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ABSTRACT
Emotion recognition is crucial to increase user acceptance in autonomous driving.
SUaaVE project aims to formulate ALFRED, defined as the human-centered artificial
intelligence to humanize the vehicle actions by estimating the emotions felt by the
passengers and managing preventive or corrective actions, providing tailored support. This paper presents the development of an emotional model able to estimate
the values of valence (how negative or positive a stimulus is) and arousal (the level of
excitement) from the analysis of physiological signals. The model has been validated
with an experimental test simulating different driving scenarios of autonomous vehicles. The results found that driving mode can influence the emotional state felt by the
passengers. Further exploration of this emotional model is therefore advised to detect
on board experiences and to lead to new applications in the framework of empathic
vehicles.
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INTRODUCTION

Improving user experience in highly autonomous vehicles is essential to
increase their acceptance (Oehl et al., 2019). The goal is to create a direct
connection to the human experience (Izquierdo-Reyes et al., 2018). One
possibility to realize this is the design of empathic cars that are capable of
assessing the emotional state of vehicle occupants and react to it accordingly
by providing tailored support (Oehl et al., 2019). Confused or scared drivers
could be supported if emotions are recognized on time (Bosch et al., 2018). In
this regard, understanding the driver style in an automated vehicle can adjust
the vehicle operation to the driver’s needs (Barosan, 2020).
Given that acceptance is tightly related to emotional processes and trust in
a new technology, H2020 SUaaVE project “SUpporting acceptance of automated VEhicle” aims to understand the passengers’ state during the trip (in
real-time) and to adapt the features of automated vehicles to enhance the
in-vehicle user experience, and therefore acceptance.
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This paper presents the validation of the emotional model in a test with
participants experiencing two vehicle’s dynamic behavior (Comfort and Sport
modes) in an autonomous vehicle through a driving simulator. It is studied
how driving style can affect the emotional state of the passengers in autonomous vehicles. The remainder of this article is organized as follows: Section
2 describes the theoretical framework and previous researches to identify the
emotional state. Section 3 presents the methodology to conduct the test, the
physiological data gathered and the method followed to build the emotional
model. The results are then presented and discussed in Section 4 analyzing
the emotion obtained by the emotional model and the emotions reported by
the participants. Finally, Section 5 provides conclusions and future research
directions.
RELATED RESEARCH

Emotion can be defined as psychological states comprised of multiple interrelated processes such as cognitive appraisals, physiological processes, behavioral action tendencies, and the phenomenological experience of feelings
(Chang and Smith, 2015). There are two main approaches to classify emotions, categorical and dimensional. The categorical theory proposes the
existence of basic, discrete and universal emotions, with clear boundaries
separating emotional states. According to this approach, there are a number of basic emotions such as anger, disgust, happiness, sadness, fear, and
surprise (Ekman, 1992). Other emotions can be arranged as subcategories
of these emotions (Suk, 2006). However, discrete emotions can be unable to
cover a complete space of emotions in all cases since human emotions correspond to subtle variation within each category (Novikova and Watts, 2014).
The dimensional theory aims to classify the emotions in the gap in the discrete
approach and proposes the existence of the two fundamental dimensions of
valence (the positive or negative connotation of the emotion) and arousal
how calming or exciting the emotion is. The dimensional Russell’s circumplex
model states that each emotional state may be continuously represented as a
linear combination of values in these two dimensions as shown in Figure 1
(Russell, 1980).
Different studies have revealed that the emotional state can be estimated
from the values of valence and arousal from different methods on emotion
recognition research. One of the most widely used method is the analysis
of physiological signals, such as electrocardiogram (ECG), Galvanic Skin
Response (GSR) or electromyogram (EMG). The main advantage of considering physiological signals is that they are not under the voluntary control of
humans (Shu et al., 2018), other techniques (such as face expressions or tone
voice), which not always represent feelings (Yıldırım and Varol, 2017).
ECG signal reflects the electrical activity of the heart and is proven its relationship with the emotional states. Heart-related biological signals, such as
heart rate variability (HRV), provide useful information about human emotions (Yee Chung et al., 2021). GSR (derived from the sweat reaction) is
also modulated autonomously by sympathetic activity which drives aspects of
human behavior, as well as cognitive and emotional states (Critchley, 2002).
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Figure 1: Russell’s circumplex model positions emotions on a two-dimensional space
(valence and arousal).

EMG detects the muscle activation by the brain depending on emotional
status (Mithbavkar and Shah, 2021) and it is broadly used in research for
emotion recognition. Besides, although most studies are focused on a single
physiological variable, researchers are investigating methods that use several
biosignals in conjunction because of the difficulty to recognize with higher
degree of accuracy the emotions based on a single signal (Kim et al., 2020).
The importance of emotions has motivated the researchers in several science disciplines to develop methods to recognize emotions. In the case of
automotive field, the state of the drivers have been widely employed in human
factors research with the purpose of studying, among others, mental workload, stress, fatigue, distraction or drowsiness. With recent technological
innovations (such as wearable technologies or cameras for facial emotion
recognition), the researchers are also exploring the effects on emotional states of driving (e.g. anger can involve a negative impact while driving) (Zepf
et al., 2020). In recent years, different studies have indicated the relevance of
addressing the effects of the emotions on autonomous vehicles, particularly
with high levels of automatization where the driver becomes a passenger and
is no longer required to drive. In these cases, lite is known about the occupant’s emotion considering that they will no longer rely on the driver but
rather on the car to behave in an acceptable and trustworthy way. Establishing and maintaining trust between occupants and the machine intelligence
controlling the vehicle is reportedly one of the biggest challenges faced by the
industry (Miller et al., 2016). In this regard, future studies are needed to investigate the impact of changes on drivers’ behavior and acceptance (Melman
et al., 2021).
METHODOLOGY
Experimental Setup

To provide participants with tangible experiences of automated driving features, they drove the Human Autonomous Vehicle (HAV) at IBV, an advanced
dynamic driving simulator (six degrees of freedom) that allows to emulate
the behavior of a vehicle with different degrees of autonomy enabling fully
immersive driving experience. It includes steering wheel and pedals for
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Figure 2: HAV simulating the behavior of an autonomous vehicle in a highway.

simulating different levels of automation, together with simulated audio
and virtual panels instrument providing time to destination, vehicle status
and another trip information (Figure 2). The simulator runs using CARLA
software able to simulate different road and environment conditions.
Participants’ were asked to wear Biosignalsplux©, which allows highquality physiological signals acquisition by placing electrodes over the skin
with a high-resolution sample frequency. It was acquired the ECG signal (to
obtain the heart rate (HR) and heart rate variability (HRV)), GSR and EMG
recording activity of zygomaticus major and corrugator supercilia muscles.
The physiological data acquisition was synchronized with the scenarios of
the simulator using a broadcasted timestamp from a master PC.
Participants

A total of 40 volunteers integrated the subject sample in the test. This sample
is composed of car drivers (males and females) between 25 and 55 years old,
aged and BMI balanced. Inclusion criteria included holding a current driving license, not to suffer visual & hearing impairment (wearing glasses was
allowed), regular driving (at least twice a week on average), and not being
a professional driver. After a detailed explanation of the experimental procedure, all participants provided informed consent. Our study was approved
by the Ethical Committee of the Polytechnic University of Valencia (UPV).
Experimental Procedure

Participants got familiar with the driving simulation by first carrying out a 5
min manual driving. This practice consisted in driving a car in a residential
area with low traffic and without pedestrian interaction following a specific
route indicated by the technician in charge of the test. After it, the participants
were informed about simulating several scenarios in autonomous mode. This
paper focused on the results of Comfort scenario and Sport scenario. Both
scenarios complete the same route (urban area and highway) and the same
external conditions (traffic, weather). The only difference is the automated
driving mode simulated:
•
•

Comfort scenario (duration: 6’20”): Smooth and slow driving mode.
Sport scenario (duration: 3’25”): Aggressive and fast driving mode.
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Figure 3: SAM questionnaire.

The scenarios were presented in a pseudo-randomized order so that 50%
participants started with the Sport scenario and 50% started with Comfort
scenario. After each scenario, all participants were asked to report the emotions felt regarding specific events through the scales of valence and arousal
from the Self-Assessment Manikin (SAM) (Bradley and Lang, 1994). The
value of valence in a scale from 1 to 9 refers to the negative or positiveness
of the emotion felt. In the same way, arousal refers to the intensity of the
emotion in terms of calmness or excitation (Figure 3).
Data Analysis. Emotional Model

The emotion model is a Bayesian Classifier. The model has been trained
through the Continuously Annotated Signals of Emotion (CASE) dataset,
which is composed by synchronized physiological recordings (ECG, BVP,
EMG (3x), GSR) of 30 subjects watching several emotion-inducing videos
together with the instantaneous emotional state in a valence-arousal space.
The model has been built around 5 groups of valence and arousal obtained
by k-means cluster analysis of the variables.
Per each group we have recorded the center in the emotion plane (Ai, Vi)
and the probability distribution function (pdf) of each of the variables incorporated in the model. Therefore, the probability of being in each of the
valence and arousal groups is given by:
P((Vi, Ai)|v1, ...vn) = L(v1|(Vi, Ai)) · ...L(vn|(Vi, Ai))cdotP(Vi, Ai)
When all the probabilities are known, the average is calculated as the
current emotional state.
(V, A) =

X

((Vi, Ai) · ((Vi, Ai)|v1, ...vn)

For this model, the best physiological signals that predict the emotional
state were GSR and ECG. The physical modelling of the GSR has been achieved by a Kalman Filtering of the GSR signal, decomposing this way the
signal into the Tonic component, the Phasic component and the Neural Drive.
Regarding ECG, HR have been decomposed in three frequency bands (Very
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Figure 4: Mean values of valence and arousal estimated by the emotional model for
Comfort and Sport scenarios. Error bars depict 95% confidence intervals.

Low Frequency Band, Low Frequency Band and High Frequency Band) by
implementing a follower of frequencies in the HR signal centered in each frequency band as a Kalman Filter in which the matrix of transitions of states
and the output matrix are calculated to each new sample. This approach in
the model building allows the estimation of the emotional state in real time
in a valence-arousal space in a scale from 1 to 9.

RESULTS

The emotional model was applied to calculate the emotional state of the
participants (valence and arousal values), in the main events of the driving
scenarios analyzed. A comparison between Comfort and Sport scenarios was
performed through a one-way ANOVA (factor: scenario) for model variables valence and arousal (Figure 4). The results indicated that that there were
significant differences in the values of valence (p < 0.05). Comfort scenario
obtains higher values of valence comparing with Sport Scenario. Regarding
the value of arousal, it was also found significant differences between the scenarios (p < 0.05). The arousal in Comfort scenario is lower than the obtained
in Sport scenario.
Differences between Comfort and Sport scenario can be also seen with the
individual values of valence and arousal estimated by each event that characterize them (6 events for Comfort scenario and 10 events for Sport scenario).
As can be observed in Figure 5, comfort events are concentrated in terms
of valence and arousal, whereas the events in sport scenario obtain higher
variability. Certain events of Sport scenario elicits lower values of valence
and higher values of arousal whereas some events elicit similar levels than
Comfort scenario events.
For these scenarios, self-reported emotional state from the Self-Assessment
Manikin (SAM) were also compared. In this case, a non-parametric Friedman
test (factor: scenario) has been considered to analyze the effect of the driving
mode in the emotional response declared by participants (Figure 5). In case
of valence, no significant differences were found due to this factor. On the
other hand, results show an effect of the scenario in the values of arousal (p <
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Figure 5: Mean values of valence and arousal estimated by each event that characterize
Comfort and Sport scenarios.

Figure 6: Mean values of valence and arousal reported by participants for Comfort and
Sport Scenarios. Error bars depict 95% confidence intervals.

0.05). Comfort scenario obtains lower values of arousal reported comparing
with Sport scenario.
CONCLUSION

This research has shown that it is possible to understand the emotional state
of the passenger in the context of autonomous vehicles from the emotional
model developed based on physiological signals. The results found that the
driving mode of the vehicle can influence the emotional state. Sport scenario obtains lower values of valence and higher values of valence comparing
with Comfort scenario. In case of arousal, these results are in line with the
subjective feeling reported by participants. Therefore, we can suppose that
depending on the speed and maneuvering of the vehicle, passengers can experience different emotions felt so that it can influence the acceptance of this
technology.
The emotional model has positive implications for the future mobility
enabling a better integration of human factor in the deployment of autonomous vehicles and leading to new applications in the framework of empathic
vehicles, aimed to understand the state of the passengers. High levels of
automation (Level 4 and Level 5) will involve a disruptive change in the
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user experience in the vehicle. Passengers will have to rely on the vehicle’s behavior and the vehicle will have to avoid negative experiences. The
empathic vehicles will open the possibility of managing the driving mode
in real time considering the current emotional state of the passenger, which
can be influenced, among others, by the external conditions, purpose of
the trip and time to get to destination, activities to be performed during
the trip (work, leisure, social) or own driving preferences. The application of the emotional model proposed is based on predicting the state of
the passengers through monitoring systems. Although the technology of
monitoring is still in progress, there have been recently great improvements
resulting from the shrink costs and growing accuracy of biometric sensors, such as smart and wearable devices and non-intrusive devices, based
on cameras to record breathing and to monitor heart rate. As technology
progresses, these technological developments will be more accurate and feasible, allowing to actively monitor the passengers in future autonomous
vehicles.
As future work, the emotional model will be applied for the rest of scenarios tested to explore the influence of different contextual events as emotional
triggers and to further analyze the model capability and its operating boundary conditions in the estimation of the emotional state. In the next stages
of the project, the research will be also focused on deepening the study of
mitigation strategies to avoid negative experiences (such as stress, fatigue or
boredom) and to improve passengers state, thereby building trust with the
vehicle.
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