Have We Solved Glottis Segmentation? Review and
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Abstract: Quantification of voice physiology has been a key research goal. Segmenting the glottal area to
describe the vocal fold motion has seen increased attention in the last two decades. However, researchers
struggled to fully automatize the segmentation task. With the advent of deep learning, fully automated solutions
are within reach and have been proposed. Are we then done here? This commentary highlights the open
construction sites and how glottis segmentation can be still of scientific interest in this decade.
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The glottal area is defined as the opening between the vocal
folds. Through vocal fold vibration, the glottis opens and
closes relative to the vocal fold oscillation cycle (Figure 1).
This changing area can be used as a proxy for vocal folds’
oscillation behavior. We typically refer to this changing
area over time as the glottal area waveform (GAW), a key
signal used in many downstream computations of clinically
important quantitative parameters.’ A key challenge is the
segmentation of the glottis in endoscopic images, crucial
for computing the GAW (Figure 1).

In very high-contrast conditions, simple thresholding is
sufficient to separate the glottis (dark pixels) from the
background (rather bright pixels). High-contrast images
are not always available in a clinical setting, so researchers
searched for more robust image processing algorithms.
Early on, this repetitive and rather “simple” task, finding a
very distinct area in an image, was thought to be largely
automated. Lohscheller and colleagues proposed the semi-
automated multi-threshold segmentation of keyframes with
interpolation, significantly reducing the manual effort.”
Many works focused on different computer vision techni-
ques to segment the glottal area. Also, further fully auto-
matic segmentation techniques were proposed using
sophisticated workflows.”

With the advent of deep learning, multiple labs utilized
deep learning methods for glottis segmentation, for ex-
ample,” © as these allow an end-to-end application with a
single processing step (Figure 2). The application of mul-
tiple general architectures has been evaluated by Laves
et al,” including the famous U-Net architecture introduced
by Ronneberger et al.” The U-Net architecture (Figure 2) is
an encoder-decoder neural architecture that consists of a
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contracting and an expanding path. In the contracting
path, high-level information is extracted and represented in
the latent space. The latent space is used as an entry point
in the expanding path to generate the segmentation mask.
Recent works showed that the latent space for glottis seg-
mentation can be indeed very small: A single latent space
image is actually sufficient for glottis segmentation.”
Fehling and colleagues investigated a battery of U-Net
modifications, including preprocessing steps, that yield the
best glottis segmentation on their in-house dataset. They
found that incorporating temporal context through bidir-
ectional convolutional Long Short-Term Memory layers
together with Red-Green-Blue color space yielded the best
segmentation results.” In agreement, other works similarly
showed the applicability of the U-Net architecture for
glottis segmentation’ also applicable in connected speech.'’

For training deep neural networks, such as the U-Net, it is
common sense that a large body of data is needed. The
Benchmark for Automatic Glottis Segmentation (BAGLS)
provides 59250 pairs of endoscopic images and their re-
spective glottis segmentation mask. In total, 640 videos from
seven hospitals were sourced and acquired with a variety of
technical equipment.” The BAGLS dataset is not only suffi-
cient to work on data acquired with the same equipment but
is also suited as training data for novel hardware devices.'' It
is further ideally suited for deep neural networks that are
actively used at the point of care over a long period of time,'”
especially when more data is incorporated through a con-
tinual learning scheme. The expansion of the BAGLS dataset
with more data (BAGLS-RT, additional 21 050 images from
267 HSV videos from eight hospitals) results in even more
robust deep neural networks.'”

As glottis segmentation has been one major bottleneck
bringing high-speed videoendoscopy into the clinic," fully
automatic solutions that work reliably with clinical data were
desired. Hence, clinically optimized deep neural networks have
been proposed that perform on par with large baseline models;
however, can yield in combination with inexpensive hardware
accelerators, such as the Edge Tensor Processing Unit, 79 times
speed-ups.'” For example, a 1000-frame-long recording would
be processed in less than one minute. This setup has been in-
tensively validated across a 24-month duration'” showing the
applicability of glottis segmentation in a clinical context.
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FIGURE 1. Analysis workflow. Endoscopic footage will be analyzed frame-by-frame or in a batch of frames via an algorithm that yields
ideally fully-automatically a binary glottis segmentation. Each frame contributes as a single data point to the glottal area waveform
(GAW). The GAW is information-rich and is used for downstream quantitative parameter computation.
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FIGURE 2. Schematic overview of U-Net-like deep neural networks for glottis segmentation. The encoder (pink) extracts features from the
endoscopic image, yielding in a latent space representation (blue). This representation is used by the decoder to spatially reconstruct and
classify any glottis-containing pixel. This is thought to be improved with spatial information stemming from the encoder via skip con-
nections. We highlight important scientific questions and indicate the appropriate literature as cited in the main text. For interpretation of
the references to color in this figure legend, the reader is referred to the Web version of this article.

One question, however, still remains: there is no real and
perfect ground truth for glottis segmentation. Especially at
the border close to the vocal folds, it is debatable where to
draw the border between the “glottis” and “not glottis,” that
is, background or trachea (Figure 1). A recent study has
shown that manual glottis area segmentation yields very
consistent results in downstream quantitative parameters.’
This is in line with the other findings that show that opti-
mized deep neural networks yield no relevant differences in
clinical parameters.'”” However, how can we judge if an
automatic method is actually producing high-quality seg-
mentations or failed because of any unexpected circum-
stances, such as artifacts and ill-illuminated footage? This
question has also been addressed recently: by predicting the
Intersection over Union score, a metric to determine the
segmentation quality ranging between 0 (very poor seg-
mentation) to 1 (perfect segmentation), we can determine for
each segmented frame the overall quality. With a low
average error of less than 0.1, one can reliably identify failed
segmentations and not consider these segmentations in
downstream processing. The authors also showed that we do
not need to reach a perfect Intersection-over-Union score.
Values around 0.7 on unseen data are sufficient and com-
petitive with human inter-rater and intra-rater reliability,'®
being in line with previous reports.’

Taken together, contemporary research found fully auto-
matic methods to segment the glottal area using deep neural
networks, compiled a large open dataset to train these deep
neural networks, and evaluated their performance in a clinical
environment, showing that this technology is ready and
available for broad research and clinical use, for example.'""’
In combination with an internal evaluation by predicting the
Intersection-over-Union score for each frame, we made a giant
leap forward towards the application of HSV in the clinic.

Does this mean we have solved glottis segmentation? One
could argue we solved the greatest challenges, such as a reli-
able, robust, fast, and fully automatic glottis segmentation as
well as segmentation quality assessment. Also, by having two
large and publicly available datasets,”'” all future algorithms
with the goal of improving current approaches can be com-
pared to these objective benchmarks. For example, techniques
such as federated learning'® can be explored to unify the foo-
tage acquired around the world to foster and deploy general-
ized and robust deep neural networks to the point of care.
Also, a reliable and robust glottis midline detection has not
been suggested yet, although first promising approaches were
suggested.'””"

Nevertheless, we observe that especially in low-lit con-
ditions, as well as semi-occluded areas around the glottis,
deep neural networks still have issues in reliably detecting
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glottal pixels. In addition, the aforementioned datasets
contain mostly rigid endoscope-derived footage, falling
short of footage derived from nasal, flexible endoscopes,
which require additional preprocessing.”’ The diversity of
organic and functional disorders may have implications for
the overall performance, which should be assessed and
systematically studied in the future.

Taken together, we believe the community’s strong works
have pushed the field dramatically in the last years, and we are
looking forward to seeing these last issues being solved.
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