
Magic Gaze: Enabling Seamless Control of IoT Devices Through
Eye Tracking

Kenan Bektaş
kenan.bektas@unisg.ch
University of St. Gallen
St.Gallen, Switzerland

Tobias Ettling
tobias.ettling@unisg.ch
University of St. Gallen
St. Gallen, Switzerland

Simon Mayer
simon.mayer@unisg.ch
University of St. Gallen
St.Gallen, Switzerland

Jannis Strecker-Bischoff
jannis.strecker-bischoff@unisg.ch

University of St. Gallen
St.Gallen, Switzerland

Abstract
Hands-free control offers natural and intuitive interaction with
devices, particularly in scenarios where traditional input methods
are impractical. We introduce an extensible framework that inte-
grates eye tracking, object detection, and gesture recognition to
study intended and unintended interactions with Internet of Things
(IoT) devices. To develop our framework, we conducted a structured
experiment with 9 participants, focusing on identifying natural and
intuitive interaction behaviors in different situations. The results
showed that users intuitively combined gaze- and head-based ges-
tures, showing the potential of head/gaze combinations as input
mechanisms, specifically for directional movements. On this basis,
we propose a system for hands-free interaction and control of IoT
devices with intuitive gaze- and head-based gestures. We report
on our promising findings as well as on limitations with respect
to accurately distinguishing intention in real-world conditions. All
our code1 is publicly available, ensuring the reproducibility and
extension of our findings.

CCS Concepts
• Computing methodologies → Perception; Object detection;
•Human-centered computing→Ubiquitous andmobile com-
puting systems and tools; Gestural input.
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1 Introduction
From physical switches to voice commands, the possibilities of
human interaction with devices have evolved significantly and

1https://github.com/Interactions-HSG/MagicGaze
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technology continues to push the boundaries of seamless interac-
tion. One promising frontier is the use of gaze as an input modality.
Gaze-based interaction capitalizes on the natural human tendency
to look at objects of interest (cf. [Bednarik et al. 2012; Bektaş 2020;
Bolt 1980, 1981; Velloso et al. 2016]), offering a hands-free and intu-
itive way to control devices (cf. [Heravian et al. 2019; Istance et al.
2010]). This approach is particularly valuable in contexts where
traditional interaction methods may not be feasible, such as acces-
sibility for people with physical disabilities or in environments that
require hands-free operation, such as operating rooms or industrial
settings. Although eye movements have been extensively studied as
a cue for understanding human intention, their potential to control
Internet of Things (IoT) devices remains underexplored. Many ex-
isting smart devices provide functional Application Programming
Interfaces (APIs) that support automation and remote control, but
these solutions primarily rely on conventional input methods such
as smartphones or voice assistants. Bridging natural human gaze
flow—e.g., through tracking gaze-contingent overt attention—and
functional capabilities of smart devices hence represents a signifi-
cant opportunity for innovation.

To enable seamless and intuitive control of IoT devices (cf. [Mayer
et al. 2014; Weiser 1999]), we aim to build a meaningful mapping
between device-affordances and user-intentions by leveraging eye
tracking; hence, we name our approach Magic Gaze. The central
idea is to minimize the need for explicit intermediary interfaces and
create more natural interaction experiences by detecting gaze pat-
terns (cf. [Bednarik et al. 2012; Bulling and Gellersen 2010; Istance
et al. 2010]) and mapping them to specific device interactions while
combining with other modalities, such as head movements—think
of a smart lamp that users could look at and "nudge brighter" using
their head; or a robot that a user could slow down by giving it a
skeptical frown.

Implementing such a system poses several challenges: First, de-
tecting and interpreting eye-movement-related gestures (e.g., head
nods or shakes while fixating at objects) with high accuracy requires
robust algorithms that can handle variations in lighting, user behav-
ior, and device configurations. Second, associating such gestures
with specific objects in real time involves precise object detection
and event synchronization, ensuring that the system accurately
identifies the interaction target. This workmakes two contributions:
First, we developed a prototype system that combines eye tracking
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with object detection and head movement tracking to enable gaze-
based device control. Second, we evaluated the effectiveness of this
system through a user study that demonstrates its applicability in
a smart home environment.

2 Related Work
Gaze-based interaction has received significant attention in recent
years as an intuitive and hands-free modality for controlling devices.
Early studies, such as those by [Belardinelli et al. 2015], explore how
gaze strategies are goal-oriented and adapt to object interaction.
Similarly, [Brouwer et al. 2009] demonstrate differences in gaze
patterns when viewing versus grasping objects and highlighted the
nuanced relationship between gaze and intention. [Istance et al.
2010] define spatial layouts for a gaze gesture interface that was
particularly suitable for command selection to control a multiplayer
online game. [Fuchs and Belardinelli 2021] propose methods to
estimate user intention through gaze during shared autonomy tasks,
emphasizing its utility in robotics and industrial settings.

Our research builds on the premise that gaze can act as a reliable
non-verbal cue to supplement or replace verbal or manual inputs
and without presupposing specific interface layouts (cf. [Istance
et al. 2010]). For example, eye tracking can be used in augmented
reality (AR) environments to predict human activities and provide
them with contextual feedback when they interact with physical
objects [Bektaş et al. 2023]. Similarly, gaze-enabled AR headsets
can be used to facilitate collaboration and mutual understanding
through non-verbal communication between humans [Bektaş et al.
2024]. In combination with visual (e.g., [Jocher and Qiu 2024]) or
multi-modal (e.g., [Strecker et al. 2023]) frameworks for precise and
real-time detection and identification of objects in dynamic settings,
this creates a credible pathway for systems that can interpret and act
on user intent in multi-device environments; and pupillometry may,
on top, provide insights into the cognitive workload of users when
they interact with devices [Hostettler et al. 2023]. These findings
motivate research on integrating eye tracking with advanced object
recognition and human-computer interaction applications, and we
see significant opportunities for this combination in IoT systems.

3 Methodology
To enable gaze-based device control, we developed a framework
(Figure 1-a) comprising three core components. 1) Gaze at Object
Detection (Section 3.1) identifies the device the user intends to
interact with. 2) Gaze Gesture Detection (Section 3.2) captures
interaction behavior from gaze and head movements. 3) Device
Control Service (Section 3.3) defines behavior triggers and exe-
cute actions via the device’s Thing Descriptions (TDs) [W3C 2023].

Our framework is built on Pupil Core [Kassner et al. 2014], utiliz-
ing a lightweight mobile eye tracker that includes two infrared (IR)
eye cameras (200 Hz) and a scene camera (720𝑝 at 60Hz) to capture
the user’s field of view. The open-source Pupil Core software suite is
built on an extensible plugin-driven architecture written in Python.
We integrate plugins that analyze both the gaze and camera feed to
capture user interactions and intentions. However, eye movements
can also be non-intentional. To overcome issues such as the Midas
Touch problem [Jacob 1995], we orchestrate our custom plugins to
create sequence patterns of staged interaction events. For instance,

the user can (1) look still at a device, (2) perform a gesture, (3) look
still again and (4) look away (cf. [Bednarik et al. 2012; Land and
Hayhoe 2001]). We conducted an observational user experiment
(see Section 4) to identify intentional interaction patterns that allow
fine grained control of various IoT devices. The findings obtained
from this experiment allowed us to finetune the mapping between
gaze gestures and device affordances and informed the design of
Device Control Service component in our framework (Figure 1-c).

3.1 Gaze at Object Detection (GOD)
In our setup, we explore the interaction with diverse IoT devices,
including a robotic arm, a lamp, a tractor bot, a speaker, and a mi-
crophone. Using the front-facing scene camera of the eye tracker,
we used the YOLOv11s object detection model from the Ultralytics
repository [Jocher and Qiu 2024] as the foundation and fine-tuned
it on a custom dataset created within our lab. The model achieved
an accuracy of 99.5% on the test split of the dataset, demonstrating
high performance when used in the lab environment where the
training data was collected. Although building a highly general-
izable model was not our primary objective, it could be achieved
through additional measures such as collecting diverse training data
across multiple settings, employing data augmentation techniques,
or fine-tuning the model for specific contexts.

Running YOLOv11s at the frame rate of the scene camera was
not feasible for real-time processing. Specifically, the inference time
for YOLOv11s is approximately 2.5ms on a TensorRT10 (T4) GPU.
Therefore, we opted to run inference only upon a trigger event
(i.e., a fixation) published by the Pupil Capture’s built-in fixation
plugin (see Figure 1). The trigger event can be easily configured
to calibrate its sensitivity for different users. If a fixation event is
published, the GOD plugin starts predicting the bounding boxes
around all detected devices (ignoring low confidence results < 0.5):

𝐵𝑖 = {(𝑥min, 𝑦min), (𝑥max, 𝑦max)}
Then it checks if the position of the recent fixation (𝑥pos, 𝑦pos) is
within one of the detected bounding boxes.

𝑥min ≤ 𝑥pos ≤ 𝑥max and 𝑦min ≤ 𝑦pos ≤ 𝑦max

As soon as this condition is fulfilled, GOD publishes an event pro-
viding details such as the object’s identifier, the fixation position,
and the bounding box coordinates. Due to Midas Touch problem,
a fixation alone may not always reliably determine the object of
interest. However, our work relies on the assumption of overt atten-
tion, that is, a user’s deliberate interaction or intent to control a device
starts with a fixation event. Now imagine a device that first becomes
aware of the (overt) visual attention of a user. In the next step, the
device is expected to react (i.e., implement one of its affordances)
with respect to the intention of the user.

3.2 Gaze Gesture Detection
In our framework, we focus on detecting three gaze-contingent
gestures: (1) head movements during a fixation, (2) blinks while
gazing at a device, and (3) saccadic movements in relation with a
device of interest. We integrate each method as a plugin within the
Pupil Capture software, enabling simultaneous capture of various
interaction behaviors. To evaluate the intuitiveness and seamless-
ness of gesture behaviors, we conducted an experiment to assess
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Figure 1: (a) Overview of the Magic Gaze framework. The built-in plugins (blue) include the gaze tracker, blink detector, fixation
detector, and the camera stream onto which gaze is mapped. Our custom-developed plugins (green) comprise the Gaze at Object
Detector (GOD), Saccade Gesture Detector (SGD), Head Gesture Detector (HGD), and Blink Gesture Detector (BGD). (b) General
interaction workflow among the plugins. Once a fixation is detected, the Gaze at Object Detector (GOD) identifies known devices
in the current scene. If the fixation falls on one of these devices, the gesture detection plugins begin monitoring subsequent
gaze behavior. Then, the detected gesture is published to the event space. If no valid gesture is recognized, no event is published
and the system waits for the next GOD event. (c) Affordance mapping workflow: The Device Control Service (DCS) can subscribe
to all gesture events or only a selected subset, and maps these events to device affordances using the corresponding thing
description [W3C 2023]. Please see our public repository: https://github.com/Interactions-HSG/MagicGaze

which behaviors felt most natural to participants. The results are
presented in Section 4.

3.2.1 Head Gesture Detector. Due to vestibulo-ocular reflex (VOR),
the eyes move smoothly in the opposite direction of head motion
to stabilize the line of sight in space [Fetter 2007]. This allows us
to track head movements from gaze recordings and define head
gestures based on movement paths, such as nodding, tilting, or
shaking [Špakov and Majaranta 2012]. Our Head Gesture Detector
(HGD) monitors the point-to-point (ptp) distance for incoming gaze
points after a fixation-on-object event is published by the Gaze
at Object Detector (GOD). For subsequent gaze points, we check
if the ptp distance falls within the smooth transition range, using
the distance to the fixation position for the first gaze point. This
ensures accurate detection of head movements while fixating on
a stationary object. In contrast to previous solutions [Špakov and
Majaranta 2012], the smooth gaze path begins when the gaze leaves
a predefined proximity region around the initial fixation and ends
when the gaze returns to that region, and a fixation is detected (see
Figure 2).

Now that we can track head movements while fixating on the
object, we can define unique head movements to control a device
(Figure 2). We define a head gesture as a smooth path that begins at
the fixation position 𝐹𝑂pos = (𝑥pos, 𝑦pos) of the GOD event, moves a
minimum distance 𝜎norm = 0.25 (25% of the normalized coordinate
space) away, and ends as soon as the gaze returns within a distance
around the 𝐹𝑂pos and a fixation is detected. We then calculate the
angle between the average gaze position for points outside the
minimum distance threshold and the fixation position. Then we
map the angles to control signals: up (225◦ to 315◦), down (45◦ to

135◦), left (0◦ to 45◦ and 315◦ to 360◦), and right (135◦ to 225◦),
considering that the movement is opposite to the head motion.

3.2.2 Blink Gesture Detector. This gesture is relatively simple and
has already been used to emulate a button press action [Królak and
Strumiłło 2012], which requires explicit mapping of unintentional
(passive) and intentional (active) eye blinks. [Stern et al. 1984] found
that natural eye blinks typically last between 150 and 400 ms, while
voluntary blinks (active) are longer. The built-in Blink Detector
(BD) of Pupil Core identifies a blink event based on a drop in pupil
detection confidence, which occurs when the eyelids obscure the
pupils. Using BD we effectively measure only the onset 𝑜start, offset
𝑜end, and duration 𝑑 = 𝑜end − 𝑜start of the blink events. Our Blink
Gesture Detector (BGD) plugin functions as a conditional data relay
for the existing BD and uses a threshold (𝑑 > 500 ms) to separate
intentional from unintentional blinks. It is staged after the GOD
plugin and is triggered by a fixation-on-object event. When the
trigger is published, it listens for incoming blink events and if a
blink falls above the duration threshold we publish a blink-at-object
gesture event (Figure 1). In order to determine whether the blink is
still towards the object we monitor if consecutive gaze points fall
within a proximity threshold of the initial fixation position 𝐹𝑂pos
of the fixation-on-object event (GOD). We designed the BGD to
function exclusively as a binary control input, making it suitable
for toggle-based interactions.

3.2.3 Saccade Gesture Detection. Saccades have been used in hu-
man computer interfaces [Soltani and Mahnam 2016]. Saccade Ges-
ture Detector (SGD) uses them as an interaction control signal
intentionally directed towards a device, detected by the GOD plu-
gin. In SGD, we define a saccade gesture as a fast eye movement
from a defined origin, towards a direction, and back to the origin. As

https://github.com/Interactions-HSG/MagicGaze
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Figure 2: Visualization of the Head Gesture Detector (HGD). Left: the user performs a rightward head sway while maintaining
fixation on the target device. Center: the resulting gaze trajectory, color-coded by head position. The red dot marks the initial
Gaze at Object (GOD) event (fixation on the object), and the green dashed circle indicates the proximity threshold around the
fixation. Once the gaze leaves this region, subsequent samples are evaluated for a smooth trajectory. When the gaze returns
within the threshold and a fixation is detected (green dot), the gesture is considered complete and published to the event space.
Right: Example recordings (from the HGD plugin) of how a head gesture can be used to draw different smooth gaze trajectories.

the GOD plugin publishes the 𝐹𝑂pos (fixation-on-object position),
SGD monitors saccadic movements [Salvucci and Goldberg 2000].
If the gaze returns to 𝐹𝑂pos after a saccadic event and within a time
window of 500 ms, the gesture is considered complete. Finally, the
plugin publishes an event that contains the object name, gesture
type, and direction of saccade.

3.3 Device Control Service
The Device Control Service (DCS) maps the high-level interaction
cues—HGD, BGD, and SGD—to actionable commands that modify
the state of IoT devices that are detected by GOD and connected via
MQTT or HTTP protocols. Leveraging Thing Descriptions (TDs) to
provide a standardized semantic interface [Strecker et al. 2022], the
DCS retrieves device affordances and properties in JSON format
to interpret gestures such as turning devices on/off or adjusting
brightness.

Upon receiving a trigger event from one of the gesture detection
plugins, the DCS queries the corresponding device’s TD to retrieve
both its current state and affordance details. Because the TD reflects
the real-time status of the device, the DCS can dynamically map
detected gestures to context-appropriate actions. For example, if a
lamp is currently off, the system can define any head tilt gesture
to turn it on. Subsequently, once the device state is on, a head tilt
up gesture can be mapped to increase its brightness. Once the de-
sired action is determined, the DCS communicates with the IoT
device using the interfaces defined in the TD. The DCS operates in
a topic-based communication framework (Figure 1-b), subscribing
to gesture events and publishing action confirmation messages.
This architecture ensures modularity, allowing the system to easily
accommodate additional devices or interaction modalities without
reconfiguring the entire pipeline. Additionally, the event-driven
communication model ensures that the system remains responsive
and scalable in multi-device environments. The event space consol-
idates real-time data from all components of the system, creating a
synchronized interaction loop.

4 User Experiment
To identify intentional interaction patterns that allow fine grained
control of various IoT devices, we conducted a controlled experi-
ment. In this experiment, we asked users to interact with IoT devices
in a proxy smart environment using gaze and head gestures. In this
setting, our objective was to observe their natural behavior and, ac-
cordingly, finetune our framework. Hence, we tested the following
hypotheses:

• H1: Interaction Time will be longer for Adjustment and
Movement prompts compared to Toggle prompts.

• H2: All interactions will begin with a fixation on the target
object.

• H3: For Movement prompts, head movements will align with
the prompted direction.

• H4: Saccadic movements for Movement prompts will follow
the prompted direction.

• H5: Intentional blinks for controlling devices will exceed 400
ms in duration.

Participants:We recruited 12 voluntary bachelor’s and master’s
students aged between 18 and 28 years, but due to technical issues,
we used data from nine (three female and six male) participants.

Environment and Setup: The setup included multiple IoT de-
vices that are positioned at about 2 meters around the participant
to ensure a clear view and accessible interaction via gaze and head
gestures. Table 1 provides a detailed summary of the interaction
types, specific actions performed on each device, and the number
of trials conducted for each action.

Procedure: Each session began with a nine-point eye calibra-
tion. The main experiment consisted of prompts issued via the
computer’s speakers, instructing participants to perform specific
interactions with the devices using only their gaze and head ges-
tures. These prompts were categorized into three interaction types:
Toggle (Binary actions such as turning a lamp on or off), Adjust-
ment (Continuous actions such as dimming a lamp or adjusting
microphone volume), and Movement (Directional actions such as
moving a robotic arm or toy car). Upon hearing a prompt, they
interacted with the specified device using gaze and head gestures.
The eye tracker then recorded gaze data, head movements, and
blink patterns during each interaction. A Python script ensured the
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Table 1: Summary of control interaction types, devices, and actions. “Trials” indicates the number of times each action was
prompted. Each trial used unique devices: three lamps, two robotic arms, one microphone, one conveyor belt, one toy car, and
one mouse.

Type Device Action Trials Type Device Action Trials

Toggle

Lamp Turn On 3

Adjustment
Lamp Brighten 3

Turn Off 3 Dim 3

Robot Gripper Open 1 Microphone Increase Volume 1
Close 1 Decrease Volume 1

Microphone Mute 1

Movement

Robotic Arm Move Up 2
Unmute 1 Move Down 2

Arm + Conveyor Move Left 2
Move Right 2

Toy Car (A) + Mouse (B)
Move A→B (Left) 1
Move B→A (Right) 1

Table 2: Annotations used to describe participant behavior
observed during the eye-tracking experiment.

Annotation Description

Object Glance (OG) Participant only looked at the object for a period
of time.

Object Blink (OB) Participant blinked while focusing on the object.
Short-Saccades (SS) Participant exhibited Short-Saccades within the

object’s bounding box.
Head Gesture (HG) Participant moved their head in a direction (Up,

Left, Right, Down) to interact with the object.
Directed Saccades
(DS)

Saccadic movements toward a direction, starting
from the object, moving outwards, and back.

Sequential Fixations
(SF)

Participant fixated on the object and then on a
direction toward the movement prompt.

experiment’s standardization by automating prompt delivery and
timing between interactions. Each interaction began with the ex-
aminer manually starting the recording in the Pupil Core software,
and the recording ended once the participant completed the inter-
action. Random delays of 3–7 seconds were introduced between
prompts to minimize anticipation effects. In this experiment, we
measured interaction time (i.e. duration from gaze initiation on the
target object to the return of gaze to the cognitive task); the count
and duration of blinks before, during, and after interactions; head
movements (i.e. smooth pursuit movements and angles relative to
the target object), and saccadic movements (i.e. rapid gaze shifts dur-
ing movements). The independent variable was the type of prompt
(Toggle, Adjustment, or Movement) given to participants.

5 Results and Discussion
The data contained 252 samples recorded from 9 participants for
28 interaction prompts. In addition, three participants repeated
seven trials with different gestures. Hence, the analysis included
259 sample recordings. We manually cropped each recording to the
interaction time window, noting whether the participant blinked
shortly before or after the window, as this informationwas excluded.
Additionally, we annotated the observed interaction behavior (see
Table 2).

Almost all participants began the interaction by focusing on the
object, and only in 32 out of 259 recordings, no initial fixation was
detected, likely due to a drop in gaze data confidence, as participants
blinked approximately 55% of the time before the interaction time
window began. In 73% of the samples, the interaction ended with
a fixation on the object. Figure 3 (left) illustrates the frequency of
each interaction behavior for the different control interaction types
(see Table 1). In toggle tasks, participants predominantly exhibited
Object Glance (OG) and Object Blink (OB) behaviors. In Adjustment
tasks, Short-Saccades and Head Gestures (HG) were most common,
while in Movement tasks, Sequential Fixations (SF) and Head Ges-
tures (HG) were the most prominent. We did not observe Object
Glance (OG) and Object Blink (OB) behaviors during the Movement
tasks. For each action type, we analyze the normalized interaction
duration across all participants (Figure 3). Toggle actions, except for
Toggle Open and Toggle Close (relates to the gripper of the robotic-
arm), had the shortest interaction durations. In contrast, Movement
Right/Left and Adjustment Increase/Decrease actions generally took
longer on average.

To analyze Head Gesture behaviors, we applied OpenCV’s Lucas-
Kanade optical flow algorithm to estimate the displacement of key
features in each frame of the video recorded during the interaction
[Lucas and Kanade 1981]. In all trials that involved movement
actions and where a Head Gesture was expected (49 out of 259),
we compared the estimated camera movement with the prompted
movement direction and found an alignment between them in
43 out of the 49 trials (87.76%). Head movements while fixating
on the object were observed in 4 out of the 9 participants. In 27
of 259 trials with Directed Saccades participants were expected
to exhibit saccadic movements away from the object towards a
specified direction. We found that Directed Saccades aligned with
the prompted direction in 26 of the 27 (96.30%) trails. The Object
Blink behavior occurred in 35 of the 259 trials. The mean blink
duration was approximately 259 ms, with a standard deviation of
151 ms. Additionally, we observed that blinks were often combined
with other behaviors. Below,we interpret these preliminary findings
that motivate us to conduct more detailed studies in the future.

Hypothesis H1: Interaction Time will be longer for Adjustment
and Movement prompts compared to Toggle prompts. Our findings
support this hypothesis. As shown in Figure 3, toggle actions had
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Figure 3: Overview of the experiment results. Left: Duration of interaction time windows for different action types, normalized
(z-score) per participant. Colors indicate the high-level interaction type (Toggle, Adjustment, and Movement Interactions).
Right: The count of annotations (observed interactions) for each control interaction type: Object Glance (OG), Object Blink
(OB), Short-Saccades (SS), Head Gesture (HG), Directed Saccades (DS) and Sequential Fixations (SF).

the shortest duration, whereas Adjustment and Movement actions
took significantly longer. Among toggle actions, Toggle Open/Close
for the robotic arm’s gripper exhibited slightly longer durations,
which can be interpreted as wrong assumption of the intention-
affordancemapping. Opening the gripper can arguably be seen as an
adjustment due to the need for precise alignment before triggering
the action.Move Left/Right andAdjustment Increase/Decrease actions
had the longest durations, suggesting that fine-grained control
actions require longer interactions.

Hypothesis H2: All interactions will begin with a fixation on the
target object. In 87.65% of the trials, the interaction began with a
fixation on the target device, highlighting its importance in gaze-
based device control. However, in 32 trials, no initial fixation was
detected. This was likely due to low tracking confidence often
caused by the blinks just before the interaction (55% of cases).

Hypothesis H3: For Movement prompts, head movements will
align with the prompted direction. In trials involving movement
actions, we observed a strong alignment between the prompted
direction and the head movements. This suggests that head move-
ments were naturally aligned with user’s intention.

Hypothesis H4: Saccadic movements for Movement prompts
will follow the prompted direction. In 96.30% of the trials, where
Directed Saccades (DS) were expected, the estimated saccadic direc-
tion aligned with the direction of the prompted movement. This
suggests that users naturally employ saccadic movements as part
of their interaction strategy, making them a reliable control input.

Hypothesis H5: Intentional blinks for controlling devices will
exceed 400 ms in duration. Across 35 trials where we expected the
Object Blink (OB) behavior, the mean blink duration (259 ms, SD =
151 ms) remained within the natural blink duration (shorter than
the 400 ms threshold) as reported in previous studies. Unless a

blink is part of a deliberately staged interaction sequence (that is,
when the users are trained or informed), for intentional blink-based
gestures, we recommend setting the threshold longer than 500 ms
as we implemented in the BGD (Section 3.2.2).

5.1 Limitations and Challenges
Despite promising findings, we must acknowledge several limita-
tions of our work. First, while the system successfully detected
gaze-based interactions, there were cases of data loss due to blinks
or low tracking confidence. This highlights the need for more ro-
bust tracking, particularly in uncontrolled environments. Another
limitation concerns the variability in user behavior observed across
participants. Some individuals relied more on head gestures, while
others favored saccadic movements. This variability suggests that a
personalized interaction model (cf. [Strecker et al. 2025]) — one that
adapts to individual user preferences — could enhance overall us-
ability. Furthermore, our experiment was conducted with only nine
participants and a limited number of recordings, which does not
represent broader user behavior. Finally, we conducted the experi-
ment in a controlled setting with predefined prompts. Although this
ensured consistency, it may not fully reflect spontaneous real-world
interactions. Future research should evaluate gaze-based interac-
tions in realistic environments, such as smart homes or industrial
settings, to better capture the complexity of natural user behavior.

We propose several recommendations for future work in gaze-
based interaction design: Since gaze behavior varies between users,
integrating machine learning techniques (cf. [Bednarik et al. 2012;
Bektaş et al. 2024]) to dynamically adapt control sensitivity could
improve precision through the development of adaptive gaze mod-
els. Furthermore, future studies should document the merits of
Magic Gaze by systematically comparing it to more conventional
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hands-free interaction modalities (e.g., voice or touch). Future sys-
tems could also incorporate contextual information (cf. [Dogan et al.
2024]), such as user intent prediction, environmental conditions,
or device states, to enhance interaction reliability through context-
aware gaze control. Finally, given the variability in blink behavior,
refining blink-based interactions through dwell-based validation
mechanisms could enhance selection accuracy.

Challenges remain in designing robust and user-friendly gaze-
based systems. Strecker et al. [Strecker et al. 2023] underscored the
importance of combining heterogeneous data sources to improve
the reliability of gaze-based interactions in mixed reality (MR) en-
vironments. In addition, ethical and privacy considerations must
be addressed in the design of gaze-based interfaces [Kröger et al.
2020]. For example, recent research proposed privacy-preserving
mechanisms in human-agent collaboration [Grau et al. 2024] and
human activity recognition [Bektaş et al. 2024], making sure gaze
data are used responsibly.

6 Conclusion
We explored the feasibility Magic Gaze: integrating eye tracking
with object detection and gesture recognition to enable seamless
hands-free control of IoT devices. Through a structured experiment,
we systematically assessed how individuals intuitively employ gaze-
and head-based gestures to control devices. Our findings indicate
that gaze-based control is intuitive and viable, particularly for bi-
nary (toggle) actions and directional (movement) commands. We
observed that users naturally rely on fixations, head gestures, and
directed saccades as part of their interaction strategy. While our
results are promising several challenges remain. Variability in user
behavior suggests that a personalized interaction model could en-
hance usability by adapting to individual preferences. Additionally,
gaze tracking accuracy must be improved, especially in real-world
conditions where lighting variations and involuntary blinks impact
detection reliability. Looking ahead, we propose two key directions
for advancing gaze-based interaction systems: The first involves
incorporating machine learning techniques to dynamically adjust
control sensitivity based on individual user behavior, enabling more
adaptive gaze models that respond to varying interaction patterns.
The second direction focuses on leveraging environmental context
and user intent prediction to improve interaction accuracy, allow-
ing future systems to become more context-aware and responsive
to the conditions in which they are used. This work contributes
to the growing field of gaze-based human-computer interaction,
demonstrating its potential for hands-free control in smart envi-
ronments.
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