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Abstract

Gaze estimation has applications such as visual attention analysis and human-computer
interaction. However, performance under free head movement conditions can be further
enhanced. This study aims to improve the accuracy and robustness of appearance-based
gaze estimation without head fixation. We develop a gaze-tracking system using a
consumer depth camera and a deep-learning-based gaze estimation model [Gaze-Point-
Net (GPN)]. A customized YOLOv5-based detector is developed to simultaneously localize
the eyes and mouth, providing reliable facial landmarks for gaze estimation. The detected
regions and depth image were used to calculate a vector of location and posture. In GPN, a
double-channel convolutional neural network with a Squeeze-and-Excitation module
extracts features from binocular images, and these features are concatenated with the
location-and-posture vector to complete the multimodal gaze-position prediction task. Our
GPN presents competitive performance in four experiments: (1) The error distribution in
the sequential point test ranges from 4 to 10 degrees; (2) In the random point test, the
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calibrated and filtered GPN achieved a pixel error of 185.19 + 116.57 pixels and an angular error of 4.52° + 2.87°,
demonstrating superior performance over counterpart methods; (3) In the trajectory tracking test, approximately
81.91% of gaze points were located within a 200-pixel tolerance radius of the target trajectory; (4) In the browsing
test, the generated gaze heat and trajectory maps showed satisfactory results. The developed eye-tracking system,
integrating a depth camera and deep learning models, demonstrates competitive performance and strong potential
for several eye-tracking applications.

1. INTRODUCTION

Gaze estimation is an important research direction in computer vision. It can utilize devices such as color
cameras and infrared equipment to capture features such as faces and eyes, and then calculate the position
that the user is looking at on a screen or in a natural environment. This facilitates interaction between the
user and the device or can provide data support for operations or tests by collecting physiological
information from the user. Gaze estimation technology has a wide range of applications”, and can be used
in education, scientific research!>®, medicine'”*, entertainment'*'"), automatic driving""'?, business'?,
sport"!, and so on. As shown in Figure 1, gaze estimation results can be represented by a gaze-trajectory plot
and a gaze heat map.

Gaze estimation systems primarily operate in the following three modes. (1) Head-mounted eye tracking. In
this approach, gaze estimation is performed while wearing devices such as glasses or headsets. This method
achieves high-precision gaze estimation, especially when equipped with gaze estimation hardware. As
documented in"*', this method has been refined. The advantage of this approach is that the device’s relative
position to the head remains relatively stable, eliminating the need to account for variations in head
movement. It allows for a focus on eye image information alone, resulting in higher accuracy within
appearance-based methods; (2) Desktop-based gaze estimation. This method employs sampling devices, such
as cameras, to collect information and utilizes model-based or appearance-based techniques for gaze
estimation. It is primarily used to predict a user’s point of focus while using a computer or looking at a
monitor"”**. Notably, the camera’s position is fixed relative to the monitor. It caters to scenarios where the
user’s head position remains relatively stable or changes slightly. Given the possibility of head movement and
rotations, the method must account for these variables during gaze estimation; (3) Pose-based gaze
estimation. This approach is often applied in long-range prediction scenarios, where the camera is positioned
at a significant distance from the subject. It relies on the subject’s overall body posture and head orientation
to determine gaze direction and identify the object of interest. As shown in"”, substantial progress has been
made with this approach. This method involves numerous variables, and the task does not require extremely
high precision. We used the second method, which builds a desktop line-of-sight tracking system.

There are currently three common methods for gaze estimation. (1) 2D mapping method. These approaches
involve personalized calibration and utilize a mapping model to estimate the focal point corresponding to
new eye features”*'; (2) 3D model method. These methods employ eye structure and geometric imaging
models to estimate the three-dimensional line of sight. It has higher requirements for cameras and lighting
but offers greater flexibility in handling individual differences and head movements'***’'; (3) Appearance-
based method. The appearance-based method uses eye or facial images as input and determines gaze position
through the training of a mapping model**>*). It is robust because it uses a large number of statistical
samples, does not require specific eye features to be extracted, and requires less equipment. However,
adapting it to individual activities remains challenging. It offers simplicity, efficiency, high accuracy, a small
number of model parameters, and low computational requirements. Because of its minimal hardware
requirements, it is suitable for deployment in scenarios involving lightweight imaging devices. Therefore,
appearance-based methods have become a mainstream approach for gaze estimation.



Wang et al. Intell. Robot. 2026, 6(3), 621-42 Page 623

Figure 1. lllustration of gaze estimation results, including the predicted gaze trajectory (left) and gaze distribution heat map (right). These
images are used solely for visualization and illustrative purposes. They were obtained from the Kodak Lossless True Color Image Suite,
originally released by Eastman Kodak Company (1999); the publicly accessible mirror at https://rOk.us/graphics/kodak/ (accessed:
22.2.2026) was used for retrieval.

With advances in deep learning for computer vision, neural networks have shown state-of-the-art
performance in gaze estimation. Appearance-based gaze estimation methods use mathematical models and
take inputs such as binocular images to infer gaze direction. Consequently, neural network models in deep
learning are widely applied in appearance-based gaze estimation methods. LeNet and VGG models are
widely used in gaze estimation tasks'”.

Appearance-based gaze estimation methods have been widely used on home computers®®. When the
subject’s head is significantly tilted, or farther away, the system may have difficulty accurately detecting eye
position and posture, resulting in inaccurate or even failed gaze estimation. Appearance-based gaze
estimation methods use traditional cameras for sampling, which is largely influenced by environmental
lighting conditions. This article aims to address these issues to some extent.

In this study, we develop a desktop-based gaze estimation system capable of accurate gaze estimation under
free head movement and varying lighting conditions. The main contributions are summarized as follows: (1)
A desktop-based gaze estimation system is developed to support a wide range of gaze-related research
through flexible experimental configurations while providing reliable gaze estimation; (2) A curated gaze
estimation dataset is collected and compiled to support system development and comprehensive evaluation,
with plans to make the dataset available following completion of the necessary data-sharing procedures and
receipt of the required permissions; (3) Unlike conventional approaches that first estimate the gaze direction
in the camera coordinate system and subsequently transform it into the world coordinate system to
determine the screen gaze point®, the proposed system directly regresses the gaze position on the screen,
simplifying the estimation pipeline; (4) Depth information is incorporated to estimate the user’s spatial
position and head pose, enabling robust gaze estimation under unrestricted head movement.
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2. MATERIALS AND METHODS

2.1. Overview of the unlocking-the-head gaze estimation system

The procedure of our gaze estimation system is as follows [Figure 2A]: Firstly, we employ an improved You
Only Look Once (YOLO) model”” to locate and crop eye images. We utilize an Intel RealSense depth
cameral®® to calculate the three-dimensional spatial positions of the eyes and mouth. Next, we utilize a
multimodal gaze point network to predict screen gaze points. To accomplish this, we need to create and
collect two datasets: one for training the YOLO object detection model and another for training the Gaze-
Point-Net (GPN) gaze regression model. In our implementation, the resolution of the feature maps is
increased in the detection head to improve the recognition of small-sized objects (eyes and mouth regions in
the facial images). Moreover, the left-eye and right-eye classes are merged into a single “eye” class, since the
two eyes exhibit highly similar appearance characteristics. The eyes and mouth are detected simultaneously
during facial landmark detection. While the eye images are used in the subsequent gaze estimation process,
the detected mouth position provides an additional facial landmark for characterizing the facial geometry.
Combined with the binocular eye positions captured by the Intel RealSense depth camera, the three
landmarks (left eye, right eye, and mouth) define a facial plane whose normal vector provides two angular
degrees of freedom corresponding to head pitch and yaw in the camera coordinate system. The 3D spatial
coordinates of the left and right eyes, together with these two angular components, constitute the 8-
dimensional position/posture vector used in this study. Roll is not explicitly represented as an independent
angular variable but is implicitly encoded in the relative 3D spatial configuration of the two eyes.

Figure 2B illustrates the training process of GPN. We collected training data from volunteers, consisting of
standardized binocular images and corresponding three-dimensional information computed from image
depth. These datasets were assembled and utilized to train a universal model.

We trained our model on a large dataset, and to further improve its fit to each user, we designed a calibration
function [Figure 2C]. With this function, we can enhance the accuracy of the model’s predictions and deploy
the same model on screens of different sizes to maintain consistent task accuracy when the camera position
may not be stable.

2.2. Construction and training of the GPN model

Traditional gaze estimation tasks are usually performed under the condition of a fixed head, so traditional
methods do not need to consider the head’s spatial position and pose information. Since the six degrees of
freedom of the head are fixed, neural network models in traditional methods accept only binocular images or
use a monocular model and compute binocular images through a mirror-flipping method.

To address the asymmetry between pupil direction and eyelid features in binocular images, we designed
GPN based on LeNet, similar to existing studies””’. Since binocular images are different, the feature extractors
cannot use the same parameters for feature extraction. Therefore, we adopted a double-channel
convolutional neural network feature extractor with non-shared parameters to extract features from
binocular images and used multiple fully connected layers to compress and extract features. Additionally, we
connected (concatenated) head spatial position and pose vectors in the hidden layer to construct a
multimodal neural network for completing the multimodal gaze position prediction task. Below is the
network structure of GPN [Figure 3].

Our neural network architecture mainly consists of two parts: the SELayer® and GAZE attention. The
SELayer is a module used to enhance the neural network’s feature expression ability. It takes the input
feature map and performs adaptive average pooling to obtain a global feature vector. After processing
through two fully connected layers and an activation function, the SELayer generates a weight vector used to
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Figure 2. Overview of the unlocking-the-head gaze estimation system. (A) The deployment of the system; (B) The training of the universal
GPN model; (C) The calibration of the GPN model. GPN: Gaze-Point-Net; RGB: Red, Green, Blue; YOLO: You Only Look Once.

scale the input feature map. The SELayer includes an adaptive average pooling layer, two fully connected
layers, a rectified linear unit (ReLU) activation function to construct nonlinear combinations, and a Sigmoid
activation function to limit the parameter range.

The GAZE attention is a neural network consisting of convolutional and fully connected layers. Its input
includes two monochrome eye images (36 > 60 pixels each) and head position and pose information. The
output is a 2D tensor representing the gaze point coordinates.



Page 626 Wang et al. Intell. Robot. 2026, 6(3), 621-42

SELayer
Left eye I
Convl_1 Convl_2

“l!

SELayer

—
Gaze point
(x,y)
FC Layer2

FC Layerl
Posmon and posture

Conv2_1 Conv2_2

Right eye

(XL, Y1) 2L XR, Yo ZR 4 Y ]

Face image Eye and mouth detection combined Position and
with heatmap posture

Figure 3. GPN structure. The 8-dimensional position/posture representation comprises the 3D spatial coordinates of the left and right
eyes (6 dimensions) and two angular components of the facial-plane normal representing head pitch and yaw (2 dimensions). GPN: Gaze-
Point-Net; FC: fully connected.

The convolutional layers of this neural network adopt a non-shared-parameter dual-channel convolutional
neural network structure. Each channel contains two convolutional modules. The first convolutional module
consists of 20 convolutional kernels with a size of 5 x 5, a stride of 1, and a padding of 2 to keep the feature
size the same. This is followed by a batch normalization layer, a ReLU activation function, and a 2 x 2 max-
pooling layer. After the first pooling operation, the attention mechanism introduced earlier enhances the
network’s focus on the input data. This mechanism adaptively weights each channel, allowing the neural
network to focus more on extracting important features while ignoring irrelevant ones. The second
convolutional module consists of 50 convolutional kernels with a size of 5 x 5, a stride of 1, and a padding of
2 x 2 to ensure that the feature size remains the same. This is followed by a batch normalization layer, a
ReLU activation function, and a maximum pooling layer with a size of 2.

2.3. Training of the augmented GPN

During training, we found that the model underestimated the y-coordinate of the predicted gaze point.
Therefore, we redesigned the loss function. Our data and labels are both represented as two-dimensional
coordinates, denoted by c1 = (x1, y1) and c2 = (x2, y2), respectively, where c1 and c2 represent the predicted
and ground-truth gaze points. Here, x1 and y1 denote the predicted horizontal and vertical coordinates,
while x2 and y2 denote the corresponding ground-truth coordinates. The proposed loss function consists of
the absolute errors of the x- and y-coordinates, the squared error of the y-coordinate, and the Euclidean
distance between the predicted and ground-truth gaze points, weighted by 2:2:1:4, respectively [Equation
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(1)]. These weighting coefficients were selected empirically through preliminary experiments to balance the
contributions of the individual loss terms and promote stable model convergence. The squared y-coordinate
error term further emphasizes deviations in the vertical coordinate, particularly at larger y-coordinate values.

L(cl,c2) =2|x1 —x2] + 2|yl — y2| + |yl - y2|2 + 4] (x1, y1) = (x2, y2)]|2 )

A total of 20 participants were randomly divided at the participant level into training, validation, and test sets
at an 8:1:1 ratio, comprising 16, 2, and 2 participants, respectively. All samples from each participant were
assigned exclusively to the corresponding subset, ensuring that no participant appeared in more than one
subset.

During training, we set the number of epochs to 50, the batch size to 16, and used the redesigned loss
function as the objective function. To optimize the objective function, we used the stochastic gradient
descent (SGD) optimizer with an initial learning rate of 0.0001 and a dynamic learning rate strategy.
Specifically, we gradually reduced the learning rate by a factor of 0.1 at epochs 20 and 30. After each training
batch, we used the validation set to calculate the mean absolute error (MAE) and determine whether to
update the best model.

2.4. Calibration and filtering process

The GPN model was trained using only the data from participants in the training subset, while data from the
validation and test subsets were reserved for their respective evaluation purposes. Therefore, we can further
improve the model’s accuracy and performance under specific users’ usage conditions through calibration.
To this end, we designed the following calibration steps, following a similar approach to that described in™.

First, we collected calibration data using a method similar to that used in collecting training data. The
calibration data were collected by presenting nine gray boxes arranged in two rectangles on the display
screen in sequence. The collected data include standardized binocular images, head position and posture
vectors, and corresponding label data. Next, the collected data were assembled into a batch of calibration
datasets, and the model was fine-tuned using the same loss function and optimizer as in training.
Importantly, model fine-tuning at this stage used exclusively the calibration data from volunteers included in
the training set.

During model calibration, to prevent overfitting at the nine calibration points, we employed an approach
similar to transfer learning by adjusting only the parameters of the last fully connected layer during fine-
tuning. This method enables us to further improve the model’s accuracy and performance under specific
user conditions.

Moreover, a mean filter is applied to the calibrated gaze-point predictions. Specifically, the current gaze
location is estimated as the mean of the five most recent predicted gaze locations. The filtered and unfiltered
predictions are then compared to evaluate the effect of filtering on gaze estimation performance.

2.5. Experimental methods and measurements

2.5.1. Experiments

After the completion of the entire system’s construction, we designed the following four experiments with
reference to the method in": sequential and random point testing, trajectory tracking testing, and browsing
mode analysis. These experiments comprehensively analyze the accuracy, robustness, and real-time
performance of the system.
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In the sequential point location test, we utilized our system design to track a gray box moving in a zigzag
pattern from the upper left corner of the screen. Real-time gaze prediction was achieved through the use of a
gaze estimation system. With participants’ consent, we recorded binocular images, facial images, head
position, head pose information, and normalized screen position information of the gray box for data
analysis.

Similarly, in the random point location test, we used a gray block as a fixation target that jumped randomly
between specific position and remained fixed for three seconds at each positions. To eliminate the influence
of saccadic eye movements, we recorded data after the block had been stationary for one second.

The fixation task with a stationary target in these experiments closely resembled the primary task of current
eye-tracking devices, allowing us to assess the eye-tracking system’s performance accurately.

To evaluate the system’s ability to track moving targets, we designed a circular trajectory tracking test. A
circular target trajectory with a radius of 500 pixels was drawn at the center of the screen, and a moving box
served as the gaze target. Gaze points were predicted and collected throughout the test. To quantify tracking
accuracy, confidence radii of 300 and 200 pixels relative to the target trajectory were used as tolerance
thresholds for determining whether the predicted gaze points were valid tracks.

Finally, we demonstrated the gaze estimation system using a browsing mode analysis task. We selected five
images containing highly distinctive objects, each displayed in full screen for five seconds. Simultaneously,
we captured the sequence of gaze positions of the viewers and visualized them as gaze point trajectories and
heat maps to analyze and present the performance of our model. By combining the captured gaze points with
the positions of the target objects in the images, we analyzed the reliability, real-time capability, and accuracy
of our model.

2.5.2. Measurement

After computing the normalized gaze coordinates, they are mapped back to the 1,920 x 1,080 screen
coordinate system to obtain the final projected gaze location, referred to as the fixation point (yellow arrow
in Figure 4). Simultaneously, the corresponding ground-truth location is retained as the centroid of the
target square displayed during the experiment (orange arrow in Figure 4). The predicted and ground-truth
screen coordinates are then used to calculate the Euclidean distance between the two points on the screen.

To further evaluate gaze estimation accuracy in three-dimensional space, the spatial coordinates of the eyes
in the camera coordinate system, together with the known geometric relationship between the camera and
the display, are used to determine the distances from the midpoint of the two eye rays to both the predicted
and ground-truth fixation points. Based on these distances, the cosine theorem is applied to compute the
angular error between the predicted and ground-truth gaze directions (red angle in Figure 4). The resulting
angular error is subsequently analyzed under different experimental conditions.

It is important to note that this study was approved by the Ethics Committee of Northeastern University
(approval no. NEU-EC-2024B036S). All procedures were conducted in accordance with institutional
guidelines and the Declaration of Helsinki (2024). Written informed consent was obtained from all
participants prior to data collection. The experimental setup consisted of a 1,920 x 1,080 display and the Intel
RealSense depth camera mounted directly below the screen. Data were collected from a single participant per
session at a viewing distance ranging from 0.5 to 0.85 m.
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Figure 4. Camera coordinate system and gaze estimation. The image displayed on the screen was obtained from a publicly accessible
online source and is included for illustrative purposes only. It is not part of the experimental dataset or quantitative evaluation.

3. RESULTS

3.1. Performance at sequential point test

We conducted sequential point testing and collected 6,572 sets of experimental data. The results of this
testing, along with error analysis at multiple scales, are presented in Figures 5 and 6. Moreover, the
performance of the eyes-mouth detection model is evaluated.

During the error analysis, we considered various variables such as screen gaze position, head spatial position,
head spatial pose, and lighting conditions. This comprehensive analysis allowed us to identify the factors that
contribute to errors in our experimental data. By combining sequential point testing with thorough error
analysis, we obtained a comprehensive understanding of our system’s performance and limitations under
different conditions.

Figure 5 presents the error analysis for various variables. The horizontal axis represents the variables, while
the vertical axis represents the average angular error within the corresponding interval. Figure 5A and B
display the relationship between the horizontal and vertical positions of the target point on the screen and
the angular error. Figure 5C presents a three-dimensional plot showing the relationship between the target
point’s position on the screen and the angular error. The x and y axes represent the horizontal and vertical
positions of the target point on the screen, respectively, while the z-axis represents the magnitude of the
angular error. The error distribution ranges from 6 to 10 degrees.

Figure 5D illustrates the relationship between the angular error and the horizontal distance between the
observer’s gaze and the camera. The independent variable is the horizontal position of the midpoint between
the eyes in the camera coordinate system, which represents the observer’s horizontal displacement. The
horizontal distance is distributed from -0.1 to 0.15 meters, and the error distribution ranges from 4 to 10
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Figure 6. Performance analysis of GPN with different light conditions. The central points indicate the mean values, and the blue shaded
regions represent the corresponding variance. GPN: Gaze-Point-Net; RGB: Red, Green, Blue.
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Figure 7. Random point test results.

degrees. Figure 5E demonstrates the relationship between the angular error and the vertical distance. The
independent variable is the vertical position of the midpoint between the eyes in the camera coordinate
system, representing the observer’s vertical displacement. The vertical distance values range from -0.15 to 0
meters, while the angular error distribution ranges from 5 to 10 degrees. Figure 5F presents the relationship
between the angular error and the axial distance between the observer’s gaze and the camera. The
independent variable is the axial position of the midpoint between the eyes in the camera coordinate system,
which represents the observer’s forward and backward displacement and the distance between the observer
and the display. The axial distance ranges from 0.5 to 0.85 meters, and the angular error distribution ranges
from 4 to 8 degrees.

Finally, Figure 5G displays the relationship between the angular error and the pitch angle of the observer’s
head, representing the vertical swing amplitude. The pitch angle ranges from -70 to 20 degrees, and the
angular error distribution ranges from 7 to 9 degrees. Figure 5H shows the relationship between the angular
error and the yaw angle of the observer’s head, representing the horizontal swing amplitude. The yaw angle
ranges from -10 to 38 degrees, and the angular error distribution ranges from 5 to 9 degrees.

Figure 6 illustrates the relationship between the mean and range of Red, Green, Blue (RGB) values and the
angular error. The mean RGB values represent the intensity of the experimental ambient light, which is
distributed in the range of 40-120. The range of RGB values represents the angle of the laboratory light
source, where a larger light angle corresponds to a larger RGB range, distributed in the range of 80-200. In
both cases, the errors are distributed within 5-10 degrees.

3.2. Performance at random point test

We collected the results of random point tests for analysis. First, we plotted the distribution of points and the
predicted standard deviation using the actual values and the predicted values. These are shown in Figure 7.
In the left panel, the light-colored large circle represents the fixed target point in the test, with its center at
the center of the target block and its diameter equal to the target block’s diagonal length. The dark-colored
small circles represent the scattered positions of the predicted fixation points by the model. In the right part,
the dark small circles represent the actual fixed target point locations, while the light large circles
surrounding them indicate the range of predicted points corresponding to the labels. This figure shows the
distribution of predicted points around the ground-truth values and the predictive standard deviation.

During the experimental process, we retained the predicted data from the uncalibrated model and the
unfiltered results, resulting in four data groups. These data are illustrated in Figure 8. The left graph depicts
the functional relationship between angular error and the true values on the X-axis, where the scatter points
represent the distribution of the data. The scatter points are plotted at a ratio of 1:100. The four curves
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Figure 8. Data filtering and model calibration analysis.

represent the quadratic polynomial fit for each dataset, illustrating how the average angular error varies with
the x-coordinate. The right graph presents a similar error analysis, with the Y-axis representing the true
values. As shown in the graph, filtering the raw data has minimal effect on reducing the average error,
whereas filtering after calibration substantially reduces it.

To analyze the performance of the model, we conducted a series of control experiments and tested the
following mathematical models: (1) K-nearest neighbors (KNN). In machine learning, KNN is commonly
used for pattern recognition tasks. We expanded the image into a one-dimensional vector and concatenated
it with the head position and attitude information, then used the KNN method with a neighborhood size of 3
for testing™; (2) Random forest (RF)"*?. RF is an effective regression method in machine learning. We tested
the model using the same data-processing method, with a decision tree size of 300, a maximum depth of 20,
and a maximum of 65 features at each node; (3) Linear regression (LR)"*. LR is a simple regression method
in machine learning and has been applied effectively to medical image analysis tasks"’. We used the same
data processing method and tested the model using LR.

Finally, utilizing various models including KNN, RF, LR, GPN, and calibrated GPN, we obtained the
prediction results for random-point testing. The results from different models were compared, and the error
analysis results are presented in Figure 9. Figure 9A shows the error analysis graph with the true values on
the x-axis, which has the same pattern as Figure 8, consisting of an error scatter plot and a fitting curve. In
contrast, Figure 9B shows the error analysis graph with the true values on the y-axis.

Scattered points represent the error distribution of data sampled at a certain proportion, and a quadratic
function is used to fit the scattered points into a curve. The blue, cyan, and yellow colors represent the results
of KNN, LR, and RF, respectively. Pink represents the uncalibrated model results, while red represents the
calibrated model results with added data-filtering operations. Our model shows a significantly smaller error
distribution and lower standard deviation. Additionally, applying the filtering operations after calibration
substantially improves the model’s performance.

Figure 9C and D present numerical comparisons of the average angular error and average pixel error for the
aforementioned models, respectively. The two figures depict the KNN, RF, LR, general GPN, and calibrated
GPN models from left to right, representing progressively lighter shades. The results indicate that our
model’s performance is comparable to RF before calibration but improves significantly after calibration.
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Figure 9. Performance comparison analysis of GPN and other models. (A) scatterplot and fitted curve analysis of the horizontal
coordinates of the target points between different models; (B) Scatterplot and fitted curve analysis of the vertical coordinates of the target
points between different models; (C) Analysis of mean angular errors for different models; error bars represent the standard deviations of
angular errors across the test samples (n = 2); (D) Analysis of mean pixel errors for different models; error bars represent the standard
deviations of pixel errors across the test samples (n = 2). GPN: Gaze-Point-Net; KNN: K-nearest neighbors; LR: linear regression; RF:
random forest.

Table 1. Pixel and angular errors of the calibrated GPN and its counterparts

Model Pixel error Angular error
KNNo1 45836 +263.17 Nn16+6.19
RFE2) 292.75+152.27 715+3.72
LR 491.26 £ 267.23 1212+ 6.75
GPN 357.03 +223.80 8.85+5.81
Calibrated GPN 185.19 + 116.57 4.52+2.87

Bold content indicates the proposed approach, which achieved the best performance. GPN: Gaze-Point-Net; KNN: K-nearest neighbors; RF: random
forest; LR: linear regression.

Table 1 presents the mean and standard deviation of pixel error and angular error for different models. The
screen has a pixel range of 2202, and its visible viewing angle ranges from 60 to 70 degrees; the calibrated
GPN also includes the subsequent data-filtering operation. Our calibrated GPN achieves a pixel error of

185.19 + 116.57 and a angular error of 4.52 + 2.87, which is much smaller than that of KNN, RF, LR, and
GPN.
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Figure 10. Three-dimensional error analysis.

Table 2. Multiple regression task evaluation metrics for the GPN and its counterparts

Model RMSE MAE R? MAPE MSPE
KNNzo! 373.7343 291.3501 0.2357 130.6664 1,025.7574
RFE21 233.3364 187.8462 0.6088 90.7369 437.8502
LRE=1 392.678 311.6328 0.0536 1121944 579.4017
GPN 293.8332 232.2993 0.3423 62.4100 185.9423
Calibrated GPN 156.5305 121.8607 0.8224 46.6341 124.8420

Bold content indicates the proposed approach, which achieved the best performance. GPN: Gaze-Point-Net; RMSE: root mean squared error; MAE:
mean absolute error; R% R-squared; MAPE: mean absolute percentage error; MSPE: mean squared percentage error; KNN: K-nearest neighbors; RF:
random forest; LR: linear regression.

We employed multiple regression task evaluation metrics to analyze the performance of the models used in
our study, as shown in Table 2. As in Table 1, the calibrated GPN includes the subsequent data-filtering
operation. The metrics include the root mean squared error (RMSE), MAE, R-squared (R*), mean absolute
percentage error (MAPE), and mean squared percentage error (MSPE).

Based on the analysis of RMSE and MAE, our model exhibits significantly smaller errors compared to other
models. Furthermore, for MAPE and MSPE, our model shows smaller relative errors and fewer instances of
large errors. Additionally, the R* coefficient indicates a stronger correlation between our model’s regression
results and the reference standards.

The relationship between the horizontal and vertical coordinates of the ground truth values on the screen
and the angular error is illustrated in Figure 10 using a three-dimensional plot. From the final coordinate
error analysis graph, the model’s prediction error was within 5° in most locations. After calibration and
filtering, the average angular prediction error is substantially reduced to 4.52°, demonstrating the
effectiveness of the proposed method in achieving accurate gaze estimation across different target locations.
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Figure 11. Circular trajectory tracking test results.

3.3. Performance at trajectory tracking test

The results of the trajectory tracking test are shown in Figure 11. The left part displays the distribution
heatmap of prediction errors. The heatmap depicts the trajectory of the moving target, with brighter colors
indicating larger errors and darker colors indicating smaller errors. The right part shows the distribution of
scattered points within a certain confidence region. The light-colored circular rings in the background
represent tolerance boundaries around the target trajectory, with the radius indicating the allowable distance
from the trajectory. Scatter plots depict the distribution of predicted gaze points. A confidence radius is
defined to determine whether predicted gaze points fall within a specified distance from the target trajectory
and are therefore considered valid tracks. With a tolerance radius of 300 pixels, the tracking accuracy reaches
93.75%. When the tolerance radius is reduced to 200 pixels, the accuracy is 81.91%.

3.4. Analysis of browsing patterns

Figure 12 presents the browsing-mode analysis, in which the gaze positions of a participant were
simultaneously recorded using a professional eye tracker (Tobii Pro) and the proposed eye-tracking system
while freely viewing each image®*. The first column [Figure 12A] shows four representative images viewed
by the participant. The second and fourth columns [Figure 12B and D] present the heat maps generated by
the professional eye tracker and the proposed system, respectively, while the third and fifth columns [Figure
12C and E] show the corresponding gaze trajectory maps. The heat maps illustrate the distribution and
density of gaze points, with deeper red indicating higher gaze density and thus the observer’s focal areas of
attention. The trajectory maps plot gaze points in chronological order, illustrating the temporal progression
of visual attention across the image. Overall, the heat maps and trajectory maps generated by the proposed
system closely resemble those obtained from the professional eye tracker, with only minor differences in
gaze-point locations. These results demonstrate that the proposed system can provide gaze-tracking patterns
comparable to those of the professional eye tracker during free-viewing tasks.

4. DISCUSSION

4.1. Principal findings

In this study, we designed a comprehensive system for gaze estimation and evaluated its performance
through various experiments, drawing on the concept of explicit gaze control in neural talking-head
synthesis””. We demonstrated the feasibility of gaze estimation without infrared cameras and showed that a
multimodal approach incorporating head spatial position and pose information can enhance the accuracy
and generalization performance of gaze estimation. Furthermore, while training the object detection model,
we found that increasing the resolution of the feature maps in YOLOvVS5 can improve the model’s ability to
recognize small-sized objects. Additionally, combining similar but different object categories (the left and
right eyes) into the same class can significantly improve detection performance for that class.
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A C E

Figure 12. Representative examples of browsing-pattern analysis. (A) Original images viewed by the participant; (B) and (D) heat maps
generated by the Tobii Pro eye tracker and the proposed system, respectively; (C) and (E) corresponding gaze trajectory maps. They were
obtained from the Kodak Lossless True Color Image Suite, originally released by Eastman Kodak Company (1999); the publicly accessible
mirror at https://rOk.us/graphics/kodak/ (accessed: 22.2.2026) was used for retrieval, and the Berkeley Segmentation Dataset and
Benchmark (BSDS300) (https://www?2.eecs.berkeley.edu/Research/Projects/CS/vision/bsds/)B4.

In the computational workflow, we discovered that in the process of using neural networks for calculations,
separating and then fusing features - namely, first computing the head’s position and pose information while
using perspective transformation to remove pose information from eye images, and then utilizing neural
networks for feature fusion - improved the accuracy to some extent.

We directly regress the target fixation point, which reduces computational complexity and makes calibration
more efficient. Calibrating the gaze estimation model before each prediction task greatly improves its
accuracy.

Finally, our model performs much better in fixed-point gaze tasks (Random point test) compared to
scanning tasks (Sequential point test) involving moving points. This is because our random-point testing
procedure averages angular errors and standard deviations after the random point remains fixed for a certain
period, yielding slightly lower errors than sequential-point testing involving continuous movement of the
target point.

4.2. Comparison with previous studies

Since existing gaze estimation studies often adopt different datasets, input modalities, and evaluation
protocols, direct performance comparisons across datasets may not be fully reliable. Therefore, Table 3
provides a reference comparison with representative methods reported in the literature, rather than a strict
quantitative benchmark. The results highlight the effectiveness of our integrated gaze estimation system
under the experimental setting adopted in this study.
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Table 3. Comparison with representative gaze estimation methods reported in the literature

Study Key aspects Performance

- Gaze estimation
- Eye movement
Our method - Depth camera
- Free head movement
- Calibration

Angular error = 4,52° + 2.87°
Pixel error: =185.19 £116.57

- Eye movements
- HCI
- Gaze estimation
- Video-based remote eye trackers
- User calibration

Arar et al., 20171 - Estimation bias Angular error =1.01° £ 1°
- Explicit and implicit user calibration methods
- Regression-based user calibration techniques
- Weighted least squares regression
- Real-time cross-ratio based gaze estimation
- State-of-the-art user calibration methods

- Deep learning-based approaches

- Appearance-based gaze estimation
- Unseen environments

- Generalizing gaze estimation algorithm
- Rotation-consistency property

- Unsupervised domain adaptation

- Distribution loss

- Cross-domain gaze estimation tasks
- Experimental results

- Baselines

- Computer vision tasks

- Physical constraints

Bao et al., 202257 Angular error = 5.70°

- ETH-XGaze

- HCl

- Custom datasets

- Comparison across methods

- ETH-XGaze dataset

- High-resolution images

- Extreme head poses

- Ground truth gaze targets

- Robustness of Gaze estimation methods
- Standardized experimental protocol
- Benchmark website

- Unified gaze estimation research

Zhang et al., 20205# Angular error = 8° at extreme angle

- Smart interactive environments
- User intent prediction

- Gaze estimation technology

- Interaction techniques

- Deep learning-based approach
- Low-light conditions

- Eye image enhancement

- MPIIGaze dataset

Kim et al., 2020 Angular error = 9.52° when the light is dim

- Low-light environment
- Gaze estimation
- Feature fusion
- Multi-level information elements
Ren et al., 2023101 - Gaze conduction principle Angular error = 4.38°
- Multi-level information element fusion model
- Optimized input modes and network structures
- GazeCapture dataset
- Average error

HCI: Human-computer interaction.

In existing appearance-based gaze estimation methods, it has been demonstrated that combining head spatial
position and three-dimensional posture methods is highly effective for gaze estimation under free-viewing
conditions™. Our method includes a process for correcting the head roll angle. When the head undergoes
angular changes along the axial rotation, we use a matrix transformation to correct the inverse rotation. This
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eliminates roll-angle features in the image. We incorporate this corrected feature as an input to the model
alongside other modalities, using the multimodal approach we propose.

The gaze estimation method for head rotation in Ref.*” directly computes on images without reverse-
rotation correction. In comparison, their method relies on separate feature extraction, whereas our approach
more thoroughly extracts rotation features. Our method first disentangles the features before fusing them,
resulting in improved performance. Ultimately, our method achieves an error 1.18° lower than that of their
approach.

Similarly, our approach incorporates perspective transformation for separating the head’s yaw and pitch
angles. As a result, our method demonstrates a certain degree of adaptability to both horizontal and vertical
head rotations. The method described in"* focuses on gaze estimation for baseline angles. They trained their
model on datasets with significant angle variations and achieved an error of approximately 8 degrees. Figure
5G and H illustrate the error analysis results of our method in these two dimensions. Compared with this
specialized approach tailored to the specific conditions, our method achieves a performance close to its
capabilities.

We acquired data under various lighting conditions by adjusting the illumination. Furthermore, during the
image preprocessing phase, techniques such as histogram equalization and data standardization were applied
to mitigate the impact of variations in image RGB values. In contrast to previous work””, which focused on
dim-lighting scenarios (resulting in an error of 9.52 degrees), our approach demonstrates an average error
reduction of 5.00 degrees. As illustrated in Figure 6, our method appears to be less affected by variations in
light intensity and direction, thus exhibiting strong performance across different lighting conditions.

The method mentioned in*' is a gaze tracking approach for mobile devices. It utilizes the front camera of a
smartphone to capture images, locates 68 facial landmarks using a model, and performs estimation. Our
method, by contrast, is deployed on desktop platforms and benefits from higher computational power. We
employ the YOLO model for target detection; in comparison, our method exhibits higher fault tolerance,
faster computation speed, and lower resource consumption. On desktop platforms, we achieve performance
similar to theirs with greater efficiency and resource savings.

Our approach shares some similarities with the method proposed in"*", as both utilize facial-related
information for gaze estimation. However, Ref."*') employs an long short-term memory (LSTM)-based
framework to model temporal dependencies from continuous facial sequences, whereas our method focuses
on individual-frame gaze estimation by integrating head pose information, binocular features, and
calibration strategies. This design reduces the dependency on temporal information and enables a more
lightweight implementation for scenarios where continuous data acquisition is unavailable or unnecessary.
Although Ref.*'! demonstrates the effectiveness of temporal modeling for gaze estimation, a direct
quantitative comparison between the two methods is difficult due to differences in datasets, input settings,
and experimental protocols. Nevertheless, the comparison highlights different design considerations:
temporal modeling can improve performance when sequential data are available, while our framework
provides a practical alternative for frame-based gaze estimation with reduced dependence on continuous
recordings. Future work will further investigate this issue using unified experimental protocols and larger
datasets.

Compared to existing methods, one advantage is our calibration approach. We fine-tune neural networks for
calibration, enabling robust calibration under various conditions such as changes in characters, lighting,
camera parameters, camera field of view, camera position, screen size, and more. This calibration
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significantly enhances accuracy. During system deployment, our approach eliminates the need for fixed
camera placement, head fixation, and external conditions like controlled lighting. This allows tasks to be
accomplished without setting up a series of external conditions, providing a more flexible and efficient
solution.

4.3. Limitations and future work
Despite the promising performance of the proposed gaze estimation system, several limitations remain.

First, the current system relies solely on images captured under visible light conditions, without
incorporating infrared sensors. Consequently, its performance is sensitive to illumination variations.
Although data augmentation and training strategies were employed to improve robustness, illumination
effects cannot be fully eliminated. This limitation could be addressed by introducing advanced data
enhancement techniques, such as diffusion-based models, to improve image quality under challenging
lighting conditions and enhance robustness.

Second, the target detection module operates on a per-frame basis without enforcing temporal consistency.
This leads to fluctuations in detection results across consecutive frames, causing inconsistencies in the
extracted eye regions and resulting in random directional deviations in gaze predictions. To overcome this
limitation, temporal consistency constraints could be incorporated, and gaze estimation models designed for

continuous video streams could be developed to leverage inter-frame information and reduce prediction
drift.

Third, the current pipeline lacks fine-grained preprocessing of eye images, such as explicit segmentation of
the iris and eyelids, which limits the effectiveness and accuracy of feature extraction. In addition, the absence
of temporal modeling prevents mitigation of randomness inherent in single-frame predictions. This issue
could be alleviated by integrating eye-region segmentation methods to isolate key anatomical structures and
adopting sequence-based modeling approaches to better exploit temporal dynamics.

Finally, although the current study adopts a participant-level data partitioning strategy to ensure subject-
disjoint training, validation, and testing, further evaluation using more rigorous subject-independent
protocols, such as leave-one-subject-out cross-validation, would provide additional evidence of the proposed
method’s robustness and generalizability. Moreover, a systematic ablation analysis of individual components
within the proposed framework would further clarify the contribution of each module and provide deeper
insights into the model design. Future studies will investigate larger and more diverse cohorts, incorporate
more comprehensive cross-participant validation strategies, and conduct extensive ablation studies to further
assess the model’s applicability and reliability in real-world scenarios.

5. CONCLUSION

In this study, we developed a gaze estimation system that integrates direct screen position regression,
binocular gaze estimation, multimodal feature fusion, and model calibration into a unified framework. By
directly regressing screen positions, the system eliminates the coordinate transformation process, thereby
simplifying the estimation pipeline, improving computational efficiency, reducing error accumulation, and
increasing fault tolerance. A binocular model with unshared parameters is adopted to minimize the influence
of binocular disparity encountered in monocular models. In addition, a multimodal convolutional neural
network (CNN) model incorporating head spatial position and pose information enhances the system’s
adaptability to natural head movements and rotations. Perspective transformation is further applied to
separate binocular image pose information from multimodal feature fusion, thereby improving the overall
estimation performance. Finally, combined with the model calibration strategy, the proposed system
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supports gaze estimation in a wide range of daily-life applications. The proposed system also exhibits strong
calibration capability, enabling effective adaptation to variations across different operating conditions.
Moreover, the model remains relatively compact, and when combined with the high computational
efficiency of the YOLO-based detector, the overall inference speed does not limit the camera’s sampling
frequency. Consequently, the integrated system achieves both high efficiency and accuracy during inference,
enabling reliable fixed-point gaze estimation in practical applications.
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