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Abstract
Assessing vocal fold (VF) vibrations is important for the diagnosis of several diseases, and is made possible through the 
analysis of videoendoscopy recordings. However, the visual analysis of these recordings is hard due to the high acquisition 
rate. For this reason, it is commonly used to extract the laryngeal activity information from the recordings and represent it 
in a way suitable to be visually analyzed. Waveforms, images and playbacks are examples of representations reported in the 
literature. The main limitation of some of them is the lack of precisely locating the pathology within the VFs. Whereas others 
require the segmentation of the glottis in all the images of the video which is a complex and hard task given the high amount 
of images in the video and the necessity for the user intervention. To overcome these problems, the present study proposes a 
new waveform that maps the local vibrations of the VFs without the need for segmenting all the images of the video. Instead, 
the segmentation is restricted to only one image per vibratory cycle. Then, a new optical flow based technique is proposed to 
deduce the cycle-to-cycle dynamics of the VFs. The ability of the proposed approach to provide a reliable visual assessment 
is experimentally evaluated using different types of phonation and different vocal pathologies.

Keywords  Vocal fold vibrations · Waveform · Optical flow · Pathology · Cycle-to-cycle analysis

Introduction

Assessing the vocal fold (VF) vibrations is important for the 
diagnosis of several diseases such as neurologic diseases 
(the Parkinson [1], the multiple sclerosis [2]) and vocal dis-
eases (laryngeal paralysis, nodules, polyps [3]). In healthy 
phonation, the vibrations are a periodic closing and opening 
of the right and left VFs characterized by their phase and 
amplitude symmetry with respect to the glottal axis (Fig. 1). 
In the same way, vibratory aperiodicity and/or asymmetries 
can reveal a pathology. The acquisition of the true intra-
cycle vibratory behavior during phonation is made possible 
through the high speed videoendoscopy (HSV) recordings 

[4] allowing to capture the VF vibrations at a rate of 4000 
images per second and above. However, due to the high 
acquisition rate, it is hard to visually analyze the laryngeal 
activity from the HSV recordings. For this reason, it is com-
monly used to map the spatial-temporal content of the HSV 
into a compact representation appropriate for a visual analy-
sis by clinicians [5].

Several 1D and 2D representations are proposed in the 
literature and can be classified into global and local ones. 
The global representations map the VF dynamics along the 
whole glottal length and provide a general analysis of the 
glottal behavior during vibratory cycles. For instance, given 
that the VF opening/closing is related to the temporal vari-
ation of the glottal area, one solution is to consider the glot-
tal area waveform (GAW) that reflects the opening and the 
closing statuses of the glottis [6]. Although this waveform 
allows to deduce some important quantification measures as 
the fundamental frequency of the vibrations, the opening/
closing times and the opening/closing speed, it is not pos-
sible to separately characterize the movements of the two 
VFs and precisely locate a possible pathology occurring in 
one or both of them. Two-dimensional representations are 
also proposed in the literature [7, 8]. The idea is to calculate 

Electronic supplementary material  The online version of this 
article (https​://doi.org/10.1007/s1324​6-018-0717-9) contains 
supplementary material, which is available to authorized users.

 *	 Heyfa Ammar 
	 hammar@kau.edu.sa; heyfa.amar@gmail.com

1	 King Abdulaziz University, Jeddah, 
Kingdom of Saudi Arabia

2	 University of Tunis El Manar, Tunis, Tunisia

http://orcid.org/0000-0002-2444-6635
http://crossmark.crossref.org/dialog/?doi=10.1007/s13246-018-0717-9&domain=pdf
https://doi.org/10.1007/s13246-018-0717-9


92	 Australasian Physical & Engineering Sciences in Medicine (2019) 42:91–109

1 3

the distances between the glottal axis and some equidistant 
points located on the glottal edges within each image of the 
HSV. Then, these distances computed at different instants 
are mapped into an image named phonovibrogram (PVG), 
where the x-axis and the y-axis represent respectively the 
temporal dimension and the point position on the glottal 
edge [7]. The intensity of each point in the PVG reflects 
its distance relatively to the glottal axis. Despite the well 
characterization of the vibrations by the geometric shape 
of the PVG which facilitates the visual assessment of the 
periodicity and the symmetry properties, this approach is 
sensitive to the accuracy of the glottal axis computation. To 
alleviate this problem, a representation called glottovibro-
gram (GVG) is proposed in [8] and replaces the computation 
of the distances between the main glottal axis and the points 
on the glottal edges in the right/left sides, by the computa-
tion of the distances between these points. A main limitation 
of the aforementioned techniques is that they require the 
segmentation of all the processed images in the HSV. This 
is a complex task and requires the user intervention.

More focused analysis of the laryngeal dynamics is pos-
sible by the means of local representations. For instance, the 
digital kymography (DKG) locally represents the vibrations 
viewed on a given line perpendicular to the glottal main 
axis during multiple vibratory cycles [9, 10]. The vertical 
axis of the digital kymogram indicates the positions of the 
pixels on the selected line, while the horizontal axis corre-
sponds to the temporal dimension. The value of each point in 
DKG is its intensity in the image. This representation makes 
possible the visualization of the pixel trajectories along the 
vibratory cycles. Although the DKG has the advantage of 
providing easy ways to assess the VF vibrations [5, 11], it 
is sensitive to the endoscope movement. To overcome the 
problems arising from the segmentation procedure, modified 
versions of the aforementioned representations are recently 
proposed in [12]. The VF displacements are represented by 

the means of the motion vectors estimated using an optical 
flow (OF) technique, within a rectangular window that con-
tains the glottal region. In this context, the GVG technique 
is modified giving rise to a new one called optical-flow GVG 
(OFGVG) deduced by averaging the motion vectors in each 
row of the window. In the same way, a modified version of 
DKG called optical flow kymogram (OFKG) represents the 
horizontal components of the motion vectors and their direc-
tions along a given line perpendicular to the glottal axis. 
Although these OF based playbacks have the advantage of 
not requiring a segmentation step, they appear blurred due 
to the effect of the mucosal wave as mentioned in [12]. They 
are also sensitive to the position of the glottal region within 
the selected window. In fact, the VF movements together 
with the movements of the neighboring tissues are involved 
in the OF based playbacks although these tissues could have 
different motion amplitudes and orientations [13, 14], which 
may compromise the analysis. In addition, the behavior of 
these modified representations in pathological phonation are 
not explored [12]. To alleviate the aforementioned limita-
tions, our rationale is to locate some points of interest on 
the glottal edges and perform a cycle-to-cycle tracking of 
them based on their motions. This allows a local and precise 
examination of the vibratory behavior of the VFs without 
involving the movements of the neighboring areas. There-
fore, a localization of the glottal boundaries is first required 
through a segmentation approach. To alleviate the complex-
ity of the segmentation task, we propose the segmentation 
of one image per vibratory cycle rather than segmenting all 
the images. Then, a technique that appropriately traces the 
movements of the VFs along the HSV sequence is neces-
sary in order to represent their oscillatory behavior. This 
step gives rise to a new waveform that facilitates the clinical 
assessment of the vibrations. Its advantage is threefold. First, 
the proposed representation is one-dimensional. Second, it 
highly reduces the amount of data to be segmented. Third, it 
can precisely locate a possible anomaly within the VF. Two 
contributions are proposed in this study:

1.	 A cycle detection technique is proposed. It allows the 
automatic identification of the vibratory cycles within 
the HSV recording.

2.	 A new waveform reflecting the local oscillatory behavior 
of the VFs at each point, is proposed. The waveform 
allows the analysis of the VF dynamics at a preselected 
level of the glottis, based on the OF estimation and 
without requiring the segmentation of all the images. 
Moreover, it is robust to the glottal axis shift and to the 
endoscope movement.

Both healthy and pathological phonation are explored. The 
localization of a possible pathology can be identified: in 

Fig. 1   Illustration of a maximum opening of the glottis
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the right or in the left VF, and in which level from the 
posterior to the anterior commissures.

The remainder of this paper is organized as follows. 
First, the databases used in all the experiments of the pre-
sent study are described in “Introduction”. Second, the pro-
posed approach is detailed in “Methods”. Third, “Results” 
describes the evaluation results obtained in comparison to 
similar techniques in one hand, and the use of other modali-
ties as the EGG signals on the other hand. Finally, the dis-
cussion is presented in “Discussion” and some conclusions 
are drawn in “Conclusion and future work”.

Databases

Two databases of HSV recordings are used in the present 
work and correspond respectively to healthy and patho-
logical VFs. The first database is provided by E. Bianco 
and G. Degottex-IRCAM [15, 16] and contains about 48 
videos along with the corresponding EGG and audio sig-
nals. A HSV camera ENDOCAM 5562 is used which allows 
the acquisition of 4000 color images per second at a spa-
tial resolution of 256 × 256 pixels. Healthy speakers and 
mostly singers were recorded in a duration of about 2 s. The 
available EGG signals and acoustic waveforms are exploited 
in this work in order to evaluate the proposed partitioning 
technique of the HSV into cycles. The EGG signals were 
acquired using an EGG Portable Electroglottograph type EG 
90 (from F. J. Electronics) and were sampled in a perfect 
synchronization with the acoustic waveforms at a frequency 
of 44150 Hz using the Wolf’s software [15]. The EGG sig-
nals and the videos were synchronized with an uncertainty 
of at most three images. The HSV sequences include various 
laryngeal mechanisms [16]. Mechanism 1 known as modal 

voice or chest voice, Mechanism 2 known as falsetto voice 
and Mechanism 0 known as vocal fry or creaky voice. In 
Mechanism 1, the fundamental frequency is about 120 Hz 
for a male and 180 Hz for a female. It can reach the dou-
ble in Mechanism 2 which is used by children and often 
by females. The Mechanism 0 is frequent in speech and is 
especially used at the end of English sentences. It is charac-
terized by irregular movements of the VFs [16].

The second database contains videos of pathological 
phonation, used in order to evaluate the capability of the 
proposed technique in diagnosing unhealthy voices. It is 
publicly available online1 and contains HSVs of several 
disorders as laryngeal paralysis, cancer, polyps and more.

Methods

The main goal of the present study is to deduce a 1D map-
ping of the HSV recordings that facilitates the visual inter-
pretation of the vibrations without requiring the segmen-
tation of all the images. The proposed approach is mainly 
composed of five modules as shown in the block diagram 
of Fig. 2:

1.	 Detection of the region of interest (ROI): after convert-
ing the colored images of the HSV to gray-level ones, 
the processing is restricted to a ROI that includes the 
glottal area. This step allows to obtain reliable results 
while reducing the computations.

Fig. 2   Block diagram of the 
proposed approach. R/L refers 
to right/left ROI detection Cycle partitioning

{I(k)}k {ROI(k)}k {I(k
′)

c }c=1,...,C

{Irefc }c
Glottis segmentation

in the reference images

Motion estimation{I(k
′)

c }c=1,...,C

{uc}c

{M ref
c }

R/L waveforms

Generation of waveforms

at a level L

1  At www.entus​a.com.

http://www.entusa.com
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2.	 HSV partitioning into cycles: the HSV sequence is par-
titioned into vibratory cycles to allow the cycle-to-cycle 
analysis of the VF dynamics.

3.	 OF estimation: a new approach is proposed aiming to 
account for the oscillatory behavior of the VF during 
the OF estimation process.

4.	 Glottal segmentation: the local interpretation of the VF 
movements requires the segmentation of the glottis in 
order to determine the points of interest located on the 
VF edges at a level  from the posterior commissure to 
the anterior commissure.

5.	 Waveform generation: the trajectories of the points of 
interest located respectively on the right (R) and left (L) 
VFs are traced giving rise to R/L waveforms.

ROI detection

We believe that the best images suitable to give a precise 
localization of the ROI are those containing the maximal 
opening of the VFs. Such images are characterized by a 
local minimum value of the sum of their pixel intensities 
as the glottis is the darkest region in the image. Once the 
images corresponding to the minima are selected, the ROI 
is automatically determined in each of them following the 
technique proposed in [8]. First, for each image of maximum 
glottal opening, the edges are detected using a Sobel filter. 
Then, small related regions are connected using a morpho-
logical closing. Second, a connected component analysis 
[17] is performed in order to detect the regions of the image. 
The region Rg with the largest area is considered as the one 
that contains the glottis, and the bounding box surrounding 
it is the ROI. As the ROI contains the information needed to 
analyze the VF vibrations, all the processing is performed 
within this region, starting from the cycle partitioning of the 
HSV sequence described below.

HSV partitioning into cycles

Given a set of K successive images I(k), k = 1,… ,K 
obtained by sampling the high speed video into K images, 
the aim is to label each image to a given vibratory cycle c 
giving rise to C subsets {I(k�)

c
}c=1,…,C of images. The key idea 

of the technique we propose is motivated by the relationship 
between the VF movements and the temporal variation of 
the sum of the pixel intensities S(k) defined by:

As the glottis opens, the sum of the pixel intensities 
decreases because of the darkness of the glottis. In the 
same way, the sum of the pixel intensities increases as the 
glottis closes. Figure 3 illustrates the temporal variation of 

(1)S(k) =
∑

(i, j) ∈ROI

I(k)(i, j).

 = {S(k)}k=1,…,K related to a healthy phonation and well 
highlights the periodic aspect of the vibrations. Each period 
corresponds to the duration of a vibratory cycle; it is then 
possible to partition the sequence into cycles by estimating 
the fundamental period T of  using the non linear curve fit 
model defined by [18]:

where s0 is the direct component corresponding to the aver-
age value of  over time, a1 , b1 , a2 and b2 are coefficients.

The maxima of  correspond to the glottal maximal clos-
ings. Each cycle starts by a closed state of the glottis. Then, 
the glottis opens along an opening stage that terminates 
when the image Iref

c
 of maximal opening is reached. The 

image Iref
c

 is designated by reference image of the cycle c. 
Next, a closing phase is performed until reaching the next 
maximum. Each vibratory cycle c ∈ {1,… ,C} is composed 
of a set {I(k�)

c
}k� ∈ {−nc

1
,…,−1, 0, 1,…,nc

2
} of Kc = nc

1
+ nc

2
+ 1 

images, where nc
1
 and nc

2
 are the number of images that 

respectively precede and follow the reference image within 
the cycle c; k′ refers to the signed sequential number of the 
image I(k�)

c
 in the cycle c, relatively to the reference image 

Iref
c

= I(0)
c

 . That is, the image that immediately precedes the 
reference image is denoted by I(−1)

c
 , the one that precedes 

I(−1)
c

 is I(−2)
c

 , and so on. In the same way, the image that 
immediately follows the reference image in the cycle c is 
denoted by I(1)

c
 and so on. A pseudo-code of this step is 

depicted by Algorithm 1.

(2)
 = s

0
+ a

1
sin

(
2�

T
k

)
+ b

1
cos

(
2�

T
k

)

+ a
2
sin

(
4�

T
k

)
+ b

2
cos

(
4�

T
k

)

Fig. 3   Temporal variation of the sum of the pixel intensities related to 
healthy vibrations
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Once the partitioning into cycles is performed, the vibra-
tory behavior of the VFs is analyzed within each cycle based 
on their movements.

Motion estimation of the VF

In order to analyze the vibratory behavior of the VFs, 
the motion field called OF is estimated within the ROI 

according to a particular way that aims to be compliant 
to the specificities of the laryngeal dynamics. More pre-
cisely, in order to highlight the oscillatory behavior of the 
VF movements, the motion field is estimated in the back-
ward or the forward directions depending on the position 
of the considered images relatively to the reference one. 
As detailed in Algorithm 2, the OF estimation between 
I(k

�)
c

 and I(k�+1)
c

 is performed in the forward direction when 

Algorithm 1   Pseudo code for 
HSV partitioning into cycles

Algorithm 2   Pseudo code for 
motion estimation within a 
single cycle c 
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0 < k′ ≤ nc
2
 ; which means that the images under consid-

eration temporally follow the reference image. In the 
same manner, the estimations between I(k�)

c
 and I(k�−1)

c
 , 

∀ − nc
1
≤ k� < 0 are performed in the backward direction. 

The general principles of the OF estimation technique are 
described below. For the sake of simplicity, only the esti-
mation in the forward direction is detailed. The backward 
estimation is easily derived.

Many efforts are invested to estimate the OF since the 
work of Horn and Schunk [19]. The idea is to minimize a 
functional energy involving two basic assumptions: data 
conservation and spatial coherence. The data conserva-
tion means that the objects of the video continue to be 
present in the scene during a certain period of time and 
with the same brightness level. This statement is valid 
in laryngeal HSV as the frame rate is high. The spatial 
coherence implies that the pixels within a certain local 
neighborhood have the same motion characteristics. Tak-
ing into consideration these assumptions, the motion field 
�(k

�, k�+1)
c

 between two images I(k�)
c

 and I(k�+1)
c

 within a region 
 ⊂ ROI is estimated by minimizing a functional energy 
classically defined by:

where u is the horizontal component of the motion vector 
�(k

�, k�+1)
c

 and v is its vertical component; �D and �S are pen-
alty functions related respectively to the data conservation 
and the spatial coherence terms and λ controls the relative 
importance of the two terms. In order to reduce the pos-
sibility that some artifacts be present in the waveform to be 
generated, robust functions [20] are selected to be used as 
penalty functions because of their robustness to the noise 
and to a possible presence of multiple motions within  . A 
possible presence of noise in the images may be due to the 
acquisition conditions of the video recordings.

Commonly, the OF estimation technique is performed 
at different resolution levels. More precisely, at the full 
resolution level j = 0 , the images I(k�)

c
 and I(k�+1)

c
 are spa-

tially filtered and downsampled giving rise to the respec-
tive sub-images I(k

�)j
c  and I(k

�+1)j
c  at the resolution level 

j = 1 . This process is recursively repeated until a pyramid 
of a preselected number J of resolution levels is con-
structed. Then, starting from the coarsest resolution level 
j = J , the motion field �(k

�, k�+1)

j
 is estimated between I(k

�)j
c  

and I(k
�+1)j

c  and projected to the finer resolution level (j − 1) 
of the pyramid after appropriately scaling it. At that finer 
level, one of the two sub-images is warped toward the 
second sub-image with respect to the estimated flow 

(3)

E(u, v) =
∑

(i, j) ∈

(
�D

(
I(k

�)
c

(i, j)
)
− I(k

�+1)
c

(
i + u(i, j), j + v(i, j)

))

+λ
[
�S

(
u(i, j) − u(i+1, j)

)
+ �S

(
u(i, j) − u(i, j+1)

)

+�S
(
v(i, j) − v(i+1, j)

)
+ �S

(
v(i, j) − v(i, j+1)

)]

�
(k�, k�+1)

j
 and according to the technique suggested in [21]. 

This warped image is used to estimate the motion at the 
resolution level (j − 1) . Then, in order to alleviate the 
effect of the presence of possible artifacts like the bright 
spots that appear in the laryngeal recordings due to the 
acquisition conditions, a 5 × 5 median filter is applied to 
the motion field [22], giving rise to d�j−1 . The final motion 
vector at this level (j − 1) is then (�j−1 + d�j−1) . This pro-
cess is repeated until the computation of the flow �(k�, k�+1)

c
 

at the full resolution level j = 0 . It is worth pointing out 
that a one-level pyramidal decomposition ( J = 1 ) is suf-
ficient to estimate the VF movements as the motion mag-
nitudes between two consecutive images are small enough.

As mentioned above, the vibratory behavior of the VFs 
is analyzed at a chosen level  of the glottis. This requires 
the localization of the glottis in the image using a segmen-
tation technique. In order to limit the segmentation errors 
and reduce the user intervention, the segmentation is only 
applied to the reference image of each cycle.

Glottis segmentation in the reference image

The segmentation of the glottis in Iref
c
,∀c ∈ {1,… ,C} is 

performed according to the technique proposed in [8] and 
is based on an active contour model: an initial contour �0 
located within the ROI iteratively deforms to produce a con-
tour that ideally superimposes the boundaries of the glottis 
after a number of iterations. The contour deformation is the 
consequence of the minimization of an energy functional 
until convergence or until reaching a predefined number 
of iterations. Two main steps are necessary and are briefly 
described in what follows: the contour initialization and the 
choice of the energy functional.

As the glottal shape is mostly elliptic when the glottis is 
in its maximum opening, it is convenient to choose an ellipse 
as an initial curve for the active contour model. The center 
of the ellipse corresponds to the center of the region Rg . 
The major and minor axe lengths of the initial contour are 
proportional to the dimensions of Rg , and its orientation is 
the same as the one of Rg . At each iteration t, the curve �(t) 
evolves by taking a position and a topology depending on the 
value of an energy Ec . The energy has to be minimized, and 
is evaluated on all the N points pi of the curve. In the present 
work, the Chan-Vese model is used [23]. It assumes that the 
region to be segmented has a constant intensity. However, as 
the glottal region presents some inhomogeneities, the Chan-
Vese model is applied to small local regions defined by balls 
i respectively centered at the points pi, i = 1,… ,N of the 
curve, and having a radius r [24]. Given two points of spatial 
positions respectively � and � in the domain of the image, 
the ball i is defined by :
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Let min
i

 (resp. mout
i

 ) be the mean value of the intensities of 
the pixels that are in the ball i and inside (resp. outside) 
the curve �(t) (Fig. 4). The energy to be minimized at each 
iteration t is thus defined by:

where λ1 , λ2 and � control the contribution of each term, 
and b (xi, yi) is a binary function that takes 1 if the pixel of 
coordinates (xi, yi) in the ball i is inside the curve �(t) at 
the iteration t, and 0 if it is outside the curve. The model is 
solved using a level set formulation [23] and the algorithm 
runs until 200 iterations are reached. This segmentation step 
gives rise to a binary map Mref

c
 for each cycle c = 1,… ,C , 

where the detected glottal region is identified by pixels of 
value 1. It is worth pointing out that the segmentation is car-
ried out only within the selected ROI. It is also to be noted 
that the image of maximal opening (the reference image in 
the cycle) is chosen to be segmented as the VFs are more 
visible in this image.

(4)i (x, y) =

�
1 if‖� − �‖ < r

0 otherwise

(5)

Ec

(
min

i
, mout

i
, �(t)

)
=

∑

(xi , yi) ∈i

λ1
(
Iref
c
(xi, yi) − min

i

)2
b
(
xi, yi

)

+λ2
(
Iref
c

(
xi, yi

)
− mout

i

)2(
1 − b

(
xi, yi

))

+� length (�(t))

The proposed OF based waveform for oscillatory 
behavior tracing

Given the detected glottis in the reference image of each 
cycle, we aim to analyze the cycle-to-cycle vibrations by 
individually describing the oscillations at some pairs of 
points {(�R

c
, �L

c
)} on the glottal edges, where �R

c
 (resp. �L

c
 ) is 

the spatial position of a point on the right (resp. left) glottal 
edge located at a level  from the posterior commissure to 
the anterior commissure as shown in Fig. 5.

Given the contour of the glottal region in Mref
c

 , the P-com-
missure (resp. A-commissure) is approximately determined 
as the median point in the top (resp. in the bottom) of the 
glottal contour as illustrated in Fig. 6. The segment that 
binds P and A corresponds to the glottal axis. It splits the 
glottal contour into the right and the left edges. It is worth 
pointing out that when the glottis is not vertical or does not 
have a slight deviation from the vertical direction, a rotation 

Fig. 4   Local energy minimization for the active contour model. Local 
regions are defined by balls i (in red) centered at each point pi (in 
yellow) of the curve � (t) (in green). The energy to be minimized is 
related to the mean of the intensities a in the ball and outside the 
curve, in one hand and b in the ball and inside the curve on the other 
hand

Fig. 5   Points of interest �R
c
 and �L

c
 (in red) located at  = 50% from 

the posterior commissure (P) to the anterior commissure (A)

P-Commissure

A-Commissure

Glottal axis

Fig. 6   Illustration of the way to locate the posterior (P) and the ante-
rior (A) commissures
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of the image is necessary. The glottal level of interest  is 
determined by selecting the point oc located at the level  
of the glottal axis. The intersection point between the per-
pendicular to the glottal axis on oc and the right (resp. left) 
contour is �R

c
 (resp. �L

c
 ). In what remains, these points are 

denoted by ��
c
 , where � ∈ {R, L} . The aim is to quantify 

the displacements of ��
c
 between the pairs of successive 

images of the cycle based on the estimated flow field. Start-
ing from the reference image Iref

c
 , the point ��

c
 of coordinates 

(x�(0), y�(0)) in Iref
c

 is tracked along the cycle, in the backward 
and forward directions with respect to the reference image. 
Hence, given the motion vector �(ref, l)

c
(��

c
) , l ∈ {1, −1} of 

��
c
 between the reference image and I(l)

c
 , the spatial position 

�(�, l)
c

= (x(�, l)
c

, y(�, l)
c

) of ��
c
 in I(l)

c
 taking into account the esti-

mated displacement ��
c
(u(�, 0, l)

c
, v(�, 0, l)

c
) is deduced by:

More generally, given the spatial position ( x(�, k
�)

c,
,y(�, k

�)

c,
 ) 

of �(�, k
�)

c,
 in the image I(k�)

c
 at the level  of the glot-

tis, the spatial position (x(�, k
�+l)

c,
,y(�, k

�+l)

c,
) of this point in 

I(k
�+l)

c
, l ∈ {−1, 1} taking into consideration its displacement 

(u(�, k
�, k�+l)

c
, v(�, k

�, k�+l)
c

) between I(k�)
c

 and I(k�+l)
c

 is deduced by:

The displacements from an image to another one with 
respect to the reference image are stacked into the vector 
��

c,
 defined by :

where:

Ideally, for healthy VF, the vector ��

c,
 is symmetric with 

respect to the position of the reference image, reflecting the 
oscillatory behavior of the points ��

c,
 selected on the VF 

edge. A pseudo code detailing the computation of this vector 
is given by Algorithm 3.

The concatenation of all the vectors {��

c,
}c∈ [1,…,C] gives 

rise to a waveform that traces the local oscillatory move-
ments of the VF at the selected level  during the whole 
duration of phonation. Figure 7 shows the right and the left 
waveforms at a level of 50% from the posterior to the ante-
rior commissures corresponding to a glissando phonation 
along 14 cycles (200 images).

(6)
x(�, l)
c

= x(�, 0)
c

+ u(�, 0, l)
c

,

y(�, l)
c

= y(�, 0)
c

+ v(�, 0, l)
c

.

(7)
x
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c,
= x
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+ u(�, k

�, k�+l)
c

,

y
(�, k�+l)

c,
= y

(�, k�)

c,
+ v(�, k

�, k�+l)
c

.

(8)
V�

c,
=

[
d
(�,−nc

1
)

c,
,… , d

(�,−1)

c,
, 0, d

(�, 1)

c,
, d

(�, 2)

c,
,… , d

(�, nc
2
)

c,

]

(9)
d
(�, k�)

c,
=

√(
x
(�, k�)

c,
− x

(�, 0)

c,

)2

+

(
y
(�, k�)

c,
− y

(�, 0)

c,

)2

,

∀k� ∈
[
−nc

1
,… , nc

2

]
.

Visually, the movements of the two VF are well synchro-
nized and have almost the same amplitudes. For the sake of 
clarity, the displacements of the left VF are represented in 
the figure in the negative part of the y-axis. Unlike the tradi-
tional representations, the minima of the proposed OF based 
waveform correspond to the maximal opening of the glot-
tis whereas the maxima in the waveform correspond to the 
maximal closing as illustrated in Fig. 8. This is an immediate 
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Fig. 8   Details of a single cycle within the waveform
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consequence of considering the image of maximal opening 
as a temporal starting point from which the displacements 
of the VF are calculated.

It is worth noting that the proposed method is robust to 
the glottal axis shift and to the endoscope movement. The 
right and left displacements are compared relatively to each 
other without the need of determining the axis position in 
each image: a shift in the position of the glottal region leads 
to the perception of a larger or smaller displacement than in 
reality and impacts similarly both VFs but does not influence 
their relative displacements.

Results

The experimental assessment of the proposed technique is 
performed in three stages aiming to evaluate the proposed 
approach.

First, the partitioning of the HSV sequence into cycles 
is evaluated and compared to manually identified cycles. 
Its reliability is also verified by comparing the estimated 
fundamental period with the one estimated based on the 
analysis of the EGG signals by the method 3/7 [25]. Tests 
are conducted on healthy and pathological phonation and the 
results are shown and discussed in this section.

Second, the reliability of the proposed technique to trace 
the VF trajectories is evaluated on healthy phonation. Given 
the difficulty of creating a ground truth to evaluate the esti-
mation of the OF field within the glottal region [12, 26], the 
assessment is conducted similarly to the one adopted in [12]: 

the obtained VF trajectories are compared to those resulting 
from the segmentation of all the images of the HSV followed 
by the calculation of the displacements of the points through 
the sequence.

Third, the proposed waveform is assessed on healthy 
and pathological phonation using (1) a visual interpreta-
tion of the waveform. (2) A comparison between the pro-
posed waveform and DKG in terms of reliability of their 
interpretation.

Evaluation of the cycle detection

Figure 9 depicts the cycle partitioning associated to excerpts 
taken from four HSV recordings of various non-pathological 
phonation: relaxed, glissando, a sustained sound moving 
from a breathy to a tense phonation, and crescendo. In all 
these excerpts, the temporal variation of the sum of the pixel 
intensities within the ROI well depicts the cyclic behavior 
of the VF vibrations. The evaluation of the proposed cycle 
partitioning technique is performed by comparing the esti-
mated fundamental period of  to the fundamental period 
estimated on the associated EGG signals based on the tech-
nique proposed in [25, 27]. The results depicted in Table 1 
show a high accuracy of the proposed technique.

In the pathological phonation, the cycle partitioning 
appears to be less intuitive, which is in accordance with the 
pathological character of the phonation. Figure 10 shows the 
temporal variation of the pixel intensities related to patho-
logical VFs suffering respectively from paralysis and cancer 
of the larynx, where the periodicity of the obtained signal is 

Algorithm 3   Waveform genera-
tion for one single cycle
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altered. It is to be noted that the EGG signals associated to 
HSV of pathological VF are not available.

Comparisons with segmentation based trajectories

In order to evaluate the reliability of the proposed approach, 
the VF waveforms are compared to the VF trajectories 
obtained through the segmentation of all the images. The 
displacement d(k

�, k�+1)
seg (��

c
) of a point ��

c,
 ( � ∈ {R, L} ) 

between its position ��(k
�)

c,
 in the image I(k�)

c
 and its position 

�
�(k�+1)

c,
 in the image I(k�+1)

c
 is defined by :
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Fig. 9   Temporal variation of the sum of pixel intensities in healthy vocal folds. From top to down and from left to right: relaxed phonation, glis-
sando, sustained sound, crescendo

Table 1   Evaluation of the fundamental period estimates (and hence, 
of the cycle partitioning technique)

EGG (ms) Proposed 
technique 
(ms)

Voice 1 6.5 6.5
Voice 2 1.9 2.1
Voice 3 8.6 8.3
Voice 4 5.5 5.9



101Australasian Physical & Engineering Sciences in Medicine (2019) 42:91–109	

1 3

The tracing of the trajectories in each cycle, based on the 
calculated displacements between each pair of images, is 
performed in backward and forward directions starting from 
the reference image. It is worth noting that the segmentation 
is automatically performed on the reference images accord-
ing to the technique described above, and manually executed 
on the remaining images of the cycles in order to minimize 
the segmentation errors. By this way, we aim to compare 
the proposed waveforms to the full segmentation based 
algorithm when this latter gives as accurate results as pos-
sible. For this purpose, the Pearson’s correlation coefficient 
between the OF based- and the segmentation based-trajec-
tories is calculated for each cycle of a sequence. The cor-
relation results aim to provide an idea about how well both 
trajectories have a similar behavior. Two HSV sequences 
of about ten cycles related to healthy VF are used. The first 
sequence contains about 45 images/cycle, while the sec-
ond one contains about 12 images/cycle. A HSV sequence 
related to a paralysis is also used to evaluate the accuracy 
of the OF based waveforms in presence of disorders. It is 
composed of about four cycles, each cycle contains about 
170 images. The first column of Fig. 11 depicts the cor-
relation coefficients between the OF based waveforms and 
the full segmentation based trajectories of the right VF (the 
curve in red) and those of the left VF (the curve in blue). The 
mean value of the correlation ranges between 0.73 and 0.94 
for the right VF, and between 0.75 and 0.92 for the left VF. 

(10)d(k
�, k�+1)

seg
(x�

c,
) =

‖‖‖�
�(k�+1)

c,
− �

�(k�)

c,

‖‖‖L2 .
Note that the trajectories that provide the highest correlation 
in each sequence are depicted in the second column, while 
those that provide the lowest correlation are depicted in the 
third column. A cycle by cycle examination of the obtained 
values shows a compliance between the proposed technique 
and the fully segmented sequence although some differ-
ences naturally exist between the two types of trajectories. 
In fact, very small vibrations are hardly perceived by the 
segmentation procedure which explains the small variations 
of at most one pixel observed in the OF based waveforms, 
against a null displacement in the segmentation based tra-
jectories. This behavior is illustrated in Fig. 11b, c between 
the images 8 and 40 and in Fig. 11f between the images 6 
and 10. The same holds for the trajectories related to the 
pathological phonation given in Fig. 11h, i of the same fig-
ure. This reduces the correlation between the two trajectories 
even though they globally have the same aspect. Larger dif-
ferences in the pixel displacements between the OF based- 
and the segmentation based- approaches are noticed in some 
situations during the closing stage of the VF, as illustrated 
in Fig. 11. This is due to the difficulty of spatially locating 
in the image the glottal edges during the segmentation step 
when the VF are completely closed (even when the segmen-
tation is carried out manually for the evaluation purposes as 
stated above). This explains rarely obtained low correlations 
as shown in Fig. 11d at the 6th cycle of the right VF vibra-
tions. Figure 11g shows a high correlation in the case of 
pathological VFs suffering from a paralysis of the right cord.
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Visual assessment of the proposed waveform

The interpretation of the proposed waveform is possible 
visually and is evaluated on healthy and pathological VF.

Healthy vocal folds

Tests are conducted using several laryngeal mechanisms 
on healthy VFs in order to evaluate the proposed waveform 
in terms of reliability of the visual assessment. Ideally, the 
waveforms of the left and right VFs should be as superim-
posed as possible ensuring phase and amplitude symmetries. 
In addition, the same pattern should be observed among 
many cycles.

Figures 12, 13, 14 and 15 show the waveforms of the left 
and right VFs at the glottal levels 25% , 50% and 75% from 
the posterior to the anterior commissures related to four dif-
ferent types of phonation. The waveforms of the complete 
videos are given in the Online Resource as a supplementary 
material. Visually, the vibrations are phase-symmetric, a 
slight difference in amplitude and a periodic behavior along 
time are observed which indicate a healthy behavior of the 
phonation. Furthermore, Fig. 16 illustrates the similari-
ties between the proposed waveform and DKG of the VF 
vibrations. In fact, the first column of the figure presents the 
vibrations of a relaxed voice. The DKG representation shows 
periodic and symmetric vibrations; the same interpretation 
holds based on the visualization of the generated waveform. 
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Fig. 12   OF based waveforms of the VF at the a posterior, b mid-glottis, c anterior levels. relaxed voice (1000 images)
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Fig. 13   OF based trajectories of the VF at a 25% , b 50% , c 75% . (Sample USC2008.02.050.ouv.renf.50.frames of the database, 130 cycles, 7200 
images)
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The second column represents the vibrations related to a 
glissando phonation and both DKG and the proposed wave-
form show the same behavior: periodic and symmetric vibra-
tions with a progressive increase in the amplitudes. Fur-
thermore, the waveform allows a direct quantification of the 
vibration amplitudes and allows a better visualization of a 
possible variation of them during phonation. Whereas the 
quantification of the vibrations through DKG requires the 
segmentation of this latter [11].

Pathological vocal folds

Three HSVs related to different VF disorders are used to 
evaluate the efficiency and the reliability of the proposed 
waveform in assisting clinicians in the diagnosis. The first 

video is about a right true vocal cord paralysis where the 
cause of the paralysis is unknown or idiopathic. The video 
is sampled into 940 images corresponding to nine cycles 
according to the proposed cycle detection approach. The 
waveforms of the right and the left VF are depicted in 
Fig. 17 and clearly show dissimilarities between both VF 
dynamics.

The patient of the second video suffers from a cancer 
in the larynx involving the left VF. The waveforms of the 
two VFs depicted in Fig. 18 visually show a dissimilarity 
between them. Moreover, a periodic pattern seems to be 
absent in the waveforms.

The third video is about a left true vocal cord paraly-
sis from injury to the vagus nerve during carotid endar-
terectomy surgery. More similarity is observed in the 
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Fig. 14   OF based waveforms of the VF at a 25% , b 50% , c 75% . (Sample USC2008.02.065.glissendo.65.frames, 200 images)
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Fig. 15   OF based waveforms of the VF at a 25% , b 50% , c 75% . (Sample USC2008.02.004.M1.4.frames, 51cycles, 655 images)
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Fig. 16   Comparison between DKG and the proposed waveform computed on healthy phonation. First column: relaxed phonation. Second col-
umn: glissando phonation
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Fig. 17   OF based waveforms of the VFs at the a posterior, b mid-glottis, c anterior level. paralysis (nine cycles, 940 images)
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trajectories of the two VF compared to the previous two 
videos (Fig. 19), but still the magnitudes of both VF vibra-
tions are noticeably different in addition to the absence of 
a periodic pattern.

Figure 20 illustrates the DKG representations of two 
pathological vibrations as well as the resulting waveforms. 
The pathological behavior is well depicted using both tech-
niques. The first column of Fig. 20 depicts the DKG and the 
waveforms of VF suffering from cancer. The DKG seems 
to be affected by an endoscope movement which makes 
difficult the interpretation of the vibration amplitudes. The 
second column shows the DKG and the waveforms related to 
VF suffering from a paralysis in the right VF. This paralysis 

cannot be perceived through the DKG depicted in the figure; 
whereas by visualizing the waveforms, low magnitudes of 
the right VF with respect to the left VF magnitudes is easily 
noticed.

Discussion

The present study proposes a new waveform that allows a 
visual assessment of the VF vibrations. Two contributions 
are proposed whose efficiency and accuracy are experimen-
tally proved. The first contribution consists of automatically 
identifying the vibratory cycles within the HSV recording. 
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Fig. 18   OF based waveforms of the VF at the a posterior, b mid-glottis, c anterior level. Cancer of the left true vocal cord, five cycles, 552 
images
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Fig. 19   OF based waveforms of the VF at the a posterior, b mid-glottis, c anterior level. Uncompensated vocal fold paralysis (eight cycles, 860 
images)
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To this aim, a new feature corresponding to the sum of pixel 
intensities is proposed. In healthy phonation, the temporal 
variation of this feature highlights the periodic aspect of 
the vibrations. This motivated us to identify the vibratory 
cycles by estimating the fundamental period of the resulting 
time-series using the non linear curve fit model [18]. For 
each HSV recording, the estimated fundamental period is 
compared to the one estimated using the EGG signal related 
to the same phonation, and found to be very close to it as 
shown in Table 1. Moreover, this technique can be exploited 
to suspect a pathological behavior of the VF. For instance, 
in Fig. 10, a visual analysis of the obtained curve points 
out the absence of a periodic pattern. In addition, the esti-
mated fundamental frequency (around 60 Hz) is not within 

the range of the frequencies related to a healthy phonation, 
as explained in “Introduction”.

The second contribution of the present work aims to map 
into a waveform, the VF dynamics at a selected level of the 
glottis. The proposed waveform overcomes some limitations 
of the state-of-the-art techniques. First, while the majority of 
the existing approaches require the segmentation of all the 
images of the HSV recording, the generation of the proposed 
waveform requires the segmentation of only one image per 
vibratory cycle. Moreover, the segmented image is the one 
containing a maximal opening of the glottis, and thus ensures 
a high accuracy of the segmentation result. Second, the pro-
posed waveform is the trajectory of one VF at a given level 
of the glottal area. In order to comply with the oscillatory 
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Fig. 20   Comparison between DKG and the proposed waveform computed on pathological phonation. First column: VF suffering from cancer. 
Second column: VF suffering from paralysis
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behavior of the VF, the OF is estimated within the glottal 
region in the backward and the forward directions with respect 
to the reference image. Moreover, the OF estimation technique 
used in this work is robust to noise and to undesirable pat-
terns, like the common presence of bright spots in the glottal 
region. A comparison between the reported techniques and the 
proposed one is given in Table 2. In order to evaluate the reli-
ability of the proposed scheme, trajectories have been gener-
ated through segmenting all the images of the video. Next, the 
cycle-by-cycle displacements of the selected point of interest 
are computed with respect to the reference image. High cor-
relations are obtained between the resulting trajectories and 
the proposed technique. This confirms the efficiency of the 
proposed waveform where the amount of segmented data is 
remarkably reduced while offering an easy and accurate way 
for a visual analysis of the vibrations. Numerous experiments 
are conducted on HSV recordings of healthy phonation, in 
order to deduce waveforms at three levels of the glottal region. 
The visual assessment of the vibrations using the waveforms 
confirms the periodicity and the symmetry aspects of the 
examined healthy phonation, and hence the high accuracy of 
the waveforms. Moreover, the comparison between the DKGs 
of several HSV recordings and the proposed waveforms shows 
a high similarity of the trajectories, as illustrated by Fig. 16. 
Furthermore, the proposed waveform provides a direct visual 
quantification of the vibrations.

Unhealthy phonation is also explored in the present work. 
The proposed scheme is twofold sensitive to pathological 
vibrations. First, the cycle partitioning technique lets sus-
pect abnormal vibrations of the VF. Second, the pathologi-
cal behavior is confirmed and precisely located on the glottal 
area by the visual analysis of the waveforms. Figure 20 depicts 
the same behavior of the vibrations obtained by DKG and the 
proposed technique.

Conclusion and future work

A new waveform allowing an accurate representation of 
the cycle-to-cycle VF dynamics is proposed in this study. 
Three stages are necessary to generate the proposed wave-
form. First, the HSV recording is partitioned into vibratory 
cycles. Second, the image of maximum opening in each 
cycle is segmented in order to locate the glottis. Third, the 
level of interest is selected and the corresponding points 
on the right and left VF are tracked in a specific way, giv-
ing rise to the waveform. The experiments are conducted 
on healthy and pathological VFs. They show a high reli-
ability of the proposed system in suspecting a pathology 
and precisely locating it. However, one issue should be 
emphasized in the future in order to improve the proposed 
system. Although the amount of segmented data is highly 
reduced while obtaining accurate results, the segmentation 
step remains a complex task especially in the presence 
of suboptimal illumination conditions. A solution aiming 
to locate the glottal edges robustly to these conditions is 
to be investigated with the aim of improving the system 
performances.
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Table 2   Recapitulation of the state-of-the-art representations of the HSV recordings and comparison with the proposed waveform

W waveform, P playback, Identif. identification

Type Cycle identif. Local analysis Robustness to 
axis shift

Robustness to endo-
scope movement

Segmented images Distinction 
healthy/patho. 
VF

GAW [6] W Visual No Yes Yes All Yes [28]
PVG [7] P Visual No No Yes All Yes
GVG [8] P Visual No Yes Yes All Yes
OFGVG [12] P Visual No No No None Not explored
DKG [9] P Visual Yes Yes No All Yes
OFKG [12] P Visual Yes No Yes None Not explored
Proposed W Automatic Yes Yes Yes 1 Image per cycle Yes
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by the owners. All procedures performed in studies involving human 
participants were in accordance with the ethical standards of the insti-
tutional and/or national research committee and with the 1964 Helsinki 
declaration and its later amendments or comparable ethical standards. 
The recordings related to pathological phonation are publicly available 
at www.entus​a.com.
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