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An empathetic car that is capable of reading the driver’s emotions has been envisioned by many car manufacturers. Emotion
inference enables in-vehicle applications to improve driver comfort, well-being, and safety. Available emotion inference
approaches use physiological, facial, and speech-related data to infer emotions during driving trips. However, existing solutions
have two major limitations: Relying on sensors that are not built into the vehicle restricts emotion inference to those people
leveraging corresponding devices (e.g., smartwatches). Relying on modalities such as facial expressions and speech raises
privacy concerns. By contrast, researchers in mobile health have been able to infer affective states (e.g., emotions) based
on behavioral and contextual patterns decoded in available sensor streams, e.g., obtained by smartphones. We transfer this
rationale to an in-vehicle setting by analyzing the feasibility of inferring driver emotions by passively interpreting the data
streams of the control area network (CAN-bus) and the traffic context (inferred from the front-view camera). Therefore, our
approach does not rely on particularly privacy-sensitive data streams such as the driver facial video or driver speech, but is
built based on existing CAN-bus data and traffic information, which is available in current high-end or future vehicles. To
assess our approach, we conducted a four-month field study on public roads covering a variety of uncontrolled daily driving
activities. Hence, our results were generated beyond the confines of a laboratory environment. Ultimately, our proposed
approach can accurately recognise drivers’ emotions and achieve comparable performance as the medical-grade physiological
sensor-based state-of-the-art baseline method.
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1 INTRODUCTION
The aim of affective computing is to recognise and adapt to the affective state of the user. Examples of its implica-
tions include reducing the user’s frustration through adaptive and comfortable communication or delivering
just-in-time interventions [66]. Driving is often a source of stress, and is associated with cognitive burden [74].
Traffic, driving task, and navigation systems, etc., frequently constitute triggers of negative emotions during
driving [9, 36, 87] and hence lead to a sub-optimal mental status while driving than other daily tasks [9, 29].
The accumulated cognitive load and negative emotions do not only have negative consequences for the drivers’
physiological well-being [74], but can also cause the immediate impairments of driving performance. For instance,
anger and sadness are found to be associated with risky and degraded driving performance [8, 80] and a positive
valence is found to be correlated with better steering behaviours [78]. It is of vital importance to detect negative
or stress-related emotions, such as anger, disgust, fear, and sadness, as well as positive emotions such as joy and
valence. In the environment of a car, technologies that can infer the driver’s emotions can help improve their
comfort, well-being, and safety. Thus, detecting the driver’s emotional state is an important part of the vision
for the car of the future. In pursuit of this vision, OEMs (e.g., BMW, KIA and Mercedes–Benz [11, 32, 49]) and
start-up companies (e.g., Affectiva [48]) have already taken initial steps.
However, past research on in-vehicle emotion recognition has yielded two major limitations that hinder the

large-scale integration of this technology into the car [4]. First, available solutions such as the ENERGIZING
COACH, introduced by Mercedes–Benz [11], rely on smartwatches that incur additional cost, and hence are
still not extensively used. Hence, such approaches are limited in their scalability. Second, existing work has
focused on emotion recognition via facial expressions or speech, which particularly compromises drivers’ privacy
[88]. This substantially differs from the approach considered here because we rely on the control area network
(CAN-bus) and front-view camera data. The CAN-bus is a standard for communication among in-vehicle sensors,
controllers, and actuators, and contains detailed information about driving behaviours such as steering, braking,
and accelerating. Front-view cameras can easily be mounted on vehicles to record videos that capture the ambient
traffic environment, and are already built into the latest generation of cars. Hence, approaches based on CAN-bus
and front-view camera can be applied to existing vehicles without requiring expensive, special-purpose hardware.
Our approach draws on an analogy between recent advancements in generic emotion recognition via user

behaviour and the contexts of application to enable in-vehicle emotion inference. Many studies have shown the
feasibility of inferring a users’ emotions from the patterns of his/her smartphone usage [37, 42, 89]. Emotion-
induced behavioural patterns are highly correlated with context (e.g., dining, working, and entertainment), which
can improve the accuracy of emotion recognition [23, 50]. Because driving is a unique activity with predefined
rules and interactions that differ from what has been investigated in previous studies [37, 42, 89], we apply the
concept of re-purposing the available sensor modalities to develop inference models targeting behavioural and
context-based emotion recognition. In summary, the novelty of our approach is in applying machine learning
to CAN-bus and front-view video data streams to reliably detect the emotions of drivers while minimising
privacy-related concerns. Our approach is formalised within the following two research questions (RQ):

• RQ1: To what extent can the emotions of drivers be inferred based on (a) CAN-bus data streams, (b) the
front-view camera, and (c) a combination of both (fusion)?

• RQ2: How much improvement does emotion recognition based on vehicle data offer compared with state-of-the-
art methods based on physiological sensors?
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In successfully answering these research questions, the main contributions and results of this study can be
summarised as follows:

� We conducted a four-month �eld study involving nine participants to collect various (CAN-bus, front-view
camera, driver facial camera and physiological sensors) empirical sensory data during uncontrolled daily
driving activities on public roads. In total, we collected valid data on 675.6 hours driving data made by nine
participants covering various scenarios.

� Recording CAN-bus and video data requires pre-processing in order to use them in machine learning
pipelines. We outline a comprehensive pre-processing and feature engineering pipeline for both kinds of
data. We comprehensively summarise important features for time-series and video data as the basis of the
classi�cation algorithms.

� We develop an emotion classi�cation algorithm that can process and classify CAN-bus and video data
streams as well as fuse them. Based on either kind of CAN-bus or video data, our algorithm can detect the
emotions1 based on facial expressions with an average macro F1-score of around70%in user-dependent
settings, and around60%in user-independent settings. The results of our experiments showed that the
fusion of the two modalities can further improve the performance.

� While the methods based on physiological sensors are the most prevalent among in-vehicle emotion
recognition, there is a clear trend towards more ubiquitous a�ective state monitoring methods [88]. We
demonstrate that our proposed method can accurately recognise drivers' emotions and achieve comparable
performance as the medical-grade physiological sensor-based state-of-the-art baseline method [52]. Our
solution is more ubiquitous, and uses only sensors available in modern cars.

� To the best of our knowledge, this is the �rst study that veri�es the feasibility of non-intrusive inference of
driver emotions in empirical situations based on driving behaviours and tra�c contexts. Based on675hours
of driving data collected on public roads in real driving scenarios, a challenging environment compared
with laboratory conditions, our results are likely to be more reliable.

The remainder of this paper is organised as follows: We review related work in Section 2, and present our �eld
study in Section 3. We introduce our methods for emotion recognition in Section 4. Section 5 summarises the
results of veri�cation of our method, and we discuss them further in Section 6. Finally, Section 7 provides the
conclusions of our study.

2 RELATED WORK
In this section, we outline common standards of emotion measurement, the current trends in emotion recognition,
and the progress in research on in-vehicle emotion recognition for drivers.

2.1 Emotions
To recognise the emotional state of drivers, it is important to obtain a reliable ground truth of emotions that
can be used to train and evaluate models. The a�ective computing community often uses several expressions
interchangeably to describe emotions [6], and there is no consensus on a general classi�cation, even in the �eld
of psychology [27]. The challenge is that the emotional spectrum ranges around di�erent origins: short and
raw (a�ect), directed and intensely felt (emotions), or long and di�use (moods) [3, 69]. Researchers commonly
summarise these di�erences in origins as experiences of feeling basic emotional states [69], and various models
have been proposed to reliably measure these emotional states in a standardised way.

The common methods of measurement are discrete category models and two- (2D) or three-dimensional (3D)
models [6]. Discrete category models (e.g., [18]) allow subjects to categorise their emotional states into a set of
basic emotions, such as happiness, sadness, anger, surprise, fear, and disgust. By contrast, 2D and 3D models

1In this work, we focused on: anger, disgust, fear, joy, neutral, sadness, surprise, and valence.
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measure emotions in a multidimensional space [6]. An example is Russel's circumplex model, in which subjects
can rate their levels of arousal (i.e., degree of activeness) and valence (i.e., degree of happiness) [62]. Combinations
of the two express speci�c emotional states,e.g., low arousal and low valence represent sadness, whereas high
arousal and high valence indicate excitement.

2.2 Recent Advancements in Emotion Recognition
Inferring emotions is an objective that has been addressed in many prior studies. Although the task considered here
is similar, the approach di�ers with regard to the input used. A variety of inputs, ranging from physiological sensors
[52, 68] and facial images [40] to speech [20], have been used. Physiological sensors such as smartwatches allow
for the continuous estimation of a subject's emotions, inferred based on the heart rate (variability), electrodermal
activity, and accelerometer data. The potential of this technique has been recognised by researchers. Ubiquitous
devices that record physiological data streams can be used to detect emotional states [52,68]. However, monitoring
physiological signals requires that subjects wear one or multiple devices, which may introduce inconvenience or
discomfort for regular daily use. As an alternative, non-intrusive approaches have been developed. The most
popular methods of emotion recognition are based on facial expressions and speech [20, 40, 81]. Nevertheless,
the continuous recording of a user's visual or audio information may raise privacy-related concerns.

Inferring emotions from behaviours and contexts is a promising less-intrusive alternative. Data accumulated
from a user's interactions with everyday devices contain behavioural and contextual information that can act as a
proxy for the experiences or speci�c emotional states of the users. Researchers rely on devices such as smartphones
to gather this information. The data gathered from smartphones are diverse, and contain information on app
usage, screen time, accelerometer, GPS, SMS, call activity, Wi-Fi, and Bluetooth signals. These data constitute
a digital representation of user behaviour and context, from which their emotional state can be deducted [79].
Several studies [5, 37, 59, 77, 89] have shown that users' emotions can be inferred from their patterns of mobile
phone usage. Canzianet al.used mobility trace from a smartphone to detect a tendency toward depression [7].
The car, as an everyday device with sensor modalities, allows us to derive the driver's behaviour and context
as the basis for our emotion recognition algorithms. We propose detecting the driver's emotions using driving
behaviours as represented by the CAN-bus signals of the car and the context (surrounding tra�c) as determined
by the front-view video camera.

2.3 Facial Expressions and Their Annotations
Facial expressions are among the most informative source for the estimation of a�ective and cognitive states [17].
The Facial Action Coding System (FACS) is an objective and quantitative way to measure facial expression. In the
FACS,action unitsdescribe the expressions currently active in the face at any given time, such as "brow furrow"
and "eye widen". As a consequence, facial expressions can be quanti�ed based on the combination and the level
of presence ofaction units[19, 67]. Various existing works have relied on facial expressions or action units for
the estimation of psychological states [31, 73, 91] or the detection of deception [71].

However, manual FACS-coding requires profound expert knowledge and the process is laborious due to the
manual labelling required. With recent advances in computer vision and machine learning, numerous studies
have proposed the automated recognition of facial expressions [2, 12, 46, 47, 84].

Developments in the automated recognition of facial expressions has had a major impact on a�ective computing.
Whereas earlier works relied on the manual annotation of facial expressions, an increasing number of researchers
now detect facial action units or acquire emotion labels by using various algorithms. For example, based on
automatically detected facial action units, Senet al.analysed deceptive communication [71], and Sharamet al.
focused on the assessment of cognitive performance [73]. Rostaminiaet al.leveraged the the output of detection
of OpenFace [2] as ground truth labels for the unobtrusive sensing of upper facial action units [61]. To estimate
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emotional experiences during collaborative computer-aided design (CAD), Zhouet al.utilised the results of
detection of facial expressions from A�ectiva [47] as the emotion labels of CAD users [91].

Compared with self-report questionnaires, the automated annotation of emotions based on facial expressions
has several advantages. First, automated annotation can signi�cantly reduce the manual labour required, thus
enabling the acquisition of a large number of emotion labels at a more temporally granular level. Second, the
unobtrusive emotion annotation via facial expressions means that the subject's experience is uninterrupted.
The frame-by-frame annotation of facial expressions enables dynamic representations of how emotion evolve
over time [46]. Finally, by using facial expressions, the cognitive load imposed by self-reports is avoided and the
subjects' responses are less likely to be biased due to the form of the questionnaires, their context, and other
irrelevant factors [70].

Given the above advantages, we acquire facial expressions-based emotion labels of drivers in this study by
using a facial monitoring camera mounted on the dashboard of the vehicle. Past work [81] has shown that
state-of-the-art algorithms can reliably detect the facial expressions of drivers with an accuracy of around95%in
various contexts. Thus, in this work, we rely on the automated facial expression annotation tool for the emotion
label acquisition.

2.4 In-vehicle Emotion Recognition
As in the wider �eld of emotion recognition, researchers use sensors to detect the driver's emotions in cars.2

Physiological sensors are preferred for measuring stress levels as a speci�c emotional response of the driver
[26, 60, 64, 82] because stress and emotions in general are highly correlated with physiological measures, such
as the heart rate, the variation in heart rate, and blood pressure [65]. Malta et al.used electrodermal activity
(EDA) in combination with facial expressions, driving events, and pedal behaviours to build a Bayesian network
to predict the frustration of drivers [43]. To infer the comprehensive mental and physical states (concentration,
tension, tiredness, relaxation) of drivers, the authors of [57] built a body sensor network to monitor signals, the
such as electrocardiogram (ECG), electroencephalography (EEG), electrodermal activity (EDA) and respiration
rate. Katoet al.classi�ed emotions as positive and negative based on ECG and pulse wave measurements during
tra�c jams [ 30]. Most in-vehicle emotion recognition based on physiological signals relies on numerous sensors,
which are inconvenient to deploy. Data from physiological sensors as well as those on facial expressions were
used by Zhanget al.to monitor a driver's emotional states and degree of fatigue [90]. Guanget al.introduced the
�rst neuromorphic vision based distracted driving recognition system that analyses driver drowsiness, driver
gaze-zone, driver hand-gesture behaviour from the generated streams of asynchronous events with a dynamic
vision sensor [10]. Shafaeiet al.proposed a multimodal system that combines facial expressions with steering
wheel usage and vehicular acceleration for emotion recognition [72]. Facial expressions have been used in
industry solutions in this vein. For example, A�ectiva has developed an automotive software development kit
that can analyse emotions using a driver-monitoring camera system [48]. Research has also used the driver's
speech to detect emotions [76]. However, the fundamental barriers of emotion recognition also apply to these
methods. The use of video data for the face or data for speech analysis raises privacy concerns. Physiological
sensors are also particularly intrusive.

Given that today's car already have a set of sensor modalities, they are already well prepared for emotion
inference. Cars are equipped with a large number of sensors that are accessible via the CAN-bus. In the CAN-bus,
the sensors and actuators of a car transmit comprehensive information about driving-related activities and the
vehicle's dynamics while the radar and camera systems interpret the environmental context. Researchers have
shown that CAN-bus data can be used to detect driver behaviours to derive the relevant contextual information,
for example, identifying the driver among a group of users [21], the pro�le of the driving style [44], and the

2We recommend a recent review by Zepfet al.[88] that reports details of research on emotion recognition in a vehicle.
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(a) Participant in vehicle (b) Heart monitoring device [54] (c) CAN data collection device (d) Webcam deployment

Fig. 1. Experimental setup.

anticipation of the driver's intentions [25, 39]. Several studies have explored the use of CAN-bus information
[13, 55] to detect stress using driving behaviours. As this past research indicates, the available sensor data allow
for a wider interpretation beyond their intended usage (i.e., controlling the car). To the best of our knowledge, this
is the �rst study to detect the driver's detailed emotional state by passively interpreting data streams available in
today's cars.

3 DATA COLLECTION
Our analysis is based on a four-mouth �eld study during which a variety of empirical sensory data were collected
from participants during daily drives. The �eld study involved nine participants (originally 10; data from one
participant were corrupted, and were thus removed), and lasted from July 4 to November 5, 2019. Prior to the
�eld study, we received approval from our university's ethics committee to conduct it.

3.1 Participants
We recruited nine (four females and �ve males, mean age,37� 8 years) participants using an internal call in
an enterprise with more than 1,000 employees. Our selection followed the idea of recruiting ordinary daily
commuters. They were selected to represent a large variety of people (purposive sampling). Two participants
were single and eight were married. Three had children and two had pets. The preferred activities while driving
included making phone calls, listening to music or the radio, and talking to other occupants of the car. We
assigned each participant the same type of vehicle (with modi�cations for data collection as described below).
The participants were supposed to use the vehicles for their daily drives, including business trips and vacations.

3.2 Data Collection Equipment and Protocol
As mentioned in Section 1, our hypothesis is that the driver's emotion can be inferred from driving behaviours and
tra�c contexts, which can be measured in turn by the vehicle's CAN-bus and front-view cameras, respectively.
The emotion labels based on ground-truth facial expressions were captured by another camera mounted on the
dash-board of the vehicle. Because the state-of-the-art a�ect recognition schemes [26, 52, 68] rely on physiological
sensors, we also collected physiological data of the participants for comparison.

We accessed the CAN-bus data via a PCAN-USB Pro FD-Adapter [24]. Two webcams (Logitech HD Pro Webcam
C920) were mounted on the dashboard of the vehicle to record videos of the tra�c context3 as well as the
driver's facial expressions. The CAN-bus and video data streams were controlled by an industrial-grade embedded

3We used a separate camera for this, and did not rely on the CAN-bus-based radar or camera systems, to make our analysis more �exible
as both systems in the car had only a limited feature set available.
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