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Abstract
Automated vehicles (AV) will change transport supply and influence travel demand. To 
evaluate those changes, existing travel demand models need to be extended. This paper pre-
sents ways of integrating characteristics of AV into traditional macroscopic travel demand 
models based on the four-step algorithm. It discusses two model extensions. The first exten-
sion allows incorporating impacts of AV on traffic flow performance by assigning specific 
passenger car unit factors that depend on roadway type and the capabilities of the vehicles. 
The second extension enables travel demand models to calculate demand changes caused 
by a different perception of travel time as the active driving time is reduced. The presented 
methods are applied to a use case of a regional macroscopic travel demand model. The 
basic assumption is that AV are considered highly but not fully automated and still require 
a driver for parts of the trip. Model results indicate that first-generation AV, probably being 
rather cautious, may decrease traffic performance. Further developed AV will improve per-
formance on some parts of the network. Together with a reduction in active driving time, 
cars will become even more attractive, resulting in a modal shift towards car. Both circum-
stances lead to an increase in time spent and distance traveled.

Keywords Automated vehicles · Macroscopic travel demand model · Traffic performance · 
Perception of time · CoEXist

Introduction

Automated vehicles (AV) will change transport supply and influence travel demand. Obvi-
ously, fully automated vehicles will have the biggest impact in this respect, since they can 
operate driverless under all conditions. However, until driverless vehicles will be ready to 
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serve the entire road network according to Level 5 of the SAE standard (SAE International 
2018), some generations of partly and highly automated vehicles will precede them and 
will have to coexist with conventional vehicles (CV) for a presumably long time. This situ-
ation may arise soon, as these AV, being not yet fully automated, could be considered as 
a further development of today’s vehicles with driver assistance functions that are already 
available.

Due to potential differences regarding driving behavior compared to CV, highly auto-
mated vehicles will influence traffic flow and network performance. Furthermore, the com-
fort for the driver to hand over the driving task to the car on certain parts of the road net-
work and to use this time for other activities will have additional effects on travel demand.

Many cities and regions operate macroscopic travel demand models based on the four-
step approach (Bates 2008) to quantify the impacts of supply changes on travel demand. 
The demand effects of AV depend on many variables for which the properties are insuf-
ficiently or not known at all today. Some important variables result from the effects of AV 
on the throughput of roads and on the perception of travel time. Travel demand models pro-
vide a framework for systematically investigating changes of these influencing variables’ 
values and thus allow to estimate possible associated effects. Integrating AV into macro-
scopic travel models requires adjustments to existing modeling methods.

This paper presents model extensions that enable model users to examine the impacts 
of highly automated vehicles in existing macroscopic travel demand models for passenger 
transport. The extensions cover the following areas of application:

• Modeling the impact of automated vehicles on traffic flow performance.
• Estimating the demand effects of highly automated vehicles that can drive automated 

on parts of the network, but still require a driver with a driving license.
• Quantifying the impact of highly automated vehicles on distance traveled (person and 

vehicle kilometers) and time spent (person and vehicle hours) in a study area.
• Analyzing the effects of regulatory measures, e.g. policy-related restrictions for AV to 

operate automated on certain road sections.

To show the usability of the proposed model extensions, they are applied to the mac-
roscopic travel demand model of the Stuttgart Region in Germany. Model extensions and 
applications are a result of the research project CoEXist (h2020-coexist.eu), which aims 
at providing macroscopic and microscopic modeling tools and travel demand models that 
incorporate the properties of AV. The project was funded by the EU within the Horizon 
2020 research and innovation program.

Literature review

Transport models can help planners and decision-makers to better understand the potential 
impacts of AV. Modeling research in the context of AV so far mainly focuses either on 
microscopic traffic flow models or on microscopic travel demand models, i.e. models fol-
lowing an agent-based approach.

The latter are used in numerous studies to analyze the impact of automated ridesharing 
systems on a given travel demand scenario, e.g. Bischoff et al. (2017), Heilig et al. (2017), 
Fagnant and Kockelman (2018) and Hörl et  al. (2019b). In these studies, driverless and 
shared automated vehicles (SAV) typically replace a given part or even the whole fleet 
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of privately-owned cars. The models are then applied to estimate the required size of the 
SAV fleet, the effects on overall vehicle mileage and the quality of the service. Since this 
paper focuses on highly automated vehicles in private ownership, such SAV-related studies 
are not discussed further. Soteropoulos et al. (2019) provide a good overview on modeling 
studies dealing with impacts of AV, including in particular studies on SAV fleets.

Capacity impacts

There is a very broad spectrum of studies applying microscopic traffic flow models to esti-
mate impacts of AV on capacity with different focuses, assumptions and results. Shladover 
et al. (2012) and Talebpour and Mahmassani (2016) distinguish in their studies between 
vehicles with autonomous and connected driving functionality. One of their results is that 
connectivity can increase capacity by up to 100% on freeways. Hartmann et  al. (2017) 
examine the impact of different vehicle automation levels on traffic flow and find positive 
effects only for connected AV keeping small headways. Accordingly, the capacity gains 
on freeway segments vary between 0% for weaving sections and 40% for freeway sections 
excluding on- and off-ramps. A study by Fernandes and Nunes (2010) suggests that capac-
ity could potentially multiply in comparison to today. However, they assume AV to drive 
exclusively in platoons with a spacing of one meter and no CV at all. Tientrakool et  al. 
(2011) distinguish between AV with and without vehicle-to-vehicle (V2V) communication. 
They find capacity gains for highways of 43% without and of 273% with V2V-communica-
tion. The increase is a function of the share of the respective type of AV with its maximum 
for 100% AV. Lu et al. (2019) simulate fully automated vehicles maintaining a gap of 0.6 s 
in an artificial and a real network with intersections and determine a 16% to 24% increase 
in capacity overall. Le Vine et al. (2015) take a different approach, assuming that AV only 
drive within the limits of the maximum acceleration and deceleration values maintained by 
rail systems. They argue that this driving behavior provides a reasonable ride comfort, but 
will decrease intersection capacity and increase delay.

Many studies suggest benefits related to capacity only at high AV penetration rates. In 
contrast, Stern et al. (2018) show that also few, “intelligent” AV can harmonize and stabi-
lize traffic flow in specific traffic situations like stop-and-go-waves.

Common to all mentioned studies is the assumption that AV with their specific vehi-
cle following and lane changing behavior will influence traffic flow and affect the traffic 
performance of road facilities. These effects, which depend on the characteristics and the 
share of the AV, must be replicated in assignment and traffic flow models. Examples for 
such extensions can be found for assignment models in Friedrich et al. (2019), for macro-
scopic traffic flow models in Friedrich (2016) and microscopic traffic flow models in Wag-
ner (2016) and Sukennik et al. (2018a).

Perception of travel time with AV

Travel demand models replicate the decision-making processes that lead to trips in the 
transport network. The traditional four-step model covers the steps of trip generation, des-
tination choice, mode choice and route choice in passenger transport (Bates 2008). For 
each choice situation, travelers select from a set of alternatives. A utility function repre-
sents the utility of each alternative considering the characteristics of the trip maker (user 
group) and the trip purpose (activity). Utility functions include various time components 
(access, egress, in-vehicle, waiting, parking search), cost and travel comfort. Each of these 
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components is weighted by a specific parameter. For already existing transport modes, 
these parameters can be estimated using observed choices recorded in mobility surveys. 
Setting the car-driver’s parameter value of in-vehicle time (VOT) for trips with AV requires 
assumptions (e.g. that the value is similar to the value of a train user or a car passenger) or 
observations collected in stated preference surveys.

Studies using stated preference surveys (Looff et al. 2018; Correia et al. 2019) or sur-
veys combining revealed and stated preference (Steck et al. 2018) find reductions for the 
VOT for commuting and long-distance trips in AV ranging from 10 to 30% compared to 
CV. For (short) leisure and shopping trips, Correia et al. (2019) and Steck et al. (2018) find 
small or no changes, while Looff et al. (2018) suggests a higher VOT. According to Flügel 
et al. (2019), the reduction for the VOT in AV is 21% on average, with a greater impact for 
full automation compared to partial automation and more perceived benefits in privately-
owned AV as in shared ones.

Wadud and Huda (2019) correlate the perceived usefulness of travel time in autono-
mous vehicles with the activities that people may engage in. Their findings also indicate 
that, besides the trip purpose, the direction (driving to work vs. driving from work back 
home) influences desirable non-driving activities while riding in an AV. Apart from the 
role of activities, the perception of time spent in AV may vary for different user groups as 
well (Trommer et al. 2016).

Malokin et al. (2019) investigate the question to what extent the possibility of being able 
to use travel time productively influences the utility of the travel itself. Especially in the 
context of AV, this question becomes more and more important. They performed a revealed 
preference survey to measure travel multitasking attitudes and behaviors of North Carolina 
commuters. Results indicate that 1.5% of these commuters would switch from public trans-
port or carpools to a private car to drive alone if they would not be able to use their laptop 
or tablet during the commute time anymore. Assuming autonomous vehicles to be avail-
able, the drive-alone share would increase by 1.5% as these vehicles offer the possibility of 
multitasking and consequently reducing travel time disutility.

Of course, the results depend on the focus of the study, e.g. the automation level of 
the vehicle, if the AV is privately-owned or shared or if the trip purpose is commuting or 
leisure. Still, these studies show that the way people perceive travel time differs for trips 
with AV, which must be considered in a travel demand model. Additionally, changed travel 
times due to road capacity effects and valet parking options of AV should be considered in 
the choice models.

Impacts on travel behavior

In addition to the aforementioned studies on shared AV, there are also studies dealing with 
the effects of private AV on people’s mobility behavior. In the following, a selection of 
these studies is summarized.

Gucwa (2014) examines the impacts of privately owned AV on urban travel using an 
activity-based model approach for the San Francisco Bay Area. Within the study, AV are 
assumed to be advanced and still require a driver to be present. Varied quantities are road-
way capacity (+ 10%, + 100%) and the VOT (high quality rail, − 50%, − 100%). Excluding 
the extreme assumption of zero time cost, results suggest an increase in vehicle miles trave-
led (VMT) of 4–8% compared to the case without any AV.

Levin and Boyles (2015) integrate AV into a static four-step planning model and 
apply it for the Austin downtown network. They assume a capacity increase based on the 
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speed-density relationship by Greenshields et  al. (1935) and a reduced highway vehicle 
spacing at jam density for AV. Considering fully automated vehicles, empty (round-)trips 
for saving parking costs are possible while accepting higher fuel costs. For an AV-share 
of 100%, public transport ridership decreases by around 61%, while the number of per-
son trips made by car roughly doubles and the number of vehicle trips increases by 271% 
because of a large share of empty vehicle trips. However, the capacity gains can compen-
sate the increase in demand to some extent, resulting in an average link speed decreasing 
by 9%.

An extension of the study can be found in Levin et al. (2019), which uses a dynamic 
model and looks more deeply into the effects of repositioning of AV. It is argued that the 
possibility to perform empty trips should not be banned by decision-makers, as this could 
motivate people to buy AV early and thus even improve traffic flow and reduce congestion 
because of the higher efficiency of AV.

Childress et al. (2015) investigate possible effects of AV with an activity-based model 
for the Seattle Region. Within four scenarios they vary road capacity, VOT for AV trips, 
parking costs and the AV business case. For the scenarios with different penetration lev-
els of privately-owned AV, a capacity increase for freeways and major arterials of 30%, a 
reduction of 35% for the AV users’ VOT and parking costs being unchanged or reduced by 
50%, they find an increase of VMT between 4 and 20%. The reason for this is an increase 
in car trips and the trip length. For 100% AV and reduced parking costs, vehicle hours 
traveled (VHT) increase by 17%, otherwise, VHT decrease slightly.

Kim et al. (2015) also use an activity-based model to determine AV impacts for Atlanta 
in 2040. For 100% AV, they examine scenarios in which additional assumptions are gradu-
ally incorporated: capacity gains by 50% because of cooperative adaptive cruise control 
(CACC), reduction of VOT by 50% because of higher productivity, reduction of operating 
costs by 70% and removal of parking costs due to possible relocating of AV. Across all 
scenarios, the number of car trips increases by 1–3% while average trip length increases by 
around 20%, both leading to 4–24% additional VMT. Capacity effects exclusively suggest 
a decrease of VHT by 9%. Together with the reduction of VOT, VHT remain even to the 
baseline and with further cost reductions and neglecting empty trips VHT increase by 12%.

Applying an activity-based model to the metropolitan area of Chicago, Auld et  al. 
(2017) explore impacts of AV that are equipped with CACC. Assumptions mainly concern 
increases in road capacity of up to 80% and a range of VOT-reductions from 0 to 75% 
besides a range of given AV penetration rates. Changes in the modal share are not consid-
ered. Capacity benefits alone suggest an increase of 4% in VMT. A reduction of the VOT 
by 25% with no changes in capacity results in additional 12% VMT for a 75% AV-share. 
In the most extreme scenario with maximum capacity gains and 100% AV, VMT increase 
from 21% (− 25% VOT) up to 79% (− 75% VOT) together with a large increase in VHT 
(+ 180%) and average travel times (+ 230%).

Hörl et  al. (2019a) conduct an agent-based simulation building upon the results of a 
cost structure analysis of future automated mobility services and a large mobility survey 
on intentions regarding mobility tool ownership and the use of conventional and automated 
means of transport. In a scenario with privately owned fully automated vehicles in Zurich 
and an assumed increase in capacity of 80%, they find an increase of VMT by 40% in the 
city. This effect largely originates from changes in mode choice and only to a small extent 
from induced traffic (0.5%).

Kröger et  al. (2019) combine a vehicle technology diffusion model with an aspatial 
travel demand model and examine possible impacts of privately-owned fully automated 
vehicles for Germany and the USA. They assume a reduction in the VOT for AV by 25% 
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from the eleventh minute of driving on and no changes in road capacity, but small time 
savings in access and egress times for car users. For a time horizon until 2035, they find an 
AV-share of 8–38%, with an increase for car trips by 2–8% and around 2–9% more VMT.

Many of the presented studies are very similar in terms of representing the characteris-
tics of AV. Key assumptions that occur in the vast majority involve changes in road capac-
ity and travel time perception for trips in AV. These assumptions reflect associated capa-
bilities of AV to have shorter reaction times and therefore to maintain shorter headways as 
well as the possibility to use the in-vehicle time for non-driving activities. Eventually, the 
lower generalized cost of car travel makes car modes very attractive and strongly influences 
mode and destination choice.

Model results show, if covered within the framework of the particular model, shifts in 
mode shares towards AV or car-driver respectively and an increase in trip lengths. Typi-
cally, vehicle mileage increases across-the-board, but total travel time spent does not neces-
sarily increase as well, because the improved traffic performance due to AV can compen-
sate for the effects. Nonetheless, it is not uncommon to see an increase in congestion in 
simulations. With the assumed reduction in perceived travel time, people are more willing 
to tolerate congestion and delay.

Modelers need to be able to vary such quantities and test a range in the model to see 
what demand effects the assumptions cause and at what scale they do so.

Modeling methods

It will take some time until vehicles can operate fully automated on all roads under all 
conditions. Derived from the capabilities of today’s driving assistance functions, it can be 
assumed that the first generation of automated vehicles will only be able to drive auto-
mated on certain sections of the route. In automated mode, AV will act differently in traffic 
compared to CV. Hence, transport models must be able to capture their impact on traffic 
flow. AV will continue to require a driver with a driving license, but this person will be 
able to carry out non-driving activities for a certain period. This will change the person’s 
perception of travel time.

In the following, we present two methods to integrate some impacts of automated vehi-
cles in travel demand models. The first method extends macroscopic assignment models 
to include changes regarding traffic flow performance caused by AV. The second method 
provides an approach to include a differing perception of travel time in macroscopic travel 
demand models.

The presented methods are suitable for including AV as private vehicles but are not suit-
able for modeling shared AV as part of new on-demand business cases. This would require 
additional assumptions on the characteristics of the business case (fleet size, pricing, wait-
ing times, pick-up and drop-off locations, accepted detour, etc.). Furthermore, methods for 
trip pooling and vehicle scheduling need to be integrated into the model. These extensions 
are important for evaluating the broader impacts of AV, but are not within the scope of this 
paper.

Traffic performance

The American Highway Capacity Manual (2010) defines road capacity as the “maxi-
mum sustainable hourly flow rate at which persons or vehicles can be expected to 
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traverse a point or a uniform section of a roadway during a given period under pre-
vailing roadway, environmental, traffic and control conditions”. This definition treats 
capacity as a constant value. Brilon et  al. (2007) indicate that this assumption is not 
appropriate as observations show that the maximum traffic throughput varies even under 
constant external conditions. Instead of using constant capacities, they introduce the 
concept of stochastic capacities to replicate the relationship between traffic flow and 
traffic breakdown in a more suitable way. Lohmiller (2014) shows that the throughput 
on a motorway depends on the traffic composition, i.e. the driver population influences 
the quality of the traffic flow. This leads to two general interpretations for the relation-
ship between demand, capacity and performance: The performance, which can be meas-
ured by the indicator delay time per vehicle, depends either on variable capacity values 
or on the ability of a given demand composition (driver/vehicle population) to use a 
given constant capacity.

Macroscopic assignment models for private transport apply volume-delay functions 
(VDF) to calculate travel time in the road network. For links, the travel time is computed 
by multiplying the free-flow travel time with a factor that is determined by a VDF as shown 
in Eq. (1). For nodes, a delay time is added to the free-flow travel time as Eq. (2) shows. 
Equation (3) presents a simple example of a VDF. The VDF factor depends on the volume-
capacity ratio, i.e. the saturation rate xs of a supply element s , which represents either a 
link or a node. Equation (4) describes the relationship between volume and capacity apply-
ing the commonly used concept of passenger car units (PCU). This concept provides that 
capacity and vehicle volumes are converted into passenger car equivalents. It is commonly 
used in macroscopic assignment models. Examples for vehicle type specific PCU values 
are 1.0 for conventional passenger cars, 2.3 for heavy goods vehicles (HGV) and 0.4 for 
motorcycles (Kimber et al. 1982).

where ts
(

xs
)

 : travel time on supply element s at saturation rate xs in sec, tfrees  : travel time 
on supply element s at saturation rate xs = 0 in sec, VDF

(

xs
)

 : volume-delay function with 
parameters � and � , xs : saturation rate (volume-capacity ratio) on supply element s , i : vehi-
cle type i from the set of vehicle types VehType (e.g. CV, AV), qs,i : volume of vehicle type 
i on supply element s in veh/h, qmax

s
 : capacity of supply element s assuming all vehicles are 

CV in PCU/h, f PCU
i

 : PCU of vehicle type i in PCU/veh.
Assuming AV have a performance that differs from CV and depends on the types of 

supply elements it uses, we suggest extending the PCU concept to include AV as well as 
road and intersection types (motorway or urban road, grade-separated or at-grade intersec-
tions, signalized or unsignalized intersections). Since the PCU factor will be multiplied 
by the volume of the related vehicle type, it is possible to model the impacts of different 
penetration rates of AV.

(1)ts=link
(

xs
)

= tfree
s

⋅ VDF
(

xs
)

(2)ts=node
(

xs
)

= tfree
s

+ VDF
(

xs
)

(3)VDF
(

xs
)

= 1 + � ⋅ x�
s

(4)xs =

∑

i∈VehType qs,i ⋅ f
PCU
i

qmax
s
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This extension can be implemented in two different ways, depending on the underlying 
assumptions. The first approach assumes a linear relationship between the share of AV and 
their impact on capacity. This requires a specific but constant PCU factor for each combi-
nation of vehicle type and supply element type as shown in Eq. (5). In this first approach, 
the PCU factor does not depend on the share of AV.

The second approach assumes a nonlinear relationship. In the case of a low penetration 
rate, the influence of a single AV is smaller than in cases with a higher penetration rate. 
To achieve this, the PCU factor must be adjusted during an assignment depending on the 
AV-share on the specific supply element using Eq. (6). Its value ranges between the PCU 
factors for an AV-share of 0% and 100%. This function serves as a basic example. The 
goal is to find a function that represents the relationship between share and PCU of AV as 
well as possible. The function could also contain another, e.g. quadratic dependence to the 
AV-share.

Both concepts consider capacity as a constant value, which is not affected by AV at all. 
However, the demand volume is adjusted by using specific PCU factors depending on the 
AV itself as well as on the supply element to include impacts on traffic performance caused 
by AV.

where, f PCU
s,i

 : PCU of vehicle type i on type of supply element s in PCU/veh, f PCU
s,i=AV

(

ps,AV
)

 : 
PCU function dependent on the share of AV ps,AV in PCU/veh, f PCU,0%

s,i=AV
 : PCU of vehicle 

type AV on s for an AV-share of 0% in PCU/veh, f PCU,100%

s,i=AV
 : PCU of vehicle type AV on s 

for an AV-share of 100% in PCU/veh, qs,i : volume of vehicle type i on supply element s in 
veh/h, qmax

s
 : capacity of supply element s in PCU/h.

Applying this method directly influences travel time for motorized private transport, 
which in turn is expected to have an impact on destination, mode and route choice as a key 
input. The magnitude depends on AV-share and the respective PCU values.

Perception of travel time

The utility of a particular travel choice depends on characteristics of the traveler, the trip 
purpose and the service quality of the mode. Besides costs and comfort, the perceived 
travel time represents an important part of the utility.

The way people perceive time during a trip depends on the type of activity they are 
engaged in: walking to a vehicle, waiting at a stop, being a driver or a passenger. To cap-
ture this perception in a choice model, every time component is weighted with a specific 
parameter to quantify the perceived travel time of a trip.

Highly automated vehicles driving automated on certain road types or network sections 
offer the possibility for the driver to spend some time of the trip on other tasks than driv-
ing. This share of the trip time is henceforth referred to as “automated travel time”. Drivers 
will experience this time differently compared to the time driving a conventional vehicle.

Urban travel demand models distinguish a set of modes, e.g. car-driver and car-pas-
senger, public transport, walking and cycling. Except for public transport and apart from 

(5)xs =

∑

i∈VehType qs,i ⋅ f

qmax
s

f =

�

f PCU
s,i=AV

linear impact AV

f PCU
s,i=AV

�

ps,AV
�

nonlinear impact AV

(6)f PCU
s,i=AV

(

ps,AV
)

= f
PCU,0%

s,i=AV
− ps,AV ⋅

(

f
PCU,0%

s,i=AV
− f

PCU,100%

s,i=AV

)
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walking as feeder, every mode uses exactly one means of transport. Since highly automated 
vehicles are assumed to be incapable of handling all traffic environments, they still require 
a driver with a driving license and therefore do not represent a new mode. This includes the 
assumption that AV are exclusively privately-owned and are not part of any new business 
case. Thus, the mode car-driver now covers two vehicle classes CV and AV with different 
characteristics.

The specific characteristics of AV can be integrated into existing travel demand models 
by adding a transport system AV with a specific utility function for route choice. Beside the 
already existing factor for travel time perception in CV, this specific utility function applies 
an additional factor � t,AV to the automated travel time. This factor modifies the perceived 
travel time of a trip. To solely apply the factor to the automated travel time, this time must 
be tracked separately in the model. The non-automated travel time is not affected by this 
factor. Equations (7) and (8) show how the weighted travel time vt

odr
 can be computed for 

CV and AV respectively.

where vt,CV
odr

 , vt,AV
odr

 : weighted travel time for CV and AV for route r from origin o to des-
tination d , tCV

odr
 , tAV

odr
 : total travel time with a CV and AV on route r from o to d in sec, 

t
AV ,automated

odr
 : automated travel time with an AV on route r from o to d in sec, � t : factor for 

travel time perception in 1/sec, � t,AV : factor for automated travel time perception in an AV 
in 1/sec.

People may not perceive any benefits for short periods traveling automated. Assuming 
that time usage depends on the duration of the automated section, a certain threshold value 
t� (e.g. 10 min) can be set by the model user. Consequently, the formula for weighted travel 
time with AV changes from Eqs. (8) into (9). Here, only the automated travel time exceed-
ing the threshold results in a change of perceived travel time.

If possible, the automated travel times of all individual automated driving segments 
interrupted by manual driving should be tracked separately in the model. Then it can be 
ensured that the automated driving time is not composed of many short AV-ready sections 
from which the vehicle occupants would not benefit to the same extent as if they spent a 
long trip in automated driving mode.

For mode and destination choice, one travel time matrix for the mode car-driver that 
represents the perceived travel times of CV and AV is required. This matrix Vt,Car replaces 
the previous travel time matrix of CV. As presented in Fig. 1 and Eq. (10) the aggregated 
weighted travel time for mode car-driver vt,Car

od
 is computed by weighting the transport sys-

tem-specific travel times with the share of AV in the car fleet. This share is an input value 
defined by the model user.

Where vt,Car
od

 : weighted travel time for mode car-driver from o to d , pAV : share of AV in the 
car fleet, vt,CV

od
 , vt,AV

od
 : weighted travel time of CV and AV from o to d,

(7)v
t,CV

odr
= � t ⋅ tCV

odr

(8)v
t,AV

odr
= � t ⋅

(

tAV
odr

− t
AV ,automated

odr
+ � t,AV ⋅ t

AV ,automated

odr

)

(9)v
t,AV

odr
= � t ⋅

((

tAV
odr

− t
AV ,automated

odr
+ t�

)

+ � t,AV ⋅

(

t
AV ,automated

odr
− t�

))

(10)v
t,Car

od
=
(

1 − pAV
)

⋅ v
t,CV

od
+ pAV ⋅ v

t,AV

od
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The implementation of the presented method does not require any major modifica-
tions in an existing calibrated travel demand model but allows estimating demand effects 
of highly automated vehicles. The assumptions to be made have a major influence on the 
model results and are associated with uncertainties, as the equipment and functionality of 
highly automated vehicles are not yet known. Besides, the method assumes a uniform per-
ception of automated travel time for all trips. This simplification could be resolved with 
time value factors that depend on person group and trip purpose.

A change in travel time perception, as implemented in the presented method, directly affects 
destination and mode choice, as the original travel time matrix is replaced by the adjusted one. 
For route choice, the modified perceived travel time has an indirect effect, because it is not 
updated during the assignment, but within the feedback loop in travel demand calculation. The 
effects scale with AV-share and the factor for travel time perception in AV.

Application

Within the CoEXist project, the presented modeling approaches are applied to the use 
case “Impacts of AV on travel time and mode choice on a network level”. In this use case, 
the impacts of AV on travel time, destination choice, mode choice and route choice are 
examined with the macroscopic travel demand model of the Stuttgart Region. The use case 

Fig. 1  Derivation of the weighted travel time for the mode car-driver from the transport systems AV and CV



937Transportation (2022) 49:927–950 

1 3

focuses on identifying the impacts not just for single road facilities or selected network sec-
tions, but for the entire network within the study area.

The Stuttgart region travel demand model

Stuttgart is the capital of the state of Baden–Württemberg in Germany and is the center 
of the Stuttgart Region, which consists of about 180 other cities and smaller towns in five 
counties. The region is the economic center of the state with one quarter of the state’s 
population and nearly one third of the economic power on 10% of the state’s surface area.

The modes included in the model are car-driver, car-passenger, public transport, walk-
ing and cycling. The travel demand model includes the 2.7 million inhabitants of the region 
as well as public transport with 1200 lines, 50,000 vehicle runs, detailed stop points, fares 
and fare zones. Furthermore, it contains all operational and infrastructural measures that 
can be expected by 2025. The demand is segmented in 1100 zones, 23 person groups and 
19 trip purposes leading to 370 different demand groups, which originate from combina-
tions of person group and concatenated trip purposes (activity chains). The demand model 
is an activity-chain-based model with an integrated destination and mode choice. The 
model calibration is based on a household survey, which covered 5000 households, 13,000 
persons and 270,000 reported trips within a seven-day trip diary.

So far, the model has been applied successfully for the examination of more than 200 
scenarios in approximately ten projects for the regional transportation plan and various 
local studies. The large number of successful applications indicates that the model pro-
duces reasonable results.

Scenario dimensions

The framework for the scenarios’ settings follows Olstam and Johansson (2019). The aim 
is to cover a wide range of possible future states over the presumably long period during 
which both CV and AV will be driving on the roads. This period of coexistence is seg-
mented into three stages:

1. Introductory: AV have been introduced, but the majority of vehicles are CV. Automated 
driving is generally constrained by limitations in technology.

2. Established: Automated driving has been established as a mode of high relevance. There 
is still a substantial share of CV.

3. Prevalent: Automated driving is the norm, but CV are still present.

In the course of these stages, the development of automated driving technology will 
progress. To account for this fact, the AV-classes Basic, Intermediate and Advanced are 
introduced and assigned to the stages Introductory, Established and Prevalent respectively. 
The AV-classes differ concerning their capabilities depending on the roadway type the AV 
is driving on. The distinguished roadway types are:

• Motorway: Multi-lane roads with physical barriers between directions and grade-sepa-
rated intersections.



938 Transportation (2022) 49:927–950

1 3

• Arterial: Single or multi-lane roads with at-grade intersections. Bicycle and pedestrian 
traffic are separated from vehicle traffic either by physical barriers or medians. This 
roadway type includes urban and rural roads.

• Urban Street: Single or multi-lane roads with at-grade intersections. No clear separa-
tion between vehicle traffic and pedestrian and bicycle traffic. Despite the label Urban 
Street, which was used in the CoEXist project, this roadway type also includes rural 
roads.

These roadway types do not cover all roads present in the network. Feeder roads as the 
lowest level of roadway types are not considered appropriate for AV to operate automated 
throughout all scenarios.

Each of the 60 scenarios examined refers to one of the three stages, represents the sit-
uation with one penetration rate of AV (steps of 20%), one associated AV-class and its 
assumed capabilities on every roadway type.

The assignment step applies a static deterministic user equilibrium model (DUE). This 
model class provides a unique solution for the total volumes measures in PCU. For a mul-
ticlass assignment DUE cannot guarantee unique solutions for each user class. To address 
these shortcomings, Bar-Gera (1999), Marcotte and Wynter (2004) and Gentile and Noekel 
(2009) proposed model extensions. As the assignment for this study distinguishes several 
user classes (CV, AV, HGV) we tested a traditional DUE and the extension provided by 
Gentile and Noekel (2009). The results show that the assignment method influences the 
aggregated values of distance travelled and time spent by less than 0.1%.

Assumptions

To distinguish where AV can drive in automated mode, the term “AV-ready” was intro-
duced within the CoEXist project. It represents the characteristics supply elements must 
have to be considered appropriate for automated driving. For supply elements that are not 
AV-ready, a person needs to be in charge of driving the vehicle. This distinction is imple-
mented by introducing an additional attribute “AV-readiness” for every supply element. For 
supply elements, where AV cannot operate automated, the PCU factor is considered the 
same as for CV, being 1.0. Furthermore, the driver perceives the travel time on this supply 
element not different from travel time in a CV.

The scenarios distinguish two settings for an AV-ready road network:

1. network ≙ motorways: AV can operate automated only on the motorway network. This 
limitation can be caused not only by the capabilities of AV but also by regulatory meas-
ures.

2. network ≙ all main roads: AV can operate on all main roads, i.e. all roadway types apart 
from feeder roads that have limited width.

Traffic performance

The examined scenarios do not include impacts of automated HGV on traffic perfor-
mance. Applying the method of PCU factors requires the introduction of a PCU factor 
for every combination of AV-class and roadway type. Within the CoEXist project, the 
PTV Group, a company that provides the transport modelling software packages Visum 
and Vissim, conducted extensive microscopic traffic flow simulations (Fléchon et  al. 
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2019), providing data for deriving PCU factors (Sonnleitner and Friedrich 2020a). In 
these simulations, AV-classes, the share of AV and the type of road facility were varied. 
The driving behavior of each AV-class is derived by analyzing AV prototypes on a test 
track in Helmond in the Netherlands and supplemented by assumptions (Sukennik et al. 
2018b). Analysis of the observed capacities determined in the microscopic traffic flow 
simulations reveals that constant PCU factors fit the data better than the nonlinear factor 
from Eq. (6). Figure 2 shows the work steps from field test to final PCU factors.

The resulting PCU factors are shown in Table 1. It should be emphasized that these 
values should not be considered as exact values for the influence of AV across-the-
board. They merely represent as best as possible the driving behaviors’ performance of 
the test vehicles and serve as an assumption for the scenarios presented in this paper.

These values are only considered if a road of a specific roadway type is AV-ready. 
Besides, for Basic AV, no automation is available on urban streets, since it is assumed 
that the driving task is too demanding for AV of this class. Furthermore, the PCU fac-
tors base upon driving behavior without cooperative driving functionality. They do not 
represent increased performance through valet parking either, as this was not explicitly 
considered.

Experiments with AV on test track in Helmond, 
Netherlands

microscopic traffic 
flow simulation

Replicate driving behavior by extending software 
functionality and developing behavioral parameter sets

Numerous simulation runs with default behavioral 
parameter sets on different road networks 

Derive road capacities for each network, AV-class and 
share from 0 to 100% in steps of 10%

Translate capacities into PCU factors for each network 
and AV-class

Allocate and aggregate PCU factors to roadway types 
to have one factor for each roadway type and AV-class

Final set of PCU factors as input for scenarios 

field test

data preparation 
and evaluation

static assignment in 
macroscopic model

Fig. 2  The path from real test drives with AV to PCU factors for AV

Table 1  PCU factors for 
AV-classes on different roadway 
types (Sonnleitner and Friedrich 
2020b)

Basic AV Intermediate AV Advanced AV

Motorway 1.20 0.77 0.73
Arterial 1.26 0.81 0.76
Urban street n/a 1.32 0.85
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The impact of AV on traffic performance is implemented in the assignment model without 
changing the VDF and the capacities. The VDF just needs to be extended to include PCU for 
AV depending on the roadway type.

Perception of travel time

As explained in the section on modeling methods, no new mode will be introduced, but AV 
will be part of the mode car-driver as an additional vehicle class. The basic assumption for 
varying the perception of automated travel time is that it will be either unchanged or reduced. 
This leads to the following three different settings for the scenarios:

1. perception ≙ ± 0%: no changes, travel time in an AV is perceived in the same way as in 
a CV

2. perception ≙ − 15%: perceived travel time corresponds to the travel time in an AV 
exceeding 10 min reduced by 15% 

(

� t,AV = 0.85 ; t� = 10min
)

3. perception ≙ − 30%: perceived travel time corresponds to the travel time in an AV 
exceeding 10 min reduced by 30% 

(

� t,AV = 0.70 ; t� = 10min
)

Cases 2) and 3) assume no benefits for the first ten minutes of automated travel time. Alto-
gether, the assumed values lie in the range of the results of many studies presented in the 
literature review.

Since the model does not allow to distinguish between one and several automated driving 
segments within an assignment, only the sum of the automated driving time is considered. 
Travel time spent in an AV not operating automated, e.g. because the roadway is not AV-
ready, is not considered for changes in perception.

Experimental results

The model computes a large number of indicators describing travel demand, supply quality 
and environmental impacts. Indicators relevant for this use case mainly focus on transport sup-
ply quality and travel demand:

• Number of trips by mode
• Person distance traveled by mode
• Vehicle distance traveled
• Person hours spent by mode
• Vehicle hours spent

Only trips with origin and destination within the Stuttgart Region are considered for the 
evaluation. The baseline scenario contains the network status of the year 2025 and assumes a 
car fleet consisting exclusively of conventional vehicles.



941Transportation (2022) 49:927–950 

1 3

Transition from 0 to 100% AV‑share

To represent a possible progression from 0 to 100% AV-share, two scenarios of each stage 
with increasing levels of penetration and AV capability are compared with the baseline 
scenario. For reasons of clarity, only one AV-class is assumed to be present in each stage of 
coexistence. Table 2 shows the scenarios and the corresponding assumptions.

Each of the six settings with an AV-share > 0% is analyzed for two AV-ready network 
settings: network ≙ motorways and network ≙ all main roads. The settings lead to 13 sce-
narios including the baseline scenario. All these scenarios assume that perception of travel 
time for AV does not differ from CV, to exclusively identify the scope of impact caused by 
changes in traffic performance.

Figures 3 and 4 show the person kilometers traveled per mode, normalized to the base-
line scenario, for motorways or all main roads to be AV-ready respectively. The framed 
numbers above the bars indicate the change in total. If only motorways offer the possibility 
for AV to operate automated, the effects are not as large as for the extended AV-ready net-
work but show the same trend.

Table 2  Examined scenarios and 
their characteristics

Scenario name Stage of coexistence AV-share (%) AV-class

Base (0) None (baseline) 0 –
Intro (20) Introductory 20 Basic
Intro (40) Introductory 40 Basic
Estab (40) Established 40 Intermediate
Estab (60) Established 60 Intermediate
Preva (80) Prevalent 80 Advanced
Preva (100) Prevalent 100 Advanced

Fig. 3  Person distance traveled for 0 to 100% AV compared to the baseline scenario, AV-ready net-
work ≙ motorways
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In the Introductory stage, person kilometers traveled of car-drivers, car-passengers and 
the total distance traveled decrease. The reason is a decline in traffic performance caused 
by Basic AV. This leads to increased travel times per road section, resulting in a shorter 
average trip distance for car users and a slight modal shift from car-drivers and car-passen-
gers mainly to public transport. Person time spent by car users and in total remains almost 
unchanged.

As capabilities of AV improve and their share increases as assumed in the Established 
stage, results turn in the opposite direction. This holds for both AV-ready networks, even 
though for network ≙ all main  roads, AV perform worse on urban streets than CV. The 
increased performance of Intermediate AV on motorways is causing a modal shift from the 
active modes and public transport towards car-driver and car-passenger. If all main roads 
are AV-ready, i.e. AV operate automated also on arterials and urban streets, the change 
becomes even bigger. This means that the higher performance of AV on arterials out-
weighs the disadvantage of lower performance on urban streets. Additionally, average trip 
distances traveled by car users increase to a small extent for both cases compared to the 
baseline scenario. Therefore, person kilometers traveled increase for car trips and in total. 
For both network settings, the car modes’ person time spent remains constant, although the 
respective modal share increases slightly.

The Prevalent stage implies the same correlations as the Established stage, but to a 
greater extent due to the higher share of AV and the vehicle class Advanced AV, perform-
ing better than CV on all roadway types. Related travel time savings of car users outweigh 
additional car trips and lead to a reduction in person time spent.

Baseline versus prevalent stage with 80% AV‑share and varied settings

This section focuses on comparing the baseline scenario to all implemented scenarios 
of the Prevalent stage with a penetration rate of 80% Advanced AV. The purpose of this 
scenario group is to show the possible effects of a relatively high penetration rate of 

Fig. 4  Person distance traveled for 0 to 100% AV compared to the baseline scenario, AV-ready net-
work ≙ all main roads
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efficient AV together with the variation of travel time perception. The scenarios cover 
both AV-ready networks and benefits resulting from perceived automated travel time. 
These different settings are combined into six scenarios of the Prevalent stage as Table 3 
shows.

Figure  5 shows the distance traveled, normalized to the baseline. Person kilometers 
traveled increase in total and for the modes car-driver and car-passenger for all six sce-
narios with AV compared to the baseline. The more extensive the AV-ready network and 
the bigger the benefits from a reduction in perceived automated travel time, the bigger the 
increase. Again, the increase comes from changes in the destination choice and modal 
shifts due to shorter travel times for car users. More destinations can be reached within a 
similar perceived travel time. This leads to increased average trip distances for trips made 
by car.

Consequently, vehicle distance traveled increases as well. Reducing the perceived travel 
time for AV on motorways by 15% leads to an increase of vehicle distance traveled by 5%. 
If all main roads are AV-ready, this growth doubles. With a benefit in perceived time of 

Table 3  Settings for prevalent 
scenarios regarding network and 
travel time perception

AV-ready network Automated travel 
time perception 
(%)

Motorways  ± 0
All main roads  ± 0
Motorways  − 15
All main roads  − 15
Motorways  − 30
All main roads  − 30

Fig. 5  Person distance traveled: Base (0) versus Prevalent (80) scenarios with varied settings regarding AV-
ready network (netw) and travel time perception in AV (perc)
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30% when driving automated, vehicle distance traveled increases by almost 20% compared 
to the baseline scenario.

Figure 6 shows the time spent for the same set of Prevalent scenarios compared to the 
baseline. If perception is assumed unchanged, person hours traveled decrease in total. The 
higher performance of AV leads to a shift from public transport and active modes to the 
faster mode car. Once a reduced perceived travel time in AV is considered, the total time 
spent increases, because the modal shift towards the car modes exceeds the performance 
gains. People are also willing to spend more time in their vehicles since it is perceived less 
inconvenient than in CV.

The results confirm the expectation that highly automated vehicles if operating effi-
ciently, increase the attractiveness of the car. This is likely to magnify the impact of motor-
ized private transport, which will happen at the expense of all traffic participants. This 
phenomenon indicates a rebound effect: an improvement eventually leads to overall dete-
rioration. In this case, capacity gains and reduced perceived travel time lead to more road 
traffic which then outweighs the gains.

Assessment and discussion of results

The trends in travel demand changes that occur in the scenarios are consistent with expec-
tations: There are modal shifts and changes in destination choice depending on the attrac-
tivity of the mode car. However, aggregated figures do not reveal specific influences on 
route choice. More detailed evaluations show that, especially in the scenarios considering 
only the motorway network as AV-ready, more mileage is assigned to roads of this roadway 
type.

To assess the model’s sensitivity to the assumptions made, the results are compared 
with the findings of the studies presented in the literature review. In general, our results 
match the trend of impacts regarding vehicle distance traveled and mode share of private 

Fig. 6  Person time spent: Base (0) versus Prevalent (80) scenarios with varied settings
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transport (if considered). Since most studies examine fully automated vehicles with com-
plete market penetration, a numerical comparison for the scenarios of the Prevalent stage 
with Advanced AV and as well as high AV shares seems appropriate.

For 100% AV and solely impacts on capacity, the Stuttgart Region model suggests an 
increase in VMT up to 6%. Auld et  al. (2017) find additional 4% of VMT for Chicago, 
although assuming an 80% gain in capacity. Adding the impact of AV on the perception 
of travel time in our study, 80% AV-share cause an increase of VMT by up to 9% for the 
motorway network and 18% for all main roads to be AV-ready. This clearly shows that 
assumptions on travel time perception influence results to a greater extent. It compares 
with the 4–24% increase of VMT if we summarize the results of studies whose assump-
tions are consistently more extreme, but still similar to ours (Gucwa 2014; Childress et al. 
2015; Kim et al. 2015; Auld et al. 2017).

The magnitude of the presented results is in the range of those of other studies. How-
ever, this consistency should not be overstated, as there are numerous differences in terms 
of assumptions and simplifications. Most studies look at fully automated vehicles, which is 
why some effects are already out of scope for our case study assuming highly automated 
vehicles requiring a driver. Such effects concern induced traffic by people without a driv-
ing license or with mobility impairments and relocating of vehicles on their own, which 
in turn excludes additional traffic from empty trips and effects from changes in parking 
pressure and parking cost avoidance. Furthermore, this study neglects a more realistic way 
of introducing AV to the private vehicle fleet in the model by setting the share instead of 
forecasting it. To give good examples, Kröger et al. (2019) apply a vehicle diffusion model 
and Levin and Boyles (2015) gradually introduce AV-ownership depending on household 
income. Also, other studies include travel demand impacts through changes in operating 
costs (Kim et al. 2015), parking costs (Levin and Boyles 2015; Childress et al. 2015) and 
reductions in access and egress times (Kröger et al. 2019) because of a more efficient park-
ing process.

This study stands out due to the focus on stages of coexistence. An attempt is made to 
represent the presumably long transition period to full AV market penetration. Within this 
period, it is assumed that first-generation AV may worsen traffic performance for a while. 
Nonetheless, travelers may benefit from no longer having to drive themselves because they 
can make better use of their time. Another aspect of high importance to this study is the 
distinction of roadway types and their respective AV-readiness. Especially for the first years 
of coexistence between CV and AV, it may be crucial to know what difference the density 
of the road network that AV can operate automated makes to people’s mobility behavior.

Summary and conclusion

As with all models, travel demand models can only do what the model developer specifies. 
Despite known and unknown shortcomings, travel demand models are an important tool 
for transport planning, provided that they are reasonably built and validated with observed 
values. So far, the uncertainty of a travel demand forecast has mainly resulted from uncer-
tainties in population growth, economic development, future pricing structures, car owner-
ship and in people’s mobility behavior per se. In the coming years, a revolution in vehicle 
technology will change the capability of vehicles and the way we use them. This makes 
it even more difficult to forecast future travel demand. Nevertheless, modeling probable 
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technical developments regarding automated vehicles and regulatory measures can help 
planners and decision-makers to better understand possible impacts on future traffic.

This paper proposes modeling methods to integrate impacts of highly, but not fully 
automated vehicles into macroscopic travel demand models. Within the scope of this study, 
AV are privately-owned, highly automated and thus still require a person with a driving 
license. Hence, AV are not part of any new business case and also do not lead to new car 
trips by people without access to a car or with mobility impairments.

The purpose of these methods is to enable users of existing urban and regional models 
to easily extend their model by offering the possibility to apply a range of expected impacts 
of AV based on data or reasonable assumptions in a flexible manner. Incorporating effects 
of AV on traffic performance uses specific passenger car unit factors dependent on the 
roadway type and the capabilities of the particular AV-class. This method does not require 
new capacities in the model. Likewise, no changes regarding the volume-delay functions 
are considered. Further research should keep this in mind, as it may be that for certain 
roadway types and certain AV-shares, the influence of AV is not correctly represented by 
original volume-delay functions.

The PCU factors used in this study are determined by evaluating data of microscopic 
traffic flow simulations. The underlying AV driving behavior sets are partly derived from 
observations of AV on a test track in Helmond, Netherlands and partly based on assump-
tions. With more data from field experiments with AV prototypes, driving behavior models 
could be improved. However, there will always be uncertainty when it comes to predicting 
traffic performance of automated vehicles which basically do not yet exist or have not yet 
reached series production readiness.

Highly automated vehicles allow their drivers to spend parts of the in-vehicle time on 
other activities. This leads to the assumption that the perception of travel time in AV dif-
fers from that in CV. The daily commute time including delays from congestion can then 
be used more efficiently turning a car gradually into a limousine service. The presented 
method uses a given AV penetration rate and a travel time perception factor for every road 
link as input. Currently, the method assumes one single factor for travel time perception in 
AV and therefore a uniform effect for all person groups and trip purposes. It then computes 
skim matrices of perceived travel time for CV and AV that are aggregated to one weighted 
travel time skim matrix. This matrix replaces the current skim matrix for the mode car-
driver in the destination and mode choice step of the demand calculation. The travel time 
perception factor can only be assumed based on parameters of current models or param-
eters derived from stated preference surveys. New vehicle models are getting more and 
more automated driving functions. People may then be better able to imagine the benefits 
they can gain from not being in charge to drive themselves in various situations. The task is 
to identify and quantify such perception-related effects by conducting appropriate surveys. 
Model users will then be able to produce more meaningful and robust results.

Both methods are applied to the macroscopic travel demand model of the Stuttgart 
Region to examine possible impacts. In the study area, AV are assigned to a set share of the 
private car fleet. At the same time, no changes in car ownership due to AV are considered.

If first-generation AV are assumed to be rather cautious and thus performing worse 
than CV, this would somewhat increase travel times for all motorized road users. For 
this case the model suggests minor modal shifts from car to other modes. As soon as AV 
improve traffic performance, traveling by car, either CV or AV, becomes more attrac-
tive, causing a modal shift towards car. Additionally, people are willing to spend more 
time in their AV and therefore travel farther. Both circumstances lead to an increase in 
the distance traveled and the time spent. The impact on the modal split and the distance 
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traveled correlates to the AV-share. The results indicate that road traffic may increase by 
around 20% solely because of the advanced capabilities of highly automated vehicles. 
Thus, the expected benefits of AV for individual car users do not come without substan-
tial negative impacts resulting from more road traffic.

Policymakers should be aware of the impact vehicle automation may have on road 
traffic. Modeling results can serve as a basis for discussion on appropriate measures to 
mitigate negative impacts. Such measures would primarily cover well-known measures 
from transport planning which either encourage the usage of non-car modes (pull meas-
ures) or restrict car usage (push measures).
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