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Abstract

This paper proposes an eye-tracking system using a CNN-LSTM network that utilizes only event data. This method holds
potential for future applications in a wide range of fields, including AR/VR headsets, healthcare, and sports. Compared to
traditional frame-based camera methods, our proposed approach achieves high FPS and low power consumption by utilizing
event cameras. To improve the estimation accuracy, our gaze estimation system incorporates a blink detection, which was absent
in existing systems. Our results shows that our method achieves better performance compared to existing studies.

1. Introduction

Eye tracking is a task that estimates where a person is looking at.
Since eye tracking can be applied in a wide range of application
such as AR/VR [AMF23, CKK19], medical field [NLB*10], and
sports analysis [WWHA21, KNM18], it has been extensively stud-
ied. Many of the gaze estimation methods proposed so far use im-
ages or video captured by standard RGB cameras as input. How-
ever, RGB-based methods have several limitations. They are prone
to failure in low-light conditions or when occlusion occurs. Addi-
tionally, even when using high-frame-rate cameras, the frame rate
is typically limited to around 1000 fps. Consequently, the applica-
bility of these methods to the aforementioned applications is re-
stricted.

One possible solution to address these challenges is the use of
event-based cameras. Event-based cameras, inspired by the retina
of biological organisms, are sensors that detect and output data only
for changes in the brightness of the observed scene [GDO*19]. Us-
ing events captured by event-based cameras allows the methods to
operate at a relatively high FPS while maintaining low power con-
sumption and capability of low-light conditions.

While there have indeed been studies that use data captured by
event-based cameras for eye tracking, previous research has also
utilized data captured by frame-based cameras. As a result, these
studies have not fully exploited the high frame rate, low power and
capability of low-light conditions advantages of event-based cam-
eras. For this reason, we used only the data that captured by the
event-based cameras.

To perform eye-tracking using only sparse event data without re-
lying on any frame-based image data, this study we leverage com-
bining Convolutional Neural Networks (CNN) and Long Short-
Term Memory (LSTM) networks which can surpass the traditional
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eye-tracking methods.In addition, we introduced blink detection
into the system. Existing methods track human gaze even when the
subject is blinking or not focusing on anything, which reduces es-
timation accuracy. Therefore, we implemented a system that skips
the frames where the subject is blinking during both training and
inference phases.

2. Related Work
2.1. Eye Tracking

Eye tracking technology has seen significant advancements and di-
verse applications in recent years. It is extensively used in fields
such as AR/VR, medical applications, accident prevention, and
sports [KAS*19, NLB*10, AKNW21, VTMB20, CCHK23]. The
ability to accurately track eye movements provides valuable in-
sights into cognitive processes, user behavior, and attention. Tra-
ditional eye tracking often face challenges in terms of robustness
and accuracy under varying lighting conditions and head move-
ments [BBD24, AT17]. Recent developments in eye tracking al-
gorithms and the integration of advanced sensors, such as event
cameras, have shown promise in overcoming these limitations
[AMK*21, FGK*22]. By leveraging the high temporal resolution
and low latency of event cameras, eye tracking systems can achieve
more precise and reliable performance, particularly in dynamic and
challenging environments.

2.2. Event-Based Camera

Event cameras, renowned for their high-speed sensing capabilities,
have been widely applied in various domains. Notably, they have
found applications in object tracking [MFPA18], visual odome-
try [RHGS17], human pose tracking [ZMZ*23], 3D reconstruc-

delivered by

-G EUROGRAPHICS
: DIGITAL LIBRARY
diglib.eg.org

www.eg.org

DOI: 10.2312/egve.20241367



https://orcid.org/0009-0002-5682-2778
https://orcid.org/0000-0001-9560-0276
https://doi.org/10.2312/egve.20241367

20f5 Mao Kanno & Mariko Isogawa / Learning-based Event-based Human Gaze Tracking with Blink Detection

Event Frame : =} i
_ woBink ' HEMEE® —. [*
v — —L = HEEEEE
s [I— g1 i=1 1] ?
z
) . Eye Tracking
Input Splitted Event Data Event Frames Blink Detection Estimation Module Qutput _
Event Data (Sec. 3.1) (Sec. 3.2) (Sec. 3.3) Gaze Location

Figure 1: Proposed framework. The input consists only of event data captured by an event-based camera. At the initial stage, event frames
are created based on the number of events that occurred. Among these event frames, frames where blinks occur are detected and skipped
during training and inference. The model is CNN-LSTM-based and outputs 2D coordinates.

tion [BWCK20], SLAM [HZZT?24], and hand tracking [DSN21].
These fields benefit greatly from the event camera’s ability to cap-
ture dynamic scenes with exceptional temporal resolution and min-
imal latency. The characteristics of event-based cameras, such as
their proficiency in handling high-speed motions and challenging
lighting conditions, have paved the way for advancements in the
robustness and accuracy of visual perception systems. These ad-
vantages underscore the growing adoption of event-based cameras
in numerous fields, demonstrating their potential to surpass tradi-
tional frame-based cameras in specific scenarios.

3. Proposed Methods

Our system is built as illustrated in the Figure 1. First, we for-
mat the event data E = [xk,yk,tk,pk]ilzl as event frames F;(y,x) =
[F17F2~-~7FN]1/:,:1 for input to the model. Then, we perform blink
detection from these event frames and skip the frames where blinks
occurred during both the training and inference phases, as this ap-
proach is expected to improve the accuracy of eye tracking.The
frames that are not skipped are used as input to the CNN-LSTM
model for training. The output of this model a = [x},y;]_; is the
two-dimensional coordinates of a gaze point at a certain distance.
The following subsections describe about the event frame that our
model uses as input in Sec. 3.1, and blink detection in Sec. 3.2.
Then, Sec. 3.3 explains out Eye Tracking Estimation Module.

3.1. Event Frame

The input to our network, called event frames, is created from the
event data captured by the event-based camera. Event frames are
created based on the number of events that occurred. If the events
measured by the event camera exceed the set threshold, an event
frame is created using the event data measured up to that point.
Event frames make use of each pixel value according to the polar-
ity of each event. To retain temporal information, they utilize the
event’s timestamp and polarity.

We adopt a method to effectively represent asynchronous event
data as synchronous frame-like structures [ZYCD18, TWH"22].

We achieve this by using a this approach, where each event dis-
tributes its polarity p to the two closest event data points. Given N

input events E = [xk,yk,tk,pk}szl and the temporal bin 7', this ap-
proach first scales the timestamps to the range [0,7 — 1], and then
generates event frames V with dimensions 7' x H x W as follows:

V(t7y7x) = Zpkmax(ov 1- |t - tlj D
k

Furthermore, these outputs V (¢, y,x) are extracted one dimension
at a time along the temporal axis and used as event frames F; (y,x):

E(y7x):V(t>y7-x)> t=0,1,..., T -1

Thus, each pixel in these event frames F; contains a temporally
weighted and summed value. This method creates event frames that
incorporate the temporal information of the events.

3.2. Blink Detection

There are several challenges in eye-tracking methods where esti-
mation is performed even for frames where blinks occur. Since the
gaze is not observed during a blink, the blink not only degrades the
estimation accuracy but also unnecessarily increases power con-
sumption and computational costs. Therefore, following the previ-
ous work that shows the effectiveness of incorporating blink detec-
tion into pupil tracking [ZSZ*24], we also introduce blink detection
into our framework.

Unlike existing work that uses frame-based video supplemented
by event data for blink detection [ZSZ*24], we propose a blink
detection method using only event data. Our blink detection is in-
spired by the existing research [LIB20]. According to this research,
it has been found that the number of events increases when a blink
occurs. In our study, we developed a blink detection module by
utilizing this characteristic. As shown in the red box in Figure 2,
the area is designated near the center of the event frame. We de-
termine whether a blink is occurring based on whether the num-
ber of events within this area exceeds a predetermined threshold.
In frames where a blink is occurring, as shown in Figure 2, the
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Figure 2: Event frames and its event distributions (a) with or (b)
without blink. In the event frame, white pixels represent event data
with a polarity greater than 0, while black pixels represent event
data with a polarity less than 0. Additionally, the adjacent graph
shows the distribution of events along the y-axis. Orange indicates
events with a polarity greater than 0, and green indicates events
with a polarity less than 0. The differences in these distributions
are used to detect whether a blink is present in a frame.

events are concentrated within the red box in the event frame. Con-
sequently, in the graph showing the distribution of events along
the y-axis, events are concentrated near the center. Conversely, in
frames where a blink is not occurring, as shown in Figure 2, the
events do not fit within the red box and are dispersed across the
entire frame. As a result, the graph also shows that events are not
concentrated near the center. We detect blinks using these differ-
ences. In the created event frames, we set the aforementioned red
box, and if the number of events within it exceeded the threshold,
we considered it a blink. For event frames where this was not the
case, we assumed no blink was occurring and proceeded with eye
tracking.

3.3. Eye Tracking Estimation Module

We propose an Eye Tracking Estimation Module that takes event
frames as input and outputs the 2D coordinates of the gaze direc-
tion. This module, illustrated in Figure 1 , consists of a 2D convo-
Iutional CNN, activation functions, pooling layers, an LSTM, and
a fully connected layer.

First, we input the 2D frame F; (y,x) = [Fl,Fz...,FN]fcvzl into the
2D CNN, which processes it to generate feature maps. The result-
ing feature maps are then passed through a Tanh activation function
to constrain their range between -1 and 1. Next, the output of the
Tanh activation function is input to a max-pooling layer. The tensor
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obtained through pooling is then passed through a ReLU activation
function and reshaped into a form suitable for input to the LSTM.
In the LSTM layer, the hidden state and cell state are updated using
the input frame.

The output of the LSTM is then flattened and fed into a fully con-
nected layer. The final output a = [x,’(, y,'(}szl is calculated through
a linear transformation, producing the 2D coordinates of the gaze
direction. Thus, the proposed module takes the event frame as input
and outputs the 2D coordinates of the gaze direction. Our module
effectively utilizes the spatio-temporal information of event data by
performing spatial feature extraction through the CNN, temporal
information integration through the LSTM, and final gaze direction
estimation through the fully connected layer.

4. Experimental Settings
4.1. Datasets

We use the dataset from the previous research on eye tracking using
event-based cameras [AMK*21]. This dataset was captured using
an event-based camera attached near the eyes, recording at a resolu-
tion of 346 x 260 while tracking a dot displayed on a 1920 x 1080
resolution 40-inch monitor located 40 cm away.. The dataset con-
sists of event data from both eyes of 27 participants, along with
frame data recorded at a frame rate of 25fps. In our study, we
used only the event data, creating event frames that are updated
at 200FPS for use as data in this paper.

4.2. Baseline Methods

To investigate the effectiveness of our method, we com-
pare our method against existing event-based eye-tracking
method [AMK*21] and existing network architecture for the task
of lip reading using event data [TWH™22]. The former is selected
for comparison with existing work that addresses the same task as
ours, while the latter is used for comparison against existing net-
works that only utilize events. In the previous method [AMK*21],
blink detection is also performed; the results of this study also in-
dicate that blink detection is effective in eye tracking tasks from
event cameras.

4.3. Evaluation Metrics

In this paper we used the Mean Squared Error (MSE) as evalua-
tion metric. It indicates the error between the ground truth and the
predicted values, and the execution time per inference.
_ 1 ¢ /N2 /N2
MSE = — Y i —x) "+ (i — i)
i=1

4.4. Implementation Details

For learning-based methods, i.e., Ganchao Tan et al. [TWH™22]
and our proposed method, Adam [KB14] optimizer was employed
at a learning rate of le — 3.
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Table 1: Comparison of Time and MSE for Single and Cross

Single Cross
Subject Subject
Methods MSE()
Angelopoulos et al. [AMK*21] 0.043 0.051
Tan et al. [TWH™*22] 0.061 0.069
Ours 0.030 0.033

5. Experimental Results

We conducted three different experiments to investigate our
method’s efficacy: (1) a comparison against existing baselines; (2)
a run time comparison against existing baselines to investigate the
computational efficiency of our method. We also conducted (3) an
ablation study to show the importance of the blink detection. Sec.
5.1 presents our results on accuracy and runtime, as well as a com-
parison with baseline methods. The ablation study is discussed in
Sec. 5.2.

5.1. Comparison against baseline methods

Estimation Performance Comparison The experiments were
conducted with two scenarios: Single Subject setting, where the
training and inference data come from the same subject, and Cross
Subject setting, where the training and inference data come from
different subjects. The experimental results for each scenario are
shown in Table. 1. As shown in Table 1, our method significantly
outperforms existing approaches, demonstrating that high-accuracy
eye-tracking using only event data is achievable with our approach.
Compared to previous studies, we attribute the improved accuracy
to the introduction of blink detection and the use of a network that
incorporates an LSTM, which takes temporal information into ac-
count.

Run Time Comparison Top three lines of Table 3 shows the run
time comparison results between our method and other baselines.
Angelopoulos et al.’s method [AMK*21] was the fastest, while our
method has achieved similar runtime. Although the network used
for lip reading [TWH™22] can learn both spatial and fine temporal
features effectively, it requires more inference time compared to our
network, which limits the ability to fully exploit the high frame rate
characteristic of event cameras. These results show that our method
achieves a good balance between accuracy and computational cost.

5.2. Ablation Study

We conducted experiments to verify the effectiveness of introduc-
ing blink detection in the eye-tracking task and skipping frames
where blinks were detected. The results are presented in the Ta-
ble 2. As shown in Table 2, incorporating blink detection leads to
more accurate eye-tracking. Here, please note that there is no sig-
nificant difference in execution time as shown in the bottom two
lines in Table 3. These findings confirm the effectiveness of inte-
grating blink detection in eye-tracking systems.

Table 2: Ablation Study

Single Cross
Subject Subject
Methods MSE()
Ours w/o Detection 0.032 0.037
Ours 0.030 0.033

Table 3: Run Time Comparison

Methods Time(])
Angelopoulos et al. [AMK*21]  0.021s
Tan et al. [TWH*22] 0.052s
Ours w/o Detection 0.026s
Ours 0.027s

6. Conclusion

This paper proposes an eye-tracking method that uses only event
data. By utilizing only event data, we leverage the advantages
of event cameras, such as high update rates and high power ef-
ficiency. Furthermore, by incorporating deep learning into eye-
tracking, we achieve more accurate estimations. Additionally, we
introduce blink detection into eye-tracking, skipping the inference
of frames where blinks occur, thereby enhancing power efficiency
and estimation accuracy. Our results demonstrate that our method
outperforms existing eye-tracking methods.
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