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Driver emotions play a vital role in driving safety and performance. Consequently, regulating driver emotions through
empathic interfaces have been investigated thoroughly. However, the prerequisite - driver emotion sensing - is a challenging
endeavor: Body-worn physiological sensors are intrusive, while facial and speech recognition only capture overt emotions.
In a user study (N=27), we investigate how emotions can be unobtrusively predicted by analyzing a rich set of contextual
features captured by a smartphone, including road and traffic conditions, visual scene analysis, audio, weather information,
and car speed. We derive a technical design space to inform practitioners and researchers about the most indicative sensing
modalities, the corresponding impact on users’ privacy, and the computational cost associated with processing this data. Our
analysis shows that contextual emotion recognition is significantly more robust than facial recognition, leading to an overall
improvement of 7% using a leave-one-participant-out cross-validation.
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Fig. 1. Multi-Domain Context Sensor Information used for the technical design space analysis. We predict emotions using a
smartphone app, which employs five di�erent sensors: accelerometer, GPS, front-facing camera, back-facing camera, and
microphone. We use the latitude and longitude output by the GPS sensor to fetch data on live tra�ic, road type, and weather
from third-party APIs. The front-facing camera captures the driver's face to perform facial expression recognition (used as a
baseline). Visual scene segmentation and object detection are performed on the back-facing camera input.

1 INTRODUCTION
Emotions considerably impact drivers' performance, safety, and health [51]. Aggressive driving, for instance,
plays a signi�cant role in most fatal highway collisions each year [19, 45], leading to more severe injuries and
fatalities [14]. Statistics show that more than 90% of tra�c accidents can be attributed to human errors [57].
Negative emotional states while driving are associated with �poorer physical and mental health and quality of
life�, leading to an overall deteriorating driving performance [24].

Even sadness can seriously increase driving errors and decrease driving e�ciency [25]. Consequently, the
design, implementation, and evaluation of so-calledempathic car interfaceshas been the subject of previous
research [8,22,62]. Empathic car interfaces aim to regulate driver emotions, thus improving the driving experience
and reducing the risk of accidents. However, the unobtrusive assessment of driver emotions remains an open
challenge.

Facial expression recognition, a frequently used method to detect emotions in driving contexts, often performs
poorly [23, 34]. It requires subjects to overtly express their emotion through their facial muscles, failing to
detect covert a�ective states. [6, 30]. As an alternative, past research used physiological sensing as a real-time
measure to estimate driver emotions [22, 62]. Although this provides accurate assessments, it requires body-worn
physiological sensors that reduce user acceptance. To address these shortcomings, contextual and behavioral
driving data analysis emerged as an unobtrusive alternative to detect driver emotions [6, 26, 36, 44, 46]. Previous
work in this area focused on a limited set of features frequently requiring internal car data access. Furthermore,
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it did not approach the topic of how di�erent sensing modalities contribute to the classi�cation performance of
emotions.

Contrary to previous approaches that require body-mounted sensors [42], access to internal car information [36],
or rely on a limited set of contextual features [6]; this paper investigates how emotions can be predicted by
analyzing a rich set of contextual features unobtrusively captured by a smartphone, including audio-visual data.
Furthermore, we derive a technical design space analysis to inform practitioners and researchers about the most
indicative sensing modalities, their advantages and drawbacks.

We collect contextual and audio-visual data in an in-the-wild study with 27participants. The collected data
comprises di�erent context domains: weather, tra�c, road type, and motion, including speed and acceleration. We
record in-cabin audio and video, with the front-facing camera recording the driver and the back-facing camera
recording the road view. We annotate the data using the participants' self-assessed emotional states. We compare
our classi�cation approach against emotion classi�cation through facial expression as a baseline. A Random
Forest classi�cation using all features yields a classi�cation accuracy of59%(� 1: 0”45), outperforming facial
expression classi�cation by7%and contextual classi�cation by13%. Finally, we present a technical framework
showing how contextual and audio-visual sensing modalities in�uence the accuracy of emotion classi�cation.
Our work discusses how designers can select sensing strategies to prototype empathic car interfaces considering
trade-o�s related to computational cost and privacy concerns.

CONTRIBUTION STATEMENT
The contribution of this paper is threefold:

C1: An analysis of the technical design space for empathic car interfaces using a rich set of sensor streams
from smartphones.
C2: A smartphone system and extensive data collection from in-the-wild driving evaluating contextual and
audio-visual driving data for ubiquitous driver emotion assessments.
C3: Guidelines and considerations for application developers taking speci�c features for computational
costs and privacy into account.

2 RELATED WORK
This section outlines the current understanding of emotions, how they are a�ected in a driving context, current
emotion assessment practices, and driver emotion regulation methods.

2.1 Understanding Emotions while Driving
Emotional states can be schematized in di�erent ways, the two most common categories being discrete and con-
tinuous emotion representations. Discrete representations of emotions derive from the works of Paul Ekman [15]
who identi�ed six basic emotions (i.e., anger, disgust, happiness, sadness, surprise, and fear) which are universally
recognizable and encodable in facial muscles. In contrast, continuous emotion representation models encode the
emotional state into a continuous value spectrum. Russell's circumplex model of a�ect [50] is one of the most
commonly adopted continuous approaches. In our work, we employ a discrete emotion categorization.

Research on driving contexts has found interesting relations between speci�c scenarios and their potential for
eliciting emotional states. Dittrich considered the �spatial-temporal distribution of drivers' emotions and their
determinants� [12]. The study found that road intersections cause considerable amounts of emotional activity in
drivers. Positive emotions are more likely at the beginning and end of a ride, adding strength to the claim made
in this work that drivers' emotions can be inferred from contextual information.

Hancock et al. [20] concluded that as drivers' a�ective states change, so do the �measures of both longitudinal
and lateral control of the vehicle�, indicating that di�erent emotions correlate with di�erent mean vehicle speeds
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and the number of lane excursions. Another study [43] further examined the link between driver a�ect and
driving styles, verifying that maladaptive driving styles, including reckless, careless, angry, hostile, and anxious,
were associated with a lower capacity for emotional self-regulation. This �nding is con�rmed by Mesken et
al. [41], which investigates the impact of driving context in eliciting certain emotions, listing anxiety, anger, and
happiness as the most likely emotions to �uctuate in tra�c situations.

A dynamically changing external environment can manipulate drivers' perceived workload and emotions.
Faure et al. [18] showed that visually changing driving environments in�uence the driver's perceived cognitive
workload. Frequent and unexpected changes in visual processing can change driver stress levels [52], resulting in
di�erently perceived emotions by the driver [51].

2.2 Emotion Assessment
Detecting the driver's emotional state is essential for developing in-vehicle empathic systems to improve the
driving experience. Related psychological research has shown that negative a�ective states can negatively impact
driving performance [25], potentially causing tra�c violations, driver distraction, and accidents. Therefore,
previous research on in-car interventions has been designed to alleviate extreme emotional states. Braun et
al. [8] show that these extreme states correspond to danger, while states with medium arousal levels and positive
valence are recognized as optimal for safe driving.

Di�erent approaches have been used to assess drivers' a�ective states, including physiology, facial expression,
self-reports, or biosignals [4, 62]. To an extent, driving behavior and context have also been researched as an
alternative assessment of emotions. Liu et al. [36] presented an emotion sensor based on CAN-BUS data and
external environmental factors. In a long-term user study, they collected facial expressions, heart rate variability,
CAN-BUS data, and environmental data to predict driver emotions using three classi�cation models: CAN-BUS
data only, video-only, and a fusion of both models. Their results show a participant-dependent classi�cation
accuracy of 71% and a leave-one-participant-out accuracy of59”2%using a fusion-based model considering both
video and CAN-BUS data. Our system is inspired by this approach, extending the collected video-only data by
contextual driving semantics such as live tra�c, weather, and audio data.

Furthermore, we evaluate the impact of di�erent variables, including facial expression analysis as a common
emotion assessment [15, 16], on the classi�cation accuracy. Universal emotion assessments through facial
expressions are disputed in previous work [23, 34], potentially requiring individual training for each person [30].
Here, we aim for a universally applicable approach using the driver's smartphone only to collect contextual and
environmental data. We label the collected data using the participant's verbally self-assessed emotions.

In addition to driver context, previous research pointed out that environmental events in�uence driver emotions
and stress levels�however, exclusively using driving context for predicting driver emotions is relatively new.
Recently, Bustos et al. [10] proposed a system that recognizes driver stress levels by analyzing outside-view
camera input during real-world driving conditions. The authors propose three models to predict a three-class
stress level (i.e., low, medium, and high) from the image stream: (1) image classi�cation with object presence
features, (2) end-to-end image classi�cation via a CNN, and (3) end-to-end video classi�cation by temporal
segment networks. Their results showed that the best average test accuracy of 72% was obtained using a video
CNN. While their work focused on a second-person annotated stress label which should re�ect the driving scene
complexity [21], our work uses self-reported subjective emotion ratings. Bethge et. al [6] proposed a smartphone
application that detects subjective discrete driver emotions. Their app uses GPS and third-party APIs to obtain
road and tra�c data representing environmental characteristics. While their approach o�ers a rich set of features
to classify emotional states, their sensor set is constrained, containing no visual or auditory features. We added
their work as a baseline for our study.
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2.3 Driver Emotion Regulation
Empathic car interfaces can counteract emotion-related hazards by sensing the driver's state and intervening when
potentially dangerous behavior is detected. Di�erent mechanisms, including interventions, adaptive music [28],
and lighting [9] were proposed in the literature. Such empathic car interfaces require continuous monitoring
of the driver's emotional state, preferably via remote sensing, making our contribution relevant for application
designers.

Summary
Previous research informs how emotions are interpreted, how they change while driving, and how they can be
assessed in real-time to implement empathic car interfaces. However, they present drawbacks that may hinder
the adoption of empathic car interfaces in the real world. Currently, most reliable assessments rely on body-worn
sensors or are not universally applicable, e.g., by relying on internal car interfaces. Though there is a large
availability of research evaluating di�erent data streams, it remains unclear which features indicate emotions. We
address this gap by collecting a rich contextual and audio-visual data set in an in-the-wild study using consumer
smartphones. We analyze the indicativeness of the data streams to present a technical framework, depicting the
contribution of contextual and audio-visual feature sets for the accuracy of driver emotion classi�cations.

3 DATA COLLECTION SYSTEM
In this section, we present a system that captures the contextual driving data from a smartphone using a
combination of virtual and on-device sensor streams. We built an end-to-end data pipeline composed of a data-
gathering mobile application with remote-sensing features and a data-processing pipeline. Informed by related
work, we considered the following requirements: (1) in-the-wild data acquisition with a smartphone, (2) seamless
integration of usable in-the-wild emotion sensing, (3) acquisition of features related to driving tasks or emotional
state, (4) unobtrusive remote sensing and (5) the e�ect of the environment's physical characteristics (e.g., weather,
road type and motion metrics) and visual complexity-related features [6, 36]. The end-user application seamlessly
integrates in-the-wild contextual gathering to everyday driving tasks; hence, it features standard navigation
functionality.

3.1 Mobile Application
The mobile application, written in Swift1, allows users to enter text-based descriptions of locations to obtain
turn-by-turn spoken directions. We show the application user interface in Figure 2. The app requires an internet
connection and runs on iPhones2 that have iOS 13 or higher installed.

Figure 3 presents the mobile application's application architecture. The input modalities utilized by the
application as data sources are the smartphone's front-facing camera, back-facing camera, microphone, GPS
sensor, and accelerometer.

3.1.1 Application Main Loop.The audio/video controller monitors the application's main loop. Its output
frequency is con�gured to 10 frames per second (FPS) for optimal performance and constitutes the central
processing trigger. When the user activates the navigation mode, session recording begins. The application
starts writing a sequence of RGB images from the front-facing camera, facing the driver, and back-facing camera,
directed at the road, to local storage. A journey snapshot summary JSON object is generated for each frame pair.
Each summary includes the frame number reference for posterior retrieval of images and a summary of the most
up-to-date sensor-merged data.

1https://developer.apple.com/swift
211 Pro Max, 11 Pro, 11, Xs Max, Xs, Xr, SE 2. These iPhones enable acquiring front-facing and back-facing camera input at the same time.
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Fig. 2. Navigation User Flow. Screenshots of the mobile application demonstrate user flow from the home screen (a), followed
by route search (b), route overview (c) and a�er navigation is activated and session recording beings (d). In (d), we also show
a small preview of the front-facing and back-facing camera stream to the user, e.g., to allow for position adjustments and to
be transparent about all recorded information.

3.1.2 Data Synchronization.At the end of each session, the application concatenates the `journey snapshot'
objects accumulated and adds non-sensitive user-speci�c information (self-identi�ed gender, age, car model -
provided on the �rst app launch) and session metadata, e.g., start time, end, day of the week, to produce a JSON
�le summarizing the whole ride (see section 5 for a more detailed description of the dataset). At this point, the app
outputs the audio recording �le and uploads only the JSON summary to cloud storage (we used AWS S33 bucket)
to register the session's occurrence. This upload does not include the audio and the images. Due to the size of
the �le bundles (i.e., approximately 2.5 gigabytes per session), we designed the upload process to be initiated by
users at their leisure, making usage more convenient and avoiding unnecessary mobile network charges. This
process does not con�ict with future real-time capabilities and local predictions, but rather is necessary to explore
potential design decisions on a fully functional dataset of source data. For real-time predictions, we imagine that
remote context data (e.g., current weather) is collected from remote services, and ML models are run locally using
frameworks such as CoreML4. Developers of future applications will additionally have to consider the trade-o�
between prediction frequency and energy consumption.

3.2 Data Post-Processing Pipeline
First, the data processing pipeline ingests data from the cloud storage and checks that the session data has been
uploaded and there are no corrupted �les. After, we perform multiple extraction mechanism steps: (1) visual
features extraction, (2) audio analysis, (3) facial expression classi�cation, (4) road data acquisition, (5) weather

3https://aws.amazon.com/s3
4https://developer.apple.com/documentation/coreml
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Fig. 3. Application's Reference Model. To the le� of theMain Controller, sensors employed are displayed.Sensing Controllers
intermediate thesensor fusionprocess by providing theDriving Sessionwith up-to-date data from sensors. The Main Controller
houses all the other controllers and manages data exchange. The Navigation Controller employs Apple's Mapkit framework
to implement navigation and gather location data. The Weather/Tra�ic Controller calls both a weather API and a tra�ic API
to fetch live data. The Session Data model holds at all times the most up-to-date value for each of the variables.

and tra�c �ow estimation, and (6) modeling. We describe the data pipeline in detail in the following paragraphs.
The complete list of available features is presented in Table 1.

3.2.1 Visual Feature Extraction.We employ two parallel approaches to extract visual-related features from the
road-facing frames: (a) object detection and (b) semantic segmentation.

Object Detection.For the object detection module, we used a PyTorch implementation5 of a Yolo5 object
detection model pre-trained on the COCO dataset6. The machine learning model outputs a list of objects detected,
and their respective 2D bounding boxes (BB) expressed as normalized pixel coordinates (x, y, width, and height).
The object classes are �ltered to include only those of interest: cars, people, bicycles, motorcycles, buses, trucks,
tra�c lights, and tra�c signs. We use the BBs to calculate the relative area of the object to the complete frame,
representing the object's perceived size. We classify the relative area values using prede�ned thresholds into
�ve di�erent distance/perceived size classes (very far, far, medium, close, very close). Thresholds are devised
based on observations about the frequency of occurrence of relative area values. The �nal output is a dictionary
providing a scene summary with the number of objects for each detected class and the number of objects in each
distance/perceived size class.

5https://pytorch.org/hub/ultralytics_yolov51
6https://cocodataset.org
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Table 1. List of all available features in the dataset. We group the features by context and provide exemplary values or a
description in the details column. The columns `frame_number', `timestamp', `audio_file_path', `front_file_path', `latitude'
and `longitude' are not used as input for the machine learning models.

Context Feature Details

Reference Data frame_number The number reference for the session snapshot frame pair.
timestamp e.g. 21/10/15, 18: 55:39:0025
audio_�le_path p_01/session_id/audio.mp4
front_frame_path p_01/session_id/imgs/front_frame_501.jpg
back_frame_path p_01/session_id/imgs/back_frame_501.jpg

Personal sex male, female, other
car_model e.g. VW Polo, Porsche Taycan
age Participant's age.
participant_id e.g. p_01, p_02
emotion_before Emotion before ride.

Session session_id e.g. 0751B8E9-3357-47E3-A862-CBFC60B88555
session_start e.g. 21/10/15, 18: 54:49:0015
session_end eg. 21/10/15, 19: 14:69:0485

Session Time weekday Mon. Tue. Wed., Thurs. Fri., Sat., Sun.
daytime Morning, Afternoon, Evening, Night.

Motion acceleration_x Acceleration on the x axis.
acceleration_y Acceleration on the y axis.
acceleration_z Acceleration on the z axis.
vemotion_acceleration (or acceleration_v1) Acceleration as in VEmotion [6].

GPS speed Vehicle speed in km/h.
latitude Latitude value of current location.
longitude Longitude value of current location.

Tra�c Data current_travel_time Current travel time in seconds.
free_�ow_speed The free �ow speed expected under ideal conditions.
current_speed The current average speed at the selected point.
free_�ow_travel_time The travel time in seconds under ideal free �ow conditions.
reduced_speed Calculated withfree_�ow_speedminuscurrent_speed.

Weather Data wind_speed Outside wind speed in km/h.
precipitation_24h_mm Rain fall measurement in millimetres.
feel_temp_outside "Feels like" temperature in Celsius.
cloud_cover Percent representing cloud cover.
weather_term e.g. cloudy, mostly cloudy, mostly sunny, sunny

Road Data road_type e.g. cycleway, footway, living_street, motorway, residential.
max_speed Maximum allowed speed for the current road.
num_lanes Count of available lanes on the road.

Facial Expression Pred. facial_expression_label Front-facing camera's classi�ed emotion|.

Perceived Emotion label Emotion expressed by the participant during the experiment.

Audio audio_amplitude Audio amplitude averaged for duration of correspondent chunk.
audio_loudness Audio recording average loudness for duration of correspondent chunk.
audio_zero_crossings Audio zero crossing rate of correspondent chunk.

Visual Complexity (Object
Detection)

num_cars, num_people, bycicles,
pedestrians, motorcycles, buses,
trucks, tra�c_lights, tra�c_signs

Num. of objects detected in the back-facing camera frame per class.

num_med_close_objs,
num_very_close_objs,
num_close_objs,
num_very_far_objs,
num_far_objs

Num. of objects at an estimated distance from camera.

Visual Complexity
(Segmentation)

road, sidewalk, building, wall,
fence, pole, tra�c light, tra�c
sign, vegetation, terrain, sky,
person, rider, car, truck, bus, train,
motorcycle, bicycle

Percentage pixels in back-facing frame representing class.

Semantic Segmentation.We trained a Deeplabv3-ResNet model7 on the Cityscapes Dataset8 to perform semantic
segmentation on the back-facing frames. We limited the training data to the classes relevant to our study: road,
7https://pytorch.org/hub/pytorch_vision_deeplabv3_resnet101
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