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Abstract— Robots in social and collaborative settings must
clearly communicate their internal states and intentions to
foster trust and coordination with humans. Facial expressions
are a powerful and intuitive channel for such communication.
However, creating dynamic, expressive robot faces remains
challenging due to a lack of accessible design tools. We present
the RoboFaceMaker, a web-based, keyframe animation system
that enables researchers and practitioners to design, refine, and
deploy facial animations. We validated our approach through
three studies: a usability study (N=16), an expert design study
(N=8), and a validation study (N=12). Our results show that our
RoboFaceMaker enables users to design understandable ani-
mations for robot faces. We found that non-anthropomorphic
expressions were better understood than those that mimicked
human expressions. We contribute an open-source animation
creation and playback tool, and insights into how facial ex-
pressions can be used to communicate intentions.

I. INTRODUCTION

Robots are becoming part of everyday life in work-
places [1], healthcare [2], and domestic settings [3]. As they
transition from functional machines to social partners, they
must communicate internal states and intentions in ways
humans can quickly and reliably understand. Breakdowns
in this communication reduce trust, hinder coordination,
and compromise safety. A challenge in HRI is to design
expressive behaviors that respect all the tradeoffs [4]. Facial
expressions are a powerful channel, intuitively signaling
emotions and intentions [5], [6]. Yet, authoring such expres-
sions remains complex and time-consuming, limiting their
reliability as a channel for communicating intention.

Prior research shows that non-verbal communication, like
facial expressions, gaze, and gestures, shapes how people
perceive and collaborate with robots [7], [8], [9]. Expressive
faces increase perceptions of competence, trustworthiness,
and engagement [10], [11]. Rendered faces are prevalent
because they are flexible and inexpensive, e.g., Promo Bot,
Navel Robotics. However, existing tools are often limited
to static layouts or fixed, pre-defined animations [12], [13].
Other systems rely on synchronizing animations with speech
or emotion recognition, or by using large language models
(LLMs) for face generation [14], [15]. Thus, researchers lack
accessible tools for iteratively designing and deploying facial
expressions, limiting support for interactions using facial
animations.
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We present the RoboFaceMaker, an open-source tool for
designing and deploying expressive facial animations on
screen-based robots. The system allows users to design
and animate human-inspired facial features such as eyes,
mouth, pupils, and colors, while also supporting symbolic
variations such as background changes. The editor also
supports transitions between facial expressions and easy
deployment across arbitrary screen sizes on physical robots
through ROS2. We refined the tool through an iterative
process involving three studies: a usability study (N = 16),
an expert design study (N = 8), and a validation study of
expression interpretability (N = 12). The result is a system
that lowers the barrier to authoring robot facial expressions
while the created animations can be readily deployed and
studied on screen-based robots with ROS2.

Our evaluations show that the RoboFaceMaker supports
expert-level authoring, while the validation study revealed
an intriguing pattern: expressions that experts found harder
to design (as they lacked direct human analogies) were often
interpreted more clearly than human-inspired ones. Symbolic
cues, such as changes in background color, proved especially
effective for communicating intentions. These results high-
light both the reliability of our system and its value as a
platform for HRI research. Through this, RoboFaceMaker
enlarges the landscape of existing tools, with a timeline-
based animation tool, and real-time ROS2 deployment on
robots. By lowering the barrier to designing and deploying
facial animations and by releasing the tool and example
animations openly, it enables HRI researchers to systemati-
cally investigate how robot facial expressions influence trust,
coordination, and communication.

II. RELATED WORK

Here, we discuss expressive communication, examine ap-
proaches to designing robot facial expressions and their per-
ception, and finally motivate the need for RoboFaceMaker.

A. Expressive Communication in HRI

Non-verbal communication is central to human interac-
tion, conveying up to 87% of information in face-to-face
exchanges [16]. Facial expressions are powerful for signaling
emotions and intentions [5], [6], making them crucial for
fostering trust, coordination, and engagement. Robots that
lack expressive capabilities risk appearing opaque or unpre-
dictable, reducing user trust and hindering collaboration [11].
Moreover, other non-verbal strategies, such as gaze, body
posture, gestures, and acoustic signals, strongly shape how
robots are perceived. Direct social gaze, for example, can
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Fig. 1: Pictures of the four intent-communication facial expression animations on the robotic head used for the validation
study.

signal clear intent and increase user comfort [17], while com-
bining facial, gestural, and postural cues enhances emotion
recognition and perceptions of trust and naturalness [7], [8],
[18]. These effects depend on context and user traits, with
well-coordinated, context-aware behaviors leading to more
engaging and effective interactions [19], [20].

B. Robot Facial Design

The robot’s face design is a critical decision, as it strongly
shapes how users perceive and engage with the robot [13],
[21], [22]. Faces serve as social cues, influencing trust,
perceived competence, and emotional connection [10], [23].
Robot faces can be categorized into several types [21], [22].
Realistic faces mimic human anatomy and enable highly
naturalistic expressions but provoke the uncanny valley ef-
fect [24]. Symbolic or iconic faces use simplified, abstract
features to convey emotions, avoiding uncanny valley effects
while remaining approachable and reliable. Other types in-
clude blank or mask faces, which suppress identity to allow
user interpretation, tech faces, which highlight mechanical
components, and screen-based faces, which leverage digital
displays to create flexible, dynamic expressions but lack
physical embodiment. For screen-based faces, users favor
designs with pupils, eyelids, and especially smiling mouths,
which are associated with friendliness and sociability [25].
Users who design their own robot faces report greater
engagement and affinity for them [26]. Kalegina et al. [13]
provide an analysis of 76 robot faces, mapping how specific
design elements influence their perception. These findings
emphasize that the expressiveness and configurability of fa-
cial features are central to designing robots that communicate
intentions effectively.

C. Existing Facial Animation Tools

Tools and approaches have been developed for generating
robotic facial expressions, ranging from fully automated
pipelines to semi-manual design systems. Early work focused
on real-time synthesis of facial expressions across different
robotic platforms. For instance, an automatic ROS-based
approach for facial expression synthesis was presented and
evaluated on both a virtual face and a 16-DOF physical robot
[27]. Others build pipelines for automatic lip sync or by
mapping facial action units to robotic actuators, providing a
foundation for consistent expression reproduction [28], [29].

Recent approaches leverage advanced techniques such as
LLMs to generate context-aware, dynamic expressions [15],
or use vision-based pipelines to map human facial move-
ments directly to robotic heads [30]. These systems primarily
focus on translating or generating expressions rather than em-
powering designers to create, iterate, and refine animations.
FLEX SDK [12] and Vizij [31] are the closest to our work,
offering open-source platforms that, among other features,
support the design and animation of robotic faces.

In summary, existing approaches often rely on automated
expression generation or offer limited, pre-defined anima-
tions. RoboFaceMaker addresses this by combining iterative,
user-driven design workflows with direct, manual animation
of facial features with real-time integration.

III. TOOL DESIGN AND IMPLEMENTATION

We designed and developed the RoboFaceMaker to make
the creation of expressive robot facial animations more
accessible and to easily deploy them on physical robots.
Our tool combines a face designer with a ROS2 package
for seamless integration into robotic systems. We developed
this tool through an iterative process, informed by two
user studies and guided by three key goals: Accessibility:
Users should be able to create animations without coding or
robotics expertise. Rapid Iteration: Users should be able to
prototype, test, and refine facial animations quickly, support-
ing user-centered HRI research. Real-World Deployment:
Animations must run on actual robots using open standards
and robotics middleware.

Fig. 2: Overview of the ROS2 Node, with the Architecture
of the RoboFaceMaker and User Interaction.



Fig. 3: The RoboFaceMaker web interface to design new
faces. a) The player for the designed face, b) the menu
options to control the face, and c) the timeline feature to
control the keyframes and thus the animations.

A. System Overview

The RoboFaceMaker consists of three main components:
(1) Animation Editor: A browser application enabling users
to design rendered faces and dynamic facial animations using
keyframes. (2) Animation Player: A browser application
in which created and saved animations can be played back.
(3) ROS2 Integration: A companion package that streams
animations to robots in real time through rosbridge for
immediate testing on physical hardware. Figure 2 illustrates
the overall workflow: users create animations in the browser,
export them as JSON files, and deploy them directly to a
robot with a display-based face. This architecture can be
used with any robot that supports ROS2 and has a screen-
based face. This supports reproducible HRI experiments by
allowing the same animation files to be deployed across labs,
platforms, and display sizes without reimplementation.

B. Face Designer

The Face Designer provides direct control over facial
features (see Figure 3a). The design is inspired by other
open-source tools (e.g., [32]). The editor provides a default
face to give designers an immediate starting point, lowering
the entry barrier. Users can then adjust parameters such as
shape, position, and color of facial features. These features
align with prior work on robot face design, which highlights
eyes, pupils, and mouths as critical for conveying emotions
and intentions in interaction [13], [33]. We allow direct,
fine-grained control (see Figure 3b) to manipulate cues that
strongly influence user perceptions of friendliness, compe-
tence, and intent.

The editor includes a timeline view where keyframes
can be created and interpolated into smooth animations
(see Figure 3c). This enables control over which features
change and the temporal dynamics of these changes, a factor
known to shape how expressions are interpreted in HRI. The
editor also supports saving keyframe presets to the backend

database for reuse and storing animations in JSON format
to ensure reproducibility and portability across robots and
display sizes.

The standalone web interface used only plain HTML and
JavaScript. This ensures easy deployment, lowering barriers
to adopting the tool across different setups and robots.
The resulting face is an SVG vector graphic which avoids
rigid bitmap processing and enables precise control and
interoperability across devices and screen sizes.

C. Deployment via ROS2 Integration

Animations are stored in the backend database as JSON
that describes the positions, shapes, and colors of facial
elements over time. This structured format ensures portability
and reproducibility: animations can be edited, shared across
labs, and reused in different studies. For deployment, we de-
veloped a ROS2 package that streams animations in real time
via rosbridge. The animations are rendered in a kiosk-
style web application for display on any robot face screen
using ROS2 support. This architecture is robot-agnostic, so
the same animation created in the editor can be transferred to
robots of different sizes and display configurations without
modification.

D. Open-Source Repository

To support reproducibility and adoption within the
HRI community, we release the RoboFaceMaker as
an open-source tool: https://github.com/mimuc/
RoboFaceMaker

IV. USABILITY STUDY

In our within-subjects study, we evaluated the usability
of the initial RoboFaceMaker to guide the next iteration of
the tool. Our goal was to understand whether users could
effectively interact with the interface, whether the provided
features were sufficient to create meaningful facial anima-
tions, and which challenges arose during the design process.
Participants completed four tasks representing four intents.
This design allowed us to directly compare performance
across contexts while minimizing individual differences. We
counterbalanced the task order using a Latin Square design.

A. Task

We based our four tasks on the four intent categories:
State, Attention, Motion, and Instruction by Pascher et al.
[34]. Participants had to create a facial expression for a
domestic robot in a household context: a greeting, an infor-
mative expression, an expression to initiate interaction, and
a warning.

B. Apparatus

We conducted the study in a controlled lab setting. Each
participant worked with two monitors: one displayed the
RoboFaceMaker interface and task description, while the
other displayed surveys and questionnaires. Participants in-
teracted with the tool using a standard mouse and keyboard.

https://github.com/mimuc/RoboFaceMaker
https://github.com/mimuc/RoboFaceMaker


C. Procedure

We began each session by welcoming participants, ex-
plaining the study, and obtaining informed consent. Par-
ticipants then completed a demographic questionnaire and
the Affinity for Technology Interaction (ATI) scale [35]. To
familiarize them with the interface, we provided a short
tutorial followed by a warm-up task in which they created a
simple “happy face.” In the main experiment, we introduced
the robot as a household assistant and presented participants
with four tasks. Each task required them to create a new
facial expression within max 7 minutes. After each task,
they completed an experience questionnaire. Finally, we
conducted a semi-structured interview to gather qualitative
feedback and suggestions for improving the tool.

D. Measures and Analysis

We combined quantitative metrics with qualitative in-
sights to evaluate the tool. We measured perceived us-
ability using the System Usability Scale (SUS) [36] and
cognitive workload using the raw NASA Task Load Index
(NASA-TLX) [37]. Through open-ended questions and semi-
structured interviews, we explored missing features, usability
challenges, and user strategies for designing facial expres-
sions. We also analyzed the generated animations, examining
keyframe placement and parameter variations to understand
how participants expressed different intentions. We analyzed
quantitative data using Python and R, and qualitative data
using Atlas.ti.

E. Participants

We recruited 16 participants (8 female, 8 male) aged 19–29
(M = 23.63, SD = 2.70) from 3 nationalities (German,
Bulgarian, Chinese), and education levels, ranging from high
school (9), bachelor’s degree (5), to master’s degrees (2).
Five participants had interacted with robotic systems before,
and 11 had never interacted with one. Their ATI score[35]
was moderate to high (M = 3.69, SD = 0.79).

F. Results

Participants rated the RoboFaceMaker as highly usable,
with an average SUS score of 81.21 (SD = 12.79), indicat-
ing “excellent” usability [38]. NASA-TLX workload ratings
were low (M = 4.62, SD = 2.14), indicating that partic-
ipants could interact with the tool without excessive effort.
Statistical analysis did not reveal any statistical differences
in the task on usability and workload.

We conducted thematic analysis of the open-ended re-
sponses and semi-structured interviews, which provides in-
sights into how they experienced the tasks, which features
they used or missed, and their impressions of the RoboFace-
Maker. We identified three key themes: Task Evaluation, Use
and Needs of Features and Elements, and Usability.

Task Evaluation. Participants varied in how they per-
ceived task difficulty. Most found the Greeting and Warning
tasks easiest, as they involved clear, familiar expressions.
The Greeting task was described as straightforward because
it required creating a simple happy face. P3 explained, “The

easiest one was the greeting task because you just had to
make a happy face.” The Warning task was also intuitive
for many, often using red to indicate danger. P1 explained,
The easiest one was the warning task because I could just
use red colors to show the warning signals.” However, others
struggled to represent danger without additional context. The
Interaction task, where the robot had to signal upcoming
movement, was considered as the most difficult by half
of the participants. They found it hard to convey motion
intentions through facial expressions alone. P4 commented,
“The hardest was the Interaction Task because it’s something
that humans would just talk about and don’t use their facial
expression for.” In general, participants found intentions with
clear visual cues easier to design, while abstract intentions
were harder to express. Using the tool for a while reduced
the mentioned challenges.

Usability and Needs of Features and Elements. Most
participants described the RoboFaceMaker as intuitive and
easy to use. P9 stated, “It is definitely easy to use. A lot of
things are self-explanatory.” Participants also reported that
they learned the system quickly and enjoyed the creative
process of animating facial expressions. P3 highlighted this
sense of engagement: “I had a lot of fun doing it with
the time frames because you could see the movement live.”
However, a few participants criticized the limited complexity
and realism of the facial designs. Across all tasks, partici-
pants relied most heavily on the eyes and mouth to create
expressions, with the eyes being the dominant feature. Color
played a particularly important role in the Warning task,
where nearly all participants used red to indicate danger.
P2 emphasized the expressive importance of the eyes: “I
would say the eyes, because the eyes are talking as much as
they can. The impressions are the most in the eyes.” Despite
these tools, many participants felt limited by the available
elements. Eyebrows were the most frequently mentioned
missing feature, mentioned by fifteen participants as crucial
for conveying emotions. P10 explained, “The elements I
missed most were the eyebrows. I think they would play a
crucial part in expressing the faces of the robots.” Other, less
often desired elements included cheeks, noses, and wrinkles.
Beyond visual elements, participants requested workflow
improvements such as the ability to copy or move keyframes,
an undo button, and additional presets to speed up the design
process. P3 suggested, “Maybe you could add a feature that
lets you copy and paste the robot faces to a different time
frame, because I had to change every keyframe individually.”

G. Implementation Iteration

Guided by the insights from this study, we made sub-
stantial improvements to the RoboFaceMaker. We added ad-
justable eyebrows to increase emotional clarity, implemented
an undo and redo system to support exploration, introduced
drag-and-drop timeline editing for precise keyframe man-
agement, and enabled users to save and reuse keyframes as
presets.

https://atlasti.com/


V. EXPRESSION DESIGN STUDY

After implementing the identified improvements, we con-
ducted a second evaluation with domain experts. The second
study focused on expressiveness, i.e., whether experts could
create high-quality facial animations that effectively con-
veyed their intended robot intentions. To capture the depth
and quality of each expert’s design process, we employed a
between-subjects design in which each participant designed
one of the four intent categories as described in [34].

A. Apparatus

We conducted the study using Zoom. Thus, participants
interacted with the improved browser-based tool while shar-
ing their screens. We recorded their screen and the audio to
capture their design process and think-aloud comments.

B. Procedure

We began by welcoming the participant, explaining the
study’s purpose, and obtaining informed consent. Then par-
ticipants completed a demographic questionnaire, the ATI
scale [35], and self-assessed their HRI, HCI, and UX ex-
pertise. We then introduced the RoboFaceMaker through a
short live demo of key features (sliders, keyframes, timeline
editing), and the preset system. We encouraged participants
to ask questions and explore the interface before beginning.
During the design phase, participants worked independently
while thinking aloud, verbalizing their reasoning. Upon task
completion, they send us their animations and presets, and
completed a post-task survey (SUS [36], NASA-TLX [37],
UEQ-S [39], and user satisfaction with self-defined items).
We concluded with a semi-structured interview. Sessions
lasted 30 to 75 min.

C. Participants

We recruited 8 domain experts (age range 27–58, M =
35.63) via our network, who did not participate in the
first study. Six participants held doctoral degrees, and two
held Master’s degrees. Participants came from five different
nationalities (German, French, Canadian, Vietnamese, and
Colombian). Participants interacted with robotic systems be-
fore. ATI scores confirmed that they were highly comfortable
with technologies (M = 5.06, SD = 0.54). All participants
had backgrounds and expertise in HCI, HRI, or UX.

D. Quantitative Results

Experts rated usability, rated via the SUS [36], positively
(M = 76.56, SD = 11.80), which corresponds to a “good”
usability range [38]. Workload, measured by the raw NASA-
TLX [37], was moderate (M = 6.63, SD = 3.70). User
experience, measured via the UEQ-S [39], was rated positive
(threshold >.8 [39]) for both pragmatic qualities (M = 1.27,
SD = 0.49) and hedonic qualities (M = 1.17, SD = 0.56).
Participants rated their satisfaction high, see Table I.

TABLE I: Results from the eight self-defined satisfaction
questions rated with VAS sliders ranging from 0 (strongly
disagree) to 100 (strongly agree).

Question M SD

I was very satisfied with the animation I created 81.9 5.4
The animation perfectly matched my imagination. 75.9 18.4
The animation I created is very suitable for the intended purpose. 89.9 10.1
The quality of the final animation is very high 65.6 23.1
The animation creation process met my expectations very well. 81.3 13.3
I feel like I completed the task very successfully 88.3 12.3
I was very successful in creating the animation I intended 84.9 14.3
The process of creating the animation felt very intuitive to me 70.8 31.6

E. Analysis of Created Animations.

We analyzed the final animations to better understand
how experts visually expressed the four robot intentions. On
average, participants used 4.88 keyframes (SD = 2.80). All
participants used the mouth, eyes, pupils, and eyebrows in all
keyframes. Participants mainly used the default background
color (bright yellow/white) for the greeting, interaction, and
information intention, except for one participant who used a
bright yellow for the interaction expression. For the warning
expression, both participants used a gradient from the default
background color to red. Across all animations, eyes were
mostly round. For all keyframes, we found that the mouth
and eyes were the most frequently manipulated features, with
eyebrows and pupils used more selectively, see Figure 4.

Greeting Intention: Both participants used a smiling
mouth that opened and closed, resembling a verbal “hello.”
Eyes were round and bright, with thin, slightly curved
eyebrows, and movements were slow and continuous. One
expert added a wink of one eye after the mouth movement.
Interaction Intention: This involved faster, more explicit
movements of both the eyes, pupils, and mouth. The inde-
pendent pupil movement suggested the robot first looked
around before “speaking.” Eyes were wider horizontally,
and animations had multiple stages. Warning Intention:
This animation was visually distinct, using a background
gradient shifting to deep red, wide-open mouths, and color
shifting and moving eyes. The eyebrows moved closer to
the eyes, with all features moving in sync. Informative
Intention: This expression showed the highest variation.
One animation used smooth, continuous movements of the
mouth and eyebrows to express curiosity, while the other
relied on discrete, stepwise changes in the eyes to indicate

Fig. 4: Screenshots of resulting facial expressions.



different informational states. In both cases, the eyes and
mouth moved independently.

Based on this, two authors collaboratively used open
coding to combine the two expressions for each intention
into one, taking into account the main features from both
experts [40]. The four resulting expressions had a consistent
style to reduce confounds and confusion (see Figure 1).
We then continued the validation study with these merged
expressions.

VI. EXPRESSION VALIDATION STUDY

To confirm whether the expressions created by the experts
are actually understandable to others, we adopted the expres-
sion elicitation approach [40]. This approach suggests first
collecting expressions based on referents, combining these
expressions into their core ideas, and then, in a second study,
validating whether a different set of participants understands
the expressions in line with the referent they were created
for. We used a within-subject design; thus, each participant
saw and interpreted the meaning of all four expressions.
We counterbalanced the order in which participants saw
the animations using a Balanced Latin Square Design and
conducted the study as an in-person lab study.

A. Apparatus

We used our ROS2 package to bring these expressions
onto a robotic head. For this, we used an open source display-
based robotic head [41], see Figure 1. Participants observed
the robotic expressions on the robotic head and then filled
out questionnaires on a separate PC.

B. Procedure

We began each session by welcoming participants, ex-
plaining the study’s purpose, and collecting their written
informed consent. After this, participants filled out a de-
mographic survey. We then asked participants to imagine
that they are in their house with their domestic robot. The
robot shows its intent via facial expressions. Participants
could then observe one of the facial expressions as often
as they wanted to. Afterward, we asked them to fill out a
short questionnaire in which they had to interpret what they
thought the robot wanted to express and rate the expression
on a scale of how understandable, noticeable, disturbing,
effective, and intrusive it was. After they were done with
all four expressions, we then showed them the intended
meanings of the expressions and let them order each of
the four intentions to one of the facial animations. We
then thanked participants for their participation. Each session
lasted approximately 10 minutes.

C. Participants

We recruited 12 (5 male, 6 female, 1 non-binary) partic-
ipants, who had not taken part in the previous studies, via
convenience sampling. Participants’ ages ranged from 26 to
33 (M = 29.67, SD = 2.50). 11 participants had a master’s
degree, and 1 had a bachelor’s degree. Participants’ ATI score
was 5.02 (SD = 0.58). One participant had never interacted,
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Fig. 5: Perceptions of the four facial expressions. Higher
scores depict higher perceived properties.

5 had interacted between 1 and 7 times, and 6 had interacted
more than 7 times with robotic systems before. Those who
have interacted with robots before, mostly named robotic
arms, Roombas, and social robots.

D. Results

In line with the expression elicitation approach, we coded
participants’ interpretations into code-groups and calculated
the qualitative response accuracy (QRA) [40].

Our iterative coding resulted in 28 labels from 48 ex-
pressions. We found 13 code groups (Attention, Communi-
cate Movement, Communicate Success, Confirmation, Error,
Excitement, Expresses Uncomfortable, Friendly, Greeting,
Negative Emotion, Request Help/Interaction, Uncertainty,
Warning About Danger). For each of the four intentions, we
determined which code groups correspond to the original
meaning of the referent used to create the facial expression.
With this, we calculated the QRA for each intention, indi-
cating how many participants correctly understood each in-
tention (Greeting: 0.25, Information: 0.67, Interaction: 0.42,
Warning: 0.67).

Furthermore, after participants interpreted all four in-
tentions, we presented them with the originally intended
intentions and then asked them to match each referent to
the four faces. Here, we found that all participants correctly
matched the warning intent, 11 of 12 correctly matched the
greeting and interaction intent, and 12 correctly matched
the information intent. This indicates that, without context,
only the Information and Warning intentions were reliably
understood, whereas with prior knowledge, all could be
reliably matched.

We asked participants five questions about their per-
ceptions of the facial expressions to gain further insights;
see Figure 5. Here we observed that they perceived the
greeting expression the least understandable and effective,
while the other three intentions were rated high. Intrusion
and disturbance were rated generally low, with warning being
perceived as higher. For noticability all were rated high, with
information and warning receiving the highest ratings.

VII. DISCUSSION

In the following, we discuss challenges and implications in
communicating intentions via facial expressions and how our



tool can support researchers in rapidly designing animations
for robot faces.

A. RoboFaceMaker Supports Rapid and Systematic Anima-
tion Design

The RoboFaceMaker primarily addresses the issue that
designing expressive robot faces is often time-consuming
and requires coding skills or predefined templates [12], [15],
limiting rapid, iterative, and user-centered design. Our work
demonstrates how researchers can design, test, and refine
animations in real time, and deploy them directly to robots
via ROS2, allowing them to focus on high-level behavior
rather than low-level implementation details. Compared to
automated generation approaches [15], the tool preserves
full authorial control, while being compatible with agentic
systems that can trigger expressions at the right time. This
combination accelerates early-stage design while maintaining
precision in expression creation.

B. Human-Like Expressions vs. Symbolic Designs
Our studies revealed a trade-off between the ease of

designing expressions and their reliability of understanding.
Human-like expressions, such as smiles or winks, were
intuitive for experts but ambiguous for users. In contrast,
expressions without human analogs, such as warnings using
the background color, were challenging to design but were
understood in the validation study. Symbolic cues proved
effective for intention communication.

Prior work highlights non-verbal communication for trust
and coordination [7], [13]. Our findings extend this by pro-
viding initial evidence that symbolic designs can offer more
reliable affective grounding [42]. Rather than replicating
human affect, grounding expressions in shared conventions
(for example, red for danger or green for readiness, i.e.,
traffic light metaphor) creates a representational language
that reduces ambiguity and supports clearer communication
of robot intentions. At the same time, such conventions are
not universal and may vary across different cultural contexts,
which future research should systematically explore.

Human-like expressions remain valuable in domains where
familiarity, empathy, and social presence are essential, such
as care, education, or companionship. However, simplified
robot expressions cannot capture the nuance of human affect
and may lead to misinterpretation or even uncanny effects if
expectations are not met [24], [21]. Symbolic strategies, in
contrast, are more discrete and less context-dependent, mak-
ing them suitable in settings where safety and transparency
are critical. These categories are not mutually exclusive,
though; hybrid designs that combine symbolic cues with
human-inspired features are a promising middle ground.

Our empirical results highlight the importance of context.
Symbolic strategies appear more reliable for safety-oriented
scenarios, while human-like designs remain engaging in
social environments.

C. Enabling a New Research Paradigm
Recent work in HRI has begun to emphasize system-

atic approaches for designing and validating robot expres-

sions. Expression elicitation methods (e.g., Leusmann et
al. [40]) and related methods in non-verbal behavior de-
sign [43], [44] highlight the importance of reproducible,
human-understandable expressions. These approaches shift
the focus from ad hoc or emotionally inspired designs toward
standardized, testable procedures.

Therefore, we provide an open tool chain for authoring,
deploying, and validating screen-based robot expressions.
RoboFaceMaker enables researchers to explore diverse ex-
pression strategies, human-like, symbolic, or hybrids, and to
compare them systematically across studies and platforms.
This creates new opportunities for cumulative knowledge
building in HRI, moving the field toward more replicable
and theory-driven research on robot expression design.

D. Limitations and Future Work

Our work has several limitations that should be considered
when interpreting the findings. First, the studies involved
small sample sizes: eight experts designing faces and 12
participants in the validation study. These findings should
be seen more as preliminary empirical findings and further
validated. Second, we focused on four intentions [34], to
ensure theoretical grounding. While this allowed for focused
exploration, a broader set of intentions is needed to fully
understand how facial expressions can communicate a wide
range of robot states and intentions. Third, more user-
centered design iterations could reveal additional needs and
refinements. For example, we plan to support pre-configured
animations, such as blinking. Finally, although we designed
the system for screen-based robots, it can also be deployed
in AR contexts through Unity streaming, enabling future
exploration of AR faces [33], [45], [46].

VIII. CONCLUSION

We introduced RoboFaceMaker, an open-source tool that
enables researchers to design and deploy expressive facial
animations for screen-based robots through a browser-based
editor with ROS2 integration. We show that the system
supports users in creating expressive facial animations for
physical robots. The findings provide evidence that symbolic
designs, such as color changes, may sometimes be clearer for
conveying intention than human-like expressions, although
further work is needed to explore their use across different
contexts. By lowering the prototyping barrier and support-
ing reproducible experimentation, RoboFaceMaker offers a
foundation for systematic research on how robot faces can
foster trust, coordination, and communication in HRI.
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D. Dooley, and R. Mead, “Vizij: A workshop & tutorial
on expressive robot faces,” in Companion HRI. ACM, 2026.
https://doi.org/10.1145/3776734.3789491

[32] V. Schwind, K. Wolf, and N. Henze, FaceMaker—A Procedural Face
Generator to Foster Character Design Research. Springer, 2017.
https://doi.org/10.1007/978-3-319-53088-8 6

[33] J. E. Young, M. Xin, and E. Sharlin, “Robot expressionism through
cartooning,” in HRI. ACM, 2007. https://doi.org/10.1145/1228716.
1228758

[34] M. Pascher, U. Gruenefeld, S. Schneegass, and J. Gerken, “How to
communicate robot motion intent: A scoping review,” in CHI. ACM,
2023. https://doi.org/10.1145/3544548.3580857

[35] C. A. Thomas Franke and D. Wessel, “A personal resource
for technology interaction: Development and validation of the
affinity for technology interaction (ATI) scale,” J. of HCI, 2019.
https://doi.org/10.1080/10447318.2018.1456150

[36] J. Brooke, “SUS-A quick and dirty usability scale,” Usability evalua-
tion in industry, 1996.

[37] S. G. Hart, “Nasa-task load index (nasa-tlx); 20 years later,”
Human Factors and Ergonomics Society Annual Meeting, 2006.
https://doi.org/10.1177/154193120605000909

[38] J. Brooke, “Sus: a retrospective,” Journal of Usability Studies, 2013.
[39] M. Schrepp, A. Hinderks, and J. Thomaschewski, “Design and

Evaluation of a Short Version of the User Experience Questionnaire
(UEQ-S),” J. of Inter. Multimedia and AI, 2017. https://doi.org/10.
9781/ijimai.2017.09.001

[40] J. Leusmann, S. Villa, T. Liang, C. Wang, A. Schmidt, and S. Mayer,
“An approach to elicit human-understandable robot expressions to
support hri,” in CHI. ACM, 2025. https://doi.org/10.1145/3706598.
3713085

[41] J. Leusmann, J. Wiese, M. Ziarko, and S. Mayer, “Investigating
opportunities for active smart assistants to initiate interactions with
users,” in I. C. on Mobile and Ubiquitous Multimedia. ACM, 2023.
https://doi.org/10.1145/3626705.3631787

[42] M. F. Jung, “Affective grounding in hri,” in HRI. ACM, 2017.
https://doi.org/10.1145/2909824.3020224

[43] A. B. V. D. Nguyen, J. Leusmann, S. Mayer, and A. Vande Moere,
“Eliciting understandable architectonic gestures for robotic furniture
through co-design improvisation,” in HRI. IEEE, 2025. https:
//doi.org/10.1109/HRI61500.2025.10973858
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