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Abstract
The introduction of autonomous vehicles will revolutionize transport in urban and rural areas. Nevertheless, before we allow
autonomous vehicles to roam our streets, we should strive to predict the impact that they could have and prevent as many
negative externalities as possible. Moreover, it is expected that the ability to let go of the wheel and multitask could substan-
tially decrease the in-vehicle value of time, triggering travel behavioral changes, which could in turn have a negative impact on
the environmental sustainability of the transport system. Thus, we tried to estimate the environmental rebound effect linked
to behavioral changes caused by shared autonomous vehicle deployment. This study presents results of a simulation of the
transport system of Santander (Spain), performed by linking the activity-based demand estimation developed in SimMobility
to microsimulation in Aimsun and its battery consumption and pollutant emissions models. The results yielded by the study
present the magnitude to which identified travel behavioral changes could affect the environmental performance of the trans-
port system, as well as the overall outcome of all identified behavioral changes. The outcomes show that the rebound effect
could increase the CO2 emissions by almost 40% compared with a scenario with no behavioral changes. We believe this topic
to be particularly interesting for policy makers, urban planners and regional authorities.
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The introduction of autonomous vehicles (AVs) has been
a widely discussed topic among transport researchers for
numerous years already, and recently the topic has
started to appear in popular media discussion. The num-
ber of parties investing in AV technology has been
increasing, as well as the investment value, to up to $200
billion of global investments, with a predicted further
rapid increase as the competition intensifies (1, 2).
Looking at the resources already invested by the major
players in the market, as well as the growing number of
patents issued for technology enabling autonomous driv-
ing, it could be claimed that AV deployment on the roads
is rather imminent. The deployment of AVs is predicted
to drastically change our mobility patterns and affect

everyday life in cities. For instance, researchers predict
that AVs could be aggregated into fleets of shared vehi-
cles (SAVs), which is the service analyzed in this study.
Moreover, the introduction of this new service could lead

1Department of Transportation and Projects and Processes Technology,

University of Cantabria, Santander, Spain
2European Commission, Joint Research Centre, Ispra, Italy
3Department of Technology, Management and Economics, Technical

University of Denmark, Copenhagen, Denmark

Maria Alonso Raposo is now affiliated to cambiaMO, Madrid

Corresponding Author:

Ada Garus, Ada.GARUS@ec.europa.eu

us.sagepub.com/en-us/journals-permissions
https://doi.org/10.1177/03611981231223752
https://journals.sagepub.com/home/trr
http://crossmark.crossref.org/dialog/?doi=10.1177%2F03611981231223752&domain=pdf&date_stamp=2024-01-31


to a chain of behavioral changes enabled by new possibi-
lities. Therefore, it is crucial for policy makers and
regional authorities to predict how individuals could
behave once this mobility option becomes available.

The first step toward that prediction is the under-
standing of plausible behavioral changes resulting from
SAVs and how the ability to let go of the wheel in AVs
could be truly revolutionary (3). Vehicle autonomy
means lower travel costs not only for private vehicles but
also for SAVs, overall increase in road capacity, intro-
duction of new parking strategies, ability to multitask in
the vehicle and potential harvest of users currently not
able to drive a conventional vehicle (4). Moreover, inno-
vations that lower travel costs encourage users to partici-
pate in additional activities or to accept destinations
further away either in the short or long term—possibly
leading to relocation (5–7). Finally, SAVs offer fully
available vehicle replacement services and could alter
vehicle ownership rates (8). Therefore, the predicted
behavioral changes triggered by SAVs are the following:
(i) acceptance of longer trips, (ii) change in daily activity
timing, (iii) more nonmandatory trips, (iv) more trips by
mobility impaired people, (v) modal change, (vi) reloca-
tion, (vii) shifts in parking habits and (viii) shifts in vehi-
cle ownership. Further explanation of this categorization
of behavioral shifts is explained in Garus et al. (9) and
presented on Figure 1.

Nevertheless, transport innovation is not necessarily
linked to lowering of negative externalities, either envi-
ronmental or societal. Therefore, the second step is the
comprehension of how the said behavioral changes could
affect the area in which AVs are deployed. However,
studies on behavioral changes linked to SAV deployment
have usually focused strictly on investigating the effi-
ciency of transport systems. The studies have reported
results on changes including congestion (5, 10), average
speeds (11, 12), vehicle hours traveled (13) and accessibil-
ity (14). Further studies have reported results on the total
number of trips, using it as a potential proxy for trans-
portation system congestion. However, the findings of
those studies were not conclusive, pointing to conflicting
results, and were highly based on the assumption of
decrease in the value of travel time (VOT) with use of
SAVs (7, 8, 13). Nevertheless, the extent to which sub-
stantial behavioral changes related to AV introduction
will have an effect on CO2 emissions (known as rebound
effect) has not yet been assessed, to our knowledge. In
the light of findings provided by Coulombel et al. (15),
that indicate the rates of the rebound effect of dynamic
ridesharing, such a study needs to be conducted, as our
hopes of achieving more sustainable transportation with
SAVs could be premature. Moreover, looking at the cur-
rent environmental focus of numerous urban areas, there
is an arising need for assessment of the impact of

deployment of SAVs on transport environmental extern-
alities such as energy consumption, CO2 emissions and
air quality.

This paper aims to investigate in which ways and to
what extent the anticipated behavioral shifts may
amplify or mitigate the environmental benefits of SAVs.
With regard to the expected environmental rebound
effect caused by SAVs, a careful assessment of CO2 and
air pollutant emissions is considered. Moreover, the
study provides further understanding of how each stud-
ied behavioral change, caused by deployment of SAVs,
contributes to the environmental rebound effect.
Furthermore, the study analyzes how the environmental
rebound effect would vary subject to assumed changes
in in-vehicle VOT. Researchers already predict that
VOT could decrease with introduction of SAVs, how-
ever, the magnitude of the decrease is unknown.
Nevertheless, the majority of the reviewed studies focus
on a single assumption, whereas we have decided to use
three different values. This paper is put forward in the
hope of serving policy makers and regional authorities,
who will need to ensure the sustainable uptake of SAV
technology.

The paper is structured in the following manner: the
next section presents the literature review on behavioral
shifts and their implementation in demand models. The
third section exemplifies the methodology used to assess
the environmental rebound effect of each behavioral
shift. The fourth section depicts the results and policy
recommendations of the study. Finally, conclusions and
plausible further research steps are described in the fifth
section.

Figure 1. Categorization of behavioral changes triggered by
shared autonomous vehicles (SAVs).
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Literature Review

The environmental impact of SAVs has been a topic of
interest of numerous researchers, who signal the poten-
tial impact of this innovation on air, land, water and
light pollution (16, 17). The methodologies used to esti-
mate the environmental impact of SAVs were: system
dynamics and energy optimization models based on
results of previous studies (18), as well as traffic simula-
tions at all levels—macro, meso and micro (16), or even
life-cycle assessment (19). As per the demand estimation
methods of the traffic simulation studies, the majority of
studies used the agent-based approach (20, 21), simulat-
ing hypothetical grid networks, slices of a real transport
network or the entire network of a city (16, 21). The
reported environmental results of those studies included
energy consumption and CO2 emissions (16, 22). The
previous studies that focused on the environmental
impact of SAVs tended to gravitate toward their demand
for electricity and charging infrastructure (22). Since the
focus of the studies was often on the energy system per-
formance or decarbonization potential, the demand for
SAVs has not been explored in detail, with the majority
of the studies assuming either the market share of the
trips handled with SAVs or its coverage of entire or
doubled travel demand (16, 22, 23).

While previous traffic simulation studies included
behavioral shifts, none of them focused on estimation of
the environmental impact. Behavioral changes related to
deployment of SAVs are more often implemented in
activity-based models (ABMs), which allow better repre-
sentation of decisions of individuals based on their socioe-
conomic profile. However, there are studies that tried to
implement the behavioral shifts to trip-based demand
models. Those studies simply assumed a lower generalized
cost of travel, or VOT, on various steps of the four-step
model (11). In the ABMs, the behavioral changes linked
to AVs are most often implemented in scenario-based
analysis that follows assumptions on future travel costs
and decrease in VOT linked to the possibility to multitask
in the vehicle (5, 7, 10, 14). These assumptions change the
utility function in discrete choice models, which compose
the ABM. To this day, not many researchers have decided
to implement changes on the activity scheduling step of
the model, which reflects an increased number of non-
mandatory trips. Implementation of more nonmandatory
trips was made through an assumed decrease in VOT (in
a range from 25 to 50%) (6, 24).

At the destination choice level of the model—usually a
multinomial logit (MNL) or nested logit (NL) model—
acceptance of longer trips was considered. Several
researchers have decided to implement this behavioral
change in their ABMs. For SAVs the implemented
changes consisted of assumed VOT reduction (25%–50%)
with VOT considered as in a regular car (6, 24–26). If the

utility of the choice was modeled on a taxi service, only a
change of cost was assumed (30%–40% decrease resulting
from elimination of driver) (5, 7, 8, 10, 14).

The modal choice step of the ABM, which incorpo-
rated modal changes, was most often modified by the
researchers. Nevertheless, the reviewed models often did
not consider socioeconomic attributes and individual
preferences as factors that could influence modal shifts.
The modal choice is frequently determined by a discrete
choice model, determining the choice based on the over-
all utility of each option. The utility of the SAV option
was modeled as a taxi or as ‘‘private car as passenger,’’
by reducing the costs of travel (40%–70%) (5, 7, 8, 10,
14). The cost of SAV operation was often assumed as a
fraction of the cost of taxi service or private car, or sub-
ject to scenario analysis.

Nevertheless, the researchers often based their studies
on utility functions that consisted only of assumed VOT
and costs, omitting important individual traits, lifestyle
choices and personal preferences which could have a heavy
impact on future decisions about SAVs usage. Ideally,
each step of the model (each discrete choice model) could
consider socioeconomic attributes as well as user prefer-
ences to better mimic individual, plausible human beha-
vior, contributing to a more adequate representation of
the entire demand estimation. The variety of perceived
VOT in different modes was also often omitted in previous
literature. We are aware of only one study that implemen-
ted the alteration of VOT depending on whether the user
was waiting for a SAV service or riding in the vehicle.
Hörl et al. assumed that VOT while waiting for an AV is
twice as valuable as when riding inside (26). Moreover, the
studies to date did not perform a scenario analysis of
results according to variety of VOT assumptions, while
the degree to which the VOT will vary across the popula-
tion is unknown (3). Additionally, a share of previous
studies implemented an assumption of an increase in road
capacity, which affects the utility functions by changing
the travel time. Nevertheless, those assumptions could
vary across different road types and various levels of AV
market penetration. Moreover, those assumptions could
be optimistic as the driving efficiency of AVs could be sub-
ject to regional policies, for instance, in the case of dedi-
cated lanes for platooning (27).

Methodology

For a proper estimation of the environmental rebound
effect of SAVs, one requires an integration of the follow-
ing tools:

� Long-term models:
s Population synthesis, which allows the cre-

ation of agents that represent the simulated
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population. In this study the population
synthesis was made using deep generative
modeling (28).

s Vehicle ownership and workplace location
models obtained using discrete choice modeling.

� Activity-based demand estimation, which
accounts for the decision making of agents at the
individual levels (in the transport literature, often
called activity-based model). An activity-based
model was made using a demand part of the simu-
lation platform SimMobility (29).

� SAV operator, which accounts for fleet manage-
ment, such as request for vehicle assignment and
rebalancing of vehicles. SAV fleet management
was performed using the Aimsun Ride plug-in,
which allows vehicles to be connected to requests
coupled with OR-Tools—an optimizer for fleet
management (30).

� Traffic simulator, which translates the demand
into a traffic simulation and allows us to obtain
the desired environmental impacts. A supply
model of the considered network and traffic
microsimulation was performed using Aimsun
software (31).

Each of the tools and models briefly described here are
presented in more detail in the following sections and in
Figure 2.

Demand

Long-Term Models. Population synthesis was obtained
using a deep generative modeling approach from
machine learning based on a variational autoencoder
(VAE) proposed by Borysov et al., which allows us to
represent the population with a wider variety of modeled
attributes (28). The synthesized population attributes
were: gender, age, employment status, education level,
occupation, income, public transport subscription, driv-
ing license, zonal assignment and household assignment.

Parameters for the vehicle ownership model were esti-
mated with MNL and mobility survey data. The choice
set of the model was {0,1,2,3}, meaning no car in house-
hold, one car, two cars, or three or more cars. The esti-
mated parameters for choice characteristics included:
household size, age and gender of the head of household,
and household income. The probability of each of the
choices was obtained with the MNL, while the final
choice for the household was derived from a Monte
Carlo random draw. Thereafter, the Monte Carlo ran-
dom draw determined whether a given vehicle was an
electric vehicle (EV) or combustion engine vehicle. That
assignment was made using a forecast of the car fleet

composition in Spain in 2040 (32, 33), for which exis-
tence of SAVs is often predicted (27, 34, 35).

Activity-Based Demand Estimation. The activity-based
demand estimation was employed in SimMobility—an
open-source activity-based simulation platform (29). In
the simulation scenarios carried out as part of this study,
we used a fraction of SimMobility—a Pre-day simulator.
The Pre-day module is an ABM used to obtain daily
activity schedules of the entire synthetic population.
Random utility theory has been the most used approach
to predict and understand the discrete choice in transpor-
tation. The Pre-day ABM consists predominantly of dis-
crete choice models, mostly MNL models, along with
some NL models, structured into a hierarchical frame-
work. This framework is divided into three levels: the day
pattern level, the tour level, and the intermediate stop
level. The theory implies that an individual (n) assesses
each of the available options based on the perceived util-
ity of each alternative, and makes the choice that maxi-
mizes the utility (36). The utility (U) is composed of a
deterministic part—a vector of the explanatory variables
as well the attributes of the alternative as the socioeco-
nomic characteristics (Xn) of the individual—and of a
stochastic component—an error term (e) that accounts
for all variables unknown or omitted by the modeler. As
an additive linearity is assumed, the utility of alternative i
can be expressed as follows (36):

Uin = biXn + ein ð1Þ

where b is the vector of parameters to be estimated.
The day pattern level consists of MNL models that

predict the occurrence of tours and the availability of
intermediate stops for considered purposes (work, educa-
tion, shopping, leisure, and others). The day pattern level
generates a list of tours and availability of intermediate
stops for each individual in the synthetic population.
The tour level of the Pre-day model consists of further
discrete choice models that predict the destination, travel
mode and time of day (arrival time and departure time)
for each previously predicted tour. Finally, the models at
the intermediate stop level predict the destination, travel
mode and timing of the stops for the secondary activities.
A simulation of the ABM yields activity schedules for
everyone in the population, including the timing (arrival
time and departure time) of each activity at a resolution
of 30 min, the destination at zonal level and the travel
mode for each tour (5). To fully represent the demand of
a given population, the parameters describing the beha-
vior of this population at every level of the model are
needed. The way in which those parameters were
obtained is presented in the Case Study section below.
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The detailed scheme of the Pre-day SimMobility
model is presented in Figure 3.

Incorporating SAVs into our model required tailored
adjustments across the various discrete choice models
that form part of our activity-based demand estimation
scheme. For each specific activity purpose, distinct adap-
tations were made to the respective mode and mode/des-
tination choice models. In mode choice models focused
on work and education-related trips, we integrated SAVs
as a novel mode choice, adjusting parameters to reflect
their unique characteristics. For other activities, similar
adaptations were made within the mode/destination
choice models. These included recalibrating the beta
parameter for in-vehicle travel time to represent the
enhanced multitasking capabilities in SAVs.
Additionally, we removed the access and egress time
components for SAVs and introduced a bus-equivalent
wait time. The cost of SAV usage was assumed at $ 0.3
per mile, in accordance with the literature (37). This
methodological approach established our base scenario
for SAV integration. To further examine the influence of
SAVs on perceived VOT and accessibility, and their sub-
sequent effects on behavioral patterns, we conducted
detailed scenario analyses within these models, presented
in more detail below.

� Mode extra: Scenario used to simulate the modal
shifts and acceptance of longer trips for nonman-
datory trips. Changes in the model considered the
VOT in mode/destination choice models for shop-
ping, leisure and other types of trips.

� Mode main: Scenario used to simulate the modal
shifts of the main, mandatory activity (work or
education). Changes in the model considered the
VOT in work and education mode choice models.

� Nonmandatory: Scenario used to simulate the
increased number of nonmandatory trips, by
changing the b parameter of the logsums in

models that determine the number of shopping,
other and leisure trips to 50%, 70% and 90% of
the base one.

� All: Scenario used to simulate the cumulative
effect of all the behavioral changes, by implement-
ing all changes mentioned above in the demand
estimation models.

The considered VOT is still not determined, as SAVs are
not yet fully available. Therefore, to investigate the plau-
sible impact, the VOT reduction is subject to scenario
analysis: 50%, 70%, 90% of in-vehicle VOT for a car.
The reader might argue that the in-vehicle travel time of
a shared ride would not be significantly lower than that
of a car. Nevertheless, the VOT will significantly depend
on the design of the SAV, which could be divided into
personal areas, securing comfort, privacy and satisfac-
tion for its clients (38). Moreover, the interior of the vehi-
cle could be adjusted for the purpose of the trip or a user
type, which would significantly lower the VOT, validat-
ing the assumption.

The calibration of the demand estimation involved
adjusting the alternative specific constants (ASCs) in the
utility functions of both the mode and mode/destination
choice models, as well as in the time choice models. This
adjustment was necessary to accurately represent the
alternatives that were either over- or under-represented
in the context of Santander. Around 25 ASCs were read-
justed in an iterative manner to best reflect the specific
transport situation and user preferences in Santander.

Supply

Traffic Simulator. The Pre-day simulation, as described
above, generated activity schedules for each individual in
the population. The information was then processed
using a Python script to represent the trip-chains of indi-
viduals in origin–destination (OD) matrices accepted as a

Figure 2. Simulation environment.
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demand input by the used traffic simulator from an exter-
nal company, Aimsun Next. The traffic in Aimsun is
simulated using microscopic traffic simulation with static
path assignment combined with dynamic path reassign-
ment for 30% of all vehicles (with update interval set to 5
min, compliance rate of 80% and en route option acti-
vated). The supply model, apart from simulating car and
SAV trips, also includes the public transportation simula-
tion using the up-to-date bus schedule. The SAVs were
modeled adjusting the car following, lane changing and
gap acceptance behavioral models in accordance with the
literature (39–41). Moreover, the SAV fleet was equipped
with the Cooperative Adaptive Cruise Control module
implemented in Aimsun.

Usage of microscopic traffic simulation in Aimsun,
although computationally intensive, allowed us to obtain
the inputs required to estimate the environmental
rebound effect, by using the battery consumption model
and pollutant emission model of Panis et al. (42), inte-
grated with the microscopic simulation. Nevertheless,
because the microscopic traffic simulation was computa-
tionally and time intensive, we decided to limit the simu-
lation time to one day, assuming that the SAV fleet
would return to its beginning state.

SAVs Operator. The first task of the SAVs operator is
fleet planning, which was achieved with the Decision
Support Tool developed under the European Project

MOMENTUM, by the Centre for Research &
Technology Hellas/Hellenic Institute of Transport
(CERTH/HIT) (43). The Decision Support Tool
allowed us to estimate a fleet size and the beginning
setting of the fleet, using the appropriately trans-
formed activity schedule from SimMobility and a
polygon area of the network. In each of the simu-
lated scenarios, the fleet size was determined to be
large enough to cover all ride requests.

The second task of the SAVs operator is fleet manage-
ment, which allows to match the ride requests to vehicles.
This assignment was performed using capacitated vehicle
routing problem with time windows (CVRPTW) opti-
mized by Google OR-Tools (30). The output that the
fleet operator provides was optimized to handle all
requests while minimizing the total distance of the fleet.
The fleet operator handles the requests for SAVs from
individual passengers. The request includes the intended
pick-up and drop-off locations, pick-up and drop-off
time windows and number of passengers requesting the
ride. The SAVs were assumed to resemble regular cars,
with capacity for five passengers. Further assumptions
on the requests concerned the maximum waiting time
(set to 5 min) and boarding time (set to 1min).

The fleet management was integrated with the traffic
simulation via the Aimsun Ride plug-in through a
Transmission Control Protocol/Internet Protocol inter-
face. The key features of the interface involved passing
the information between the traffic simulator and the

Figure 3. Components of the Pre-day activity-based model in SimMobility.
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fleet operator. The requests were treated dynamically,
that is, one-by-one, in the order they appeared from the
SAVs operator. The Aimsun Ride platform then simu-
lated the execution of the requests given to the operator,
updated the status of all vehicles in the fleet and per-
formed a simulation against the historical traffic condi-
tions (simulated for the car demand).

Demand–Supply Interactions. Demand–supply interactions
are modeled thorough a Python controlling algorithm
which triggers the SimMobility Pre-day model and
Aimsun traffic simulation as subprocesses. Moreover, it
provides the necessary data processing to adjust the
inputs to the required format for each tool used. The
interaction of demand and supply allowed the study
results to achieve convergence, based on the widely used
relative gap convergence measure with a maximum simu-
lations number capped at 100 (37).

Emissivity Results. The outputs of the traffic simulation
were CO2, NOX and PM2.5 emissions from the combus-
tion engine vehicles (according to the Panis model) and
the total electricity consumption of EVs (battery consump-
tion model). The total emissions of the system were then
calculated assuming the electricity grid emissivity for the
year 2040. The emissivity data was taken from the Spanish
national strategy for decarbonization and predictions of
the European Environment Agency (44–46).

Case Study

The analysis has used as a case study the city of
Santander in Spain (population 172,957) (47) as it
offered an optimal compromise between complexity of
transport dynamics and overall size of the transport net-
work to be simulated via microsimulation. In addition,
very detailed information about travel choices was avail-
able for this case study, allowing a reliable estimation of
the users’ preferences. The data used included a trans-
port diary survey of the Santander population from 2013
(sample size 1,384) and the total population counts for
each transport zone. The transport diary survey included
all trips made by each individual within one household,
as well as socioeconomic information about the house-
hold and the household members.

The parameters of the utility functions of SimMobility
models (the chain of discrete choice models) were
obtained using the travel diaries data and estimated using
the Biogeme software (48). Each utility function consisted
of individual attributes as well as parameters tailored to
the given model. This allowed us to properly estimate the
discrete choice models and recreate the behavior of
Santander’s population. The attributes used in the utility
functions were: age, gender, main activity type,

occupation, household income, household size, household
vehicle ownership, VOT, cost, alternative specific coeffi-
cients and logsums. Logsums are information from mod-
els that are executed later along the chain of models. They
are required in tour mode and mode/destination models
and day pattern models and could represent the accessibil-
ity value in the utility choice models. More than 200 para-
meters were obtained to carefully represent the behavior
of Santander’s population.

The comparison of simulated and trip diaries observed
results concerning number of tours, aggregate trip mode
shares and trips by time of day are presented in Figure 4.
The results indicate that the base case model well repre-
sents the behavior of Santander’s population. The figure
also illustrates their transport preferences.

The Aimsun microsimulation model was set up to
include the Santander network copy. The supply model
of Santander was developed and calibrated by the
SUM+Lab of the University of Cantabria using real
data obtained from numerous sensors and cameras
located in the city. The model is often used for the devel-
opment of transport policy by regional authorities. An
overview of the simulation network is given in Figure 5.

The characteristics of the transport network represen-
tation that covers the urban region of Santander were:
size (km): 11.00 3 6.00; number of centroids: 113
(12,769 OD pairs); number of detectors: 230; number of
sections: 4,106; number of nodes: 1,454; type of signal
controllers: fixed (49). This area was chosen based on its
availability in the Aimsun simulation software, its com-
plexity and data availability.

Results and Policy Recommendations

The results of the base case scenario showed that SAVs
could have the potential to lower the environmental
impact of the transportation system, with the potential
to reduce CO2 emissions by 55% to 60% based on the
use of EVs and the assumed target of highly renewable
energy mix in Spain for the year 2040. These results are
in line with other case studies performed, which predict a
decreases of between 16.8% and 87% in CO2 emissions
for various urban environments, powertrain and energy
mixes (16). The results show that with no SAVs intro-
duced, the CO2, NOX and PM2.5 emissions would be
significantly higher because of higher dependence on
vehicles with more emissive combustion engines.
Moreover, the results show that the introduction of
SAV-based services would not significantly affect the
congestion in a mid-sized, congestion-free city in Europe,
as represented by the lower daily flows and similar aver-
age speeds in all the scenarios run for this study.

Nevertheless, the results obtained from the simulation
showed that we can expect an environmental rebound
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effect as a consequence of the deployment of SAVs and
the comfort and freedom those vehicles could offer,
reducing the VOT. When the VOT was assumed to be
90% of that of a car and all the analyzed behavioral
shifts are considered, (all) the CO2 emissions are 27% to
31% higher than those of a scenario in which the SAVs
are introduced but do not trigger any behavioral changes
(base SAV). The rebound effect significantly reduces the
positive environmental impact of the electric SAVs com-
pared with the scenarios in which all vehicles are pri-
vately owned (base no SAV). This entails that the SAVs
system should be carefully designed and implemented by
regional policy makers, to ensure that the final system is
indeed environmentally sustainable. In the analyzed indi-
vidual behavioral shifts, electricity consumption also
increased because a higher share of the population opted
for SAVs. The lowest environmental change was caused

Figure 4. Comparison of observed and simulated base case demand results, in percent: (a) type of trips; (b) mode of trips, (c) time of
day of trips.

Figure 5. Santander network.
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by the modal change for main activity location trips.
Nevertheless, the CO2 emissions still increased by almost
5% to 7% compared with the base scenario, because of
individuals switching to SAVs from more sustainable
modes of transport, such as walking or public transport.
The highest rebound effect from individual behavioral
shift was caused by individuals opting to participate in
more nonmandatory activities, which caused a 22% to
27% rebound effect in the CO2 emissions. A similar pat-
tern could be seen in the vehicle kilometers traveled
(VKT) by the vehicles in the system, which increased
with the introduction of the SAV service. While the
introduction of SAVs had the potential to lower the
VKT (base SAV scenario), the behavioral changes trig-
gered by the ability to multitask result in higher VKT.
This increase was caused by more individuals opting to
switch to travel in SAVs from more sustainable mobility
options, such as walking or public transit, which are not
included into the VKT calculations.

All of the previously described behavior of the
rebound effect holds true if the assumed VOT is 70% of
that of a personal car. The obtained environmental
rebound effect of all behavioral changes was 34% to
38% higher compared with the scenario in which the
behavioral changes are not triggered. It is worth noting
that the VKT did not increase significantly, as compared
with the previous scenario, manifesting the overall
saturation of the daily activities in the analyzed popula-
tion. Moreover, the impact of the introduction of SAVs
on the transport system is positive even if behavioral
changes are triggered, as the flows decrease and the aver-
age speeds in the analyzed area do not change
significantly.

When the VOT was assumed to be 50%, the results
followed the same behavioral patterns, increasing the
environmental rebound effect even further to 38% to
43%, and slightly increasing the VKT compared with the
previous scenarios. This could be explained by a further
push toward clean electric technology from those who
previously owned combustion engine vehicles, as well as
because the rides in SAVs are shared. All the previously
discussed results are presented in Table 1.

The results of the simulated scenarios show that, while
the introduction of SAVs could be overall sustainable,
the rebound effect could lessen the desired impact of low-
ering emissions. Therefore, it is of utmost importance to
design the SAV-based services along with their users,
while keeping in mind the negative externalities to assure
their sustainable uptake. For instance, the AV service
could reduce congestion, number of vehicles, VKT and
emissions if only shared rides are available. Moreover, it
is important to ensure that citizens do not switch from
more sustainable alternatives, such as walking or cycling,
especially on shorter trips. In the era of AVs, that could

be easier to achieve, as the total number of vehicles on
the road as well as parking space could be vastly reduced.
The freed land could be used to support those more sus-
tainable modes and ensure comfort and safety for their
users. Lastly, the service providers, regulators and citi-
zens should co-create the interior of the SAVs, to ensure
their substantial uptake, as the results of this study show
that the rebound effect could be lowered if the car own-
ers are encouraged to use SAV-based services.

Summary and Conclusions

The introduction of SAVs on the market will certainly
revolutionize transport in both urban and rural areas.
Nevertheless, before we allow SAVs to roam our cities,
we should strive to predict the impacts that they could
have and prevent as many negative externalities as possi-
ble, especially considering the contribution of transport
to environmental pollution and the climate crisis.
Nevertheless, the previous simulation studies that
included the behavioral changes triggered by SAVs, pre-
sented in more detail in the literature review section,
have focused on the efficiency of the transport system
itself, without further investigating the environmental
impact of SAVs. For this reason, we tried to estimate the
plausible environmental rebound effect linked to beha-
vioral changes caused by deployment of SAVs. We
believe this topic to be particularly interesting for trans-
national or national policy makers, urban planners as
well as regional authorities.

The environmental rebound effect is linked to beha-
vioral changes, so it could only be obtained using meth-
ods that allow for the singular representation of
individuals in the investigated sample. Thus, our choice
of an activity-based demand estimation representing the
city of Santander in Spain in a simulation platform,
SimMobility. The discrete choice models, which consti-
tute the SimMobility Pre-day package, were estimated
based on travel diaries using Pandas Biogeme Python
library. The demand model was calibrated using the
alternative specific coefficients in the discrete choice
models and the weighted results of the travel diaries.
Thereafter, the results of the demand model were an
input of a microsimulation of traffic in the Aimsun Next
software. The microsimulation of traffic allowed us to
use environmental and battery consumption models,
from which the estimated environmental rebound effect
was obtained. The travel times were fed back into the
SimMobility Pre-day package until convergence was
achieved.

The main outcome of this study is the estimation of an
environmental rebound effect: results showed that the
behavioral changes could indeed lead to a significant
rebound effect. The maximum obtained rebound effect
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resulted in almost 40% higher CO2 emissions compared
with a scenario in which the SAVs are introduced but no
behavioral changes linked to perceived lower in-vehicle
VOT were introduced. The behavioral change that
caused the highest rebound effect in all the scenarios was
the participation of the analyzed individuals in more non-
mandatory activities, while the modal choice for a work
or education trip contributed to the lowest rebound effect
out of the analyzed behavior shifts. Therefore, it is of
utmost importance to regulate and design the SAVs ser-
vices in a sustainable manner, ensuring that the environ-
mental rebound effect of those vehicles would be limited.
The outcomes of this study show that the deployment of
technology itself cannot secure the sustainable develop-
ment of transport, because of the environmental rebound
effect. Instead, a careful consideration of how SAVs
should be incorporated in a city is needed. Such a proac-
tive approach could allow cities to avoid the conse-
quences of uncontrolled deployment of the technology.
Those consequences we can all see nowadays in cities
around the world overcrowded by private cars.

Our study offers insights into the deployment and
impact of SAVs in a mid-sized European city, demon-
strating a robust approach in understanding urban mobi-
lity dynamics. While our research provides valuable
predictions and observations, it is tailored specifically to
the unique urban fabric and mobility patterns of a mid-

sized European setting. This specificity, while a strength
in offering detailed, context-relevant conclusions, also
suggests that our results should be contextualized when
considering their application to urban areas with differ-
ing characteristics. Furthermore, our focus on shared
rides in SAVs exclusively, a deliberate choice to explore
the maximum potential of shared mobility, might not
encompass the full spectrum of SAV usage scenarios.
However, this focus allows for a deeper exploration of
the benefits of shared mobility, offering a foundational
understanding that can be built on in diverse urban con-
texts and varied SAV operation models.

Nevertheless, before using our findings for precise
policy recommendations, it is important to deepen the
research performed in this study. We consider that an
adequate follow-up study should analyze a variety of
SAV services designs, differentiating the capacity of the
vehicles as well as the possibility to order a personal,
unshared ride. Moreover, the service analyzed in this
study assumed a perfect competition model in which a
SAV ride would be available within 5 min from the
request. However, such an assumption might not be
accurate if the services are regulated by local or national
authorities. Therefore, it would also be important to
analyze a scenario in which the fleet size of SAVs is
capped and could not serve every potential request.
Such study could also be developed based on a new

Table 1. Mean Results of the Rebound Effect Study according to the Assumed Value of Travel Time

Outputs Unit Base no SAV Base SAV All Mode extra Mode main Nonmandatory

VOT 90%
Flows vpd 22,392 10,781 17,252 16,063 13,874 16,529
Average speed km/h 39 38 38 38 38 38
Electricity consumption kWh 7,126 15,491 18,988 16,761 16,436 17,507
CO2 emissions g/day 7,898,686 4,554,786 5,914,413 5,722,381 4,855,428 5,840,713
NOx emissions g/day 82,876 35,827 44,527 41,855 38,959 41,065
PM2.5 emissions g/day 945 542 641 554 556 605
VKT km/day 827,764 668,635 939,903 947,498 896,362 960,490

VOT 70%
Flows vpd 22,699 10,781 17,474 16,283 15,415 16,562
Average speed km/h 39 38 38 38 38 38
Electricity consumption kWh 7,167 15,491 19,319 17,269 16,427 17,778
CO2 emissions g/day 7,875,901 4,554,786 6,176,459 5,862,190 5,286,126 5,884,518
NOx emissions g/day 82,637 35,827 48,815 43,145 38,653 43,473
PM2.5 emissions g/day 942 542 705 584 565 648
VKT km/day 828,645 668,635 1,095,443 952,498 947,223 963,955

VOT 50%
Flows vpd 23,138 10,781 16,486 17,470 11,430 16,476
Average speed km/h 39 38 38 38 38 38
Electricity consumption kWh 7,354 15,491 19,456 17,500 16,589 18,012
CO2 emissions g/day 8,020,204 4,554,786 6,366,514 5,940,452 5,767,335 6,176,274
NOx emissions g/day 84,312 35,827 54,031 45,340 42,763 47,922
PM2.5 emissions g/day 969 542 721 622 602 677
VKT km/day 838,982 668,635 1,116,485 991,432 982,304 957,149

Note: SAV = shared autonomous vehicles; veh = vehicles; VKT = vehicle kilometers ravelled; VOT = value of travel time; vpd = vehicles per day.
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transport diary to include the behavioral changes from
the long-term social-economic impact of the COVID-19
pandemic conditions. Furthermore, we conclude that
recreating such studies in other areas, such as densely
populated congested cities as well as thinly populated
rural areas, could lead to different results and would be
worth investigating.
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Nogués. Environmental Impacts of Autonomous Vehicles:

A Review of the Scientific Literature. Science of the Total

Environment, Vol. 830, 2022, p. 154615.
17. Fagnant, D. J., and K. Kockelman. Preparing a Nation for

Autonomous Vehicles: Opportunities, Barriers and Policy

Recommendations. Transportation Research Part A: Policy

and Practice, Vol. 77, 2015, pp. 167–181.
18. Kopelias, P., E. Demiridi, K. Vogiatzis, A. Skabardonis,

and V. Zafiropoulou. Connected & Autonomous Vehicles

– Environmental Impacts – A Review. Science of the Total

Environment, Vol. 712, 2020, p. 135237.
19. Gawron, J. H., G. A. Keoleian, R. D. De Kleine, T. J.

Wallington, and H. C. Kim. Deep Decarbonization from

Electrified Autonomous Taxi Fleets: Life Cycle Assessment

and Case Study in Austin, TX. Transportation Research

Part D: Transport and Environment, Vol. 73, 2019,

pp. 130–141.
20. Berrada, J., and F. Leurent. Modeling Transportation Sys-

tems Involving Autonomous Vehicles: A State of the Art.

Transportation Research Procedia, Vol. 27, 2017,

pp. 215–221.
21. Jing, P., H. Hu, F. Zhan, Y. Chen, and Y. Shi. Agent-

Based Simulation of Autonomous Vehicles: A Systematic

Literature Review. IEEE Access, Vol. 8, 2020,

pp. 79089–79103.
22. Jones, E. C., and B. D. Leibowicz. Contributions of Shared

Autonomous Vehicles to Climate Change Mitigation.

Transportation Research Part D: Transport and Environ-

ment, Vol. 72, 2019, pp. 279–298.
23. Golbabaei, F., T. Yigitcanlar, and J. Bunker. The Role of

Shared Autonomous Vehicle Systems in Delivering Smart

Urban Mobility: A Systematic Review of the Literature.

International Journal of Sustainable Transportation, Vol.

15, No. 10, 2021, pp. 731–748.
24. Childress, S., B. Nichols, B. Charlton, and S. Coe. Using

an Activity-Based Model to Explore the Potential Impacts

of Automated Vehicles. Transportation Research Record:

Journal of Transportation Research Board, 2015. 2493:

99–106.
25. Hörl, S., A. Erath, and K. W. Axhausen. Simulation of

Autonomous Taxis in a Multi-Modal Traffic Scenario with

Dynamic Demand. 2016. https://www.research-collection.

ethz.ch/bitstream/handle/20.500.11850/118794/ab1184.pdf?

sequence=2.
26. Liu, J., K. M. Kockelman, P. M. Boesch, and F. Ciari.

Tracking a System of Shared Autonomous Vehicles Across

the Austin, Texas Network Using Agent-Based Simulation.

Transportation, Vol. 44, 2017, pp. 1261–1278.
27. Litman, T. A. Autonomous Vehicle Implementation Predic-

tions: Implications for Transport Planning, 2023. https://

www.vtpi.org/avip.pdf. Accessed January 16, 2024.
28. Borysov, S. S., J. Rich, and F. C. Pereira. Scalable Popula-

tion Synthesis with Deep Generative Modeling, 2018.

http://arxiv.org/abs/1808.06910%0Ahttp://dx.doi.org/10.

1016/j.trc.2019.07.006. Accessed January 16, 2024.
29. Adnan, M., C. Author, F. C. Pereira, C. Miguel, L. Aze-

vedo, K. Basak, et al. SimMobility: A Multi-Scale Inte-

grated Agent-based Simulation Platform. Presented at 95th

Annual Meeting of the Transportation Research Board,

Washington, D. C., 2015.

30. Laurent, P., and V. Furnon. OR-Tools. Google, 2022.
31. Aimsun. Aimsun Next 22 User’s Manual. Aimsun, Barce-

lona, 2022.
32. Amores, A., L. Alvarez, J. Chico, G. Ramajo, M. Sanchez,

and C. Renobales. A Sustainable Energy Model for Spain

in 2050: Policy Recommendations for the Energy Transition.

Deloitte, 2016. https://www2.deloitte.com/content/dam/

Deloitte/es/Documents/estrategia/deloitte-es-monitor-

deloitte-a-sustainable-energy-model-for-spain-in-2050.pdf.
33. Sanchez, E., and M. Planelles. El Gobierno propone vetar

las ventas de coches de gasolina y diésel en 2040. ElPais.
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36. de Dios Ortúzar, J., and L. G. Willumsen.Modelling Trans-

port. Wiley, Hoboken, NJ, 2011.
37. Litman, T. Autonomous Vehicle Implementation Predic-

tions: Implications for Transport Planning, 2023. https://

www.vtpi.org/avip.pdf. Accessed January 16, 2024.
38. Stevens, G., P. Bossauer, S. Vonholdt, and C. Pakusch.

Using Time and Space Efficiently in Driverless Cars: Find-

ings of a Co-Design Study. Conference on Human Factors

in Computing Systems-Proceedings, Glasgow, Scotland,

Association for Computing Machinery, New York, NY,

2019, pp. 1–14.
39. Makridis, M., K. Mattas, C. Mogno, B. Ciuffo, and G.

Fontaras. The Impact of Automation and Connectivity on

Traffic Flow and CO2 Emissions. A Detailed Microsimula-

tion Study. Atmospheric Environment, Vol. 226, 2020, p.

117399.
40. Nickkar, A., and Y. J. Lee. Evaluation of Dedicated Lanes

for Automated Vehicles at Roundabouts with Various

Flow Patterns. arXiv:1904.07025, 2019. http://arxiv.org/

abs/1904.07025

Garus et al 977

https://www.research-collection.ethz.ch/bitstream/handle/20.500.11850/118794/ab1184.pdf?sequence=2
https://www.research-collection.ethz.ch/bitstream/handle/20.500.11850/118794/ab1184.pdf?sequence=2
https://www.research-collection.ethz.ch/bitstream/handle/20.500.11850/118794/ab1184.pdf?sequence=2
https://www.vtpi.org/avip.pdf
https://www.vtpi.org/avip.pdf
http://arxiv.org/abs/1808.06910%0Ahttp://dx.doi.org/10.1016/j.trc.2019.07.006
http://arxiv.org/abs/1808.06910%0Ahttp://dx.doi.org/10.1016/j.trc.2019.07.006
https://www2.deloitte.com/content/dam/Deloitte/es/Documents/estrategia/deloitte-es-monitor-deloitte-a-sustainable-energy-model-for-spain-in-2050.pdf
https://www2.deloitte.com/content/dam/Deloitte/es/Documents/estrategia/deloitte-es-monitor-deloitte-a-sustainable-energy-model-for-spain-in-2050.pdf
https://www2.deloitte.com/content/dam/Deloitte/es/Documents/estrategia/deloitte-es-monitor-deloitte-a-sustainable-energy-model-for-spain-in-2050.pdf
https://elpais.com/sociedad/2018/11/13/actualidad/1542109135_941023.html
https://elpais.com/sociedad/2018/11/13/actualidad/1542109135_941023.html
https://rosap.ntl.bts.gov/view/dot/42383
https://rosap.ntl.bts.gov/view/dot/42383
https://www.vtpi.org/avip.pdf
https://www.vtpi.org/avip.pdf
http://arxiv.org/abs/1904.07025
http://arxiv.org/abs/1904.07025


41. Talebpour, A., and H. S. Mahmassani. Influence of Con-

nected and Autonomous Vehicles on Traffic Flow Stability

and Throughput. Transportation Research Part C: Emer-

ging Technologies, Vol. 71, 2016, pp. 143–163.
42. Int Panis, L., S. Broekx, and R. Liu. Modelling Instanta-

neous Traffic Emission and the Influence of Traffic Speed

Limits. Science of the Total Environment, Vol. 371, No. 1,

2006, pp. 270–285.
43. European Union. Deliverable 5.2 Interactive Decision Sup-

port Tool, 2020. https://h2020-momentum.eu/wp-content/

uploads/2021/08/D5.2-Interactive-Decision-Support-Tool.

pdf. Accessed January 16, 2024.
44. Climate Analytics. Spain Scenario Analysis. 2021. https://

ca1-clm.edcdn.com/assets/spain.pdf. Accessed January 16,

2024.
45. Arctic Council by Spain. Enhanced Black Carbon and

Methane Emissions Reductions Arctic Council Framework

for Action. 2020. http://hdl.handle.net/11374/2710.

Accessed January 16, 2024.
46. The European Environment Agency. Spain-Air Pollution

Country Fact Sheet. 2022. https://www.eea.europa.eu/

themes/air/country-fact-sheets/2021-country-fact-sheets/

spain. Accessed July 12, 2022.
47. Instituto Nacional de Estadistica. Publicaciones generales y

sı́ntesis estadı́stica. 2022. https://www.ine.es/ss/Satellite?

L=es_ES&c=INEPublicacion_C&cid=1259924822888&

p=1254735110672&pagename=ProductosYServi-
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