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In-vehicle agents (IVAs) are emerging as transformative innovations in intelligent transportation systems, particularly in automated
driving contexts. This paper integrates two complementary studies on the development and evaluation of robot-like IVAs equipped with
multimodal interaction and emotional feedback for SAE Level 3 automated vehicles. The first study introduced a robot-like IVA capable
of communicating through gestures and facial expressions. An experiment with 12 participants showed that both modalities reduced
workload (NASA TLX mean scores: baseline = 33%, facial expressions = 23%, gestures = 18%) and enhanced perceived usefulness and
satisfaction. Seven participants preferred gestures for practicality and anticipatory cues, while five preferred facial expressions for
their emotional and aesthetic qualities. The second study (N=12) developed a prototype with emotional feedback via facial emotion
detection. The results revealed that emotional feedback and working status did not significantly affect overall workload or acceptance,
although feedback influenced physical and temporal demands, and its interaction with working status significantly affected workload.
Voice communication remained the primary way of interaction, while challenges included the accuracy of emotion detection and
accounting for physical conditions such as fatigue and stress.
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1 Introduction

With advances in automotive technology (AT) and artificial intelligence (AI), in-vehicle agents (IVAs) have emerged
as notable innovations within intelligent transportation systems (ITS) [19]. IVAs are typically embodied as driving
assistants integrated into vehicle systems and can be broadly classified into voice agents (implemented through
computer-generated sound or human voice recordings), virtual agents (developed on visual displays with face-only
or full-body avatars) and physical-embodied agents (based on a movable robotic interface with crude features) [26].
Their primary objective is to support driving tasks and thus enhance the overall driving experience. Among these
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types, physical IVAs have recently gained increasing attention due to their intuitive interactive capabilities, potential
for stronger emotional connection, and deep integration with smart cockpit technologies such as NIO’s NOMI [32].

The first physical IVA, the affective intelligent driving agent (AIDA), was introduced by the MIT Media Laby in
2013 [48]. AIDA displayed facial expressions on a screen and provided navigation assistance through interactive
communication. The Carvatar concept developed by Zihsler et al. [49] also employed facial expressions to improve
trust, while the robot human–machine interface (RHMI) [42] incorporated dynamic cues such as eye colours and
body movements to deliver takeover warnings. More recently, Srivatsan et al. [8] demonstrated that robotic gestures
significantly improve participant trust ratings and safety-related experience in automated vehicles (AV).

The commercial adoption of physical IVAs has notably advanced in eastern Asia, with successful products such as
NIO’s NOMI [31] and Baidu’s Xiaodu [4] in China, Mochi in Japan [9]. These typically feature geometric designs with
digital facial expressions, but still rely heavily on voice or virtual interaction, with limited use of gestures such as small
angle rotation. As shown in Figure 1, these systems provide inspiration for new prototypes with richer multimodal
capabilities.

Nomi Xiaodu Mochi AIDA[48] Carvatar[49] RHMI-P[42] Robotic Object[8]

Fig. 1. Benchmark of existing and proposed IVAs.

In manual driving contexts, IVAs can provide vehicle-to-vehicle communication [15], entertain or comfort children
to reduce distractions [12], decrease fatigue through social conversations [25], and mitigate negative emotions through
positive speech feedback [27]. In automated driving (AD), IVAs can help drivers understand the functions and features
of the system, while explaining the status of the system and the intention of AV driving behaviours [17, 23, 35],
thus improving trust and acceptance. Physical agents in particular have been shown to enrich driver behaviour and
experience, with facial expressions and gestures significantly improving trust. The robotic object developed by Srivatsan
et al. [8], could greet the passenger, indicate that the vehicle was attentive to its surroundings, and indicated that the
drive was about to begin. The study indicated that the trust ratings and safety-related experience of the participants
were higher than those of a baseline group that did not interact with the robot after evaluation [49]. Cavatar can
translate the state of the car into human behaviour and expressions which can be intuitively interpreted by the driver,
through social signals and anthropomorphism. The driver is therefore more aware of the situation and might gain more
trust in the system [8]. This study was especially focused on SAE Level 3 AV because automation handles most driving,
yet drivers still need to take over when requested. This creates meaningful and safety-critical interactions in which
a physical agent can support trust, attention, and smooth handovers. It also aligns closely with near-term industry
deployments, making the findings highly relevant.

Voice interaction remains the most common modality in SAE Level 3 AD [36] due to low visual distraction [46], but
research shows that no single voice suits all contexts [21]. Although conversational interfaces are often more trusted
and anthropomorphised [35], physical robots add gestures and embodiment, increasing competence and reducing
workload [45]. Gestures, as in RHMI [42], can signal urgency or intentions through dynamic movement, while small
talk and social cues can improve trust and perceived warmth [24].
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Beyond explicit voice input or tactile input by pressing the buttons, recent work highlights the potential of implicit
interactions, where IVA adapts to user states without direct input [22, 40]. Facial emotion detection, supported by
advances in deep learning frameworks such as DeepFace [38], is especially promising. Facial expressions convey more
information (55%) than tone (38%) or words (7%) [29] and can be captured continuously in driving scenarios. Ekman and
Dacher [37] further argue that facial expressions are universal, making them suitable for cross-cultural IVA interactions.

1.1 Aim of Study

The aim of this research is to investigate how physical IVAs can enhance user experience and driver support in SAE
Level 3 AD scenarios through multimodal interaction and emotional feedback. First, 𝑆𝑡𝑢𝑑𝑦1 examines the integration of
gestures and facial expressions with voice interaction to determine their relative advantages and limitations in reducing
workload, increasing usefulness, and fostering trust in AD. Second, 𝑆𝑡𝑢𝑑𝑦2 explores implicit interactions by equipping
the IVA with facial emotion detection and corresponding emotional feedback, thereby assessing its influence on driver
workload, alertness, and acceptance under varying working conditions. Through these complementary objectives, the
study seeks to define how robot-like IVAs can balance functional effectiveness with emotional involvement, ultimately
contributing to safer, more intuitive, and human-centred AD experiences.

2 Method

Two different prototypes were developed for two complementary studies on the development and evaluation of robot-
like IVAs equipped with multimodal interaction (𝑆𝑡𝑢𝑑𝑦1) and emotional feedback capabilities (𝑆𝑡𝑢𝑑𝑦2) in a Level 3
SAE AV. The prototypes were evaluated through the corresponding experiments to answer the two proposed research
questions, as mentioned in subsection 1.1. The study was approved by the Ethics Review Board of the Eindhoven
University of Technology and the participants gave their informed consent to use their data.

The scenarios videos were recorded in the GTA V video game [11] running on a Windows PC according to Table 4,
and the highway route is chosen from downtown to Beeker’s Garage. To get an inside view of AD, two mods were
applied: (1) Dynamic Vehicle First Person Camera Mod [14], allowing the camera inside the vehicle to get the driver’s
perspective, and (2) Enhanced Native Trainer Mod [47], which makes characters invisible (i.e., no hands holding the
steering wheel were visible, providing a sense of driving in an AV). The videos were then edited together into one video
(see supplementary material).

There are four types of raw data collected during 𝑆𝑡𝑢𝑑𝑦1 and 𝑆𝑡𝑢𝑑𝑦2 from each participant: basic information survey
(including Driving Behaviour Questionnaire), NASA TLX Scale on mobile app [16, 30], online acceptance scale [44], and
a semi-structured interview (see supplementary material).The experiment interview was analysed through thematic
analysis [7]. The themes were generated after coding the data in the transcription.

Furthermore, for 𝑆𝑡𝑢𝑑𝑦2, SPSS can only accept a wide format of CSV to perform the repeated measures ANOVA
test [18] with the value alpha being 0.05. In this case, NASA TLX results [16] and acceptance scale [44] were adjusted
from long format to wide format.

3 Study 1

3.1 Prototype Development

Figure 2a presents three modalities, and the middle was selected for further development. By adopting this configuration,
the mechanical architecture is both simplified and stabilised, minimising potential sources of error or failure. The IVA
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features facial expressions and body rotation gestures (Table 1) were designed for seven highway scenarios (greeting
passengers, enter highway, speed limit and speed report, overtaking, lane changing, congestion, exit highway) inspired
by the study of Beggiato et al. [6]. Figure 2b shows the 3D model created in Rhino 8 (for STL files check section 7)
printed using an Ultimaker 2+ Connect 3D printer and contains a round 1.28-inch IPS-TFT display (240 x 240 pixels, IPS
GC9A01) inside the round head (r=31mm) connected to ESP32 (Figure 2c: Circuit ESP32-TFT display). The gestures are
driven by an SG90 servo motor inside the stand connected to Arduino Uno R3 (Figure 2d). No speaker was installed in
the prototype because, in the real vehicle, the sound comes from the vehicle’s audio system, rather than a physical
robot. Figure 2e shows the entire prototype.

(a) Sketch (b) 3D model (c) Circuit ESP32-TFT display (d) Circuit Arduino Uno R3-SG90 (e) Prototype

Fig. 2. The prototype development of the robot-like IVA.

The TFT display was connected to an ESP32 board and controlled by the Arduino IDE [1] (v.2.3.2) on the Apple
Macbook A2442. Five facial expressions (normal, smile, excited, realising, sad) were designed, shown in Table 1. To
enable the Arduino IDE to run on ESP32, the Arduino core [41] was installed for ESP32. Libraries Adafruit GC9A01A
(v.1.1.1) [2] , Adafruit GFX (v.1.11.9) [20], and TFT_eSPI (v.2.5.43) [3] were installed in the Arduino IDE to run the code
on the TFT display.

3.2 Method

The experiment was carried out with three groups: Baseline (B), Facial expressions and voice (FV), and Gestures
and voice (GV). Group B, as a baseline, uses robotic voice-only interaction, simulating a conventional navigation
system similar to Tesla’s full self-driving mode. The audio was generated from PlayHT [34] and was edited as another
soundtrack in a 270-second video recorded in GTA V.

Twelve participants (7 females, 5 males, M=27.42, SD=2.11) were recruited via social media. All had valid driving
licences, three of them experienced in Tesla autopilot driving. The experimental setup (see Figure 3) consisted of a
laptop (Apple Macbook A2442) connected to a screen (RCA RS32F3), headphones (Sennheiser MOMENTUM 4), and
the IVA prototype. The IVA’s position was adjusted on stacked books (55mm) ensuring visibility, placed at the right
front of the participant to mimic dashboard positioning. Participants received a brief introduction to SAE Level 3
AD. Each participant experienced three task groups (B always first, FV and GV alternated). During tasks, they chose
and engaged in typical secondary activities, such as texting, watching video or reading, simulating realistic driving
distractions. They could look up and check the driving situation freely and request manual takeover at any time. After
each scenario, participants completed the NASA Task Load Index scale [16] assessing workload, and an acceptance
scale [44] evaluating usefulness and satisfaction, using an iPad. Finally, a semi-structured interview was conducted to
collect qualitative feedback. The interview transcripts were subjected to thematic analysis, producing insights regarding
participant preferences and effectiveness of the interaction.
Manuscript submitted to ACM
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Table 1. IVA behaviour (gestures, facial expressions, and dialogues) in seven highway scenarios.

Scenarios IVA gestures (GV) Dialogues (FV & GV) Facial expressions
(FV)

Dialogues (B)

greeting
passengers

Greeting (gesture)
“Welcome! My name is Eva.
Shall we start our trip?”
(Driver: Yes) “Here we go!”

Enter
highway

Situation reporting “We will enter the highway
ahead.”

“Enter the highway
ahead.”

Speed limit
and speed
report

“The speed limit is 90, and
right now we are at 87.”

“The speed limit ahead is
90, the current speed is
87.”

Overtaking Situation reporting;
overtaking (gesture)

“The front car is driving too
slow, shall we overtake it?”
(Driver: Yes) “Let’s do this!”
(After overtaking) “WOW,
nice!”

Lane
changing
(construc-
tion)

Situation reporting
“Seems there is a
construction ahead, we need
to change lane.”

Congestion Situation reporting “Seems there is a traffic jam,
we need to slow down.”

Exit highway Situation reporting “We will exit the highway
ahead.”

“Exit the highway ahead.”

3.3 Results

The workload scores for FV (M=23, SD=24) and GV (M=18, SD=14) were lower than B (M=33, SD=21), with GV showing
the lowest score. GV significantly reduced the “Physical demand” workload (M=20, SD=18) compared to B (M=34,
SD=23). GV had lower scores across dimensions than FV, except for the “Effort” category, where GV (M=25, SD=21)
slightly exceeded FV (M=22, SD=25). FV had similar “Temporal demand” to B.

FV and GV outperformed B in usefulness and satisfaction ratings as shown in Table 3. FV had the highest overall
scores, except in the “Annoying-Nice” dimension, where GV performed better. GV notably scored lower than FV in the
categories “Unpleasant-Pleasant” and “Sleep-inducing-Raising Alertness”.

The interview results indicated a preference for GV among seven participants, with five favouring FV and none
choosing B. GV was preferred for its clear perception and prevoice indication of information, allowing better concentra-
tion on driving tasks. In contrast, FV was preferred for emotional support, absence of mechanical noise, and intuitive
understanding compared to gestures.
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Fig. 3. Experimental setup.

Table 2. Results from the NASA TLX scale [16].

B FV GV
Mean (SD) Mean (SD) Mean (SD)

Mental demand (%) 34 (23) 24 (26) 20 (18)
Physical demand (%) 33 (27) 28 (28) 11 (12)
Temporal demand (%) 21 (18) 21 (22) 15 (13)
Performance (%) 34 (27) 22 (24) 17 (13)
Effort (%) 28 (25) 22 (25) 25 (21)
Frustration (%) 48 (28) 19 (16) 19 (15)
Average (%) 33 (21) 23 (24) 18 (14)

Note: B=Baseline, FV=Facial expressions and voice, GV=Gestures and voice.

Thematic analysis identified four themes: perception, efficiency, trust, and emotional support. The participants
noted that B lacked sufficient explanatory information, affecting trust. FV provided superior emotional support, but
required additional cognitive effort to interpret expressions quickly. GV offered better initial perception but was harder
to understand independently and some participants found it monotonous. Trust concerns emerged across all types of
IVAs.

4 Study 2

4.1 Prototype Development

The final concept sketch is shown in Figure 4. The soft LED (model: HRP-2064) was chosen to display the IVA’s facial
expressions. A gear transmission was used instead of the rubber wheel transmission because the gear transmission
Manuscript submitted to ACM
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Table 3. Results from the acceptance scale [44].

Negative (-2) B: FV: GV:
Positive (+2) Mean(SD) Mean(SD) Mean(SD)
Useless
Useful 1.00 (1.04) 1.33 (0.78) 1.08 (1.16)
Unpleasant
Pleasant 0.67 (0.98) 1.17 (0.39) 1.08 (0.67)
Bad
Good 0.83 (0.94) 1.25 (0.45) 1.08 (0.79)
Annoying
Nice 1.08 (0.67) 1.25 (0.62) 1.33 (0.65)
Superfluous
Effective 0.92 (1.00) 1.25 (0.75) 1.25 (0.75)
Irritating
Likeable 0.67 (0.78) 1.08 (0.79) 0.83 (1.03)
Worthless
Assisting 1.00 (0.95) 1.17 (0.58) 0.92 (0.90)
Undesirable
Desirable 1.00 (0.60) 1.17 (0.83) 0.83 (1.19)
Sleep-inducing
Raising Alertness -0.33 (0.89) 0.75 (0.75) 0.17 (1.27)
Usefulness score 0.68 (0.72) 1.15 (0.48) 0.90 (0.82)
Satisfaction score 0.85 (0.61) 1.17 (0.59) 1.02 (0.79)

Note: B=Baseline, FV=Facial expressions and voice, GV=Gestures and voice.

was more stable and easy to assemble. Due to safety concerns, the final prototype can be easily locked to prevent
secondary damage in car accidents. On the other hand, the behaviour designed for the IVA robot was updated into two
parts: the first part is to help with driving tasks and explain the current state (Table 4), and the other part is emotional
feedback (Table 5). Table 4 was based on the table of IVA behaviour in seven highway scenarios; they have the same
structure, while Table 4 adds a shutdown scenario, which means the robot will say goodbye to passengers and shut
itself down when arriving at the destination, to complete the overall user experience and new gestures. Table 5 is based
on the driver’s emotions detected by the camera (Raspberry Pi Camera Module 2) and analysed through DeepFace [38].
Although OpenFace [5]performs better, it was not chosen due to the unmatched video stream formats. There are seven
emotions in the DeepFace library, including angry, fear, neutral, sad, disgust, happy, and surprise, which is quite similar
to the 7 basic emotions [13](except for neutral replacing contempt). For each emotion detected, the IVA robot has the
corresponding feedback (including dialogue, facial expressions, and gestures).

4.1.1 Materials. A Raspberry Pi 5 (model: B, 4GB RAM, 32GB SD, Raspberry Pi OS (64bit): Bookworm 12.8); a PWM-
PCA9685(16-channel I2C PWM-Servo Controller - PCA9685); two servomotors (MG996R Servo - 10kg - Continuous);
a camera (Raspberry Pi Camera Module 2); a soft LED (model: HRP-2064); an AC-DC external power supply for
servomotors (model: AED45US05, 5V, 6.0A); 3D print (see section 7); laser cut medium density fibreboard (MDF) board
(see section 7).
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8 Zeng et al.

Fig. 4. Sketch of the final concept (left) and circuit (right).

Scenarios Dialogue Facial expressions (5) Gestures H & V

Wake up
—“Welcome! My name is Eva.
Shall we start our trip?” –Yes
— “Here we go!”

Up to 5𝜋/18 (4 rad/s)

Enter highway “We will enter highway
ahead.”

Left to 𝜋/3, wait 1s,
right to 𝜋/3 (4 rad/s)

Speed limit and speed
report

“The speed limit is 90km/h,
and right now we are at
87km/h.”

Left to 𝜋/3, wait 1s,
right to 𝜋/3 (4 rad/s)

Overtaking
—“The front car is driving too
slow, we gonna overtake it!
wow Nice!”

Left to 4𝜋/9, right to
4𝜋/9, left to 4𝜋/9, right
to 4𝜋/9(8 rad/s)

Lane changing
(construction)

“Seems there is a
construction ahead, we need
to change lane.”

Up to 5𝜋/18, wait 0.5s,
left to 𝜋/3, wait 1s,
right to 𝜋/3, wait 0.5s,
down to 5𝜋/18 (4 rad/s)

Congestion
“Seems there is traffic jam
ahead, we need to slow
down.”

Down to 5𝜋/18, wait
0.5s, left to 𝜋/3, right to
𝜋/3, wait 0.5s, up to
5𝜋/18 (4 rad/s)

Exit highway “We will exit the highway
ahead.”

Left to 𝜋/3, wait 1s,
right to 𝜋/3 (4 rad/s)

Shut down
“Thanks for your
participation, and wish you a
lovely day!”

down to 5𝜋/18 (4 rad/s)

Table 4. Updated IVA behaviour (gestures, facial expressions, and dialogues) in eight highway scenarios.
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Emotion detected (7) Dialogue Facial expressions Gestures H & V

Happy
“It’s great to see you in such
a good mood! Would you like
to share what’s making you
happy?”

Left to 𝜋/3, right to
𝜋/3 (4 rad/s)

Neutral (None) (None)

Surprise “Everything is under control.
I’m here if you need support.”

Up to 5𝜋/18, left to 𝜋/3,
right to 𝜋/3, down to
5𝜋/18 (4 rad/s)

Sad
“It seems like you’re feeling a
bit down. Would talking or
some relaxing music help?”

Left to 5𝜋/18, right to
5𝜋/18 (4 rad/s)

Angry
“Traffic can be tough. Don’t
worry, the system is
optimized to handle it. How
about some calming music?”

Left to 𝜋/3, right to
𝜋/3 (4 rad/s)

Fear

“It seems like you’re feeling a
bit uneasy. I’ll monitor
everything and react to keep
us safe. Is there anything I
can do for you?”

Left to 𝜋/3, right to
𝜋/3 (4 rad/s)

Disgust

“Is there something
unpleasant I can help with?
Perhaps a window
adjustment or a different
temperature setting?”

Left to 𝜋/3, right to
𝜋/3 (4 rad/s)

Table 5. IVA behaviour of emotional feedback.

4.1.2 Hardware. The assembly began with the integration of the electronic components (see Figure 4). Two servomotors
were connected to the PWM-PCA9685 via Dupont wires, using pin 7 for pitch and pin 15 for yaw control. Communication
between the Raspberry Pi and the PCA9685 was established through the following GPIO pins: GPIO 1 - VCC, GPIO 2
- SDA, GPIO 3 - SCL, and GPIO 6 - GND. The camera module was connected through the Raspberry Pi CAM 1 port.
External power was supplied to the Raspberry Pi, the soft LED module, and the PWM-PCA9685 (Note: an external
power source is required for the PCA9685 if the total current of the servomotors exceeds 500 mA).

After completion of the electronics setup, the mechanical structure was assembled (see Figure 5). The assembly begins
with a wooden base, a rotating platform, and a servo-driven gear system (1–3), forming the mechanical foundation.
A transparent, 3D-printed ring structure and a soft LED module were added (4–5), and then fixed on the rail in (3).
Electronic components, including a Raspberry Pi, a servo-control board, and a camera module, are integrated (6). The
board with electronic components is fixed upside down. Finally, a semi-transparent dome enclosure completes the
system (8).

4.1.3 Software. The software environment was based on the Raspberry Pi OS (64-bit, Bookworm 12.8). Source code is
available in supplementarymaterial. All emotional feedback is set according to Table 5, including voice, facial expressions,
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Fig. 5. Hardware assembly process (from 1 - 8). 1. wooden base; 2. rotating platform; 3. servo-driven gear system; 4. ring structure; 5.
soft LED module; 6. electronics; 7. putting electronics upside down; 8. fixing the dome

and gestures. All audio was generated from PlayHT [34] (see supplementary material). However, sometimes the audio
will just skip around 1 second when playing with Bluetooth connection, so all audio of basic behaviour is edited to add
1 second of silence at the beginning, using FFmpeg [10]).

The facial expressions of the IVA robot are actually uploaded through Bluetooth, since the soft LED cannot connect
directly to the GPIO of Raspberry Pi, which means the soft LED cannot be controlled directly by Raspberry Pi. However,
it has a mobile phone app and uses Bluetooth to send data, which makes it possible for a laptop to receive data sent from
the mobile app to the soft LED. First, connect the mobile phone and laptop and the soft LED. Then send the expressions
from the mobile app, and the data is a long string of numbers and letters. Next, connect the soft LED with the Raspberry
Pi and use the Raspberry Pi to send the same string of numbers and letters; the expressions will eventually be shown
on the soft LED.

4.2 Method

For 𝑆𝑡𝑢𝑑𝑦2, an experiment was conducted to evaluate the final concept design. The experiment had two groups: Group
𝑊 (working) and Group 𝑁 (no working). Since SAE Level 3 AD is conditionally automated, working here means the
participants in the Group𝑊 has a secondary task. In order to control the variables, participants in Group𝑊 need to
play the Poly Bridge game [28] on an iPad (model: A2229) during the tasks, while participants in Group 𝑁 cannot use
any personal products on digital screens (including smart phones). Each participant in Group𝑊 and Group 𝑁 needs
to complete two tasks: Task 𝐵 (basic) and Task 𝐸 (emotional feedback). Both tasks are combined with a five-minute
driving simulation and two surveys to fill out. The behaviour of the IVA robot in Task 𝐵 is shown in Table 4. Task 𝐸 is
based on Task 𝐵, adding an emotional feedback function according to Table 5.

4.2.1 Setup and Preparation. Figure 6 shows the experimental setup. A JBL GO 3 (model: JBLG03BLK) speaker was
connected to the Raspberry Pi inside the prototype, and the Raspberry Pi was remotely controlled [43] by the laptop
(Apple Macbook A2442). An RCA 32’ LED TV (model: RS32F3) was also connected to the laptop via an HDMI cable.
The detailed parameters of the layout are shown in Figure 6. The participants were asked to sit in front of the centre of
the RCA TV, and the prototype should face the participants with an angle of to 𝜋/8 so that the camera could detect the
emotions of the participants. The position of the prototype is settled on the front right of the participant, corresponding
to the position above the dashboard in a real car.
Manuscript submitted to ACM
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Fig. 6. Scenario setup (left) and layout of the equipment (right).

In Task 𝐸, the prototype will not only execute the behaviour in Table 4 but also the emotional feedback in Table 5. In
case two actions interfere with each other and avoid frequent actions, emotional detection and feedback were only
enabled after the following scenarios: welcome, speed report, construction, and traffic jam. Feedback can only be
triggered once for each scenario. Each behaviour in Task 𝐵 was matched to the video.

Furthermore, the servomotor (MG996R Servo—10kg—Continuous) can only use speed and time as parameters. Even
when using mathematical methods to set the angle as the parameter, errors still occurred due to the startup delay.
Consequently, the prototype cannot return to the exact starting position after each task. Thus, the position of the
prototype needs to be adjusted before each task according to Figure 6.

4.2.2 Participants. A total of 12 participants (age: M = 26.33, SD = 2.50; 7 females and 5 males) from Eindhoven
University of Technology joined the user test through the user test link posted on the social media platform. And no
financial incentives were offered for the user test. All participants were over 18 years of age and had a driver’s licence.
Three participants had experience driving an automated vehicle (with automatic lane changing / automatic turning,
automatic overtaking / automatic navigation, or higher functions, such as Tesla, Waymo, Apollo, etc.). One has been a
passenger of an automated vehicle.

4.2.3 Procedures. First, participants signed the consent form and completed an online survey to collect basic information
(see supplementary material). The slides then briefly introduced background information about the project to the
participants (see supplementary material). The participants then took a seat and had two tasks to complete: Task 𝐵

and Task 𝐸. To reduce the error, the sequence of Task 𝐸 and Task 𝐵 is changed for each half of the participants in
Group𝑊 and Group 𝑁 . The prototype was controlled by the Raspberry Pi, which was remote controlled by the author
on the laptop during the experiment. After each task, participants were asked to fill in the NASA Task Load Index
scale [16] on the official application [30]to measure workload and the acceptance scale [44] (integrated in the online
survey) to measure the overall experience on the iPad, since Ju & Leifer [22] suggested that implicit interaction could
reduce cognitive load and enhance user experience. Finally, a semi-structured interview was conducted to collect the
experiment experience. During each task, participants were asked to imagine themselves acting as drivers in a SAE
Level 3 AD (which means the driver can use AD conditionally and still needs to be responsible for driving duration) and
to have an AD experience with the prototype. Participants in Group𝑊 will be asked to play the Poly Bridge game [28]
on an iPad (model: A2229) during the tasks, while participants in Group 𝑁 cannot use any personal products on digital
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Table 6. Results from the NASA TLX Scale [16].

𝑊 𝑁

Task 𝐸 Task 𝐵 Task 𝐸 Task 𝐵

M(SD) M(SD) M(SD) M(SD)

Mental Demand (%) 49 (32) 55 (31) 52 (20) 33 (20)
Physical Demand (%) 16 (27) 21 (25) 22 (27) 16 (19)
Temporal Demand (%) 66 (30) 48 (30) 43 (29) 25 (19)
Performance (%) 45 (27) 68 (24) 14 (12) 13 (13)
Effort (%) 50 (31) 41 (17) 22 (17) 20 (13)
Frustration (%) 33 (14) 39 (20) 21 (15) 16 (15)

Repeated-measures ANOVA
W/N E/B W/N*E/B

Average (%) 47 (26) 47 (23) 31 (22) 22 (17) p=0.139 p=0.057 p=0.037

Note:𝑊 =working group, 𝑁=no-working group.

screens (including smart phones). All participants were allowed to look up and check the situation at any time. If they
felt that they wanted to take over control immediately, they were asked to inform the author about it.

4.3 Results

4.3.1 NASA TLX. Table 6 shows the mean and standard deviation values of each workload dimension score and the
weighted average score of the overall workload of different groups (𝑊 or 𝑁 ) and different tasks (𝐸 or 𝐵). Since the
standard deviations shown in Table 6 were too large, a statistical analysis (repeated measures ANOVA) is needed in this
case. Table 6 also shows the analysis that examined the effects of different working status (W/N) and emotional feedback
(E/B) on average weighted workload measures using the NASA Task Load Index [16]. There were two independent
variables in the experiment: emotional feedback (E / B) as a variable within groups, and working status (W / N) as a
variable between groups, which means that two-way ANOVA should be replaced by repeated measures ANOVA in this
case. Thus, the repeated measures ANOVA test was applied with SPSS (see supplementary material). The main results
are as follows: (1) The work status factor between subjects (W / N) did not have a significant effect on the average
weighted workload measured by NASA TLX (p=0.139); (2) The within-subjects factor emotional feedback (E/B) also did
not have a significant effect on the average weighted workload measured by NASA TLX (p=0.057); (3) The interaction
effect between emotional feedback and working status was significant for the average weighted workload measured by
NASA TLX (p=0.037).

4.3.2 Acceptance Scale. The results of the acceptance scale are shown in Table 8. Similarly to NASA TLX, the standard
deviations shown in Table 8 were too large, and statistical analysis is needed. Table 8 also shows that the analysis
examined the effects of different working status (W/N) and emotional feedback (E/B) on overall usefulness and
satisfaction measures using the Van der Laan Acceptance Scale [44]. There were two independent variables in the
experiment: emotional feedback (E / B) as a variable within groups, and working status (W / N) as a variable between
groups, which means that two-way ANOVA should be replaced by repeated measures ANOVA in this case. Thus, the
repeated measures ANOVA test was applied with SPSS (see supplementary material). The results suggest that emotional
Manuscript submitted to ACM
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Table 7. Results from the Acceptance Scale [44].

Negative (-2) Positive (+2) 𝑊 𝑁

Task 𝐸 Task 𝐵 Task 𝐸 Task 𝐵

M(SD) M(SD) M(SD) M(SD)

Useless Useful 0.67 (1.03) 1.00 (1.10) 1.17 (0.75) 1.33 (0.82)
Unpleasant Pleasant 0.83 (0.98) 0.67 (1.03) 1.00 (0.89) 1.33 (0.52)
Bad Good 0.83 (0.75) 1.00 (0.63) 1.17 (0.75) 1.33 (0.52)
Annoying Nice 0.83 (0.75) 0.83 (0.75) 1.17 (0.75) 1.33 (0.52)
Superfluous Effective 0.83 (0.75) 0.67 (0.82) 0.83 (0.75) 1.00 (1.26)
Irritating Likeable 0.67 (0.82) 0.50 (0.84) 1.17 (0.75) 1.33 (0.52)
Worthless Assisting 1.17 (0.41) 1.33 (0.82) 1.33 (0.52) 1.33 (0.52)
Undesirable Desirable 0.67 (1.03) 0.17 (1.17) 1.33 (0.52) 1.33 (0.52)
Sleep-inducing Raising Alertness 0.33 (1.21) 0.00 (1.55) 1.00 (0.89) 0.67 (0.52)

Repeated-measures
ANOVA
W/N E/B W/N*E/B

Overall usefulness score 0.77 (0.64) 0.80 (0.63) 1.10 (0.53) 1.13 (0.47) p=0.299 p=0.801 p=1.000
Overall satisfaction score 0.75 (0.79) 0.54 (0.80) 1.17 (0.61) 1.33 (0.44) p=0.090 p=0.926 p=0.412

Note:𝑊 =working group, 𝑁=no-working group.

feedback (E/B) and working status did not significantly impact the perception of usefulness or satisfaction. Furthermore,
there was no significant interaction between emotional feedback and working status. These findings suggest that within
the given experimental conditions, emotional feedback and working status did not play a significant role in shaping
user acceptance levels.

4.3.3 Interview. The experiment interview was analysed through thematic analysis. The themes were generated after
coding the data in the transcription. Details can be found in the supplementary material. The first column contains the
participants’ group and the number of participants who contributed to each code. There are five themes (technology
concern, efficiency, attitude, prototype, and experiment) according to 16 codes extracted from the interview transcription
(see the supplementary material).

The results indicate that most of the participants trust the robot (P1, P3, P4, P5, P6, P7, P8, P9, P10, P12) while others
have doubts about AD technology (P2, P5, P11) and accuracy of facial detection (P1, P2, P3, P4, P5, P7, P8, P10, P12).
Furthermore, some suggested that other emotions (physical conditions) such as tiredness and stress should also be
taken into account (P6, P9, P11). Although IVA robot behaviour is designed for basic highway situations, and emotional
feedback can encourage communication between the driver and the IVA robot (P2, P6, P7, P11), it can also make the
participant annoyed (P2, P5, P7, P9) and distracted (P2, P5, P7). Even the IVA robot itself can be a good reminder of
the situations (P1, P4, P7), some of the dialogue would be time-consuming (P2, P3) or cause misunderstanding (P4,
P11). Therefore, some participants prefer direct suggestions (P3, P6) rather than open questions. In addition, some
participants complained about the noise (P1, P2, P5, P9) and scenarios (P6, P8, P10). Other participants consider the
meaning of the behaviour (P5, P7, P9) and the ideal size of the prototype (P1, P10).
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Table 8. Results from the Acceptance Scale [44].

Negative (-2) Positive (+2) 𝑊 𝑁

Task 𝐸 Task 𝐵 Task 𝐸 Task 𝐵

M(SD) M(SD) M(SD) M(SD)

Useless Useful 0.67 (1.03) 1.00 (1.10) 1.17 (0.75) 1.33 (0.82)
Unpleasant Pleasant 0.83 (0.98) 0.67 (1.03) 1.00 (0.89) 1.33 (0.52)
Bad Good 0.83 (0.75) 1.00 (0.63) 1.17 (0.75) 1.33 (0.52)
Annoying Nice 0.83 (0.75) 0.83 (0.75) 1.17 (0.75) 1.33 (0.52)
Superfluous Effective 0.83 (0.75) 0.67 (0.82) 0.83 (0.75) 1.00 (1.26)
Irritating Likeable 0.67 (0.82) 0.50 (0.84) 1.17 (0.75) 1.33 (0.52)
Worthless Assisting 1.17 (0.41) 1.33 (0.82) 1.33 (0.52) 1.33 (0.52)
Undesirable Desirable 0.67 (1.03) 0.17 (1.17) 1.33 (0.52) 1.33 (0.52)
Sleep-inducing Raising Alertness 0.33 (1.21) 0.00 (1.55) 1.00 (0.89) 0.67 (0.52)

Overall usefulness score 0.77 (0.64) 0.80 (0.63) 1.10 (0.53) 1.13 (0.47)
Overall satisfaction score 0.75 (0.79) 0.54 (0.80) 1.17 (0.61) 1.33 (0.44)

Note:𝑊 =working group, 𝑁=no-working group.

Table 9. Statistical Analysis of Results from the Acceptance Scale

Source Measure F p

Working Status Overall usefulness score 1.200 0.299
Overall satisfaction score 3.525 0.090

Emotional Feedback Overall usefulness score 0.067 0.801
Overall satisfaction score 0.009 0.926

working status * Emotional Feedback Overall usefulness score 0.000 1.000
Overall satisfaction score 0.732 0.412

Table 10. Thematic analysis of the interview.

Group Codes Themes Participants Support
𝑊 (3) & 𝑁 (3) Automated

Driving
Technology
Concern

P1, P2, P5, P6,
P11, P12

P1: “I think it drives better than me.”
P2: “I think I just don’t trust the technology be-
hind it.”
P5: “probably I don’t fully trust the AD technol-
ogy”
P6: “It drives more smoothly than me”.
P11: “I do not trust AD technology”.
P12: “And I have been a passenger of an auto-
mated vehicle so I guess I check the situation
much less than others”.
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Group Codes Themes Participants Support

𝑊 (5) & 𝑁 (4) Facial Detection Technology
Concern

P1, P2, P3, P4,
P5, P7, P8, P10,
P12

P1: “It seems that emotion detection gives the
wrong output. I never feel fear”.
P2: “I don’t feel so angry or happy, just a bit
down at the beginning”.
P3: “It said I feel uneasy. I just yawned”.
P4: “But I’m not angry, I was relaxed”.
P5: “But I don’t have the happy or sad emotion,
more like curiosity”.
P7: “Emotion detection through facial expres-
sions has low accuracy, so that’s the part I don’t
trust. Sometimes a bug can be dangerous”.
P8: “What if the driver was always in neutral
emotion or the face of the driver wasn’t detected
for a long time?”
P10: “I remember I was talking when it said I
was angry.”
P12: “But I didn’t feel angry or fear.”

𝑊 (1) & 𝑁 (2) Other Emotions Technology
Concern

P6, P9, P11 P6: “And I will not be so tired and stressed with
it.”
P9: “I think talking can prevent me from falling
asleep when I am tired. The feedback can make
me sober.”
P11: “...and will make me feel more stressed...I
was a little shocked when the big truck appeared
next to me in the traffic jam scenario.”

𝑊 (2) & 𝑁 (1) Distraction Efficiency P2, P5, P7 P2: “I don’t want to be distracted by it.”
P5: “The movement is so complex and need to
pay attention to the road situation, which makes
me distracted.”
P7: “Indeed it is a little annoying during my
work period, and it made me distracted...gave
some information not relative to driving, which
made me distracted.”

𝑊 (2) & 𝑁 (1) First Notice Efficiency P2, P4, P10 P2: “I didn’t really notice it during the second
video.”
P4: “I haven’t noticed it.”
P10: “I just noticed the voice.”
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Group Codes Themes Participants Support

𝑊 (1) & 𝑁 (1) Specific
Suggestions

Efficiency P3, P6 P3: “I hope it can provide specific suggestions.”
P6: “But I think playing some music is a nice
idea.”

𝑊 (2) Time-consuming Efficiency P2, P3 P2: “ think immersive work would increase the
reaction time.”
P3: “Opening questions would waste a lot of
time.”

𝑊 (1) & 𝑁 (1) Misunderstanding Efficiency P4, P11 P4: “But the sentence ‘traffic can be tough...’
might cause misunderstanding.”
P11: “There is a misunderstanding in ‘traffic can
be tough...’, I’m not sure if I should take over
control.”

𝑊 (1) & 𝑁 (2) Reminder Efficiency P1, P4, P7 P1: “But it could also be a good reminder.”
P4: “It will remind me of every situation I should
pay attention to.”
P7: “It reminded me about the important situa-
tions”

𝑊 (2) & 𝑁 (1) Annoyed Attitude P2, P5, P7, P9 P2: “I stayed up late last night and was doing
work and it always asked me questions, which
would be annoying.”
P5: “But if it disturbs the small talk or back-
ground music, that would be a little annoying.”
P7: “Indeed it is a little annoying during my
work period, and it made me distracted.”
P9: “If I’m dealing with my work, it would be
annoying.”
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Group Codes Themes Participants Support

𝑊 (6) & 𝑁 (6) Trust Attitude P1, P2, P3, P4,
P5, P6, P7, P8,
P9, P10, P11,
P12

P1: “I will trust the robot.”
P2: “Maybe if I spend more time with it, I’ll trust
it.”
P3: “Of course. I think it’s pretty good.”
P4: “And I think that’s very good.”
P5: “But I trust the robot, the information or the
action. ”
P6: “Yes, it drives more smoothly than me.”
P7: “I thought it was reliable.”
P8: “Always provided clear explanations ahead,
which made it reliable.”
P9: “The time could be saved and I can do some
make-up or reply to emails on the way.”
P10: “Of course...as long as I can get the infor-
mation of status.”
P11: “Not so highly trust actually.”
P12: “Yes.”

𝑊 (3) & 𝑁 (2) Willingness to
Chat

Attitude P1, P2, P6, P7,
P11

P1: “I don’t think it’s an intelligent living crea-
ture like us, so I don’t desire to communicate
with it.”
P2: “But if I’m tired or bored, it might be a good
idea.”
P6: “And if I have nothing to do, I would like to
chat with it.”
P7: “I hope to talk with it if I have nothing to
do.”
P11: “I don’t think I would have time to respond.”

𝑊 (1) & 𝑁 (3) Noise Prototype P1, P2, P5, P9 P1: “Maybe you should balance the noise and
range of gestures.”
P2: “I don’t like the noise when overtaking.”
P5: “The noise of movement in overtaking.”
P9: “And the noise makes me uncomfortable.”

𝑊 (1) & 𝑁 (1) Appearance Prototype P1, P10 P1: “is this the ideal size? And should it be fully
transparent?”
P10: “And the size of the prototype seems a little
bigger.”
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Group Codes Themes Participants Support

𝑊 (2) & 𝑁 (2) Interactions Experiment P5, P7, P9, P12 P5: “Curious about what it will talk about and
the meaning of movement...The movement is so
complex and need to pay attention to the road
situation, which makes me distracted.”
P7: “It will first tell me what happened and
then take action. And all of the explanations
are clear...The movement in overtaking is really
interesting, can made me feel that it will accel-
erate soon.”
P9: “I cannot understand the facial expressions
of the robot, but I can tell they are different some-
how. So I don’t know what it was doing.”
P12: “But I hope it can provide more informa-
tion.”

𝑊 (1) & 𝑁 (2) Scenarios Experiment P6, P8, P10 P6: “But there’s one time I want to takeover con-
trol and overtake the truck. I’m afraid of it.”
P8: “But sometimes it follows the front car too
close, which is contradictory to my driving
habits.”
P10: “I think the position of this robot is beyond
my perspective scope.”

5 Discussion

The results of the study 1 demonstrated notable findings: (1) Both facial expressions and gestures effectively reduced
driver workload at SAE Level 3 AD, improving perceived usefulness and satisfaction. GV had a greater impact than FV,
significantly reducing physical demand. Gestures were noticed before voice interactions, offering participants extra time
to shift their attention to road conditions. In contrast, facial expressions appeared simultaneously with voice signals,
causing participants to split their attention, resulting in higher Temporal demand scores; (2) The acceptance scale
showed that both FV and GV improved usefulness and satisfaction compared to baseline. FV was particularly strong in
these areas, suggesting that facial expressions provide more emotional support. GV effectively reduced workload and
improved functionality, but lacked the emotional engagement found with facial expressions; (3) Interviews revealed
that participants who preferred gestures found them helpful as pre-alerts before voice notifications, helping to shift
attention to road conditions. Those who prefer facial expressions described them as more intuitive, comforting, and
appealing. Voice interaction alone, while efficient, lacked comprehensive situational details, highlighting the benefit of
combining modalities; (4) Participants indicated that gestures were functionally preferable for drivers due to clearer
perception, but acknowledged that they were sometimes difficult to interpret. In contrast, facial expressions provided
emotional support and were preferred by passengers, but could be difficult to notice quickly. Concerns about trust in
the system were consistent in all interaction modalities.
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After 𝑆𝑡𝑢𝑑𝑦1, two Nissan engineers were interviewed to gain insight from the perspective of a vehicle manufacturer.
They noted integration challenges, particularly with regard to connections to the vehicle’s CAN bus, privacy concerns,
and the critical issue of safely positioning IVAs to avoid injuries during airbag deployment.

In 𝑆𝑡𝑢𝑑𝑦2, here are notable results: (1) Although the within-subjects factor emotional feedback (E/B) did not have
a significant effect on the average weighted workload measured by NASA TLX (P=0.057), the statistical analysis
(see supplementary material) indicated that the emotional feedback factor showed a significant influence on specific
measures, particularly the dimension of physical demand (F(1,10) = 5.052, p = 0.048) and temporal demand (F(1,10) =
5.213, p = 0.046), but their impact varies depending on the nature of the task and the working status. Additionally, the
interaction between emotional feedback and working status highlights the potential combined effects on task load,
underscoring the importance of considering both factors in SAE Level 3 AD scenarios. However, due to the small
sample size (N=12), the study results may be more susceptible to individual variability, reducing the stability of the
data. (2) Within the given experimental conditions, emotional feedback and working status did not play a significant
role in shaping user acceptance levels. Interestingly, Task 𝐸 of both groups had higher scores in the dimension of
Sleep-inducing - Raising Alertness than those of Task 𝐵, which means that emotional feedback can make the driver
more alert and sober, also supported by P9 in the interview. This may apply to some specific situations. For example,
the driver is tired or stressed, but AD cannot be enabled. (3) Responses and attitudes to emotional feedback are different
due to different situations and individual preferences. Most felt annoyed (P2, P5, P7, P9) when working while others
would like to chat with it when available (P2, P6, P7, P11). (4) The primary way to convey information to the driver
is still through voice interaction; Most participants could clearly remember the dialogue, but could hardly tell the
behaviour of the IVA robot. Some participants admitted this idea (P2, P4, P10). So, the emotional connection could also
be through the intonation of the voice and spoken words [29]. (5) Tiredness and stress are rather physical conditions
than emotions, so it would be difficult to detect and we need other methods to measure (since the precision of facial
expression detection is quite low during the experiment). However, these are typical physical reactions that indicate
that the driver is not suitable to drive, which should be taken into consideration. (6) Even though deepface [38] was a
powerful framework for recognising facial expressions, it did not execute the right output most of the time. Possible
reasons are inappropriate parameters that cannot recognise complex facial expressions like yawns, or different colours
of participants’ clothes that interfere with the background colour (since sometimes no one is in front of the camera
but it still produces fear or angry). Also, if facial recognition detects emotions, which are strongly influenced by light,
it probably doesn’t work when driving at night. A possible solution might be to combine different ways of emotion
detection [39] or input modalities [40].

5.1 Limitations and Future Work

In both 𝑆𝑡𝑢𝑑𝑦1 and 𝑆𝑡𝑢𝑑𝑦2, the RCA TV was used to display the video to simulate driving scenarios, which could have
caused errors, as participants could not feel the acceleration and deceleration of the vehicle. Furthermore, both of the
experiment process is Wizard of Oz, which means that the video would not change if the participants tried to take over
the control, and the driving route is the same.

The limitations of 𝑆𝑡𝑢𝑑𝑦1 included the use of video simulations instead of real driving scenarios and the variability
in participation in secondary tasks between participants, which affected IVA perception.

When asked if they trusted the IVA robot during the experiment of 𝑆𝑡𝑢𝑑𝑦2, P2 and P8 mentioned that they were not
in the real car and knew they were safe, so they trusted the IVA robot (see the supplementary material). In addition, the
prototype is larger than the ideal size (head diameter around 15cm), which might cause errors in the evaluation. Due
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to the size of the soft LED and the two servomotors, if the size is smaller, the different parts will interfere with each
other. However, for industrial production, all components could be customised so that the mechanical structure could
be smaller but more meticulous, just like the Nomi [31]. The gear transmission could also be replaced by magnetic
levitation and momentum wheels. Furthermore, the emotive driving concept is cool but abstract, and the feedback of
the IVA (vehicle system) is based on what data it received rather than what happened in reality, which is the reason
why all the dialogues of emotional feedback only provide general suggestions or comforting words.

Future research of 𝑆𝑡𝑢𝑑𝑦1 should combine gestures and facial expressions for more intuitive interaction, define IVA
driving modes tailored to secondary tasks, and explore interactions with vulnerable road users by positioning IVAs to
communicate externally.

Future studies of 𝑆𝑡𝑢𝑑𝑦2 could improve the reliability and external validity of the research results by increasing the
sample size, testing in real AD scenarios, or conducting a larger controlled trial. Besides, there are only positive or
neutral expressions for emotional feedback because when drivers’ negative emotions are detected, it is not reasonable
for the IVA robot to show a negative expression. As P9 mentioned, sometimes a bug can be dangerous. But maybe the
IVA could also act like a weak robot [33] to ask for help in order to meet everyone’s need to care for someone else,
which might be interesting to research in the future. Furthermore, based on the feedback of being shocked by the big
truck or contradictory driving habits (P6, P8) and the reaction of participants during the experiment, emotion detection
can be combined with machine learning to form a customised IVA robot (AD system) according to their own driving
habits. For example, if the driver had a surprised expression each time driving parallel to a truck, it would prevent them
from getting close to the truck in the future. The same idea can be applied to the speed limit and the following distance.
Finally, there will be a unique IVA robot for each customer, which is exactly the profile part of the input modalities
used to recognise the states and intentions of the driver or passenger [40].

6 Conclusions

In summary, in this paper, two complementary studies were conducted on the development and evaluation of robot-like
IVAs equipped with multimodal interaction and emotional feedback capabilities. Two prototypes were developed, and
the prototypes were evaluated through the corresponding experiments to answer the two proposed research questions.
For the first research question, it indicated that 7 of 12 participants preferred gestures due to their practicality and earlier
signal timing, while the remaining 5 participants for their emotional and aesthetic appeal. For the second research
question, results showed that neither emotional feedback nor work status has a significant impact on the average
weighted workload in AD scenarios. Emotional feedback might have an impact on the dimension of Physical and
Temporal Demand, and the interaction effect between emotional feedback and work status was significant for the
average weighted workload. However, more experimental samples are still needed to confirm and refine the above
conclusions. However, voice is still the main interaction between the IVA robot and the driver, especially when the driver
is working. The results of the experiment also revealed the challenges of using facial recognition to detect emotions in
the driving scenario, other physical conditions like tiredness or stress that need to be taken into consideration, and
participants’ perspectives towards the IVA robot.

7 Supplementary Material

Surveys, STL files, analysis, materials used in the experiment, and raw data can be found at: https://www.dropbox.com/
scl/fo/8xz3ok1s4zsagf7nytky5/AJQPehMbzmQAZ8ncz3LqjfQ?rlkey=ge4ro37wsj6f21v19fty95ydv&st=22886l0r&dl=0.
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The maintained source code for the hardware with detailed operational instructions is available at
https://github.com/esse009/emotion-face.
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