that connects residential areas and working places. With less vehicles running on
the road, congestion can be reduced. There are many studies on ride sharing algorithms that can
optimize the matching between vehicles and customers. But most of the available studies do not
take congestion effect into consideration as the matching problem for ride sharing is already a very
complex problem. In future works, relieving congestion can also be included as an objective in the
optimization process so that ride sharing algorithms can also become congestion-aware.

It should also be pointed out that enabling ride sharing in AMoD system can be a challenging
task. To begin with, although ride sharing has been a highly regarded method to improve the
mobility for the whole society and tackle the congestion problem, it may not be as effective as
suggested by the results in many literatures, many of which relies on highly simplified traffic
model. According to a recent study on the performance of different ride sharing algorithms [42],
where a more realistic simulation platform is used to test different algorithms, the performance
of all the sharing algorithms fall a distance behind the claimed results in original studies and the
potential fare reduction is very limited. Besides, while ride sharing will reduce number of vehicles
on the major links, where the routes of many travel demand overlap, on smaller links, where there
is much less overlapping of route among travel demands, multi-capacity AMoD vehicles need to
travel back and forth to serve all the passengers on board. For example, during the rush hours in
a region with many workplaces (e.g., commercial center, industrial area) or a residential region,
many vehicles need to travel back and forth to pick up or drop off different passengers and this
can be a very heavy burden for those smaller roads inside these regions. Last but not least, there
are also some practical issues with ride sharing on autonomous vehicles, such as passengers may
not find themselves feeling comfortable sharing a very small space in a car with several strangers.
With a compromised comfort and only limited reduced fare, whether a passenger will choose to
share a ride remains a question.

Study on The Interaction Between AMoD and Public Transport

A very interesting future extension to current work is to integrate the AMoD into the public
transportation network. In addition to the possible alternative choice for driving private vehicles,
AMoD can also be operated in a way such that it become a complement to the public transport.

Today, even without autonomous driving technology, some cities are trying to replace the conven-
tional public transport with ride hailing or ride-sharing service operated by companies like Uber.
For example, in a Canadian city Innisfil, Ontario, instead of investing in the public transporta-
tion, the city government subsidize ride within the city to make the fare comparable to the public
transport ticket, and the service is very popular among the residents in that city [43] [44]. When
autonomous driving is introduced, such replacements of public transport with autonomous vehicles
ride can become even more popular because of the lower fare. In this way, AMoD may be viewed
as a competitor to the public transport. And as a study on the reaction of the public transport
network to the rising of autonomous vehicles indicates that it is likely for the public transport
network to shrink in the future [45].

On the other side, conventional public transport like bus, tram and train do possess some distinct
characteristic that is not fully replaceable by the autonomous vehicles and efficiency is on the top
of that list. As suggested by [1], with a reduced price to ride autonomous vehicles, more AMoD
trips are likely to be induced and some of those induced trips were originally public transport rides.
This will reduce the overall efficiency of the transport system and may lead to more congestion
on the road. One countermeasure to this problem is to consider AMoD as a part of the public
transportation network and by actively operate the fleet and setting the price, more people can be
encouraged to use public transport. For example, after a person being picked up by an autonomous
vehicles from home, if the traffic condition along the way is poor, then instead of delivering him/her
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to the destination directly, the autonomous car will send the passenger to a major public transport
stop (e.g., train station, bus stop). By taking public transport, the congestion can be bypassed easily
thanks to the higher priority of the public transport (e.g., dedicated track for train and tram, bus
lane, traffic light control). After arriving at the public transport stop near the destination, the
rider may be picked up by another autonomous vehicle or simply walk to the final destination.
With a good interaction between AMoD and public transport, the transfer process can become
seamless as the autonomous vehicles will choose the most suitable stop for passengers to catch
up a public transport service based on the timetable. In fact, some public transport company has
started operating the integrated mobility service and car sharing program, such as Green Class
from SBB [46] and Mobility Car Sharing [47]. With the rising of autonomous driving technology,
AMoD may also be integrated to the system in the near future, to provide better door to door
mobility service in cooperation with public transport.
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Chapter 6

Conclusion

In this work, we have explored the congestion effect of operating Autonomous Mobility-on-Demand
(AMoD) systems in cities and developed several congestion-aware operation strategies for the
AMoD systems. There are many existing operating strategies in literature, but many of them do
not take congestion effects into consideration and the result cannot be directly applied to the real
world operation. Among existing studies that include congestion effect, no consensus has been
reached on the potential influence of introducing AMoD into cities. While some studies suggest
that introducing autonomous ride sharing service will aggravate the poor traffic condition suffered
by many major cities around the globe, other studies conclude that AMoD will be the solution to
congestion problems we are facing nowadays.

To mitigate the disagreement among different studies, we have developed several Congestion-
Aware Operating Strategies and tested them on a realistic traffic simulation platform (MATSim).
The newly constructed strategies not only contain some innovative techniques in relieving the
congestion, but also include elements from some of the well formalized theoretical results. We
bridge the gap between the theoretical algorithms and realistic simulation environment by making
adaptations in our implementations. Results from our simulations indicate that replacing all private
car trips with AMoD rides will not aggravate the traffic congestion, as proposed in some previous
studies, and can even improve the overall traffic condition, if our Congestion-Aware Operating
Strategies are used. This demonstrates the importance of a good operating strategy and implies
that AMoD can be a potential solution to the traffic congestion problem. Furthermore, we have
managed to show the general applicability of our operating strategies by carrying out simulations in
different scenarios. Finally, we have also extended our simulations to the mixed traffic case, where
both autonomous vehicles and human-driven car are present in the network. Results indicate that
replacing a fraction of the private car trips with AMoD rides can still relieve traffic congestion.
Moreover, the overall traffic condition improves monotonically as the number of private car trips
replaced by AMoD rides increases.

As transportation and traffic problems are in general very complex, results of this study can serve
as a starting point for many interesting further researches and several potential extensions to this
study have been proposed.
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Chapter 7

Appendix

Visualization video

The link to the full video of visualization process is available upon request: luc@student.ethz.ch

Generating Artificial Travel Demands in Zürich Scenario

First, we divide the full day into 15-minutes intervals. Within each time interval, the travel demands
can be considered as relatively constant. Then we collect the travel demand distribution among
different regions. In specific, we collect the departure rate of travel demands from region i to region
j during the time interval t and we denote it as αijptq. By summing up αijptq over j (as shown in
Equation 7.1), we get departure rate αi of region i.

αiptq “
ÿ

j

αijptq (7.1)

To generate a virtual travel request, we need to have departure location, arrival location and
departure time. We will generate the artificial request based on the distribution of the real travel
demand. When choosing the departure location of a request, we first choose the region and then pick
a random link in that region as the departure location of the request. A region will be chosen as the
departure region of the request with probability of ppiq where ppi, tq is calculated by normalizing the
departure rate of that region to the total departure rate as shown in Equation 7.2. After choosing
the departure region, we assign the request’s departure location to a random link in that region.

ppi, tq “
αiptq

ř

i αiptq
(7.2)

With the chosen departure region, we will choose the arrival location of the request in a similar
way. To choose the arrival region, we calculate pipj, tq for each region j by Equation 7.3, which is
the probability of a request arrives in region j given that it departs in region i. Then we will choose
the arrival region of the request based on the probability distribution. Region j will be chosen as
the arrival region of the request with probability pipj, tq. After choosing the region, a random link
in that region will be set as the arrival location of the virtual request.

pipj, tq “
αijptq

αiptq
(7.3)

The departure time for the virtual request will be randomly chosen from the 15-minutes time
interval. In the MATSim simulation environment, the resolution of the time is second. 15 minutes
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correspond to 900 seconds. We will uniformly choose one second from the 900 seconds as the
departure time of the virtual request.

In Zürich scenario, the number of virtual requests we generated equals to 100% of the real requests
in the data. This means the total travel demands is twice as many as in the original data. With
the artificially generated travel demands, the scenario is no longer representative to the real city of
Zürich, but it still serve as a good general applicability test for the newly developed Congestion-
Aware Operating Strategies.

Problems with Benchmark 1 in Zürich Scenario

In Zürich Scenario, due to the existence of artificially created travel demands, the MATSim iteration
process does not converge. Even with very small probability (0.05) for agents to explore new routes
during the re-planning process, there are still obvious fluctuations in the scoring plot and distance
plot (Figure 7.1 and 7.2).

In addition, When we generate the artificial travel demands, we only include the origin and des-
tination locations and departure times. Other information, such as activities and attributes, are
excluded as it requires more advanced techniques and data to generate which is beyond the scope
of this study. For that reason, Benchmark 1 (i.e., private car benchmark) is no longer accurate. For
Zürich Scenario, we will only compare the performance of the new CAOSs to the existing operating
strategy derived from [22].

Figure 7.1: Zürich Benchmark 1: not converged scoring plot
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Figure 7.2: Zürich Benchmark 1: not converged VMT plot
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