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Abstract

Obstructive sleep apnea (OSA) is a widely known sleep disorder that leads to serious
health problems and complications. The standard diagnosis method of OSA is polysomnog-
raphy. However, the process is time-intensive, expensive, and not readily accessible.
Machine learning (ML) has been increasingly applied in various medical imaging modal-
ities; however, there is still a lack of research on applying ML to ultrasound imaging for
OSA classification. Previous studies on ML applications in medical imaging adopt X-rays,
Computed Tomography, and Magnetic Resonance Imaging, leaving ultrasound as an un-
derexplored area. Using the You-Only-Look-Once version 8 algorithm and static tongue
ultrasound images, we classified OSA severity: normal, mild, moderate, and severe. A
total of 280 ultrasound images were augmented to 838 images using brightness scaling,
which enhanced the training process of the model. The system was tested on 60 images,
achieving an overall classification accuracy of 85%. The results demonstrate the possibility
and potential of using machine learning and ultrasound imaging for classifying the severity
of OSA, suggesting potential assistance to clinicians in diagnosing and intervening in
this condition.

Keywords: YOLOv8; obstructive sleep apnea; ultrasound; image processing; tongue

1. Introduction
Difficulty in falling or staying asleep leads to poor-quality sleep, which increases

the risk of serious illness and death [1]. A common sleep disorder that is characterized
by airway obstruction resulting from throat muscle relaxation during sleep is known as
obstructive sleep apnea (OSA) [2–4]. Many cases go undiagnosed, and if left untreated,
OSA can lead to health complications [5]. Polysomnography (PSG) is a known standard for
the diagnosis of OSA [2], as it records and evaluates the physiological effects of breathing
episodes. However, the disadvantage of PSG is that the process is slow [6] and costly [7] as
it requires patients to be admitted to a hospital that has a sleep laboratory, where they are
under the supervision of a specialized technician. To address these limitations, wearable
technologies have been developed to enable portability and convenience in classifying
OSA [8–10]. Ultrasound imaging has also emerged, offering a non-invasive approach to
visualize the upper airway and assess anatomical factors that may contribute to OSA [11,12].

Manlises et al. used AI to classify the severity of OSA based on ultrasound imaging,
utilizing a gated recurrent unit model in determining the severity of OSA, with an overall
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performance of 43.49% [13,14]. They used a modified optical flow method (MOFM) to
track tongue movements captured in ultrasound recordings. It is used to examine these
movements during normal breathing and while performing the Müller maneuver. The
extracted data from the MOFM were used as a vital parameter for model training. However,
the system’s performance was impacted by dataset imbalances due to the limited data,
and augmentation techniques did not apply to this type of dataset [13]. The lack of
standard compression force when placing the transducer on the submandibular area causes
variations between patients, as pressure is adjusted to maintain clear ultrasound images.
This inconsistency affects both ultrasound images and system performance [14].

Despite the increasing use of machine learning (ML) in medical imaging, research on
applying ML to ultrasound images for diagnosing and classifying OSA remains limited.
Imaging methods such as X-rays, Computed Tomography, and Magnetic Resonance Imag-
ing have been extensively studied using ML, whereas ultrasound remains underexplored.
You Only Look Once (YOLO) is a known object detection model and has demonstrated
strong performance and adaptability across various fields. Researchers have successfully
applied object detection in agriculture and healthcare [15–18]. Moreover, different YOLO
versions, including YOLOv3 and YOLOv4, have been used for fish species detection, dis-
ease classification in goldfish, and fruit identification [19–21]. These applications present
the versatility and continued relevance of YOLO. Hence, we classified OSA severity us-
ing tongue ultrasound images through machine learning techniques, without employing
optical flow to analyze dynamic movements.

Specifically, we developed a prototype system using a Raspberry Pi 4 that captures
ultrasound images of the tongue using a camera, and classified the severity of OSA based
on tongue ultrasound images with the YOLOv8 algorithm. We adopted a confusion matrix
to assess how well the system works. The system offers a significant advantage in the
medical field, particularly in diagnosing OSA. Automating this process aids physicians
and ultrasound technologists in the early detection and intervention for OSA. The results
of this study serve as a foundation for future research.

2. Methodology
2.1. Conceptual Model

Figure 1 shows the conceptual framework of this study, outlining the process for
classifying OSA severity using tongue ultrasound images. Image collection is performed
using a camera integrated into the prototype device. The captured images were pre-
processed to enhance quality. The YOLOv8 model then classifies the images into normal,
mild, moderate, and severe levels. The predicted severity result is finally displayed through
the system’s graphical user interface.

Figure 1. Conceptual model of this study.
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2.2. Hardware Development

Figure 2 illustrates the design and implementation of the hardware prototype and its
components. A 1080p USB camera (A4Tech, Taipei, Taiwan)) is used to capture the tongue
ultrasound images. It features a 3.5-inch LCD touchscreen with a resolution of 320 × 480,
serving as the primary display interface. This screen is positioned adjacent to the camera
holder within the casing, ensuring optimal visibility for user interaction. Additionally,
the Raspberry Pi (Raspberry Pi Ltd., Cambridge, UK) is housed in the same housing as
the LCD.

Figure 2. Prototype design of the system developed in this study.

2.3. Systemm Workflow

The system workflow is shown in Figure 3. The system starts by receiving images
captured by the camera as input. These images are pre-processed to enhance quality and
optimize recognition accuracy for the YOLOv8 algorithm. The pre-processing steps include
resizing, noise reduction, and normalization, as well as standardizing the images and
improving their suitability for the training dataset. Once pre-processed, the images are
analyzed to classify the severity of OSA. Finally, these results are displayed on an LCD
screen for user interpretation.

Figure 3. System workflow of this study.
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2.4. Data Gathering

The dataset used in this study consisted of 280 submental ultrasound images from
patients diagnosed with OSA. Submental ultrasound was selected because it captures
internal tongue structures that regular cameras cannot. As the base dataset, a total of
280 static ultrasound images were selected for analysis. The dataset includes 60 images
per class (normal, mild, moderate, and severe). These were extracted from ultrasound
recordings using Adobe Premiere Pro version 25.2 and supplemented with images taken
from the monitor using a USB camera. All images and severity classifications were verified
by physicians and technicians at Cardinal Tien Hospital.

The tongue region was annotated using Roboflow, where bounding boxes were ap-
plied to create training labels. Brightness scaling from −30 to +30% was used for data
augmentation, expanding the dataset to 838 images (Figure 4). These were grouped into
754 for training, 84 for validation, and 60 (15 per class) for testing. The YOLOv8 model was
trained to detect the tongue and classify OSA severity, generating bounding boxes, class
labels, and confidence scores on new images.

 

Figure 4. Sample dataset labelled using Roboflow.

3. Results and Discussion
A sample output from the system is shown in Figure 5. The test results showed a

prediction of 91.2% for the severe classification. This indicates that the model of the system
can accurately classify the severity of OSA.

 

Figure 5. Sample test result (severe).

The confusion matrix of the system’s prediction across the four severity levels is
presented in Table 1. Diagonal entries represent the correct classification of obstructive sleep
apnea severity. Out of 15 test images per class, the system achieved perfect classification
for the normal severity level. In contrast, it correctly classified 10 images as mild, 12 as
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moderate, and 14 as severe. The accuracy was calculated using Equation (1), resulting in an
overall accuracy of 85%.

Accuracy =
Σ4

n=1 Ann

Σ4
i = 1
j = 1

Aij
(1)

Table 1. Confusion matrix of OSA severity classification.

Severity
Observation

Normal Mild Moderate Severe

Predicted
results

Normal 15 0 0 0

Mild 3 10 2 0

Moderate 3 0 12 0

Severe 1 0 0 14

These findings indicate that the system performs best when distinguishing between
extreme cases, normal and severe, where tongue ultrasound features are more distinct and
identifiable. However, during testing, mild and moderate showed slightly lower accuracy,
with mild being the most prone to misclassification.

The results showed that the system developed performed best when the visual dif-
ference between severities is more distinct. The system achieved an overall accuracy of
85%, but encountered some limitations. The small dataset size might limit the ability of
the model to generalize the dataset. To address this, brightness scaling, an augmentation
technique, was applied to increase data variety and enhance the model’s training process.
However, augmentation cannot substitute for a larger and more diverse set of real patient
data. Since the model was trained and evaluated using static images rather than dynamic
sequences, some anatomical cues available during real-time tongue movement may have
been lost.

4. Conclusions and Recommendations
The study aims to classify the severity of OSA using static tongue ultrasound images

through a machine learning approach. A system was created using a Raspberry Pi 4B, which
included an integrated USB camera and LCD. An overall accuracy of 85.0% demonstrates
satisfactory performance in classifying normal and severe OSA cases. However, mild and
moderate levels were more challenging due to their similar visual features. It is necessary
to expand the dataset to enhance model reliability and explore additional parameters, such
as tongue area, thickness, or other non-invasive signals, to improve accuracy. Furthermore,
testing alternative models or refining training techniques may help address misclassification
between mild and moderate cases.
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