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Abstract: The initial phase of teeth dem-
ineralization typically starts manifesting as white
spot lesions on the teeth’s smooth surfaces when
permanent teeth braces are removed. We present
a prototype for automatic segmentation of teeth
and white spot lesions, which may contribute to
a more accurate and objective way of treatment
monitoring. In the process of development, we
used different image processing techniques and
image segmentation paradigms, namely Otsu
and graph methods. The developed prototype
was evaluated on our own image database, built
from the selected images of clinical examina-
tions since an open annotated database was
not found. The results of our prototype sys-
tem showed that the graph method is superior
to Otsu method.

Index Terms: image processing, image
segmentation, medical imaging, region grow-
ing, segmentation with graphs, segmenta-
tion with Otsu, white lesions

1. INTRODUCTION

Medical imaging in combination with com-
puter vision methods are increasingly used

as they represent an important building block
of modern health care [3]. Computer areas that
are used to analyze medical data are in partic-
ular: computer vision, signal processing, and
machine learning. The use of methods depends
on the individual problem, the format and the
amount of data that we have available. Auto-
matic systems that operate on data obtained
through clinical examinations enable us to help
medical personnel, as the system can facilitate
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the detection process of anomalies in the data.
In this work we will try to solve the prob-

lem that dentists face. The demineralization
beginnings, which appear as white spots on the
smooth surfaces of the teeth (Fig. 1) [24], of-
ten occur after the detachment of the teeth
braces. After the treatment dentists assess the
size of the white spots at each examination and
monitor the changes.

Figure 1: An example of white stains after or-
thodontic appliance removal

Our goal is to develop a prototype system
that will process, capture, and segment the re-
gions of our interest from the captured RGB
images obtained during the dental examination
and evaluate the proportion of affected enamel.
Thus we want to achieve a more objective sys-
tem for monitoring the size of white spots and
thus contribute to the development of modern
healthcare.

2. Topic Overview

Image segmentation is an important part of the
image processing and analysis process, as it can
serve as a bold step in solving the problem, or as
an intermediate step that reduces the image to



smaller and more manageable pieces [21]. The
main purpose of the segmentation is to divide
the image pixels into smaller regions that have
similar properties within each region and have
different properties compared to others.

When reviewing the related work, we found
that there are not many articles that are di-
rectly related to the problem that we address
in our work. This is why we have expanded our
view on the segmentation of medical and color
images. A basic overview of various image pro-
cessing and image segmentation techniques was
drawn from [21, 19], providing a comprehensive
overview of the subject, giving examples of use
and the advantages and disadvantages of indi-
vidual methods.

In the article [16], authors present an effec-
tive segmentation of the teeth with the water-
shed method and the morphological character-
istics of teeth segmentation. In this article, the
teeth recorded from the front are segmented. In
the pre-processing step, they analyze the image
in the RGB color space where they find that the
difference in intensity between the tooth enamel
and the gum is best expressed in the red chan-
nel. Thus, on the basis of the difference be-
tween the RGB image and the complement of
the red channel, the region with tooth enamel
is acquired. Then, using the three-cut method
and morphological characteristics, they deter-
mine the potential region of interest. The po-
tential region is divided into three parts due to
the difference in illumination, since the tissues
that are perpendicular to the light source have a
different contrast than those on the sides. This
segments the parts with different illumination
and consequently significantly improve the re-
sult.

The article [25] is not directly related to the
problem that we are solving, but it uses many of
the approaches that we used in our implemen-
tation. First, analyze differences in histograms
in the HSV color space, where we can observe
how the histograms of the background and ob-
jects of interest differ. Before segmenting the
image, they apply a 3× 3 size averaging/mean
filter to reduce noise. They use the Hue channel
from the HSV color space. Since the channel
H is defined as a circle (from 0◦ to 360◦), it
is advisable to move the image values by a few

degrees if our target region of the color at the
turning point is between the maximum and the
minimum value. For segmentation, the max-
imum entropy and adaptive thresholding were
used. In the end, morphological operators are
also used to fill the regions and remove smaller
holes.

The image segmentation approach in [5] re-
use the Watershed method. Most of the ar-
ticle is devoted to the pre-treatment process.
The segmentation was used by the light chan-
nel (Value channel) from the HSV color space.
Over the selected channel, they apply a contrast
correction CLAHE (Contrast Limited Adaptive
Histogram Equalization), which works by cor-
recting the contrast of the pixel using only the
window of the adjacent pixels instead of us-
ing the entire image. By contrast correction
method, the edges, which were previously less
visible, appear. Then they use the Otsu cor-
rection and the Sobel filter, which emphasizes
the transitions between contrasts, thus prepar-
ing the edges of the regions that will be filled in
the segmentation process using the Watershed
algorithm.

In the article [23], the HSI color space is
used because it is easier to define the distance
between adjacent colors than in the RGB color
space. They use a couple of components (I, H)
of the HSI color space for segmentation, which
serve as an input to the clustering algorithm
k-median, which is a version of k-means algo-
rithm. For the distance measure, they use LAD
(Least Absolute Deviation).

In the article [13], the JSEG (Unsupervised
Segmentation of Color-Texture Regions in Im-
ages) algorithm is used to reduce the input im-
age to the minimum number of colors and pre-
sent each color with the class. Then, with a
sliding window, they walk across an image with
the assigned classes and calculate the image J
over which the region growing algorithm is ap-
plied.

In the article [7], authors present a segmen-
tation process based on the Mean-shift algo-
rithm, which should prove to be better than the
previously developed methods. The Mean-shift
algorithm returns regions that are supposed to
satisfy the conditions. Over the acquired re-
gions they apply additional rules that reject the



miss-segmented regions. These conditions are
domain-specific.

Because color and location information of
an individual pixel point is sometimes not suf-
ficient, we can obtain additional information,
such as texture characteristics. In the article
[27], they present how they have improved the
process based on the Mean-shift algorithm [7]
with texture data. To obtain these, the image
was transformed using wavelet-transform and
calculated the mean energy value. Then, these
energy values were grouped into four classes
and used as a new characteristic for describing
image points.

In addition to low-level segmentation tech-
niques, neural networks are also used. An ex-
ample of such a work is [9], in which they use
SOM (Self-organizing maps).

Since we have also implemented the Evalu-
ation Tool for Segmenting with Reference Im-
ages, we will also present an overview of related
work in the field of performance analysis of such
systems.

One of the databases for evaluating and
comparing segmentation algorithms is the Berke-
ley database, which is considerably expanded
[14] according to the number of citations. The
collection contains color and grayscale natural
images. In their system for comparing and rank-
ing segmentation of different algorithms, they
use the F-score and the precision-recall graphs.

Another such collection of images and tools
for evaluation is [15]. This collection, unlike
Berkley, contains no natural images, but com-
puter-generated mosaics. To rank the algo-
rithms, they use as many as 27 different cri-
teria, divided into thematic categories: regions,
image points, consistency measures, and crite-
ria for comparing clusters.

In the article [20], they analyze the perfor-
mance of clustering algorithms for segmenta-
tion. For measurements statistical measures are
used such as RI (Rand Index), VOI (Variation of
Information), Global Consistency Error (GCE)
and BDE (Boundary Displacement Error).

In the article [11], the Jaccard coefficient
of similarity or the Jaccard index is used as the
main measure of the capacity of the binary clas-
sifier or segmentation to the background and
foreground.

Our research involves the implementation
of a prototype system that, through automatic
image segmentation and other image process-
ing techniques, segments the region of the teeth
and affected parts with white stains on the smo-
oth surfaces of the tooth enamel. For the pur-
poses of the implementation, testing and evalu-
ation of the system, we need a suitable database
of images that we did not find on the web.
Therefore, in cooperation with the medical fac-
ulty, we created our own database. When cre-
ating the database, we manually marked the
areas of our interest, which serve as reference
for the evaluation. For the purpose of evaluat-
ing the system, we have developed a tool that
allows us to compare the regions between ref-
erence marks and labels obtained with external
systems. The Segmentation Comparison Tool
uses various metrics that are used to analyze
the performance of such algorithms. The goal
of the implemented system is a prototype of a
tool that dentists could use to monitor the size
of the affected parts of the dental enamel dur-
ing the course of treatment, as it gives objective
and numerical facts about the condition.

3. Data Acquisition

We used an intraoral Soprolife camera (Figure
2) to capture images. It is used as a device
for the diagnosis of the prevalence of deminer-
alization of dental enamel. The software pack-
age is also included with the tool - Sopro [1],
which enables the user to keep records of pa-
tient examinations and add and edit the meta-
data of captured images. Thus, during the clin-
ical examinations of patients, we took pictures
of teeth, which had white spots present. Then,
the images together with the metadata that
were anonymized were exported and used for
the construction of the database. The meta-
data that is exported with the images is dental
location data, the date of the image creation,
and some other data. When capturing images,
we agreed that the teeth that are subject to re-
view should always be at the center of the im-
age. Thus, each captured image is at the center
of the teeth that we want to analyze, together
with the part of the gums and a smaller part
of the adjacent teeth. By doing this we simpli-



fied the processing of images later, because we
are interested only in the teeth with the largest
surface.

Figure 2: Image capturing device – SOPRO-
LIFE (https://www.gerl-shop.de)

The tool has a camera with a CCD sen-
sor and 8 LEDs, of which 4 white and 4 blue.
Thus, it can capture the image of the teeth
illuminated by white light (the usual color im-
age) or with the blue light of the wavelength
of 450nm [4]. Demineralized parts are colored
brighter (white), while non-mineralized parts of
enamel are colored with shades of green (Fig-
ure 3). The camera captures images with a
resolution of 640 x 480.

Figure 3: Left: an example of an image cap-
tured by white light; Right: an example of an
image captured by blue light

4. Data Preparation

10 patients who were examined either once,
twice or three times were used to collect about
150 pictures. We reviewed all the images man-
ually and selected those that were of sufficient
quality for further processing. The capture of
good quality images with Soprolife presents a
challenge, since it is necessary to set the cam-
era’s position very precisely, the dentist’s hands
must be calm, also the patient’s oral cavity.
Therefore, during manual review, many images
were rejected because they were too blurred and
therefore useless.

We selected 30 images that seemed to be
the most suitable and manually segmented them.

For manual segmentation we used the Gimp
tool [2], with which we created additional two
black and white images for each picture (Figure
4). The middle picture is a tooth mask that is a
subject of interest. The right picture is a mask
of white spots on the tooth of our interest. We
did this for all 30 pictures.

Figure 4: Left: original image; Center: tooth
segment; Right: a segment of WSL

5. Theoretical Background

In this section, we shortly list the well known
algorithms of computer vision, which directly
relate to our work. Since the work relates pri-
marily to the segmentation of images, this sec-
tion is primarily intended for a general overview
of segmentation of images and topics that are
closely related. Firstly we present various color
spaces, which are often used for the purpose of
image segmentation. Secondly we focus on pre-
processing. Thirdly we mention different ap-
proaches used to segment the images. Fourthly
we present measures for the evaluation of algo-
rithms for segmentation.

All our images were captured in RGB color
space. The disadvantage of RGB color space is
that colors can not be easily compared (e.g.
with Euclidean distance) because colors that
are numerically close do not always reflect the
similarities seen by the human eye. For this
reason, color spaces have been developed that
are closer to the organization of colors than the
human eye perceives. Examples of such color
spaces are CIELUV and CIELAB [8, 18].

HSV is a color space that serves as an al-
ternative to the RGB color space. Its advan-
tage is that it separates colors into color com-
ponents Hue, saturation Saturation and bright-
ness Value. For this reason, this color space
is very commonly used in computer vision. It



allows us to manipulate image pixels of the
same color that do not always have the same
brightness. In the case of RGB color space, all
three components are changed when the light-
ing changes, and in the case of the HSV color
space the maximum difference will be observed
in only one channel.

CIELAB is a color space that was devel-
oped in order to get as close as possible to the
perception of the distances between colors, as
perceived by the human eye. The L component
represents the brightness (the higher the value,
the lighter the color). The component a repre-
sents a green-red color, and the b component
is blue-green. Since the images are usually in
RGB color space, a mapping should be used to
use the CIELAB color space.

For the purpose of mapping between color
spaces, we used the cvtColor function in the
OpenCV library [6].

6. Pre-Processing Methods

The process of image segmentation depends
on the image pre-processing. In some cases,
it represents the most important step. A wide
range of methods can usually be used in the pre-
processing, which usually greatly improves the
results and contribute to more stable methods
and more consistent results. Below we present
some of the pre-processing methods used.

6.1 Filters

Filtering is a broad field of computer vision that
covers a wide range of areas. It can be used
for noise removal (smoothing), edge detection,
pattern detection, extraction of features ...

The filtering process involves the kernel and
an input signal, which in our case represents a
2D digital image with one or more color chan-
nels. We can also represent the picture as a set
of 2D matrices with discrete values. Each ma-
trix represents its own color channel, and each
matrix value represents the level of intensity at
a specific pixel location point in the color chan-
nel. The nucleus can be represented as a 2D
array, usually symmetric form and odd dimen-
sions.

Image filters can be divided into two cat-
egories, non-linear and linear. An example of
a non-linear filter is a median filter. The filter
is non-linear because the output of the filter is
not composed of a linear combination of input
values. An example of a linear filter is a mean
filter, for which we use convolution. The pro-
cess of convolution can be represented as the
weighted sum of the intensities of adjacent pix-
els. In the work we use filtering to remove noise
in images and search for intensity transitions.

6.2 Morphological Operators

Morphological operators are a collection of sim-
ple operations performed over binary images.
In order to implement a morphological operator
we need a structural element or a kernel besides
the image. The kernel can be of different sizes
and shapes. Usually, the kernel is in the form
of a rectangle, a cross, an ellipse or a circle.
The two most basic operations of the morpho-
logical operator are erosion and dilation. From
the basic two operations, we can build more
complex operations, such as: opening, closing,
morphological gradient, top-hat and black-hat.
With the size of the core and the shape, we can
adjust the result of the operation itself.

7. Segmentation

Segmentation of digital images is an important
and critical part of computer vision, image anal-
ysis, pattern recognition and robotics. It is one
of the more demanding tasks in image process-
ing, since it indirectly affects the final result of
the algorithms [21, 19]. From the perspective
of computer vision, segmentation is the process
of dividing images into several homogeneous re-
gions or segments that can not be joined to-
gether in a larger homogeneous region.

Tresholding methods are among the most
simple methods, since they are not computa-
tionally demanding and very fast. For thresh-
old methods, global or local thresholds can be
used. In practice, the global thresholding in
most cases is a less successful approach. Tresh-
olding divides the image into the background
and foreground with respect to the intensity of
the pixels and the selected threshold. As a re-



sult we get a binary image. Disadvantages of
these methods are that they do not take into
account any other properties, such as edges,
textures, spatial connection of pixel points, and
only work on single-channel images (greyscale
images) [19]. They are very sensitive to noise,
which may be present in the images. In prac-
tice, the derivatives of the threshold methods
are mostly used.

8. System Implementation

In this section, we introduce the implementa-
tion of the system that we developed for the au-
tomatic segmentation of teeth and white stains.
The solution was developed in the Python pro-
gramming language using the OpenCV and SciPy
libraries.

With the segmentation process, we begin
by first loading the input tooth image into the
memory that is represented in the RGB color
space. All input images should be recorded with
the same dimensions so that the teeth are at the
center of the image. Since this was not true
for all the acquired images, some were hand-
cropped later. Therefore, after we uploaded the
image into memory, we changed its dimension
to a size of 512× 512. This was done in order
to use the same parameters regardless of the
dimension of the input image, without affecting
the end result considerably.

We captured two types of images. The first
type is a standard color image, with no spe-
cial features. The other type are images, il-
luminated with blue light at a wavelength of
450nm.

8.1 Tooth Segmentation

Our primary goal is to obtain segments of teeth
and white stains in order to assess the propor-
tion of affected enamel. For this purpose we
segmented both tooth enamel and white stains.
For the segmentation of teeth we used the Otsu
[17] threshold method (Figure 5). In the first
step we eliminate the glare that appears on the
smooth surfaces of the tooth enamel and the
gums. For the localization of the glitter re-
gions, we have used [12, 22]. The input image
is converted to gray and normalized so that the

values take the range between 0 and 1. Ac-
cording to the literature [22] a threshold value
between 0.8 to 0.9 for the segmentation of re-
gions with glare is suggested. Depending on
the testing with different values, we selected a
threshold value of 0.8, as we obtained the best
results.

So now we have a mask of regions that rep-
resent glare. The current state of the mask
covers only parts of the picture where glare is
the strongest, but in most cases does not cover
the transition between the image and glare. If
these passages are not removed, as a result, we
get edges around the regions where there was
a glare before. We can get rid of this by in-
creasing the regions in the mask. We do this
with the help of a morphological operator for
extension. For a structural element we used a
circle of 5 x 5.

In the article [22], the region covered by
the mask is filled using Laplace interpolation.
In our case, we used the algorithm inside the
OpenCV library for interpolation purposes.The
function that we used to fill parts with the pres-
ence of glare is called Inpaint. The Inpaint
methods work by filling the missing pixel points
with respect to their surroundings. OpenCV
implements a method based on Navier-Stokes,
and a method based on the fast marching [6]
method.

We improved the contrast with the global
stretch of the histogram, but we found that the
results are not much better than the input im-
ages. That’s why we used a histogram stretch
which works locally only on a small window of
the whole picture. For stretching of the his-
togram we are using the CLAHE [26] method
implemented within the OpenCV library. The
window used is 32 × 32. The image 5 shows
an example of an input image and a histogram
stretching with both methods. In the last step
of the pre-processing we removed the noise us-
ing a Gaussian filter.

The first image in the Figure 5, the segmen-
tation contains some noise and segments of the
adjacent teeth. Therefore, following the seg-
mentation, the purification follows. First, we
use a morphological operator erosion to elimi-
nate possible minor connections between major
regions of the segmentation. In this case, we



Figure 5: First: input image; Second: global
stretch of histogram; Third: CLAHE; Fourth:
Otsu

use a structural element of the square shape
(21 × 21). Then we find the related regions
within the picture. We do this by calling the
function connectedComponentsWithStats that
is part of the OpenCV library. We used a 4-way
connection for the connection type. Then we
look for the largest segment and apply the op-
posite operator dilatation to restore the original
surface of the segment.

Given the assumption that the segmented
tooth is located in the middle of the image and
covering the larger part of the image, we can
conclude that the largest connected region is
the segmentation of the tooth. Now we have
to use the opposite operator dilation to restore
the original surface of the tooth.

In the second step, we used a segmentation
approach with graphs, where each node repre-
sents a pixel or a smaller group of pixel points,
and the links between the nodes represent the
distance according to the color. The basic idea
of the algorithm is taken from the article [10]
and is adapted for our case. As with other seg-
mentation methods based on graphs, we must
first construct a graph G = (V, E). In our
case, this is a undirected graph where the node
is v ∈ V which represents the element we want
to segment. The edges (vi, vj) ∈ E define the
spatial connection between adjacent nodes or
pixels in the image. In our case, we have lim-
ited the minimum size of the region to an area
of 250 pixels. An example of a segmentation
result with this algorithm is shown in the image
6. The colors in the images of the segmenta-

tion are random and represent only the values
of different classes of regions.

Figure 6: First row: input image; Second row:
Segmentation result with graphs

During the analysis of the images, we found
that white stains are always lighter in color than
the surrounding, but this same color, which is
a white spot, can also appear on other parts of
the same tooth, which is a problem. When an-
alyzing images captured by blue light, we found
that candidates from regions with white spots
can be segmented very easily according to the
intensity of pixels in channel A or B of the
CIELAB color space. As an example, we can
look at the image 7. In the picture of chan-
nels A and B we can see that the white stain
completely stands out in intensity from the sur-
rounding, which represents a healthy enamel.

Figure 7: Left: input image; Middle: channel
A; Right: channel B

In order to obtain the candidates of regions
of white spots in the images taken without blue
light, we implemented our own algorithm based
on the growth of regions.The first step of the al-
gorithm is finding the seed points, which will be



located inside the white spots. To find candi-
dates for points of white stains, we want to use
a picture on which the sharp passages between
enamel and white stains can best be seen. By
experimenting we came to the conclusion that
transitions are well seen on the gray picture. An
example of such an image is the center image
8 (the image has inverted intensities).

Figure 8: Left: input image; Mid: gray image
of the input image; Right: intensity difference
after filtering

To obtain the approximate location of the
white spot or larger white region, we used fil-
tering with a 9× 9 linear filter. The idea stems
from edge-search approaches. For example, an
extended Sobel filter. We find all the pixels
that represent the above 5% intensities. Now
we have a picture that consists of smaller re-
gions that appear on the edges of the white
stains. Since we need only a point for the re-
gion growth algorithm, we need to get at least
one pixel location from each region, which will
represent one of the starting points of the al-
gorithm. This is done by using the OpenCV
function connectedComponents separately for
each associated region.

9. Results & Discussion

In this section we present the results obtained
with the implemented system. We used a col-
lection of 30 images of teeth with white lesions
for testing. Of these, 10 images are covered
with blue light and 20 plain images. Testing
was performed on the Ubuntu 16.04 operating
system with an Intel i7 4700HQ @ 3.40 GHz

and 16 GB memory. The main goal of the work
was the implementation of the prototype sys-
tem for automatic assessment of the affected
area of dental enamel with white stains. Since
the problem has been divided into the segmen-
tation of teeth and white stains, we will also
present the results separately.

As we can see in the table 1, the speci-
ficity is almost always above 0.90, which means
that our segmentation is almost entirely within
the region of interest. If interpreted by the for-
mula of specificity, then this means that we al-
most never return the background as part of
the region of the tooth. The threshold meth-
ods are very fast, which can be confirmed in our
case. The process of tooth segmentation with
the Otsu method takes on average 2s (2.06s±
0.54s).

9.1 Tooth Segmentation

In the table 2 the results of the graph method
are presented. We can see that the results
are significantly improved compared to the re-
sults in the table 1. The biggest change occurs
at the sensitivity measure, which changes by
0.49. This means that with this method we cor-
rectly classify much more surface of the tooth
than with the previous one. Segmentation with
graphs takes almost 5− times (9.64s± 0.77s)
more time than the previous method.

9.2 White Stain Segmentation Capacity

Table 3 contains the white spot segmentation
results with the region growth method. In the
segmentation we took into account information
about the image type, the solution of the tooth
segmentation and the localization of the glare
areas. We segmented the white spots according
to the type of image. The image type is repre-
sented in the table 3 in the T column. If the
T column value is n then the picture is normal,
otherwise it is illuminated by blue light b.

From the table 3 we can see that the per-
formance is significantly better on the images
illuminated by the blue light than in the ordi-
nary pictures. On average, F is higher for 0.34.



Table 1: Results of a tooth segmentation with
the Otsu method

Image F1 Prec Sen Spec
1 0.61 1.00 0.44 1.00
2 0.64 1.00 0.47 1.00
3 0.70 0.93 0.57 0.95
4 0.42 0.43 0.41 0.62
5 0.34 0.39 0.30 0.68
6 0.64 1.00 0.47 1.00
7 0.69 0.91 0.56 0.94
8 0.43 1.00 0.27 1.00
9 0.43 1.00 0.28 1.00
10 0.51 0.78 0.38 0.92
11 0.40 1.00 0.25 1.00
12 0.44 1.00 0.28 1.00
13 0.48 1.00 0.31 1.00
14 0.73 0.82 0.66 0.84
15 0.59 1.00 0.42 1.00
16 0.55 1.00 0.38 1.00
17 0.55 1.00 0.38 1.00
18 0.54 1.00 0.37 1.00
19 0.51 1.00 0.35 1.00
20 0.49 1.00 0.32 1.00
21 0.52 1.00 0.36 1.00
22 0.48 1.00 0.32 1.00
23 0.45 1.00 0.29 1.00
24 0.60 1.00 0.43 1.00
25 0.64 1.00 0.47 1.00
26 0.62 1.00 0.45 1.00
27 0.62 1.00 0.45 1.00
28 0.60 1.00 0.42 1.00
29 0.63 1.00 0.46 1.00
30 0.55 0.95 0.40 0.96
Avg 0.55 0.94 0.40 0.96

Table 2: Results of the segmentation with the
graph method

Image F1 Prec Sen Spec
1 0.98 1.00 0.96 1.00
2 0.94 0.99 0.89 0.99
3 0.90 0.94 0.86 0.93
4 0.64 0.53 0.81 0.51
5 0.65 0.53 0.83 0.51
6 0.94 0.99 0.88 0.99
7 0.89 0.92 0.86 0.92
8 0.91 0.99 0.84 0.99
9 0.85 0.98 0.74 0.99
10 0.75 0.64 0.89 0.61
11 0.88 1.00 0.79 1.00
12 0.89 1.00 0.80 1.00
13 0.95 0.98 0.92 0.99
14 0.79 0.67 0.96 0.45
15 0.96 0.95 0.98 0.95
16 0.96 0.99 0.94 0.99
17 0.94 0.96 0.91 0.96
18 0.97 0.99 0.95 0.99
19 0.90 0.97 0.84 0.97
20 0.91 0.91 0.90 0.93
21 0.93 0.98 0.88 0.99
22 0.91 0.98 0.85 0.99
23 0.93 1.00 0.87 1.00
24 0.96 0.98 0.95 0.98
25 0.95 0.93 0.97 0.90
26 0.96 1.00 0.92 1.00
27 0.95 1.00 0.91 1.00
28 0.96 0.98 0.94 0.98
29 0.95 0.94 0.96 0.91
30 0.90 0.93 0.89 0.91
Avg. 0.90 0.92 0.89 0.91



Table 3: Segmentation results of white stains
Image F1 Prec Sen Spec T
1 0.79 0.77 0.82 1.00 n
2 0.92 0.98 0.87 1.00 b
3 0.81 0.84 0.79 0.99 b
4 0.19 0.12 0.45 0.90 n
5 0.19 0.12 0.45 0.92 n
6 0.93 0.91 0.96 1.00 b
7 0.81 0.80 0.83 0.99 b
8 0.24 0.15 0.53 0.89 n
9 0.49 0.41 0.62 0.95 n
10 0.62 0.85 0.49 0.99 n
11 0.30 0.89 0.18 0.99 n
12 0.62 0.97 0.46 1.00 n
13 0.51 0.43 0.62 0.93 n
14 0.29 0.22 0.43 0.94 n
15 0.37 0.33 0.43 0.98 n
16 0.60 0.69 0.53 0.99 n
17 0.60 0.76 0.50 0.99 n
18 0.48 0.72 0.36 0.99 n
19 0.47 0.31 0.95 0.92 n
20 0.60 0.63 0.57 0.97 n
21 0.49 0.54 0.44 0.98 n
22 0.00 0.00 0.00 0.96 n
23 0.52 0.47 0.58 0.95 n
24 0.79 0.70 0.90 0.98 b
25 0.74 0.74 0.74 1.00 b
26 0.73 0.83 0.65 1.00 b
27 0.77 0.80 0.73 0.98 b
28 0.81 0.75 0.88 0.98 b
29 0.54 0.58 0.58 0.97 b
30 0.54 0.58 0.58 0.97 n
Avg. 0.56 0.60 0.60 0.97

10. Future Work

As we have seen from the results of the evalu-
ation of the system, there is still a lot of room
for improvements. One of the more impor-
tant things that need to be improved if we
want to continue to develop the system is to
increase the database. In addition to low-level
approaches, we could use and experiment with
more advanced methods that require as many
cases as possible, for example, deep neural net-
works. In addition to increasing the number of
images, their quality and resolution should also
be improved.
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