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ABSTRACT Appearance-based gaze estimation has emerged as a promising alternative to traditional
model-based methods, effectively addressing their limitations in terms of flexibility, cost, and adaptability
to unconstrained environments. In this study, the Digital Therapeutics Research Team at Bundang CHA
Medical Center developed a novel appearance-based gaze estimation algorithm, CHA-Gaze, by integrating
head-pose information into an adaptive feature fusion network (AFF-Net) architecture, which is a widely
recognized baseline in the field. To evaluate the effectiveness of CHA-Gaze, we conducted a unified
validation using the MPIIFaceGaze dataset, which comprises 37,590 images from 15 participants acquired
under semi-natural conditions. The results demonstrated that CHA-Gaze achieved a significantly lower mean
Euclidean error of 1.88 cm, compared to 2.59 cm by AFF-Net (p < 0.001). These findings indicate that
CHA-Gaze offers superior accuracy and improved robustness across various appearances and environmental
conditions. This study confirms the effectiveness of architectural refinement within appearance-based gaze
estimation frameworks and highlights the potential of CHA-Gaze for real-world deployment in applications,
such as digital therapeutics, telehealth, and accessibility technologies. The proposed model provides a
scalable, non-intrusive solution using standard webcams, making it suitable for widespread use in both
clinical and consumer-grade settings.

INDEX TERMS AFF-Net, appearance-based gaze estimation, deep learning, eye-tracking, gaze estimation,
machine learning, multi-task regression module.

I. INTRODUCTION
Gaze estimation is a computational technique designed to
predict an individual’s point of visual attention, and is typi-
cally represented in screen coordinates or directional vectors.
This technology has been extensively applied across var-
ious domains, including medical diagnosis [1], [2], [3],
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psychology for the analysis of human behavior and cogni-
tion [4], [5], and human-computer interaction [6], [7], [8].
As interdisciplinary interest in gaze estimation has increased,
two primary methodological paradigms (model-based and
appearance-based) have emerged as the most widely adopted
in both research and applied contexts [9].

Model-based gaze estimation, which is utilized in com-
mercial systems such as those developed by Tobii (e.g.,
Tobii X2-60, Tobii EyeX), integrates the geometric modeling
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of ocular structures with dedicated hardware components,
including infrared cameras and real-time calibration systems.
These systems offer high precision and reliability, making
them well-suited for laboratory and experimental environ-
ments. However, their widespread adoption is limited by
high costs, the need for complex calibration procedures, and
their dependency on controlled settings, which restrict their
accessibility for general users and everyday applications.

To address these limitations, appearance-based gaze esti-
mation has gained traction as a viable and scalable approach.
By leveraging deep learning algorithms, these methods
directly infer gaze direction from red-green-blue (RGB)
images, often captured by standardwebcam devices, thus pro-
viding amore affordable and user-friendly solution [10], [11],
[12], [13], [14], [15]. Notably, the adaptive feature fusion net-
work (AFF-Net), a deep learning model with a feature fusion
technique between convolution layers, has demonstrated
strong performance in two-dimensional (2D) gaze estima-
tion tasks [10]. However, the existing appearance-based
approaches still face challenges in terms of achieving robust-
ness and generalizability, particularly under variable lighting,
head poses, and background conditions. Despite ongoing
efforts, relatively few studies have systematically addressed
these limitations or proposed scalable solutions for deploy-
ment in real-world settings [9], [16], [17], [18], [19], [20].
Building on these insights, the Digital Therapeutics team at

Bundang CHA Hospital developed a novel appearance-based
gaze estimation model, CHA-Gaze, which extends the
AFF-Net architecture through additional logic modules and
structural refinements. The CHA-Gaze model is specifically
designed to enhance estimation accuracy in webcam-based
environments, making it suitable for practical applications
such as digital therapeutics, telehealth, and assistive tech-
nologies. In this study, we introduced and validated the
CHA-Gaze model, providing one of the first compara-
tive evaluations of 2D gaze estimation models under a
consistent benchmarking protocol. To assess its efficacy,
we directly compared the performance of CHA-Gaze with
that of AFF-Net [10], LiAGE [21], which is a recent model,
and modified versions of CHA-Gaze that varied in network
size (i.e., increased or reduced numbers of neurons), using
standardized evaluation metrics. This study contributes to
the growing body of research aimed at establishing more
generalizable gaze estimation technologies for real-world and
clinical contexts.

II. RELATED WORKS
Gaze estimation has been a prominent research topic for
an extended period and numerous approaches have been
proposed to address this challenge. Recent advancements
in computer vision technology have facilitated the develop-
ment of modern eye-tracking devices that typically estimate
gaze using eye or face images captured by cameras, includ-
ing infrared (IR) and RGB cameras. Computer vision-based
methods can be categorized into two types: geometry-based
and appearance-based. Geometry-based methods typically

construct subject-specific geometric eye models to esti-
mate the human gaze direction. These models are fitted
with geometric features such as infrared corneal reflections
[22], [23], pupil centers [24], and iris contours [25]. In con-
trast, appearance-based methods directly learn a mapping
function from images to the human gaze. A key distinction
of appearance-based methods is the absence of dedicated
devices for detecting geometric features, instead of using
RGB images. Various machine learning algorithms have
been employed, including neural networks [26], Gaussian
process regression [27], adaptive linear regression [28], con-
volutional neural networks [11], [15], [29], recurrent neural
networks [30], and transformers [31]. Cheng et al. [32]
proposed a unidirectional convolutional architecture that
improved both the efficiency and accuracy of gaze estimation
models. Holla et al. [21] introduced a lightweight adaptive
gaze estimator that explicitly models the intrinsic relation-
ships among pupil location, head pose, and geometric priors.

Recent developments in the field have increasingly shifted
from lightweight or geometry-based approaches to gener-
ative and foundation-model-based methods to address the
challenges of in-the-wild generalization. Ruzzi et al. [33]
adapted Neural Radiance Fields (NeRF) for gaze redirec-
tion and gaze estimation by modeling the eye region as a
continuous volumetric scene conditioned on gaze direction,
enabling both novel-view gaze synthesis and accurate esti-
mation. Qin et al. [34] leveraged millions of in-the-wild facial
images through masked autoencoding and gaze-related proxy
tasks before fine-tuning. Ryan et al. [35] combined frozen
large-scale visual encoders (e.g., DINOv2) with a lightweight
transformer decoder and person-specific positional prompts
to estimate gaze targets in complex-scene images. Vuillecard
and Odobez [36] proposed a self-training, weakly super-
vised framework that integrates precise but limited 3D
gaze datasets with abundant 2D gaze-following labels,
using pseudo-labeling and consistency regularization.
Xiao et al. [37] introduced a deformable and decoupled
representation learning framework that uses deformable
attention to model individual variations in eye structure,
and a dual-branch decoder to explicitly disentangle invariant
features (e.g., eyeball geometry) from variable features (e.g.,
gaze direction and pupil configuration).

AFF-Net is a representative deep learning model designed
for appearance-based gaze estimation in 2D space. In a com-
prehensive review and benchmark study [9], AFF-Net [10]
was evaluated against other models using datasets such as
the Max Planck Institute for Informatics (MPII) Gaze [11],
GazeCapture [15], and EYEDIAP [38]. This study demon-
strated that AFF-Net, along with the End-to-end Frame-to-
gaze Estimation (EFE)model, achieved superior performance
in 2D gaze estimation tasks. Specifically, AFF-Net outper-
formed MPIIGaze, underscoring its effectiveness in gaze
estimation applications. In a study byBao et al. [10], AFF-Net
was compared with models such as iTracker [15], faSt Accu-
rate Gaze trackEr (SAGE) [39], and Tolerant And Talented
schema (TAT) [40] on the GazeCapture dataset. The results
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indicated that AFF-Net outperformed the other methods,
achieving lower average errors, particularly for the images
captured from the tablets. In another comparative study,
AFF-Net was evaluated against models such as RT-Gene,
FullFace, and Gaze360 on the MPIIFaceGaze and EYEDIAP
datasets. AFF-Net achieved the lowest angular error in the
MPIIFaceGaze dataset, indicating its robustness under vari-
ous conditions. Given the proven performance of AFF-Net in
these studies, researchers selected this model as a prototype
for CHA-Gaze.

To enhance the accuracy and robustness of gaze esti-
mation, we incorporated head-pose coordinates as auxiliary
inputs. This additional framework is particularly advanta-
geous for appearance-based gaze estimation, where subtle
variations in eye-region appearance can be more effectively
resolved when complementary geometric cues are jointly
modeled. By leveraging the inductive bias introduced by
related tasks, themodel achieves improved generalization and
greater resilience to noise and domain shifts, which are the
key challenges in real-world gaze estimation. Furthermore,
the use of shared feature representations supports more sta-
ble and consistent learning, which is particularly beneficial
when training data are limited or highly person-specific.
In this study, we adopted head-pose features as a more robust
alternative to the original geometric variables defined in the
pixel coordinate system, resulting in an improved prediction
performance under varying head poses and illumination con-
ditions, such as those commonly observed in datasets such as
MPIIFaceGaze.

III. METHODS
A. DATASET
MPIIFaceGaze is a subset of the original MPIIGaze
dataset [41], a well-established benchmark dataset compris-
ing 213,659 images containing over 37,000 images collected
over several months using built-in calibrated laptop cameras.
This dataset included images from 15 participants along with
additional human-labeled annotations, including pupil center
annotations and facial regions. These annotations were cre-
ated by human annotators and refined using the human facial
landmark detection method. For real-world gaze estimation,
several authors have suggested that state-of-the-art face mod-
els can replace original manual annotations [14]. In this
study, we employed the MediaPipe face detection model,
which resulted in the exclusion of images that were affected
by substantial lighting variations [42]. Unlike synthetic or
strictly controlled laboratory datasets, MPIIFaceGaze cap-
tures users performing gaze tasks during routine computer
use, thereby preserving the natural head and eye movement
patterns. Zhang et al. [11] utilized a semi-automatic annota-
tion procedure, in which facial landmarks were first detected
algorithmically and then manually corrected when neces-
sary. Accordingly, MPIIFaceGaze serves as a reliable and
valuable benchmark for personalized and appearance-based
gaze estimation methods, particularly in applications

involving human–computer interactions. Each subject con-
tributed 1,500 to 2,930 images, resulting in approximately
37,000 images for training and testing. Although this pro-
cess may have reduced the naturalism of the images, the
dataset remained suitable for detection and processing in the
pipeline. Importantly, it captured a wide range of variations
in appearance, including head orientation, facial features,
and illumination. For this reason, MPIIFaceGaze is widely
used as a benchmark dataset for gaze estimation models in
real-world human–computer interaction scenarios.

B. MODELS
CHA-Gaze is a competitive deep-learning architecture
(Figure 1) designed with four distinct inputs: facial images,
images of the left and right eyes, and a unit head pose vector.
This architecture incorporates methods from the AFF-Net
paper, including 1) Squeeze and Excitation for the fusion of
eye features and 2) Adaptive Group Normalization.

1) SQUEEZE-AND-EXCITATION (SE)
Eye feature maps from multiple layers are aggregated
channel-wise. Because the left and right eyes share the same
shape and structure, their feature maps are integrated by
stacking and then passed through convolutional layers to
generate the final eye feature vector. To maintain consistency,
the right-eye images were flipped horizontally during pre-
processing. This ensured alignment of the inner and outer
eye corners as well as eyebrow orientation across both eyes.
EyeNet [10] was used for eye-feature extraction. The SE
layer [43] serves as a powerful attention mechanism, selec-
tively emphasizing important eye features across channels.
In this study, SE layers were used to adaptively balance the
spatial details and complex representations from both eyes.
The mathematical formulation of the SE layer is given by
Equation (1).{

Wweight =σ (FC(GAP(Fin)))
Fout =Fscale(Wweight,Fin)

(1)

The final output Fout is a recalibrated tensor with the same
shape as that of the input tensor Fin. Fscale(•) represents the
channel-wise multiplication function between input features
Fin and Wweight . The latter variable is derived sequentially
from the chain of the Global Average Pooling (GAP), Fully
Connected (FC) layers, and sigmoid (σ ) layers. The GAP
layer is used to reduce the spatial dimensions of feature maps
by averaging the values in each feature map. The FC layer is
a type of neural network in which every neuron in the layer
is connected to every neuron in the previous and subsequent l
layers. The sigmoid (σ ) is an activation function that squashes
the feature map value between 0 and 1.

2) ADAPTIVE GROUP NORMALIZATION (AdaGN)
Building on previous research [44], [45], we imple-
mented recalibration in Group Normalization by incorpo-
rating the facial appearance characteristics. AdaGN utilizes
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concatenated head-pose vector features and facial features
as inputs to represent facial appearance characteristics,
thereby regulating eye features. This process is illustrated
in equation (2). AdaGN adaptively modifies eye feature
extraction based on facial appearance characteristics by recal-
ibrating eye features.{

[W shift,W scale] = LeakyReLU(FC(Fhead,Fface))
Fout =W scale · GN(Fin)+W shift

(2)

where Fin- stands for the original feature map, Fout stands
for the final output of the AdaGN function, Fhead stands for a
correct feature extracted by FC layers, Fface stands for a face
feature, Wscale stands for a scale parameter, Wshift stands for
a shift parameter, FC stands for a neural network type, where
each neuron has full connection with previous layers’ and
next layers’ neurons, LeakyReLU is an activation function
that returns squash negative values toward 0, and GN (Group
Normalization layer) stands for the normalization technique,
which normalizes features by dividing input channels into
smaller groups and computing themean and variance for each
group independently.

We evaluated and compared the performance of two
appearance-based gaze estimation models: AFF-Net and
CHA-Gaze. AFF-Net served as the baseline model because
of its proven performance across multiple benchmark studies
on MPIIFaceGaze and other datasets. It employs an adap-
tive fusion feature extractor to improve the gaze prediction
accuracy from RGB images.

C. PREPROCESSING
1) DATA PREPROCESSING
We conducted experiments on the widely used MPI-
IFaceGaze dataset, which contains approximately 37,000
samples from 15 participants recorded under natural laptop
use conditions. To accelerate training, the entire dataset was
preprocessed once and stored in a single compressed HDF5
(.h5) file. Preprocessing was performed using MediaPipe
FaceMesh, which provides high-accuracy facial landmarks, a
4∗4 transformation matrix, and reliable head pose estimation.
Images with severe underexposure or landmark detection
failure (68 samples, approximately 0.12%of the dataset) were
removed.

All face images were resized to 224∗224 pixels, and
the left- and right-eye patches were cropped around the
detected landmarks and resized to 112∗112 pixels. Eye
blink frames were manually removed from the original
MPIIFaceGaze release. From the MediaPipe transformation
matrix, we extracted the 3∗3 rotation matrix r and converted
it into yaw (Equation 3), pitch (Equation 4), and roll angles
(Equation 5), which were subsequently transformed into a
normalized 3D head-pose vector (Equation 6-9).

ϕ = A tan 2 (r21, r11) (3)

θ = A tan 2
(

−r31,
√
r232 + r233

)
(4)

ψ = A tan 2 (r32 + r33) (5)

ν = [x, y, z] (6)

x = cosθ · sinψ (7)

y = sinθ (8)

z = cosθ · cosψ (9)

2) TRAINING PROCEDURE
We performed a special dataset split to select only 20% of
the images from each participant at random and compose the
testing dataset. The remaining 80% were used for training.
Thus, the total number of testing images was over 6200, and
the total number of training images was over 30800. The final
training was implemented using the PyTorch framework on
a single NVIDIA GeForce RTX 3060 GPU and Intel Core i7
10700with 64GB of RAM. The training configurationwas as
follows: Adam optimizer with a learning rate of 0.003, batch
size of 64, and Mean Squared Error (MSE) loss between the
predicted and ground-truth 2D gaze coordinates. The number
of epochs was set as 30. The MSE Formula is shown in (10).

MSE (g, ġ) =
1
N

∑N

n=1
||g− ġ||22 (10)

where g is the ground truth in the normalized space and g_hat
is the prediction from the CHA-Gaze.

Different loss functions were tested, including the mean
Euclidean Loss, mean weighted loss, and mean absolute loss;
nevertheless, the MSE was the most influential in the sense
that it provides a better magnitude to reach convergence
faster.

3) EVALUATION METRICS
Performance was mainly evaluated using Euclidean errors (in
centimeters). Smaller values indicate a higher performance.
The CHA-gaze outputs normalized (x, y) 2D coordinates
between 0 and 1. The model output is expected to be normal-
ized based on the screen size in centimeters. The statistical
significance between models was assessed using the Mann-
Whitney test [46] to verify whether the improvements from
CHA-Gaze were meaningful. In addition, we calculated the
angular error to increase the interpretability of the results.
Although the CHA-Gaze is a gaze model designed for 2D
predictions, it is possible to estimate the angular error. The
angular Error (Equation 11) requires two vectors. We cal-
culated the gaze vector as the difference between the two
points in the 3D space. We obtained vector a based on the
ground-truth gaze position in 3D (gazetarget) and the 3D
midpoint between the two eye centers estimated from the per-
son’s face (gazeorigin) according to Equation (12). To obtain
gaze vector b for CHA-gaze prediction, the 2D screen gaze
positions were projected onto the 3D camera space using
the camera-to-screen rotation and translation parameters
provided by the dataset (Equations 13 and 14).

θ = arccos
a · b
|a| |b|

(11)

a = gazet arg et − gazeorigin (12)
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gazepredic = R ∗ PoGunnorm + tvect (13)

b = gazepredic − gazeorigin (14)

4) STATISTICAL ANALYSIS
Average Euclidean error values were computed from a
test set of 15 participants. The normality of the values
obtained from the three models, AFF-Net, LiAGE, and CHA-
Gaze, was assessed using the Shapiro-Wilk test. As the
p-values indicated a deviation from normality (p< 0.05), the
Mann-Whitney U test [46] was subsequently employed for
statistical comparison.

IV. RESULTS
We conducted a quantitative comparison of the proposed
CHA-Gaze model with the baseline AFF-Net and LiAGE
models using the MPIIFaceGaze dataset. The evaluation
metric was the Euclidean error, measured in centimeters
(cm), between the predicted and ground-truth gaze points
on the screen, with lower values indicating higher accuracy.
Tables 1 and 2 summarize the Euclidean and angular errors
for all 15 participants, respectively. Overall, CHA-Gaze con-
sistently achieved lower errors than AFF-Net, demonstrating
superior performance in predicting gaze positions under nat-
ural conditions (Figures 2 and 3). The mean Euclidean error
for AFF-Net was 2.59 cm, whereas CHA-Gaze reduced this
value to 1.88 cm, corresponding to a 27% improvement in the
accuracy.

To assess statistical significance, we used the Mann–
Whitney test [46]. The resulting p-value of <0.001 indi-
cates that the performance improvement of CHA-Gaze over

AFF-Net is statistically significant and unlikely to be
attributable to chance. Comparisons based on the angular
error showed trends similar to those observed in the Euclidean
error. CHA-Gaze with a reduced network size (fewer neu-
rons) achieved accuracy comparable to the standard CHA-
Gaze model, with no statistically significant differences.
In contrast, the variant with an increased network size (more
neurons) exhibited higher Euclidean and angular errors than
LiAGE, CHA-Gaze, and the reduced-neuron variant.

Only the standard CHA-Gaze model and the reduced-
neuron version demonstrated accuracy comparable to that
of LiAGE (a recent model), with no significant differ-
ences. Additionally, both the mean Euclidean and angular
errors were lower for CHA-Gaze than for the reduced-
neuron model. Table 3 lists the attributes of CHA-Gaze and
AFF-Net. In the view of attributes, the two models showed
similar values despite of changes in architecture and
significant differences in accuracy.

These findings suggest that the architectural enhancements
incorporated into CHA-Gaze, particularly its optimized
feature-integrationmodules andmulticondition training strat-
egy, substantially improve the reliability of webcam-based
gaze estimation. Moreover, the results highlight its poten-
tial for practical deployment in applications such as digital
therapeutics, telehealth, and accessibility-focused human–
computer interactions.

V. DISCUSSION
This study introduced and validated CHA-Gaze, an
appearance-based gaze estimation model developed as

TABLE 1. Comparison of Euclidean error among gaze estimation models.

TABLE 2. Comparison of angular error among gaze estimation models.
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FIGURE 1. Architecture of the proposed gaze estimation network. A shared eye feature extractor processes both left and right eye crops using a
lightweight CNN backbone composed of convolutional layers, max-pooling, Squeeze-and-Excitation (SE) blocks, and adaptive normalization layers.
In parallel, a face feature extractor encodes the full-face image through convolutional layers with pooling, normalization, and SE blocks. The 3D head
pose parameters are projected into a 64-dimensional latent space via fully connected layer sequences. Finally, the gaze estimation head concatenates the
eye features, face features, and encoded head pose vector, then progressively reduces the combined representation through a series of linear layers with
non-linear activations, yielding a 2D gaze direction normalized to [0,1] that is subsequently denormalized to the original screen resolution (adaptive
normalization details are provided in the previous section).

TABLE 3. Comparison of model attributes between CHA-Gaze and Aff-Net.

an extension of the AFF-Net architecture [10]. Through
structural enhancements, such as refined feature-fusion
mechanisms and the integration of head-pose vectors, CHA-
Gaze was designed to improve gaze estimation accuracy
in webcam-based environments. These environments reflect
real-world conditions often encountered in digital thera-
peutics, telehealth services, and assistive human–computer
interaction systems.

To evaluate its effectiveness, we conducted a compar-
ative analysis using the MPIIFaceGaze dataset, which is
a widely adopted benchmark for appearance-based gaze

estimation. CHA-Gaze demonstrated a substantial improve-
ment over AFF-Net, achieving a mean Euclidean error of
1.88 cm, corresponding to a 27% reduction relative to AFF-
Net’s 2.59 cm. Statistical analysis using the Mann–Whitney
test [46] confirmed that this improvement was significant
(p < 0.001), indicating that the performance gain can be
attributed to meaningful architectural refinements rather than
random variation. Furthermore, the mean Euclidean and
angular error results suggest that the architecture requires an
optimized number of neurons. The Euclidean error obtained
for AFF-Net in our study was lower than the 3.9 cm
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FIGURE 2. Bar graphs of Euclidean errors from AFF-Net,CHA-Gaze and LiAGE for whole participants in MPIIFaceGaze dataset. 2D, two dimensions. cm,
centimeters.p, participant. Avg, Average.

FIGURE 3. Bar graphs of angular errors from AFF-Net,CHA-Gaze and LiAGE for whole participants in MPIIFaceGaze dataset. 3D, three dimensions. p,
participant.Avg, Average.

previously reported [10], likely due to our use of 37,000
images from the MPIIFaceGaze dataset combined with
Mediapipe-based preprocessing, which provides robust face
detection and alignment [42]. These findings highlight the
importance of preprocessing pipelines when assessing gaze
estimation performance in practical environments.

The decision to focus on within-domain evaluation was
motivated by the study’s primary objective: to isolate and
quantify the performance gains attributable to architectural
modifications under controlled conditions. Existing gaze
benchmarks differ substantially in head-pose distributions,
camera intrinsic, image resolution, and gaze-range coverage,
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which introduces pronounced dataset bias and can obscure
model-specific improvements. By maintaining a consistent
evaluation domain, this study provides a clearer attribution
of performance differences to model design choices.
Nevertheless, we acknowledge that cross-dataset generaliza-
tion remains a critical requirement for real-world deployment
and should be addressed in subsequent work.

From an application perspective, CHA-Gaze demonstrates
competitive performance for 2D gaze estimation using only
RGB webcam inputs, underscoring its potential utility for
scalable, non-intrusive gaze-based interfaces. This is par-
ticularly relevant in digital therapeutics, telehealth services,
and assistive human–computer interaction systems, where
conventional hardware-based eye trackers (e.g., Tobii) may
be impractical due to cost, calibration burden, or limited oper-
ating range. Importantly, the model’s architecture remains
lightweight relative to transformer-heavy alternatives, sug-
gesting favorable computational scalability for real-time
deployment on consumer-grade hardware. Hence, the authors
believe CHA-Gaze aligns well with the increasing demand
for accessible digital health technologies that require min-
imal calibration and no specialized hardware, including
remote rehabilitation, cognitive monitoring, and accessibil-
ity services for individuals with mobility or communication
impairments [47].

Despite these promising results, several limitations of this
study remain to be acknowledged. The model was evalu-
ated exclusively in healthy adults with predominantly frontal
head poses without ocular abnormalities. Its generalizability
to underrepresented populations, including children, older
adults, and individuals with neurological or ophthalmologi-
cal conditions (e.g., strabismus, ptosis, nystagmus, or partial
pupil occlusion), remains unknown, as such characteristics
are either absent or severely underrepresented in current
public datasets.

Cross-dataset evaluation was not performed in this study
because of substantial domain shifts across existing bench-
marks, including differences in head-pose distributions,
recording devices (e.g., laptops, tablets, and high-resolution
cameras), and gaze-range coverage. These discrepancies
introduce a dataset bias that limits the validity of the
direct comparisons. Nonetheless, a rigorous assessment of
generalization, robustness, and fairness across demograph-
ics and hardware platforms remains essential. Therefore,
future work will include comprehensive cross-dataset experi-
ments, such as training on large-scale datasets and evaluation
of MPIIFaceGaze, ColumbiaGaze, and TabletGaze under
standardized protocols.

Additional research directions include incorporating
lightweight attention mechanisms or hybrid CNN–
transformer architectures, exploringmultitask learning strate-
gies, and integrating personalized few-shot calibration to
improve performance under extreme head poses or occlu-
sion. Ultimately, this study contributes to ongoing efforts to
democratize gaze estimation technologies by demonstrating
that careful architectural refinement of existing models can

yield meaningful performance gains without reliance on
specialized hardware. CHA-Gaze shows strong potential as
a practical, accurate, and accessible solution for gaze-based
interactions for both clinical and consumer applications.

Future work should focus on (1) collecting ethically
approved, diverse clinical datasets, (2) developing few-shot
or zero-shot adaptation techniques for 3D gaze estima-
tion under challenging ocular conditions, (3) generating
high-fidelity synthetic data for children and older adults, and
(4) conducting extensive real-world validations across patient
populations. We are currently pursuing IRB-approved data
collection with the goal of releasing a more inclusive and
comprehensive gaze estimation benchmark.

VI. CONCLUSION
In this study, we present CHA-Gaze, an innovative
appearance-based gaze estimation model developed to
enhance the AFF-Net. To assess its performance, we con-
ducted a comparative analysis using the MPIIFaceGaze
dataset, with a focus on Euclidean error (cm) as the primary
metric. The results indicate that CHA-Gaze consistently
surpassed AFF-Net, exhibiting a significantly lower aver-
age Euclidean error (1.88 cm vs. 2.59 cm, p < 0.001).
The evaluation confirmed the efficacy of the architectural
modifications introduced in CHA-Gaze under unconstrained
webcam-based conditions. These findings provide a validated
foundation within the domain for further development and
deployment of CHA-Gaze in gaze-driven applications, where
accessibility, scalability, and performance are critical. Future
research should include broader evaluations across various
datasets, user populations, and task conditions to assess the
generalizability and practical utility of the model.
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