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Small Movements Detection In Video Using
Video-EEG Data
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Abstract— Long-term video-EEG monitoring with sleep
recording is the gold standard for diagnosing epilepsy.
Automated methods for video-EEG analysis primarily focus on
EEG, neglecting the video modality. This paper addresses the
underexplored problem of detecting small motions, such as eye
blinks and eyelid fluttering, from video recordings. We propose
a novel pipeline that uses EEG eye movement and myographic
artifacts as a source of ground-truth labels to train a video-based
classifier. Our video-based classifier achieves 94.4% test
accuracy and 87.4% accuracy when tested on a different
subject.
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. INTRODUCTION

Epilepsy is one of the most common brain diseases,
characterized by an enduring predisposition to generate
epileptic seizures [1]. An epileptic seizure occurs due to a
sudden imbalance between the brain's excitatory and
inhibitory systems, leading to hypersynchronization of neural
activity in individual brain regions or across multiple neural
networks. Scalp electroencephalogram (EEG) is a method for
studying cerebral activity using electrodes placed on the
scalp. Long-term video-EEG monitoring with sleep recording
is currently the primary method for diagnosing epilepsy.
Throughout the night, EEG and ECG sensors, as well as
cameras, record the patient’s condition. The doctor then
analyzes the recordings for epileptiform activity and seizures,
using data from the EEG, cameras, and microphones. The
value of this method lies in the ability to synchronize the
bioelectric brain activity recording (EEG) with the video
image of the subject, thus allowing accurate comparison of
changes in EEG with any movements or unnatural states, and
interpretation of those correlates. In recent years, efforts have
been made to automate the search for events of interest in
such data. A review article [2] lists the works devoted to the
search for epileptiform activity and epileptic seizures from
EEG recordings, video, as well as multimodal models using
video and EEG together.

Numerous studies are devoted to detecting abnormal
activity in EEG; less attention has been paid to video
processing in video-EEG recordings. To our knowledge, no
studies have focused on detecting small patient movements
that are difficult to detect by the human eye, although they are
potentially significant. In particular, abnormal activity that
may indicate an epileptic seizure includes various eye
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movements: rhythmic blinking, fluttering of the eyelids (for
example, in juvenile myoclonic epilepsy or Jeavons
syndrome), fixed gaze (in absence epilepsy), and aversion of
the eyes to the side [3-5].

In this paper, we present a new approach to video-based
small motion detection, which can find applications in
epilepsy studies and other domains. We train a machine
learning model to recognize blinking in video recordings
obtained during video-EEG monitoring. Ground-truth labels
for the patient’s movements in videos are constructed using
the EEG modality, since even subtle movements in patient’s
muscles are reflected in EEG recordings as certain artifacts.
We make our model publicly available, along with a unique
dataset obtained during video-EEG monitoring of three
healthy volunteers, and a web-based viewer for this data. The
dataset includes recordings from three night vision cameras,
a thermal imaging signal, a 21-channel EEG, an ECG, and
actigraphy data (parameters measured by wrist-worn fitness
trackers, such as sleep stage and blood oxygen saturation).

Il. RELATED WORK

A. EEG Artifacts Detection

EEG sensors record potential differences between points on
the patient’s scalp. The goal is to identify potential
differences associated with the electrical activity of neurons
in the brain. However, the patient’s body movements are
accompanied by electrical muscle activity and interferences
at the interface between the electrode and skin, which is
reflected in the EEG recording as bursts, sometimes many
times greater in amplitude than neuronal activity. Such bursts
are called myographic artifacts (in case of muscular activity)
and electrode artifacts (in case of interferences due to the
electrode movement) [6, 7]. Another type is eye movement
artifacts: the eyeball acts as a dipole, and its rotation produces
characteristic waveforms in the EEG.

Finding (and possibly eliminating) artifacts usually precedes

any automated EEG analysis, so many methods have been

developed for this task [8]. Commonly used approaches
include:

1) Independent component analysis (ICA) and other
techniques based on the assumption that artifacts and
brain signals are independent (uncorrelated)

2) Wavelet transform (artifacts are removed by applying a
threshold to wavelet coefficients)

3) Machine learning (ML), including deep learning (DL),
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methods

4) Hybrid methods

In recent years, deep learning (DL) methods — such as
recurrent neural networks, transformer-like architectures, and
state-space models — have achieved state-of-the-art results in
artifact detection and removal when trained on large datasets
such as TUAR (Temple University Hospital Artifacts
Dataset) [9] and EEGDenoiseNet [10]. In 2024, Chen et al.
introduced Denoisformer [11] — an artifact removal
transformer for single-channel EEG. The next year, Chuang
et al. introduced another transformer — ART [12], which
works natively with multichannel signal. Researchers have
devoted significant attention to so-called foundation models
that learn in an unsupervised manner from large amounts of
unlabeled data before being fine-tuned to downstream tasks.
Prominent examples include LaBraM (2023) [13], EEGPT
(2024) [14], and FEMBA (2025) [15].

B. Movements Detection From Video and Video-EEG

Numerous studies have focused on the automatic
recognition of abnormal patient movements from video,
primarily in the context of seizures and fall detection. Many
methods have been developed, ranging from relatively simple
object tracking algorithms to complex convolutional neural
networks [16, 17]. Most of them are aimed at recognizing
movements that are easily detected by the naked eye. Some
are devoted to signal analysis during video-EEG monitoring.

In 2002, Li et al. [18] attached markers to the patient’s
body during video-EEG monitoring and detected their
trajectories using image processing techniques. In 2024, Cao
et al. [19] extracted features from video to enhance their
EEG-based epileptic seizure detector but concluded that the
video modality did not significantly improve performance. In
2025, Morozov and Sushkova [20] developed an algorithm
for motion detection using a video-EEG signal based on
optical flow.

Manifestations of epileptic seizures may include turning
the eyes to the side, rhythmic eye blinking, eyelid fluttering,
and staring [21, 22]. In 2021, Mitsuhashi et al. developed a
seizure detection tool based on eye tracking [23]. In 2024,
Barquan et al. presented their device for early seizure
monitoring, which combines eye tracking with EEG and ECG
sensors [24]. However, in both studies, eye movements were
detected using specialized devices, not conventional cameras.
More detailed overview of computer vision, machine
learning, and deep learning algorithms developed for video
seizure detection is provided in [16] and [25].

C. Eyeblink detection

Eyeblink detection from video has been studied in multiple
works outside the epilepsy domain. Researchers have used a
variety of approaches, ranging from classic computer vision
methods such as frame-by-frame differences and Haar
features [26], to sophisticated machine learning models such
as Vision Transformer, which has been adapted for this task
[27]. Some algorithms are capable of performing detection in
real time [28]. A review [29] provides more details on how
modern deep learning models are used to detect blinks.

Some studies have been devoted to detecting patient blinks in
clinical settings using specialized sensors [30, 31]. However,
to the authors’ knowledge, specialized algorithms for

analyzing patient blinks from video, and especially for video-
EEG, have not been proposed.

D. Motion Magnification

In the 2000s, MIT developed the Motion Magnification
technology [32], which was used, among other things, to
analyze biometric indicators such as heart rate and breathing
patterns from video [33, 34]. Many modifications of the
method have been developed [35], including those based on
machine learning [36]. Motion magnification is particularly
useful for detecting repetitive, small (sub-pixel) movements.

I1l. METHODS

In this work, we developed and implemented a pipeline for
classifying video segments into those that contain blinking
episodes and those that do not. The general pipeline diagram
is shown in Figure 1.

Eye binks
detection
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Fig. 1. Classification model training pipeline

The camera video is cut into 1-second fragments, and the
corresponding EEG fragments are extracted. We have chosen
a 1-second window as a heuristic based on the typical blink
duration, which is between 150 and 400 ms [37]; however,
we did not perform systematic optimization of the window
length, and therefore larger or smaller window length might
yield better performance.

The EEG fragments are classified as containing or not
containing eye movements using an algorithm implemented
in the MNE-Python library [38]. A search for eye movement
artifacts was performed in the frontal channels FP1-Al and
FP2-A2 (a monopolar montage is used). Fragments
containing the recognized artifact in both channels are then
selected, as well as those that do not contain any artifacts
within a 3-second window (i.e. fragments that contain no
artifacts in themselves and in two neighboring 1-second
windows).

The subject's face is extracted from the corresponding video
fragments using the YOLOVS5 neural network [39] (we tried
using YOLO, as well as different pose detection models from
the DeepFace and MediaPipe libraries, and only YOLO
demonstrated decent accuracy on our data). The YOLO
model is applied to each frame, after which the center of the
head is determined as the average of the coordinates of the
eyes and nose. The position of the center of the head is
smoothed over time using coordinate-wise Nadaraya-\Watson
regression, and a square with a side equal to 0.7 of the
distance between the subject's shoulders, calculated as the
average value of the distance over the entire 1-second
fragment, is cut out around the time-smoothed center. Further
manual filtering of the resulting video fragments is then
performed to remove those that do not contain the subject's
face (for example, the subject turned away) or those for which
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the blink recognition algorithm incorrectly identified the
presence or absence of eye movements.
The resulting fragments constitute the training set, which is
used to train a classifier. We tested several widely used
classification architectures:
1. A simple three-dimensional convolutional network
(3D CNN) [40]
2. A multi-scale temporal convolution network [41]
combined with 3D convolutional layers
3. A 3D convolutional network with additional
residual connections and a convolutional block
attention module (ResNet + CBAM) [42, 43]

IV. DATASET

To evaluate our approach, we used a novel dataset of video-
EEG recordings collected at Medical Center "XXI Century"
in 2025. The dataset contains 8-hour-long recordings of three
healthy individuals throughout the night.

For each subject, the following modalities were recorded:

1) 21-channel clinical grade EEG with reference ear
electrodes and an additional ECG channel

2) Video synchronized with EEG: two Ultra HD night
vision cameras (one for the face and another for the
general view)

3) Astandalone HD night vision camera (aiming at the face
from a different angle than the one mentioned above) (an
example frame is shown in Fig. 2).

4) A thermal camera aiming at the upper part of the
subject’s body

5) Audio from a studio-grade microphone near the subject’s
mouth

6) Data from two wrist-worn fitness trackers (Apple Watch,
Fitbit), including heart rate and sleep stage

Each subject signed a written consent form to participate in

the study and completed a questionnaire regarding their

health condition.

The videos are saved as fragments of 5 minutes (or less).

Coott " & . e

Fig. 2. An example of a frame from a standalone camera.
The subject is wearing an EEG cap and two fitness trackers.
A microphone is located at the top, used to record the
subject's breathing. The subject is asleep, and a nurse is
adjusting the amount of conductive gel in the cap

Figure 3 illustrates a data feature that affects its usability:
during recording, pauses sometimes occur (for example,
during periodic autocalibration of the encephalograph),
resulting in gaps in the EEG recording (and in the
corresponding recordings of the two video cameras

synchronized with the EEG apparatus). The recording
consists of several spliced fragments; as a result, the time in
the recording gradually lags further and further behind real
astronomical time (after just an hour of recording, the lag can
reach tens of seconds), while other modalities (video, audio,
actigraphy, and thermal imaging signal) are recorded in
astronomical time. This requires additional alignment
between modalities (which can be accomplished, e.g., by
inspecting timestamps on video recordings from cameras
synchronized with the EEG since they show real astronomical
time) before using some combinations of modalities.

Fig. 3. Discrepancy between clock time and EEG time. The
starting points of the fragments in the coordinates (EEG
time, video/clock time) are shown in blue (the first 27 video
fragments from the beginning of the recording).

V. EXPERIMENTS

The eye movement recognition algorithm applied to the EEG
recordings in question detected an average of approximately
1,200 blinks per subject over 8 hours. In the data from one of
the subjects used to train the classifier, the number of
segments in which the algorithm recognized blinks in both
EEG channels that we considered was 773, and the number
of segments in which no blinks were recognized in either
channel within a 3-second window was 310. After manual
filtering of the relevant video segments, 337 segments with
blinks and 204 without blinks were included in the final
sample. Of them, 60% were included in the training subset
and 40% in the test subset; the train/test split was performed
randomly. We did not use any balancing techniques because
the dataset is already balanced.

For training, we used the Adam [44] optimizer with learning
rate set to 0.001 and learning rate reduction on plateau
(ReduceLROnPlateau scheduler from PyTorch [45]). We
used a batch size of 4 to ensure that videos fit into memory.
The multi-scale temporal CNN classifier trained on this data
demonstrated an average accuracy of 94.4% on the test set
(more metrics are provided in Table 1). When the classifier
was trained on a set of fragments that have not undergone
manual filtering (also divided into training and testing
subsets), the average accuracy on the test set was 87.4%. A
simple 3D CNN demonstrated slightly inferior results, and
ResNet + CBAM performed even worse.

Video fragments of another subject, both containing and not
containing blinks, were selected in a similar manner. When
tested on this data as a test set, the multiscale temporal 3D
CNN classifier achieved an average accuracy of 87.4% (more
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metrics are given in Table 2). Other architectures

demonstrated inferior results.

Table 1. Metrics on the test dataset (heldout samples from the same subject’s data that is used for training), mean values and
standard deviations over 20 random train/test splits. Best results highlighted in bold

Model Accuracy | Precision Recall F1
mean | SD | mean | SD | mean | SD | mean | SD
3D CNN 916 |45(930 |44|937 |33]|933 |35
multiscale | 944 |31 |955 |34 |957 |19 )|956 |23
ResNet 86.1 |63(887 |56|891 |53|89 |50

Table 2. Metrics on the dataset of blinks of a subject unseen during training, mean values and standard deviation (calculated
for 20 different versions of the model trained on 20 randomly selected training subsets of the same subject’s data). Best
results highlighted in bold

Model Accuracy | Precision Recall F1
mean | SD | mean | SD | mean | SD | mean | SD
3D CNN 83.0 6.3 | 84.8 6.3|1964 |39 90.1 3.6
multiscale | 87.4 7.0 | 89.6 6.6 | 95.9 331925 |39
ResNet 68 25 | 77 28 | 72 34 | 73 31

The achieved accuracy for single-subject data is comparable
to that of the blink detection methods described in the review
[26] (the accuracy values reported there are 97.5% or lower).
However, it is incorrect to make a direct comparison, since
the algorithms are tested under different conditions on
different datasets.

. DISCUSSION

The obtained results demonstrated that computer vision, in
particular simple models such as a 3D convolutional network
(in combination with YOLO for face position detection), can
be used to detect eye movements in patients. A simple 3D
CNN demonstrates decent performance on our dataset, and
adding architectural complications does not significantly
increase the generalization ability; results in Table 2 (metrics
on the data from a subject unseen during training)
demonstrate that a complicated ResNet + CBAM architecture
has poor generalization ability. The resulting 3D-CNN or
multi-scale temporal CNN can be used to identify multiple,
potentially abnormal (in the context of epilepsy) blinks.
However, the authors would like to emphasize that such
blinks are abnormal only when occurring simultaneously with
epileptiform discharges observed in EEG, and therefore an
epileptiform discharge detection algorithm should be used
along with our model. This model can be used either
separately for a video stream or in combination with models
that detect movements from an EEG. It is likely that the use
of more sophisticated end-to-end models could improve
recognition accuracy; at the same time, our convolutional
networks run quickly on a modern computer and can be used
for real-time detection. When combined with open/closed eye
detection (and epileptiform discharge detection), this model
can also be used to identify potentially abnormal fixed-gaze
states. The authors believe that, after further training, this
model can be successfully used to detect other types of
abnormal eye movements (eyelid myoclonus, eye aversion)
or limb movements. A promising direction for further
research could be the detection of subpixel patient
movements from video, with a classifier trained using a

scheme similar to that shown in Fig. 1 (with ground truth
labels obtained from EEG), since many such movements are
relatively easily identified from EEG.

Manual filtering applied to data after blink detection makes it
more difficult to reproduce the procedure on a new dataset
and can lead to selection bias. However, as mentioned above
in Section V, without filtering the test accuracy is
significantly lower. The largest class of incorrect training
examples that need to be filtered out are cases in which the
person is not looking at the camera. The authors suggest that
introducing an additional classifier that determines whether
the subject's face is directed towards the camera could help
eliminate manual filtering without significant loss of quality.
The potential uses of our dataset are not limited to analyzing
eye movements in video. It can be used to analyze various
movements, breathing, and sleep stages in video, EEG, audio,
and thermal images.

Il. CONCLUSION

In this paper, we presented a novel approach for detecting
small patient movements in video-EEG monitoring data,
using EEG signals as a semi-automated source of ground-
truth labels. We developed and validated a pipeline that
combines EEG artifact detection (eye blinks in frontal
channels), face localization with YOLOVS5, and a lightweight
3D convolutional network for video classification. Our
experiments demonstrate that this method achieves high
accuracy on a test set of blink/non-blink fragments from the
same patient and lower but still high accuracy on a set of
blink/non-blink fragments from another patient.

The key contribution of this paper is the semi-automated
creation of a training dataset by automatically searching for
blink and non-blink episodes in EEG data, followed by
manual selection using corresponding video fragments. This
approach allows for the rapid creation of a training dataset
(e.g., for a specific patient or under specific filming
conditions), after which a classifier can be trained.

Our work can be considered a first step toward building a
system for monitoring epilepsy patients, in which the timing

66



International Journal of Open Information Technologies ISSN: 2307-8162 vol. 14, no. 11, 2026

and nature of detected events (e.g., blinks) can (in the case of
simultaneous epileptiform discharges in the EEG) indicate
the presence of an anomaly (e.g., frequent blinking, fixed
gaze, etc., as described in Section 1). In addition to detecting
eye movements, the authors believe it is promising to create
similar algorithms and pipelines for detecting abnormal limb
movements, chewing movements, and other facial muscle
movements. Another possible direction for improvement is
more fine-grained detection of eye movements: not only
blinks, but also eyelid flutters and saccades.

I1l. DATA AVAILABILITY

Anonymized cropped blink / non-blink fragments of Subject
2 videos used for training are available at Figshare (DOI
10.6084/m9.figshare.32235561). The full dataset is available
upon a reasonable request.

IV. CODE AVAILABILITY
The code is available at github.com/STU-EEG/small-movts

REFERENCES

[1] Fisher, Robert S., et al. "Epileptic seizures and epilepsy: definitions
proposed by the International League Against Epilepsy (ILAE) and the
International Bureau for Epilepsy (IBE)." Epilepsia 46.4 (2005): 470-
472. Available: https://doi.org/10.1111/j.0013-9580.2005.66104.x

[2] V. A. Zuev, E. G. Salmagambetova, S. N. Djakov, and L. V. Utkin,
“Automated Video-EEG Analysis in Epilepsy Studies: A Narrative
Review of Advances and Challenges,” Journal of Medical Systems,
vol. 49, no. 1, p. 142, Oct. 2025, doi: 10.1007/s10916-025-02274-0.
Available: https://doi.org/10.1007/s10916-025-02274-0

[31 Hamed, S. A. Ocular dysfunctions and toxicities induced by
antiepileptic medications: Types, pathogenic mechanisms, and
treatment strategies. Expert Rev Clin Pharmacol. 2019 Apr;12(4):309-
328. doi: 10.1080/17512433.2019.1591274. PMID: 30840840.
Available: https://doi.org/10.1080/17512433.2019.1591274

[4] Bajwa, R., Jay, W. M., & Asconapé, J. (2006). Neuro-Ophthalmologic
Manifestations of Epilepsy. Seminars in Ophthalmology, 21(4), 255—
261. doi: 10.1080/08820530601006742. Available:
https://doi.org/10.1080/08820530601006742

[5] Saporito M. A. N., Vitaliti G., Pavone P., Di Stefano G, Striano P,
Caraballo R. H., Falsaperla R. Ictal blinking, an under-recognized
phenomenon: our experience and literature review. Neuropsychiatr Dis
Treat. 2017 May 31;13:1435-1439. doi: 10.2147/NDT.S135979.
PMID: 28615945; PMCID: PMC5460649. Auvailable:
https://doi.org/10.2147/NDT.S135979

[6] Giangrande, Alessandra, et al. "Motion artifacts in dynamic EEG
recordings: Experimental observations, electrical modelling, and
design considerations." Sensors 24.19 (2024): 6363. Available:
https://doi.org/10.3390/524196363

[7] Britton, Jeffrey W., et al. "Electroencephalography (EEG): An
introductory text and atlas of normal and abnormal findings in adults,
children, and infants." Chicago: American Epilepsy Society (2016).
ISBN 978-0-9979756-0-4. Available:
https:/iww.ncbi.nlm.nih.gov/books/NBK390354/

[8] M. K. Islam, A. Rastegamia, and Z. Yang, “Methods for artifact
detection and removal from scalp EEG: A review,” Neurophysiologie
Clinique/Clinical Neurophysiology, vol. 46, no. 4, pp. 287-305, Nov.
2016, doi: 10.1016/j.neucli.2016.07.002. Available:
https://doi.org/10.1016/j.neucli.2016.07.002

[9]1 I Obeid and J. Picone, “The Temple University Hospital EEG Data
Corpus,” Frontiers in Neuroscience, vol. 10, May 2016, doi:
10.3389/fnins.2016.00196.

[10] H. Zhang, M. Zhao, C. Wei, D. Mantini, Z. Li, and Q. Liu,
“EEGdenoiseNet: A benchmark dataset for deep learning solutions of
EEG denoising,” Journal of Neural Engineering, vol. 18, no. 5, p.
056057, Oct. 2021, doi: 10.1088/1741-2552/ac2bf8.

[11] J. Chen, D. Pi, X. Jiang, Y. Xu, Y. Chen, and X. Wang,
“Denosieformer: A Transformer-Based Approach for Single-Channel
EEG Artifact Removal,” IEEE Transactions on Instrumentation and
Measurement, vol. 73, pp. 1-16, 2024, doi:
10.1109/TIM.2023.3341114.

[12] C.-H. Chuang, K.-Y. Chang, C.-S. Huang, and A.-M. Bessas,
“Augmenting brain-computer interfaces with ART: An artifact removal

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

transformer for reconstructing multichannel EEG signals,”
Neurolmage, vol. 310, p. 121123, Apr. 2025, doi:
10.1016/j.neuroimage.2025.121123.

W. Jiang, L. Zhao, and B. Lu, “Large Brain Model for Learning
Generic Representations with Tremendous EEG Data in BCI,” Oct.
2023. Accessed: Jun. 11, 2025. [Online]. Available:
https://openreview.net/forum?id=QzTpTRVtrP

G.Wang, W. Liu, Y. He, C. Xu, L. Ma, and H. Li, “EEGPT: Pretrained
Transformer for Universal and Reliable Representation of EEG
Signals,” Advances in Neural Information Processing Systems, vol. 37,
pp. 39249-39280, Dec. 2024, Accessed: Jun. 11, 2025. [Online].
Available:
https://proceedings.neurips.cc/paper_files/paper/2024/hash/4540d267
eeecde5dbd9dae9448f0b739-Abstract-Conference.html

A. Tegon, T. M. Ingolfsson, X. Wang, L. Benini, and Y. Li, “FEMBA:
Efficient and Scalable EEG Analysis with a Bidirectional Mamba
Foundation Model.” arXiv, Oct. 2025. doi:
10.48550/arXiv.2502.06438.

S. Sathyanarayana, R. K. Satzoda, S. Sathyanarayana, and S.
Thambipillai, “Vision-based patient monitoring: A comprehensive
review of algorithms and technologies,” Journal of Ambient
Intelligence and Humanized Computing, vol. 9, no. 2, pp. 225-251,
Apr. 2018, doi: 10.1007/s12652-015-0328-1.

H. Mu, R. Sun, G. Yuan, and Y. Wang, “Abnormal Human Behavior
Detection in Videos: A Review,” Information Technology and Control,
vol. 50, no. 3, pp. 522-545, Sep. 2021, doi: 10.5755/j01.itc.50.3.27864.
Z.Li, A. M. da Silva, and J. P. S. Cunha, “Movement quantification in
epileptic seizures: A new approach to video-EEG analysis,” IEEE
Transactions on Biomedical Engineering, vol. 49, no. 6, pp. 565-573,
Jun. 2002, doi: 10.1109/TBME.2002.1001971.

J. Cao, Y. Fang, X. Cui, R. Zheng, T. Jiang, and F. Gao, “Synchronized
Video and EEG Based Childhood Epilepsy Seizure Detection,” IEEE
Transactions on Emerging Topics in Computational Intelligence, vol.
8, no. 6, pp. 3742-3753, Dec. 2024, doi:
10.1109/TETCI.2024.3372387.

A. Morozov, O. Sushkova, I. Okuneva, and M. Sinkin, “Development
of software tools for video-EEG monitoring based on the Actor Prolog
logic programming system,” Radioelectronics. Nanosystems.
Information Technologies., vol. 17, pp. 383-394, Jun. 2025, doi:
10.17725/j.rensit.2025.17.383.

R. Bajwa, W. M. Jay, and J. Asconapé, “Neuro-ophthalmologic
manifestations of epilepsy,” Seminars in Ophthalmology, vol. 21, no.
4, pp. 255261, 2006, doi: 10.1080/08820530601006742.

M. A. N. Saporito et al., “Ictal blinking, an under-recognized
phenomenon: Our experience and literature review,” Neuropsychiatric
Disease and Treatment, vol. 13, pp. 1435-1439, May 2017, doi:
10.2147/NDT.S135979.

T. Mitsuhashi, M. Sonoda, H. Iwaki, K. Sakakura, and E. Asano,
“Detection of absence seizures using a glasses-type eye tracker,”
Clinical neurophysiology : official journal of the International
Federation of Clinical Neurophysiology, vol. 132, no. 3, pp. 720-722,
Mar. 2021, doi: 10.1016/j.clinph.2020.12.015.

N. Bargan, A. Almarri, F. AlSheeb, S. Badawy, K. Abualsaud, and E.
Yaacoub, “Early Epilepsy Seizure Monitoring Through Integrated Eye
Tracking, Heart Rate and EEG Sensors,” in 2024 IEEE 21st
International Conference on Smart Communities: Improving Quality of
Life using Al, Robotics and loT (HONET), Dec. 2024, pp. 91-96. doi:
10.1109/HONET63146.2024.10822941.

D. Ahmedt-Aristizabal et al., “Deep learning approaches for seizure
video analysis: A review,” Epilepsy & Behavior, vol. 154, p. 109735,
May 2024, doi: 10.1016/j.yebeh.2024.109735.

Kroélak, A., & Strumilto, P. (2012). Eye-blink detection system for
human—computer interaction. Universal Access in the Information
Society, 11(4), 409-419. Available: https://doi.org/10.1007/s10209-
011-0256-6

Hong, J., Shin, J., Choi, J., & Ko, M. (2024). Robust eye blink detection
using dual embedding video vision transformer. In Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer Vision
(pp- 6374-6384). Available:
https://doi.org/10.1109/WACV57701.2024.00625

Hu, Guilei, et al. "Towards real-time eyeblink detection in the wild:
Dataset, theory and practices." |EEE Transactions on Information
Forensics and Security 15 (2019): 2194-2208. Available:
https://doi.org/10.1109/TIFS.2019.2959978

Xiong, J., Dai, W., Wang, Q., Dong, X., Ye, B., & Yang, J. (2025). A
review of deep learning in blink detection. Peer] Computer Science, 11,
€2594. Available: https://doi.org/10.7717/peerj-cs.2594

Sangamithra, B., Sanmitha, V., & Sathvika, S. V. (2025, August).
Smart I0T Patient Alert System for Paralysis Care Using Eye Blink

67


https://doi.org/10.1007/s10916-025-02274-0
https://doi.org/10.1016/j.neucli.2016.07.002
https://doi.org/10.3389/fnins.2016.00196
https://doi.org/10.1088/1741-2552/ac2bf8
https://doi.org/10.1109/TIM.2023.3341114
https://doi.org/10.1016/j.neuroimage.2025.121123
https://openreview.net/forum?id=QzTpTRVtrP
https://proceedings.neurips.cc/paper_files/paper/2024/hash/4540d267eeec4e5dbd9dae9448f0b739-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2024/hash/4540d267eeec4e5dbd9dae9448f0b739-Abstract-Conference.html
https://doi.org/10.48550/arXiv.2502.06438
https://doi.org/10.1007/s12652-015-0328-1
https://doi.org/10.5755/j01.itc.50.3.27864
https://doi.org/10.1109/TBME.2002.1001971
https://doi.org/10.1109/TETCI.2024.3372387
https://doi.org/10.17725/j.rensit.2025.17.383
https://doi.org/10.1080/08820530601006742
https://doi.org/10.2147/NDT.S135979
https://doi.org/10.1016/j.clinph.2020.12.015
https://doi.org/10.1109/HONET63146.2024.10822941
https://doi.org/10.1016/j.yebeh.2024.109735

[31]

[32]

[33]

[34]

[35]

[36]

[37]

International Journal of Open Information Technologies ISSN: 2307-8162 vol. 14, no. 11, 2026

Detection. In 2025 11th International Conference on Electrical Energy
Systems (ICEES) (pp. 808-813). IEEE. Auvailable:
https://doi.org/10.1109/ICEES67011.2025.11213164

Aireddy, H., Sheshadri, K., Kumar, J. P., Harshavardhan, M., Shravani,
N., Nanditha, D. N., & Papishetty, N. (2025, December). A Smart
Eyewear-Based Solution for Non-Verbal Patient Communication
Using Blink Detection. In 2025 IEEE 4th International Conference on
Smart Technologies for Power, Energy and Control (STPEC) (pp. 1-5).
IEEE. Available:
https://doi.org/10.1109/STPEC66316.2025.11490470

C. Liu, A. Torralba, W. T. Freeman, F. Durand, and E. H. Adelson,
“Motion magnification,” ACM Trans. Graph., vol. 24, no. 3, pp. 519—
526, 2005, doi: 10.1145/1073204.1073223.

V. Mattioli, D. Alinovi, G. Ferrari, F. Pisani, and R. Raheli, “Motion
magnification algorithms for video-based breathing monitoring,”
Biomedical Signal Processing and Control, vol. 86, p. 105148, Sep.
2023, doi: 10.1016/j.bspc.2023.105148.

P. Agarwal, N. Mishra, A. Deshmukh, and S. Patil, “Contactless Heart
Rate Detection Using Eulerian Video Magnification,” in 2024
International Conference on Emerging Smart Computing and
Informatics (ESCI), Mar. 2024, pp. 1-5. doi:
10.1109/ESCI59607.2024.10497207.

A. C. Le Ngo and R. C.-W. Phan, “Seeing the Invisible: Survey of
Video Motion Magnification and Small Motion Analysis,” ACM
Comput. Surv., vol. 52, no. 6, pp. 114:1-114:20, 2019, doi:
10.1145/3355389.

T.-H. Oh et al., “Learning-based Video Motion Magnification.” arXiv,
Aug. 2018. doi: 10.48550/arXiv.1804.02684.

Nystrom, Marcus, Richard Andersson, Diederick C. Niehorster, Roy S.
Hessels, and Ignace TC Hooge. "What is a blink? Classifying and
characterizing blinks in eye openness signals.” Behavior research
methods 56, no. 4  (2024): 3280-3299.  Available:
https://doi.org/10.3758/s13428-023-02333-9

(38]

(39]

[40]

[41]

[42]

[43]

[44]

[45]

Gramfort A, Luessi M, Larson E, Engemann DA, Strohmeier D,
Brodbeck C, Goj R, Jas M, Brooks T, Parkkonen L, Haméldinen M.
MEG and EEG data analysis with MNE-Python. Front Neurosci. 2013
Dec 26;7:267. doi: 10.3389/fnins.2013.00267. PMID: 24431986;
PMCID: PMC3872725. Available:
https://doi.org/10.3389/fnins.2013.00267

Khanam R, Hussain M. What is YOLOV5: A deep look into the internal
features of the popular object detector. arXiv preprint
arXiv:2407.20892. 2024 Jul 30. Available:
https://doi.org/10.48550/arXiv.2407.20892

Tran D, Bourdev LD, Fergus R, Torresani L, Paluri M. Learning
spatiotemporal features with 3d convolutional networks. arXiv
preprint. arXiv preprint arXiv:1412.0767. 2014. Available:
https://doi.org/10.48550/arXiv.1412.0767

Cui, Z., Chen, W., & Chen, Y. (2016). Multi-scale convolutional neural
networks for time series classification. arXiv  preprint
arXiv:1603.06995. Available:
https://doi.org/10.48550/arXiv.1603.06995

He, K., Zhang, X., Ren, S., & Sun, J. (2015). Deep residual learning for
image recognition. 2016 IEEE Conf. In Comput. Vis. Pattern Recognit
(pp. 770-778). Available: https://doi.org/10.1109/CVVPR.2016.90
Woo, S., Park, J., Lee, J. Y., & Kweon, I. S. (2018). Cbam:
Convolutional block attention module. In Proceedings of the European
conference on computer vision (ECCV) (pp. 3-19). Available:
https://doi.org/10.1007/978-3-030-01234-2_1

Kingma, D. P., & Ba, J. (2014). Adam: A method for stochastic
optimization.  arXiv  preprint  arXiv:1412.6980.  Available:
http://arxiv.org/abs/1412.6980

Paszke, Adam, et al. "Pytorch: An imperative style, high-performance
deep learning library." Advances in neural information processing
systems 32 (2019). Available: https://arxiv.org/abs/1912.01703

68


https://doi.org/10.1145/1073204.1073223
https://doi.org/10.1016/j.bspc.2023.105148
https://doi.org/10.1109/ESCI59607.2024.10497207
https://doi.org/10.1145/3355389
https://doi.org/10.48550/arXiv.1804.02684

