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Abstract

Gyeongseon Eo

Data Science Major

Department of Data Science
Graduate School of Data Science

Seoul National University

We present a contactless vision-based obstructive sleep apnea (OSA) detecting
method that can achieve results quickly and comfortably. To this end, three ap-
proaches are taken. First, a new dataset is constructed around events, away from
epoch, which is the basic analysis unit of sleep research. Second, an attempt is made
to utilize respiratory arousal to detect OSA. Finally, in order to reduce the amount
of computation of the model, the difference in pixelwise values between frames is
used without using the optical flow. In addition, a robust model is created using
617 sleep data, which is several times more than previous studies. As a result, we
achieved 74% accuracy with f1 score of 0.84 while having 95% fewer flops compared

to the baseline model.

Keywords: Obstructive Sleep Apnea (OSA), Respiratory Arousal, Apnea-Hypopnea
Index (AHI), Video Classification
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1 Introduction

For modern people who are getting busier, recovering from fatigue through sleep
is a key element in health. Despite its importance, however, the number of sleep
disorders in modern people is increasing. Among them, the representative sleep
disease is obstructive sleep apnea (OSA). OSA refers to a repeated symptoms in
which breathing is temporarily stopped due to blocked air flow in the respiratory tract
during sleep. If a person suffer from OSA, snoring, apnea, and respiratory arousal
continue to appear, making it difficult to fall into deep sleep and lowering the quality

of sleep. According to a recent study, obstructive sleep apnea is suspected in about 1

in 6 adults in Korea [23], so it can now be seen as one of the major health concerns.

However, at present, the only accurate way to determine whether or not a person
suffers from sleep apnea is to take a polysomnography (PSG). Polysomnography refers
to a examination that is received while sleeping overnight in a hospital with various
sensor devices (brain waves, eye movements, breathing movement, etc.) attached to
the body. When sleep is over, an expert reads the results from the sensors, and the
doctor checks the results again to determine whether there is a sleep disorder. The
examination measures the average number of apneas or hypopneas that occur per
hour during sleep (apnea-hypopnea index (AHI)). If an AHI is 5 or more, sleep apnea
is diagnosed. The AHI of 15 or more is considered moderate, and the AHI of 30
or more is considered severe sleep apnea. This PSG has the disadvantage of being

complicated to perform and that it may show a different sleep pattern than usual



because subject sleep in a sleep environment different from home, and it requires
a lot of manpower and facilities, so it is economically expensive and takes a long
time to interpret. Therefore, it is not easy for everyone to go for a PSG with a light
heart. Here, if OSA can be detected without PSG and the detection method is easily
accessible to anyone in everyday life, it will be of great help to many people suffering
from sleep disorders.

An easy and fast way to detect obstructive sleep apnea without sensing results of
PSG is to use an Al model to analyze sleep videos to determine whether or not
subject have OSA. In fact, when taking PSG, sleep videos during the examination
are recorded using an infrared camera, so the videos can be used as data to create a
deep learning model. If OSA can be detected only with sleep videos, there is no need to
sleep inconveniently with the sensor attached, and there is no need to visit a hospital
and go to bed in an unfamiliar environment. In addition, if sleep video analysis
can be performed on edge devices such as portable medical devices or smartphones,
accessibility to examinations will be further improved. We will introduce a good

performance but lightweight OSA detecting system as described above.



2 Related Work

There have been steady attempts to detect OSA using deep learning models. The
majority of studies utilize bio-signals, which have taken appropriate preprocessing
and classified the results through deep learning models. The most frequently used
signal was electrocardiogram (ECG) measured through PSG [28, 21, 27, 4, 24, 10, 1],
followed by electroencephalogram (EEG) [1, 5, 25, 17], There have also been studies
using electromyography (EMG)[3, 18]. In addition to bio-signals obtained through
PSG, there have been studies using pulse oximetry signals (SpO2) for detection [19,
14, 11]. Unlike PSG, these studies are characterized by using only a single channel for
detection, and mainly used CNN or LSTM architecture. The detecting performance
is excellent, with an accuracy of 88% to 98%. However, this signal-based detection
has the limitation of still having to go to bed with the sensor attached to the body
to measure the signal even if it is a single channel. And the need to have a device to
measure the signal can also be seen as another disadvantage.

As well as bio-signal data, there are also non-contact detecting studies using audio

signals[7, 12]. In the case of using sound, OSA was classified using respiratory sound

signals or snoring sounds, and performance was about accuracy of 90% to 95%.

Sound is non-contact and has the advantage of requiring only a recorder, but has
the disadvantage of being easily mixed with noise. In a controlled environment such
as a hospital, it is possible to record the sound of breathing or snoring only, but in

a place such as a house, there is a high possibility that living noises are mixed in,



resulting in poor generalization performance.

Lastly, some studies have attempted to detect OSA using sleep videos. In the case
of [26], a rule-based method was used instead of machine learning, and motion was
detected by utilizing the difference in intensity between frames. Although it showed
94% detection accuracy, there is a limit to the rule-based structure in which eight
parameters must be found each time for detection. [29] used a random forest structure
to predict AHI and classify whether or not the AHI was 15 or less, but the accuracy was
not as good as 74%. [2] showed classification accuracy of 83% by OSA classification
and estimating AHI models using dense optical flow and 3D CNN structure. However,
if we verify at the video data used in the experiment, first of all, there is a problem
that the reality is low because the subject are sleeping without covering the blanket
and the video was recorded with the camera positioned right above the body. In
addition, because the model structure is too heavy, it takes up to 20 hours to inference
a 5 hour sleep video.

Furthermore, a common limitation of all of the above studies is that the number of
cases of data used is too small to generalize. Most of the studies were conducted

with only 30 to 70 sleep cases, with at least 15 people and at most 150 people.



3 Materials and Method
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Figure 3.1 OSA detecting system using infrared sleep videos
In this section, a system for detecting obstructive sleep apnea through sleep videos

will be introduced. The whole process is depicted in Figure 3.1.

3.1 Data Description

In this study, Infrared Sleep Video Data for Diagnosing Sleep Disorder dataset
provided by AI Hub [13] was used. This dataset consists of 1000 infrared sleep

videos taken together with PSG performed for 4 years in 4 hospitals (A to D). Each



video is an mp4 file of about 6 hours, with a resolution of 640x480 and a frame rate
of about 5 fps. Using the PSG results, annotation files labeled according to the time
of each event in the video is provided. This event includes various information such
as sleep stage, apnea, hypopnea, respiratory arousal, and snoring. Event labeling
basically records sleep stages (Wake, N1, N2, N3 and REM) in unit of an 30-second
epoch, and when sleep disturbance events such as apnea and respiratory arousal
occur, the start and end times of the event are written. Looking at the sleeping state
in the video, as shown in Figure 3.2, the face of a sleeping person is mosaic-processed
and video was taken from a ceiling angle while sleeping with a blanket on. And if the
hospital that collects the data is different, the equipment that films the videos, the
machine that performs the PSG are different, and the person who reads the results

is also different.

Figure 3.2 Sleep video frame example

In order to detect OSA through videos, it is necessary to observe the sleep pattern
of the subject of PSG to determine whether the subject is currently sleeping normally
or having apnea-hypopnea. If we look at the video data of subjects with OSA, they
sleep breathing normally, but when they enter obstructive sleep apnea, breathing

literally stops temporarily and there is little movement of the abdomen. Then,
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oxygen saturation decreases and respiratory arousal is induced by feeling difficulty

in breathing. When respiratory arousal outbreak, the subject breathe rapidly, and

at this time, large movements appear throughout the body, including the abdomen.

The shorter the cycle repeats, the more severe OSA patients become. And those
symptoms can occasionally appear in people who are not diagnosed with OSA. As
such, frequency differences are an important factor in detecting OSA. In order for
the deep learning model to train and classify the corresponding aspects in the video,
it is possible to set training data by labeling apnea-hypopnea as a positive class and
normal breathing as a negative class. However, as mentioned above, the difference in
movement change between normal breathing and respiratory arousal states is much
larger than that between normal breathing and apnea-hypopnea states. Therefore,
for the purpose of this study to use the vision-based algorithm, it would be easier
to distinguish the state of respiratory arousal as positive and normal breathing as
negative. However, in order to do this, it is necessary to establish grounds that OSA
can be detected only by distinguishing whether there is respiratory arousal rather than
whether or not apnea-hypopnea outbreak. According to the current standard, OSA
diagnosis is performed by measuring the AHI level through the PSG examination,
and based on the level, OSA status and severity are determined. In other words, if
AHI can be predicted only by presence or absence of respiratory arousal, this is in
line with OSA detection. Figure 3.3 is a chart showing the relationship between the
number of occurrences of respiratory arousal per sleep of subjects and AHI. As can
be seen in the chart, since the number of respiratory arousal and AHI have an almost
linear relationship, if the number of respiratory arousal can be accurately predicted,
the AHI also can be predicted using this relationship, and eventually OSA can be

detected.
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Figure 3.3 Number of occurrences of respiratory arousal per sleep and AHI

However, there is an issue with the dataset. Since apnea-hypopnea accompanies
respiratory arousal, there should not be a significant difference in the ratio between
the two events, but some hospitals that collected data had problems with labels.
In the case of Hospital A and Hospital D, the ratio of the number of respiratory
arousal event labels to the number of apnea-hypopnea event labels was similar at
about 1:1.1, but in the case of Hospital B and Hospital C, the ratio was 1:6.76 and
1:0.73, respectively. Therefore, only data from 499 of Hospital A and 118 of Hospital
D, which were judged to have no problem in terms of ratio, were used in our study.
In the case of Hospital A and Hospital D, the ratio between events is not exactly
1:1, and the reason why there are slightly more apnea-hypopnea events is that the
respiratory arousal duration is proportional to the immediately preceding apnea-
hypopnea duration, but hypopnea or short apnea may not cause respiratory arousal.
Of the 499 cases of Hospital A data, 399 cases (about 80%) were divided into training
data, 10% (50 cases) as validation data, and the remaining 10% as test data. The
499 cases were not randomly split according to the ratio, but were divided so that
people with low to high AHI values were evenly included in each dataset. The 499

cases were lined up according to the AHI values and split by a method of selecting



with a constant step. In the case of Hospital D, all cases were used as test data. The
reason why all of the Hospital D data were included in the test data instead of using
some of them in the training data is to verify the generalization performance and
whether it is possible to classify data collected from medical institutions in other

environments by training only the data of Hospital A.

3.2 Detection of Respiratory Arousal within Video Clips

Creating Video Clips The biggest problem that arises when constructing training
data to detect OSA using the Infrared Sleep Video Data for Diagnosing Sleep Disorder
dataset is to divide the data into a form suitable for the video model. Each sleep
video consists of about 6 hours, and it is impossible to put it into the model at once,
so we have to divide it into clips of an appropriate length according to the size of the
model. But the problem is that there are no general rules here. First of all, looking
at the part that determines the clip length, in the case of general sleep research,

work is done in sequential epoch units from the start to the end of sleep. Here, an

epoch is a standard division unit for sleep analysis, and one epoch is 30 seconds.

For example, in the case of sleep stage classification, it is divided into epoch units.

However, the current goal is not to classify sleep stages in clips, but to determine
whether respiratory arousal outbreak in clips, so the clip length is not necessarily
set at 30 seconds. And not only the length of the clip, but also the labeling of each
clip causes problems. For example, if we decide to use clips in sequential 30-second

epoch units, we should label each epoch whether it is normal breathing or respiratory

arousal. At this moment, the criterion for labeling as positive becomes ambiguous.

This is because it is unclear whether to judge positive when an event lasts for more

than a few seconds out of 30 seconds. In the case of respiratory arousal, since it is



an event that occurs for 3 seconds if it is short and 30 seconds or more if it is long,
the labeling result varies depending on the criteria set. If we look at the state of
respiratory arousal only when it is maintained for more than 3 seconds, there are
cases where it is labeled as normal breathing even if 1 to 2 seconds of respiratory
arousal are mixed. If the epoch is labeled as respiratory arousal even if it includes
only 1 second, it is not easy to distinguish it from a normal breathing state because
the respiratory arousal is only 1 second out of the total 30 seconds.

In order to solve the above problem, a new training dataset composition method is
devised. First of all, we try to determine the appropriate clip length for the task.
In the case of AHI, which is the criterion for determining OSA, it is evaluated how
often apnea-hypopnea symptoms appear rather than how long the apnea-hypopnea
was maintained. Therefore, it is important to detect short-lived respiratory arousal
events well, since the short respiratory arousal event lasts only about 3 seconds. It
is necessary to accurately classify that a respiratory arousal event has occurred even
within 3 seconds. Therefore, dividing the clip into too short second-units increases
the possibility that the respiratory arousal event is not included in one clip and is
separated. However, if the length of the clip is too long, if the respiratory arousal
occurs short, it may not be easy to distinguish because there is a difference of only a
few seconds out of 30 seconds. Consequently, we constructed the dataset with a 30-
second length, which is the basic unit of sleep research, and a 10-second length, which
is utilized by benchmark datasets (Kinetics [15], Something-Something [9], UCF101
[22]), which are used for training most video action classification models. And what
is a problem in the construction of sequential epoch units was the ambiguity of
the labeling criteria. To solve this problem, the clip start time is determined based
on the actual event occurrence time instead of dividing clips based on epoch time.

For example, if the clip is 30 seconds long and the respiratory arousal occurs for 40
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seconds, 30-second is extracted as a clip within that 40 seconds, and if it occurred
for 15 seconds shorter than the clip length, a 30-second clip is created to include
the corresponding 15-second event. In other words, the start time of the clip is
also randomly designated so that the 15 seconds respiratory arousal events in the
30 seconds clip can be randomly arranged. That is, respiratory arousal event may
appear from the beginning of the video, may appear during the middle 15 seconds,
or may appear during the last 15 seconds. And, if respiratory arousal does not occur,
30 seconds are randomly sampled to create a clip.

Another thing to consider when creating a clip from a single video is that the frames
in the video do not change significantly over time due to the characteristic of the sleep
video. Therefore, when clips are extracted from consecutive time zones, the clips are
almost similar and can be seen as duplicated data. To prevent this problem, a method
of making only one clip per 10 minutes of video was taken. To summarize how clips
and their labels are created, if there is a respiratory arousal event in a 10-minute video
that is a candidate for clip generation, one 30-second clip with a respiratory arousal
label is created in the 10-minute video. If no respiratory arousal event occurred
during 10 minutes, a clip was created by randomly sampling 30 seconds between 1
minute and 10 minutes from the start of the video. The reason why only the last
9 minutes are used, excluding the previous 1 minute, is that there is a possibility
that the respiratory arousal event that started at the end of the previous 10-minute
video may be partially mixed in the first minute. When the clips are created in this
way, the clips with the respiratory arousal labeling include only respiratory arousal

events, and the others do not contain any respiratory arousal event.

Video Preprocessing In order to obtain high performance and fast inference

time, video data should be preprocessed appropriately for the model without simply
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Normal breathing Apnea Respiratory arousal

Figure 3.4 Difference between frames by respiratory status

inserting the original video into the model. An important factor in the action
recognition is to catch the changes from successive frame to frame. As a means
to reflect such factors, in many cases, optical flow representing the movement pattern
of objects is calculated and used as an input [20, 8, 6]. However, the optical flow is
not suitable for the purpose of creating a lightweight detection system due to its
high computational cost, and the movement of objects in sleep videos is monotonous
and repetitive, so it does not require optical flow. Nevertheless, since observing the
change between frames itself is an important factor in video analysis, it is possible
to simply calculate the pixelwise value difference between frames and use it as an
input. If the movement is big, such as respiratory arousal, the difference between the
previous frame and the next frame will be large, and if the movement is small, such
as apnea, there will be tiny change even if the frame is changed. Looking at Figure
3.4, in the case of apnea, there is little difference between frames, and it can be seen
that the difference becomes clear in the order of normal breathing and respiratory
arousal. One point to consider when calculating the difference between frames is how
to compare the current frame with the frame after a certain point in time. It can be
compared with the frame after 0.2 seconds or the difference with the frame after 2
seconds can be seen. In the respiratory arousal stage, the abdominal movement cycle

is short because breathing is rapid. In normal breathing, the abdominal movement is
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relatively long. If too long a period is selected, not only respiratory arousal but also
movement of normal breathing may be clearly captured and cannot be distinguished.
If a short period is selected, respiratory arousal may also be indistinguishable because
the difference between frames is small.

As mentioned earlier, due to the characteristic of sleep video, the frames in the video
do not change significantly. In order to prevent overfitting of the training data due to
the large amount of similar training data, the images were randomly flipped vertically
and horizontally in each video clip.

For fast inference speed, it is necessary to reduce the size of input data while
maintaining performance. At this time, factors that can reduce the size of the input
clips include resolution and fps. When examining the differences between frames,
appropriate resizing and frame skipping will be necessary as only the minimum reso-
lution and frame rate needed to clearly see the differences. Due to the characteristics
of sleep video, there is no significant change between frames, so there is little change
in performance even when only a part of frames is used, and inference is faster when
fewer frames are used. Therefore, only half of frames (2.5 fps) is used and each frame

is resized to 96x96 resolution.

Lightweight Action Classification Video Model When a 30-second clip is
given as an input, a model is needed to determine whether the subject in the video is
in a state of respiratory arousal or not. As the task is simple with binary classification,
it will work well enough even if the model is not large. Therefore, in the action
classification task, we decide to utilize the MoViNets-A0 [16] architecture, which is
known to be light enough and has good performance. Since the model operates at
only 2.71 GFLOPs and 173 MB of memory, it corresponds to the purpose of this

study to create a lightweight OSA detecting system.
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3.3 OSA C(lassification

So far, we have focused on distinguishing whether or not respiratory arousal occurs
at the video clip level. However, the fundamental goal of this study is to detect OSA.
When there is a 6-hour sleep video for testing, the video is analyzed in clip length
units, but the final result must be a classification result for OSA or not. To this end,
a process of collecting the distinguishing results and final classification step should
be added. If respiratory arousal is determined in units of 30-second clips, the ratio of
the number of respiratory arousal to the total sleep time will be obtained. If a linear
regression model is created by calculating the relationship between the ratio and
AHI in the training data, the AHI can be estimated using the linear model in the
test data as well. Then, using the estimated AHI values, whether the test subjects

are OSA patients is detecetd.
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4 Results

4.1 Detection of Respiratory Arousal within Video Clips

Event type Input data type | AUC | Fl-score
Respiratory Arousal | Frame difference | 0.825 0.80
Respiratory Arousal Original 0.523 0.72

Apnea-Hypopnea Frame difference | 0.558 0.74

Apnea-Hypopnea Original 0.496 0.72

Table 4.1 Performance difference between event and input data type

Table 4.1 is a table comparing the performance of the Hospital A test set when the
event detected by the model is respiratory arousal and when sleep apnea-hypopnea is
used. Also, we can check the performance when the input data is used as the original
and when the pixelwise value difference between frames is used. As can be seen from
the table, the performance is the best with AUC of 0.825 and fl-score of 0.80, when
the input data is used as the frame difference while detecting the respiratory arousal.
Overall, the performance is better when the positive class is set as respiratory arousal
and when the input data is also included as a difference between frames.

Looking at the performance when the original video is input as it is, it can be seen
that the performance is very low whether it is detecting respiratory arousal or apnea-
hypopnea. Through this, it can be confirmed that simply using the sleeping video as
it is cannot be distinguished through the vision-based deep learning model. However,

the performance improved when the frame difference was input. This is the point
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where we can see that it is necessary to observe any changes as the frames flow in
order to clearly check whether an event has occurred in the sleep video. In the case
of the apnea-hypopnea event, the performance improve by only 12.5% based on AUC
even when the frame difference is observed, whereas in the case of the respiratory
arousal event, the AUC increase by 57.74%. That is, it is confirmed through the
results that the presence or absence of respiratory arousal show a more visually

distinct difference than the presence or absence of apnea-hyopnea.

Clip unit Event type AUC | Fl-score
Event Respiratory Arousal | 0.825 0.80
Epoch Respiratory Arousal | 0.568 0.32
Epoch Apnea-Hypopnea 0.537 0.32

Table 4.2 Performance difference between clip unit and event type

Table 4.2 is a table comparing the performance when tested with successive 30-
second epochs, the basic unit of sleep research, and the performance when tested with
our own created clip method. As can be seen in the table, when data is input in units
of epochs, the AUC is 0.568 and the fl-score is 0.32, resulting in poor performance.
In other words, it can be seen that it is more effective to reconstruct the dataset by
event in the case of a study such as this topic in which the occurrence of a specific
event must be found, rather than a sleep study in which the continuous time flow is

important, such as sleep stage classification.

Clip length | AUC | Fl-score
10-second 0.723 0.75
30-second 0.825 0.80

Table 4.3 Performance difference according to clip length
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Table 4.3 shows the performance difference when the clip length is 10 seconds and

30 seconds. The 10-second is a length commonly used in video action classification

benchmark datasets, and the 30-second is a length commonly used in sleep studies.

The performance when constructing the dataset for 30 seconds had an AUC of 0.825
and an fl-score of 0.8, which was higher than the performance at 10 seconds, AUC of
0.723 and an fl-score of 0.75. Due to the characteristic of sleep research, it is difficult
for many changes to occur within a short time of 10 seconds, so the performance

seems to be low because information in the clips is limited.

4.2 OSA C(Classification
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Figure 4.1 Scatterplots of PSG AHI vs estimated AHI values. The blue and red
lines indicate fitted and unity lines, respectively

The results of estimating the AHI of the test case using the model that detects
respiratory arousal can be seen in Figure 4.1. The Spearman correlation between
the actual PSG AHI and the predicted AHI was calculated to be 0.54. Looking at
the scatter plot, it is understood that the AHI is underestimated as a whole. This

means that there are a large number of clips in which respiratory arousal actually
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occurred, but the model predicted that it did not. In other words, it seems that the
error occurred because the performance of the respiratory arousal detection model
itself is not very high. Conversely, in cases where the actual AHI is lower than 20,
it is often predicted with a higher AHI than the actual one. In these cases, it seems
that the AHI was estimated high because there were many clips that incorrectly

predicted respiratory arousal even in non-respiratory arousal situations.

Method | Total cases | Accuracy | Precision | Recall | Fl-score
Baseline [2] 41 82.93 77.78 95.45 0.86
Ours 499 74.00 73.91 97.14 0.84

Table 4.4 Performance of models on screening subjects with OSA

# of parameters GFLOPs
10.0M 80
8O0M . 60
6.0 M
40
4.0M
20M 20
O0OM 0 —
Baseline Ours Baseline Ours

Figure 4.2 Comparison of model size between baseline and ours

In addition, the final OSA classification performance can be confirmed through
Table 4.4, and the fl-score was 0.80 with an accuracy of 74.00%. This is lower than
the baseline’s 82.93% accuracy and the fl-score of 0.85. However, in the case of the
baseline, there is a problem that it is difficult to see it as a generalized performance
because the total number of cases used for training and testing is only 41 cases. In
our research, the total number of cases is 499, 12 times more than the baseline, so

our model can be considered a better generalized model. Also, if we look at the sleep
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video data, in the case of the baseline study, there is a problem that the reality
is low because people are sleeping without covering the blanket and the camera is
located right above the body. In other words, the experiment was conducted in a more
predictable setting rather than the actual situation. If we reflect such differences, we
can evaluate that although the accuracy is relatively low, we have achieved more
realistically meaningful results. Furthermore, as shown in Figure 4.2, our model has
a much smaller model size than the baseline model. The number of parameters is
62.7% less, and even 95.6% less for GFLOPs. Our model is more practical because

it is small enough to run on edge devices.

4.3 Comparison Results on Other Hospital Data

. Video clips OSA classification
Test data | Data size AUC | F1 Acc. | Precision | Recall | F1
Hospital A 100 0.825 | 0.80 | 74.00 73.91 97.14 | 0.84
Hospital D 118 0.731 | 0.82 | 73.73 96.05 72.28 | 0.82

Table 4.5 Comparison performance on Hospital A and Hospital D

All experiments so far have been the results of using only the case of Hospital A.
Of the total 499 data of Hospital A, 399 cases were used for training and 50 cases were
used for validation and test each. In the entire dataset, Hospital D was not used for
training and was set as a test dataset to verify the generalization performance of the
model. If the hospital that collects data changes, the environment for recording videos,
measuring equipment, and reading technicians all change. Therefore, if the model is
overfitting to Hospital A data, the performance will be lowered when experimenting
with Hospital D data. In order to verify this generalization performance, training
was performed with 399 cases of Hospital A and performance was verified through

118 cases of Hospital D, and the results are listed in Table 4.5. As can be seen from
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the table, there is no significant difference in performance even when the data source

is changed. In other words, it can be seen that our model is well generalized.
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5 Conclusion

We present a non-contact, vision-based obstructive sleep apnea detection method to
overcome the limitations of current sleep apnea diagnosis. Existing OSA detection
studies still has limitations such as having to sleep with the sensor attached or
taking a long time for detection, but our system has the advantage of being able to
obtain results quickly and conveniently regardless of location. In addition, for the
first time, an attempt is made to utilize the presence or absence of respiratory arousal
to detect OSA based on vision model. Furthermore, away from the consecutive epoch
unit, which is the basic unit of sleep research, a new dataset is constructed in event
units and used for training. In the preprocessing stage, the model is made lighter
by reducing the computation cost by utilizing pixelwise value differences between
frames rather than optical flow.

However, there is a disadvantage that accuracy is low compared to other meth-
ods. There are some cases where the AHI is overestimated or underestimated, and
narrowing this difference will increase performance. In order to reduce the case of
overestimation, other types of arousal that are easily misunderstood as respiratory
arousal should be well detected. In order to reduce the case of underestimation, the
accuracy of the model that detects respiratory arousal per clip should be improved.
For this purpose, it would be a good attempt to devise a model structure suitable

for the input data. In addition, from a data point of view, it seems good to configure
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the training data more densely as there were many missing data when constructing

the training data.
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