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Abstract

Objective: Endotracheal intubation (ETI) is critical to secure the airway in emergent situations. Although artificial intelligence
algorithms are frequently used to analyze medical images, their application to evaluating intraoral structures based on
images captured during emergent ETI remains limited. The aim of this study is to develop an artificial intelligence model
for segmenting structures in the oral cavity using video laryngoscope (VL) images.

Methods: From 54 VL videos, clinicians manually labeled images that include motion blur, foggy vision, blood, mucus, and
vomitus. Anatomical structures of interest included the tongue, epiglottis, vocal cord, and corniculate cartilage. EfficientNet-
B5 with DeepLabv3+, EffecientNet-B5 with U-Net, and Configured Mask R-Convolution Neural Network (CNN) were used;
EffecientNet-B5 was pretrained on ImageNet. Dice similarity coefficient (DSC) was used to measure the segmentation
performance of the model. Accuracy, recall, specificity, and F1 score were used to evaluate the model’s performance in
targeting the structure from the value of the intersection over union between the ground truth and prediction mask.

Results: The DSC of tongue, epiglottis, vocal cord, and corniculate cartilage obtained from the EfficientNet-B5 with DeepLabv3+,
EfficientNet-B5 with U-Net, and Configured Mask R-CNN model were 0.3351/0.7675/0.766/0.6539, 0.0/0.7581/0.7395/0.6906,
and 0.1167/0.7677/0.7207/0.57, respectively. Furthermore, the processing speeds (frames per second) of the three models
stood at 3, 24, and 32, respectively.

Conclusions: The algorithm developed in this study can assist medical providers performing ETI in emergent situations.
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Introduction
Endotracheal intubation (ETI) is a key technique performed
during emergencies, such as cardiopulmonary resuscitation,
loss of consciousness, and respiratory failure, to secure the
airway.1 The purpose of ETI is to protect and secure the
airway when mask ventilation is difficult or prolonged
mechanical ventilation is necessary.2 However, tracheal
intubation in emergency situations has lower first-pass
success rate than operating room environment with experi-
enced anesthetists under elective conditions and repetitive
efforts to secure the airway when the first intubation is
unsuccessful increase the risk of aspiration, insufficient
ventilation, and cause potential harm to the airway.1,3,4 In
this context, the deployment of video laryngoscope (VL)
can assist ETI by providing relatively good visualization
of the larynx, improving the ETI success rate, and reducing
unnecessary intubation, resulting in patient safety.5,6 In
addition, VL could help teach emergency medicine resi-
dents or attendings about tracheal intubation and airway
management and recording of the ETI can allow additional
review and analyses.5,7

When dealing with laryngeal videos or images, artificial
intelligence (AI) is a powerful tool applied for tasks such
as classification, detection, and segmentation. For instance,
the U-Net base model was used to automatically segment
the glottis for the first step in a computer-aided diagnostic
system using 928 images from 90 volunteers of routine
examination (electronic laryngoscope for routine examin-
ation) using electronic laryngoscope.8,9 Similarly, Mask
R-Convolution Neural Network (CNN) was used to
segment the vocal folds and glottal region to provide clini-
cians with important medical information during diagnosis
using manually segmented 536 images from 2 resection sur-
geries and 3045 images from various laryngeal videos and
public videostroboscopy dataset.10,11 Additionally, a com-
bined model of Transformer and CNN was used to segment
the organ in the laryngoscope image using 822 images from
350 routine examination videos.12–14 Moreover, a study
using a CNN-based classifier was used to classify laryngeal
neoplasms to aid in diagnosis using 24,667 independent and
clear consecutive laryngoscopy images from 9231 patients.15

However, these models targeted normal anatomy measure-
ment or disease detection, not for ETI use.

ETI is mainly performed in the intensive care unit, emer-
gency department (ED), hospital ward, or operating room.
Previous VL related AI studies used images from resection
surgeries, images collected from YouTube, public VL data-
sets, or laryngoscope images during routine examinations
in out-patient clinics in hospitals.9,11,16 The VL images
acquired from predictable and stable conditions, such as
elective operating rooms or out-patient clinics, are different
from those acquired in unpredictable situations such as in
the ED where various factors can contribute to physiologic-
ally challenging airways, including hemodynamic instability,

vomiting, facial/cervical trauma, and the need for cervical
immobilization.4,17 In contrast to previous studies, VL
images obtained within the ED frequently contain foggy
vision, motion blur, blood, vomitus, saliva, and mucus
which make ETI more intricate task for clinicians.

The primary objective of this study is to develop an AI
algorithm that can provide real-time assistance to clinicians
conducting ETI procedures in emergent situations. In this
study, we developed AI algorithms to segment the
tongue, epiglottis, vocal cord (VC), and corniculate cartil-
age (CC) using VL images acquired from the ED while per-
forming emergent ETI. Semantic segmentation models,
DeepLabv3+ and U-Net and an instance segmentation
model, Mask R-CNN, were used. The blueprint of the
study is illustrated in Figure 1.

Methods
This study is an experimental retrospective study developing
AI algorithms using VL images.

Dataset

Intubation videos in clinical emergencies were collected
between October 2020 and January 2021 at the ED of
Seoul National University Bundang Hospital. This is a ter-
tiary teaching hospital with an annual ED volume of
approximately 80,000 patients and 600 ETI cases in
Gyeonggi Province, South Korea. The inclusion criteria
were the videos from the patients who are equal to or
greater than 18 years old. The videos were excluded if
patients have intraoral or laryngeal medical diseases such
as neoplasm, epiglottis, or trauma.

VL videos were recorded with a resolution of 640× 480
pixels at 30 frames per second (FPS) in AVI format using
the GlideScope Go (Verathon, US), and 54 cases were
collected.

This study was approved by the Institutional Review
Board of Seoul National University Bundang Hospital
(number B-2112-725-102). The study protocol adhered to
the ethical guidelines of the 1975 Declaration of Helsinki
and its subsequent revisions. The requirement for informed
consent was waived by the Institutional Review Board of
Seoul National University Bundang Hospital.

Images were extracted from the videos using the
VirtualDub program. From the recorded videos, the range
to extract the images was manually set from the beginning
of intubation to the end of intubation and then extracted at
two FPS. A total of 8973 images were extracted. Images
with foggy vision, motion blur, blood, vomitus, saliva,
and mucus were included in this study to reflect unpredict-
able situation images with ETI (Figure 2). Three clinicians
manually excluded non-informative images and images
captured outside of intraoral cavity. The structures from
the remaining images were labeled using the Labelme
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program, and 4956 images were labeled. The anatomical
structures including tongue, epiglottis, VC, and CC were
labeled as landmarks for ETI. These structures were
chosen according to three medical experts’ consensus.
Medical experts agreed that these structures are observed
in the process of ETI in time sequential with clinical

importance. In cases of disagreement with labeling, consen-
sus among the three clinicians was derived through
discussion.

Labeled data from the Labelme program were saved in
JSON format. These were converted into a single gray scale
PNG file for each dataset. The dataset was randomly split

Figure 1. Flowchart of the study. The color in the mask indicates the class of the structure. Vocal cord in red, epiglottis in blue, corniculate
cartilage in jade, and tongue in green. The max confidence pooled mask is the mask remade by selecting the highest pixel value by
comparing multiple instance masks of the same class.

Figure 2. Images used in this study. The image sample with foggy vision, motion blur, blood, vomitus, saliva, and mucus are in (a) and
image samples without them are in (b).
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into a train set (32 cases, 2888 images), validation set
(11 cases, 1177 images), and test set (11 cases, 891 images).

Environment

The study was performed on Ubuntu 20.04.3 LTS, AMD
Ryzen 9 5900X, Nvidia RTX 3090 24GB, and 48GB of
RAM using Python 3.7 and pytorch 1.7.1.

Segmentation

To segment the tongue, epiglottis, VC, and CC from the col-
lected data, DeepLabv3+, U-Net and Mask R-CNN were
used. DeepLabv3+ and U-Net were trained using the seg-
mentation models pytorch library and Mask R-CNN was
trained using torchvision.8,10,18 EfficientNet-B5, pretrained
with ImageNet, was used for the encoder of DeepLabv3+
and U-Net.19 For the previous two models, the batch size
was set to 8, and the Adam optimizer with a learning rate
of 1e-4 was used. The dice similarity coefficient (DSC)
loss was used to train the model.20 The model was evaluated
using the validation set for each epoch and stored at the
lowest validation loss. The learning rate decreased by 1/10
when the validation loss did not change during 30 epochs.
Early stopping was applied if the validation loss was not
updated for 50 epochs. The input RGB images were scaled
between 0 and 1.

For the Mask R-CNN model, the batch size was set to
16, the Adam optimizer was used, and the learning rate
was set to 1e-4. The model was trained using the sum of

the region proposal network (RPN) and region of interest
(ROI) losses, which were embedded in the torchvision
Mask R-CNN code.11 The ResNet-50-Feature Pyramid
Network backbone, pretrained on COCO, was used. The
input RGB images were scaled and normalized. The
model was saved using the DSC loss, and the prediction
mask to calculate the DSC loss was reconstructed.

As a result of the model’s prediction, one or more predic-
tion masks could exist for each class. Validation loss was
calculated after going through the process of converting
several masks that could exist for each class into one
mask for each class. In this process, after multiplying the
pixel value of each mask by the class score of the mask,
the generated masks were made into one mask by compar-
ing each pixel and replacing it with the pixel with the largest
value. The Mask R-CNN trained using this method is called
the Configured Mask R-CNN, and this method is presented
in Figure 3. Then DSC loss was then calculated to evaluate
the model and save the model when it had the lowest valid-
ation loss. The same learning rate decrease method was
used for all models.

Post-processing

The softmax activation function was used for the semantic
segmentation models because the sigmoid activation func-
tion cannot clearly define the class to which the pixel
belongs. Conversely, Mask R-CNN, which is an instance
segmentation model, uses a sigmoid for generating masks,
as the class of the mask is determined by the result of the
classification part in the model.10 The RPN module of the

Figure 3. Method used to train the Configured Mask R-CNN model. Prediction masks (Mask1, Mask2) were multiplied with corresponding
confidence score (class confidence score). Each pixel in the masks were compared and the max value of each pixel was pooled to make
max confidence pooled mask. The dice similarity coefficient loss was calculated using max confidence pooled mask and ground truth
mask. The values in the figure do not depict the real value of the image.
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Mask R-CNN suggests several locations where objects
could exist. A mask was obtained in each proposed area,
and the class of the mask was determined by the class
obtained from the model. If multiple areas were proposed
for a class, the class would receive multiple masks.
Therefore, a refinement process was required, as shown in
Figure 4. The refinement process first starts with dropping
out prediction masks that have a low-class prediction
score; in this study the threshold was set to 0.5.
Subsequently, each pixel in the prediction masks was com-
pared, leaving only the pixel with the highest value for each
class.

Statistical analysis

To evaluate the performance of the model, a DSC metric
was used for assessing the model.20–22 The DSC measures
the similarity between the ground truth mask and the pre-
diction mask. The method used to evaluate the detection
model was used to intuitively determine if the prediction
mask properly segmented the structure. If the intersection
over union (IoU) of the prediction mask and the ground
truth mask is 0.5 or more, the prediction mask was consid-
ered correct (true positive).23–26 False positive was defined
when the prediction mask and ground truth mask did not
overlap or the IoU was lower than 0.5. False negative
was defined when there was a ground truth mask but no pre-
diction mask. True negative was defined as the presence of
neither a prediction mask nor a ground truth mask. The
method to divide true positive, false positive, false negative,
and true negative is shown in Figure 5. A confusion matrix

was generated to evaluate the model in terms of accuracy,
recall, specificity, and F1 score,

Accuracy = TP+ TN
TP+ FP+ FN+ TN

(1)

Recall = TP
FN+ TP

(2)

Specificity = TN
FP+ TN

(3)

F1 score = 2TP
2TP+ FP+ FN

(4)

and they were calculated according to equations (1), (2), (3),
and (4), respectively.

Results
DSC was evaluated separately for each structure. The
threshold of the prediction mask was set to 0.5 for all the
models. As shown in Table 1, EfficientNet-B5 with
DeepLabv3+ showed the highest values for tongue
(0.3351) and VC (0.766), EfficientNet-B5 with U-Net
showed the highest value for CC (0.6906), and
Configured Mask R-CNN showed the highest value for epi-
glottis (0.7677). The FPS of the models were measured
when the models were inferencing as follows: 3 FPS, 24
FPS, and 32 FPS in EfficientNet-B5 with DeepLabv3+,
EfficientNet-B5 with U-Net, and Configured Mask
R-CNN, respectively.

Figure 4. Post-processing step used for the Configured Mask R-CNN. The color in the mask indicates the class of the structure. Vocal cord
in red, epiglottis in blue, corniculate cartilage in jade, and tongue in green. Mask ensemble was used to make multiple instance mask into
a single mask.
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The accuracy, recall, specificity, and F1 score obtained for
each structure with the different models are summarized in
Tables 2, 3, and 4. In terms of the tongue, the
EfficientNet-B5 with DeepLabv3+ model showcased the
highest accuracy (0.8743), recall (0.4252), and F1 score
(0.4909). On the other hand, the EfficientNet-B5 with U-Net
model yielded the highest specificity (1.0). For the epiglottis,
the Configured Mask R-CNNmodel took the lead in accuracy
(0.862) and specificity (0.7517), whereas the EfficientNet-B5
with DeepLabv3+ model excelled in recall (0.9794), and F1
score (0.9012). Concerning the VC, the EfficientNet-B5
with DeepLabv3+ model stood out with the highest accuracy
(0.8283), recall (0.9219), and F1 score (0.8852). Conversely,
the Configured Mask R-CNN model exhibited the highest

specificity (0.8281). Finally, in the case of the CC, the
EfficientNet-B5 with U-Net model demonstrated a remarkable
performance with respect to accuracy (0.7755), recall
(0.9231), and F1 score (0.8494), whereas the Configured
Mask R-CNN model exhibited notable specificity (0.7571).

Discussion
In this study, we used VL images acquired at the ED of
patients with emergent ETI. This is the first AI algorithm
to segment anatomical structures related to ETI in emer-
gency situations. We obtained DSC of 0.1167, 0.7677,
0.7207, and 0.57 in Configured Mask R-CNN for tongue,
epiglottis, VC, and CC, respectively.

Figure 5. Flow of how the method used in detection was applied in this study. The purple mask on the left is the ground truth mask and
the yellow mask is the prediction mask. The mask below diamond shape written IoU≥ 0.5 inside indicates ground truth mask in purple,
prediction mask in yellow and intersection area in sky blue. The colored mask on the right represents the class of each structure, the vocal
cord is red, epiglottis is blue, the corniculate cartilage is jade, and the tongue is green. How each section is divided is shown through
masks. IoU: intersection over union.

Table 1. DSC result of the model for each structure and its FPS.

Model Metric Tongue Epiglottis Vocal cord Corniculate cartilage FPS

EfficientNet-B5 with DeepLabv3+ DSC 0.3351 0.7675 0.766 0.6539 3

EfficientNet-B5 with U-Net DSC 0.0 0.7581 0.7395 0.6906 24

Configured Mask R-CNN DSC 0.1167 0.7677 0.7207 0.57 32

DSC: dice similarity coefficient; FPS: frames per second.
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In AI algorithms used for detection, predicted bounding
box and ground truth bounding box were used to calculate
IoU, and the predicted bounding box from the model was
considered correct if the IoU is equal to, or greater than
0.5.23–26 Unlike the detection algorithms, segmentation
algorithms use a polygonal mask instead of a bounding
box. The evaluation method used in detection was used to
evaluate whether the model correctly detected the class by
IoU, which was calculated using a bounding box.
However, the IoU in this study was not calculated by a
bounding box that could include unnecessary areas, as
boxes are square shaped. When calculated using its mask,
unnecessary areas are not used, resulting in a tight and
accurate calculation. Therefore, when IoU was calculated
using the masks, the structure was segmented enough to
be clearly distinguished.

The inclusion of the Mask R-CNN model alongside
semantic segmentation methods stemmed from related
works that showed Mask R-CNN model had better recall
and precisions or lesser false negatives.27,28 In this work
for epiglottis, VC, and CC, the specificity for the semantic
segmentation models (EfficientNet-B5 with DeepLabv3+
and EfficientNet-B5 with U-Net) was lower than that of
the Configured Mask R-CNN. The low specificity of the
two models indicates that there were many false positives.
This is because the two models determined the existence
of a structure using a mask obtained through softmax.
The Configured Mask R-CNN first identifies the location
of a structure through a RPN; therefore, if a ROI area is
not obtained in the corresponding process, there is little
false positive because there is no prediction mask for the
structure. Therefore, the Configured Mask R-CNN had a

Table 2. Performance metrics to assess the efficacy of EfficientNet-B5 with DeepLabv3+ in targeting different structures.

Model Metric Tongue Epiglottis Vocal cord Corniculate cartilage

EfficientNet-B5 with DeepLabv3+ Accuracy 0.8743 0.8597 0.8283 0.7553

Recall 0.4252 0.9794 0.9219 0.8867

Specificity 0.949 0.6343 0.5896 0.4845

F1 score 0.4909 0.9012 0.8852 0.83

Table 3. Performance metrics to assess the efficacy of EfficientNet-B5 with U-Net in targeting different structures.

Model Metric Tongue Epiglottis Vocal cord Corniculate cartilage

EfficientNet-B5 with U-Net Accuracy 0.8328 0.8519 0.7991 0.7755

Recall 0.0 0.963 0.9057 0.9231

Specificity 1.0 0.6563 0.5333 0.4536

F1 score 0.0 0.8923 0.8655 0.8494

Table 4. Performance metrics to assess the efficacy of Configured Mask R-CNN in targeting different structures.

Model Metric Tongue Epiglottis Vocal cord Corniculate cartilage

Configured Mask R-CNN Accuracy 0.7946 0.862 0.807 0.7048

Recall 0.1929 0.9174 0.8011 0.6887

Specificity 0.9068 0.7517 0.8281 0.7571

F1 score 0.2278 0.8984 0.8669 0.781

Choi et al. 7



lower recall than the other two models. The Configured
Mask R-CNN shows high specificity for epiglottis, VC,
and CC; however, the ROI in the RPN is not sufficiently
obtained because it shows low recall. If the performance
of the RPN is increased, low recall can be overcome.

The FPS of EfficientNet-B5 with DeepLabv3+,
EfficientNet-B5 with U-Net, and Configured Mask
R-CNN models were 3, 24, and 32 FPS, respectively. The
VL video used in this study was 30 FPS. For real-time use,
the inference FPS of the model should be close to or higher
than FPS compared to what it should be applied to because
FPS decreases during video processing in real time. As the
Configured Mask R-CNN used in this study performed
DSC for the epiglottis and VC of 0.7677 and 0.7207, respect-
ively, the Configured Mask R-CNN showed an advantage
over the other two models for real-time applications with the
highest FPS mentioned to be rapid and fast experiment only
adding minor computational cost than Faster R-CNN.29–31

The application of the developed algorithm to VL devices
can be considered in future studies.

The DSC of the tongue was relatively low in all models
compared with the other structures in the oral cavity. This is
because the anatomical structure of the tongue differs
between dorsal and ventral views. Furthermore, the presence
of foreign substances, such as mucosa, blood, or vomitus,
and light reflection of VL on the tongue during ETI cause vari-
ance in the ground truth mask. Although different characteris-
tics are observed in the same structure, they are all labeled as
having the same structure (Figure 6). In addition, the amount
of data on the tongue is significantly smaller than that on other
structures because the tongue is pushed aside and hidden from
the VL screen for ETI. Future studies require subdividing
labeling of the tongue, such as the dorsal and ventral side of
tongue as different anatomical structures.

Previous studies were performed on datasets collected
from resection surgeries, examinations, YouTube, and
public videostroboscopy datasets. From the data, previous
studies have attempted to segment or detect the VC to

provide medical information for clinical diagnoses and
reduce the risk of complications, which are important for
clinical practice.11 When treating patients or situations in
stable conditions with controlled variables, previous
studies could fulfill their goals. However, in the ED,
various situations such as a barely visible view due to
foggy vision, vomitus, and moving vocal cords with chest
compression make it difficult to perform emergent ETI.
To address this difficulty, we used VL images for ETI in
the ED. The raw data images, which are different from pre-
vious research, are the main strength of this study. For
further research, additional methods to process noisy
images can be used to improve performance.

Notably, the mean and standard deviation for the train,
validation, and test set are 90.25± 104.916, 107.0±
66.957, and 81.0± 33.723, respectively. While variations
exist in the number of images across cases, the primary
objective of this study remains the development of an AI
algorithm capable of segmenting oral structures from ETI
videos in emergency situations. Consequently, the model
was developed based on images extracted from videos at
a rate of two FPS, resulting in varying image counts per
case. To mitigate this disparity and potential bias, forthcom-
ing studies will involve the collection of more data.

This study has several limitations. First, the model
evaluation was not conducted on the complete pool of
extracted frames, a decision necessitated by the time-
intensive nature of frame-by-frame labeling. Addressing
this aspect of unused frames warrants consideration in
future research. Second, the patients’ diverse conditions
during data acquisition encompass factors such as the pres-
ence of foreign substances in the oral cavity, degrees of
bleeding, and motion blur. Future explorations might
harness Generative Adversarial Networks (GANs) to gener-
ate images with reduced motion blur, enabling the model’s
segmentation performance even on images afflicted by this
phenomenon.32 Third, as the acquired data came from real-
world clinical situations, the number of structures present in

Figure 6. Sample images showing structural differences between the dorsal and ventral view of the tongue. The examples include diverse
variations such as vomitus, saliva, blood, and light reflection on the tongue. The tongue is shown in light green.
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each case and their distribution across different sets varied.
Consequently, cross-validation was not suitable because of
the variation in clinical situations. Further research can
explore the feasibility of creating sub-groups for each clin-
ical scenario, considering the potential influence of clinical
changes or situations on the acquired data. Fourth, the algo-
rithm developed in this study has not been validated using
an external dataset. The next research study can be con-
ducted by applying this model to an externally acquired
dataset from different ED settings.

Conclusion
Herein, we developed an AI algorithm to segment anatom-
ical structures related to emergent ETI. EfficientNet-B5
with DeepLabv3+, EfficientNet-B5 with U-Net and
Configured Mask R-CNN were used for segmentation.
The Configured Mask R-CNN achieved 32 FPS in infer-
ence time with the highest specificity shown for VC, epi-
glottis, and CC.

Our future endeavors are aimed at pursuing rigorous
testing of the model on medical manikins and animal sub-
jects to assess its clinical utility in varied scenarios.
Additionally, we hope VL devices with AI algorithms for
real-time segmentation will help clinicians perform ETI in
unexpected emergent situations.
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