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Figure 6.1: Graphic Representation of the different steps followed to segment the
glottal gap: image enhancement, ROI detection, first region merging, correlation
merging and post-processing. In this case, to differentiate from an arbitrary seg-
mentation Iseg(x, t), the final glottal delineation is denoted as SnW (x, t).

6.2.1 Image Enhancement

Firstly, it is necessary to convert the original RGB sequence IR,B,G(x, t) to a grey
scale through a transformation according to the model YIQ (Russ, 2002). After
such conversion, the luminance Y, is used to generate the new video sequence in
the grey scale I(x, t). Then, a similar procedure as the one proposed in (Aghlmandi
and Faez, 2012; Skalski et al., 2008) based on non linear transformation is followed
(eq 6.1).

INLT (x, tk) =


255 ∀xi,y j | I(xi,y j, tk)> L j

255×
(

I(xi,y j, tk)
L j

)ζ

∀xi,y j | I(xi,y j, tk)≤ L j

L j =
1

mβ

m

∑
i=1

I(xi,y j, tk)

(6.1)

where I(xi,y j, tk) denotes the gray intensity in the pixel xi j; L j is the mean of
lighting levels in row j of the image; m is the number of columns in the image; β

is an adjustable factor for increasing or reducing the contrast; and ζ is a coefficient
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that is commonly set to 1.8. The β parameter is crucial to improve the contrast
since wrong values produce results in which it is hard to distinguish between the
glottis and the surrounding tissues or in other cases loss of glottis information. The
decision of which β is the best option to enhance laryngeal images depends on a
trade-off between contrast and information loss.

In order to validate the reliability of the non-linear transformation, several pa-
rameters have to be adjusted and some justifications need to be done. Firstly, it is
necessary to justify the selection of the enhancement method considering subjec-
tive and objective criteria. The quality of the image enhancement techniques is dif-
ficult to assess since evaluating enhancement techniques is still an open problem. In
(Tian and Kamata, 2008) an interesting framework was proposed combining three
measures: Peak-Signal-to-Noise-Ratio (PSNR), Edge Overlapping Ratio (EOR)
and Mean Segment Overlapping Ratio (MSOR), corresponding to three image fea-
tures including intensity, edge, and segment. The PSNR is used to describe the
intensity changes before and after enhancement and can be computed as (eq 6.2):

PSNR = 10log10

(
2552

MSE

)
(6.2)

where MSE is the mean square error between the intensity of the original image
I(xi,y j) and the intensity of the enhanced image INLT (xi,y j) (eq 6.3).

MSE =
1

mn

n

∑
i=1

m

∑
j=1
‖I(xi,y j)− INLT (xi,y j)‖2 (6.3)

EOR measures how close are the edges maps of I(xi,y j) and INLT (xi,y j). The
edges maps are computed using any of the edge detectors found in the literature
with the same setting in both images. The EOR is computed by the following
equation (eq 6.4):

EOR =
|ENLT (x,y)∩E(x,y)|

|E(x,y)|+(|ENLT (x,y)|− |ENLT (x,y)∩E(x,y)|)
(6.4)

where E(x,y) and ENLT (x,y) are the edges maps for the original and enhanced
image, respectively, and | . | denotes in this case the cardinality, in other words, the
number of edge pixels. Lastly, MSOR describes how similar are the segmentation
of I(x, tk) and INLT (x, tk) by comparing the overlapping of the different segments
found. Suppose that after segmenting I(x, tk), by using any segmentation algo-
rithm, it has ma segments A = {a1,a2, · · · ,ama} and INLT (x, tk) has nb segments
B = {b1,b2, . . . ,bnb}. Then, MSOR is computed by equation eq 6.5 as:

MSOR(A,B) =
1
nb

∑
a∈A

max
b∈B

(
|(b∩a)|

|a|+(|b|− |(b∩a)|)

)
(6.5)

The objective measure proposed in (Tian and Kamata, 2008) is applied to 110
images, extracted from the 22 videos (DB1). Then, considering the literature, three
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enhancement methods are compared: anisotropic with FFT (Mendez et al., 2009),
CLAHE (Karakozoglou et al., 2012) and non-linear transformation (Aghlmandi
and Faez, 2012; Skalski et al., 2008). The non-linear transformation is tested with
different values of β with an incremental step of 30 from 100 up to 300. The results
obtained are presented in Figure 6.2 and summarized in Table 6.1. The first graphic
describes the intensity changes before and after enhancement (PSNR); the second
describes the similarity between edges (EOR); and, lastly, MSOR describes the
similarity between regions. For LHSV, well defined edges and well delimited re-
gions (EOR, MSOR) should be prioritized to facilitate the latter segmentation step.
After analyzing the objective results and considering also a subjective evaluation
based on visual inspection of the contrast over 110 images (see some examples in
Figures 5.3 and Figure 6.3), the non-linear transformation with parameter β = 200
is chosen because it keeps a good balance between objective and subjective visual
inspection.

FFT CLAHE β = 140 β = 170 β = 200 β = 230 β = 260

PSNR 15,80 20,57 30.06 24,55 19,66 18,69 18,52

EOR 0,11 0,34 0,59 0,51 0,46 0,32 0,20

MSOR 0,18 0,11 0,11 0,13 0,17 0,14 0,12

Table 6.1: Summary of the results reported in Figure. 6.2 for the different image
enhancement techniques used.

6.2.2 ROI Localization

Since the displacements of the glottis are small between consecutive frames, im-
ages taken at consecutive time instants are strongly correlated among them. Thus
translation movements in a short period of time are almost null. However, due
to the involuntary movements of the camera or the patient, the recordings present
small displacements of the focus that are more significant as the number of eval-
uated frames increases. Considering the aforementioned, establishing a criterion
based on the change of the spatial intensity profile to detect the ROI each NROI

frames is a good choice. The squared area to be tracked is selected adaptively
based on the variations of the image intensity and the inter-frame disparity for an
appropriated set of frames, reducing the effect of the transversal shifts. By taking
advantage of the continuous light source used to record the LHSV, the area with
the largest variability within the image can be identified. This is done by analyzing
the cumulative intensity variation of each frame in the x and y coordinates and, at
the end, the area with the highest variability in time is identified as the glottis.

When delineating the ROI, it is also important to consider the periodic reflec-
tions (highlights) that could appear in the image and that would increase the size
of the ROI. However, the non-linear transformation done in the image enhance-
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Figure 6.2: Comparison of the pre-processing algorithms. The objective evalua-
tions applied to 110 HSDI images extracted from the 22 videos (DB1): (a) PSNR
graph; (b) EOR graph; (c) MSOR graph.
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(a) β = 140

(b) β = 170

(c) β = 200

(d) β = 230

Figure 6.3: Visual representation of the non linear transformation using different
values of β .
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ment step mitigates the influence of flashes as it has already been demonstrated
in previous studies (Aghlmandi and Faez, 2012; Skalski et al., 2008). Figure 6.4
summarizes the complete procedure followed to obtain the ROI and the concepts
of total intensity variation in columns (TIVc), and the total intensity variation in
rows (TIVr) are introduced bellow.

NROI

ROI
NROI

xcl

xcr

ycu

ycd

ROI	Detec)on	

TIVc

TIVr

Figure 6.4: ROI localization. Upper panel: procedure to obtain TIVc; bottom
panel: procedure to compute TIVr and the final ROI.

Total Intensity Variation in Columns (TIVc)

The first intensity variations to be analyzed are those related to the columns of the
laryngeal images. The reason to start the analysis in the columns stands on the fact
that the main axis of the glottal gap is usually located in a quasi-vertical position
(with a slope of more than 30 degrees with respect to the horizontal axis). Hence,
the information arising from the cumulative intensity variation in the horizontal
axis is more significant than in the vertical one. In order to obtain the Total Inten-
sity Variation in Columns (TIVc), it is necessary to define two additional terms:
the intensity variation matrix Sc(x, t) and the average intensity variation vector
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(AIVc). In Sc(x, t), each row represents the intensity variation of the columns for
each frame. The eq 6.6 describes the mathematical procedure to compute Sc(x, t).

Sc(x, t) =

n
∑
j=1

I(xi,y j, tk)

n
∀xi,1≤ xi ≤ m;
∀tk,1≤ tk ≤ NROI;

(6.6)

where I(x,y, t) is the LHSV sequence with its respective x, y and t coordinates,
n and m are the number of rows and columns of each frame respectively. Lastly,
NROI is the number of frames that are used to find the ROI, this value is adjustable
with a value not exceeding the maximum number of frames in the video N.

The average intensity variation AIVc(x) (eq 6.7) is a vector in which each of its
elements represents the horizontal intensity variation for the NROI frames evaluated.
Finally, the total intensity variation in columns TIVc (eq 6.8) is computed through
analysis of the intensity variation of each frame with respect to the average intensity
variation of the NROI frames by means of the Mean Absolute Error (MAE). For the
ROI problem the most interesting points are those reporting the highest error.

AIVc(x) =

NROI

∑
k=1

Sc(xi, tk)

NROI
∀xi,1≤ xi ≤ m; (6.7)

TIVc(x) =

NROI

∑
k=1
|Sc(xi, tk)−AIVc(xi)|

NROI
∀xi,1≤ xi ≤ m; (6.8)

The eq 6.8 represents the region with the largest variability in the NROI frames
under consideration, and its behavior resembles to a Gaussian-like function whose
center coincides with the main axis of the glottal gap (see Figure 6.4). In order
to obtain the cut-off points on the x-axis, TIVc is fitted to a Gaussian distribution
N (µ,σ2) using the Non-linear Least Squares method (Björck, 1996). The mean
of the gaussian will be the column with the largest intensity change and the standard
deviation will determine the size of the ROI. The cut-off points in the x-axis are
obtained using eq 6.9.

xcl = µx−κxσx; xcr = µx +κxσx; T Ix = [xcl,xcr] (6.9)

where xcl and xcr are the left and right cut-off borders respectively, κxσx is the
standard deviation and T Ix is the tolerance interval that indicates the width of the
ROI in the x-axis.

Total Intensity Variation in Rows (TIVr)

The Total Intensity Variation in Rows (TIVr) is computed following the same cri-
teria used previously for TIVc but with slight differences, since TIVr uses the
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reduced area obtained in the previous step as a starting point, and further evalu-
ates the variation in rows. The method used to find out the up and down cut-off
points, ycu and ycd in the y-axis is analogue to its counterpart in the x-axis (eq 6.10).
Then, the ROI is defined as the region enclosed by the pairwise points: (xcl,ycu)
and (xcr,ycd).

ycu = µy−κyσy; ycd = µy +κyσy; T Iy = [ycu,ycd ] (6.10)

The TIVr computation deals with two complex scenarios; the first is when
the glottis is divided in two or more regions. This problem does not affect the
normal performance of the ROI detection despite of the presence of extra valleys
in the TIVr since an average movement is computed for NROI frames reducing the
effect of the valleys. The second scenario is even more demanding and corresponds
to the presence of a glottal chink. Here, depending on the top and down cut-off
points in the y axis (ycu and ycd) , some information in the posterior part could
be lost. Nonetheless, this scenario does not commit the general performance of
the algorithm since there is an optimal range for no loss of information, as will be
shown in the next subsection. Figure 6.5 shows a LHSV in which both scenarios
are presented.

TI
V r

	

Rows	

TIVr	Fi)ed	
TIVr		no	Fi)ed	

Figure 6.5: TIVr for NROI=100 frames. The LHSV sequence has a glottal chink
and the glottis is splitted in two parts, illustrating one of the most demanding cases.
The frame is rotated in horizontal position for a better visualization.

Adaptive ROI for Motion Compensation

The displacements of the endoscope affect the alignment of the HSDI image pixels
along time, leading to difficulties to track the dynamic characteristics of the la-
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ryngeal structures. Thus, methods to compensate these displacements are needed.
Deliyski (2005) argues about the importance of a procedure to compensate the
distortion originated by the endoscope displacements in the synthesis of a VKG.
Since it causes intermittent changes of the voicing pattern, it makes difficult the in-
terpretation of the results. The movement of the vocal folds (70 - 400 Hz) is much
faster than the one originated by the endoscope (∼15 Hz), so the motion caused
by the endoscope is indistinguishable in one glottal cycle. In order to clarify this,
let us consider the case of the vocal folds vibrating with a fundamental frequency
fo = 100 Hz (period To, equal to 10 ms) and an endoscope displacement with a fre-
quency of fe = 15 Hz (period Te, equal to 66.67 ms). In this scenario the movement
of the endoscope would be noticeable after at least 6 glottal cycles. With this in
mind, the ROI have to be recomputed every NROI frames to compensate the camera
motion and to reduce the false detections.

The value of NROI is undoubtedly one of the most important parameters of the
proposed methodology to accurately detect the ROI and for the motion compensa-
tion. This parameter could take any value between 1 and the total number of frames
N. However a value close to 1 limits the possibility to characterize the motion that
is present. Contrariwise, if the value of N is close to the total number of frames,
non valuable information is added to the ROI increasing the false detections. Addi-
tionally, NROI provides reliability against the camera and/or patient displacement.
With a small value of NROI the algorithm becomes more robust against movements,
avoiding the effects of those displacements that are related to the endoscope.

In order to demonstrate this fact, Figure 6.6 shows 4 frames in different instants
of the LHSV with their corresponding TIVc plots. The TIVc was computed from
I(x, t) and without using the gaussian fitting in order to emphasize the effect of
the displacements. The instants of time under consideration are: t = 30, 1000,
2000, 2975. It is possible to check by simple inspection, that increasing NROI

deviates TIVc from the gaussian pattern. The explanation to this phenomenon
is related with the horizontal motion of the camera during the recording. This
causes additional peaks that do not belong to the ones produced by the vocal folds
motion, so an erroneous gaussian fitting and wrong cut-off points are generated.
An important conclusion obtained from these examples is referred to the average
position of the glottis: the lobe with the maximum peak in TIVc will be the average
position of the glottal gap.

Through experimentation, it is observed that the minimum NROI to achieve a
robust ROI is that containing at least one complete glottal cycle. For instance,
with a high-speed data rate (LHSVrate) of 6665 frames per second (0.15 ms per
frame), and a fundamental frequency of phonation of ∼236 Hz (period equal to
4.23 ms) the minimum value of NROI to be chosen is approximately 28. Figure 6.7
shows three different images belonging to three different LHSV recordings, each
of them with their respective TIVc plots. The plots present a high complexity due
to the presence of occlusions caused by the laryngeal structures. However, this
fact does not affect the proposed procedure since it analyses the average intensity
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Figure 6.6: Effect of the transversal motion in TIVc. The importance of recom-
puting the ROI is illustrated plotting different TIVc without gaussian fitting for
different values of NROI: NROI=30, NROI=1000, NROI=2000, and NROI=2975.
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30(blue line), NROI = 100(red line), NROI = 300(green line), NROI = 600(black
line).
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position of the glottal gap for a set of NROI consecutive frames. In the first row of
Figure 6.7, with N = 30, there are two peaks that represent the two vocal folds, and
the valley in the middle is the glottal space during the opening phase of the glottal
cycle, meaning that a complete cycle has not been reached (∼41 frames per cycle).
Meanwhile, with NROI = 100 (red plot) a complete glottal cycle is included, and the
width of the Gaussian completely covers the glottis. Increasing NROI leads to many
fluctuations close to the maximum peak. The second example in Figure 6.7 (∼38
frames per cycle) is even more demanding because there is a significant occlusion
and the glottal gap is not clearly visible. Nonetheless, due the minimal presence
of lateral movements, the maximum peak is conserved for all the different values
of NROI , but in concordance with the increase of the number of frames, TIVc starts
losing its Gaussian-like shape. The third row in Figure 6.7 (∼17 frames per cycle)
shows an ideal case without camera movements, in which the performance of the
algorithm is not affected by the choice of NROI . The optimal NROI is in the range
between one glottal cycle (GCo eq 6.11) and one motion cycle of the endoscope
(MCe eq 6.12).

GCo = To/LHSVrate (6.11)

MCe = Te/LHSVrate (6.12)

NROI ∈ [GCo ,MCe] (6.13)

Lastly, it is necessary to determine the cut-off points, analyzing the overlapping
between TIVc and TIVr curves from the LHSV sequence. The coefficients that
regulate the cut-off points are κx and κy. Both coefficients can be set indifferently,
depending on whether the ROI is to be more bounded in the x or y axis. For
instance, a T Ix of 99.7% (µx±3σx) would include non-relevant information to the
ROI. Conversely, if T Ix is set to 68% (µx±σx) the ROI would over-adjust to the
glottis area, causing loss of information. Based on the experimentation around the
22 LHSV sequences and considering no loss of information, a good tradeoff to fix
κx and κy is in the range [2,3]. In this work both coefficients were fixed with a
value of 2.5.

6.2.3 First Region Merging

After reducing the size of the area to be analyzed, the next step is the identification
of the glottis boundaries. The algorithm used for this purpose is the one described
in (Osma-Ruiz et al., 2008), which is based on a watershed transform computed
over the gradient of the images combined with a Just Noticeable Difference (JND)
based region merging. The watershed transform creates a set of well delimited
objects, opening the possibility to identify their individual features and statistics to
find out those that belong to the glottis. Nevertheless, the results of the watershed
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transform is disappointing, due to the fact that thousands of objects arise when
only the glottis is expected. This problem is solved by pre-processing the gradient
image with a thresholding, and by merging objects with one or more features in
common (Bleau and Leon, 2000; Hernandez et al., 2005). A thresholding with a
value of 10 is applied to the magnitude of the image gradient and those pixels with
a value below 10 are assigned to 0, so they are converted into minima that can
only belong to the internal part of any region. This simple thresholding removes
most of the regions that appear due to the intrinsic noise originated by the LHSV
acquisition and the ones produced for the tissues texture. The threshold applied
to the gradient image has been chosen to avoid removing significant edges of the
image. The watershed transform Iwat(x, tk) is computed by eq 6.14, where Twat

represents the watershed operator and ‖∇INLT (x, tk)‖ the magnitude of the gradient
of the image enhanced.

Iwat(x, tk) =

{
Twat [‖∇INLT (x, tk)‖] if ‖∇INLT (x, tk)‖> 10
0 otherwise

(6.14)

On the other hand, the merging criterion is based on a fixed threshold over a
cost function that decides if two regions have to be merged or not. The chosen
cost function is calculated using the JND of different gray levels of the image and
has been theoretically defined in (Day-Fann and Ming-Tsong, 2003). The JND
represents the sensibility of the human visual system to perceive the changes of
luminance. The human visual system is not able to differentiate certain changes in
luminance. For instance, assuming that the luminance is expressed in tonalities of
gray, the visual system can not distinguish between a gray level of 80 and a gray
level of 85. Additionally, this insensibility do not follow a linear behaviour, being
the eye less sensitive to the change of luminance in the dark levels than in the bright
ones. The function for evaluating the visibility threshold of the JND is described
by eq 6.15 and graphically established in Figure 6.8.

JND(I(xi j)) =

D0 ·

(
1−
√

I(xi j)

127

)
+3 if I(xi j)≤ 127

γ · (I(xi j)−127)+3 otherwise

(6.15)

I(xi j) ∈ [0,255] is the intensity value of a given pixel xi j, and the parameters
D0 and γ depend on the viewing distance between a tester and the monitor. D0
denotes the visibility threshold when the background is 0 and γ denotes the slope
of the line that models the JND visibility threshold function at higher background
luminance. The values of D0 and γ are set to 17 and 3/128, based on the subjective
experiments done in (Chou and Li, 1995). The merging cost function used to fuse
the region is computed by eq 6.16:

Fc = [|mR1−mR2|−min(JND(mR1),JND(mR2))+255] (6.16)
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Figure 6.8: Visibility threshold of the human visual system as a function of the
grey level in the image.

where mR1 and mR2 are the average values of the gray level of two neighbour
regions, and min is the minimum JND between the average of both regions. The
goal of the merging cost function is to combine all the regions in which Fc is below
a specific threshold. This is because, under this merging threshold, the human
vision system considers that the average grey level of the basins is the same, so
it is not able to discriminate between them. Based on the experimentation and
considering the thresholding used in (Osma-Ruiz et al., 2008) for LVS videos, the
threshold value is set to 265 for all the LHSV.

Lastly, the JND function is slightly modified in order to reduce the brighter re-
gions. Firstly, the N/NROI frames with the maximal glottal opening (also known as
keyframes, Ikey(x, t)) are computed based on eq 3.9. Since, the intensity distribu-
tion of the glottis and background in the Ikey(x, t) has a cuasi-bimodal behavior, it
is feasible to reduce part of the meaningless information by Otsu’s method (Otsu,
1979). This algorithm performs automatically a clustering-image thresholding as-
suming that the image contains two classes of pixels (glottis and background). For
all the values over the Otsu’s threshold, a Fc of 265 has been assigned so the bright
regions of the image (background) belong to an unique region and the amount of in-
formation is drastically reduced. However, there is still over-segmentation caused
by the intensity disparity inside the glottis and also by the presence of regions that
despite not being part of the glottis, they have some of their intensity features.
Figure 6.9 shows some examples of each of the step followed in the first region
merging procedure, including its final result IJND(x, tk).
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a) Images Enhanced INLT (x,y)

b) Watershed Transform Iwat(x,y)

c) JND Region Merging IJND(x,y)

Figure 6.9: Illustration of the first region merging. First row: image enhanced;
second row: watershed transform after thresholding the magnitude of the gradient;
third row: the watershed transform after the JND cost fucntion.
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6.2.4 Correlation Regions Merging

The next step consists of another merging process. The goal now is to join all the
regions that correlate with a standard template obtained from the database.

The standard template T (x) was obtained empirically based on manual seg-
mentations carried out by one expert in all the frames of the database with the
maximal glottal opening. The potential templates are built with white background
and a black foreground. The white background acts like an edge enhancer to high-
light the glottis contours. The test involves the use of different glottis shapes, re-
sizing, warping and small rotations. After an intensively evaluation of all of these
features, a standard template that better correlates with the available data in DB1 is
obtained. The standard template resizes automatically depending of the ROI size,
ensuring that is not affected by a different zoom of the glottis. The standard tem-
plate obtained for a ROI of 40x148 has a size of 12x42 (see Figure 6.10a). This
template is used as a baseline for the correlation merging.

The standard template is correlated with each frame using the Normalize Corre-
lation Coefficient (CC) (Edwards, 1976), providing values within the range [−1,1].
If both images are absolutely identical the value is 1; if they are completely uncor-
related, 0; and if they are completely anti-correlated, -1 (for example if one image
is the negative of the other). The CC has been selected due to its invariance with
respect to the intensity and because its similitude matrix provides valuable informa-
tion about the glottis and vocal folds position. The threshold for a good matching is
established in 0.45 in the similitude matrix. Below this value the glottis is consid-
ered fully closed. The regions obtained by the cross-correlation are intersected with
the results of the first merging process, and the overlapped objects are merged. The
second region merging, Icor(x, tk), is computed by eq 6.17 where CC( . ) represents
the correlation coefficient operation and T (x) is the standard template.

Icor(x, tk) =

{
1 if CC(IJND(x, tk),T (x))> 0.45
0 otherwise

(6.17)

Figure 6.10b and Figure 6.10c show the complete correlation and merging pro-
cedure carried out to detect the glottis. The first image represents the similitude
matrix; the second represents the first region merging; the third one the overlap-
ping between the cross-correlation and the first region merging; and, finally, the
fourth represents the results of the second merging process. However, due to the
inter-video variability the merging process could not be enough to obtain a reliable
glottis segmentation. In order to clarify this idea, the last image in Figure 6.10b
represents an example in which the glottis presents an irregular shape and it is not
well delimited in the anterior part. This phenomenon appears due to the difficulties
of establishing an unique criterion for the region merging (threshold of the cost
function) even when there exists large inter video changes in the illumination con-
ditions. For that reason, a post-processing stage is required to refine and smooth
the segmentation obtained from the second merging region.



6.2. Glottal Segmentation Based on Watershed and Active Contours 107

(a)

(b)

(c)

Figure 6.10: Merging steps. (a) Standard template found empirically based on ma-
nual segmentation, T (x); (b) and (c) show from left to right: two different frames of
two different sequences, similitude matrix, first region merging, cross-correlation
overlapping and correlation region merging.

6.2.5 Post-Processing: Localizing Region-Based Active Contours

The experimentation carried out has shown that the anterior and posterior part of
the glottis are not always accurately segmented during the correlation merging step,
producing in some cases a wrong delineation of those regions (see Figure 6.10c).
Therefore, a post-processing step that uses the result of the correlation regions
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merging Icor(x, tk) as initialization for an active contours algorithm is proposed.
The active contour method proposed in (Lankton and Tannenbaum, 2008) mod-

els the foreground and background in terms of smaller local regions. This frame-
work allows a correct conversion in cases of inhomogeneity, common in laryngeal
images. The analysis of local regions leads to the construction of a family of local
energies at each point along the initial curve. In order to optimize the local ener-
gies, each point of the curve is considered separately and moves to minimize the
energy computed in its own local region.

The energies can be modeled in three different ways: the uniform modeling
energy, the means separation energy and the histogram separation energy. We
choose the Chan Vesel-model (Chan and Vese, 2001), which models the interior
and exterior of a region as constant intensities represented by their means. Since
the post-processing step is only a refined version of the previous steps, the number
of iterations of the active contour and the radius of the local regions can be fixed
without an extensive analysis of the database. A radius of 5 pixels is enough for
a refined procedure. Meanwhile, 100 interactions ensure full convergence to the
glottis. Figure 6.11 depicts 12 examples of segmented frames (SnW (x, t)) with
their respective intermediate results.

6.2.6 Evaluation of the ROI Performance

It is hard to decide which method is the best for detecting the ROI and even harder
to compare the performance between them since all have been evaluated with dif-
ferent databases and some of them are based on manual initialization (Palm et al.,
2001; Marendic et al., 2001; Yan et al., 2006; Lohscheller et al., 2007; Zhang et al.,
2010; Mehta et al., 2013; Pinheiro et al., 2014). However, in order to provide some
subjective notions of the the results obtained, the algorithm described in (Karako-
zoglou et al., 2012) is implemented and compared with the proposal. The main
reason for choosing (Karakozoglou et al., 2012) for comparison is based on the
fact that it is also fully automatic, the final segmentation has great accuracy, and
the framework followed to solve the segmentation presents some similarities with
the SnW method.

After an in-depth analysis of the algorithm proposed in (Karakozoglou et al.,
2012), two aspects need to be considered to improve its results. The first one is
related to the choice of the area in the landmarks, since in pathological cases the
glottis might be divided in two parts, and the algorithm might identify only one
of them. This is depicted in the first and second row of Figure 6.12a. In both
landmarks the glottis is splitted into two parts, which means that one of the regions
will be discarded leading to an incomplete segmentation. The second drawback
occurs when there are large artifacts with vertical orientation, like those depicted in
the third row of Figure 6.12a. These artifacts are common due to reflections of the
light inside the tube of the endoscope. Contrariwise, the methodology proposed for
ROI detection solves the first problem computing the maximal intensity variation
of a region, which means that it is not affected by glottis splitting. Regarding the
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INLT (x, tk) IJND(x, tk) Icor(x, tk) SnW (x, tk) INLT (x, tk) IJND(x, tk) Icor(x, tk) SnW (x, tk)

a) b)

c) d)

e) f)

g) h)

i) j)

k) l)

Figure 6.11: Complete methodology representation. From left to right: enhanced
image INLT (x, tk); segmentation obtained after watershed and first region merging
IJND(x, tk); second region merging Icor(x, tk); final delimitation of the glottis after
100 iterations SnW (x, tk).

second drawback: no false detections are produced since there are no changes in
the intensity along time in such regions.

However, the approach based on intensity variation is not suitable to analyse all
different kinds of phonatory conditions. For example, as the approach analyses the
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variance of pixel intensities to identify the ROI it is not suitable to identify the glot-
tis correctly during the voice onset interval, and in cases of vocal folds paralysis
and paresis. In those cases the proposal of Karakozoglou et al. has a better perfor-
mance. One way to tackle the problem of the voice onset is by back-propagating the
information obtained during the steady phonation to the onset interval. As a matter
of comparison with respect to the approach found in (Karakozoglou et al., 2012),
the ROI detection obtained using intensity variation is depicted in Figure 6.12b.
Additionally, some results of the ROI based on intensity variation are depicted in
Figure 6.13 with its respective TIVc and TIVr plots.

LHSV Sobel Filter Morph Operator ROI

a) Karakozoglou et al. (2012) b)

Figure 6.12: ROI detection using two approaches. a) ROI detection according to
(Karakozoglou et al., 2012); b) final ROI obtained using the approach based on
intensity variation.

6.2.7 Drawbacks of SnW Technique

A complete framework is proposed to automatically segment and track the glottal
area from laryngeal high-speed video recordings over time. Initially the position
of the glottis is identified using a variance criterion regarding the pixel intensity.
From this information a region of interest (ROI) is obtained. Within this ROI, the
glottis is segmented using a watershed approach. This intermediate segmentation
result is subsequently corrected using a glottis template. The final result is obtained
using region based active contours.

Despite the good performance of SnW, some of the parameters used were
obtained empirically (Standard Template selection, Watershed Merging criteria,
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Figure 6.13: Examples of the results obtained using a ROI based on intensity vari-
ation with their respective TIVc and TIVr plots.

Correlation Thresholding) or involving a degree of compromise with the objective
measures (wnhancement parameter β ). The standard template fails when the glot-
tal opening increases its size abruptly since the correlation among the template and
the previous merging step produces an initialization smaller than the one expected.
The solution to this problem could stand on increasing the number of iterations in
the post-processing step.

Another problem is related to the enhancement method since it is difficult to
generalise a value of β when different illumination level and contrast are present
on the LHSVs. As a matter of fact, Figure 6.11f depicts a frame in which the
flashes have not been completely eliminated after the enhancement step. There-
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fore, an erroneous delineation of the vocal folds edges is produced in the posterior
commissure of the glottis.

Additionally, other parameters such as the ones used for the watershed merging
criteria were set subjectively. Therefore, more evaluation of the presented frame-
work and also some degree of user intervention is needed to guarantee its applica-
bility in a clinical environment.

6.3 Glottal Segmentation by Background Modeling and
Inpainting

In view of the problems mentioned in section 6.2.7, a quasi-automatic method
to accurately segment the glottal area is presented which introduces several tech-
niques not explored before in the state of the art.

InP proposes a novel approach that smooths the textures of the background
(laryngeal structures) and foreground (glottal gap), detects the ROI using the tem-
poral intensity information, and segments the glottis by creating an adaptive back-
ground model. Furthermore to the automatic segmentation, the method provides
the chance of a minimal user interaction to improve the results in those cases in
which the results are not those desired.

InP method is divided into three main modules: 1) image enhancement; 2)
ROI detection; and, 3) glottal gap delimitation. Each of these modules generates
an intermediate result that is used for the subsequent step. Figure 6.14 summarizes
graphically the different steps of the process, and the following subsections detail
the procedures followed.

6.3.1 Image Enhancement

The method followed performs a color equalization for each instant tk, followed by
a procedure that isolates the specular reflections and a bilateral filtering. The three
sub-steps are showed graphically in Figure 6.15 and described below.

6.3.1.1 Color Equalization

During the recording of a laryngeal video sequence, complex reflectance phenom-
ena appears due to intrinsic surface properties. These reflectances appear because
light source and viewing direction are almost identical. Thereby, wet mucosa sur-
faces perpendicular to the viewing direction are showed as white flashing spots
(JungHwan et al., 2007). Therefore, the white flashing spots have to be highlighted
via color equalization as a prior step to mitigate them.

Since histogram equalization is a non-linear process, each color channel (IR(x, tk),
IG(x, tk) and IB(x, tk)) can not be equalized independently. Therefore, the equal-
ization has to be applied in such a way that the intensity values are equalized
without disturbing the color balance of the image. Thus, it is necessary to con-
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Figure 6.14: Graphic representation of the steps followed to segment the glottal
gap.

vert IR,G,B(x, tk) into another color space that separates intensity values from color
components. For our purpose, the color space YCbCr was selected since it is de-
fined by a transformation from an associated RGB color space that separates the
luminance information, Y , from the chrominance Cb and Cr (see eq 6.18).

IY,Cb,Cr(x, tk) = TYCbCr[IR,G,B(x, tk)] (6.18)

where IY,Cb,Cr(x, tk) is the transformed YCbCr image, and TYCbCr is the oper-
ator that maps the color spaces. Then, a transformation THEq is performed on the
intensity plane Y , producing a new image with a flat histogram. Such transforma-
tion is a histogram equalization and is defined by eq 6.19.

IY ′(x, ti) = THEq[IY (x, tk)] = (L−1)
∫ lv

0
Plv(z)dz (6.19)

where IY ′(x, tk) represents the equalized image, IY (x, tk) is the original intensity
image, lv represents the different gray levels, lv ∈ [0,L], L being the total number
of gray levels in IY (x, tk), and Plv the probability of an occurrence of a pixel at
level lv. Lastly, the image in Y ′CbCr space is taken back to the RGB color space
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using a transformation TRGB (eq. 6.20).

IR′,G′,B′(x, tk) = TRGB[IY ′,Cb,Cr(x, tk)] (6.20)

the image IR′,G′,B′(x, tk) is the color equalized image in the RGB space, and
IY ′,Cb,Cr(x, tk) is the color image equalized only on the intensity plane Y .

6.3.1.2 Specularity Removal

When the illuminant color is known and the reflectance of the surface can be repre-
sented with a dichromatic model, one simple way to isolate the specular reflection
effects is by linearly transforming the RGB color space rotating its coordinate axes.
This rotation is such that one of the axes becomes aligned with the direction of the
effective source color s ∈ Z+3. This transformation defines a new color space,
which is referred as the SUV color space (Mallick et al., 2006). The SUV trans-
formation is defined by eq 6.21 using a rotation matrix R ∈ SO(3)1. The rotation
matrix satisfies the condition that [R]s = [1,0,0]T .

IS,U,V (x, tk) = R[IR′,G′,B′(x, tk)] (6.21)

where IS,U,V (x, tk) is the transformed image in the SUV color space. SUV is a
source-dependent color space, since it depends on the effective source color vector
of the image. It has two important properties: first, it separates the diffuse and
specular reflection effects; second, the S channel encodes the entire specular com-
ponent and an unknown fraction of the diffuse component, while the remaining
two channels (U and V ) are independent of specular invariants.

The aforementioned procedure was followed to eliminate the specularity. The
source vector s was set up to [255,255,255] that corresponds to white light in the
RGB color space and the rotation matrix R was computed by aligning the R-axis
with the source light s. The R matrix is obtained by eq 6.22, where (θs,φs) are
the elevation and azimuthal angles of the source vector s in the RGB coordinate
system. RG(θs) and RB(φs) are a clockwise rotation about the G-axis and B-axis
by an angle θs and φs, respectively.

R = [RG(−θs)][RB(φs)] (6.22)

Lastly, a monochromatic free specularity image, IJ(x, tk), is computed accord-
ing to eq 6.23, combining the two pure diffuse channels IU(x, tk) and IV (x, tk).

IJ(x, tk) =
√

IU(x, tk)2 + IV (x, tk)2 (6.23)

1SO(3) is the set of all orthogonal matrices of size 3 with determinant +1.
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6.3.1.3 Bilateral Filtering

The monochromatic image IJ(x, tk) contains discontinuities in the surface across
the diffuse information that has not been accurately propagated. To solve such
problem, a post-processing step based on a bilateral filter (Paris et al., 2009) is
performed.

The bilateral filter is defined by eq 6.24, where IBL(x, tk) stands to the filtered
image, IJ(x, tk) is the image to be filtered, Ω is a window centered in x, x′ represents
a pixel in the Ω window, Wx is a normalization term, Gσr is a Gaussian function
for smoothing the differences in intensities, and Gσs is a Gaussian function for
smoothing the differences in coordinates.

IBL(x, tk) =
1

Wx
∑

x′∈Ω

IJ(x′, tk)Gσr(‖IJ(x′, tk)− IJ(x, tk)‖)Gσs(‖x′−x‖) (6.24)

eq 6.24 has the advantages of a simple formulation (each pixel is replaced by
an average of its neighbors), it depends only on two parameters (σs and σr) and it
can be used in a non-iterative manner which makes the parameters easy to set since
their effect is not cumulative over several iterations.

Since the bilateral filter was included only to smooth small features, the value
of σs was set to a constant value of 8 and σr to a constant value of 15. Both
values performed consistently well for all our experiments, thus their setting do
not require manual intervention.

The result of the contrast enhancement step is a gray scale image, IBL(x, tk),
free of specularity and with a marked difference in the contrast of the laryngeal
structures and the glottis.

Video	

Video	

Specularity	Equaliza3on	 Filtering	

Specularity	Equaliza3on	 Filtering	

Figure 6.15: Contrast enhancement procedure for two different LHSV. From left
to right: original LHSV; color equalization; image free of specularity; and image
after bilateral filtering
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6.3.2 ROI Localization

The procedure used for the ROI detection is the same as the one described in sec-
tion 6.2.2 with the difference that it is applied to the IBL(x, tk) image. The ROI is
defined as the region enclosed by the pairwise points: (xcl,ycu) and (xcr,ycd) and
is also used to generate a binary mask MK(x, tk) (eq 6.25) which will be employed
for the glottal gap delimitation step.

MK(x, tk) =

{
1 if x ∈ [xcl,xcr] and y ∈ [ycu,ycd ]

0 contrariwise
(6.25)

6.3.3 Glottal Gap Delimitation

This module is based on an inpainting algorithm which is used to create a back-
ground model. The background model is extracted with the glottis occluded to
later perform a subtraction for each incoming frame. In order to exemplify the pro-
cedure, the results of the steps followed to obtain the final segmentation are shown
in Figure 6.16.

ROI	Detec)on		Image	Enhancement	

Background	Modeling	 Background	Subtrac3on	
Glo3al	Gap	Delimita)on	

IBL(x, tk) MK(x, tk)

BM(x, tk) InP (x, tk)

Figure 6.16: Complete framework of the glottal gap delimitation.
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6.3.3.1 Background Modeling Using Inpainting

In this method, the object detection is achieved by making a representation of the
scene called background model, and then finding deviations from it for each in-
coming frame. Any significant change in the image region from the background
model is supposed to represent a moving object (Yilmaz et al., 2006).

Let us define the background model as a flat image, BM(x, tk), composed
only by the information of the tissues that surrounds the glottal gap. BM(x, tk)
is computed for each tk using an inpainting procedure that combines a binary mask
MK(x, tk) and the enhanced image IBL(x, tk).

The inpainting technique is guided by the assumption that pixels in the known
and unknown parts of the image share the same statistical properties or geometrical
structures. The method used is based on (Telea, 2004), which has the immediate ad-
vantage of well-developed theoretical and numerical results. This technique prop-
agates the local image structures of IBL(x, tk) from the external part to the interior
of the mask MK(x, tk), “imitating" the gesture of a professional painting restorer.
MK(x, tk) is updated every NROI frames to compensate the drift of the camera.

6.3.3.2 Background Subtraction

A subtraction operation is computed between the enhanced image, IBL(x, tk) and
the background model, BM(x, tk) (eq 6.26) which is carried out only inside the
ROI.

BS(x, tk) = IBL(x, tk)−BM(x, tk) (6.26)

Since BM(x, tk) has higher intensities than IBL(x, tk), the negative values ob-
tained from the subtraction will correspond to the glottal gap. Therefore, an initial
threshold, T hINC, is introduced to identify the noticeable motion produced by the
vocal folds movement. If BS(x, tk) is lower than T hINC, the motion of the pixel x
is considered significant. In our case, a value of −8 performed consistently well
for all the experiments. However, T hINC is not enough to segment accurately the
glottal gap so another thresholding procedure is used. This second threshold is de-
noted as T hADJ and is obtained by an iterative procedure described in (Ridler and
Calvard, 1978).

Lastly, in order to smooth and eliminate spurious information in the glottal
gap segmentation, it was necessary to perform basic morphological operations to
remove isolated pixels and fill holes. Algorithm 1 explains in detail the procedure
followed to compute the background model and the background subtraction, and
Figure 6.17 shows some results of the glottal gap segmentation.

6.3.4 User Intervention: Including a Manual ROI

There are two scenarios in which the automatic segmentation fails to correctly de-
limitate the vocal folds edges. The first occurs when there are partial or no motion
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Figure 6.17: Glottal gap segmentation of 9 LHSVs in the instants of time tk= 1, 3,
5, 7, 9, 11, 13, 15 using InP method.
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Algorithm 1: Pseudocode for background modeling and subtraction
input : ROI, IBL(x, tk), T hINC

output: Foreground (InP(x, tk))
MK(x, tk) = createMasK(ROI);
BM(x, tk) = inpainting(IBL(x, tk),MK(x, tk),method : Telea);
foreach x in the ROI do

BS(x, tk) = IBL(x, tk)−BM(x, tk);
if BS(x, tk)< T hINC then

InP(x, tk) = IBL(x, tk);
else

InP(x, tk) = 255;
end

end
T hADJ = AdaptiveT hreshold(InP(x, tk));
foreach x in the ROI do

if InP(x, tk)< T hADJ then
InP(x, tk) = 1;

else
InP(x, tk) = 0;

end
end
InP(x, tk) = MorphologicOperation(InP(x, tk));

in the vocal folds. This can be commonly seen during the phonation onset and in
presence of total or partial paralysis of the vocal folds. In both cases the ROI de-
tection fails to correctly identify the glottal area, producing false detections or an
incomplete segmentation. The second scenario is related to glottal gap orientation.
Despite the automatic method to compute the ROI is tolerant to the glottal orien-
tation, its accuracy decreases as the angle formed by the glottal main axis and the
principal vertical axis increases, producing an erroneous delineation in the anterior
part of the vocal folds.

The manual procedure begins by finding the frame with the maximum aperture
of the glottis. Later on, such frame is presented to the user and the ROI is man-
ually selected. This ROI can change its size as many times as necessary or in a
time frame considered by the user. Additionally, a slide bar is added to let the user
modify the threshold (T hUSR) of the subtraction operation. The final segmenta-
tion is displayed during the whole procedure, refreshing the results when the ROI
or T hUSR parameters are being adjusted. Since the vocal folds vibration occurs
within the range from posterior to anterior commissures along the vertical direc-
tion, a recommended practice is to consider these commissures as reference points
to define the ROI. On the other hand, the width of the ROI has to be limited inside
the region covered by the vocal folds.
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As happened with the automatic ROI detection procedure, the manually chosen
ROI has to be able to dynamically compensate the glottal drift. For this reason, a
block matching algorithm is applied to each corner of the manual ROI, allowing
the ROI to increase or decrease its area automatically according to the glottal gap
changes. In order to reduce the computational burden, the block matching algo-
rithm is computed only every NUSR frames where NUSR is set up by the user. The
graphical representation of this procedure is shown in Figure 6.18.

Manual	ROI	Maximal	Opening	 Segmenta2on	

Block	Matching	

+	

Frame	#60	Frame	#31	

Right	
fold	

LeC	
fold	

GloEal	
axis	

ver2cal	
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Anterior	

Medial	
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ThUSR

Figure 6.18: Graphical representation of the manual intervention process. Top left
panel: frame with the maximal opening; bottom left panel: representation of the
vocal folds reflections; medium panel: user interaction and manual ROI; top right
panel: segmentation results; bottom right panel: detail of the slide bar to manually
modify the threshold.

In 16 out of 54 LHSV (30% of DB2), user interaction was needed for a correct
segmentation. Table 6.2 provides a summary of the findings of these 16 LHSV.
The manual intervention was required in cases of paralysis, vocal folds occlusions,
paresis, or wrong camera orientation.

Figure 6.19 shows four typical erroneous ROI detections with their respective
GVG, PVG, VKG and GAW playbacks. In Figure 6.19a the problem is originated
by the orientation of the vocal folds, causing an incomplete glottal gap detection.
Figure 6.19b shows a paralysis of both vocal folds. In this case, the ROI is not
able to capture the motion, selecting a region with a bigger area and causing over-
segmentation. Figure 6.19c represents a unilateral paralysis of the left fold. And
Figure 6.19d shows a partial paralysis of the right fold. Both effects can only be
observed in the PVG and VKG. In this example the automatic segmentation fails
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Female – 2 2 – – 2 6
Male 2 1 1 2 1 3 10

Table 6.2: Overview of the findings in the 16 LHSV that required manual interven-
tion.
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Figure 6.19: Four HSVs with their respective GVG, PVG, VKG and GAW play-
backs. Automatic and manual ROIs are represented by a green rectangle. a) Error
due to the glottal gap orientation; b) paralysis of both vocal folds; c) unilateral
paralysis of the left fold; d) partial paralysis of the right fold.

since the ROI partially captures the region in motion of the vocal folds, producing
under-segmentation.

6.4 Accuracy Assessment of the Vocal Folds Segmentation

Assessing the glottal segmentation is not trivial due to the huge amount of frames
to evaluate and the need to take into account the spatial-temporal information of
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the video sequences. The evaluation is even more complicated having in mind
that there are neither standard metrics to evaluate the distinct algorithms nor pub-
lic databases that could be used for benchmark and comparison purposes. In view
of these limitations, a set of guidelines to measure the accuracy and efficiency of
the segmentation algorithms are presented. These guidelines are divided in three
groups according to their nature: analytical, subjective, and objective. The com-
bined analysis of these guidelines provides more robust criteria to decide which is
the most appropriate method to delineate the glottal gap.

The proposed guidelines are used to compare three glottal gap segmentation
algorithms: two automatic, and one semiautomatic. The semiautomatic one is
the open software presented in (Birkholz, 2016) that implements the algorithm
proposed in (Lohscheller et al., 2007). For simplicity, this method is denoted as
Seed Region Growing (SrG). Meanwhile, the two automatic methods are the ones
described in section 6.2 (SnW) and section 6.3 (InP).

6.4.1 Analytical Methods: Assessing the Efficiency of the Vocal Folds
Segmentations

The analytical methods assess the segmentation independently of the final results.
In other words, they are only applicable to evaluate the general performance of the
algorithms. Some of the properties of the segmentation algorithms are: process-
ing strategy, processing complexity, resource efficiency, segmentation time, and
segmentation resolution (Zhang et al., 1996). These properties are generally inde-
pendent of the segmentation accuracy. For this reason, they should be investigated
together with the subjective and objective measures. Since the segmentation time
is a critical aspect to translate the results to the clinical setting, it will be used as a
reference to compare the efficiency of the glottal segmentation algorithms.

6.4.2 Subjective Evaluation: Accuracy of the Vocal folds Detection by
Playbacks Analysis

A simple subjective way to evaluate the glottal segmentation is by visual inspec-
tion. However, it requires a frame by frame intensive evaluation over a large set of
images and with the contribution of several experts to minimize the inter evaluation
bias. The subjective approach used in the literature grade the segmentation and the
video quality on a 0-5 point ordinal scale (Lohscheller et al., 2007; Karakozoglou
et al., 2012). The main drawback of this approach is that this evaluation does not
consider the inherent spatio-temporal information, but only the spatial.

A more complete way to subjectively analyze the vocal folds segmentation
requires evaluating the information provided by the playbacks. Thus, three subjec-
tive trials to assess the accuracy of the glottal segmentation are used: segmentation
quality, readability of the playbacks (GVG, PVG, GAW), and shape similarity be-
tweenVFT and VKG. All the trials are ranked in a 0-5 point ordinal scale where 0
is very bad and 5 is very good.
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Regarding the segmentation quality trial, a video sequence that has already
been segmented (first row of Figure 6.20) is shown to the expert. Then, he ranks
an average quality of the whole sequence observed.
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Figure 6.20: LHSV of a patient after a carcinoma surgery with its respective play-
backs: GVG, PVG, VKG, GAW and VFT. a) Segmented with InP; b) segmented
with SrG. (1) Vibratory pattern; (2) errors in the anterior or posterior part of the
glottis; (3) playbacks discontinuities; (4) main glottal axis crossing; (5) glottal area
waveform; (6) opening state length.

The readability assessment trial has the goal to detect errors in the segmenta-
tion using the information provided by the GVG, PVG and GAW playbacks. In
addition to the aforementioned playbacks, VKG is included since it helps to verify
if the cycle lengths of the playbacks are correct. The readability of the playbacks
is ranked based on six criteria, which are detailed next:

• Vibratory pattern (1): the shape of the vibratory pattern must keep a quasi-
similar behavior along the LHSV for a normal phonation. This characteristic
is observed in GVG and PVG.

• Errors in the anterior or posterior part of the glottis (2): most of the seg-
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mentation algorithms fail to segment correctly the anterior and posterior part
of the glottal gap. These problems are easily detected in GVG and PVG,
showing discontinuities in the anterior or posterior part of the playbacks.

• Playbacks discontinuities (3): discontinuities in the playbacks are due to seg-
mentation errors, and are observed as holes in the inner part of the vibratory
pattern. These errors are visible either with GVG or PVG.

• Main glottal axis crossing (4): since PVGs compute the motion of the vocal
folds with respect to the glottal main axis (red for positive, and blue for neg-
ative displacements), they provide clues about unusual vibratory behaviors.

• Glottal area waveform (5): the shape of the GAW during the different glottal
cycles has to be uniform along time for normal phonation. Deviations of this
uniformity are usually clear examples of over or under-segmentation. GAW
in Figure 6.20b shows the effect of the number of pixels detected belonging
to the glottis for each glottal cycle on the shape of the GAW.

• Opening state length (6): considering that VKG playback facilitates the vi-
sual assessment of the length of the glottal cycle in one line, it is possible
to get a general idea of how well the instants of total closing were detected.
Hence, the width of the opening-state in GVG has to be comparable in size
with the VKG width in the same position pc.

The third trial is called shape similarity and takes advantage of the information
of the VKGs. Here, the shape of VKG and VFT are compared in the same position
pc. The similarity between both shapes will determine the accuracy of the segmen-
tation. In order to assist the expert with the visual assessment, both playbacks are
overlapped as shown in Figure 6.21. The dashed lines in the middle and bottom
panel with white color are an approximation of the expected VKG shape. These
lines are displayed to provide an idea of the shape differences between VKG and
VFT for this particular example.

6.4.3 Objective Supervised Evaluation: Accuracy of the Vocal Folds
Detection via Ground-Truth Comparison

The objective supervised evaluation compares the segmented image against a ref-
erence manually identified that will be considered as a ground-truth (Manual Seg-
mentation (MaN)). The degree of similarity between the human and machine gen-
erated images determines the quality of the segmentation. The objective super-
vised methods provide a finer evaluation of the segmentation accuracy. Contrari-
wise, manually generating a reference image is a difficult, subjective, and time-
consuming task.

The literature refers different kinds of objective metrics that have been used
before to assess the glottal segmentation: DICE and an area error (Gloger et al.,
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Figure 6.21: VKG and VKT playbacks of a patient after a carcinoma surgery. First
row: vocal folds displacement trajectories; second row: videokymogram; third
row: VKG and VKT overlapping. The dashed lines in white show the correct
delimitation of the VKG.

2015); a multipoint scale comparison (Karakozoglou et al., 2012); mean square er-
ror (Ko and Ciloglu, 2014); and tracking and comparison of some points of interest
(Lohscheller et al., 2007). However, it is certainly unreasonable to expect all the
metrics be valid for the glottal segmentation problem, since each metric have sen-
sitivities to different properties of the segmentation and thus can discover different
types of error (Taha and Hanbury, 2015b).

Therefore, there is a need to standardize the procedure to objectively assess
the accuracy of glottal gap segmentation by finding the most suitable metrics for
such task. These metrics receive the name of good metrics and have to fulfill the
following properties:

• Contour accuracy: the segmentations have to provide boundary delimitations
as exact as possible. The metrics that are more sensitive to point positions,
as distance based metrics, are more suitable to evaluate the segmentation.

• Degree of overlapping: the segmentations have to provide a correct location
of the segmented object (alignment between segmentation and ground-truth).
This aspect is important to rank correctly the instants of total closure. The
suitable metrics for this property are the overlap based.

• Complex Boundary: the segmentations lead with non-regular shapes, thus
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the metrics that are sensitive to pixels positions are more suitable to evaluate
the final results. The most suitable metrics are the distance based ones.

• Background dominates: all the metrics based on a true negative factor (pix-
els correctly detected as background) have to be avoided. Such metrics are
biased with respect to the ratio between the number of foreground pixels
(glottis) and the number of background pixels (glottal structures), producing
a class imbalance when the background represents the largest part, as occurs
in the glottal segmentation.

• Over and under-segmentation penalization: the metrics have to penalize
equally the over and under-segmentation.

• High class imbalance: when the segmentation process produces small re-
gions, metrics with chance adjustment are recomended

• Outlier sensitivity: sometimes automatic segmentations have outliers in form
of a small set of pixels outside of the right target area. The Outlier sensitivity
describes metrics that penalize such outliers.

In order to find out the good metrics, an initial set of 18 metrics that have been
used previously in the literature to evaluate different segmentation problems are
computed and evaluated pairwise: InP vs. MaN, SrG vs. MaN, and SnW vs. MaN,
for 760 images. The 18 initial metrics computed can be categorized depending on
their nature and their definition as: overlap based, pair-counting based, information
theory based, probabilistic based, and spatial distance based.

The first group computes the degree of overlap between two segmentations.
To this group belongs: DICE or overlap index, Jaccard (JAC), true positive rate
(TPR) or sensitivity, true negative rate (TNR) or specificity, F1-Score (FMS), false
positive rate (FPR), false negative rate (FNR), positive predictive value or precision
(PPV), global constancy error (GCE), and object-level consistency error (OCE)
(Dice, 1945; Polak et al., 2009).

The second group measures the similarity between clusterings. One of its im-
portant properties is that is not based on labels, and thus can be used to evaluate
clusterings as well as classifications. The metrics implemented in this work were
Rand Index (RI) and Adjusted Rand Index (ARI) (Rand, 1971; Hubert and Arabie,
1985).

The third group computes a measure of information content for each segmen-
tation. The variation of information (VI) figure of merit belongs to this group. It
measures the amount of information that one segmentation shares with the other
(Meilǎ, 2003).

The fourth group describes metrics defined as functions of statistics calculated
from the pixels in the overlapped regions of the segmentations. The metrics in-
cluded are: Cohen Kappa coefficient (KAP) and the area under the ROC curve
(AUC) (Cohen, 1960).
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Lastly, the metrics based on spatial distance are defined as functions of the eu-
clidean distances between the pixels that belong to the ground-truth and the pixels
of the automatic segmentation. The metrics used in this category are: Hausdorff
distance (HD), average Hausdorff distance (AHD) and Pratt Index (Abdou and
Pratt, 1979; Taha and Hanbury, 2015a).

In those cases with no unique metric fulfilling all the properties at the same
time, a combination of more than one metric will be necessary. Also, a good prac-
tice is to reject metrics that have similar definitions to avoid redundant information.
Table 6.3 shows in rows the metrics, and in columns the guidelines that have to be
followed. The three last columns summarize the results of the three trials, µ rep-
resents the average accuracy of 760 images analyzed, and εclose rates how many
times an image was ranked with 0. A zero εclose can be understood as not over-
lapping or no segmented images, which is related with the error introduced at the
closed instants.

Additionally, Table 6.3 shows a check (X) to denote a metric that is recom-
mended for the corresponding property; a cross (X) denotes that the metric is not
recommended; and empty cells denote neutrality. The good metrics are the ones
that have at least one check without crosses. The metrics that satisfy this statement
are highlighted in yellow: DICE, JAC, FMS, ARI, KAP, AHD and Pratt. In order
to avoid redundancy, JAC and FMS were excluded because they provide a similar
ranking than DICE coefficient (JAC and FMS are derived from the DICE equation).
Following the same criteria, AHD and Pratt are metrics based on distance errors,
so one of them may be excluded. Since AHD does not rank the similarity between
segmentations in a range scale (as Pratt does, between 0 and 1), we consider that
is less intuitive, and it has also been excluded. Thus, the metrics that best suit
the guidelines are: one based on overlapping (DICE), one based on pair-counting
(ARI), one based on probabilistic means (KAP), and one based on distance (Pratt).

Lastly, in order to verify the concordance between the metrics, pairwise Pear-
son’s correlation coefficients were calculated. The 760 ranks obtained for each
metric are correlated between them and deployed on Table. 6.4. The results show
a great correlation between the four metrics which mean that any of them can be
chosen as a good metrics. For the purpose of objectively evaluate the accuracy of
the glottal gap segmentation only DICE and Pratt are used.

6.5 Results

The subjective evaluation was carried out for the whole database DB2 by an expert
used to deal with laryngeal images. Meanwhile, the objective supervised evaluation
was carried out on 38 different high-speed recordings from DB2. From each movie
a sequence of 20 frames was manually segmented MaN, leading to a total of 760
images analyzed. It is worth mentioning that all experiments were executed on a
MacBook Pro with a 2.4 GHz Intel core i5 processor and 8 GB of RAM memory.
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MaN vs InP MaN vs SrG MaN vs SnW
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µ εclose µ εclose µ εclose

DICE X X 0.70 0.07 0.57 0.23 0.52 0.32
JAC X X 0.60 0.07 0.48 0.23 0.45 0.32
TPR X X 0.75 0.07 0.57 0.23 0.60 0.32
TNR X X 0.92 0.07 0.76 0.23 0.71 0.28
FMS X X 0.71 0.07 0.57 0.23 0.54 0.29
FPR X X 0.07 0.17 0.23 0.25 0.28 0.10
FNR X X 0.24 0.17 0.42 0.13 0.39 0.20
PPV X X 0.73 0.07 0.61 0.23 0.48 0.32
GCE X X 0.07 0.10 0.23 0.13 0.28 0.10
OCE X X 0.64 0.07 0.54 0.23 0.48 0.29

RI X 0.91 0.07 0.76 0.23 0.71 0.28
ARI X 0.70 0.07 0.57 0.23 0.52 0.28
VI X X 0.09 0.10 0.25 0.13 0.30 0.10

KAP X X 0.70 0.07 0.57 0.23 0.52 0.28
AUC X X 0.84 0.07 0.67 0.23 0.65 0.28
HD X X X 6.69 0.11 6.05 0.17 8.71 0.14

AHD X X X 0.71 0.11 0.59 0.17 1.32 0.14
Pratt X X X 0.72 0.07 0.60 0.23 0.54 0.28

Table 6.3: Summary of the 18 metrics with the selection guidelines. Each row
corresponds to one of the metrics. The first seven columns correspond to the prop-
erties evaluated to be part of the good metrics set. A check (X) denotes that the
metric is recommended for the corresponding property; a cross (X) denotes that
the metric is not recommended; and empty cells denote neutrality. The last three
columns are the average values of each metric for the three assessments.

ARI DICE KAP Pratt
ARI 1 1 1 0.95

DICE 1 1 1 0.95
KAP 1 1 1 0.95

MaN
vs

InP
Pratt 0.95 0.95 0.95 1
ARI 1 1 1 0.97

DICE 1 1 1 0.97
KAP 1 1 1 0.97

MaN
vs

SrG
Pratt 0.97 0.97 0.97 1
ARI 1 0.99 1 0.97

DICE 0.99 1 0.99 0.97
KAP 1 0.99 1 0.97

MaN
vs

SnW
Pratt 0.97 0.97 0.97 1

Table 6.4: Pearson’s Correlation coefficients among the good metrics. Correlations
correspond to MaN vs. InP, MaN vs. SrG and MaN vs. SnW trials.
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6.5.1 Analytical Assessment

The SnW algorithm was completely implemented in Matlab R© with a computation
cost of 0.58 fps. SrG was written in C++ using the cross-platform GUI library
wxWidgets 2.8.12. Since SrG is only available for the Windows R© platform, it was
necessary to run the software in a virtual machine with Windows 7. The segmenta-
tion time of 400 high-speed images took approximately 3.1 s without considering
the previous user interaction. The user adjusted values of the thresholds were in
average 53.4±16.9 s. Lastly, the InP was implemented in C++ using the OpenCV
library, and the segmentation results were exported and plotted in Matlab for a
better visualization of the results. The segmentation time for the fully automatic
procedure of 400 high-speed images took approximately 23 s. while the user in-
tervention took less than 25.4±12.7 s for each high-speed sequence. Table 6.5
summarizes the segmentation times of the three algorithms.

s/image InP SrG SnW
Automatic 0.057±0.01 0.007±0.0018 0.58±0.09

User interaction 25.4±12.7 53.4±16.9 —

Table 6.5: Segmentation times of the three algorithms (in fps) of 400 high-speed
images.

6.5.2 Subjective Assessment

Five playbacks were synthesized to analyze the accuracy of the vocal folds deflec-
tions for the 38 LHSV: GVG, PVG, GAW, VFT and VKG. They were rated in a
0-5 point scale.

Concerning to the segmentation quality trial, InP was rated 4.1±0.6 (mean
value±std deviation), SrG with 3.8±0.8 and SnW with 2.2±0.4. However, the
experiments reported values up to 4.7 (mean) using SrG complemented with a
strong user intervention.

Regarding to the readability of the playbacks, InP and SrG have again a similar
performance, ranking 3.4±0.5 and 3.3±0.6 respectively. Contrariwise, SnW only
reached values of 2.7±0.3, making difficult the interpretation of the GVG and PVG
playbacks.

Lastly, the shape similarity between VKG and VFT was 3.8±0.7, 3.7±0.8 and
3.5±0.4 for InP, SrG and SnW respectively. The subjective findings for the whole
database are summarized in Table. 6.6 for the three segmentation techniques. The
results suggest that the best segmentation accuracy is obtained with InP followed
closely by the SrG method.

In order to better illustrate the results of the subjective evaluation, a subset of
10 LHSVs is assessed and their medical findings summarized in Table 6.7. (P0)
shows a no symmetric pattern between the left and right vocal folds, (P1) has a
bocio multinodular in the right vocal fold, (P2) and (P7) represents a normal voice



130 CHAPTER 6. Contribution to the Glottal Gap Segmentation

Quality Readability Shape
InP 4.1±0.6 3.4±0.5 3.8±0.7
SrG 3.8±0.8 3.3±0.6 3.7±0.8

SnW 2.2±0.4 2.7±0.3 3.5±0.4

Table 6.6: Subjective assessments used to evaluate the segmentation performance
(in a 0-5 point scale).

production with a glottal chink, (P3) represents a normal phonation with a complete
posterior closure, the presence of polyps and nodules can be clearly identified in
(P4) and (P8) respectively, (P5) depicts a closure defect in the anterior part of the
vocal folds and (P6) displays the vibratory pattern of a patient with vagal paragan-
glioma.

sex age medical finding
(P0) female 58 no symmetric
(P1) female 41 bocio multimodular
(P2) female 28 normal, glottal chink
(P3) female 59 normal
(P4) female 29 polyp
(P5) female 84 no anterior close
(P6) male 82 vagal paraganglioma
(P7) female 54 normal, glottal chink
(P8) female 45 nodule
(P9) male 105 normal

Table 6.7: Summary of the clinical information for a subset of 10 HSV taken from
the database DB2.

The glottal segmentation of four frames corresponding to the video sequences
(P5) and (P7) are depicted in Figure 6.22. MaN is used as a baseline and is pre-
sented in the first row for comparison purposes. The glottal contours are shown
in blue and red for the right and left vocal folds respectively. For these particu-
lar examples, InP and SrG present almost the same segmentation results and both
of them are highly correlated with the one obtained in MaN. Contrariwise, SnW
presents problems of over-segmentation and also can not segment correctly the
glottal gap in presence of a glottal chink.

With respect to the use of the playbacks, the GVGs and PVGs for InP, SrG
and SnW are depicted in Figure 6.23, respectively. Meanwhile, the overlapping
between VKG and the trajectories of the vocal folds for 4 oscillation cycles in the
medial axis are showed in Figure 6.24. As it can be observed, the playbacks ob-
tained using InP and SrG have well defined vibratory patterns that can be easily
readable for all the subset videos. However, they have slight differences in the du-
ration of the glottal cycles, in the presence or not of a glottal chink and in the main
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Figure 6.22: Segmented frames corresponding to a dysphonic voice (P5) and to
a normal voice production (P7). First row: manual segmentation (MaN); second
row: segmentation based on inpainting (InP); third row: segmentation based on
region growing (SrG); fourth row: segmentation based on snakes and watershed
(SnW).

glottal axis crossing. For instance, the patient (P2) presents a glottal chink that is
observed either with InP or SrG but its size changes depending on the method used
for the segmentation. Additionally, extra artefacts in blue can be observed in the
SrG PVG which mean crossing of the main glottal axis. For this particular patient
the correct segmentation is the one obtained using InP since there are no crossing
and the size of the glottal chink is correct. Contrariwise, (P4) shows an example in
which the segmentation based on SrG performs better that the one obtained with
InP since the correct vibratory pattern is one without glottal chink.

On the other hand, the playbacks obtained with SnW are not legible for all
the videos ((P2), (P4), (P6), (P8) and (P9)) and also present unexpected vibratory
patterns with respect to their medical finding ((P0) and (P7)). Therefore, the seg-
mentation obtained via SnW is less accurate in comparison with InP and SrG when
the GVG and PVG are assessed.

The results of the subjective rating of the 10 LHSVs are summarized in Fig-
ure 6.25 on a 5-point ordinal-scale. The three segmentation algorithms are de-


