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A B S T R A C T

Tracking the tongue in ultrasound images provides information about its shape and kinematics during speech.
Current methods for detecting/tracking the tongue require manual initialization or training using large amounts
of labeled images. In this article, we propose a solution to convert a semi-automatic tongue contour tracking
system to a fully-automatic one. This work introduces a new method for extracting tongue contours in ultra-
sound images that requires no training nor manual intervention. The method consists in an image enhancement
step based on phase symmetry, followed by skeletonization and clustering steps, leading to a set of candidate
points that can be used to fit an active contour to the image and subsequently initialize a tracking algorithm. Two
novel quality measures were also developed that predict the reliability of the segmentation result so that an
image with a reliable contour can be chosen to confidently initialize fully automated tongue tracking. This is
achieved by automatically generating and choosing a set of points that can replace the manually segmented
points for a semi-automated tracking approach. This paper also improves the accuracy of tracking by in-
corporating two criteria to reset the tracking algorithm from time to time. Experiments show that fully auto-
mated and semi-automated methods result in very similar mean sum of distances errors, respectively, indicating
that the proposed automatic initialization does not significantly alter accuracy. Moreover, further results show
that tracking accuracy is improved when using the new segmentation technique within the proposed re-in-
itialization scheme.

1. Introduction

The study of tongue motion has a variety of applications. It can help
understand how the tongue moves in articulation and can inform dif-
ferent related research areas including disordered speech affected by
disease, second language acquisition, speech processing, and bio-me-
chanical tongue modeling. Measuring tongue function is difficult be-
cause the tongue is positioned within the oral cavity and inaccessible to
most instruments. In speech science, ultrasound (US) imaging is one of
the most used techniques to measure tongue movements involved in
articulation due to the fact it can capture real-time movements of the
tongue surface as an image sequence and it is non-invasive. In speech
studies, tongue US images are typically acquired with a micro-convex
array probe placed under the subject's chin and oriented such as to
image the mid-sagittal section of the tongue [1].

Analyzing such US data typically involves comparing tongue shapes
between different individuals or populations, and this in turn usually
requires delineating the mid-sagittal tongue contour in the US images.

This paper focuses on fully automatically detecting tongue contours
from US images without manual intervention by a human or use of any
training data.

There have been many studies that suggest systems for tracking the
tongue contour in US image sequences. One of the popular classical
approaches among speech researchers to address the problem of tongue
contour segmentation from a US 2D image is to use snakes or active
contour models. First introduced by Kass et al. [2], snakes aim to find
salient contours for delineating an object outline from a possibly noisy
image. Akgul et al. [3] proposed a method to segment and track the
tongue surface contour in 2D US images using snakes. Snake energy is
formulated as a linear combination of internal energy and external
energy terms, respectively encoding contour smoothness (both spatial
and temporal) and saliency, as measured by the image gradient. Li et al.
[4] extended this formulation to make segmentation and tracking more
robust in the presence of noise and spurious high-contrast edges in
ultrasound images. Li et al. [4] introduced a new energy functional
called “band energy” to guide the snake towards the lower edge of the
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bright white band formed by the echo of US off the surface of the
tongue. With band energy, snake segments avoid attraction to the ir-
relevant regions of high gradient caused by speckle noise. A software
implementation of this method, called “EdgeTrak”, was made publicly
available by the authors. Like Akgul et al. [3]'s method, EdgeTrak de-
mands the user input points near the tongue surface as initial points in
first frame of the sequence and by interpolating initial points by B-
spline, the system finds a contour near the tongue surface to fit a snake
to the first image, thereby initializing tracking.

One of the problems with EdgeTrak is that it can fail when some
parts of the tongue from previous frames are not visible in a rapid
tongue tracking task. In such cases, error can propagate and tracking
cannot usually recover from that. To address this, Roussos et al. [5]
proposed a different tracking approach and that is to train a model with
prior information about the shape variations of the tongue contour and
its appearance in US images, known as active appearance models
(AAMs). In this method, two models, one for shape variation of the
tongue (obtained using annotated X-ray videos of the speaker's head)
and one for texture model (based on the US image intensities around
the tongue contour), are trained.

Besides AAMs, active shape models (ASM) also can be used along
with snakes for segmentation of structures such as the tongue.
Hamarneh et al. [6] proposed a method that combines ASM and snakes
for segmenting the human left ventricle in cardiac US images. This is
achieved by obtaining a shape variation model that is trained by
averaging ventricle shapes and then the salient contours of ventricles
are found by letting a snake that deforms to find the boundaries. This
approach was successfully applied to tongue tracking by Ghrenassia
et al. [7].

A simple, yet different solution to address the problem of tongue
motion tracking is to estimate motion via a gradient based approach.
Chien et al. [8] present an approach to track tongue motion in ultra-
sound images for obstructive sleep apnea using an optical flow (OF)
method by Lucas and Kanade [9] within a multi-scale framework. The
most important limitation of this approach is its computational cost,
which makes it very slow in comparison with other dynamic methods.

Recent and very rapid developments in machine learning methods
in the last decade have led to their equally rapid and successful appli-
cation to image analysis tasks using deep neural networks. Neural
networks can work well if there are enough data they can learn from. In
our problem, this translates to having a database of segmented US
images of tongue contours. Fasel and Berry [10] presented a method
based on deep belief networks (DBN) to extract tongue contours from
US without any human supervision. Their approach works in a number
of stages. First, a deep convolutional neural network is built and trained
on concatenated sensor and label input vectors (US images and
manually segmented contours). Second, the first layer of this network is
modified to accept only sensor inputs (no contour information any-
more). The second neural network can establish the relationship be-
tween the first neural network and the sensor-only (US) images so that
the whole system can infer the labels (tongue segmentation). To mini-
mize the reconstruction error of labels, the network is fined-tuned using
a discriminative algorithm. The work by Fasel and Berry [10] has re-
sulted in a publicly available software called “Autotrace”.

The approach by Fasel and Berry [10] makes a complex neural
network model based on the tongue segmentations, which require the
intensity of all pixels in the US images plus their contour segmentations
as inputs. As this approach frames the tongue contour segmentation
goal as a typical deep learning problem, it needs a large amount of
training data to fine-tune weights of 5514 neurons dispatched on 3
hidden layers. Fabre et al. [11] proposed a similar methodology in line
with the work presented by Fasel and Berry [10] but with a simpler
neural network. In their approach, they take advantage of a PCA-based
decomposition technique called “EigenTongues” which is a compact
representation of raw pixels intensities of tongue US images (explained
originally by Hueber et al. [12]), and they also present a PCA-based

model of the tongue contours which they call “EigenContours” along
with a neural network that establishes a relationship between the two
compact representations of the US image data and the segmented
contour pixels. This method provides a simpler model than Autotrace,
suggesting that fewer training data are needed for segmentation.

As manually labeling tongue contours in US images is a very time-
consuming task, Jaumard-Hakoun et al. [13] modified the Autotrace
approach so that it works with labels extracted automatically from US
images using simple image processing operations. Having an initial
labeling, Jaumard-Hakoun et al. [13]'s approach first pre-processes the
US image with the aim of finding regions of interest (ROIs). To do the
contour detection, the algorithm makes a set of candidate pixels as
those ones that are white themselves and followed by a black pixel. To
limit this set of candidate points, the algorithm looks back to the con-
tour points from the previous frame and if the candidate point is in the
one-pixel vicinity of ex-contour points then it is automatically labeled
as a contour point. The entire set of all these candidate points are
chosen as the automatically labeled image data input to the Autotrace
deep neural network (in replacement of manually segmented contours).
The idea of determining a contour point from a set of candidate points
introduces the use of weak temporal consistency constraints in the
application of training deep neural network for tongue contour detec-
tion. One potential weakness of machine learning-based methods is to
be speaker dependent [14]. In other words, a learned segmentation
algorithm may not work on new speakers that the neural net has not
seen before.

The literature presented so far makes limited use of temporal con-
sistency constraints to guide tracking. However, Tang et al. [15] pre-
sented a semi-automatic graph based approach that reformulates
tongue contour tracking as a graph-labeling problem where optimality
of segmentations is tuned by both spatial and temporal regularizations.
Given an initial set of points, the method finds a set of displacement
vectors that minimize a global energy functional composed of a data
energy term and two types of regularization energy terms that make
sure that the algorithm tracks points that keep the entire contour
smooth and continuous (spatial constraint), and also contours evolve
smoothly over time (temporal constraint). Their implementation is
publicly available [15] as software called “TongueTrack”.

Laporte and Ménard [16] introduced the use of a particle filtering
algorithm for tongue tracking combined with an ASM that enforces
shape constraints to limit the search space dimensionality. The particle
filter enforces strong, yet flexible temporal consistency constraints, al-
lowing swift recovery from error. As the results presented by this
method are quite promising and due to the immediate availability of
implementation, we chose this system as our semi-automatic approach
in this paper.

One limitation to the tracking approaches is that they may drift
from the correct answer for a variety of reasons (e.g. the tongue moves
too fast, it disappears or gets too blurry, etc.). Xu et al. [17] suggest a
trick to reduce this effect, and that is the idea of re-initializing the
tracking system from time to time. The authors suggest a re-initializa-
tion whenever the current image is sufficiently similar (according to the
SSIM criterion [18]) to that used for manual initialization, where the
manual segmentation provided by the user can reasonably be re-used.
They showed consistent improvement in terms of tracking performance.
This led us to implement a similar but more flexible and less user-de-
pendent re-initialization approach (explained in Section 3.3) for this
paper.

Most of the approaches currently documented in the literature and
described above, with the exception of machine-learning based
methods like Autotrace [10], depend on an initial set of tongue contour
points that should be manually given in advance to the system so that
the tongue contour can then be tracked over the remaining images. We
call these approaches “semi-automatic”.

This study addresses a different but related problem and that is to
automatically extract the tongue contour points from an US frame
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without prior information about its location, which is a challenging
problem. Tongue contour extraction methods based on deep learning,
such as Autotrace and its variants [10,11,13] achieve this using large
training sets of labeled data. In contrast, we propose to rely solely on
the content of a single US image. While such a method can be used to
extract tongue contours frame by frame in a video sequence, it is best
exploited in combination with a tracking algorithm that exploits prior
information. In this paper, we also show how this can be achieved.

The biggest advantage of the proposed method is that it eliminates
the need for manual intervention. This opens the possibility of real-time
tongue detection and tracking on an US machine, which could, for in-
stance, help provide immediate visual biofeedback to the patient during
a speech therapy session [19]. Moreover, the detection approach pro-
posed here could be extended and applied to other related applications
in medical imaging tasks that involve US.

We divide our ultimate goal into a number of major problems that
are dealt with at different levels: 1) automatically segmenting tongue
contours from 2D US images which means that the input is a single US
frame and the output is an approximate locus of tongue contour points
on this frame 2) transforming a semi-automatic tongue contour tracking
approach to a fully automated one using the automated tongue seg-
mentation module 3) determining when it might be useful to re-in-
itialize the automated tracking approach (re-initialization).

The remainder of this article is structured as follows: Sections 2 and
3 discuss the details of the proposed approach for the problem of au-
tomatically detecting the tongue contour in US images. Section 4 details
the experimental framework used to test the proposed approach and the
data acquired to do so. Finally, Section 5 is dedicated to reviewing the
contributions of this paper, its shortcomings and the work that could be
done in the future to improve the current framework.

2. Automatic tongue segmentation

In US images, the echo from the tongue surface generally appears as
a continuous bright region. Our core idea behind finding the tongue
contour automatically is to first find that white region which we call
Region of Interest (ROI) and then extract the tongue contour from that
region.

Fig. 1 illustrates the proposed approach for automatic tongue con-
tour segmentation. First, a mask (Section 2.1) is applied to remove the
irrelevant information that is present in the input US video sequence.
Then, a phase symmetry filter (Section 2.2) is applied to enhance the
regions that look like the tongue contour. The enhanced image is bi-
narized (Section 2.3) and processed by a skeletonization module (Sec-
tion 2.4) which produces a set of candidate points that are close to the
actual tongue contour points that lie underneath the white region. To
obtain a smooth connected contour for the tongue, we perform spline

fitting (Section 2.5) using the skeletal points generated from the ske-
letonization module. The fitting process is fused with an outlier removal
step to avoid including non-tongue contour points as much as possible.
The resulting points are processed by a snake fitting module with the
aim of adjusting the contour in accordance with the actual tongue
surface on the US image (Section 2.6).

2.1. Masking

The first step towards automatic segmentation of the tongue contour
is to remove irrelevant information from the images by cropping the US
video frame. To perform the cropping, we first find an image mask by
looking for parts of the image plane where there is variation from one
image to the next. By considering a small set of frames (the first 20
frames), it is easy to detect the background which should be almost the
same between all images since they come from the same machine. The
result of considering a sequence of frames where the background con-
sists of all pixels whose gray level intensity standard deviation over
time is below 1% of the range from black to white intensities.

2.2. Phase symmetry filter

To enhance US images so that they emphasize the regions con-
taining the tongue contour, we apply a ridge enhancement filter known
as a phase symmetry filter (first introduced by Kovesi et al. [20]) to
each frame of the video sequence. Fig. 2 shows the elevation map of the
example US frame. The elevation map shows how the highly specular
surfaces produce ridges and these are due to US reflecting off the
tongue.

Image signals with even and odd symmetry will have real and
imaginary Fourier transforms, respectively. Ridge-like features with an
axis of symmetry (such as the bright echo caused by the tongue surface
in US images) result in the even filter response dominating over the odd
filter response. The local 1D phase symmetry measure proposed by
Kovesi et al. [20] is precisely the difference between the even filter and
odd filter responses:
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The factor T is a noise compensation term and ε is a small constant
so that the denominator will not be equal to zero. This 1D analysis can
be extended to 2D by applying it in multiple orientations and forming a
weighted sum of the results.

We empirically tuned the number of wavelet scales ( =n 5) and the
number of filter orientations ( =τ 14) for our experiments.

Fig. 1. Block diagram of the automatic tongue contour segmentation method proposed by this paper. For the remainder of this Section, we will consistently be using
this US image as an illustrative example for tongue segmentation.
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2.3. Binarizing the ultrasound image

To find ROIs, we first binarize the phase symmetry image from
previous step using a threshold that is chosen as the median of its in-
tensity values (see Fig. 3). To express this mathematically, let I be the
input US image (masked and cropped), If be the phase symmetry image,
and =λ Imedian( )f . The binarized image (Ib) is obtained by thresh-
olding If with the threshold λ. We also consider another image (Ic), that
is similar to Ib except that the white regions in Ib now get their pixel
intensities from the original US image I:

= − +I i j I i j I i j I i j( , ) 1 ( , ) ( , ) ( , )c b b .
Let Wk represent the kth white connected component in Ib. An im-

portance score is defined as: = ×W I W WΨ( ) mean( ( )) area( ),k c k k where
I Wmean( ( ))c k represents the average intensities of all the pixels of Ic

within Wk and Warea( )k represents the area of the connected component
Wk. Now, let us define a new image Id as:

= ⎧
⎨⎩

∈ ∀
∉ ∀

I i j
W i j W k

i j W k
( , )

Ψ( ), ( , )
1, ( , )

.d
k k

k

Id emphasizes the regions of the US image that have high average in-
tensities as well as a large area. Combining ROI size with ROI average
intensity makes it easier to eliminate small white regions that are
produced by speckle noise. Finally, we apply Otsu's thresholding
method [21] to binarize Id.

2.4. Computing the medial axis

After the binarization step is performed, our main goal is to extract a
single curve representing the tongue contour. For this purpose, we use

skeletons (medial axes). The skeleton of a shape is the locus of all points
lying inside the shape and having more than one closest point to the
boundary of that shape [22]. In this work, we selected the flux skeleton
approach since this medial representation is robust to noise in the shape
boundary. Flux skeletons were introduced by Dimitrov et al. [23] and
have been improved in different applications ([24,25]). To compute the
medial axis within a bounded shape, Dimitrov et al. [23] introduced a
new measure called Average Outward Flux (AOF). AOF is defined as
the outward flux of the gradient of the Euclidean distance map to the
boundary of a 2D shape through a shrinking disk normalized by the
perimeter of that disk. To elaborate, assume an arbitrary region R with
a closed boundary curve denoted ∂RIf the gradient of the Euclidean
distance function to ∂R is given by q̇the AOF through ∂R is then defined

as: =
∫

∫
⟨ ⟩∂

∂
AOF

ds

ds

q N˙ ,R

R
, where s is the arc length along a branch of the

medial axis and N represents the outward normal at each point on the
boundary ∂R.

It can be shown that the AOF takes non-zero values for skeletal
points and zero values everywhere else, when it is computed on a
shrinking disk whose radius tends towards zero [23]. A major ad-
vantage of the flux-based method is that AOF is a region-based measure
and is very stable with respect to the noise or perturbations of the
boundary of ROIs. Therefore, the computed skeleton is very robust to
the jittering effect present in the binarized pixels of narrow tongue ROIs
(see Fig. 4).

2.5. Spline fitting and outlier removal

Not all points on the medial axes of ROIs are located near the tongue

Fig. 2. Left: the elevation map of the masked US image from Fig. 1 where ridges and high peaks show the high intensity regions mostly corresponding to the tongue
area. Right: shows the result of applying the phase symmetry filter on the same US image. It can be seen that phase symmetry filter is better at ignoring this speckle
noise than the Canny edge detector.

Fig. 3. Left: shows the white regions rank ordered and colored based on their importance score WΨ( )k . Intensities are colored from blue (for low importance) to red
(for high importance). Right: The white region pixels of the obtained binary image (left) are colored based upon the intensity values of the same pixels in the original
US image normalized between 0 and 1 (Ic).
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contour (see Fig. 4 right), and we have to somehow remove outliers. To
designate candidate points as being close to the tongue contour we use
the Density-based spatial clustering of applications with noise
(DBSCAN) clustering algorithm, proposed by Ester et al. [26]. DBSCAN
is a clustering algorithm that works with spatial data and rather than
having a fixed number of classes it divides the data in different clusters
based on their distance (ε - the maximum distance between points) from
each other and a minimum number of points (MinPts) within each
cluster. We set the =ε 20 pixels and MinPts=10 in our implementa-
tion.

When the clustering is done (see Fig. 5), the largest cluster is taken
to contain the tongue's reflection and the remaining smaller clusters are
assumed to contain outliers. The next step is to fit a B-spline curve to
the main cluster to produce candidate points for initialization of the
automatic tongue tracking system.

2.6. Snake fitting

The final step of the proposed automatic tongue segmentation
method is to fit an active contour model (snake) to the points obtained
from the spline fitting/outlier removal module. This allows the ex-
tracted points to adjust to the actual tongue contour points. In our
framework, we use the approach of Li et al. [4]. Given a contour

= …V v v v{ , , , }n1 2 where the vi, = …i n1, , are the points generated by the
spline fitting and outlier removal module, the total snake energy to be
minimized is defined as:

∑′ = +
=

E αE v βE v E v( ) ( ) ( ).
i

n

i i isnake
1

int gradient band
(2)

In Eq. (2), Eint is a classical internal energy term which encodes soft
shape constraints with respect to the amount of stretching and bending
of the snake, and Egradient is a classical external energy term encoding

Fig. 4. Left: the average outward flux map applied to our binarized example from previous step. Here, blue shows the boundary of the ROIs, yellow shows the high
values of AOF. Right: the skeletal points obtained from the AOF map overlayed on the input US image.

Fig. 5. a):example of how the DBSCAN clustering algorithm applies to the generated skeletal points. b):The result of spline fitting and outlier removal steps on the US
example. The continuous yellow curve shows the resulting spline fit where outliers are removed, and the pink circle dots show the sampled points on the spline fit we
use to fit a snake in the next step. c):the result of the snake fitting step on the US example. The blue curve shows the result of snake fit on sampled points from the
spline fit.
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the strength of the image intensity gradient in the vicinity of a vertex.
As their precise definitions are in no way unusual, the reader is referred
to Li et al.’s paper [27] and Laporte and Ménard's paper [16] for
mathematical and implementation details, respectively. On the other
hand, the Eband factor that modulates the external (gradient) energy
term is called band energy and is a unique feature of Li et al.'s model
that was designed specifically for application to tongue contour ex-
traction in US images. The band energy factor Eband measures the
contrast between the bright region above the contour and the region
immediately below it:

= ⎧
⎨⎩

<
−

E v I
E v I

v I
( , )

, if contrast( , ) 0
1 contrast( , ), otherwise

,i
i

i
band

penalty

(3)

where Epenalty is a constant penalty factor and v Icontrast( , )i is the local
image contrast at the boundary defined by the snake at vertices vi and

+vi 1.
To understand the role of Eband, we shall consider the bright white

band resulting from the reflection of US at the interface with air above
the tongue surface. The lower edge of this white band is the surface of
the tongue sought for analysis by speech scientists. The classical ex-
ternal energy term Egradient used in many snake formulations is based
purely on the image gradient information. Thus, it is a challenge to
distinguish between the upper and lower edges of the white band. [4]
introduced the band energy factor to guide the snake preferentially
towards the lower edge of the bright white band. In the absence of
image contrast of the correct polarity in the vicinity of the evaluated
vertex, Eband takes on a penalty value whose multiplicative action
strongly discourages attraction to irrelevant high gradient features
(typically US speckle artifacts, or the upper edge of the white band).
The strength of this action increases with the strength of the irrelevant
gradient.

Based on the implementation proposed by Laporte and Ménard
[16], = ∇C I vmax || ( )||v ii . In this work, we set =α 0.8, =β 0.2 and

=penalty 2, as suggested by Laporte and Ménard [16]. The result of
snake fitting step is shown in Fig. 5c.

3. Applications to tongue tracking

In this section, we discuss how to use the automatic tongue detec-
tion method discussed in Section 2 to improve the semi-automatic
tracking framework proposed by Laporte and Ménard [16]. The im-
provements are twofold: (1) automatic tongue detection is used to in-
itialize the tracking framework, thereby making it fully automated, and
(2) it is also used within a periodic re-initialization strategy that im-
proves tracking accuracy and reduces the amount of manual interven-
tion required to correct bad segmentations after processing.

3.1. Semi-automatic tongue tracking framework

To evaluate the usefulness of our automatic segmentation approach,
we apply it to the multi-hypothesis framework of Laporte and Ménard
[16] for tongue tracking. In this approach, firstly, an ASM is built based
on a dataset of segmented tongue contours where each contour is re-
presented by a compact vector of 6 variables containing location, a
scale, and first three principal components of vertices obtained from
principal component analysis (PCA). Secondly, a multivariate Gaussian
state transition model that can predict a variety of possible tongue
states is built for the sampling procedure of the particle filtering algo-
rithm.

Finally to track the tongue contour at each time step, a particle filter
tracking approach is implemented, where each particle is fitted as a
snake to the image by minimizing the simplified snake energy:

= ∑ +=E αE v βE v( ) ( )i
n

i isnake 1 int gradient , once this is done, the likelihood of
each particle is established using: E
′ = ∑ += αE v βE v E v( ) ( ) ( )i

n
i i isnake 1 int gradient band . The likelihood of a

particle is used to select the best solution for the current frame and re-
sample new particles from the current set with replacement. In this
step, likelihood of each particle is set as: = − ′L Eexp( )snake , and at each
step all likelihoods are normalized by the sum of all likelihoods so the
sum of all particle weights is equal to 1. The number of particles is
chosen adaptively at every frame, and allows the cumulative likelihood
of the evaluated particles reach a certain threshold:

= −T E V I7 exp( ( , ))init init where − E V I( , )init init is the energy of the
manually-segmented contour in the initialization frame. The reader is
referred to Laporte and Ménard's original paper [16] for more details.

3.2. Automatically finding candidate initial points within a window of X
frames

The proposed automatic tongue segmentation method is not perfect
and can sometimes produce erroneous results. However, it can be ap-
plied to more than one image in any given US video sequence, thus
increasing the likelihood of obtaining one correct result that can be
used to automatically initialize tracking.

This section describes two quality measures that are predictive of
the reliability of our segmentation results so that a suitable image can
be selected to initialize tracking with high confidence. Let the skeletal
points from the segmentation process be denoted by = …V v v( , , )n1 ,
where the points vi, = …i n1, , are sorted by position from left to right
on the US image. We suggest two assessment criteria, the first one re-
flects the fact that points that represent the tongue should not be from
very disjoint groups of ROIs. This leads to the first reliability measure as
the inverse of total contour length:

∑= ⎛

⎝
⎜

⎞

⎠
⎟

=

−

+
→

−

v vΓ || || .
i

n

i i1
1

1

1

1

(4)

Low Γ1 means that points generated from our approach are more
disjoint from each other (there are gaps in the contour). However, Γ1
would be quite high if only a small segment of the tongue (e.g. the
middle) had been segmented. To address this, we a second score, which
assesses the completeness of the tongue contour. As a correctly seg-
mented tongue contour typically occupies a wider range of positions
along the x axis than an incomplete one, the second score was designed
as the ratio of the coverage length of connected candidate points on the
x-axis to the image width:

∑= ∠ ⎯ →⎯⎯⎯⎯⎯⎯ →

=

−

++d v v x WΓ cos ( , )/ ,
i

n

v v i i2
1

1

1i i 1
(5)

where:

= ⎧
⎨⎩

≤+
→

+
→

+d v v v v|| ||, if || || 2 2
0, otherwise

,v v
i i i i1 1

i i 1
(6)

W is the image width and →x represent the x-axis. In the second
measure, consecutive skeletal points are considered to be connected if
they have a distance less than 2 2 pixels. The final score is computed
based on the combination of these two scores:

=Γ Γ Γ ,η η
1 2

1 2 (7)

where η1 and η2 are chosen empirically.
Within a window of X frames from the starting frame, we choose the

frame with the highest segmentation reliability score Γ as the initial
frame and the candidate points extracted automatically from that frame
as a replacement to manually segmented points used by the semi-au-
tomatic tongue tracking framework described in section 3.1. In our
experiments we set =X 10.

3.3. Re-initialization

Any tongue contour tracker may temporarily or permanently lose
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the trajectory and fail due to a variety of reasons. Inspired by Xu et al.
[17], we added a module to our framework that is able to automatically
re-initialize tracking from time to time.

The criteria used to do these resets look for two types of situations.
One is when the similarity between the current frame and last chosen
initial frame is low. For this, we used Structural Similarity index mea-
sure (SSIM) which measures the similarity between two images [18].
The second criterion is to do the automatic reset when the number of
particles from the semi-automatic tracker ([16]) gets bigger than a
particular threshold. The number of particles, on the other hand, tells us
about how hard the particle filter is working, and how uncertain it is
about its own conclusions. In our experiments, we set the thresholds for
these two criteria as the following: =t1 0.9 and =t2 400, where the first
threshold is applied on SSIM and the second threshold is used on the
number of particles. These numbers were empirically chosen to mini-
mize segmentation errors (MSD) in two validation US video sequences.
Every time that either of these criteria is met, the semi-automatic
module is paused and the automatic tongue segmentation is performed
anew according to the procedure described in Section 3.2.

4. Experiments

4.1. Data acquisition

The main set of data used in this work is the same US video se-
quences that were presented in Ref. [16]. In this setup, the machine
used for recording is a Sonosite 180 plus US scanner with a micro-
convex 8-5MHz bandwidth transducer set at a 84° field of view. For this
application, gain, TGC and depth were chosen for best tongue visibility
in each data set. The resulting imaging depths ranged from 7.4 cm to
15 cm. After recording, the US video sequences were manually seg-
mented by a trained operator using the interface provided by the Au-
totrace software [10]. In our experiments, we used the 16 free speech
US video segments described by Laporte and Ménard [16] containing a
total of 23776 frames, where 2 of these US video segments containing
2121 frames were used for fine-tuning of our system parameters leaving
the other 14 video sequences for testing. Each segment was between
20 s and 84 s long. The subjects were 12 adolescent speakers of Cana-
dian French aged from 10 to 14 years old. Out of these 12 subjects, 7
suffered from Steinert's disease (denoted SX or SX_Y where X represent
the video segment number) and 5 were healthy subjects (denoted CX -
or Control group). Subjects were given time to talk freely about their
favorite movies or their personal experience at school. These data were
acquired with approval by the Research Ethics Boards of Université du
Québec à Montréal and Sainte-Justine University Hospital Research
Centre.

The manual segmentations were used as ground truth to validate
our segmentation approach. To ensure the quality of this gold standard,
the intra-rater and inter-rater variability of the manual segmentation
process were evaluated using additional manual segmentations on a
small subset of the original video data, specifically a 154 frame (5 s)
continuous speech segment from subject C6. To measure intra-rater
variability, the primary rater segmented this small subset over two
months after completing the segmentation of the entire video data set.
A second rater, also an experienced operator with expert knowledge of
tongue US images, also segmented the 154 frame subset of the data,
providing the means to measure inter-rater variability. Intra-rater and
inter-rater variabilities were assessed using the mean-sum-of-distances
measure (see Section 4.2) and respectively evaluated to 0.86mm ±
0.23mm and 1.05mm ± 0.39mm.

4.2. Segmentation error measures

To evaluate the accuracy of segmentation and tracking algorithms
studied in this paper, we used three error measures. One is the mean
sum of distances (MSD) proposed by Li et al. [4], and the other two are

shape-based measures.
The MSD is a measure that quantifies the distance between two

contours. Let = …U u u u{ , , , }n1 2 and = …V v v v{ , , , }n1 2 be two sets of
tongue contour points, then, the MSD is defined as the normalized sum
of distances from each contour point ui to its closest counterpart vj and
vice-versa:

=
∑ − + ∑ −= =

MSD U V
v u u v

n
( , )

min|| || min|| ||

2
.

j
n

i
j i i

n

j
i j1 1
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The other error measures we take into consideration are related to
the curvature and asymmetry of the segmented tongue contour, and
inspired by the definitions of Ménard et al. [28]. These capture lin-
guistically relevant shape features. Let us consider a triangle defined by
three vertices A, B, and C lying on the tongue contour. Points A and B
are the points of intersection of pre-defined polar grid lines of the US
image with the contour that are closest to the traced tongue root and
tip, and point C is the point of the tongue contour that is farthest away
from the line joining A and B. By projecting point C on line that joins A
to B we get D. We apply a similar procedure except that instead of using
a pre-defined polar grid we consider the mask computed in Section 2.1.
Points A and B are the leftmost and rightmost points of the computed
tongue contour if they are located inside the mask. Otherwise, they are
defined as the intersection of tongue contours with the mask on either
side point C is the point of the tongue contour that is farthest away from
the line jointed A and B, and point D is its projection on the mentioned
line (see Fig. 6).

Now the shape measures are defined for curvature and asymmetry
respectively:

= =κ CD
AB

γ AD
DB

|| ||
|| ||

, || ||
|| ||

.
(9)

To compute how similar the obtained curvature/asymmetry for
each of the methods are to the ground truth data, we considered the
following score as a curvature/asymmetry similarity measures:

= −
−

= −
−κ κ

κ

γ γ

γ
acc 1

| |
, acc 1

| |
,κ γ

met gt

gt

met gt

gt (10)

where κmet is the score of a contour computed by a specific method, and
κgt is the curvature score computed for the ground truth data.

4.3. Comparing the proposed segmentation method to semi- and fully-
automated tracking approaches

In this section, we evaluate our proposed segmentation method
(labeled “skel”) that works frame-by-frame and then compare it to two
tracking approaches. One is our fully automated approach (labeled
“auto”) detailed in section 3.2, and the other is the semi-automated

Fig. 6. Assuming the dashed red line is representing the computed tongue
contour, this figure shows how our approach computes the three points A, B, C
and D. The purple star shows the intersection of tongue contours with the mask
on either side.
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method (labeled “semi”) of [16], manually initialized at the same frame
as the fully automated method. Since there is a random component in
the particle filtering module in the tracking approaches, for both fully
and semi-automated approaches, we repeated the same process 10
times and averaged error measures over the repetitions in the re-
mainder of this section. Fig. 7 compares the MSD across these three
methods for our 16 different video sequences. Skeletal points extracted
frame by frame and not tracked from one frame to the next have the
highest MSD values compared to the other two approaches (skel:

±2.84 1.58, semi: ±1.05 0.63, auto: ±1.01 0.57, averaged over all video
sequences). The frame by frame segmentation method does not perform
as well as the other two tracking algorithms, simply due to the fact it is
neither using any trained information nor tracking data (temporal in-
formation) and therefore is not highly regularized. We examine some of
the failure cases of frame-by-frame segmentation in comparison with
the other two approaches in section 4.4. Note that the same segmen-
tation method, when used to automatically initialize tracking from a
carefully selected frame, yields MSD scores quite similar to the semi-
automatic approach where the initial points are captured manually, and
on the same order of magnitude as the inter-rater manual segmentation
variability. This means that our approach can be used to automatically
initialize the tracker without loss of accuracy.

We also note that the accuracy of the frame-by-frame segmentation
method appears to be generally poorer and more variable in video se-
quences from speakers with Steinert's disease than in speakers from the
control group. This is likely because image quality tends to be worse for
the impaired speakers, for whom tuning the acquisition setup is more
difficult due to their physical limitations, and whose motor control
difficulties sometimes lead them to produce more lateral tongue motion
(impairing its visibility in the image) than speakers in the control
group. Interestingly, even though the frame-by-frame segmentation
produced by our method is less accurate in these speakers, careful se-
lection of a frame to use for initialization of the tracker, as proposed in
Section 3.2, generally yields accurate results (see Section 4.5 for a de-
tailed analysis), prior to the tracking algorithm taking over the seg-
mentation task, leading to overall tracking-based segmentation accu-
racy and precision comparable to that measured in the control group.

Measuring the extent to which the proposed algorithm would pre-
serve linguistically relevant shape features is important, as one of the

ultimate goals of this research work is to detect tongue contours for
shape analysis purposes. Considering this point, in addition to MSD, we
measured tongue curvature and asymmetry similarity scores (see
Fig. 8). This figure shows the accuracy measures that are based on
shape similarities between each of these methods and the results show
that the two tracking methods (fully automated, and semi-automated)
have higher shape similarity scores (closer to one) than the automated
segmentation method (skeletonization) used frame by frame. The fully
automated approach performs similarly to the semi-automated ap-
proach where initial points are selected manually. Furthermore, the
results show the same trend as the MSD results in terms of the differ-
ences in the performance of the frame-by-frame segmentation method
between impaired and control speakers. Again, these differences es-
sentially vanish when the method is used to initialize the tracker from
an automatically selected frame.

4.4. Sample results and challenges

This section demonstrates some tracking results including different
examples of successes and failures for the various methods tested in this
paper, where they are all computed to ground truth data. The examples
provided here give a more qualitative idea of how well the approaches
are working, and what are some of the difficulties in the segmentation
and tracking tasks. We start with cases where all approaches are finding
accurate tongue contours. Fig. 9 shows that the three approaches
achieve very similar results to ground truth data for many US frames.
These examples could be called easier to detect/track as all three al-
gorithms were able to find proper sets of points that were close to the
ground truth data.

Fig. 10 show cases where automatic segmentation fails. This is not
catastrophic since the goal is not to segment each frame individually
without prior information. Rather, it is to find suitable set of initial
points to initialize or re-initialize the tracker, which, as we will see in
Section 4.5, was successfully accomplished using the proposed seg-
mentation reliability measures. Therefore, in many images, the actual
tracked points would differ considerably from the automated segmen-
tation result obtained without tracking information.

Besides failure cases that could happen in the skeletonization phase,
the semi-automatic and fully-automatic tracking approaches can also

Fig. 7. This figure compares the MSD values of
tongue contour points computed from three ap-
proaches: our automatic segmentation approach
before snake fitting (skel), our fully automatic
tracking approach (auto), and the semi-auto-
matic approach of [16] (semi), where all three
are compared with ground truth manually seg-
mented contour points. Since, the particle filter
algorithm has a random component, and it does
not always give the same result, for the two
tracking approaches (auto, semi), we repeat the
experiment 10 times and we are presenting the
averaged result. In this figure, the central mark
indicates the median, and the bottom and top
edges of the box indicate the 25th and 75th per-
centiles, respectively. The whiskers extend to the
most extreme data points not considered out-
liers, and the outliers are plotted individually
using the ‘o’ symbol.
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fail due to a number of reasons. There are frames where the tracking
gets lost and cannot recover a proper set of candidate points. Low signal
to noise ratio in many frames could make the tracking task hard and not
optimally solved. Moreover, the length of snakes can grow beyond the
actual tongue in US images. Altogether, there are many cases where
either of the semi- and/or fully automatic approaches can fail (see
Figs. 11 and 12).

Section 4.7 includes examples illustrating how our re-initialization

strategy would resolve some of these cases.

4.5. Analyzing reliability scores

To validate the reliability measures introduced in Section 3.2, we
examine their relationship to the MSD between the automatically seg-
mented skeletal points and the manually segmented ground truth
tongue contours. A contour is assumed to be segmented well if the

Fig. 8. This figure shows box plots of curvature (top) and asymmetry (bottom) similarity between contours extracted using each of the three methods of Fig. 7 and the
ground truth data. Error bars represent one standard deviation above and below the average.

Fig. 9. Sample contour points obtained from different approaches where the computed points are similar to ground truth data.
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skeletal points generated by the automated segmentation system are
close enough to the ground truth data and vice versa. Here, we consider
the following goodness measure:

=g V V
MSD V V

( , ) 1
( , )

,i i
i i

sk gt
sk gt (11)

where Vi
sk and Vi

gt represent the tongue contour points obtained by the
automated segmentation method and the manually segmented ground
truth data in frame i respectively. To obtain results that reflect the re-
lative difficulty of segmenting one frame over another within a given
video sequence using the proposed segmentation method, we normalize
g by its maximum value over all contours of all US frames in our ex-
periments, yielding scores between 0 and 1:

=f V V
g V V

g V V
( , )

( , )
max ( , )

.i i
i i

i
i i

sk gt
sk gt

sk gt
(12)

We examine the relationship of f V V( , )i i
sk gt to the combination of

the two reliability scores (Γ Γλ λ
1 2

1 2), to determine whether they share a
similar trend.

The 16 videos used in our experiments contain a total of 23776
frames. We segmented all these frames using the automated segmen-
tation module and then compared the resulting contours to the ground
truth (manual segmentation) using the MSD measure. We then sorted
all these frames in ascending order based on their f score (Equation
(12)). Fig. 13a shows these scores sorted in ascending order as a dashed
red line. As 23776 frames are sorted based on their f score, the Γ1 and Γ2
scores for each of the associated automatically segmented contours are
computed presented as a point cloud in Fig. 13a and 13b. Logarithmic
scales are used for improved visualization. Though reliability scores are
fairly broadly distributed in Fig. 13a and b, both of these plots show a
similar trend to the inverse MSD. Fig. 13c shows the result of combining
the Γ1 and Γ2 scores according to Equation (7) in relation to sorted f
scores. Fig. 13d shows the boxplot of the ratio of the Γ score to the
normalized inverse MSD (f score) along each video separately. This
ratio is clearly quite close to 1 in all cases, indicating that there is a

Fig. 10. Example cases where skeletal points fail in segmentation but the fully automatic approach generates points close to ground truth manually segmented points.

Fig. 11. Example cases where the fully-automatic approach fails in tracking.

Fig. 12. Example cases where the semi-automatic approach fails in tracking.
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strong relationship between the Γ score and the inverse MSD. This
suggests that the proposed Γ score which is the combination of both
scores Γ1 and Γ2, can safely be used as a reliability measure to select a
candidate set of points for tracker initialization. This is confirmed by
the results already presented in section 4.3, which showed little dif-
ference in error between the fully automated and semi-automated
tracking methods.

4.6. Robustness to changes in acquisition setup

To validate the reliability of our proposed methodology when per-
forming with different US acquisition conditions, we used an additional
data set in our experiments, which is publicly available as a companion
to the TongueTrack software [15,29]. The setup used for this data set is
a General Electric Logiq Alpha 100MP US scanner with a model E72
6.5MHz transducer that uses a 114° microconvex array. There were two
video sequences available with manual segmentations, one with 545
frames and one with 436 frames, where the video camera capture rate is
30 frames per second. The parameters of our proposed segmentation
method were kept to the same values as in all our other experiments
and were in no way fine-tuned for the new data set. MSD results are
shown for semi-automatic tracking, fully automatic tracking and frame-
by-frame segmentation are shown in Fig. 14. While the MSD achieved
by the frame by frame method on this additional data set is slightly
larger than for the main data sets presented in this paper, it remains on
the same order of magnitude. More importantly, the fully automatic
tracking method, which uses this type of frame-by-frame analysis only
for one carefully and automatically selected image, yields results of

very similar quality as in the previously demonstrated data sets, while
also performing quite closely to the semi-automatic tracking method.
This demonstrates the robustness of the proposed approach (including
the choice of adjustable parameters) with respect to imaging condi-
tions.

Fig. 13. Analysis of the Γ score introduced in section 3.2 (see the text for more information).

Fig. 14. This figure compares the MSD values of tongue contour points com-
puted from three approaches: our automatic segmentation approach before
snake fitting (skel), our fully automatic tracking approach (auto), and the semi-
automatic approach of [16] (semi) for the TongueTrack demonstration data set.
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4.7. Re-initialization

This section, discusses experiments done using the tracker re-in-
itialization approach described in section 3.3. Our system was fine-
tuned empirically to suggest cases where the system should reset itself,
and we compared the goodness of tracked contour points for three
approaches: 1) the semi-automatic approach of Laporte and Ménard
[16], 2) the fully automatic approach proposed in this paper and 3) the
fully automatic approach proposed in this paper with an added re-in-
itialization module. Putting the three approaches in the experimental
setup as before, and comparing results we see that the re-initialization
approach decreases the MSD compared to both the approaches without
re-initialization. Table 1 shows the performance boost that re-in-
itialization process brings to the tracking. This indicates that the re-
initialization helps keep track of the tongue contours in videos with
large numbers of frames (where there is a chance that the tracking
could get lost).

5. Conclusion and future work

The goal of this work was to design a system that detects and tracks
tongue contour points in US images with no need for manual in-
itialization. This involved the development of a novel algorithm to
automatically detect a tongue contour from an US image and self-
evaluate its reliability. In addition to detection of the tongue contour
from US images, the system proposed in this paper can turn any semi-
automatic tracking approach into a fully automatic one by selecting a
suitable set of initialization contour points that are segmented auto-
matically. The contributions of this paper can be summarized as fol-
lows:

1. The automatic tongue segmentation approach is original compared
to existing ones because it is not based on prior information on the
shape of the tongue surface nor does it need manual initialization or
refinements. Although the segmentation method is used in the ap-
plication of tongue contour detection/tracking, one could possibly
utilize the same mechanism in other application domains (i.e. other
organs). Our experiments show that the segmentation system works
well when used in combination with an existing semi-automated
tracking approach and results show either a similar or better per-
formance when we apply the automatic initialization procedure.

2. The proposed tongue segmentation reliability scores are novel and
help extend the segmentation approach to be utilized within any
semi-automatic tongue tracking method, thereby making it a fully-
automatic tracking method. Being able to automatically evaluate the
segmented tongue contours enables the resulting system to select a
candidate set of initial points that are extracted completely auto-
matically and can be used in place of manual initialization.

3. This proposed system offers a variety of benefits over the state-of-
the-art. Its accuracy, when used to automatically initialize Ménard
and Laporte's semi-automatic tracking method [16], is indis-
tinguishable from that of the original semi-automatic approach,
which was in turn shown to be more accurate than Edgetrak [27],
TongueTrack [15] and Autotrace [10]. Moreover, using auto-
matically generated contour points for initialization has never been
reported in previous work. Foregoing manual initialization in this
fashion represents an important step towards facilitating analysis of

the large US data sets acquired for articulatory studies, as tongue
contour extraction over large numbers of videos can be computed as
part of a batch-processing script. Previously, this could only be
achieved using learning-based methods such as Autotrace [10], at
the expense of requiring copious amounts of correctly segmented
training data. We also improved the entire system by adding a reset
module so whenever certain criteria are met the system re-initializes
based on the tracker-independent automatic tongue detection
method to improve the final result of tracking (see Section 3.3).
While such a re-initialization approach has been proposed before by
Xu et al. [17], its application was previously limited to searching for
images that were similar to the one used for manual initialization as
there was no other reliable tongue contour available. Automatic
segmentation, as proposed here, has allowed us to include a new re-
initialization criterion based on the uncertainty of the tracker. The
resulting system yields even lower MSD error than Laporte and
Ménard's method. While the strict significance of this result is lim-
ited by the intra-rater and inter-rater variability of the manual
segmentations used as ground truth, the system on the whole re-
presents a significant gain of time, repeatability and objectivity for
speech scientists who must segment large amounts of tongue US
images on a regular basis.

There are many directions that could be explored to improve the
proposed method. The methodology described in this work utilized 2D
US images of the tongue muscle, and this could conceivably be ex-
tended to work in 3D US images. The masking, phase symmetry fil-
tering, binarization and skeletonization steps are all transferable to 3D.
While the slow volume rates and limited spatial resolution currently
available for 3D US scanning may to some extent limit this prospect, the
additional information afforded by 3D images (e.g. information re-
garding structure connectivity between adjacent para-sagittal slices)
may also help constrain the solution space and reduce spurious struc-
ture detections and improve accuracy.

The final outcome of such a system would be a set of tongue surface
points. Extend the system proposed in this paper and use it in other
similar applications involving segmentation and tracking in US images.
This could be extended to many medical applications of US imaging,
including echocardiography.
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