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This special edition concerns image processing in ophthal-
mology. This issue is related to a variety of modern imaging
methods. Precise discernment of a disease, its correct diag-
nosing, effectual planning, and successful realization of treat-
ment, especially surgical, in any branch of medicine,
including ophthalmology, cannot be provided today without
specific techniques of image processing and quantitative
data. Each and every obtained quantitative result is the out-
come of image analysis and processing algorithms imple-
mented in a software. However, the software is not always
perfect. Even today, the software does not provide fully auto-
matic, reproducible, and quantitative results in the case of
high interindividual variability. Therefore, the software in
ophthalmology implementing corresponding algorithms
must be tailored for specific applications—analysis of the ret-
ina, cornea, and so on. This area of image processing has
been addressed in six articles included in this special edition.

Imaging the blood vessels, their accentuation, or even
extraction is still the area of interest. It concerns the selection

of image analysis and processing methods to extract blood
vessels. It is a real art to find a segmentation method whose
results are independent of the image angle (rotation). Z.
Yavuz and C. Köse proposed a method using four stages:
preparation of a dataset for segmentation; Gabor, Frangi,
and Gauss filtration and top-hat transform; and K-means
and fuzzy c-means clustering and removal of falsely seg-
mented isolated regions. The obtained results relate to the
K-means clustering method—95.94% and 95.71% of accu-
racy for STARE and DRIVE databases. A similar issue was
discussed in the article written by R. Ramli et al., who used
a difference of Gaussian pyramid with a saddle detector. This
pyramid was tested on the Fundus Image Registration Data-
set consisting of 134 retinal image pairs. The authors’ results
showed that D-Saddle registered 43% of retinal image pairs
with an average registration accuracy of 2.329 pixels. The
method proposed by R. Ramli et al. provides much better
results compared to the results known today. A new method
of analysis and interesting results are also presented in the
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work of A. Lyssek-Boroń et al. In this work, the authors
analyse retinal OCT. By comparing the group with open-
angle glaucoma and the group without glaucoma, they
demonstrated that the retinal nerve fibre layer thickness in
the temporalis quadrant decreases significantly 6 months
after surgery. Measurements of corneal thickness in the
eyes with pseudoexfoliation syndrome are presented by
K. Krysik et al. They showed that the mean CCT in the
eyes with PEX syndrome measured with three instruments
was thicker compared to that in the normal eyes. The results
concerned 128 eyes of patients with diagnosed PEX and 112
normal eyes.

Two of the articles concern the cornea and pupil. One of
the papers written by P. Kasprowski and K. Harezlak is
devoted to the vision diagnostics and treatment system for
children with disabilities. This system enables to track eyeball
motility. The presented system is equipped with specialized
software. This system allows stimulation of children’s vision
with a dedicated stimulus and post hoc analyses of recorded
sessions. It is therefore an extremely useful tool for both an
ophthalmologist and neurologist. The other article written
by R. Koprowski and S. Wilczyński focuses on the dynamics
of the cornea. Monitoring of the cornea during intraocular
pressure measurements provides additional parameters such
as amplitude of vibrations or their phase. This is discussed in
detail in the mentioned article.

In summary, this special edition is mainly devoted to the
methods based on the detection and segmentation of vessels
and arterioles of the retina; there are also articles discussing
OCT, eye tracking, and a high-speed Scheimpflug camera.
We hope that this special edition will bring new knowledge
and will be interesting and inspiring for the readers.

Robert Koprowski
Anna Nowińska

Sławomir Wilczynski
Michele Lanza
Vasyl Molebny

Renato Ambrosio
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Introduction. The paper presents a commentary on the method of analysis of corneal vibrations occurring during eye pressure
measurements with air-puff tonometers, for example, Corvis. The presented definition and measurement method allow for the
analysis of image sequences of eye responses—cornea deformation. In particular, the outer corneal contour and sclera fragments
are analysed, and 3D reconstruction is performed. Methods. On this basis, well-known parameters such as eyeball reaction or
corneal response are determined. The next steps of analysis allow for automatic and reproducible separation of four different
corneal vibrations. These vibrations are associated with (1) the location of the maximum of cornea deformation; (2) the cutoff
area measured in relation to the cornea in a steady state; (3) the maximum of peaks occurring between applanations; and (4) the
other characteristic points of the corneal contour. Results. The results obtained enable (1) automatic determination of the
amplitude of vibrations; (2) determination of the frequency of vibrations; and (3) determination of the correlation between the
selected types of vibrations. Conclusions. These are diagnostic features that can be directly applied clinically for new and
archived data.

1. Introduction

Currently, there exist numerous methods for measuring
intraocular pressure. Some well-known methods use the
Ocular Response Analyzer (ORA) [1] or Goldmann [2],
Schiötz [3], or Corvis tonometers [4–9]. The last one,
namely, the Corvis tonometer, uses an air puff in noncontact
intraocular pressure measurements. Cornea deformation
resulting from an air puff (and also the eyeball reaction), with
simultaneous pressure measurement and registration using
the ultra-high-speed Scheimpflug camera, enables determi-
nation of intraocular pressure (IOP). In addition, the use
of the ultra-high-speed Scheimpflug camera allows for regis-
tration of deformation and thus the measurement of other
additional features of the cornea. These features include
the measurement of pachymetry, points and amplitude of
applanation, or the maximum cornea deformation. These

parameters are available in the original software (ver. 1.0)
of the Corvis tonometer. In addition, with the newer software
(ver. 1.1), it is possible to measure the eyeball reaction. These
are numerical data or data in the form of two-dimensional
graphs. The values are read using a slider, which also enables
to observe a sequence of images illustrating successive stages
of cornea deformation.

The ability to follow cornea deformation and obtain new
additional parameters (except for IOP), such as the afore-
mentioned applanation points, allows for a wide comparison
of results obtained from different disease entities and with
other tonometers.

So far, ophthalmologists have conducted a series of com-
parisons involving patients with keratoconus [10, 11] and
diabetes [12–23], patients after surgery [24], and others
[25–35]. In each case, only the parameters available in the
original software of the Corvis tonometer were compared
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[5, 36–39]. The search for the terms “Corvis tonometer” or
“cornea deformation” in the database of Authormapper
articles provides the results presented in Table 1.

The data presented in Table 1 (possible multiple repeti-
tions of the same publication) show that the area of cornea
deformation analysis and attempts to connect the model with
empirical results are still under investigation. The search for
the same two keywords in the Web of Science database in
terms of the number of citations provides the following
results (see Table 2).

The summary presented in Table 2 clearly shows that
the research related to the Corvis tonometer mostly
involves clinical studies. These works are relatively new,
covering a range of the past two years, and coincide with
the development of the Corvis tonometer. On the other
hand, publications on cornea deformation, including older
studies, are most often cited. In the new studies relating
to the Corvis tonometer, corneal vibrations were not ana-
lysed or only simulations were performed [62], despite the
fact that their presence in image sequences was signalled in
various papers [63–65]. The main obstacle was the lack of

appropriate software or even image analysis algorithms
allowing for their calculation or at least quantitative estima-
tion. The first reports of corneal vibrations were presented
in paper [66]. The first repeatable quantitative vibration anal-
ysis was reported in [67] and later extended in [68]. However,
this is only one possible type of corneal vibration. For this
reason, a wider analysis and definitions, including four differ-
ent types of corneal vibrations occurring during IOP mea-
surements by an air-puff method, are presented below.

2. Material

Input images were a sequence of 140 2D images of cornea
deformation. The image resolution M×N=200× 576 pixels
(where M—rows and N—columns) covered the area of
3.3× 9.05mm, which gave the pixel size of 16.5× 15.7μm.
A sequence of 140 images was acquired at discrete time
points every 0.23ms. No research or experiments on patients
were performed as part of the study. The images were
acquired (retrospectively) from the Corvis ST (OCULUS
Optikgeräte GmbH, Germany) with software version 1.02,

Table 1: Summary of the first three results in the Authormapper database for the terms “Corvis tonometer” and “cornea deformation” as of
October 16, 2017.

Term Country/unit/author Number of publications Publications

Corvis tonometer

Country

Germany 6 [40–42]

Poland 17 [43–45]

Israel 1 [46]

Unit

University of Silesia 13 [44, 45]

Care-Vision Hamburg 1 [10]

Medical University of Silesia 1 [43]

Author

Koprowski R. 17 [43–45]

Druchkiv V. 2 [10, 41]

Frings A. 2 [10, 41]

Cornea deformation

Country

Poland 27 [43–45]

United States 370 [46–48]

South Korea 21 [49–51]

Unit
University of Zielona Gora 506∗ [52]

NanoEnTek Inc. & Digital Bio Technology Co. Inc. 225∗ [53]

Author

Koprowski R. 12 [54]

Elsheikh, Ahmed 8 [55]

Grishin, V. N. 7 [56]
∗Possible multiple repetitions of the same publication.

Table 2: Summary of the first three publications with the highest number of citations in the Web of Science database for the terms “Corvis
tonometer” and “cornea deformation” as of October 16, 2017.

Term Year Publication Number of citations Number of analysed patients

Corvis tonometer

2013 Hong J. X. [57] 69 36 ill patients, 23 healthy subjects

2013 Reznicek L. [58] 40 142 eyes with glaucoma and 36 control eyes

2014 Ali N. Q. [59] 38 103 healthy eyes

Cornea deformation

2005 Storm C. [60] 739 None

2005 Liu J. [61] 370 Model

2006 Congdon N. G. [62] 257 230 subjects, 194 had a diagnosis of primary open-angle glaucoma
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Image Database Repository, and artificially generated
data (proprietary software in Matlab Version 7.11.0.584,
R2010b) including healthy subjects. Proper operation of the
algorithm was tested for tens of thousands of 2D images in
Matlab Version 7.11.0.584, R2010b, with Image Acquisition
Toolbox Version 4.0 and Image Processing Toolbox Version
7.1. There was no exclusion criterion—the proposed algo-
rithm had to work correctly in all cases.

3. Method

The Corvis tonometer allows for the acquisition of data in
different formats such as a video (∗.avi), a sequence of images
(∗.jpg), or a losslessly compressed archive (∗.U12). One of the
most convenient formats for analysis is a sequence of images
∗.jpg. Each measurement is stored as an image LGRAY(m,n,i)
where m—row m∈ (1,M), n—column n∈ (1,N), and i—dis-
crete time moments of measurement for which i = 1 for t =
0, i = 2 for t = 0 23 ms, i = 3 for t = 0 46, and so on. Each of
the images LGRAY(m,n,i) is subjected to the outer corneal
contour analysis (see Figure 1).

As shown in paper [67], the best results were obtained for
the dedicated contour detection algorithm. This algorithm
provided better results than in the cases of the well-known
Canny, Roberts, Prewitt, and Sobel filters [69–75]. Better
results are herein understood as the results which provide
the correctly detected corneal contour in a 10% greater

number of cases. Operation of the contour detector presented
in publication [67] is based on the sequential analysis of
the cornea position for the next columns of the image
LGRAY(m,n,i). This analysis enables automatic determination
of the greatest object (cornea) and removal of noise, usually
in the form of separate bright pixels. In addition, this opera-
tion enables the removal of uneven lighting. This is an
extremely important feature of the algorithm because uneven
brightness is significant for typical 2D cornea deformation
images (LGRAY(m,n,i)). For this reason, typical and simpler
tools of image analysis and processing such as binarization
with a lower threshold, or binarization with two thresholds
and an automatically selected threshold, for example, from
the Otsu formula [76–79], cannot be used here. The outer
corneal contour designated hereinafter as Lw(n,i) was taken
into consideration in the analysis. The results obtained,
Lw(n,i), were subjected to further processing: (1) cornea
deformation—Ld(n,i); (2) separation of the eyeball reac-
tion—Lq(n,i); (3) designated corneal contour—Lc(n,i); (4)
deformations with a frequency of less than 100Hz—LL(n,i);
and (5) deformations with a frequency greater than
100Hz—LH(n,i). The latter ones, that is, deformations with
the frequency above 100Hz, are the subject of further analy-
sis. A block diagram of this division is shown in Figure 2.

Details of this known analysis stage are shown, for exam-
ple, in paper [43], and will be omitted here. As is apparent
from Figure 2, four different types of vibrations were sepa-
rated from the waveforms LH(n,i), Lc(n,i), and Ld(n,i). They
are described in detail in the following subsections.

3.1. First Type—Peak Vibration. Peak vibrations, variables
mkl and mkr, are defined as the relative position changes in
the row axis (Y) of the corneal contour local minima occur-
ring between two applanations, Ap1 and Ap2. Their position
for the subsequent time moments (parameter “i”) was calcu-
lated according to the following formula:

mkl i = min
n∈ 1,N/2

Ld n, i , 1

where i∈ (Ap1, Ap2).

(a)
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Inner edge
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(b)

Eye
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Eyeball
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Deformation < 100 Hz

Deformation ≥ 100 Hz

Eyeball
constant

(c)

Figure 1: Block diagram of the subsequent major phases of
measurement and analysis: (a) image acquisition using the Corvis
tonometer, (b) automatic recording and analysis of the outer
corneal contour, and (c) analysis allowing for the division of the
eye reaction into three components and further separation of
deformation with their respective frequencies.
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Figure 2: Block diagram of the division of image analysis into
various stages and the adopted symbols.
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Similarly,

mkr i = min
n∈ N/2−1,N

Ld n, i , 2

where i∈ (Ap1, Ap2).
The minimum value is due to the adopted coordinate

system referenced to the image (matrix) for which rows
are numbered from the top starting from the first one.
The measurement methodology is shown demonstratively
for a sequence of five cornea deformation contours in
Figure 3(a). Sample results, vibrations |mkl(i)−mkr(i)|, are

shown as a function of time (consecutive images i) in
Figure 3(b).

Values of the error δ visible on the graphs in Figures 3(b)
and 3(d) result directly from the measurement idea. The
error in determining the correct position of points mkl(i)
and mkr(i) as well as mfl(i) and mfr(i) is strictly dependent
on the amplitude of Ld(n,i) (where n∈ (1,N)). The greater
the amplitude of Ld(n,i), the greater the slope of the curves
(Figures 3(a) and 3(c)) and the more accurate the measure-
ment—subpixel accuracy. For the lack of cornea deformation
(the end and beginning of measurement), this error is the
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Figure 3: Diagram and results of peak vibration and quarter vibration calculations. (a, c) Schematic diagrams of calculating the peak vibration
and quarter vibration and (b, d) examples of the results together with their magnification and measurement error δ, respectively. For the
analysed case, Ap1 = 10ms and Ap2 = 21ms.
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greatest due to the largest signal-noise ratio—a maximum
of ±1 pixel. It was estimated on the basis of research con-
ducted in papers [45, 67, 68] that the error δ is approximately
proportional to the amplitude of the waveform Ld(n,i).
Therefore, the measurement error δ, expressed in pixels, is
calculated according to the following formula:

δ i =

1
〠n=1

N
Ldb n, i

 if 〠
n=1

N

Ldb n, i ≠ 0,

1 if 〠
n=1

N

Ldb n, i = 0,

3

where

Ldb n, i =
1 if Ld n, i > Pr ,
0 if others,

4

where pr is the binarization threshold determined at the level
of 2 pixels taking into account the noise.

Figure 3(b) shows peak vibrations of all 140 registered
images for the full time range and the magnification in
the area covering the first and second applanations
(i∈ (Ap1, Ap2)). Peak vibrations, and to be more specific their
absolute differences, range from 0 to 0.11mm. Their largest
amplitude is achievable a few milliseconds before the sec-
ond applanation (Ap2). By assessing peak vibrations as the
absolute difference between mkl(i) and mkr(i), it is possible
to become independent of the eyeball vibration or changes in
its position relative to the tonometer. The measurement
error range which is affected by the spatial image resolu-
tion error of 16.5× 15.7μm and the adopted measurement
method is marked on the graph in Figure 3(b). The larger
the difference between mkl(i) and mkr(i), the smaller the
measurement error.

3.2. Second Type—Quarter Vibration. Quarter vibrations,
variables mfl and mfr, are defined as the relative position
changes in the row axis of the two points of the corneal con-
tour being in the middle of the distance between the peaks
and the maximum deformation (nfl, nfr), measured for fre-
quencies greater than 100Hz. The vibrations of this type
are most apparent in the qualitative evaluation of various
stages of cornea deformation in the pressure measurement.
The measured vibrations reach in these places the greatest
amplitude [68]. The measurement of quarter vibrations was
implemented according to the following formula:

mf l i = LH
nkl + nd

2 , i ,

mf r i = LH
nkr + nd

2 , i ,
5

where nd is the maximum cornea deformation determined on
the waveform LL(n,i) (see Figures 3(c) and 3(d)). The exact
definition of finding points nd for the next i is presented in
the next subsection. The obtained sample results of quarter
vibrations (exactly |mfl(i)−mfr(i)|) are shown together with
the measurement error in Figure 3(d). The maximum

amplitude is equal to 60μm and occurs for the time moment
(i) equal to 15.9ms. It is worth noting that the maximum
amplitude of quarter vibrations occurs in between two appla-
nations Ap1 and Ap2.

3.3. Third Type—Maximum Deformation Vibration. The
maximum deformation vibration, variable nd, is defined as
the absolute changes in the position of the local maximum
in the column axis (X). The position of the local maximum
is determined at applanation intervals (i∈ (Ap1, Ap2)) and
nd∈ (nfl, nfr), that is,

nd i = arg max
n∈ nf l ,nf r

Ld n, i 6

Figures 4(a) and 4(b) show graphically measurement
ideas and examples of vibration analyses. The graphs in
Figures 4(b) and 4(d) show examples of results of nd(i), abso-
lute differences between nbl(i) −nbr(i), and the values of the
measurement error calculated according to (4).

The maximum deformation vibration analysis provides
quite interesting results concerning the movements of the
maximum cornea deformation during measurement. These
movements are in the range of 0.3mm, and for all the ana-
lysed cases, they reach a greater value before the second
applanation Ap2 (20, 21ms).

3.4. Fourth Type—Cutoff Vibration. Cutoff vibrations—nbl
and nbr—are defined as the relative position changes in the
column axis (X) of the end points in which the cornea chan-
ged its position with respect to the original position (see
Figure 4(c)).

nbl i = min
n∈ 1,N/2

Ld n, i − Ld n, 1 , 7

nbr i = min
n∈ N/2+1,N

Ld n, i − Ld n, 1 , 8

where i≠ 1.
Equations (7) and (8) relate to the last and first detected

minimum. The obtained measurement results |nbl(i) −nbr(i)|
(Figure 4(d)) confirm the cutoff vibration change of 0.2,
0.3mm. The locations of points nbl and nbr are also
shown on the 3D reconstruction, in Figure 5, which can
be performed by using basic data concerning biomechan-
ics of the cornea (mainly viscoelasticity) and its possible
deformations [42, 44, 61].

The reconstruction shown in Figure 5 was performed
using the linear interpolation for the next points of the cor-
neal contour spaced with respect to its main axis of symmetry
(an additional dimension “w” was created in this way).

The summary of four different types of vibrations is
shown in Figure 6.

4. Discussion

The four types of corneal vibrations occurring during IOP
measurement form the basis for further analysis. The assess-
ment of clinical usefulness is related to different vibration
types with varying degrees.
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4.1. Cutoff Vibrations. Vibrations of the start and end
points of cornea deformation are associated with the lack
of symmetry in deformation. In addition, large values of
the cutoff vibration result from the fact that measurements
are performed near the first or second applanation. In near
applanation (Ap1, Ap2), the cornea is flattened and calcula-
tions are less accurate. Vibrations of this type are the least

resistant to noise and artefacts occurring in the sequence
of analysed images.

4.2. Maximum Deformation Vibration. This vibration is
essential for the determination of the maximum deflection
waveform as a function of time. Waveforms of such a func-
tion are shown by default in the Corvis tonometer software.
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However, the graphs do not enable to correct the position
change (vibration) of the maximum deformation point in
the column axis (X). The graphs provided in the Corvis soft-
ware relate to the analysis of movement in the row axis (Y) of
only one point—usually the main axis of the cornea.

4.3. Quarter Vibration. As mentioned above, it is the most
common vibration type occurring in literature [43, 45, 65,
66, 68]. However, it is nowhere precisely defined. Vibrations
of this type result from the wave phenomena occurring in
the eye with the vitreous. Figures 7 and 8 show a 3D recon-
struction of corneal vibrations for the selected time
moments t = 14 5 ms and 15.9ms as well as the minimum
and maximummarked in red, which form the basis for calcu-
lating quarter vibrations.

The vibration directions indicated with red arrows in
Figures 7 and 8 were adopted conventionally. When ana-
lysing quarter vibrations, it is possible to notice cyclical
movements of the points mfl and mfr from the maximum
to the minimum vibration amplitude, respectively—in this
case, ±0.03mm. The points (mfl,mfr) together with the points
(nfl,nfr) (Figure 3(a)) form, at each time moment, the angle λ,
that is,

λ i = a tan 2 mf l i −mf r i , nf l i − nf r i , 9

where a tan 2 is the four-quadrant inverse tangent (arctan-
gent) of the real parts of mfl(i)−mfr(i) and nfl(i)−nfr(i).

The sum of the angular values λ(i) at each ith time
moment enables to determine the angle β(i):

β i = 〠
i

i=1
λ i 10

The changes in the value of the angle β(i) for the quarter
vibration and peak vibration are shown in Figures 9 and 10.

As is apparent from the presented graphs (Figure 9), the
values of the angle β(i) for the quarter vibration do not
exceed 90° in any of the six cases. This is due to the relatively
small amplitude of the quarter vibration (±0.03mm).

4.4. Peak Vibrations. These are vibrations having much larger
amplitude and values of the angle β(i) than quarter vibra-
tions (Figure 10). Peak vibrations are a consequence of quar-
ter vibrations—correlation for all the analysed cases was 0.78.
Peak vibrations are very insensitive to the noise occurring in
images. At any timemoment, determination of the local min-
imum values in accordance with the definition is algorithmi-
cally clearly defined and fairly simple.

The frequency of all four vibration types and their simpli-
fied definitions are given in Table 3.
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The results presented in Table 3 are sensitive to chang-
ing parameters in different ways. The most sensitive to
changing parameters is the cutoff vibration. This is due
to the idea of measurement, in which the most sensitive

element is designation of points nbl and nbr—the junction
of the original (steady) state of the corneal contour with the
analysed contour. For this reason, there are large discrepan-
cies in determining the vibration frequency (302± 112Hz).
The results obtained for the other vibration types are less
dependent on the selection of the parameters and are limited
to the resolution error of around ±17μm. As noted earlier,
the peak vibration is the least sensitive to changing parame-
ters and noise. The individual harmonics of the selected
vibration type are similar to each other in terms of both fre-
quency and amplitude (areas of flat frequency spectrum). For
this reason, the vibration amplitude (of any of the four dis-
cussed vibrations) calculated in accordance with the pro-
posed definition is several times greater than the amplitude
of the first harmonic. The recorded vibrations consist of sev-
eral harmonics whose amplitude is not too large (single
pixels). The vibration waveform analysis for all components
with higher (>100Hz) frequency not only enables to reduce
the measurement error but also ensures better reproducibil-
ity of measurements for a single patient.

The presented types of corneal vibration can be analysed
in terms of their diagnostic clinical usefulness. For example,
for such defined vibrations, a comparative analysis with
patients with keratoconus or glaucoma can be performed.
Any change in the biomechanical conditions of the cornea
and in particular corneal thickness [32, 80–86] affects the
measured biomechanical parameters of vibrations. Evalua-
tion of the effect of these diseases on the obtained results
and their diagnostic usefulness will be the subject of
subsequent authors’ papers.

5. Critical Summary

This paper proposed and defined the measurement method
and presented the results for four different types of corneal
vibrations based on the literature review. The proposed mea-
surement method has the following advantages:

(i) The measured vibrations are a new feature (actu-
ally a set of four features) complementing other
known characteristics measured using the Corvis
tonometer (such as applanation times, pachyme-
try, or IOP).

(ii) Definitions of the various vibrations are easy to
record, which facilitates their physical interpreta-
tion and assessment of their clinical application.

(iii) Vibration measurement can be performed based on
the image sequences from the ultra-high-speed
Scheimpflug camera during pressure measurement
with an air-puff method using any other device
(not just the Corvis tonometer).

(iv) All measurements of vibrations are fully repro-
ducible and provide the results in a fully auto-
mated way.

(v) Vibration analysis time on the PC with the Intel
Core i7-4960X CPU @ 3.60GHz is a few seconds
for a new sequence of analysed images and less than
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a second when reading the corneal contour data
matrix from the hard disk.

(vi) Cutoff vibration measurement is most critical in
terms of the sensitivity to changing parameters.

(vii) There is a statistically significant correlation
between peak vibration and quarter vibration.

The results can be compared with a number of works
based on the corneal vibration simulation. In paper [64],
the authors demonstrated that optical coherence tomo-
graphic (OCT) vibrography is able to determine corneal
material parameters, while reducing current prevalent
restrictions of other techniques (such as intraocular pressure
(IOP) and thickness dependency). Results from the simula-
tion can be successfully compared with the obtained results
of vibration measurements proposed in this article. Similarly,
in the doctoral thesis [87], there is a significant discrepancy
between the results obtained from simulation and the ones
obtained in practice. The vibration analysis presented in pub-
lication [68] concerns only one of the described vibration
types (quarter vibration), and only the first harmonic is
analysed. Therefore, in the subsequent papers, the authors
intend to conduct detailed clinical studies comparing the
amplitude and frequency of the various types of vibration
for different diseases: keratoconus, peripheral blood pressure,
diabetes, operating fugitives, and so on. Repeatability of
measurements of the defined four vibration types and, in
particular, the impact of individual variability of patients will
be also measured. In addition, there will be an attempt to
carry out 3D modelling of vibrations using, for example,
the finite element method.

The results presented in this article may also be com-
pared with the results obtained by other authors. This type
of comparison concerns two areas of articles: for which the
results are obtained from actual measurements (healthy sub-
jects and ill patients), for which the results are obtained from
simulations. In the first case, the results of other authors,
Mercer et al. [88], relate to cornea deformation analysis dur-
ing intraocular pressure measurement of 89 eyes (47 normal,
42 keratoconic) using the Corvis tonometer and a validation
arm of 72 eyes (33 normal, 39 keratoconic) using the Corvis
ST. Keratoconus was diagnosed by clinical findings and con-
firmed by topography and tomography. In turn, Jung et al.
[89] analysed 75 healthy subjects and 136 patients from
a glaucoma group. After adjusting potential confounding
factors, including the intraocular pressure, age, central cor-
neal thickness, and axial length, the deformation amplitude
was smaller in the glaucoma group (1.09± 0.02mm) than in

the normal control group (1.12± 0.02mm) for p = 0 031.
According to the results provided by other authors [89],
the deformation amplitude and the deflection amplitude
of the severe glaucoma group (1.12± 0.02mm and 0.92±
0.01mm) were significantly higher than in the case of the
early glaucoma group (1.07± 0.01mm and 0.88± 0.11mm),
p = 0 006 and p = 0 031, respectively, whereas for the moder-
ate glaucoma group (1.09± 0.02mm and 0.90± 0.02mm),
they were greater than for the early glaucoma group, but this
difference was not statistically significant. Very interesting
findings were presented by Boszczyk et al. [90], who analysed
10 patients in whom biomechanical parameters of the cornea
were measured during IOP measurement. The authors
showed that intraocular pressure and amplitude of corneal
indentation are inversely related (p = 0 0029), but the corre-
lation between intraocular pressure and amplitude of eye
retraction is low and insignificant (p = 0 51).

The results of simulation and application of phantoms
are another analysed area. In [91], Bekesi et al. analysed a
new method for reconstructing corneal biomechanical prop-
erties from air puff cornea deformation images with the use
of hydrogel polymer model corneas and porcine corneas.
The simulated stress-strain curves of the studied hydrogel
corneal materials fitted the experimental stress-strain curves
from uniaxial extensiometry well, especially in the 0–0.4
range. The equivalent Young’s moduli of the reconstructed
material properties for the three polymer materials were
0.31, 0.58, and 0.48MPa and differed by <1% from those
obtained from extensiometry. Unfortunately, this article
[91] did not attempt to analyse the vibration of the corneal
model during deformation. Similarly, Elham et al. [92] did
not analyse vibrations, but only the basic parameters of the
cornea. The obtained results concern 10 compared parame-
ters, and the means of 8 were significantly different between
groups (p < 0 05 – 48 keratoconic eyes were compared with
the corresponding ones in 50 normal eyes). The means of
the parameters did not show significant differences between
keratoconus subgroups. In [93], the authors propose a labo-
ratory corneal model that was subjected to various pressures
and thermal and mechanical factors in order to better under-
stand the genesis of keratoconus deformations. An interest-
ing study was published by Matalia et al. [94]. It related to
the analysis of the correlation between corneal biomechanical
stiffness and refractive error (RE) in the paediatric popula-
tion. 733 thoroughly examined paediatric eyes were included
in the study retrospectively. However, this work only
refers to the results of simulations. Matalia et al. [94] have
confirmed the usefulness of high-field MRI in understand-
ing ocular biomechanics. They created a very interesting

Table 3: Summary of the results of calculating mean frequency of the fundamental harmonic and the amplitude of the discussed vibration
types (and their standard deviation of the mean) for 10 cases (for healthy subjects) occurring between applanations.

Vibration type Measurement in the axis Definition Frequency Vibration amplitude (all harmonics)

Cutoff vibration X |nbl(i) − nbr(i)| 302± 112Hz 0.37± 0.11mm

Maximum deformation vibration X nd(i) 515± 99Hz 0.54± 0.21mm

Quarter vibration Y |mfl(i)−mfr(i)| 408± 68Hz 74.5± 14 μm
Peak vibration Y |mkl(i)−mkr(i)| 401± 59Hz 93.2± 20.4μm
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model of the eye to explain the occurring biomechanical
processes. Due to the high-field MRI limitations, this study
does not include corneal vibration analysis during intraoc-
ular pressure measurement.

The above summary shows that the analysis of corneal
vibration during intraocular pressure measurement using
an air puff represents the future for both modelling and
phantoms [95–97] as well as for the analysis of patients and
healthy subjects.

The well-known software in the Corvis tonometer
(OCULUS Optikgeräte GmbH, Germany, software version
1.02) can analyse the basic, above-discussed biomechanical
parameters of the cornea, but it does not analyse corneal
vibrations [67, 68, 98, 99]. Thus, it leaves open space for
researchers dealing with this field of knowledge.

In subsequent studies, the authors intend to use the
discussed biomechanical parameters of the cornea and in
particular its vibration for the diagnosis of such diseases
as diabetes, keratoconus, or glaucoma. Preliminary analysis
and comparison encourage further research and measure-
ments in this area. So far, they have been carried out without
introducing the definitions discussed in this article, thus
making it difficult to compare and establish diagnostic signif-
icance, for example, in the diagnosis of keratoconus.
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Vision plays a crucial role in children’s mental development. Therefore, early diagnosis of any vision disparities and
implementation of a correct therapy is very important. However, carrying out such a procedure in case of young children and
especially children with brain dysfunctions poses some limitations due to cooperation problems. The vision diagnostics and
treatment (VisDaT) system presented in this paper is meant to help therapists in proper diagnosis and treatment involving such
children. It utilizes a computer connected to two monitors and equipped with a specialized software. The main system
components are as follows: an eye tracker recording child’s eye movements and a digital camera monitoring online child’s
reactions. The system is equipped with a specialized software, which creates the opportunity to stimulate children’s vision with a
dedicated stimulus and post hoc analyses of recorded sessions, which enable making decision as to the future treatment.

1. Introduction

From the very moment of birth, every human is faced with
the challenge of knowing the world and has to activate all
the senses for this purpose. There is a huge progress in skills
during the first year of life, and the proper vision develop-
ment has considerable impact on this process. Recognizing
shapes, colors, or other people’s emotions is facilitated signif-
icantly when the oculomotor system cooperates correctly
with the brain. However, not all people are fortunate and
their eyesight is impaired from the beginning of their lives
or becomes weakened or damaged later. Lack of ability to
see the surrounding world properly may result in some seri-
ous negative consequences, especially for children, because it
may slow down cognitive processes but also influence psy-
chosocial relationships. The problem becomes more severe
when it concerns infants or older children whose vision
impairments are accompanied by other disabling conditions
such as cerebral injuries [1]. The difficulty stems from the fact
that a child is unable to communicate what and how he/she
sees, which makes reaching a diagnosis a demanding task.
It is crucial to evaluate the extent to which children with
impairments are able to use their vision, because even weak

visual abilities may serve as the basis for vision enhancement
[2], which subsequently may entail overall intellectual devel-
opment [3]. Children with complex disabilities require sys-
tematic brain stimulation. If many visual, auditory, and
tactile stimuli engage children’s attention, then the brain
receiving pieces of information from various senses has to
organize them by recognizing, analyzing, and integrating
them. Therefore, a therapy, appropriate for a particular
impairment, should be prepared based on functional vision
assessment examination [4]:

(i) Fixation correctness—ability to keep eyesight on a
visual stimulus,

(ii) Eyeballs motility—ability to trace a moving stimulus
with eyes,

(iii) Functional visual acuity—a distance from which a
child recognizes a character of a given size,

(iv) Contrast sensitivity—the impact of a presented level
of a contrast on a child’s visual ability,

(v) Field of vision—an area, within which a child is able
to see the presented object.
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During series of tests determining conditions, in which a
child is able to perceive objects, a feedback from participants
is expected. As has been mentioned, it may pose certain dif-
ficulties, thus supporting techniques are searched for. The
solution that proves useful in dealing with the aforemen-
tioned problem is eye tracking technology, which provides
methods for registering and analyzing eye movements and
thus for evaluating the vision quality.

This was the motivating factor behind the decision to
undertake studies on developing an environment for the
vision diagnosis and therapy for children with various visual
impairments. In this paper, we present such a solution with
the discussion of its possible applications. The solution offers
using specialized device for collecting eye movements and the
multicomponent system facilitating gathering data and its
further processing and analysis.

The paper starts with the introduction to eye tracking
methods and eye movement data processing presented in
Section 2—Eye Tracking Basics. The description of the pro-
posed system including the main modules and algorithms is
described in Section 3—VisDaT System. Subsequently, some
examples of VisDaT system usages, together with obtained
preliminary results, are presented in Section 4—Results.
Finally, the last section summarizes the presented studies.

2. Eye Tracking Basics

When considering an application of eye tracking methods,
the first decision must concern a device utilized to record
eye movements. Among currently used technologies—
electrooculography [5] and video-oculography systems

[6, 7]—the latter one, due to its low invasiveness, is the
obvious choice for children-oriented experiments. VOG eye
trackers do not require direct contact with eyes, because they
record eye movement by means of digital video cameras,
capturing a sequence of eye images. An eye image may
be obtained by the application of an infrared illuminator.
Most implementations use near IR light sources with a
wavelength of approximately 880nm, almost invisible for
the human eye, but still possible to be detected by most
commercial cameras [8]. On the basis of eye images, spe-
cialized algorithms are used to evaluate the center of the
pupil and the differences in its positions to determine
eye movements. Such calculations utilize reflections caused
by light falling into the eye (Figure 1).

These reflections are almost stable regardless of an eye
ball rotation, which provides reference points for pupil center
positions. There are four such reflections named Purkinje
images (Figure 2):

(i) The first Purkinje image (P1) is the reflection from
the outer surface of the cornea (CR also called glint).

(ii) The second Purkinje image (P2) is the reflection
from the inner surface of the cornea.

(iii) The third Purkinje image (P3) is the reflection from
the outer (anterior) surface of the lens.

(iv) The fourth Purkinje image (P4) is the reflection from
the inner (posterior) surface of the lens.

Video-based eye trackers usually use only the first
one, because this is the brightest and easiest reflection

Figure 1: Eye images used by the eye tracker camera. Relation between the three illuminator’s reflections and eye center may be used to
calculate a gaze point.
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to detect and track. The difference vector between the pupil
center and the corneal reflection indicates the direction and
scope of eye movement.

The limitation of such a solution is that the eyes should
remain visible in the recording, because subsequent eye
positions are evaluated based on information obtained from
consecutive images. Construction-wise, VOG eye trackers
can be divided into three categories:

(i) Tower eye trackers—which use a tower-based ergo-
nomic chin rest to ensure the stable position of the
head and record an eye position using a high-end
camera located directly above patient’s eyes. They
ensure the best accuracy and precision among all
types of eye trackers.

(ii) Remote eye trackers—contactless, placed at some
distance in the front of an examined person. Because
of this distance, such eye trackers are less accurate
but also less cumbersome for users as there is no
chin rest and limited head movements are allowed.

(iii) Glasses—mobile, wearable eye trackers designed to
capture visual behavior in any environment. Such
eye trackers are typically equipped with two camera-
s—eye and scene cameras—and allow users to make
free movements. The data obtained from both cam-
eras must be synchronized to calculate the gaze
position.

Since we need to ensure that the eyes are seen by an eye
tracker camera, a tower eye tracker seems to be the best solu-
tion. However, it is easy to imagine how difficult it may be for
children, even in the case of healthy ones, to sit in a still posi-
tion with an immobilized head. It is even more complicated
when the problem regards children with various impair-
ments. On the other hand, head-mounted eye trackers allow
for free head movement during recordings; however, they
may be unadjusted to children’s heads, which makes it
uncomfortable and disturbing for them. There are trials of
overcoming this problem with the device suitable for chil-
dren [9], but it must be emphasized that an experiment con-
ducted with such a device is rather child driven, because the
scene viewed by a child is under its control and it is difficult
to automatically correlate a scene camera image with the
intended stimulus. Thus, remote eye trackers are considered
a solution to be used [10, 11], despite the fact that turning a

head away from an eye tracker causes loss of an eye move-
ment signal. The aforementioned problems are strengthened
when children with impairments such as cerebral palsy are
taken into consideration, because of the lack of ability to con-
trol head movements. Thus, an examining setup may be
complemented with an additional equipment such as a
stroller, car seat, or wheelchair appropriately restricting the
infants’ movements [12].

2.1. Registered Data Processing. Ensuring the possibility of
registering eye position is only the first step towards
obtaining information about children’s vision quality.
There are some additional steps, which have to be under-
taken to change registered data into valuable information.
The aim of the first step is to adjust an eye tracking environ-
ment to a particular child, which may be obtained during the
calibration process.

The commonly applied calibration procedure consists of
two stages. During the first one, the examined person’s eye
movements are registered when looking at stimuli in known
locations of a scene—usually there are points evenly distrib-
uted over a screen. In the case of an experiment engaging
adults, there are 9 points presented. Subsequently, for corre-
lating an eye tracker output with appropriate points, a func-
tion mapping registered eye positions to points of viewed
scene is defined. It is further used to provide coordinates of
user’s gazes (1). Because of idiosyncratic features of the ocu-
lomotor system, this process is conducted independently for
each examined person [13].

xs = f xe, ye ,

ys = f xe, ye ,
1

where xe and ye represent the data obtained from an eye
tracker and xs and ys are the estimated gaze coordinates on
a screen.

The function f may be defined in various ways [14];
however, the solution commonly used is the second degree
polynomial regression.

xs = Axx
2
e + Bxy

2
e + Cxxeye +Dxxe + Exye + Fx,

ys = Ayx
2
e + Byy

2
e + Cyxeye +Dyxe + Eyye + Fy

2

Not every term of the polynomial must be utilized in
the mapping function. It may be adjusted to a particular
environment during its configuration, based on the accuracy
of provided gaze points. The simplest way for its assessment
is the usage of the root-mean-squared error (RMSE), measur-
ing the difference between the stimulus location and the
mapped gaze point:

RMSE = 1
n
〠
i

Gi x, y − Ĝi x, y
2, 3

where Gi is an observed value and Ĝi is a value calculated by
the mapping function. Nevertheless, it is also possible to
apply other methods [15].

Light 

P1 P2 P3 P4

Figure 2: Illustration of four Purkinje reflections. Source: own
elaboration.
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Applying the above-presented procedure may be difficult
in the case of young children [16], as they lose their attention
very quickly and the number of calibration points should be
reduced at least to 5 [11]. Sometimes it is even impossible to
use so few points, because of the problem with communica-
tion or with understanding the rules. It forces us to further
decrease the number of points to 2 [9, 12] or the usage of
other objects interesting for children. This solution was uti-
lized in the work described in [17], where a small, visually
attractive sounding toy was displayed at one of the five prede-
fined spatial positions. Similarly, in [18], infants were shown
attention getters placed at the top left and bottom right cor-
ners of an imaginary rectangle corresponding to the corners
of the stimulus viewed during test. The calibration routine
was repeated, if infant’s gazes at test stimuli were outside of
the assumed spatial accuracy.

However, when children are affected by serious cerebral
impairments [4], additional simplification may be required;
thus, extended methods are searched for. The purpose of this
paper is to present the solution ready to be applied for exam-
ining vision quality of children with whom verbal communi-
cation is very difficult.

3. The VisDaT System Description

An environment meant for a vision diagnosis and therapy, to
prove useful, should be equipped with many visual, auditory,
and tactile stimuli, which force the brain to organize them by
recognizing, analyzing, and integrating them. Additionally,
it should be flexible in adjusting to children’s needs, which
are different dependent on their age and impairment. For
this purpose, the VisDaT system was developed in the
cooperation with a group of therapists from the BRUNO
association involved in daily care of impaired children. They
provided many useful guidelines for tool development,
especially in terms of children’s physical condition and
the stimuli elaborating. Based on the collected knowledge,
some assumptions have been made with regard to hardware
and software configuration. These assumptions and the
system implemented under their conditions were described
in subsequent sections.

3.1. Assumptions. The first and the most important circum-
stance is the inability to explain and to encourage the group
of the previously described children to follow the rules of
an intended eye tracking procedure. To facilitate eye move-
ment registration in such difficult cases, it was necessary to
prepare the workplace that would be usable even when it
was not possible to calibrate users properly. This imposes
the need to work on new methods, which could overcome
calibration problems by implicit procedure, without any
user’s cooperation. Even, when the system is not calibrated
at all, it should give some feedback—at least information if
users somehow respond to presented stimuli.

On the other hand, the system should be attractive for
children and engage them as much as possible, taking into
account their visual impairments. Therefore, a stimuli prepa-
ration should be preceded by an initial recognition of objects
which are interesting for a child. It would be convenient

to define specific stimuli and feedbacks for each child,
that is, specific colors, shapes, and sounds that a particular
child normally finds attractive. Additionally, to provide a
reward system, visual and acoustic system’s responses should
be introduced to trigger a proper child’s reaction. These
responses may be activated automatically or manually by
an operator conducting an eye tracking session. It is assumed
that this will be a therapist who works with the child on a
daily basis.

3.2. System Realization. The VisDaT system is the extended
version of the prototype presented in [19]. It consists of the
computer with dual graphics card, two displays, an Eye Tribe
eye tracker, Genius Eye camera, and speakers. The examined
person (child) sits in front of one of the displays (stimulation
screen) and watches stimuli. The Eye Tribe is situated below
the display using a special mount and records the child’s eye
movements during the whole session. The Genius camera is
situated above the display and records the child’s move-
ments. This information may be helpful in post hoc analysis
of the session. Speakers are used to emit sound, which is
treated as an award for a child for active participation. The
other display (control screen) is located nearby, but in such
a way that its content is not visible to the examined person.
The operator of the system observes the content of the con-
trol screen and uses mouse to change the content of the stim-
ulation screen and to influence the work of the eye tracker.
Both outputs—from the eye tracker and the camera—are
presented online to the operator. The simplified setup of
the system is presented in Figure 3.

The system is controlled by the specialized software. It
was written in Java language; thus, it is independent of the
operating system. However, so far, it has been tested only in
Microsoft Windows 10 environment. The workplace pre-
sented in the paper used the Dell Precision T1600 computer
with Intel Xeon 3.1GHz CPU and 4GB RAM, but any com-
puter with at least one USB3 socket should be suitable.

3.3. Solving the Lack of Calibration Problem. As mentioned in
Section 2, a typical calibration scenario, when a participant is
instructed to follow with his eyes the point displayed on a
screen, is not feasible for children with brain disorders as they
are not likely to follow any instructions. Therefore, instead of
the traditional calibration-presentation scenario, two other

(a) (b)

Figure 3: The general view of the VisDat system. It consists of the
stimulation screen (b) visible to a subject and the control screen
(a) visible to an operator.
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techniques were proposed for the presented system: the
differential analysis (DA) and implicit calibration (IC).

3.3.1. Differential Analysis. Any usage of an Eye Tribe eye
tracker has to be preceded by the calibration to make the
registration possible. Thus, at first, it must be calibrated by
the operator. Then, the eye tracker’s output is calculated
based on the operator’s calibration and this output is used
for subsequent experiments. Such the method does not
give accurate absolute gaze coordinates, but it may be used
to check, if the eyes move at all.

Our previous experiments have showed that when the
eye tracker calibrated for one person is utilized for registering
eye movements of other people, in most cases, the direction
of a calculated gaze movement is similar, yet less accurate
than for the calibrated user [20].

Examples of such recordings are visualized in Figure 4.
Figure 4(a) shows recordings for the calibrated person, while
the following three for other users, evaluated with the usage
of the same calibration function. Red crosses denote stimulus
locations, the blue ones are the eye tracker’s output, and
green lines connect calculated gaze coordinates with the
actual stimulus positions. It may be noticed that in all cases,
eye positions are shifted in one direction, with respect to
stimulus. It means that when the same calibration model is
applied for different subjects’ data should show correct eye
movement directions, but not the correct eye positions. Thus,
when there is no need to provide a gaze point with the high
accuracy, the proposed solution will fulfill its task; namely,
it will point out the direction of an eye movement.

So, even when the eye tracker is not calibrated for the
person who is being observed, it is very likely that real
direction of movements will be the same as the one showed

by the eye tracker. Therefore, a special component called
gaze-rose has been introduced and is visible on operator’s
screen. The gaze-rose shows the current direction of eye
movement (Figure 5).

This direction is presented in the form of a vector (dx,dy)
calculated as a resultant of vectors of movements for the
previous five recordings (in a time window of approximately
80ms of the recording). For a given moment, the k coordi-
nates of the vector are calculated using the equations:

dxk = 〠
k

i=k−5
xi − xi−1 ,

dyk = 〠
k

i=k−5
yi − yi−1 ,

4

(a) (b)

(c) (d)

Figure 4: An example of four recordings, when subjects were looking at nine subsequent locations. (a) shows the results for a subject who
participated in the calibration, and other three charts (b, c, d) show results for three other subjects using the same calibration model as for
the first one.

Figure 5: The gaze-rose component. The red arrow shows the
current direction of the eye movement.
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where xi and yi are gaze coordinates read from the
eye tracker.

The gaze-rose may be used to detect, if a child reacts to a
new stimulus. For instance, when the stimulus appears on the
right side of the screen and the operator notices sudden eye
movement to the right (right red arrow on the gaze-rose),
she/he may assume that this movement is a reaction to the
stimulus and—what is the most important—that the child
sees this stimulus.

3.3.2. Implicit Calibration. As the explicit calibration of the
system with children’s cooperation is impossible, it must be
done implicitly during the normal activity. It requires obtain-
ing some pairs: an eye tracker output—actual gaze coordi-
nates. Given such pairs, it is possible to build a regression
function that maps eye tracker output to gaze coordinates.
Of course, the function works better when there are more
points and the data is of better quality. However, in the case
of children with brain disorders, we have to agree on objec-
tive restrictions. Therefore, the calibration is done ‘on the
fly—when any stimulus appears on a screen and the operator
notices any child’s reaction (indicated by the gaze-rose)—-
which may mean that the child is looking towards the stimu-
lus. One click at the operator’s screen triggers the process of
collecting data for the calibration. The implicit calibration
algorithm works as follows:

(1) Stimulus appears on the screen.

(2) A child moves its eyes towards the stimulus.

(3) The operator sees the movement and, when it is fin-
ished, clicks on the stimulus to inform the system
that the child is now looking at that point.

(4) The system starts registration of eye tracker’s output
and triggers a potential feedback (sound or movie).

(5) When eye tracker’s output changes (indicating a sub-
sequent eye movement), the calibration module stops
the registration and adds the clicked point’s coordi-
nates together with the registered eye tracker’s output
to the existing calibration dataset.

(6) The calibration function is recalculated using all data
from the calibration dataset.

Of course, more points result in better calibration model,
but even one point calibration may be valuable. For instance
in [20], it has been shown that even after one point calibra-
tion, it was possible to evaluate at which of nine parts of a
screen the user was looking.

The number of collected points is not the only factor that
influences accuracy. It is also important, if the points are
more or less evenly distributed across a screen and if the cal-
ibrated area corresponds to the further scene of an experi-
ment. Thus, for instance, if an experiment task is to explore
the efficiency of a child vision in the horizontal direction, a
stimulus should consist of objects appearing along this axis.
Or, if an experiment is based on the central area of a screen,
stimuli should be concentrated around this central point
within a particular radius.

Another very important factor is the quality of record-
ings. If the operator clicks the point and the child immedi-
ately turns its head or closes eyes, the quality of eye
tracker’s output could be deteriorated and adding such a
point to the model will probably worsen the overall accuracy
of the model. Examples of points with high and low devia-
tions may be observed in Figure 4. Therefore, before building
the model, the application automatically checks the deviation
of eye tracker outputs for each point and then removes points
for which the deviation is significantly higher than for others.

The deviation for N readings recorded for one gaze point
is calculated as follows:

σx =
1
N
〠
N

i=1
xi − μx

2,

σy =
1
N
〠
N

i=1
yi − μy

2
,

5

where xi and yi are the eye tracker outputs and μx and μy are
the average values in both directions. When there are more
than three points registered, the point with the highest devi-
ation is automatically removed from calculations.

The next step is the creation of pairs (xs,ys) and (μx,μy)
where xs and ys are the screen coordinates and μx and
μy are the average eye tracker’s output registered for this
point. These pairs are then used to calculate coefficients of
the polynomial presented in (2) by means of the classic
Levenberg-Marquardt algorithm [21]. Then, the results are
immediately used to recalculate the gaze point presented on
the control screen.

3.4. Automatic and Manual Feedback. Sometimes, the eye
tracker data may not be calibrated sufficiently and it may
be difficult for the system to automatically produce feed-
back when a child looks directly at the stimulus. Therefore,
the operator has the opportunity to produce the feedback
manually. If the operator notices the child’s reaction to
the stimulus (utilizing the gaze-rose), he/she may click on
it. It adds the point to the calibration model and, in the
same time, triggers the action attached to this stimulus
(sound or movement).

3.5. Post Hoc Analysis. All events during every session are
recorded in a specific format by the storage module meant
to keep data for further analysis. The recording includes eye
tracker output, video registered by the camera, and screen-
shots of stimulus screen. The developed software provides
the functionality facilitating the eye movement analysis by
means of charts, scan-paths, and heatmaps [22]. The last
two techniques use eye movement events—fixations and sac-
cades. The first is defined as a movement when a person’s
eyes are almost stable and in the process of acquiring infor-
mation from a scene. The other one is a quick movement
between two fixations [15, 23]. In the case of the presented
system, the IDT algorithm has been used for these event
detections [24]. The algorithm is based on measuring dis-
persion between subsequent eye positions. If the dispersion
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is below a specified threshold, the gaze is considered to
belong to a fixation. The presented software uses 0.5-
degree threshold.

4. Results and Discussion

The described system, the general schema of which is pro-
vided in Figure 6, was tested with the usage of various stimuli.
The stimuli differed in the form, filling, and type of feedback
they produced in a response to children’s reaction, which
included the following:

(i) Changing shape

(ii) Changing color

(iii) Emitting sounds

(iv) Animated

4.1. Stimulus Examples. An example of the first stimulus is a
simplified image of a face moving on the screen (Figure 7).
The face expression is sad until a child looks at the face,
which makes the face smile.

Some children are very sensitive to color changes. An
example of a stimulus for them is presented in Figure 8.
The butterfly changes its color from black to red when a sub-
ject looks at it.

An ability to emit sounds gives the system the oppor-
tunity to stimulate children not only visually. According to
therapists, it is very important to teach children that a
combination of different types of stimuli may occur. An
example of such stimulus is presented in Figure 9. When
a child looks at one of the animals, the appropriate sound
is emitted.

By means of the stimulus editor, it is also possible to
prepare more sophisticated stimuli including simple ani-
mations. An example of such an animated feedback is
presented in Figure 10. The task of this stimulus is to
introduce some objects’ movements caused by a determined

(a) (b)

Figure 7: Face stimulus—when the subject is not looking at it (a)
and when the subject gazes at the face (b). The red dot visible on
both screen shots shows the gaze point.

(a) (b)

Figure 8: Butterfly stimulus. Image when subject is not looking at
the butterfly is presented in the left screenshot (a). Image when
subject is looking at the stimulus is presented in the right
screenshot (b). The red dot visible on both screenshots shows the
gaze point.

Figure 9: Animals stimulus. When subject is looking at the left
animal, a proper sound is emitted (cow’s moo in this example).
When subject looks at the right animal, another sound is emitted
(cat’s meow).

Camera

Eye tracker

Stimulation screen

Control screen

Calibration
module

Estimated
gaze position 

Eye tracker output

Differential
module

New target
definition 

Storage
module

Figure 6: The general schema of the VisDat system.
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gaze. If it is placed on the watering can, it changes its position
for watering flower. Directing eyes towards the flower
changes its shape.

4.2. Visualization Examples. The experiment presented in
this section involved an animated stimulus. During the
experiment, a bike moved on the screen from right to left
and back. The child was supposed to follow the moving
object with eyes. The eye tracking data was recorded during
the experiment and could be used for post hoc analysis.
Figure 11 presents the stimulus together with a part of the
scan-path recorded for one child. It is visible that the child’s
eyes followed the object.

A more informative visualization is presented in
Figure 12. It presents eyes’ positions separately in horizontal
and vertical directions compared to the current location of
the bike stimulus (the colored belt). It is evident that the
child’s eyes followed the object moving horizontally.

Figure 13 presents the same visualization, but for another
child with more severe disparities. This time the child was
able to follow the object only at the very beginning of the pre-
sentation, and even then, the eye movement signal is very
instable and disappears for some periods.

More examples of the system usage are discussed in [19].

The explicit assessment of the proposed system is infea-
sible in a short perspective, because its effectiveness strongly
depends on child’s age, impairment, and its general health
conditions influencing the regularity of therapy experiments.
The first and basic possibility is a careful observation of a
child by its therapist, who knows the child best. Addition-
ally, we can point out some factors, which can help to con-
firm our observation, namely, time to the first gaze on a
stimulus, increased duration of fixations on a stimulus,
longer pursuit of a stimulus, or more precise saccadic move-
ments. The first of the aforementioned metrics may indicate
better perception of the objects. The second and third ones
may provide evidence of the improved ability to keep atten-
tion and of better functioning of oculomotor muscles.
Finally, reaching a stimulus position more precisely may
reveal both better objects’ recognition and progress of the
oculomotor system work.

All these metrics collected during therapy sessions may
be collated and compared on various charts providing
convenient way for reasoning about therapy results and
vision advances.

5. Discussion and Conclusions

The children with communication imparities require spe-
cial care and treatment, because it is difficult to solve many
everyday issues due to the problems with articulating them.
Thus, life of such children is hard not only because of
health issues but also due to the fact that their needs are
not properly met.

The solution presented in this paper is a step forward
towards alleviating communication difficulties and was
meant as a tool providing the objective assessment of child’s
vision quality and areas of interest. This was achieved by
the application of the affordable eye tracker, by which the
developed system might become available for a wider group
of people. However, this device does not suffice in case of
children with imparities as they do not cooperate. For this
reason, other solutions had to be elaborated, including the
application working on two displays, implicit calibration
procedure, and multimedia simulations responding automat-
ically to the expected eye movement.

Preliminary experiments conducted by means of the
proposed system corroborated the discussed solution’s
ability to become supportive in revealing children’s visual
performance. However, it must be emphasized that this
is not the only function of this tool. Ascertaining children’s
sight introduces possibility of undertaking an appropriate
therapy, which may be realized within the presented environ-
ment. The usage of the same stimulus or its continuous
adjustment to a particular child constantly stimulates the
brain and oculomotor system. This functionality has been
achieved due to the convenient mechanism of the stimulus
set extension, easy to perform for each system operator. This
feature offers other opportunities for the system utilization
not only for children but also for any “difficult” subjects
who cannot or do not want to cooperate, such as adult people
with various diseases including, for instance, Parkinson’s dis-
ease, alcoholic disease, or even anorexia.

Figure 10: A flower in a pot and a watering can. At the beginning,
the flower is withered. When a child looks at the watering can, the
animation presenting watering the flower is invoked, which results
in the flower straightening. If a gaze is focused on the flower, its
petals grow.

8
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2 3
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5

Figure 11: A bike stimulus with the registered eye movement signal.
Red numbered dots represent fixations— movement when the eyes
of the subject were still, looking at one particular point.
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Currently, the authors intend to carry out detailed clini-
cal trials of the created system in cooperation with the Asso-
ciation for Children with Developmental Dysfunctions
BRUNO located in Rzeszow, Poland.
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Retinal image registration is important to assist diagnosis and monitor retinal diseases, such as diabetic retinopathy and glaucoma.
However, registering retinal images for various registration applications requires the detection and distribution of feature points on
the low-quality region that consists of vessels of varying contrast and sizes. A recent feature detector known as Saddle detects feature
points on vessels that are poorly distributed and densely positioned on strong contrast vessels. Therefore, we propose a
multiresolution difference of Gaussian pyramid with Saddle detector (D-Saddle) to detect feature points on the low-quality
region that consists of vessels with varying contrast and sizes. D-Saddle is tested on Fundus Image Registration (FIRE) Dataset that
consists of 134 retinal image pairs. Experimental results show that D-Saddle successfully registered 43% of retinal image pairs with
average registration accuracy of 2.329 pixels while a lower success rate is observed in other four state-of-the-art retinal image
registration methods GDB-ICP (28%), Harris-PIIFD (4%), H-M (16%), and Saddle (16%). Furthermore, the registration accuracy
of D-Saddle has the weakest correlation (Spearman) with the intensity uniformity metric among all methods. Finally, the
paired t-test shows that D-Saddle significantly improved the overall registration accuracy of the original Saddle.

1. Introduction

Retinal image registration includes the process of aligning
target (moving) image to the orientation of reference (fixed)
image. The alignment is performed according to the trans-
formation estimated based on the corresponding informa-
tion between retinal images. The retinal image registration
is typically employed in super-resolution, image mosaick-
ing, and longitudinal study applications. Super-resolution
combines information from multiple images with large
overlapping area to increase density of spatial sampling
and improve pathological information. Furthermore,
super-resolution can resolve the blurring edges on retinal
vessels due to eye movements during image acquisition.

In image mosaicking, retinal images with small overlapping
area are aligned to generate a wider view of the retina as an
ophthalmic camera has a limited field of view between 30°

and 50° at a time. Through image mosaicking, ophthalmolo-
gist can display the retina in one big picture and this is ben-
eficial to illustrate the full extent of the retinal disease in adult
or neonatal for optimum diagnosis [1, 2]. Furthermore,
mosaicking application has been explored in eye laser treat-
ment for diabetic retinopathy [3]. In longitudinal study
application, retinal images captured from different time are
utilized in the registration. The longitudinal study applica-
tion is important to monitor the progression of eye diseases
such as glaucoma and age-related macular degeneration that
usually undergoes a long degeneration process [4].

Hindawi
Journal of Healthcare Engineering
Volume 2017, Article ID 1489524, 15 pages
https://doi.org/10.1155/2017/1489524

https://doi.org/10.1155/2017/1489524


Prior works on retinal image registration can be classified
as area-based and feature-based approaches. The area-based
approach estimates the transformation by comparing inten-
sity patterns between fixed and moving images via similarity
metrics such as mutual information [5], cross correlation,
sum of absolute values of differences, and phase correlation
[6]. Through optimization process, the similarity metric con-
siders all intensity patterns in the images and iteratively
refines the initial transformation parameters until the opti-
mum registration is obtained. However, optimizing the sim-
ilarity metric using all intensity patterns in the images is
computationally expensive. Furthermore, intensity patterns
in nonoverlapping area particularly in an image pair with
small overlap area may mislead the similarity metric and
results in inaccurate registration. Additionally, area-based
approach is sensitive to significant background and anatom-
ical changes over time [5, 7]. For example, progression in a
glaucoma patient will alter the topographic of optic disc over
time. For example, progression in a glaucoma patient will
alter the topographic of optic disc over time, thus signifi-
cantly changes the intensity pattern between the image pair
and leads to inaccurate registration.

Feature-based approach searches for the transformation
according to the correspondence features across images. There
are four main components in feature-based approach, namely,
detecting features, assigning descriptors, matching the corre-
sponding features, and searching the transformation between
images. The feature-based approach is more robust to the
changes of intensity, scale, and rotation than the area-based
approach but requires stable and repeatable features between
images [8]. The widely used feature in feature-based approach
is vessel bifurcations [9–13] that can be detected through
branch point analysis of segmented vascular tree. Then, vessel
bifurcations are characterized with intensity orientations or
surrounding vessel branch information. However, efficient
detection of vessel bifurcations requires a reliable vascular tree
segmentation technique and can be a challenging task in low-
quality and unhealthy retinal image. Furthermore, the sparse
and uneven distribution of vessel bifurcations can lead to inac-
curate registration of image pair with small overlap area.

Alternatively, a feature-based approach using local fea-
ture is independent of vascular segmentation which is stable
and distinctive. The local feature finds the extrema or the
changes of intensity level in local patches to detect interest
points. Then, these points are matched across images. To
reduce false matches, algorithms such as random sample
consensus (RANSAC) [14] and M-estimator sample consen-
sus (MSAC) [15] are utilized to obtain inliers. Finally, the
inliers are used to estimate the transformation between
images. Among the local feature methods considered in
existing retinal image registration are Harris corner [16],
speeded-up robust features (SURF) [17, 18], and scale invari-
ant feature transform (SIFT) [19].

Chen et al. detected Harris corner points and assigned
partial intensity invariant feature (Harris-PIIFD) descriptor
to each point relative to the main orientation (0, π) of local
gradient [20]. Harris-PIIFD was tested on low-quality multi-
modal retinal images. This method can successfully register
retinal images when the overlapping area is above 30% and

low-quality retinal images in which the vasculature is hard
to extract. However, Harris corner has low repeatability rate
in the presence of anatomical changes between the retinal
image pair. Lack of repeatable feature points throughout
the images can lead to inaccurate or failed registration.

The issue of low repeatability rate in Harris-PIIFD is
addressed in SURF–PIIFD–RPM by considering SURF and
robust point matching to reject a large number of outliers
[21]. However, their success registration rate decreases to
50% when the overlapping area is below 50%. SURF in retinal
image registration is further explored in [22] by directing the
detection of SURF points on vessels as vessels are reliable
over time even in unhealthy retinal image. Conversely,
Hernandez-Matas et al. extracted the SURF points from all
over retinal image [23] and their work is further improved
in [24] by utilizing SIFT points. In retinal image, SURF is reli-
able and fast to compute but SIFT has a higher localization
accuracy than SURF.

Generalized dual-bootstrap iterative closest point (GDB-
ICP) [25] algorithm utilized SIFT points to generate initial
transformation and requires a minimum of one correct initial
match to register the retinal image pair. GDB-ICP is very effec-
tive and widely used to register low-quality retinal images.
However, GDB-ICP is highly susceptible in the presence of
anatomical changes and very low-quality image. Furthermore,
the distribution of feature points in GDB-ICP is severely
affected by noise. Despite the high localization accuracy, SIFT
suffers from the issues of quantity and distribution. These
issues are addressed in UR-SIFT-PIIFD by detecting uniform
robust scale invariant feature transform (UR-SIFT) points
and compute the PIIFD descriptor to register noisy and low-
quality retinal image [26]. The selection criterion in their work
is further extended in [27] to detect points which lie on the ret-
inal vessels based on the difference of Gaussian (DoG) values
and Frangi’s vesselness measure (FVM) for registration of
high-resolution and low-contrast retinal images.

In prior feature-based approaches, their performances
are limited in the presence of low-quality images such as illu-
mination artifact near the frame boundary, nonuniform
intensity, and dark spot artifact obscuring underlying tissues
caused by poor dilated pupils. Low-quality retinal images are
inevitable in unhealthy retinas caused by various diseases.
Furthermore, capturing high-quality retinal images require
a combination of skills and experiences of the operator to
adjust the camera settings as well as cooperation from the
patient itself. This will restrict their practical utilization for
super-resolution, image mosaicking, and longitudinal study
applications. These applications are crucial in diagnosis and
monitoring retinal diseases, such as diabetic retinopathy,
glaucoma, and age-related macular degeneration [4]. There-
fore, feature points should be detected on the low-quality
region that consists of high and low contrast vessels of vary-
ing sizes to ensure a uniform distribution of feature points on
the retinal image. Highly distributed feature points on the
retinal image are important to estimate an optimal transfor-
mation between the retinal image pair [22].

A recent local feature detector in image processing field
known as Saddle detects local structures that have concave
and convex profiles of a 3D intensity surface within a defined
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neighborhood [28]. In fundus retinal image, Saddle detects
feature points on vessels but these points are poorly distrib-
uted and mainly located on strong contrast vessels as shown
in Figure 1. This issue is contributed by the factor that Saddle
lacks appropriate filter to emphasize the vessel structure in
low-quality region of the retinal image. Another issue in Sad-
dle is the feature points detected on vessels are densely posi-
tioned to each other and may be characterized by a similar
vector descriptor. This can lead to false matches and inaccu-
rate registration. Furthermore, Saddle utilizes the same image
dimensions throughout the levels in scale-space pyramid that
will increase the running time and memory usage during the
detection process.

Therefore, in this study, we propose a local feature
detector for retinal image registration (D-Saddle) by incorpo-
rating multiresolution DoG pyramid with Saddle detector
[28] to enable the detection of Saddle points on low-quality
region that consists of high and low contrast vessels of
varying sizes. This will increase the distribution of feature
points throughout the retinal image pair thus allowing D-
Saddle to be more efficient in registering low-quality retinal
image for super-resolution, image mosaicking, and longitudi-
nal study applications.

The remainder of this paper is organized as follows.
Methodology describes the details of the proposed work
which includes detection, descriptor, matching, and estimat-
ing transformation. In Results and Discussion, we assess the
performance of the proposed work and report the findings.
Finally, the study is concluded and the future works are
highlighted in Conclusion.

2. Methodology

The original implementation of Saddle localizes the interest
points on grayscale images from scale-space pyramid. The
scale-space pyramid in Saddle contains 6 levels of blur images
with the same dimensions. The images are blurred with the
scaling factor of 1.3 which reduces noise and detail in retinal
images. The purpose of blurring the images in an increasing
manner is to detect points on the structure of various sizes.
In every level of the pyramid, the candidate points are

extracted and tested for Saddle patterns. The pattern tests
are applied on inner and outer rings surrounding the candi-
date points. Each candidate point that passes the pattern tests
will be assigned with a response strength and followed by
nonmaxima suppression step. However, nonmaxima sup-
pression step is only applied to the candidate points located
on the first level as the edge in the remaining levels is rela-
tively coarse. Finally, subpixel precision for each point is
computed over a 3-by-3 neighborhood.

2.1. Proposed Algorithm. Figure 2 shows the registration
framework for the proposed D-Saddle that comprises of four
stages which are described as follows. Stage 1 involves the
process of detecting feature points on a retinal image pair
which highlights the key contribution of this study. Stage 2
assigns a descriptor to each feature point detected in stage
1. Stage 3 finds the match between feature points in the reti-
nal image pair. Stage 4 excludes outliers from the matches
and estimates the transformation between the image pair to
perform image registration.

2.1.1. Stage 1: Detection of D-Saddle Points. This stage
highlights the key contribution of this study. The proposed
D-Saddle detector involves seven important steps describe
as follows.

Step 1. Build multiresolution DoG pyramid: DoG function is
an approximation of Laplacian of Gaussian (LoG) and
second-order derivative of edge detection. It can be com-
puted by subtracting two different versions of blurred images
defined in (1). The blurred images are obtained through the
convolution of grayscale image with a Gaussian filter of σ
width expressed in (2).

D x, y, σ =G x, y, kσ ∗ I x, y −G x, y, σ ∗ I x, y , 1

G x, y, σ = 1
2πσ2 e

− x2+y2 /2σ2 , 2

where D x, y, σ is the DoG image, G x, y, σ is the Gaussian
filter of σwidth, I x, y is the input image, k is the ratio of two
Gaussian filters, and ∗ is the convolution operator.

Figure 1: Example of Saddle points detected on fundus retinal images. Low-contrast vessels pointed by white arrows are undetected by
Saddle. Small sections of the vessels are zoomed to show Saddle points with subpixel precision.
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The main reason for incorporating the DoG function is
because of its filtering property that acts as a bandpass filter
by excluding low and high frequency noises to increase the
visibility of the vessels in retinal image. This will improve
the detection of feature points on the vessels at low-quality
region and consequently the registration accuracy of the ret-
inal image. We construct the DoG image from the subtrac-
tion between two versions of Gaussian-filtered images with
a width of σ0 = 1 0 and kσ0. We choose the ratio of two
Gaussian filters k = 1 6 that produces a good approximation
of Laplacian [29, 30].

However, detecting feature points in the retinal image
can be further challenged due to different sizes of vessels.
Therefore, we utilize the multiresolution DoG pyramid to
enable the detection of feature points on the different sizes
of vessels. The process of building the multiresolution DoG
pyramid is shown in Figure 3.

The concept of the multiresolution pyramid is to down-
sample the image by half the size of the previous octave cre-
ating a set of multiresolution images where the octave
represents the level of the image in the pyramid. The number
of the octave is set to 4 as further downsampling the image
can result in a very small image that may not contain any
interest points. The process of subtracting two versions of
blurred images as defined in (1) is repeated in each octave
to build the multiresolution DoG pyramid.

To choose the base sigma σ0 for the multiresolution DoG
pyramid, we tested σ0 values between 0.4 and 2.0 with an
increasing step of 0.1 on 15 retinal image pairs. From this
test, the total of feature points detected and inliers per image
increases with the increment of base sigma σ0 value as shown
in Figure 4. However, efficiency given by the ratio between
total of inliers and feature points detected is gradually
decreased when σ0 value is larger than 1.0. This shows that
a larger σ0 value (>1.0) will cause more unstable feature
points being detected. In image registration, a higher number
of inliers can ensure a more accurate registration. However,
choosing a larger σ0 value can be less efficient and computa-
tionally expensive. Therefore, by considering the trade-off

between efficiency and total inliers, the base sigma σ0 = 1 0
for the multiresolution DoG pyramid is selected in this study.
An example of the multiresolution DoG pyramid in fundus
retinal image is depicted in Figure 5.

Step 2. Select outer and inner rings for candidate points: Each
candidate point in the multiresolution DoG pyramid is
assigned with inner and outer rings as shown in
Figure 6(a). We set the size of the rings according to [28] in
which the inner ring consists of 8 pixels whereas the outer
ring consists of 16 pixels circling the candidate point with a
radius of 3 pixels. The candidate points pi xi, yi are pixels
in the DoG image within the following spatial position:

xi ∈ 4,M − 3 ,
yi ∈ 4,N − 3 , 3

where xi is the spatial position of the candidate point at
x-axis, yi is the spatial position of the candidate point at
y-axis,M is the width of the image, and N is the height of
the image.

Step 3. Test the inner ring patterns for candidate points: Pat-
terns for the inner ring test consider four out of eight inner
ring pixels wherein two pixels in one direction should be
brighter than the other two pixels in the orthogonal direc-
tion. These patterns will be in the shape of × and +. All
possible patterns for each shape are shown in Figure 6(b).
The candidate point can pass the inner ring test with one or
both shapes × and +. Then, the central intensity value β is
estimated based on the median value of four pixels if the
inner ring test is passed with one shape. Eight pixels will be
considered for β if the inner ring test is passed with two
shapes. The inner ring test will eliminate approximately
80% of the candidate points.

Step 4. Test the outer ring patterns for candidate points: The
outer ring denoted by B = bj∣j = 1,…, 16 is a circle with a
circumference of 16 pixels and candidate point at the center.

Image 1
(grayscale)

Image 2
(grayscale)

Build multiresolution of DoG pyramid

Stage 1: detection of D-Saddle points

Select outer and inner ring for point, p

Test the inner ring pattern for point, p

Test the outer ring pattern for point, p

Apply nonmaxima suppression

Refine points for subpixel precision

Estimate position of selected points in
coordinate system of original image 

Stage 2: descriptor

Assign HOG descriptor for each point

Stage 3: matching
Match feature points between images using the approximate nearest

neighbor

Stage 4: geometrical transformation
Exclude the outliers using MSAC

Estimate geometric transformation (similarity, affine & second-order
polynomial function)

Registered image

Figure 2: Framework of the proposed D-Saddle for fundus retinal image registration.
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The intensity of B denoted by Ibj in the outer ring can be

divided into three labels L, namely, d (yellow dot), s (red
dot), and l (blue dot) based on the central intensity value β
and offset ε as follows:

Lbj =
d, Ibj < β − ε

s, β − ε ≤ Ibj ≤ β + ε

l, Ibj > β + ε
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Figure 4: (a) The top orange line shows the average of total feature points detected per image. The lower blue line shows the average of total
inliers for every base sigma σ0 tested. (b) The green line shows the efficiency given by the ratio between total inliers and total feature points
detected.
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Figure 3: Multiresolution DoG pyramid for D-Saddle. The size of the image in subsequent octave is downsampled by half to detect feature
points on vessels of varying sizes.
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Octave 0
(583 × 583 pixels)

Octave 1
(292 × 292 pixels)

Octave 2
(146 × 146 pixels)

Octave 3
(73 × 73 pixels)
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D1 D2 D3D0

Figure 5: Example of retinal image inmultiresolution DoG pyramid. The third row shows the absolute DoG images where black has a value of
zero and white as one.
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Figure 6: (a) Pixels’ position of inner and outer rings for candidate point, p [28]. (b) Yellow dots represent pixels with the intensity slightly
lower than the intensity in blue dots. (c) Red dots represent pixels within the central intensity β and its offset ε, whereas yellow and blue dots
represent pixels with the intensity slightly lower and higher than red dots, respectively.
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Label s represents pixels with the intensity within the
neighborhood of central intensity value β and its offset ε.
Label d and l represent pixels with the intensity slightly lower
and higher than label s, respectively. In this study, the offset
value ε is empirically set to 0.0010 as we used the absolute
image with the pixel values in the range of [0, 1] where black
has a value of zero and white as one. Based on these labels, the
candidate point passes the test if its outer ring contains a con-
secutive and alternating arcs of label d and l. The length of
these arcs should be in between 2 to 8 pixels [28]. An excep-
tion is given if the arcs of label d and l are separated by label s
up to 2 pixels. Four examples of possible outer ring patterns
are depicted in Figure 6(c). The details regarding the inner
and outer ring tests can be found in [28].

Step 1. Apply nonmaxima suppression: Nonmaxima sup-
pression with 3-by-3 neighborhood is applied to the candi-
date point that passes both inner and outer ring tests.
However, the nonmaxima suppression is only applied to
the candidate point within the first octave of the DoG pyra-
mid. This is because the feature in higher octave is relatively
coarse due to successive downsampling.

Step 2. Position refinements to estimate subpixel precision for
each point that passes the tests [28].

Step 3. Finally, the spatial positions of the feature points
detected in all octaves are estimated in the coordinate system
of the input image.

2.1.2. Stage 2–Stage 4: Descriptor, Matching, and Geometrical
Transformation. In stage 2, the histogram of oriented gradi-
ents (HOG) descriptor [31] is computed for each D-Saddle
point extracted in stage 1. The size of the cell in HOG is 8-
by-8 pixels while the block is 2-by-2 cells. Then, in stage 3,
the descriptors are matched between the image pair using
approximate nearest neighbor search [32] with a ratio
threshold of 0.9 to find the corresponding points.

After the matching process, the outliers are excluded
from the corresponding points between the image pair using
MSAC algorithm [15]. For MSAC, maximum number of

random trials to find the inliers is set to 8000 and maximum
distance between transformed points in the moving image to
its corresponding points in the fixed image is set to four
values: 1, 20, 60, and 80 pixels. The inliers obtained from this
process are employed in estimating the transformation
between the image pair. However, due to the randomized
nature of MSAC algorithm, the transformation estimated dif-
fered between iterations. Therefore, the MSAC algorithm
and transformation process are repeated 4000 times for each
pair (1000 times for each maximum distance value) to ensure
its convergence. From this repetition, the best registration
accuracy in each pair is selected as the final result.

In stage 4, three models of transformation are utilized in
the registration: similarity, affine, and second-order polyno-
mial function. The transformation model is selected based
on the number of inliers. In challenging image when the
number of inliers is less than 8, similarity transformation is
selected. Affine transformation is selected when the number
of inliers is more than 8 and less than 30. If the number of
inliers is more than 30, a second-order polynomial function
is selected [33].

2.2. Dataset. Registration performance of D-Saddle is tested
on Fundus Image Registration (FIRE) Dataset [34, 35], the
only publicly available retinal image registration dataset with
ground truth annotation. The retinal images were acquired
using a Nidek AFC-210 fundus camera with resolution
of 2912× 2912 pixels and 45° field of view (FOV). The
dataset consists of 134 retinal image pairs and classified
into three categories according to their registration applica-
tion, that is, super-resolution (category S), image mosaicking
(category P ), and longitudinal study (category A). The
details characteristics of each category in FIRE dataset are
summarized in Table 1.

Category S and category P consist of image pairs with
pathological cases but the anatomical appearance remains
unchanged between image pairs. Category A consists of
image pairs with anatomical changes due to progression or
remission of retinopathy. The changes include the variations
of vessel tortuosity, microaneurysms, cotton-wool, and
spots between image pairs. Category P has the smallest

Table 1: Details of the characteristics of each category in FIRE dataset.

Details Category S Category P Category A

Total pairs 71 49 14

Application Super-resolution Mosaicking Longitudinal study

Anatomical changes No No Yes

Pathological cases Yes Yes Yes

Resolution 2912× 2912
Scale factor∗ ≈1 ≈1 ≈1
Overlap (%) 86–100 17–89 95–100

Rotation (°) 0°–5° 0°–7° 0°–4°

MSE 13–1541 109–1048 42–1728

SSIM 0.788–0.939 0.784–0.938 0.799–0.933

UN 7–771 55–524 21–864
∗Average scale factor (camera zoom or magnification) between retinal fundus image pairs.
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overlap between image pairs that range between 17% and
89% and the largest range of rotation between 0° and 7°

among the categories.
Three metrics are used to perceive image quality of FIRE

dataset, namely, mean squared error (MSE), structural simi-
larity index (SSIM) [36], and peak deviation nonuniformity
(UN) [37]. MSE and SSIM measure the similarity between
the image pair. MSE perceives the intensity difference
whereas SSIM describes the similarity of the structure com-
ponent. A higher similarity between the images is approxi-
mated by a lower MSE value and a value close to 1 for
SSIM. UN measures the uniformity of intensity in an image
where a higher UN value indicates a more uniform image.
UN quantifies the intensity uniformity in an image based on
maximum and minimum pixel values within the region of
interest (ROI). This makes UN sensitive to nonuniformities
such as illumination artifact near the frame boundary or dark
spot artifact. We describe the intensity uniformity in the
image pair through averaging UN values from two images.

Retinal image pairs in category A attained the biggest
range of MSE and UN values representing variations of
intensity difference and uniformity between image pairs in
the category. These variations which are caused by certain
images in category A are acquired at different examination
time under different lighting conditions. All categories have
a high and comparable SSIM value within the range of
0.784 to 0.939 indicating a high similarity of structure com-
ponent between image pairs and minimal blurring effect on
vessel edges due to motion artifact or improper focusing.
Examples of image pairs with high intensity difference and
nonuniform intensity in the dataset are shown Figure 7.

2.3. Evaluation Criteria. There are two main aspects evalu-
ated in this study. First, we assess the feature detection in
Saddle and D-Saddle by comparing the feature points
detected, matched, total inliers, and running time. Second,
registration performance of the proposed D-Saddle is com-
pared against four state-of-the-art retinal image registration
methods GDB-ICP [25], Harris-PIIFD [20], H-M [24], and
Saddle [28]. The experimental results for GDB-ICP, Harris-
PIIFD, and H-M that tested on FIRE dataset are obtained
from [34, 35]. We utilized the same registration accuracy
measurement and ground truth as these methods. Further-
more, we only compare the registration performance with

GDB-ICP, Harris-PIIFD, and H-M; thus, variation of regis-
tration performance due to different platform or hardware
implementation in [34, 35] is minimal. Experiments for Sad-
dle and D-Saddle are implemented in MATLAB running on
Intel® Core™ i7-4770 CPU@3.40GHz 8.00GB RAM while
the experimental results for GDB-ICP, Harris-PIIFD, and
H-M are obtained from [34, 35]. The same offset value ε,
descriptor, matching, and transformation described earlier
are implemented for Saddle and D-Saddle. Additionally, the
image pairs are processed in 583× 583 resolution to reduce
the cost of processing but evaluated according to the original
resolution in the dataset to ensure a fair comparison with
GDB-ICP, Harris-PIIFD, and H-M.

We evaluate the registration performance of the pro-
posed D-Saddle and state-of-the-art methods on FIRE data-
set using a set of evaluation metrics described as follows.

(1) Registration accuracy—we measure target registra-
tion error (TRE) to describe the registration accuracy
of a method in which, a high registration accuracy is
represented by a small TRE value and vice versa. TRE
is an average distance measured in pixel from 10 cor-
responding landmarks (n) or ground truth between
fixed (x1, y1) and moving (x2, y2) images after regis-
tration expressed in (5). The landmarks identified
by experts are provided by FIRE dataset.

1
10 〠

n=10

n=1
x2 − x1

2 − y2 − y1
2 5

(2) Successful registration—we consider registration
with TRE value below 1 pixel as a successful registra-
tion for super-resolution application. For image
mosaicking and longitudinal study applications, we
consider TRE value below 5 pixels as this range is
acceptable for clinical purposes [38]. Registration
with TRE larger than these values for the respective
application is considered as failed.

(3) Nsuccess—total of image pairs with successful
registration.

(4) Success rate (%)—ratio of total image pairs with
successful registration to the total of image pairs
in the dataset.

Pair 9 (fixed image) Pair 9 (moving image)
MSE=1740.414; SSIM=0.823; UN=25

(a)

Pair 33 (fixed image) Pair 33 (moving image)
MSE=31.414; SSIM=0.899; UN=1.965

(b)

Figure 7: Examples of retinal image pairs with (a) high-intensity difference and (b) nonuniform intensity in FIRE dataset.
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3. Results and Discussion

3.1. Feature Detection. Saddle detected an average of 13939
feature points in an image with a standard deviation of
4714 points whereas D-Saddle detected 5876 feature points
with a standard deviation of 967 points as listed in Table 2.
A smaller standard deviation of feature points detected in
D-Saddle compared to Saddle indicates that D-Saddle is
more consistent and stable in detecting feature points
between images.

Saddle points are densely positioned on the strong con-
trast vessels (see Figure 8(a-i)) while D-Saddle points are dis-
tributed along the vessels of varying contrast and sizes (see
Figure 8(a-ii)). The initial matches including the incorrect
matches estimated by approximate nearest neighbor search
[32] exclude 15% of Saddle points. The inliers after the
removal of incorrect matches using MSAC algorithm consti-
tute 6% of feature points detected by Saddle. In D-Saddle, the
initial matches exclude 34% of the feature points detected
and the inliers representing 8% of the feature points detected.
Overall, the average of feature points detected, matched, and
inliers in D-Saddle is approximately half from Saddle. How-
ever, a more accurate registration is estimated in D-Saddle as
shown in the following subsection due to higher detection of
D-Saddle points in low-quality region and distribution
throughout the retinal image compared to Saddle.

Saddle took approximately 96 seconds to detect 13939
feature points while D-Saddle took 41 seconds to detect
5876 feature points in an image. D-Saddle requires half
the time from Saddle as it detects 42% less feature points.
Furthermore, D-Saddle is much faster to compute because
the whole images in the multiresolution DoG pyramid
represent 4/3 the size of the input image. In opposite, Saddle
has to process six images with the same size as the input
image to find the feature points.

3.2. Registration Performance. This section describes the reg-
istration performance of GDB-ICP, Harris-PIIFD, H-M,
Saddle, and D-Saddle in FIRE dataset. We compute Spear-
man’s rank-order correlation to measure the relationships
between registration accuracy and factors such as percentage
of overlapping area and image quality. For this analysis, TRE
values from all image pairs are considered in the calculation.
The Spearman’s rank-order correlation is computed using
IBM SPSS Statistics (version 24) software. The range of
Spearman correlation is from −1 to +1 wherein the correla-
tion is considered to be perfect when the correlation value
is close to ±1 and weak when the correlation value is close

to 0. The Spearman correlation is significant at the 0.05
level identified by a single asterisk or at the 0.01 level identi-
fied by two asterisks. Then, we compare the registration
performance of D-Saddle with GDB-ICP, Harris-PIIFD,
H-M, and Saddle according to the registration application
in FIRE dataset.

3.2.1. Percentage of Overlapping Area. The Spearman cor-
relations between registration accuracy and percentage of
overlapping area in FIRE dataset for all methods are sum-
marized in Table 3. The registration accuracy of D-Saddle
is negative and significantly correlated with the percentage
of overlapping area (rs = −0 795, p = <0 001). The registra-
tion accuracy of D-Saddle is rapidly decreased with the
decreasing of overlapping area between the image pair.
TRE of D-Saddle increases above 5 pixels when the over-
lapping area is below 75%. Furthermore, 83% of its failed
registration is from image pairs with an overlapping area
below 75%. Among all methods, Saddle has the strongest
and significant correlation with the percentage of overlap-
ping area (rs = −0 819, p = <0 001). Saddle mainly failed to
register image pairs when the overlapping area is below
87%. Another significant correlation between registration
accuracy and percentage of overlapping area is observed in
GDB-ICP with the weakest correlation among all methods
(rs = −0 588, p = <0 001).

3.2.2. Image Quality. In fundus retinal imaging, image quality
is highly dependent on the skills and experiences of the oper-
ator, settings of the camera, and cooperation from the
patient. The common image quality degradations found in
fundus retinal images are illumination artifact near the frame
boundary, nonuniform intensity, image blurring due to
motion artifact or improper focusing and dark spot artifact
obscuring underlying tissues caused by poor dilated pupils.
Measuring image quality of fundus retinal image is a subjec-
tive concept and varies between experts [39, 40]. Therefore,
three metrics are used to measure retinal image quality in
FIRE dataset, namely, MSE, SSIM, and UN to perceive the
intensity difference between image pairs, similarity of struc-
ture component, and uniformity of intensity, respectively.

The Spearman correlation is computed to assess the
influence of image quality on the registration accuracy of
GDB-ICP, Harris-PIIFD, H-M, Saddle, and D-Saddle as
summarized in Table 4. Harris-PIIFD, H-M, Saddle, and D-
Saddle are positive and significantly correlated with MSE,
which indicates that the registration accuracy decreases with
the increase of intensity difference between the image pair.

Table 2: Details of feature points detected, matched, and inliers for Saddle and D-Saddle in FIRE dataset.

Saddle D-Saddle
Detect Match Inliers Detect Match Inliers

Mean 13939 11850 904 5876 3906 447

Std. deviation 4714 4593 567 967 926 260

Min 4450 3234 73 3982 2071 64

Max 27047 24446 2443 8542 6501 1064

Running time (detect) 96 seconds 41 seconds
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The registration accuracy of GDB-ICP shows no significant
correlation with MSE. However, it should be noted that this
correlation only computed from the registration with TRE

values as some of the failed registrations in GDB-ICP yield
no TRE values due to inability to estimate any transforma-
tions. The registration accuracy of H-M (rs = −0 013, p =

(i) Saddle (ii) D-Saddle 
Fixed image Moving image Moving imageFixed image

(a-i) Detection (a-ii)

(b-i) Initial matches (b-ii)

(c-i) Visualization of initial matches
(random selection of 100 corresponding points from (b)) (c-ii)

(d-i) Inliers (d-ii)

Figure 8: Example of Saddle and D-Saddle points (a) detected, (b) initial matched, (c) visualization of 100 randomly selected corresponding
points, and (d) inliers on retinal image pair from category S .

Table 3: Correlation between registration accuracy and percentage of overlapping area in FIRE dataset.

Registration accuracy
GDB-ICP Harris-PIIFD H-M Saddle D-Saddle

Overlapping area Spearman’s rho (rs) −0.588 −0.763 −0.761 −0.819 −0.795
p value (p) <0.001∗∗ <0.001∗∗ <0.001∗∗ <0.001∗∗ <0.001∗∗

Correlation is significant at the 0.05 level. ∗∗Correlation is significant at the 0.01 level.
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0 878) has the weakest association with structure similarity
between image pairs compared to other methods while D-
Saddle (rs = 0 001, p = 0 994) shown the weakest correlation
among the methods with intensity uniformity.

In large overlapping retinal image pairs that exhibit
illumination artifact near the frame boundary, significant
nonuniform intensity, and dark spot artifact, D-Saddle
successfully registered 43% of these image pairs with
mean TRE of 0.857 pixel compared to GDB-ICP (17%),
Harris-PIIFD (3%), H-M (20%), and Saddle (23%). This
demonstrates that D-Saddle is more effective in registering
low-quality images. Furthermore, a weaker correlation
between registration accuracy and intensity uniformity is
observed in D-Saddle compared to Saddle. D-Saddle sup-
pressed nonuniform intensity through the DoG operator
before searching for the feature points while Saddle consid-
ered the nonuniform intensity information within the ROI
to search for the feature points.

3.2.3. Overall Registration Performance. All registration accu-
racy of successful registrations for GDB-ICP, Harris-PIIFD,
H-M, Saddle, and D-Saddle is summarized in Table 5. These
results will demonstrate the ability of each method to register
retinal images for various applications, that is, super-
resolution (category S), image mosaicking (category P ),
and longitudinal study (category A).

In FIRE dataset, D-Saddle successfully registered 43% of
retinal image pairs followed by GBD-ICP (28%), Saddle
(16%), and H-M (16%). A lower overall success rate can be
observed in Harris-PIIFD that failed to register a total of
129 retinal image pairs and contributed to the lowest overall
success rate among all methods with only 4%. Examples of
matched D-Saddle points between image pairs and their
registered image for each category are depicted in Figure 9.

D-Saddle attained the highest success rate (86%) in longi-
tudinal study application compared to its success rate in
other categories. The mean TRE of successful registration is
3.896± 0.934 pixels with minimum TRE=2.534 pixels from
image pairA1 and maximum TRE=4.906 pixels from image
pair A6. D-Saddle failed to register image pair A2 and A8
that exhibit significant changes of vessel tortuosity and thick-
ness between fixed and moving images. In these pairs, D-
Saddle is unable to find the matches on the affected vessels
as the corresponding points on these vessels are characterized
by different descriptors. This is because HOG descriptor in

D-Saddle pipeline characterizes the points with the sur-
rounding structural information and can be sensitive in the
presence of structural variation between the image pair. Con-
sequently, the matches are mainly located and gathered on
the unaffected vessels. Lack of matched distribution through-
out the vessels has led to failed registration in these image
pairs. The successful registration of GBD-ICP (29%),
Harris-PIIFD (21%), H-M (29%), and Saddle (36%) in cate-
gory A is only seen in image pairs with minimal anatomical
variations and mainly failed to register image pairs with
variation of vessel tortuosity.

In super-resolution application, D-Saddle successfully
registered 45% of the image pairs with mean TRE of
0.852± 0.116 pixels where its minimum TRE= 0.596 pixels
is from image pair S25 and maximum TRE=0.999 pixels
from image pair S39. The mean TRE of successful registra-
tion of GBD-ICP, Harris-PIIFD, and H-M outperformed
D-Saddle by 0.069, 0.006, and 0.013 pixel, respectively. How-
ever, a lower success rate is observed in GBD-ICP (24%),
Harris-PIIFD (3%), and H-M (25%). Furthermore, GBD-
ICP, Harris-PIIFD, H-M, and Saddle have shown to be more
sensitive in registering retinal image pairs with the presence
of illumination artifact near the frame boundary, significant
nonuniform intensity, and dark spot artifact.

D-Saddle attained the lowest success rate (27%) in image
mosaicking application of category P with mean TRE of
4.520± 0.412 pixels compared to its success rate in other
categories. This category contains a smaller overlap area
compared to category S and category A . The minimum
TRE of D-Saddle in this category is obtained from image pair
P 19 with TRE of 3.741 pixels while the maximum TRE is
obtained from image pair P 16 with TRE of 4.993 pixels. D-
Saddle failed to register image pairs that exhibits surface
wrinkling in which D-Saddle detects the feature points on
both vessels and wrinkles that present the line-like structure.
Consequently, the transformation estimated based on these
points leads to failed registration. In this category, GBD-
ICP recorded the highest success rate (33%) and the smallest
mean TRE of successful registration (TRE=3.068± 0.840)
among all methods. Harris-PIIFD and H-M failed to register
any of the image pairs in this category while Saddle success-
fully registered only 6% of the image pairs.

Then, we perform paired t-test to examine if registration
accuracy in D-Saddle is significantly higher than Saddle in
FIRE dataset. In this test, we consider TRE values of all image

Table 4: Correlation between registration accuracy and image quality metrics in FIRE dataset.

Registration accuracy
GDB-ICP Harris-PIIFD H-M Saddle D-Saddle

Intensity difference (MSE)
Spearman’s rho (rs) 0.205 0.395 0.326 0.341 0.269

p value (p) 0.064 <0.001∗∗ <0.001∗∗ <0.001∗∗ 0.002∗∗

Structure similarity (SSIM)
Spearman’s rho (rs) −0.030 −0.094 −0.013 −0.071 −0.015

p value (p) 0.788 0.288 0.878 0.417 0.863

Intensity uniformity (UN)
Spearman’s rho (rs) 0.193 −0.093 0.037 0.016 0.001

p value (p) 0.083 0.297 0.673 0.853 0.994

Correlation is significant at the 0.05 level. ∗∗Correlation is significant at the 0.01 level.
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pairs in the dataset. Table 6 shows that D-Saddle significantly
outperforms Saddle in all categories. A bigger mean differ-
ence represents a greater improvement in D-Saddle regis-
tration accuracy. The mean difference is negative because
D-Saddle has a smaller TRE compared to Saddle. The
paired t-test shows that D-Saddle greatly improved Saddle
performance in handling retinal image pairs with smaller
overlap for image mosaicking application. The registration
accuracy in D-Saddle is slightly higher than Saddle in the
presence of anatomical difference between the image pairs
in category A . The smallest mean difference is observed in
category S which consists of retinal image pairs with large
spatial overlap and similar anatomical appearances.

4. Conclusion

This paper introduces D-Saddle algorithm for the feature-
based retinal image registration. D-Saddle incorporates the
multiresolution DoG pyramid with Saddle detection module
to improve its ability in detecting feature points on the low-
quality region that consists of high and low contrast vessels

of varying sizes. This is crucial to detect more distributed
feature points on the retinal vessels and enable D-Saddle to
register retinal image pairs for various registration applica-
tions such as super-resolution, image mosaicking, and longi-
tudinal study applications.

D-Saddle is tested on FIRE dataset that consists of 134 ret-
inal image pairs and categorized according to super-resolution,
image mosaicking, and longitudinal study applications. We
performed a comparative experiment between D-Saddle and
four state-of-the-art retinal image registration methods GDB-
ICP, Harris-PIIFD, H-M, and Saddle. Experimental results
show that GDB-ICP attained higher registration accuracy than
D-Saddle in all categories. However, D-Saddle successfully reg-
istered 43% of the retinal image pairs in FIRE dataset while a
lower success rate can be observed in GDB-ICP (28%),
Harris-PIIFD (4%), H-M (16%), and Saddle (16%). Further-
more, D-Saddle is more robust in registering retinal image pair
compared to other methods for longitudinal study and super-
resolution applications when it successfully registered 86% and
45% of the image pairs, respectively. In image mosaicking
application, GDB-ICP successfully registered 33% of the

Table 5: Details of success rate and registration accuracy of successful registration for GDB-ICP, Harris-PIIFD, H-M, Saddle, and D-Saddle in
FIRE dataset.

Methods Nsuccess Success rate (%)

Registration accuracy (TRE) of successful
registration (pixels) ∗Std. deviation

of all pairs
Mean

95% confidence
interval of the mean Min Max
Lower Upper

Overall

GDB-ICP 37 28% 1.988 1.566 2.411 0.486 4.952 1.479

Harris-PIIFD 5 4% 2.573 0.571 4.576 0.785 4.244 365.754

H-M 22 16% 1.232 0.849 1.616 0.554 3.315 39.918

Saddle 21 16% 2.059 1.299 2.818 0.719 4.977 7.553

D-Saddle 57 43% 2.329 1.862 2.797 0.596 4.993 3.988

Category S (super-resolution)

GDB-ICP 17 24% 0.783 0.703 0.863 0.486 0.988 0.778

Harris-PIIFD 2 3% 0.846 0.071 1.621 0.785 0.907 1.969

H-M 18 25% 0.839 0.780 0.897 0.554 0.995 1.886

Saddle 13 18% 0.858 0.806 0.911 0.719 0.963 1.265

D-Saddle 32 45% 0.852 0.810 0.894 0.596 0.999 0.897

Category P (image mosaicking)

GDB-ICP 16 33% 3.068 2.620 3.516 1.946 4.952 1.134

Harris-PIIFD 0 0% N/A N/A N/A N/A N/A 580.486

H-M 0 0% N/A N/A N/A N/A N/A 18.980

Saddle 3 6% 4.921 4.785 5.058 4.867 4.977 4.532

D-Saddle 13 27% 4.520 4.271 4.769 3.741 4.993 3.301

Category A (longitudinal study)

GDB-ICP 4 29% 2.792 1.903 3.680 2.354 3.603 3.444

Harris-PIIFD 3 21% 3.725 2.551 4.899 3.319 4.244 396.753

H-M 4 29% 3.004 2.664 3.343 2.857 3.315 110.853

Saddle 5 36% 3.462 2.495 4.429 2.767 4.769 4.277

D-Saddle 12 86% 3.896 3.303 4.490 2.534 4.906 3.637
∗Standard deviation of TRE from all image pair (both failed and successful registration).
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image pairs and outperformed D-Saddle that successfully
registered only 27% of the image pairs.

The registration accuracy of D-Saddle was shown to be
influenced by the percentage of overlapping area between
the image pair. Optimum performance of D-Saddle can

be achieved when the overlap area is larger than 75%. This
explained a lower success rate of D-Saddle in image
mosaicking application compared to its success rate in other
categories as 82% of the image pairs in this category has an
overlap area smaller than 75%. However, D-Saddle is more

Fixed image Moving image
Category (pair 11)

Fixed image Moving image
Category (pair 2)

Fixed image Moving image

Registered image (TRE=0.849 pixels)

Registered image (TRE=4.506 pixels)

Registered image (TRE=2.534 pixels)
Category (pair 1)

Figure 9: Examples of matched D-Saddle points between the image pair (1st and 2nd columns) and their registered image with landmarks
(3rd and 4th columns) in each category of FIRE dataset. 3rd column: blended overlay image in which yellow represents areas with similar
intensity. 4th column: difference in the image in which black represents areas with similar intensity.

Table 6: Paired t-test between registration accuracy of D-Saddle and Saddle.

Paired differences D-Saddle−Saddle

Mean difference Std. deviation

95% confidence
interval of the
difference

t df p value

Lower Upper

Overall −3.360 4.252 −4.087 −2.634 −9.147 133 <0.001∗

Category S −0.371 0.434 −0.473 −0.268 −7.192 70 <0.001∗

Category P −8.214 3.314 −9.166 −7.262 −17.352 48 <0.001∗

Category A −1.532 1.485 −2.389 −0.675 −3.861 13 0.002∗

∗Significant at the 0.05 level.
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effective in registering low-quality image pairs including illu-
mination artifact near the frame boundary, significant non-
uniform intensity, and dark spot artifact. In low-quality
retinal image pairs with large overlapping area, D-Saddle
successfully registered 43% of the image pairs whereas
GDB-ICP, Harris-PIIFD, H-M, and Saddle only registered
17%, 3%, 20%, and 23% of the image pairs.

The paired t-test conducted between registration accu-
racy in D-Saddle and Saddle shows that D-Saddle signifi-
cantly improved the registration accuracy of the original
Saddle in all categories. The biggest improvement is observed
in image mosaicking application while the smallest improve-
ment is observed in the super-resolution application. In the
future, we will concentrate on improving D-Saddle in retinal
image pairs with smaller overlapping area and extend its
implementation in other modalities.
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Purpose. Comparative analysis of central and peripheral corneal thickness in PEX patients using three different imaging systems:
Pentacam-Scheimpflug device, time-domain optical coherence tomography (OCT) Visante, and swept-source OCT Casia.
Materials and Methods. 128 eyes of 80 patients with diagnosed PEX were examined and compared with 112 normal, non-PEX
eyes of 72 cataract patients. The study parameters included 5 measured zones: central and 4 peripheral (superior, inferior, nasal,
and temporal). Results. The mean CCT in eyes with PEX syndrome measured with all three instruments was thicker than that in
normal eyes. Corneal thickness measurements in the PEX group were statistically significantly different between Pentacam and
OCT Casia: central corneal thickness (p = 0 04), inferior corneal zone (p = 0 01), and nasal and temporal corneal zones
(p < 0 01). Between Pentacam and OCT Visante inferior, nasal and temporal corneal zones were statistically significantly
different (p < 0 01). Between OCT Casia and OCT Visante, there were no statistically significant differences in measured
parameters values. Conclusion. The central corneal thickness in eyes with PEX syndrome measured with three different
independent methods is higher than that in the non-PEX group, and despite variable peripheral corneal thickness, this one
parameter is still crucial in intraocular pressure measurements.

1. Introduction

Pseudoexfoliation (PEX) syndrome is a common age-related
generalized disease that is characterised by the abnormal
production and turnover of extracellular polymorphic fibril-
lar material, which accumulates at the place of production
and does not undergo degradation. The intraocular cells
involved in this production include nonpigmented ciliary
epithelial cells, posterior pigment epithelial cells of the iris,

pre-equatorial lens capsule epithelial cells, corneal endo-
thelium, trabecular cells, endothelial cells of blood vessels
and its adventitia, muscular cells, and ganglion cells of
the retina. PEX occurs bilaterally, but its manifestation is
usually asymmetric [1–3]. PEX affects up to 30% of people
older than 60 worldwide [2, 4]. It mainly involves the
anterior segment of the eye [1, 5], where its ocular mani-
festations include phacodonesis, lens subluxation, melanin
dispersion, insufficient mydriasis, blood-aqueous barrier
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dysfunction, anterior chamber hypoxia, posterior synechiae,
and corneal endothelial decompensation [1, 2, 5, 6]. PEX is
one of the most common causes of ocular hypertension and
glaucoma [1, 2, 5, 7].

Quantitatively reduced and morphologically altered cor-
neal endothelium in PEX eyes may lead to a distinct type of
keratopathy which diffusely involves the entire cornea. Even
moderate rises in intraocular pressure (IOP) or surgical
manipulations in the anterior chamber may trigger corneal
oedema and decompensation. Reduction of the IOP often
leads to clearing of the cornea [5]. However, in advanced
stages of PEX-related kerato/endotheliopathy, the potential
reversing endothelial decompensation may be limited. This
leads to decreased visual acuity, and it is often accompanied
by ocular pain; finally, corneal transplantation is required
to treat this condition [2, 5].

In addition to intraocular, PEX patients also present with
different systemic manifestations that are mainly associ-
ated with cardiovascular and cerebrovascular morbidities
(myocardial infarction or stroke, arterial hypertension, tran-
sient ischemic attacks, aneurysms of the abdominal aorta,
thromboses, embolisms, haemorrhages, cerebral ischemia,
Alzheimer’s disease, and sensorineural hearing loss) [1–3, 5].

The observation and examination of the anterior segment
of the eye by using slit-lamp biomicroscopy is subjective.
The imaging and evaluation of anterior segment structures
demands the application of new, objective, noninvasive
imaging technologies which provide quantitative and quali-
tative assessments of all structures. Different devices are
available for measuring the corneal thickness. Ultrasound
pachymetry was considered the gold standard for pachyme-
try. However, this technique is limited, because only specific
points can be measured, and not the global pachymetry;
furthermore, it requires aseptic precautions and local
anaesthesia [8, 9]. Other noninvasive techniques that can
be used to determine the global corneal thickness were
introduced, including optical coherence tomography (OCT),
ultrasonic biomicroscopy, scanning slit topography, scanning
peripheral anterior chamber depth analyser, and Pentacam-
Scheimpflug imaging [8–13].

The aim of this study was to comparatively analyse
the central and peripheral corneal thickness in PEX
patients using three different imaging systems: Pentacam-
Scheimpflug camera, Visante time-domain OCT, and Casia
swept-source OCT.

2. Patients and Methods

This study was performed at the Ophthalmology Depart-
ment of Saint Barbara Hospital, Trauma Centre, Sosnowiec,
Poland. All subjects with diagnosed ophthalmic symptoms
of PEX were recruited from among the department’s
cataract patients. Informed consent was obtained from all
participants. All patients underwent a complete ophthalmic
examination, including best-corrected distance visual acuity,
IOP measurement by Goldmann applanation tonometry,
slit-lamp biomicroscopy, and fundus examination with a
dilated pupil. The inclusion criteria were the presence of

pseudoexfoliative material on the anterior lens capsule, pupil
margin, or both.

The exclusion criteria were other ophthalmic or systemic
conditions which could influence corneal thickness mea-
surements, such as corneal pathology (dystrophies and
degenerations, scars, and status postcorneal refractive sur-
gery), previous ocular surgeries or ocular trauma, glaucoma,
ocular hypertension, uveitis, diabetes, systemic diseases with
ocular manifestation (collagen, skin, or mucous membrane
diseases), eyes with refractive errors (±4.0 spherical diopters
and ±2.0 cylindrical diopters), and usage of topical medica-
tion which might affect the corneal condition (especially
medications with preservatives).

All 128 phakic eyes of 80 patients (48 females and
32 males) with diagnosed PEX were examined and com-
pared with 112 normal, non-PEX eyes of 72 cataract patients
(40 females and 32 males). Patients from both groups
were recruited from cataract patients operated on between
October 1, 2016 and February 28, 2017.

All corneal thickness measurements were obtained by one
operator using the three imaging systems mentioned above.
The study parameters were delivered from anterior chamber
images, which were processed for five zones: one central
and four peripheral (superior, inferior, nasal, and temporal).

3. Instruments

The Pentacam-Scheimpflug imaging system (Pentacam HR,
Oculus, Wetzlar, Germany) captures 100 slit images with a
slit depth of 14.0mm in 2 s by rotating along the optical axis
from 0° to 360°. Its digital camera and slit illumination system
(475 nm monochromatic light) rotate automatically around
the corneal apex to capture cross-sectional images of the
anterior eye. A fit zone diameter of 8mm was applied [9–14].

Swept-source OCT (Casia SS-1000, Tomey, Nagoya,
Japan) is a swept-source anterior segment OCT that uses
a wavelength of 1310 nm and performs measurements with
a speed of 30,000 axial scans per second. In the corneal
map mode, each 3D image consists of 16 B-scans and
512 A-lines, and in the anterior segment mode, each 3D
scan contains 128 B-scans and 512 A-scans. The total scan
duration is 0.3 s for the measurement of the corneal thick-
ness and corneal topography. A fit zone diameter of 8mm
was applied [11, 14–18].

Time-domain OCT (Visante OCT, Carl Zeiss Meditec,
Inc., Dublin, California, USA) uses a 1310 nm superlumines-
cent diode source for imaging, which operates at a speed of
4000 axial scans per second. The image acquisition system
provides a video image of the examined zone and stores
the last 7 images at a rate of 8 frames per second. It gener-
ates a pachymetry map with concentric circles with diame-
ters of 2, 5, 7, and 10mm. A fit zone diameter of 7mm was
applied [9, 13, 15, 16].

Axial resolution, offered by listed devices, is as follows:
Pentacam-Scheimpflug camera—10μm,VisanteOCT—18μm,
and Casia OCT—10μm.

Statistical analysis was performed using Statistica versus
13.1 computer software (StatSoft, USA). The results are
presented as mean± standard deviation. In a Bland-Altman
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plot, the difference between the measurements with different
methods is plotted against their mean. The 95% limits of
agreement (mean difference± 1.96 standard deviation) give
the distance between the measurements by the methods with
95% confidence. The Bland-Altman plot also shows the
proportional bias in the measurements, which is the relation-
ship of the difference between the measurements and the true
value. The parameter values were compared between the
normal and the PEX groups by using Student’s t-test or the
Mann–Whitney U test. For normal and near-normal distri-
butions, a variance analysis was performed using ANOVA
test, and then, the homogeneity of variance was determined
using Bartlett’s test. A p value less than 0.05 was considered
statistically significant.

4. Results

The mean age of the study group was 73± 7.8 years (range:
49–88 years) and that of the control group was 69± 9.3 years
(range: 45–84 years). There was no statistically significant
difference with respect to gender and age between both
groups (p > 0 05). The mean measurements of the corneal
thickness in five zones and its standard deviation in the
PEX group and the control non-PEX group are shown in
Tables 1 and 2, respectively.

Table 3 shows the differences in pachymetry values
(p value) between the study and the control groups. A statisti-
cally significant difference was found for only two parameters:
temporal corneal zone—Pentacam measurement and central
corneal thickness (CCT)—Visante measurement.

The corneal thickness measurements in the PEX group
were statistically significantly different between Pentacam
and Casia: CCT (p = 0 04), inferior corneal zone (p = 0 01),
and nasal and temporal corneal zones (p < 0 01). Between
Pentacam and Visante, the inferior, nasal, and temporal cor-
neal zones were statistically significantly different (p < 0 01).
Between Casia and Visante, there were no statistically
significant differences in the measured parameter values.

In the control group, statistically significant differences
were found for measurements between Pentacam and Casia
for the inferior and temporal corneal zones (p < 0 01) and
nasal corneal zone (p = 0 04). Statistically significantly differ-
ent values were also observed between Pentacam and Visante
for the central and inferior corneal zones (p < 0 01), nasal
corneal zone (p = 0 02), and temporal corneal zone (p =
0 01). A statistically significant difference was observed
between Casia and Visante for only the inferior corneal zone
measurement (p = 0 03).

Figure 1 shows the Bland-Altman plots for the
agreement between three imaging system measurements
in central (CCT—central corneal thickness) and temporal
(TCT—temporal corneal thickness) corneal thickness. The
dotted lines represent mean thickness differences between
methods. The interline zones represent the area of 95% limits
of agreement.

5. Discussion

The results of many studies concerning anterior chamber
parameter measurements in eyes with PEX syndrome are
different. Not all eyes with PEX syndrome show clinically
significant PEX-related keratopathy. Possible explanations
may be interindividual differences regarding the involvement
of various tissues of the anterior segment in the PEX process.
PEX may have been previously misdiagnosed as an atypical
non-guttata Fuchs dystrophy [1, 2, 5].

Table 1: Mean pachymetry values—PEX group.

Corneal thickness in regions
Technique Central Superior Inferior Nasal Temporal

Pentacam 557± 28μm 573± 27 μm 562± 28μm 579± 25μm 568± 28 μm
Casia 549± 28μm 572± 29 μm 552± 29μm 564± 28μm 548± 28 μm
Visante 551± 27μm 565± 57 μm 556± 27μm 563± 26μm 552± 28 μm

Table 2: Mean pachymetry values—non-PEX group.

Corneal thickness in regions
Technique Central Superior Inferior Nasal Temporal

Pentacam 552± 25μm 576± 22 μm 558± 24μm 576± 23μm 559± 24 μm
Casia 548± 24μm 570± 25 μm 547± 23μm 570± 22μm 547± 22 μm
Visante 550± 24μm 573± 23 μm 554± 24μm 569± 22μm 551± 24 μm

Table 3: Differences in pachymetry values between PEX and
control groups—p value.

Region
Technique Central Superior Inferior Nasal Temporal

Pentacam 0.15 0.58 0.22 0.37 <0.001
Casia <0.001 0.6 0.19 0.11 0.88

Visante <0.001 0.17 0.67 0.1 0.77
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An accurate corneal thickness reading is essential prior
to IOP readings, refractive surgery, and many other types
of ocular surgeries [5, 13, 15, 18–20]. The mean CCT based
on meta-analysis in white adults was 535μm± 11.6%.
Doughty et al. found that any 10μm deviation from the
mean normal corneal thickness reading results in a
0.5mmHg difference in measurement when using a Gold-
mann tonometer [21].

The corneal thickness in eyes with PEX syndrome, which
often makes it difficult to manage glaucoma or ocular hyper-
tension, must be assessed precisely to avoid underestimating
the IOP readings [2, 10, 19, 20, 22–24].

Reports on CCT in PEX eyes are contradictory. Most
studies show that the CCT in patients with PEX syndrome
is thinner compared to that in the control non-PEX group
[6, 10, 12, 19, 23, 24]. Our findings agree with those
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Figure 1: Bland-Altman plots for the agreement between three imaging system measurements in central (CCT—central corneal thickness)
and temporal (TCT—temporal corneal thickness) corneal thickness.
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reported by Kitsos et al. [22], Tomaszewski et al. [25], and
Arnarsson et al. [26]. These differences may result from
other sampling methods, ethnic differences, and the num-
ber of participants. In our study, the mean CCT in eyes
with PEX syndrome as measured using all three instru-
ments was thicker than that in the normal eyes. Although
different methods were used for corneal thickness measure-
ment in the PEX group and control non-PEX group, the
results of their comparison are coherent.

In our study, we tried to compare the central and periph-
eral pachymetry measurements by using three different
measuring methods and to evaluate the agreement between
them. In the reviewed literature, we did not find such a
comparison for eyes with diagnosed PEX syndrome. Similar
studies were performed for keratoconus [9].

Our results demonstrate the differences in corneal
thickness in both central and peripheral zones. In the study
group, statistically different measurements were obtained
from Pentacam for the temporal, nasal, and inferior periph-
eral zones. The CCT was statistically different only when
measured using Pentacam in comparison with Casia. All
three instruments used in this study had high comparability
and repeatability for measuring the corneal thickness com-
pared to other studies [11, 14, 16, 18]. The peripheral points
measured using Pentacam were overestimated in comparison
with those measured using Visante and Casia. These
measurements are comparable with the results reported in
the previous studies [8, 15, 17]. Better agreement was
observed between Visante and Casia measurements [15, 16].

The limitation of our study may be the fact that we did
not compare our results with those obtained using ultra-
sound pachymetry, which is considered the gold standard
for CCT measurement. Newer, noncontact methods for
measuring corneal thickness are preferred over conventional
ultrasonic pachymetry. This results from a patient’s discom-
fort when using the traditional method, risk of transmission
of infections, or development of corneal epithelial defects.
They offer repeatability and a range of quantitative and
qualitative information.

The differences in results are dependent on measurement
technique. OCT devices deliver highly comparable results.
Scheimpflug camera imaging in many points significantly
differs in measurement if compared with Casia or Visante.
However, almost equal scan quality and axial resolution do
not make this device worse in corneal thickness evaluation
in preoperative period or in PEX-related keratopathy
evolution analysis.

In conclusion, the results of our study show that the
CCT in eyes with PEX syndrome as measured using three
different, independent methods is higher than that in the
non-PEX group, and despite the variable peripheral corneal
thickness, this parameter remains crucial in IOP measure-
ments. This may be a risk factor in the development or
progression of glaucoma. However, we must remember
about the limitation of axial resolution of all devices. It
ranged between 10 and 18μm. It is below the differences
in particular measurement. In long-term observations, CCT
data can be applied to evaluate progression of PEX-related
keratopathy as well as correction of IOP.
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Retinal blood vessels have a significant role in the diagnosis and treatment of various retinal diseases such as diabetic retinopathy,
glaucoma, arteriosclerosis, and hypertension. For this reason, retinal vasculature extraction is important in order to help specialists
for the diagnosis and treatment of systematic diseases. In this paper, a novel approach is developed to extract retinal blood vessel
network. Our method comprises four stages: (1) preprocessing stage in order to prepare dataset for segmentation; (2) an
enhancement procedure including Gabor, Frangi, and Gauss filters obtained separately before a top-hat transform; (3) a hard
and soft clustering stage which includes K-means and Fuzzy C-means (FCM) in order to get binary vessel map; and (4) a
postprocessing step which removes falsely segmented isolated regions. The method is tested on color retinal images obtained
from STARE and DRIVE databases which are available online. As a result, Gabor filter followed by K-means clustering method
achieves 95.94% and 95.71% of accuracy for STARE and DRIVE databases, respectively, which are acceptable for diagnosis systems.

1. Introduction

Computer-aided diagnosis (CADx) systems use visioning
and analysis techniques such as retinal fundus imaging, ultra-
sonography (USG), and computer tomography (CT) in
recent years. Retinal fundus images with high resolution
could help ophthalmologists to diagnose diseases automati-
cally by extracting blood vessels, the optic disc, and macula
[1]. Fundus images provide us many features such as retinal
vessels, the optic disc, and macula. An example of a retinal
fundus image can be seen in Figure 1(a). Retinal vessels which
are spread out to the whole retina have a significant role in the
diagnosis of various retinal diseases such as diabetic retinop-
athy, glaucoma, arteriosclerosis, and hypertension. Addition-
ally, retinal blood vessels are main determiners to locate other
major retinal structures (optic disc and macula) and they
provide many measurable features for the diagnosis of oph-
thalmologic diseases. For this reason, retinal vasculature
extraction is important for the diagnosis and treatment of
retinal diseases. Retinal blood vessel extraction is a process
to get binary vessel map where retinal blood vessels are

labelled as logic 1 (white) and retinal background pixels are
labelled as logic 0 (black) or vice versa. An example of binary
vessel map labelled by an expert manually is shown in
Figure 1(b). The ideal purpose of this study is getting binary
vessel image by an automatic computerized algorithm.

Retinal vasculature extraction has some challenges such
as pathological diseases and noises observed in the retinal
images. Also, it is observed that retinal images have low con-
trast between blood vessels and the retinal background. Var-
ious methods are proposed to accomplish these challenges in
the literature. The vessel extraction solutions could be
divided into two categories as rule-based and machine learn-
ing methods. In rule-based methods, a pixel is labelled as ves-
sel according to some predefined criteria. These methods
include two-dimensional matched filter response (2D MFR)
[1, 2], morphology-based approaches [3, 4], and vessel-
tracking methods [5, 6]. The machine learning methods
include supervised and unsupervised classification. In super-
vised methods, a pixel is labelled as vessel or background by
using some features which differentiate vessel from retinal
background. These methods are usually called as specially
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designed classifiers and include k-nearest neighbors (k-NN)
[7], support vector machines (SVM) [8], Bayesian decision
rule [9], and artificial neural networks [10]. In unsupervised
methods, a clustering schema such as hard (K-means) [11]
and soft (Fuzzy C-means) [12] clustering is used to decide
if a pixel belongs to a vessel or retinal background.

One of the first studies about retinal vasculature extrac-
tion is proposed by Chaudhuri et al. [1]. They configured a
matched filter using Gauss function, because a vessel profile
matches with the inverted Gaussian function. In their
method, the Gaussian kernel is obtained firstly and, then,
they apply the rotated versions of the Gaussian kernel to
the green channel of a color retinal fundus image by convolv-
ing with twelve rotated versions of 2D Gaussian (15° of angu-
lar resolution) and the maximum value with respect to the
angle is selected as maximum filter response. Then, Otsu’s
thresholding algorithm is used and the final vessel map is
obtained. Another study using a two-dimensional matched
filter response (2D MFR) is suggested by Hoover [2]. After
the vessel enhancement procedure with 2D MFR, they
apply a threshold probing method to determine local
threshold and get binary vessel map. The method was tested
on manually labelled vessel images which is referred as
STARE databases [13]. A local thresholding method for reti-
nal vasculature extraction is proposed by Jiang and Mojon
[14]. They divide the gray level intensities into sublevels.
Candidate vessel images are obtained by selecting pixels
between maximum and minimum values of each sublevel.
Then, a verification procedure is applied and the verified sub-
levels are selected. Finally, the binary vessel map is acquired
by combining these verified sublevels before a postprocessing
stage. They tested their method on STARE database and gave
the results [14]. Gabor-based vessel segmentation study is
suggested by Soares et al. [9] in 2006. In their study, they used
some features extracted frommultiscale Gabor wavelet trans-
form and then Bayesian classification with these features is
performed. Afterwards, the pixels in the retinal image are
classified as vessels or nonvessels. STARE [13] and DRIVE
[15] databases are used for testing, and obtained results are
presented. A texture-based vessel segmentation method
which used a bank of Gabor energy filters is proposed by
Bhuiyan et al. [16]. Fuzzy C-means clustering method based

on features obtained from texture properties is used to clas-
sify retinal image pixel vessel or nonvessel. DRIVE database
is used in this study, and 84.37% sensitivity is achieved in
their study. Another study about vessel segmentation is pro-
posed by Kande et al. [17]. Gaussian-based matched filtering
is used for vessel enhancement. To classify the retinal pixels
as vessel or background, an unsupervised Fuzzy C-means
clustering method is utilized to obtain final vascular tree.
They achieve an area under the receiver operating character-
istic (ROC) curve of 95.18% and 96.02% on DRIVE and
STARE databases, respectively. Lupaşcu and Tegolo sug-
gested another retinal vessel segmentation schema using
unsupervised clustering [18]. They use some pixels’ features
extracted from the output of different filters and transform
them to self-organizing maps. K-means clustering methods
are used to obtain the final vessel network. An accuracy of
94.59% success is achieved on DRIVE database. Dey et al.
[19] proposed a method of blood vessel segmentation using
Fuzzy C-means clustering. In their study, a gray level con-
version from RGB images is performed before adaptive
histogram equalization. Then, a background subtraction
procedure is done for feature extraction and Fuzzy C-
means clustering is utilized to get binary vessel map. Another
study proposed by Nguyen et al. used a basic and multiscale
line detector with various lengths and scales for enhance-
ment. They achieve 93.24% and 94.07% accuracy value for
STARE and DRIVE datasets, respectively [20]. Budai et al.
enhanced the original Frangi filter [21] to achieve higher
accuracy and fewer processing time and obtain about 94%
average success on STARE and DRIVE images in the same
year [22]. A method based on fuzzy logic is proposed by
Sharma and Wasson [23]. In this method, the retinal image
is filtered with a high-passed filter and then a few different
fuzzy rules are applied to the output of the high-passed image
to extract blood vessels. The method is tested on DRIVE
database. A cake filter is employed by Bao et al. [24] to seg-
ment retinal blood vessels which uses the real component
fusion in order to separate vessel pixels from the retinal back-
ground pixels. Then, a self-adaption thresholding is used to
obtain final vessel map. In another study, Mapayi et al. pre-
sented a local adaptive thresholding method based on gray
level cooccurrence matrix and reported the average accuracy

(a) (b)

Figure 1: An example of color retinal fundus image (a) and manually segmented binary vessel map (b).
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values of 95.11% and 95.10% on DRIVE and STARE data-
bases, respectively [25]. A three-stage algorithm includes
high-pass filtering, major vessel segmentation, and fine vessel
segmentation with Gaussian mixture model (GMM) classi-
fier proposed by Roychowdhury et al. They have achieved
segmentation accuracy of 95.2% and 95.15% on DRIVE and
STARE, respectively [26]. Some of the latest studies about
vessel segmentation are made by Oliveira et al. [12], Rani
et al. [27], and Shah et al. [28]. Oliveira et al. used filter com-
binations that use weighted mean and median ranking of
enhancement filters which are matched filter, Gabor wavelet
filter, and Frangi filter. Then, an unsupervised classification
method was employed in order to segment final vessel map
[12]. Rani et al. presented a vessel segmentation algorithm
using two-dimensional matched filters, supervised classifica-
tion techniques (support vector machines and tree bagger),
and reported 95.01% and 93.71 of accuracy on STARE and
DRIVE databases, respectively [27]. Shah et al. extracted 24
features from a color retinal fundus image and then trained
a linear minimum squared error (LMSE) classifier to separate
vessels from the background. They achieved 94.79% of accu-
racy on DRIVE database [28].

Although there are many approaches for retinal blood
vessel segmentation, there is still room to get further
improvement and to enhance the performance on different
images, especially on pathological images. In this study, we
propose a novel blood vessel extraction approach based on
image enhancement techniques and unsupervised clustering
methods include K-means and Fuzzy C-means methods.
This paper is organized as follows. The image databases are

introduced in Section 2.1. Section 2.2 gives the preprocessing
operations, and Section 2.3 gives the vessel enhancement
procedures which contain the feature extraction steps. Clus-
tering phase is described in Section 2.4. The postprocessing
step is given in Section 2.5. Results are presented and discus-
sion is done in Section 3. Conclusion is in Section 4.

2. Materials and Methods

In this paper, a novel automatic blood vessel segmentation
method is performed in color retinal fundus images. A vessel
enhancement operation including several matched filters
such as Gabor, Gauss, and Frangi is utilized after a prepro-
cessing step. After that, top-hat transform is applied for fur-
ther enhancement of blood vessels. Then, binary vessel map
is obtained by using hard and soft clustering methods (Fuzzy
C-means and K-means). Finally, falsely isolated pixels are
removed as a postprocessing step. The block diagram of the
method is given in Figure 2.

2.1. Materials. Various publicly image databases are available
online for retinal fundus image analysis utilized by many
authors. In this paper, we use two commonly used image
databases which are called as structured analysis of the retina
(STARE) [13] and digital retinal image for vessel extraction
(DRIVE) [15] to test our method.

The STARE database consists of 20 fundus images (ten of
them have various pathological cases). The images have been
captured with a TopCon TRV-50 digital fundus camera at
35° field of view (FOV). The dimensions of the images are

Retinal region
expansion

Color retinal
fundus image

Preprocessing

Feature extracion

Top-hat transform

Clustering

ROI selection

Removing vessel light
re�ex

Gray level transform 

Vessel enhancement �lter
(Gabor, Gaussian, or Frangi)

Binary vessel map 
extraction

(K-means or FCM)

Postprocessing

Removing falsely
 segmented isolated regions

Figure 2: The block diagram of the method.
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700× 605 pixels with 24 bits (8 bits per each color channel).
All images in this database have corresponding manually seg-
mented versions in which the pixels are labelled as vessel or
nonvessel by two observers. The second observer labelled
thin vessels much more. We use the images labelled by the
first observer as ground truth data for performance evalua-
tion. There are no region of interest (ROI) masks in this
database.

Secondly, the DRIVE database contains 40 images (seven
of them have various pathological cases). The images have
been captured with a Canon CR5 nonmydriatic 3CCD digital
retinal fundus camera at 45° field of view (FOV). The dimen-
sions of the images are 768× 584 pixels with 24 bits (8 bits per
each color channel). All images in this database also have cor-
responding manually segmented versions. The images have
been divided into two parts as training and testing. Each part
contains 20 images. We use testing images for performance
evaluation. There are corresponding region of interest
(ROI) masks in this database.

2.2. Preprocessing

2.2.1. Selection and Expansion of Region of Interest (ROI).
Retinal region is circular even though fundus images are rect-
angular. Therefore, retinal region masks must be utilized in
order to select the region of interest in fundus images. There

are corresponding masks in DRIVE database whereas many
databases such as STARE do not contain any mask to select
retinal region. Thus, retinal region mask might be segmented
automatically for a general framework.

Many studies apply a basic threshold value to the inten-
sity image in order to select retinal region, but some pixels
belonging to vessels or dark regions in the retina could be
segmented as out of the retina. In this study, we use not only
a basic threshold but also additional criteria which are differ-
ence values between color channels (red, green, and blue) and
the average of RGB values. Firstly, we calculate the average
of RGB values. Then, the sum of the difference between
RGB values is calculated and we decided the mask value
according to

mask x, y =
1, avg R,G, B < T1, D < T2

0, otherwise,
1

where D = R −G + R − B + G − B . In 1, T1 and T2 are the
threshold values and determined empirically. For the best
performance, T1 is taken as 40 and T2 is taken as 50. When
we use only a basic threshold, the average accuracy is calcu-
lated as 99.04% and the standard deviation is 1.01% and some
vessel pixels are classified as mask pixels. An example of this
effect is illustrated in Figures 3(c) and 3(d). When we use the
criteria mentioned above, the average accuracy is calculated

(a) Original retinal fundus image from STARE (b) The mask image of (a) labelled by hand

(c) The mask image obtained with basic thresholding.

The accuracy is 98.48%

(d) The mask image obtained with proposed method.

The accuracy is 99.21%

Figure 3: An example of retinal region selection operation.
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as 99.78% and the standard deviation is 0.25% and none of
vessel pixels are classified as mask pixels.

Many vessel enhancement approaches utilize convolu-
tion operation with symmetric structured elements. Conse-
quently, unwanted artefacts might occur on the border of
the retina. An expansion of ROI is applied in order to solve
this problem, after the selection of retinal region. Firstly,
the pixel set on the border of the retina is obtained and, then,
a pixel reflection operation is performed according to border
pixels by taking the symmetric values. Here, the reflection
size is set as 6 for the best results.

2.2.2. Gray Level Conversion. There are various gray level
conversion methods in order to obtain an intensity image.
Some methods might use only one of the color channels such
as green channel whereas others use the sum of multiplica-
tion such as the color channels with special coefficients.
The sum of the color coefficients must be 1 (cr+ cg+ cb = 1)
to get intensity as normalized. The general formula is given in

I = cr ∗R + cg ∗G + cb ∗B, 2

where I is the intensity value, R,G, and B are the intensities of
red, green, and blue color channels, respectively, and cx
values are the color coefficients. In many retinal vessel seg-
mentation methods, the green channel of the color image is
taken as gray level intensity because the maximum contrast
is obtained with this channel (cr = 0, cg = 1, and cb = 0). Some
other methods could use the average of RGB values (cr = 1/3,
cg = 1/3, and cb = 1/3) or special gray level transform coeffi-
cients such as cr = 0.3, cg = 0.59, and cb = 0.11. In this paper,
we selected the color channel coefficients as cr = 0.1, cg = 0.7,
and cb = 0.2 by using a training set from image databases
(STARE and DRIVE). Some details could be found in our
previously done study [29].

2.2.3. Vessel Light Reflex Removal. Since retinal blood vessels
have lower brightness compared to the retina, their intensi-
ties are darker than other retinal pixels but a brighter strip
could be observed on the center of some retinal blood vessels.
To remove this effect, a gray level morphological opening
operation is applied to the intensity image with three-pixel
diameter disc [10]. This operation is illustrated in Figure 4.

2.3. Feature Extraction. In this stage, feature extraction pro-
cedure is performed by using several vessel enhancement

methods such as Gabor filter response, Gaussian-matched fil-
ter response, and Frangi’s multiscale vessel enhancement
approach in order to enhance retinal blood vessels.

2.3.1. Gabor Filter. Gabor filters are widely utilized in some
research areas such as computer vision, pattern recognition,
and image analyzing for texture enhancement and feature
extraction. A complex Gabor function is constructed by
multiplying a Gaussian envelope function with a complex
trigonometric function. In many texture enhancement
approaches, the real part of complex Gabor function is taken.
In this paper, the real part of a two-dimensional Gabor kernel
function is used in order to enhance retinal blood vessels. The
formula of 2D Gabor kernel function used in this paper is
given in

g x, y λ, θ, σ, γ = exp −
x′2 + γ2y′2

2σ2 cos 2π
x′
λ

, 3

where x′ = x cos θ + y sin θ, y′ = −x sin θ + y cos θ, and g is
the 2D Gabor kernel function. This function has four param-
eters to control the shape: scale, orientation, wavelength, and
aspect ratio. Sigma (σ) is the scaling parameter which is the
standard deviation of the Gaussian envelope. Theta (θ) is
the orientation, lambda (λ) is the wavelength, and gamma
(γ) is the aspect ratio. Some examples of Gabor kernels are
given in Figure 5 with several orientations and scales. In this
study, a Gabor filter bank is obtained by rotating a Gabor
kernel with specified parameters to span all possible orienta-
tions. Angular resolution is selected as 15°, so 12 different
Gabor kernels were obtained. The preprocessed intensity
image is convoluted with these 12 Gabor kernels, and the
maximum response is selected for each pixel. Consequently,
the pixels belong to the retinal blood vessels which are more
dominant compared to background pixels. Sample Gabor
kernels with different orientations are given in Figures 5(a),
and 5(b), and 5(c).

2.3.2. Gaussian-Matched Filter. Two-dimensional Gaussian-
based matched filtering was firstly used for retinal blood ves-
sel segmentation by Chaudhuri et al. [1]. Since the retinal
cross-sectional vessel profile is similar with a Gaussian shape,
a two-dimensional Gaussian-based matching template could
be utilized for best approximation to the blood vessels. The

(a) An example part of retinal fundus image before

vessel light reflex removal

(b) The output image of (a) after vessel light reflex

removal

Figure 4: An example to vessel light reflex removal.
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mathematical equation of a 2D Gaussian template could be
described as

G x, y = −exp
x2 + y2

2σ2 , 4

where σ is the standard deviation of the Gaussian function
and could be assumed as the scale of the Gaussian filter. x
and y parameters are rotated to span all possible orientations.
In this paper, angular resolution has taken as 15° in a similar
manner mentioned in Gabor filter. Sample Gaussian kernels
are given in Figures 5(d), 5(e), and 5(f) (the aspect ratio of
Gaussian is taken as 0.5).

2.3.3. Frangi Filter. A multiscale approach for the enhance-
ment of vessel-like structures was suggested by Frangi et al.
[21]. They describe a local vesselness likelihood value in their
study. According to the method, Hessian matrix of the inten-
sity image which uses the second partial derivatives is
obtained and then the eigenvalues of the Hessian matrix are
calculated. The Hessian matrix is given in

H =
Ixx Ixy
Iyx Iyy

, 5

where Ixx, Ixy, Iyx, and Iyy are the second partial derivatives of
the intensity image. The eigenvalues of Hessian matrix λ1
and λ2 are calculated and ordered as λ1 < λ2 . Then, a ves-
selness likelihood value is obtained according to V s func-
tion given in (6) and (7) for each pixel.

V s =
0 λ2 > 0,

exp −
RB

2

2β2 1 − exp
S2

2c2
 λ2 ≤ 0,

6

RB =
λ1
λ2

, S = λ1
2 + λ2

2, 7

where β and c are the parameters to configure the sensitivity
of RB and S values, respectively. The scale parameter is s and
takes integer values between 1 and 5. The maximum response
of all V s values are selected for each pixel, and the output of
the Frangi filter which is shown in Figure 6(e) is obtained.

2.3.4. Top-Hat Transform. Top-hat transform isamorpholog-
ical operation that is utilized toextract small objects anddetails
by increasing contrast indigital image-processing applications
[30]. In this study, the top-hat transform is applied to the out-
put of filters such as Gabor, Gaussian, and Frangi mentioned
above. It increases the contrast between blood vessels and

(a) Gabor kernel with −45° (b) Gabor kernel with 0° (c) Gabor kernel with 45°

(d) Gaussian kernel with −45° (e) Gaussian kernel with 0° (f) Gaussian kernel with 45°

Figure 5: Different orientations of Gabor and Gauss kernels used in vessel enhancement.
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retinal background pixels. Top-hat transform is obtained by
subtracting the morphologically opened image from the orig-
inal intensity image. This is illustrated in

TH I = I − I ∘nB , 8

where TH is the top-hat transform image, I is the
filtered image, B is the morphological structure used in
gray level opening, and n is the scaling parameter of
the transform. In the application, we have set the struc-
turing element size as 5 pixels (n = 5) with disc shaped

(a) Color retinal fundus image (b) Preprocessed gray level intensity image

(c) The top-hat transform of Gabor filter output (d) The top-hat transform of Gaussian filter output

(e) The top-hat transform of Frangi filter output (f) Binary result using Gabor filter and K-means

Figure 6: Example results of different filters (Gabor, Gaussian, and Frangi) and binary result.
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for the best performance. Figure 6 shows the top-hat
transform of different enhancement filters such as Gabor,
Gaussian, and Frangi.

2.4. Vessel Segmentation with Clustering. After the feature
extraction stage, the binary vessel map must be obtained. A
clustering method which classifies the pixels as vessel or non-
vessel is implemented for this reason. Clustering methods are
divided into two subclasses as hard clustering and soft clus-
tering. We utilized K-means algorithm as hard clustering
and Fuzzy C-means (FCM) clustering as soft clustering.

2.4.1. Hard Clustering (K-Means). K-means method is one of
the simplest unsupervised learning algorithms that solve the
well-known clustering problem proposed by MacQueen
[31] in 1967. We use this unsupervised method to classify
enhancement image pixels. K value refers the number of
regions in the image. In K-means method, each sample
(points in this study) is assigned to the nearest centroid (clus-
ter) after an initialization procedure. Then, the centers of
each cluster are recalculated and the assignment step is
repeated until the system becomes stable (the system is stable
if the error is less than a threshold value).

We applied K-means algorithm to segment blood vessels
as follows: firstly, retinal images are enhanced with vessel
enhancement filters (Gabor, Gaussian, and Frangi) and top-
hat transforms. Then, K-means method is applied to the out-
put of the vessel enhancement filters. The parameter K
(region count) is set to 3. It means that the image is divided
into three sets. These sets are the points in which the possibil-
ity of vesselness is high, medium, and low, respectively. At
the final stage, the regions in which possibility of vesselness
is high and medium are combined and the binary vessel
map is obtained.

2.4.2. Soft Clustering (Fuzzy C-Means). In Fuzzy C-means
(FCM) clustering algorithm (which is the generalized form
of clustering methods), each sample could be a member of
more than one set whereas in K-means algorithm, each sam-
ple could be a member of only one set. For example, one sam-
ple can be a member of one set with 75% proportion and can
be a member of another set with 25% proportion in Fuzzy C-
means methods. In FCMmethod, some parameters such as C
(cluster count), n (sample count), and m (the exponential
weight factor) are initialized and the membership matrix
values are determined randomly. Then, the membership
matrix is recalculated until the system becomes stable (if
the error is less than a threshold value).

Herein, we propose a novel approach to extract blood
vessels with Fuzzy C-means clustering with a similar manner
mentioned in K-means clustering section. Firstly, retinal
images are enhanced with vessel enhancement filters (Gabor,
Gaussian, and Frangi) and top-hat transforms. Secondly,
Fuzzy C-means method is applied to the output of the vessel
enhancement filters. In this study, the parameter C (cluster
count) is set as 3. We obtain a clustered image with three
regions by applying FCMmethod. In the first region, the pos-
sibility of vesselness is high and the possibility of vesselness is
lower than the first category in the second region. In the third

region, the possibility of vesselness has the lowest values
compared to the others. The first and the second regions
are assumed as vessels, and the third region is assumed as
background.

Many studies in literature select the region count as two
for binary classification traditionally. In this study, different
region counts such as c = 2 and c = 4 are also analyzed at this
stage in both K-means and Fuzzy C-means clustering. The
obtained performance measured with two or four cluster
counts are given in Table 1 which proves that three regions
give the best performance result.

2.5. Postprocessing. Once we get the binary map of retinal
blood vessels, some operations must be performed in order
to enhance segmentation performance. These operations
are called as the postprocessing step. A postprocessing oper-
ation which removes the falsely detected isolated pixel
regions is applied in this stage. To remove falsely detected
isolated vessel regions, all vessel regions in which the area is
less than fourteen pixels are reclassified as background pixels.
This operation is also called as length filter by some studies in
literature. After the postprocessing step, the final binary ves-
sel map is obtained. An example image of final binary vessel
map is given in Figure 6(f).

3. Experimental Results and Discussion

In this study, we applied our method on two publicly avail-
able online databases known as STARE and DRIVE. As we
mentioned in Section 2.1, STARE database has 20 fundus
images and DRIVE database has 40 fundus images that were
divided into two subsets: the training image set (20 images)
and the testing set (the remaining 20 images). We tested
our method on all 60 images and utilized the second
observer’s labelling as ground truth data for comparison.
Firstly, some secondary metrics such as true positive (TP),
true negative (TN), false positive (FP), and false negative
(FN) are calculated as follows:

Table 1: The effect of different cluster numbers to the performance
results using hard and soft clustering after Gabor filter.

TPR SPE ACC

STARE images

Gabor + FCM with 2 clusters 51.59 99.34 95.74

Gabor + FCM with 3 clusters 75.38 96.83 95.18

Gabor + FCM with 4 clusters 87.06 89.79 89.53

Gabor +K-means with 2 clusters 50.37 99.39 95.70

Gabor +K-means with 3 clusters 68.69 98.16 95.94

Gabor +K-means with 4 clusters 84.30 92.05 91.44

DRIVE images

Gabor + FCM with 2 clusters 54.60 99.01 93.34

Gabor + FCM with 3 clusters 67.76 98.59 95.87

Gabor + FCM with 4 clusters 54.50 99.02 93.34

Gabor +K-means with 2 clusters 54.51 99.01 93.33

Gabor +K-means with 3 clusters 61.02 99.05 95.71

Gabor +K-means with 4 clusters 54.44 99.02 93.33
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(i) True positive (TP): the count of vessel pixels cor-
rectly classified as vessel

(ii) True negative (TN): the count of background pixels
correctly classified as background

(iii) False positive (FP): the count of background pixels
incorrectly classified as vessel

(iv) False negative (FN): the count of vessel pixels incor-
rectly classified as background.

When we get these measures by using the binary vessel map
which is the output of our method and the ground truth data
which is manually segmented by an observer, we calculate the
sensitivity (true positive rate), specificity, and accuracy mea-
sures to measure performance according to (9), (10), and
(11). These metrics are commonly used for the evaluation
of vessel segmentation methods in literature.

Sensitivity =
TP

TP + FN
× 100, 9

Specif icity =
TN

TN + FP
× 100, 10

Accuracy =
TP + TN

TP + TN + FP + FN
× 100 11

Parameter setting of filters used in feature extraction
phase is as follows: Gaussian filter (two-dimensional
matched filter) has only one adjustable parameter which is
the standard deviation (σ) of the function. We choose stan-
dard deviation as σ=1 for images in DRIVE database and
σ=3 for images in STARE database. Gabor filter has three
adjustable parameters which are standard deviation (σ) of
Gaussian envelope, wavelength (λ) of the trigonometric
cosine function, and aspect ratio (γ) of the Gabor kernel.
We choose standard deviation as σ=2, wavelength as
λ=10, and aspect ratio as γ=0.5 for the best performance

results. On the other hand, Frangi filter has three adjust-
able parameters which are standard deviation (σ) and the
tuning parameters β and c. We choose standard deviation
σ=0.5, 1.0, 1.5, …, 5.0, β=4, and c=15. In clustering
phase, K-means and Fuzzy C-means clustering methods
have one adjustable parameter which is the cluster size.
We evaluated the methods with various cluster sizes which
are 2, 3, and 4.

The average results obtained by using the images from
STARE and DRIVE databases are given in Tables 1–3. In
Tables, TPR refers to true positive rate, SPE refers to specific-
ity, and ACC refers to accuracy. Table 2 shows the average
results calculated with the pixels in the whole images by using
various filters (two-dimensional matched filter, Gabor filter,

Table 2: The obtained average results from STARE and DRIVE
databases in whole image (cluster size is 3).

TPR SPE ACC

STARE images

Gabor filter + FCM 75.38 96.83 95.18

Gauss filter + FCM 59.20 97.07 94.16

Frangi filter + FCM 57.62 98.79 95.71

Gabor filter + K-means 68.69 98.16 95.94

Gauss filter + K-means 70.24 97.09 95.16

Frangi filter +K-means 58.98 98.63 95.67

DRIVE images

Gabor filter + FCM 67.76 98.59 95.87

Gauss filter + FCM 74.29 97.02 95.00

Frangi filter + FCM 69.27 98.39 95.82

Gabor filter + K-means 61.02 99.05 95.71

Gauss filter + K-means 61.79 98.75 95.50

Frangi filter +K-means 68.83 98.43 95.83

Table 3: The obtained average results from STARE and DRIVE
databases in ROI compared with some other methods (NA
indicates “not available”).

TPR SPE ACC
In ROI/whole

image

STARE images

Proposed method
(Gabor +K-means)

70.86 97.07 94.37 In ROI

Proposed method
(Gabor +K-means)

68.69 98.16 95.94 In whole image

Hoover [2] 67.51 95.67 92.67 In whole image

Jiang and Mojon [14] — — 93.37 NA

Staal et al. [7] — — 95.16 In ROI

Nguyen et al. [20] — — 93.24 NA

Budai et al. [22] 58.00 98.20 93.86 NA

Oliveira et al. [12]
(FCM)

80.49 95.92 94.46 NA

Bao et al. [24] 78.12 96.12 96.24 NA

Mapayi et al. [25] 76.26 96.57 95.10 NA

Roychowdhury et al.
[26]

77.20 97.30 95.10 NA

Rani et al. [27] 74.19 97.47 95.01 NA

DRIVE images

Proposed method
(Gabor +K-means)

67.79 97.86 94.00 In ROI

Proposed method
(Gabor +K-means)

61.02 99.05 95.71 In whole image

Chaudhuri et al. [1] — — 87.73 In whole image

Xu and Luo [32] 77.60 — 93.28 In ROI

Staal et al. [7] — — 94.42 In ROI

Nguyen et al. [20] — — 94.07 NA

Budai et al. [22] 64.40 98.70 95.72 NA

Oliveira et al. [12]
(FCM)

91.06 94.31 94.02 NA

Mapayi et al. [25] 73.13 97.24 95.11 NA

Roychowdhury et al.
[26]

72.50 98.30 95.20 NA

Rani et al. [27] 72.60 96.86 93.70 NA

Shah et al. [28] 72.05 98.14 94.79 NA
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and Frangi filter) and clustering methods (K-means and
Fuzzy C-means) mentioned above. Gabor filter followed by
FCM clustering gives better performance with the images
from DRIVE database, and Gabor filter followed by K-
means clustering gives better performance with the images
from STARE database. For a general approach, Gabor
followed by K-means is selected as it gives the best results
in average.

The obtained experimental results are compared to the
other methods in Table 3, and binary vessel image is illus-
trated in Figure 6(f). It could be observed that the illustrated
binary vessel network given in Figure 6(f) is good and has sat-
isfactory result for visual inspection. The last column in
Table 3 shows that the performance metrics are calculated
whether in the ROI or in the whole image. It means that
the mask image for the retina is considered or not. NA indi-
cates that any information is not available. The proposed
method performs 95.94% of accuracy on STARE and
95.71% of accuracy on DRIVE databases where the whole
image pixels are considered. The accuracy values obtained
by using the mask image (in ROI) are also given for a fair
comparison. The results measured in ROI are 94.37% and
94.00% on STARE and DRIVE databases, respectively. Addi-
tionally, it is given the specificity (SPE) value in Table 3 that
the higher specificity means less noisy results. The proposed
approach in this paper outperforms better performance than
the most of the other studies with the specificity (the specific-
ity on DRIVE database exceeds all of the other studies). The
obtained specificity results are 98.16% and 99.05% on STARE
and DRIVE databases, respectively.

Table 1 shows the results obtained by using various
cluster sizes such as two, three, and four. As we select
the ROI pixels automatically, we consider whole image
pixels in the retinal image for performance evaluation.
The cluster size is selected as three, because the best
performance values are obtained with this value. As seen
in Table 1, 95.94% of accuracy for STARE database and
95.71% of accuracy for DRIVE database are obtained
using Gabor filter and K-means clustering with cluster
size three (c=3).

The obtained experimental results show us some con-
clusions. First of all, the obtained results are comparable
with the literature and give less noisy vessel image (higher
specificity) as shown in Table 3 and Figure 6(f). Several
vessel enhancement filters are applied, and Gabor filters
give better results since they are more successful to high-
light local features. In other words, Gabor filters bring
out less artefacts compared to others. The results also
showed that the parameters tuned for the best perfor-
mance are different on different image databases. Fuzzy
C-means method is soft clustering approach which is a
generalization form of hard clustering (K-means cluster-
ing). It is expected that soft clustering approaches will give
better results than hard clustering. However, this assump-
tion is not true in all situations. The fuzzification of the
systems does not give better performance results in every
time. In literature, clustering approaches use two clusters
in order to classify each pixel as blood vessel pixels or
background pixels. This study shows that classification with

three clusters is more successful than two or four clusters.
Increasing the cluster numbers causes oversegmentation,
and decreasing the cluster number causes undersegmenta-
tions. This situation is shown in Table 1.

To calculate computational complexity, we have consid-
ered core operations which are vessel enhancement filters
(Gauss, Gabor, and Frangi) and clustering (K-means and
FCM), because every algorithm has some pre- or postproces-
sing. First of all, some necessary parameters should be
defined. Let n be the pixel counts in one retinal image. The
big O(.) notations of submethods are as follows:

(i) Gauss filter: O n m2 a , where m is the height or
width of kernel Gauss filter and a is the angular
resolution parameter (if a is 12, then the angular
resolution will be 180/12 =15).

(ii) Gabor filters: O n m2 a , similar to Gauss filter.

(iii) Frangi filter: this filter has three main subprocesses.

(a) The Hessian matrix calculation: O n w2 , where
w is the maximum expected vessel width.

(b) Eigenvalue analysis: O n , one process for each
pixel.

(c) Maximum value calculation: O n N , where N is
the number of images.

(iv) K-means clustering: O n c x , where c is the cluster
size and x is the iteration number.

(v) Fuzzy C-means clustering: O n c2 t , where c is the
cluster size and t is the iteration count. It is
calculated as a membership matrix despite one-
dimensional distance vector in K-means. Calculat-
ing membership value needs extra c iteration unlike
K-means method.

As Gabor filter followed by K-means clustering
methods are selected for the best performance, it can be
assumed that the big O notation of proposed method is
O n m2 a +O n c x

The method which is developed in this paper is
implemented using the Matlab® tool. The developed soft-
ware is evaluated on a Microsoft Windows® 10 personal
computer which has 3.3GHz CPU and 4GB random
access memory. The processing time for a one-color reti-
nal fundus image takes about 9 seconds in average which
is acceptable for real-time applications. A comparison is
given in Table 4. Some methods use supervised classifica-
tion and need training operation which requires more
time. The running times of these studies which used
classification methods could be increase if the training
operation is included.

4. Conclusion

Retinal blood vessel segmentation approaches could be
divided into two categories as rule-based and machine
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learning methods. We have presented a novel approach
based on several blood vessel enhancement and unsupervised
classification (clustering) methods within the latter. A pre-
processing operation is performed to obtain retinal mask
instead of using manually labelled one followed by vessel
enhancement filtering. Then, we used two clustering schemas
as hard clustering (K-means) and soft clustering (Fuzzy C-
means) for pixel classification. In order to test the proposed
system, two publicly available retinal fundus image databases
(STARE and DRIVE) are used and experimental results are
given as sensitivity, specificity, and accuracy.

One of the main contribution of the proposed segmen-
tation method is taking cluster size c as three instead of
two which we have seen mostly in literature. As given in
tables above, higher accuracy values are obtained by
increasing cluster size c. In traditional clustering methods,
the cluster size had been taken as two. However, this
paper reveals that taking cluster size as three could pro-
vide better performance in any case. The second important
feature of our method is using automatically segmented
masks for retinal region (region of interest) instead of
manually labelled ones. This provides us to produce an
automatic solution for a general purpose without any need
to manually label retinal mask. The next significant feature
of developed system is using unsupervised classification
approach which provides us to segment retinal blood
vessels without any training operation. Additionally, Gabor
filter followed by K-means clustering is a new combination
of methods and relatively better than the others. Hard
clustering (K-means) schema gave us better segmentation
results than soft clustering (FCM). This means that the
fuzzification of the systems does not give better perfor-
mance results in every time. In the future work, we aim
to study the measurements of segmented retinal vessels
and integrate them with our vessel segmentation method.
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Objectives. The aim of this study is to evaluate longitudinal RNFL thickness changes in patients with open-angle glaucoma (OAG)
who underwent pars plana vitrectomy (PPV) with epiretinal membrane (ERM) and ILM removal using OCT RTVue XR 100
Avanti. Methods. Retrospective analysis of OCT scans of 40 patients who underwent PPV or combined phacovitrectomy with
ILM peeling for the idiopathic ERM has been carried out. The patients were divided into two groups for the study: patients with
the ERM and OAG and those with ERM without glaucoma. A trend analysis of the RNFL thickness changes in 1 month and 3,
6, and 12 months was created. Results. At 1 month after surgery, the RNFL thickness increased significantly in the temporalis
quadrant from 89.9 μm to 105.7 μm in patients with OAG. Comparison between group with OAG and group without glaucoma
showed that the RNFLT in the temporalis quadrant decreased significantly 6 months after the surgery. Conclusion. Postoperative
changes in RNFL thickness appeared to be transient, and there was temporal retardation of the retinal nerve fibers without
affecting visual acuity in both groups.

1. Background

In the 1970s, Machemer et al. reported the first pars plana
vitrectomy (PPV) that revolutionized retinal surgery [1]. Since
then, vitreus surgery has evolved considerably because of the
related technological innovations. Currently, vitrectomy is
the third most frequently performed ophthalmic procedure.

One of the indications for PPV is the idiopathic epiretinal
membrane (ERM). This semitransparent membrane located
between the internal limiting membrane (ILM) and the
vitreus causes macular dysfunction, such as macular distor-
tion or edema, leading to a decrease in visual acuity and
metamorphopsia. Retinal surgery releases the tractional

forces on the retinal surface. Vitrectomy for ERM removal
with or without ILM removal is the standard treatment for
such dysfunction [2, 3]. Although PPV for ERM is generally
considered a safe procedure, various complications have been
reported, including cataract formation, increase in intraocu-
lar pressure (IOP) [4, 5], visual field defects [6, 7], and the
development of open-angle glaucoma (OAG) [8]. Further,
ILM peeling is known to cause a mechanical damage of the
retinal nerve fiber layer (RNFL) [4–6].

To the best of our knowledge, no well-designed
controlled studies evaluating the long-term changes in RNFL
thickness after vitrectomy in patients with OAG have been
reported thus far. Further, recently developed spectral
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domain optical coherence tomography (SD-OCT) allows
greater noninvasive detection of RNFL alterations, using
low-coherence interferometry [7]. High resolution, rapid
imaging, and excellent repeatability of the RNFL thickness
measurement make OCT useful in many studies on ocular
diseases such as glaucoma and optic neuropathy [8].

In the present study, we used OCT RTVue XR 100 Avanti
(Optovue, Fremont, CA, USA) to evaluate longitudinal
RNFL thickness changes in patients with OAG who under-
went pars plana vitrectomy with ERM and ILM removal.

2. Methods

2.1. Subjects. This retrospective study included 40 patients
(40 eyes) who underwent pars plana vitrectomy or combined
phacovitrectomy with ILM peeling for the idiopathic epiret-
inal membrane between 2015 and 2016 at St. Barbara
Regional Specialist Hospital, Sosnowiec, Poland. Patient con-
sent to review their medical records was not required by the
Bioethical Committee because of the retrospective nature of
this study and because the patient information was suffi-
ciently anonymized. The selected patients were divided into
two groups for the analysis: patients with the ERM and

OAG diagnosis (group A) and those with ERM without glau-
coma (group B). Each patient underwent a complete ophthal-
mologic examination, including the best-corrected visual
acuity testing using Snellen charts, slit-lamp examination,
IOP measurement with Goldmann applanation, and SD-
OCT, 1, 3, 6, and 12 months postoperatively. The exclusion
criteria for all the participants were as follows: preoperative
IOP of >21mm Hg and cup/disc ratio of >0.5, other retinal
diseases, history of uveitis or trauma, optic disc abnormality,
optic nerve disorder, history of any neuro-ophthalmologic
disease, previous intraocular surgery, and myopia> 6 diop-
ters. Patients with OAG (group A) with less than a 24-
month history of glaucoma, visual field defects more than
MD-2.0 dB, and/or any incidence of increase in IOP of
>30mm Hg and those taking more than one topical anti-
glaucoma medication were excluded. The best-corrected
visual acuity (BCVA) of all eyes was better than 20/40
(logMar 0.30). The characteristics of the vitrectomized eyes
included are summarized in Table 1.

2.2. Surgical Procedure. All patients signed the informed
consent form before undergoing any surgical procedure.
23-gauge, 3-port pars plana vitrectomy was performed on

Table 1: Characteristics of the vitrectomized eyes.

All patients (N = 40) Group A (N = 21) Group B (N = 19)
Age (mean± SD, years) 70.2± 7.1 69.6± 7.6 70.9± 6.7
Gender

Male
Female

19
21

12
9

7
12

Lens status

Phakic before PPV
Pseudophakic before PPV

20
20

11
10

9
10

Mean BCVA
Snellen charts (logMar)

20/40 (0.30) 20/30 (0.20)

IOP before PPV (mean± SD) 16.25± 2.83 14.37± 2.46
IOP after PPV (mean± SD) 17.2± 3.22 15.1± 4.15
Group A =with glaucoma, Group B = without glaucoma, BCVA: best-corrected visual acuity; IOP: intraocular pressure.
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Figure 1: Patient without glaucoma. Color-coded maps of the retinal nerve fiber layer (RNFL) thickness in the four quadrants before and at 1,
3, 6, and 12 months after the surgery (pictures from the left to the right). One month postoperation, the RNFL thickness increased at the
inferior nasal and temporal quadrants because of nerve fiber edema. The increase in the RNFL thickness discontinued in the third month
postintervention and decreased at 6 months and 12 months after the surgery.
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all the eyes by the same vitreoretinal surgeon (A.B.) with the
same technique and the same vitreoretinal machine (Con-
stellation, Alcon, ForthWorth, TX, USA). All phakic patients
underwent PPV with phacoemulsification and intraocular
lens implant. First, a posterior vitreous detachment was cre-
ated. Next, 0.1mL of a Brilliant Blue solution was injected
over the retinal surface for 1min. The dyed ERM was
removed with forceps, and the staining procedure was
repeated to visualize the ILM. ILM was removed with forceps
and peeled (2-disc diameter around the macula) in a circular
manner. Thereafter, a fluid-air exchange was performed. A
corticosteroid and an antibiotic were applied after surgery
for 4 weeks. All patients were examined postoperatively at
1, 3, 6, and 12 months.

2.3. Optical Coherence Tomography Measurement. OCT was
performed using an RTVue 100 XR Fourier-domain OCT
system (Optovue Inc., Fremont, CA, USA). The RTVue
system utilized 840nm near-infrared light, with a 50nm
bandwidth. For the RNFL thickness measurements, a three-
dimensional optic disc scan for the definition of the disc mar-
gin based on a computer-assisted determination of the retinal
pigment epithelium and an optic nerve head (ONH) scan to
measure the RNFL thickness within a circle of 4mm diame-
ter, centered on the preprogrammed disc, were conducted
(Figure 1). Each ONH scan contained 12 radial lines and 6
concentric rings, which were used for creating an RNFL
thickness map. The measuring circle (920 points) of 3.5
mm diameter was derived from this map after adjusting the

Table 2: RNFL thickness changes in group A and group B eyes. Group A: with glaucoma; group B: without glaucoma.

Baseline 1 month 3 months 6 months 12 months

Total RNFL

Group A

RNFLT 93.0± 9.08 106.9± 9.29 95.8± 8.35 91.1± 8.42 88.7± 9.14
RNFL changes 13.9± 8.38 2.8± 7.24 −1.9± 4.89 −4.3± 4.74

P value P = 0 3 P = 0 2 P = 0 9 P = 0 8
Group B

RNFLT 95.8± 5.28 107.0± 5.36 100.2± 4.48 94.6± 4.57 91.8± 5.24
RNFL changes 11.2± 4.39 4.4± 3.72 −1.2± 3.55 −3.9± 5.80

Superior RNFL

Group A

RNFLT 95.5± 9.34 111.2± 12.56 125.2± 12.52 95.8± 9.86 94.6± 11.83
RNFL changes 15.7± 8.04 7.3± 8.45 0.2± 4.96 −1.0± 5.60

P value P = 0 96 P = 0 58 P = 0 9 P = 0 93
Group B

RNFLT 109.4± 9.23 125.2± 9.83 115.4± 6.86 109.5± 6.56 106.8± 7.01
RNFL changes 15.8± 10.10 6.0± 6.45 0.2± 6.16 −2.5± 7.35

Inferior RNFL

Group A

RNFLT 101.3± 14.21 117.1± 14.57 107.4± 13.16 98.7± 15.14 96.6± 14.84
RNFL changes 15.8± 10.78 6.1± 12.10 −2.6± 8.11 −4.7± 8.26

P value P = 0 35 P = 0 9 P = 0 36 P = 0 46
Group B

RNFLT 111.1± 9.15 124.1± 8.00 117.1± 7.58 110.3± 8.03 108.9± 9.03
RNFL changes 12.9± 8.02 6.0± 6.77 −0.8± 3.27 −2.2± 4.59

Nasalis RNFL

Group A

RNFLT 81.5± 7.81 91.9± 7.42 83.4± 7.44 82.9± 7.681.4± 4.86 82.7± 8.37
RNFL changes 10.4± 5.96 1.9± 5.66 1.2± 6.45

P value P = 0 1 P = 0 03 P = 0 74 P = 0 49
Group B

RNFLT 77.1± 7.94 85.7± 6.08 82.7± 5.55 79.8± 6.75 79.7± 5.58
RNFL changes 8.6± 4.36 5.6± 4.37 2.7± 4.93 2.6± 6.24

Temporalis RNFL

Group A

RNFLT 89.9± 16.49 105.7± 18.11 90.7± 14.19 85.8± 15.10 81.1± 15.29
RNFL changes 15.8± 6.7 0.8± 9.90 −4.1± 7.02 −8.8± 7.12

P value P = 0 009 P = 0 95 P = 0 008 P = 0 14
Group B

RNFLT 85.8± 9.9 92.5± 11.22 85.7± 8.15 78.9± 7.65 71.9± 10.09
RNFL changes 6.7± 4.78 −0.1± 6.37 −6.8± 5.15 −13.9± 10.90
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sample circle to be centered on the optic disc. ONH was
defined at the first visit. Circular OCT tomograms were
acquired around the optic disc at a diameter of 3.4mm. In
the statistical analysis, we used four quadrants (superior,
inferior, nasal, and temporalis) of the RNFL thickness
measurements.

A trend analysis of the RNFL thickness changes is possi-
ble and necessitates a minimum of three visits. It is a regres-
sion analysis with no assumption of the known test-retest
variability. The results are given and graphically presented
as the rate of change, 95% confidence interval, and the level
of statistical significance (P value) [9].

2.4. Statistical Analysis. Analyses were performed using
statistical package R 3.3.2 (R Project). Descriptive analyses
of continuous variables were described with the number
of nonmissing observations (N), arithmetic mean, standard
deviation (SD), the first quartile, median, the third quartile,
minimum, and maximum. To compare the results of contin-
uous variables between groups, a t‐test or Mann-Whitney-
Wilcoxon test was used. The normality distribution was
evaluated using a Shapiro-Wilk test. The significance level
was set at 0.05.

3. Results

We analyzed 40 eyes of 40 patients, including 21 females and
19 males, who completed a 12-month follow-up. The mean
patient age was 70.2± 7.1 years (range: 52–81 years). Twenty
patients (50%) underwent combined phacovitrectomy, and
the other 20 (50%) underwent only vitrectomy. Ten patients
had a history of type-2 diabetes mellitus (25%) without
diabetic retinopathy and glaucoma, and 12 had a history of
hypertension (30%) (patients with glaucoma). Changes in
the RNFL thickness after surgery are shown in Table 2.

At 1 month after surgery, the RNFLT increased at the
baseline significantly (P = 0 009) in the temporalis quadrant.
Comparisons between group A with OAG and group B with-
out glaucoma showed that the RNFLT in the temporalis
quadrant decreased significantly (P = 0 008) only 6 months
after the surgery (Table 2). A similar thinning was observed
in the nasal quadrant only 3 months after PPV. No signifi-
cant differences were observed between group A and group

B in terms of the total RNFL and the mean RNFLT in the
superior and the inferior quadrants.

4. Discussion

Over the last decade, OCT has played an important role in
ophthalmology for not only detecting but also quantifying
the progression of glaucoma. In clinical practice, an assess-
ment of the stability or progression of glaucoma is based on
a series of functional tests, including perimetry [10], thick-
ness measurement of RNFL [11, 12]. Measurements made
by various Fourier-domain OCTs are of great importance
in imaging structural changes observed particularly in the
early stages of glaucoma. Early detection of the rapid progres-
sion of glaucoma is a decrease in RNFL to 1.5μm/annum [9].
There are few publications on the analysis of the changes in
RNFL after PPV with ERM and ILM in patients with OAG.
Reddy et al. described the decrease in RNFL thickness only
in the lower quadrants [13], while Kim et al. described it in
the upper and lower quadrants [14]. Balducci et al. reported
the changes in the upper, lower, and temporal quadrants
[15]. After analyzing our results, we have found that there
is a statistically significant increase in the RNFL thickness
in the first month after temporal quadrant surgery
(Figure 2). It is probably associated with edema of the nerve
fibers because of the axonal transport disorder leading to
apoptosis and atrophy of the ganglion cells [7, 16, 17], which
leads to the subsequent RNFL thinning 6 months after the
procedure. Another explanation of this mechanism may be
dehydration caused by the fluid to air exchange during
PPV, toxic retinal damage with gas endotamponade, and
mechanical damage during the removal of the vitreous body
[7, 16, 17]. Like Gharbiya et al. [16], we did not notice any
differences in the RNFL thickness between patients who
underwent phacovitrectomy and those who underwent vit-
rectomy alone. Although our analysis was related to glau-
coma patients and controls, we did not observe statistically
significant changes in the total RNFL thickness in the upper
and lower quadrants in both the groups. Postoperative
lesions in RNFL appeared to be transient, and there was tem-
poral retardation of the retinal nerve fibers without affecting
visual acuity in both the groups. Since the observation period
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Figure 2: Patient with glaucoma. Color-codedmaps of the RNFL thickness in the four quadrants before and at 1, 3, 6, and 12 months after the
surgery (from the left to the right). In this patient, postoperative edema of the RNFL is followed by considerably more thinning than that
shown in Figure 1.
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was 1 year, we concluded that PPV with the removal of the
ERM and imaging of the ILM was a safe procedure for
glaucoma patients.
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