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Abstract

This work presents a low-power embedded eye-tracking system
based on Photosensor Oculography (PSOG) and evaluates light-
weight calibration-driven distance-based classifiers for discrete
gaze-zone estimation in smart eyewear. The proposed prototype
integrates infrared LEDs and photodiodes within a commercial
frame and uses sequential illumination to generate 32-dimensional
feature vectors at 1 kHz with minimal computational cost. Distance-
based classifiers, including Euclidean, standardized Euclidean, and
Mahalanobis metrics, were first evaluated using a humanoid ro-
bot with human-like ocular geometry under controlled conditions.
The selected methods were then extensively evaluated on a human
dataset comprising 29 subjects under varying illumination condi-
tions. Results show that the Mahalanobis distance achieves the
highest accuracy, while dimensionality reduction improves robust-
ness under changing lighting. A PCA-Mahalanobis configuration
provided the best accuracy-complexity trade-off, while stronger
feature reduction combined with Euclidean distance enabled com-
petitive performance at very low computational cost, supporting
deployment on both high-performance and embedded smart eye-
wear platforms.
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1 Introduction and State of the Art

Eye tracking measures gaze direction and eye movements, provid-
ing insight into visual attention and human-computer interaction.
It has become a key tool in fields including psychology, neuro-
science, HCI, market research, and medical diagnostics [Duchowski
2017; Mele and Federici 2012; Wade and Tatler 2005].

Modern eye trackers often rely on video-based approaches, where
cameras image the eyes and extract features such as the pupil cen-
ter or corneal reflections [Crane and Steele 1985; Dodge and Cline
1901]. Although accurate and widely adopted, these systems require
substantial computational resources, continuous image acquisition,
and relatively bulky optics. Their high power consumption, sensi-
tivity to environmental conditions, and mechanical footprint pose
significant challenges for integration into lightweight wearable
smart glasses, where constraints on size, battery life, and aesthetics
are critical.

To enable pervasive and unobtrusive eye tracking, low-power
camera-free alternatives have gained increasing interest. Among
them, Photosensor Oculography (PSOG) relies on infrared LEDs
and photodiodes to measure reflected light from the eye [Kumar and
Krol 1992; Van Den Berg and Spekreijse 1997]. Because the reflected
infrared signal varies systematically with eye orientation, PSOG can
map these variations to gaze direction with minimal computational
effort and very low power consumption, while also supporting high
sampling rates and low latency suitable for wearable and embedded
platforms.
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More broadly, a wide range of eye-tracking technologies exists.
Video-based approaches remain dominant, including feature-based
systems such as PCCR [Cornsweet and Crane 1973; Crane and Steele
1985] and appearance-based machine-learning methods [Larrazabal
et al. 2019; Zhang et al. 2015], but their processing demands and
power consumption limit integration into consumer smart eyewear.
Other non-imaging alternatives, such as electro-oculography [Es-
trany and Fuster-Parra 2022] and scleral search coils [Sprenger et al.
2008], avoid image processing but introduce limitations in comfort,
drift, or invasiveness. Dynamic Vision Sensors have also shown
promise for high-speed gaze estimation [Angelopoulos et al. 2021],
although their processing pipeline remains complex for embedded
smart glasses.

Within this landscape, PSOG stands out for its simplicity, scal-
ability, and extremely low power requirements. Its challenges re-
late primarily to sensor placement, sensitivity to frame slippage,
inter-user anatomical differences, and the nonlinear relationship
between reflectance patterns and gaze direction [Palmero et al.
2023; Pezzoli et al. 2026; Van Den Berg and Spekreijse 1997]. Even
small sensor displacements relative to the eye can significantly alter
reflectance patterns and degrade calibration accuracy, as shown
in parametric analyses of PSOG designs [Rigas et al. 2018]. Con-
ventional approaches often rely on regression models to estimate
continuous gaze angles, but recent work highlights the effective-
ness of classification-based strategies [Pettenella et al. 2025; Pezzoli
et al. 2025], particularly lightweight distance-based classifiers for
zone-based gaze estimation [Pettenella et al. 2025]. In this per-
spective, discrete gaze-zone estimation is not intended to replace
continuous eye tracking, but rather to provide a low-power and
embedded-friendly solution for applications in which coarse spatial
gaze information is sufficient, including context-aware interaction,
menu navigation, attention-aware interfaces, and region-of-interest
detection in pervasive smart-eyewear settings.

Building on these advantages, this article investigates distance-
based classifiers for discrete gaze-zone detection using an embed-
ded PSOG prototype. The work combines simulation-driven hard-
ware design, optimized illumination geometry, and tailored fea-
ture extraction to enable reliable signal acquisition in a fully in-
tegrated smart-glasses form factor. Within this framework, light-
weight calibration-driven classifiers based on Euclidean, standard-
ized Euclidean, and Mahalanobis distances for embedded deploy-
ment are compared. Experiments on synthetic eyes, robotic systems,
and human subjects provide a multi-stage validation of the approach
and highlight the trade-off between classification robustness and
computational cost in battery-powered wearable eye tracking.

2 Embedded PSOG Prototype

The proposed eye-tracking system is implemented on a battery-
powered smart-eyewear prototype designed for continuous opera-
tion under the constraints of wearable devices. The Photosensor
Oculography (PSOG) front-end integrates four infrared LEDs and
four photodiodes per lens, embedded within the frame and posi-
tioned through simulation to maximize sensitivity to eye move-
ments while remaining unobtrusive [Pezzoli et al. 2026]. The PSOG
working principle is illustrated in Figure 1.
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Figure 1: PSOG operating principle: The LED emits infrared
(IR) light that reflects off the eye and is captured by the
photodiode (PD). For clarity, only one LED and one PD are
illustrated.

Infrared reflectance is acquired using a sequential illumination
strategy coordinated by the microcontroller. Each LED is activated
in turn while the four photodiodes are sampled, producing six-
teen measurements per lens. An additional dark acquisition with
all LEDs off is used to compensate for ambient illumination and
electronic offsets. After dark subtraction, measurements from both
lenses form a 32-dimensional feature vector per gaze sample. The
acquisition pipeline is highly efficient, generating one feature vector
every millisecond and supporting inference rates of approximately
1 kHz [Pezzoli et al. 2025].

Preprocessing is limited to lightweight temporal smoothing, av-
eraging the last five samples of each feature to improve noise ro-
bustness without adding computational cost. The resulting repre-
sentation preserves the infrared reflectance spatial structure needed
for reliable gaze-zone classification while maintaining low latency.

The prototype also integrates auxiliary sensors, including a time-
of-flight sensor, a proximity sensor, an IMU, and a magnetometer.
These sensors are not used directly in the classification methods
presented in this work but could enable future multimodal exten-
sions.

All preprocessing, feature extraction, and classification run en-
tirely on-board under the ThreadX real-time operating system, with
Bluetooth available for data and result streaming. The system oper-
ates for about 15 hours on a 200 mAh battery, demonstrating the
practicality of PSOG-based gaze tracking on embedded wearable
platforms.

3 Distance-Based Gaze Classification

This work adopts calibration-driven distance-based classifiers to
map 32-dimensional PSOG feature vectors to discrete gaze zones.
Each class is represented by simple statistics computed during a
short per-session calibration, and new samples are assigned to the
closest class in feature space. Compared with learned models, this
formulation enables rapid per-user calibration and negligible infer-
ence cost, making it well-suited to always-on embedded eyewear.
While lightweight learning-based approaches could in principle
be applied to PSOG features, they generally require an explicit
training or adaptation stage whose computational and memory
demands are less compatible with on-device personalization in
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Figure 2: The division in five classes of the visual field.

resource-constrained smart eyewear. Lightweight adaptive refine-
ment remains a possible extension for ambiguous regions of the
feature space.

At the beginning of each session, the user performs a brief cal-
ibration by fixating a predefined set of targets on a display, one
for each class/gaze zone. In the configuration considered here, five
poses are used (up, down, left, right, center), although the same
framework can be extended to denser grids. During each fixation,
the embedded prototype streams the features at high rate and for
every time step, a 32-dimensional vector is produced (16 corrected

measurements per eye as described in Section 2). For each class c,

this yields a cloud of feature vectors {xé") }nI\I"'1 that characterizes

the PSOG response associated with that gaze zone. From these cali-
bration samples, class statistics are computed and stored on-board.
A schematic of how the viasual field is divided into five gaze-zones
is depicted in Figure 2.

Within this framework, three distance measures were evaluated:
Euclidean distance, standardized Euclidean distance, and Maha-
lanobis distance [Duda et al. 2000]. All of them operate on the same
32-D feature vectors but rely on different calibration statistics and
induce different decision boundaries.

The discrete formulation adopted in this work is a deliberate
trade-off between expressiveness and embedded feasibility. By rep-
resenting gaze as membership in a limited set of spatial zones,
the approach enables low-complexity inference, short calibration,
and robust real-time operation on battery-powered smart eyewear,
while remaining suitable for the application scenarios outlined in
Section 1. At the same time, it does not aim to replace continuous
high-precision eye tracking in applications such as reading analysis
or precise foveated rendering. Future extensions could increase the
density of gaze zones or combine the present classification frame-
work with local regression or hierarchical refinement strategies to
support finer-grained gaze estimation.

3.1 Euclidean distance

The simplest classifier treats each class c as a centroid in feature
space. During calibration, the mean vector p. € R3? is computed

ETRA 26, June 01-04, 2026, Marrakesh, Morocco

as:

1S ()
n
fe = Z Xe (1
¢ n=1
Given a test vector x, its Euclidean distance to class c is:

EUC
de = llx = pellz =

32
D = o). (2)
i=1

and classification is performed by nearest centroid:
¢(x) = argmin dEUC. 3)
c

This approach is computationally trivial and requires only one mean
vector per class. However, it implicitly assumes that all feature
dimensions have comparable variance and ignores correlations
between channels, which may be suboptimal when some LED-PD
pairs are noisier or more redundant than others [Duchowski 2017].

3.2 Standardized Euclidean distance

To mitigate the effect of unequal feature variances, a standardized
Euclidean metric is also considered. In this case, calibration provides
a single variance estimate (riz for each feature dimension i, typically
computed by pooling all calibration vectors across classes:

ol = Var({xl.(")}n). (4)

The distance between a test vector x and class centroid i is then
defined as:

dSEUC —

32 (v )2
Z (xl lzlc,z) ) (5)
i=1 9;

Dimensions with larger variability are down-weighted, leading to
a more balanced contribution of all channels to the decision rule.
The classifier is the same as in the Euclidean case, expressed by
equation 3. This metric still relies only on per-feature variances
and does not require covariance matrices, keeping both calibration
and inference lightweight.

3.3 Mahalanobis distance

The most expressive metric evaluated is the Mahalanobis distance,
which explicitly incorporates the covariance structure of each class.
For a class c, calibration estimates both a mean vector p. and a
covariance matrix 3, € R32%32;

1 e 1 us
He = N ngn), RS Ne—1 Z(xc(n) = He) (xén) - llc)T’

n=1 n=1

(6)

The squared Mahalanobis distance between a test vector x and class
cis:

(a2 ) = (x = o) T2 (x o). )

Intuitively, this metric measures how many “standard deviations”

x lies away from the class centroid when distances are computed

in a whitened space induced by .. Unlike Euclidean metrics, Ma-

halanobis distance automatically down-weights noisy directions

and accounts for cross-feature correlations, which is particularly

important in the binocular PSOG setting where multiple LED-PD

channels may be partially redundant or highly correlated [Duda

et al. 2000]. In summary, the Euclidean and standardized Euclidean
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classifiers require only class centroids and per-feature variances,
leading to extremely simple calibration and inference routines. The
Mahalanobis classifier extends this framework by also modeling
class covariances, achieving higher robustness to correlated noise
and inter-channel redundancy at the cost of slightly increased, yet
still embedded-friendly, complexity.

4 Experimental Protocol on Robotic Head

Preliminary evaluation of the proposed distance-based classifica-
tion strategies was conducted using a controlled and repeatable
protocol designed to characterize performance under realistic PSOG
operating conditions while minimizing biological variability. Exper-
iments were carried out on the Ami humanoid robotic head, whose
mechanical and sensing characteristics are detailed in [Pezzoli et al.
2025]. Ami was selected not only for its stable and human-like ocu-
lar geometry, but also because it has been previously employed for
eye-tracking validation in a few previous works [Kushina et al. 2025;
Pezzoli et al. 2025]. The robotic platform eliminates confounding
factors such as blinking, micro-saccades, and involuntary head mo-
tion, making it well-suited for comparing classification strategies
before human validation.

During each session, Ami was commanded to fixate five discrete
gaze zones: up, down, left, right, and center. A brief calibration
phase was first performed, during which each target was fixated for
five seconds. Calibration data were used to compute class statistics
required by the distance-based classifiers, including class means and,
when applicable, covariance matrices. All statistics were derived
exclusively from on-board PSOG signals, and computed on the
prototype.

Following calibration, randomized gaze trials were executed with
the five targets presented in shuffled order. Each fixation was held
for a fixed duration while feature vectors and classification outputs
were continuously generated. Ground-truth labels were obtained
directly from the commanded eye rotations. No recalibration was
performed during testing, ensuring that the evaluation reflected ro-
bustness to noise, illumination changes, and mechanical deviations.

To assess sensitivity to eyewear placement, the protocol was
repeated across three datasets corresponding to distinct eyewear
mounting configurations on the robotic head. These perturbations
emulate re-wearing effects in which the glasses are removed and
worn again with slightly different positioning relative to the eyes.
Since PSOG is known to be sensitive to millimeter-scale displace-
ments [Rigas et al. 2018], these repeated configurations provide an
initial assessment of robustness to moderate cross-session sensor
displacement. Although they do not capture dynamic frame slip-
page during natural head motion, they capture realistic variability
introduced by re-wearing the device.

The robotic-head experiments were used to benchmark alterna-
tive distance metrics, feature normalization strategies, and infer-
ence configurations over the full reachable ocular range (£25° x
+20°). The most effective approaches identified in this phase were
subsequently evaluated on human subjects.

5 Human Dataset and Validation Experiments

Following certification of the prototype, a dedicated human-subject
data acquisition campaign was conducted to validate the selected
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approaches under realistic operating conditions and to assess ro-
bustness to illumination variability, eye asymmetries, and natural
eye motion. Eye-tracking data were collected using the PSOG-based
prototype, with an EyeLink 1000 Plus (SR Research, Ontario) eye-
tracking system as the ground-truth reference.

Stimulus presentation and event logging were controlled using
PsychoPy. Participants were seated in front of a monitor, with head
motion minimized using a chin rest to ensure a stable viewing ge-
ometry during acquisition. Consequently, dynamic frame slippage
was not explicitly evaluated in the human experiments and is only
partially explored through the repeated mounting configurations
of the robotic protocol.

Data acquisition was performed under three ambient visible-
light conditions, namely normal indoor lighting, bright lighting
intended to simulate strong ambient illumination, and a reduced
visible-light condition representative of low-light usage scenarios.
During the normal-light condition, participants underwent a 5-
points calibration procedure like the one performed on the robotic
head, together with the EyeLink calibration, to establish accurate
gaze mapping. For each illumination condition, two experimental
tasks were performed: a fixation task on a 5 X 5 grid of visual tar-
gets, used to acquire static gaze samples, and a smooth pursuit task
in which participants followed a continuously moving target to
capture dynamic gaze trajectories. Experiments were later repeated
for a 9-points calibration procedure, while keeping the same exper-
imental tasks, in order to assess the impact of calibration density
on gaze estimation accuracy. The final dataset features 29 subjects
(7 females) with different skin complexions and ages from 21 to 37
years old.

During all acquisitions, the EyeLink reference tracker remained
active at its minimum illumination setting, thereby introducing
infrared illumination under all tested conditions. Consequently,
the reduced visible-light condition should not be interpreted as
IR-free. In the feature extraction pipeline, an additional dark ac-
quisition with all LEDs switched off is subtracted from the active
measurements, mitigating constant IR ambient and background
components, including possible IR offsets from the EyeLink. While
this compensation reduces static offsets, it may not fully eliminate
the effects of external IR illumination, particularly if they alter the
photodiode operating range or the reflectance baseline.

5.1 Data processing

Raw PSOG signals were processed to extract the same 32-dimensional
feature vectors used in the robotic experiments, corresponding to
all PD-LED combinations from both eyes. To isolate valid gaze
segments and suppress transient artifacts, blinks and saccades were
removed using a motion-energy-based filtering approach. The tem-
poral derivative of each feature signal was computed, and the L2
norm of the resulting velocity vector was used as a continuous
measure of eye motion intensity. A participant-specific detection
threshold was estimated from an initial 5-second steady fixation
period and set to p + 30 of the baseline energy. Samples exceeding
this threshold were classified as saccades or blinks and removed,
with additional temporal padding applied to eliminate onset and
offset artifacts. The resulting cleaned signals retained only stable
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Table 1: Results on Ami (five-class classification over the
entire +25° X +20° gaze range).

Method Dataset 1 Dataset 2 Dataset3 Avg.
KNN 0.79 0.64 0.66 0.70
GMM 0.78 0.64 0.77 0.73
Euclidean 0.75 0.64 0.68 0.69
Std. Euclidean 0.64 0.54 0.64 0.61
Mahalanobis 0.81 0.68 0.69 0.73

Table 2: Human-subject mean classification accuracy for Ma-
halanobis classifier under different illumination conditions.

Ilumination 5 classes 9 classes
Bright Lighting 0.62 0.59
Normal Indoor Lighting 0.69 0.72
Reduced Visible-Light 0.60 0.54

fixation and smooth pursuit segments suitable for training and
evaluation.

To evaluate the impact of asymmetric eye behavior and sensor-
level differences between eyes, two inference configurations were
tested. In the unified configuration, a single classifier was trained
using concatenated features from both eyes. In the split-eye config-
uration, two independent classifiers were trained on left and right
eye features, respectively, and their outputs were fused by selecting
the result with the highest confidence score, defined as

d
score = 1 — —closest 3)

dsecond closest .

This formulation was designed to increase robustness to sensor
misalignment, partial occlusions, and anatomical asymmetries be-
tween eyes, while reducing computational complexity by operating
on lower-dimensional inputs.

Dimensionality reduction was investigated exclusively in the
human-subject experiments to balance accuracy, robustness, and
embedded feasibility. Three strategies were explored: Principal
Component Analysis, variance maximization (selects the features
with the highest individual variability), and inter-class difference
maximization (selects features that maximize the ratio of between-
class to within-class variance). These methods were tested at target
dimensionalities of 4, 8, 12, 16, 24, and 32 features. Different subsets
of calibration data corresponding to specific spatial patterns were
considered, including local neighborhood and radial configurations,
to assess their effect on discriminability and generalization. For
brevity, only the most representative and performing configurations
are reported in Section 6.

6 Results

Distance-based gaze classification on the Ami humanoid robot was
first evaluated to validate the choice of metric in a controlled five-
class setting. The Mahalanobis distance classifier was compared
against Euclidean and standardized Euclidean distances, as well as
classical baselines (KNN and GMM).
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6.1 Results on Ami Robot

Table 1 reports classification accuracies across three independently
acquired datasets corresponding to different eyewear mounting
conditions. Mahalanobis distance achieved the highest or near-
highest accuracy, outperforming alternative distance metrics and
classical baselines. These results confirm the benefit of explicitly
modeling feature correlations when gaze-related class distributions
become elongated and anisotropic in the high-dimensional PSOG
feature space.

6.2 Results on Human Subjects

Based on the robot experiments, Mahalanobis distance was adopted
for large-scale evaluation on human subjects. Table 2 reports av-
erage classification accuracy across illumination conditions for
five- and nine-class gaze layouts. Under normal lighting, accuracy
reached 0.67-0.70 for the five-class task and 0.71-0.73 for the nine-
class task. The slightly higher performance of the nine-class config-
uration is attributed to its spatial layout, which reduces ambiguity
near the central region. A recurrent source of error is the ambiguity
between adjacent gaze zones when the true gaze falls near a class
boundary. In these cases, the PSOG feature vectors may lie close to
multiple class centroids, leading to occasional confusion between
neighboring regions. This behavior is consistent with the discrete
formulation of the problem and is less critical in applications such
as menu navigation or context-aware interaction, where coarse
spatial selection is often sufficient, but it would be more limiting in
tasks requiring fine-grained or continuous gaze estimation.

Across illumination conditions, split-eye inference provided a
consistent improvement of about 2-3% in accuracy, suggesting that
independent modeling of left and right eye signals helps mitigate
asymmetries due to alignment, occlusions, and eye-specific illu-
mination differences. Performance differences across conditions
are likely influenced by pupil dynamics, illumination-induced sig-
nal variations, and residual interactions with the acquisition setup.
In particular, the reduced visible-light condition should be inter-
preted cautiously, since the active IR reference tracker means that it
does not correspond to a fully IR-dark environment. Nevertheless,
correct gaze region identification was retained in the majority of
cases.

Dimensionality reduction was then explored on human data to
improve robustness and computational efficiency. Figure 3 shows
subject-wise accuracy for the nine-class task under normal lighting.
While median performance is high, a few low-performing partici-
pants substantially affect the mean, indicating marked inter-subject
variability. PCA with 24 retained dimensions combined with Maha-
lanobis distance achieved stable performance across illumination
conditions (Table 3, first row) at a cost of 6168 MAC operations. A
lighter configuration based on inter-class difference maximization
with 14 selected features and Euclidean distance achieved com-
petitive accuracy at only 140 MAC operations (Table 3, last row),
making it attractive for low-power embedded deployment.

Overall, reduced feature representations preserved classifica-
tion performance while substantially lowering computational cost,
supporting flexible accuracy—power trade-offs across hardware
platforms.
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Figure 3: Subject-wise accuracy distribution for selected best methods for nine-class gaze classification under different lighting

conditions.

Table 3: Performance of selected reduced-dimensionality configurations across illumination conditions.

Method MACs Bright Lighting Normal Indoor Lighting Reduced Visible-Light
PCA (24D) + Mahalanobis 6168 0.65 0.80 0.61
Diff. (14D) + Euclidean 140 0.68 0.79 0.61

7 Conclusions

This work demonstrates that Photosensor Oculography (PSOG)
combined with lightweight distance-based classifiers enables real-
time gaze-zone classification on embedded smart eyewear. Exper-
iments on a controlled robotic platform identified Mahalanobis
distance as the most robust metric, and human-subject validation
confirmed similar trends across five- and nine-zone layouts and
varying illumination conditions. Split-eye modeling improved ro-
bustness, while dimensionality reduction reduced computational
cost with limited impact on accuracy.

The complete Mahalanobis calibration and inference pipeline
was implemented on an STM32U5B9 microcontroller, where in-
ference runs in under 1 ms with a minimal memory footprint,
supporting continuous wearable operation. Overall, these results
establish Mahalanobis-based distance classification as an efficient
and embedded-friendly approach for PSOG-based gaze estimation.
At the same time, a known challenge of PSOG systems is their sen-
sitivity to sensor displacement relative to the eye: while the robotic
experiments partially addressed re-wearing variability through re-
peated mounting configurations, dynamic frame slippage during
natural head motion was not explicitly evaluated and remains an
important direction for future work.

8 Privacy and ethics statement

The methods and findings in this study are based on data collected
in controlled laboratory settings using a robotic system and human
participants. All human-subject procedures were approved by the
appropriate ethics committee before data collection and conducted

in accordance with institutional and ethical guidelines. Participants
provided informed consent, and no personal or sensitive data be-
yond eye-movement recordings were collected. The study poses
no significant risks to privacy, fairness, safety, or human rights be-
yond those addressed through ethical review. We foresee minimal
societal risks and believe the work makes a positive contribution
to eye-tracking research.
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