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Neural networks to remove specular reflections in
colposcopic images

Redes neuronales para eliminar reflejos especulares
en imagenes colposcopicas

Lauren Jimenez-Martin'®, Daniel Alejandro Valdés Pérez®, Ana Margarita Solares
Asteasuainzarra®®, Ludwig Leonard Méndez*®, Marta Lourdes Baguer Diaz-Romafiach*®

Abstract Colposcopic images of the cervix are crucial for cervical cancer early detection, but specular
reflections (bright areas) in these images can abstruse key portions of them, potentially leading to misdiagnosis.
This paper proposes a neural network-based strategy to address this challenge. The strategy tackles the
unknown nature of ground truth for specular regions by training the network to restore hidden anatomical details
in colposcopic images. Specular reflections are first identified and removed, and then the trained network fills
in the missing information. The conducted experiments demonstrate successful specular reflection removal
in most images while maintaining color distribution and content. A specialist in Cervix Pathology confirmed
the improvement visibility of anatomical and physiological elements after the image processing, validating the
potential of this approach for enhanced cervical cancer diagnosis.
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Resumen Las imagenes colposcopicas del cuello uterino son cruciales para la deteccion temprana de
cancer, pero los reflejos especulares en estas imagenes pueden ocultar porciones claves de ellas, y conducir
a un diagndstico erréneo. Este articulo propone una estrategia basada en redes neuronales para abordar
este desafio. La estrategia aborda el desconocimiento de la "ground truth" de las regiones especulares,
entrenando una red para restaurar detalles anatémicos ocultos en las imagenes. Para ello, primero se identifican
y eliminan los reflejos especulares, y luego la red entrenada completa la informacion faltante. Los experimentos
realizados demuestran la eliminacion exitosa del reflejo especular en la mayoria de las imagenes, manteniendo
la distribucion y el contenido del color. Un especialista en patologia de cuello uterino confirmdé una mejor
visibilidad de los elementos anatémicos después del procesamiento, validando el potencial de este enfoque
para mejorar el diagndstico del cancer de cuello uterino.
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Introduction

Cancer is a serious health problem due to its high inci-
dence and mortality rates in the world. In particular, cervical
cancer is one of the most common that affects women and
is the fourth leading cause of female mortality from cancer
worldwide [4]. To increase the probability of successful treat-
ment, early detection of the disease is necessary [19]. Before
the appearance of cervical cancer, abnormal growth of squa-
mous cells occurs in the cervical epithelium called cervical
intraepithelial neoplasia. These precancerous and cancerous
cells can be detected through a colposcopy, a visual inspec-
tion of the cervix by a clinical examination [15]. This test is
performed by using a colposcope that captures color images
outside the cervix. Once regions suggestive of intraepithe-
lial lesion or cervical cancer have been identified, a targeted
biopsy is performed to confirm the diagnosis, which con-
tributes to developing treatment strategies in correspondence
with the size and location of the lesions.

The cervix is a humid area and, when the light of the
colposcope falls on it, specular reflections (SRs) may appear
in the image. Specular reflections raise challenging problems
in medical image analysis, as it degrades (partially or entirely)
the information in the affected pixels [10], which can lead
to misdiagnosis. Therefore, it is imperative to find effective
methods for eliminating the SRs and estimating the missing
anatomical region under the bright zones. On this need, the
present work is focused.

Previous studies on colposcopic image processing have
allowed the detection of SR regions [5, 13, 16]. Once these
regions are identified, SRs removal can be treated as an in-
painting problem, which consists of filling in the missing
regions based on the remaining image data [21]. The restored
region must be consistent with the cervix anatomy. Differ-
ent approaches have been taken to deal with SRs removal by
inpainting methods in colposcopic images. The authors of
[10] proposed filling in the affected regions by interpolating
the RGB (Red, Green, Blue) color components individually
from the surrounding regions based on Laplace’s equation and
modifying the intensity component of the HSI (Hue, Satura-
tion, Intensity) color space transformed image. In [25], it was
assumed that the highlights formed on the moist surface of the
cervix are very small and the color underneath each highlight
is nearly constant and similar to the color of the pixels in the
immediate surroundings. So, it was proposed to fill in the
SR regions by propagating the surrounding color information.
After the color value of the detected SR pixels is set to zero, an
iterative process replaces each pixel value inside the SR region
by the mean color of its non-zero neighbors. A similar idea
was followed in [23], but the pixels inside the SR region were
replaced by the weighted color values of their neighboring
pixels based on the average gradient direction of the SR re-
gion. All these methods are based on the gradual propagation
of colors from edges toward the specular reflection center, and
they provide satisfactory results when applying to small areas.
In contrast, [13] argues that SR regions are typically large,

so reconstructing missing information by only considering
neighboring pixel value is not realistic. They suggest applying
the multi-resolution inpainting technique proposed in [20] to
restore the SRs by blocks with different brightness levels and
applying histogram equalization to homogenize each restored
block and reduce the effect of dividing the SRs into several
blocks. By considering the colposcopic image with SRs as
a matrix with unknown entries, [6] proposes estimating SR
regions employing Non-Negative Matrix Factorization. How-
ever, the quality of the reconstruction strongly depends on
the initial parameters of the algorithm. The authors of [22]
proposed inpainting of SRs in colposcopic images with an
exemplar-based method.

In recent years, there has been an increasing amount of lit-
erature on Convolutional Neural Networks (CNN5s) to perform
image inpainting tasks. CNNs are used as a feature extrac-
tion method through the process of convolution. Particularly
in medical image restoration, the use of neural networks to
solve inpainting problems has been increasing due to the good
performance they have shown on images from other domains.
The authors of [1] chose to incorporate YOLOv3 with spa-
tial pyramid pooling (YOLOv3-spp) for robust detection and
improved inference time for endoscopic artifacts, which may
affect the physician’s visual assessment, and propose the use
of a Conditional Generative Adversarial Network (CGAN)
to restore the affected areas in the image. The use of CNN
combined with adversarial training [7] has produced excellent
results on inpainting tasks, with perceptual similarity to the
original image. The authors of [14] propose a new architec-
ture based on generative adversarial networks, Reconstruction
Global-Local GAN (Recon-GLGAN), for magnetic resonance
image reconstruction. However, despite the good performance
of the deep learning algorithms in these inpainting tasks, they
have not been applied to specular reflection removal in colpo-
scopic images.

In this paper, we present a new approach to eliminate
specular reflections based on training a network to learn how
to restore any hidden region of colposcopic images. Once
the SRs are identified, they are removed from the image, and
the previously trained network is used to fulfill these deleted
areas. We use a convolutional denoising autoencoder trained
for the completion task using a small database, contrary to the
belief that, for optimal performance, large training datasets
are needed for models based on deep architectures.

This article is organized as follows. The next section
describes the neural network architecture selected to eliminate
specular reflections in colposcopic images, and details the
strategy followed for its training. The fourth section presents
the experimental process carried out as well as a qualitative
and quantitative analysis of the obtained results.

Highlights

= Convolutional neural networks for specular reflections
removal and estimation of unobserved cervix portions.
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= Supervised learning to a problem with no ground truth
previous knowledge.

» Reformulation of the problem to restore any hidden
region of colposcopic images.

= Satisfactory medical assessment of specular reflection
removal, and anatomical-physiological cervix restora-
tion.

= Potential to improve early detection of cervical cancer.

1. Material and methods

This section deals with the specular reflections removal
in colposcopic images using deep learning techniques. Fig-
ure 1 presents two typical colposcopic images from different
patients showing large differences in color and shape of the
cervices and the presence of scattered brightness (SRs). After
considering the main limitation of the standard supervised
learning for eliminating SRs in a colposcopic image, a new
strategy for applying a supervised learning algorithm is intro-
duced despite not knowing the ground truth of the problem to
be solved.

Figure 1. Colposcopic images with specular reflexions from
different patients [Imdgenes colposcépicas con reflexiones
especulares de diferentes pacientes).

1.1 Characterization and detection of specular re-
flections

Pixels belonging to regions with SRs are characterized
by high intensity (/nf) and low color saturation (Sar) [11].
These characteristics allow a preliminary identification of
such regions by applying a threshold criterion to these image
values [25]. The authors of [16] studied different approaches
to detect SR regions on Cuban colposcopic images. They
proposed an algorithm based on the application of thresholds
to the maximum intensity Inf,,,, of the image regardless of
color saturation. The pixels with intensity higher than the
thresholds were classified as SR. This algorithm was chosen
to detect the SR region in this work.

1.2 Peculiarities of the problem to be solved and
feasibility of supervised training

Formulation of the problem to be solved. Let us denoted
by:
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= A the area of the cervix focused with the colposcope

= [ the image of A captured by the colposcope, i.e., image
with SR regions.

» [, the ideal image showing the complete content of A,
i.e., image without the SR regions.

Target: From image I, obtain image I, using supervised learn-
ing.

The supervised training of a neural network depends on
knowing in advance the training set consisting of N pairs (x;,
y;) of inputs and outputs, i = 1,--- | N. Adjusting this to the
problem to be solved, the training set would have as input x; a
colposcopic image I and as output (ground truth) y; the image
L.

However, the presence of SRs is an inherent characteris-
tic of colposcopic images produced by the reflection of the
colposcope light on the wet areas of the cervix. Since the
areas and the humidity level are different for each patient, the
distribution of SRs in the images is heterogeneous (see Figure
1). Moreover, for a patient, the incidence of the colposcope
light on an area A at different angles may result in images
I with SRs located on different regions, but it would never
result in an image Ie showing the complete content of A, as
seen in Figure 2. Therefore, for image I of the area A, the
corresponding ground truth /, is unknown. For this reason,
applying supervised training of a neural network directly to
solve this problem is not feasible.

Figure 2. Colposcopic images with specular reflexions of the
same patient [Imdgenes colposcdpicas con reflexiones
especulares del mismo paciente].

1.3 Strategy for applying a supervised learning al-
gorithm

Considering the above-mentioned peculiarities of the prob-
lem to solve, in this section, the problem of SRs removal in
colposcopic images using supervised learning is reformulated,
the architecture and training of the network defined, and the
use of the network to solve the problem described.

Reformulation of the problem to solve. Lef us denoted
by:

» A the area of the cervix focused with the colposcope
= [ the image of A captured by the colposcope, i.e., image

with SR regions.
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« [ and I’ modifications of image I such that there are
. . . . n .
hidden regions in the image 1 that are known in the
/
image I .

Targets:

1. Train a network for learning to complete the hidden
" /
content in I by trying to obtain I .

2. Use the trained network to complete the regions with
SRs in a colposcopic image D, which solves the original
problem.

Since the network is trained to restore any hidden region
of colposcopic images, it is expected that the network will be
able to reconstruct any unobserved anatomical cervix portion
under the SR regions.

Image pre-processing. The modified images [ and " for
constructing the data set of the above-reformulated problem
are constructed as follows:

1. The regions with SRs are identified by using the algo-
rithm of [16], as mentioned in Section 1.1, and a binary
m x n mask M, (real mask) was associated with them.
The entry (i, j) of the real mask of a colposcopic image
L« is defined as:

M, = 0 if the pixel /;;has SR
S otherwise

where i = 1,--- ,m; j=1,---,n. The image [ =1x
M, is constructed, where the symbol * denotes the
Hadamard product for two matrices. See Figure 3 cen-
ter.

)

2. From the regions without SRs of I, regions of interest
will be selected as hidden regions (HR), and a new
m x n mask M, (hidden mask) will be associated with
them. That is,

0 ifthepixel I;; € HR
- ij
[Mhlij { 1 otherwise

wherei=1,---,m; j=1,--- ,n. Then, s :I/*Mh is
constructed. See Figure 3 right.

)

3. Applying steps 1 and 2 on a set of N colposcopic images
I,, we conform the tuple (1, ,I, ) for the data set, where
p= 1727"' 7N'

1.3.1 Architecture of the neural network

The authors of [9] propose a Generative Adversarial Net-
work (GAN) model that improves the results obtained by
[3, 8, 18] for solving image inpainting problems arisen in
different (non-medical) domains such as faces and landscapes.
The model architecture by [9] comprises three networks: a
generator, a global context discriminator, and a local context
discriminator. The generative network is fully convolutional
and is used to fill in the missing regions of the image, while
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Type Kernel Dilation Stride Filters
convolution 5%x5 1 1x1 32
convolution 3x3 1 2%x2 64
convolution 3x3 1 1x1 64
convolution 3x3 1 2x2 128
convolution 3x3 1 1x1 128
convolution 3x3 1 1x1 128
dilated convolution 3x3 2 Ix1 128
dilated convolution 3x3 4 1x1 128
dilated convolution 3x3 8 1x1 128
dilated convolution 3x3 16 1x1 128
convolution 3x3 1 1x1 128
convolution 3x3 1 1x1 128
deconvolution 4x4 1 1/2x1/2 64
convolution 3x3 1 1x1 64
deconvolution 4x4 1 112x1/2 32
convolution 3x3 1 1x1 16
output 3x3 1 1x1 3

Table 1. Architecture of the network. The activation function
of each layer is a Rectified Linear Unit (ReLU), except the
last one. The last layer (output) is a convolutional layer with
a sigmoid function to normalize the output to the [0, 1] range
[Arquitectura de la red. La funcion de activacion de cada
capa es una unidad lineal rectificada (ReLU), excepto la
ultima. Esta es una capa convolucional con una funcion
sigmoide para normalizar la salida al rango [0, 1]].

the global and local context discriminators are auxiliary net-
works used exclusively for training. Unlike other approaches
focused on image generation, their method does not generate
images from noise.

To solve the reformulated problem specified in Section
1.3, we will use a network architecture based on the gener-
ative network architecture of [9]. This network follows an
encoder-decoder structure that initially decreases the image
resolution before its further processing, reducing memory
usage and computation time. Subsequently, the network out-
put is restored to the original resolution using deconvolution
layers (the opposite process of a convolution filter). The reso-
lution is decreased twice using convolutions of stride 1/4 of
the original size, which is important to generate a non-blurred
texture in the missing regions [9]. Using dilated convolutions
at lower resolutions, the model can effectively process larger
input image areas when computing each output pixel than
with standard convolutions [9]. The model also has batch
normalization layers after all convolutional layers except for
the last one.

Specifically, we use the above-described network architec-
ture with the following modifications. The number of filters
used in each layer is reduced by half to decrease the number of
operations to be performed and the computation time. Table
1 shows the final architecture of the network. Instead of an
RGB image with a mask representing the region to be filled,
the model input is an RGB image with two masks. The first
mask identifies the black pixels of the input image that should
be retained in the output image. The second mask identifies
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SR SR

SR HR

Figure 3. Example of the modified images / "and I" of I. The black regions marked inside the red circles in / " are the hidden
. . ., . / /" . . .
regions (HR) [Ejemplo de las imdgenes modificadas I y 1 de I. Las regiones negras marcadas dentro de los circulos rojos en
"

I son las regiones ocultas (HR)].

the black pixels of the input image that must be restored. Both
masks are binary arrays of the image size, where the positions
with value 0 will be those representing the black pixels, and 1
the rest of the image. It is intended that, from these patterns,
the network learns which areas to copy and which ones to
restore. A general representation of this model can be seen in
Figure 4.

To restore hidden regions of a colposcopic image I the
input image is 1" defined in Section 1.3. The first mask is
the real M, of I, and the second is the hidden M. On the
other hand, to restore anatomical cervix portion under the SR
regions in a colposcopic image /, the input image is I, the
first mask is composed of a matrix full of 1, and the second
mask is the real M, of I representing the pixels to be restored.

The optimizer used in training is the Adadelta algorithm
[24], which automatically sets a learning rate for each weight
in the network. Adadelta optimization is a stochastic gradient
descent method that is based on adaptive learning rate per
dimension to address two drawbacks:

1. The continual decay of learning rates throughout train-
ing, implying an incorrect update of the weights. In the
worst case, this may prevent the neural network from
continuing its training [17].

2. The need for a manually selected global learning rate
[24].

This algorithm adapts learning rates based on a moving win-
dow of gradient updates, rather than accumulating all previous
gradients. In this way, Adadelta continues to learn even when
many updates have been made.

The loss function used for training the network is the
Mean Squared Error (MSE):

[l (x) =¥ 2.

defined by the Euclidean norm || - ||, the obtained output
hg(x) of the network for the input x, and the expected output
y. Since in our case we intend to compute the distance between
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RGB images, we use the objective function:

mxnx3!

1 m n
i=1

3
Y Y (ho(lip) —I)*- (1)
k=1

Jj=1

1.3.2 Image selection and hidden regions

We use a colposcopic imaging database from the Uni-
versity Gynecobstetric Hospital “Diez de Octubre” and the
University Gynecobstetric Hospital “Ramén Gonzalez Coro”.
This database contains several images (from different angles)
of each patient. The images were partitioned into three sets,
training, validation, and test so that they did not share images
of the same patient. This partition guarantees the indepen-
dence between the data of the different sets.

Frequently, colposcopic images may contain part of the
speculum’ (see Figure 5) or areas outside the cervix that are
not subject to clinical studies. For delimiting the cervical
area in this type of image, several segmentation methods have
been proposed [10, 12, 2]. However, they assume that the SR
regions have been previously eliminated, so it is not realistic to
use them in this research. Since hidden regions must be inside
the gynecological interest areas, they were selected manually
by visual inspection. The manual selection was carried out
with the help of a program that displays the images and allows
selecting the hidden pixels. The program also automatically
generates the hidden mask M}, corresponding to the previously
selected HRs.

As mentioned above, the bright pixels do not have a fixed
distribution and concentration in the images (see Figures 1
and 2). Therefore, the shape and concentration of the hidden
regions were created heterogeneously. To ensure a varied
representation of different features of the cervix during the
network training process, the pixels of the hidden regions
were chosen from distinctive regions of the cervix displayed
in the images (as those with lesions, blood vessels, distinct
textures, and clean areas) as well as from other areas of the
images randomly selected.

"Medical instrument that holds open the entrance orifices of different
body cavities such as the vagina to perform examinations.
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Figure 4. Diagram of the network architecture [Diagrama de la arquitectura de red].

Speculum

Figure 5. Example of a colposcopic image containing part of
the speculum [Ejemplo de imagen colposcopica que contiene
parte del espéculo].

1.4 Implementation and computational issues

The strategy proposed in Section 1.3 was implemented in
Python 3.7 with the use of the deep learning package Keras
on top of the machine learning platform TensorFlow. In addi-
tion, Google Colaboratory (also known as Colab) was used to
accelerate the training process. The types of GPUs available
in Colab often include Nvidia K80s, T4s, P4s, and P100s, but
they vary over time.

2. Experimentation, results and
discussion

When initial values of the weights of a neural network
are taken randomly, two networks trained with the same data
set and the same number of epochs may result in networks
with different final weights, thus with different generalization
errors. For this reason, 16 networks were trained with the
architecture proposed in Section 1.3.1, the same data set, and
240 epochs. With the purpose of restoring hidden regions, 120
images from the colposcopic image database were selected to
construct the training set, 20 for the validation set and 22 for
the test set. All images have 720 x 240 pixels. The last 22
images were also used to create the real test set for evaluating
the performance of the trained network to restore SR regions.
These sets were arranged in the way explained in Section 1.3.

2.1 Performance of the trained networks to restore
hidden regions of colposcopic images

An identifier Rx was assigned to each neural network,

where x is the number associated with the network. Table 2

shows, in increasing order, the validation errors corresponding

to each network. Taking into account that the trained network
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Figure 6. R3 network learning curves [Curvas de
aprendizaje de la red R3].

R3 presents the lowest validation error, it was selected to re-
store the hidden regions. Figure 6 shows R3 learning curves.
It can be appreciated that there is no overfitting as training
and validation curves behave similarly. To evaluate the perfor-
mance of the selected network regarding the others, a series
of qualitative and quantitative comparisons are carried out.

By visual inspection of the colposcopic images restored
by the different networks, certain qualitative differences can
be observed, for example, in the color tonality. Figure 7 shows
a comparison of the restored images obtained by the networks
with the lowest R3 and highest R9 validation errors (see Table
2).

The color of a pixel in a colposcopic image depends on
the combination of the intensities of its three channels (RGB).
To analyze the restoration performed on each channel, the
histograms of their pixel intensities were compared indepen-
dently. Figure 8, top row, shows the results obtained when
restoring the same image with the networks R3, RS, and R9
(extreme and central values of Table 2). In the remaining rows
of the Figure, histograms of the pixel intensities correspond-
ing to expected output and obtained output images for each
network, separated by channels, are superimposed. It can be
seen that there is a considerable variation in the estimated
pixel values of each channel among the three networks. The
distribution of intensities estimated in each channel by the R3
network is the closest to the expected distribution. By consid-
ering the whole test set of images, the test errors of the net-
works R3, R5, and R9 are 0.0037 +0.0007, 0.0045 40.0008,
and 0.0058 4-0.0009, respectively, at the 95% of significance
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1D R3 R14 R4 R2 R6 RI0O RI R7 RS R12 R15 RI11 R8 RO R13 RO
VE 1073 4.12 434 441 452 459 460 466 468 476 496 5.16 537 544 546 550 5.77

Table 2. List of trained networks, identified by an ID, and their corresponding validation error (VE) [Lista de redes entrenadas,
identificadas por un ID, y su correspondiente error de validacion (VE)].

Input Image Expected Output

300 400 500 600 00 200 300 400 500

Restored Qutput by R9 Restored Output by R3

0 100 00 200 400 500 600 700 0 700

Figure 7. Comparison of the restored images obtained by the networks R9 and R3 with the highest and lowest validation error,
respectively [Comparacion de las imdgenes restauradas obtenidas por las redes R9 y R3 con mayor y menor error de
validacion, respectivamente].
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Figure 8. Result obtained after completing a colposcopic image using the network with lowest (R3, left), medium (RS, center),
and highest (R9, right) validation error. The top row shows the expected and restored output images for each network, while the
remaining rows show the histograms of color intensities per channel corresponding to the expected output image (in red, green,
and blue) and obtained by each network (gray, yellow, brown) [Resultado obtenido tras completar una imagen colposcopica
utilizando la red con menor (R3, izquierda), medio (R5, centro) y mayor (R9, derecha) error de validacion. La fila superior
muestra las imdgenes de salida esperadas y restauradas para cada red, mientras que las filas restantes muestran los
histogramas de intensidades de color por canal correspondientes a la imagen de salida esperada (en rojo, verde y azul) y
obtenida por cada red (gris, amarillo, carmelita)].
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level. Observe that the confidence intervals [0.0030,0.0044]
and [0.0049,0.0067] for the error of the networks R3 and R9
on the test set have null intercept, meaning that there is a
significant difference in their capacity of generalization, i.e.,
of restoration of hidden regions of the colposcopic images.

In what follows, the performance of the trained network
R3 to restore the hidden regions in images of the test set is
analyzed in detail.

Figure 9 shows fine details in the estimation of various
distinctive regions of a restored image. The top row presents
the input image to the network (left), the expected output
of the network (center), and the output obtained from the
network (right). The remaining rows show areas of interest
within the images as mentioned above, emphasizing some of
their characteristics. These areas are shown in the column
corresponding to their image. Rows 2, 4, and 5 contain hidden
regions and their respective restorations. Row 3 enhances how
the tissue features outside the unknown regions are maintained
during the restoration.

Figure 10, top row, presents a restored image by the net-
work R3 and its corresponding expected image, whereas their
histograms of the pixel intensity per channel are shown in
the remaining rows. Observe the suitable reproduction of the
expected intensities by the network R3 for all the intensity
values higher than 0. Note also that there is a higher error
when restoring the pixels with intensity O in the three chan-
nels of the images. Looking in detail at the black areas in the
expected output image (EO) and comparing them with the
corresponding areas in the restored output image (RO), some
scattered pixels can be seen around the black areas in EO, but
not in RO. This reveals that black pixels (intensity O in the
three channels) take color (intensities between 0 and 255),
and vice versa, pixels with colors become black. This is a
predicted result that reveals certain impressions of the network
to restore the color of the pixels in the abrupt border between
the black and the colored regions. However, as seen from the
images on the top row of the Figure, these inaccuracies do
not produce some appreciable visual distortion in the restored
image.

As mentioned in Section 1.3.1, the trained networks use
as loss function the mean square error (1), which quantifies
the average of the errors between the three channels of the
obtained image and the expected output image. However, this
does not imply that the performed optimization minimizes
the errors of each channel independently. Indeed, if there
are pixels in a channel with a very high error and pixels in
another channel with a very small error, it might result in an
average error for the three channels lower than that which
would be obtained from a restored image where all pixels
of each channel have a similar error. In this context, it is
important to note that, for a pixel of the output obtained from
a network having only one of the three RGB values correct
and the others with a large error, the pixel’s color that would
be appreciated is different from the expected one. Therefore,
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Image/Errors  Channel Red Channel Green Channel Blue
Image 1 208 186 210
Image 2 225 198 229
Image 3 186 182 208
Image 4 224 193 229
Image 5 231 187 209
Image 6 208 196 218
Image 7 194 237 208
Image 8 184 165 193
Image 9 188 173 199
Image 10 202 213 213
Image 11 186 175 192
Image 12 196 187 226
Image 13 198 182 235
Image 14 216 214 227
Image 15 192 210 211
Image 16 238 228 251
Image 17 207 203 219
Image 18 203 200 214
Image 19 199 192 196
Image 20 186 182 189
Image 21 224 245 245
Image 22 190 198 206
Average 203.8 197.0 214.8
Minimum 184 165 189
Maximum 238 245 251

Table 3. Maximum absolute error (2) in the pixels per
channel of each restored image of the test set, using the
network R3 with the lowest validation error [Error absoluto
mdximo en los pixeles por canal de cada imagen restaurada
del conjunto de prueba, utilizando la red R3 con el menor
error de validacion)].

the mean square error (1) does not provide a good measure of
the quality of the restored image.

To further analyze the existing inaccuracy in the image
restoration, we use the supremum norm to measure the dif-
ference between each channel of the expected and restored
output in/lages. That is, for the expected and restored output
images I and Ir, the error e; between the k-th channels I
and Iry, respectively, is computed as:

ex = max
=1

i=1,...m,j=1,...,

n|1ijk*11”ijk|~ 2)

The range of these errors for each channel is presented in
Table 3 for the 22 restored images of the test set. This reveals
that, for each image in the test set restored by the network R3,
there is at least one pixel whose restoration error is greater
than 184, 165, and 189 in the red, green, and blue channels
respectively.

In order to know how frequently these large errors in the
restored images appear, the distribution of the absolute errors

—Irijk\. (3)

of each pixel (i, j) in each channel k of a restored image is
analyzed. Figure 11 plots the histogram of frequency of these
errors for each channel of a restored image. It shows that the
most frequent error value is 0, and the highest concentration
of points is at the beginning of the graph.

/
eijk = Lk
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Figure 9. Result obtained after restoring a colposcopic image using the trained network R3 with the lowest validation error.
From left to right, the top row shows the input, expected output, and obtained output images, respectively. The remaining rows
show some areas of interest of the image on the top of the column. The axes of these areas indicate their position within the
corresponding image [Resultado obtenido tras restaurar una imagen colposcopica utilizando la red entrenada R3 con el menor
error de validacion. De izquierda a derecha, la fila superior muestra las imdgenes de entrada, salida esperada y salida
obtenida, respectivamente. Las filas restantes muestran algunas dreas de interés de la imagen en la parte superior de la
columna. Los ejes de estas dreas indican su posicion dentro de la imagen correspondiente].

Since the largest absolute error among channels obtained
from calculating the supremum norm was 251 for the images
of the test set (see Table 3), the range of possible errors among
pixels was divided into three intervals, from O to 25, from 25
to 50, and from 50 to 251. Table 4 reports the percentage of
pixels with absolute errors in these ranges, for each channel,
in the 22 restored images of the test set. On average, for each
channel, at least 95% of the pixels in the images restored by
R3 have an absolute error lower than 25. The green channel
tends to be, on average, the channel with the highest per-
centage of pixels having errors greater than 25. This result
demonstrates the good performance of the network R3 for
restoring the original colors of the test set images.
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2.2 Performance of the selected network to recon-
struct unobserved anatomical cervix portion un-
der the SR regions.

Once the trained network R3 was selected for having the
lowest validation error, and after evaluating its efficiency to
restore hidden regions of colposcopic images, it was used to
restore the cervix portion under the SR regions. Its perfor-
mance in this problem was analyzed by a series of experiments
on the real test set.

Figure 12 shows, in the upper part, the image / and the
corresponding restoration /r obtained from R3. The lower part
shows the histogram of the color intensities of both images.
With color cyan, the real image is represented, and with red
color, the network’s output. The histograms illustrate how the

Ciencias Matematicas, Vol. 36, No. Unico, 2022-2023, Pag. 21-35
https://revistas.uh.cu/rcm/article/view/9137


https://doi.org/10.5281/zenodo.13916129
https://revistas.uh.cu/rcm/article/view/9137

30 Neural networks to remove specular reflections in colposcopic images

Expected Output Restored Output by R3

00

w0

B

E 0
Channel Red

. Expected Output
20000 mm Restored Output by R3
15000

10000

100 150 200 50
Channel Green

20000 W rypected Output
Restored Output by R3

15000

B |”‘
R ..||II|||||||I||I i |
% 1% 0 % %=

Channel Blue

o000 ‘
"l ln

W £ypected Output
20000 mmm Restored Qutput by R3

15000

10000

1] 0 150 200 20

Figure 10. Result obtained after restoring a colposcopic
image using the network with the lowest validation error R3.
The top row shows the expected output image and obtained
output image. The remaining rows show the histograms of
color intensities per channel corresponding to the expected
(red, green and blue) and obtained (gray, yellow, brown)
output images [Resultado obtenido tras restaurar una imagen
colposcopica utilizando la red con el menor error de
validacion R3. La fila superior muestra la imagen de salida
esperada y la imagen de salida obtenida. Las filas restantes
muestran los histogramas de intensidades de color por canal
correspondientes a las imdgenes de salida esperada (rojo,
verde y azul) y obtenida (gris, amarillo, carmelita)].

pixels with high intensity of the original image disappear in
the restored image. It also shows that the distribution of the
remaining intensities is reproduced, observing the similarity
in both histograms. This behavior was maintained in the 22
analyzed images of the real test set.

Denote by Intyay!, Intyax and Intyq," the maximum in-
tensity 90rresponding to the original image /, to the modiﬁeq
image 7 , and to the restored image I, obtained by R3. Int,,,
corresponds to the highest intensity that the algorithm men-
tioned in Section 1.1 does not classify as SR in that image.
Therefore, if Intmaxl > Int,,.,", then all the SRs detected in /
does not appear in /,, and it can be argued that the SRs were
removed. These three values computed over the images in
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Figure 11. Histogram of frequency, per channel, of absolute
errors (3) between the pixel intensities in the images of the
first row. Top left: expected output; Top right: output
obtained by the network R3 with the lowest validation error
[Histograma de frecuencia, por canal, de los errores
absolutos entre las intensidades de los pixeles en las
imdgenes de la primera fila. Arriba a la izquierda: resultado
esperado; Arriba a la derecha: resultado obtenido por la red
R3 con el menor error de validacion].

the real test set are shown in Table 5. Clearly, in 21 of the 22
images, the SRs were successfully removed. It is important to
note that this is a criterion for removing SRs, but not for how
well the anatomical content under them was estimated.

For evaluating the restoration of the missing anatomical
regions, the expert criterion of a medical specialist was con-
sidered. After excluding the three images for which the SRs
detection algorithm mentioned in Section 1.1 does not cor-
rectly select the SRs (compromising the quality of the image
restoration as shown in Figure 13), the expert analysis of the
remainder 19 restored images yields the following conclusion:
“except for the image of Figure 14, for which appears some
noise in the restored area, the brightness in the rest of the
reconstructed images was satisfactorily eliminated, allowing
the physician to observe the characteristics of the glandular
and squamous epithelia of the cervix. In such images, the
anatomical elements of the cervix such as glandular orifices
(eggs) or Nabothian cyst and physiological characteristics of
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Figure 12. Result of restoring unobserved anatomical cervix portions under the SR regions using the network with the lowest
validation error R3. Top row, left: real image with SRs; Top row, right: restored image without SRs; Bottom row: histogram of
intensities of both images [Resultado de restaurar porciones anatomicas no observadas del cuello uterino bajo las regiones SR
utilizando la red con el menor error de validacion R3. Fila superior, izquierda: imagen real con SRs; Fila superior, derecha:
imagen restaurada sin SRs; Fila inferior: histograma de intensidades de ambas imdgenes].

Error range 0-25 Error range 25-50 Error range 50-251

Red Green Blue Red Green Blue Red Green Blue
Image 1 956 961 959 1.8 1.7 1.7 25 2.0 2.3
Image 2 93.6 943 941 26 2.4 24 3.6 3.1 3.4
Image 3 963 965 96.1 1.7 1.9 1.8 1.8 1.5 1.9
Image 4 965 972 971 16 1.3 1.3 1.8 1.3 1.5
Image 5 968 974 973 14 1.3 1.2 16 12 1.4
Image 6 964 967 965 1.8 1.8 18 16 1.4 1.5
Image 7 96.5 939 955 23 4.7 34 1.0 12 1.0
Image 8 97.8 980 978 1.1 1.1 1.2 1.0 0.8 0.9
Image 9 96.6 970 968 1.7 1.7 1.7 16 12 1.4
Image 10 984 98,6 985 0.8 0.7 0.7 06 0.6 0.7
Image 11 983 983 983 0.6 0.7 0.7 09 0.8 0.9
Image 12 969 969 967 1.3 1.4 1.3 1.7 1.6 1.8
Image 13 983 985 958 09 0.8 28 07 0.6 1.3
Image 14 93.6 941 942 28 3.0 28 35 2.8 2.9
Image 15 96.1 956 957 19 2.4 26 19 1.8 1.6
Image 16 879 853 903 80 105 6.4 4.0 4.1 32
Image 17 928 908 916 3.1 5.6 53 40 35 3.0
Image 18 97.1 972 972 12 1.3 1.2 14 14 1.5
Image 19 969 970 97.1 1.6 1.5 1.5 14 1.3 1.2
Image 20 96.7 966 968 1.5 1.7 1.6 1.6 1.6 1.5
Image 21 89.6 856 91.0 6.6 10.7 56 3.6 3.6 32
Image 22 972 972 970 14 1.5 14 12 12 1.5

Average 957 954 958 22 2.7 23 20 1.8 1.8
Minimum 879 853 903 0.6 0.7 0.7 0.6 0.6 0.7
Maximum 984 986 985 80 107 6.4 4.0 4.1 3.4
Median 96.6 968 96.6 1.6 1.7 1.7 1.6 1.4 1.5

Table 4. Percentage of pixels per channel within the specified
absolute error ranges, for each image of the test set restored
by the network R3 [Porcentaje de pixeles por canal dentro de
los rangos de error absoluto especificados, para cada imagen
del conjunto de prueba restaurada por la red R3].

the cervical mucus are preserved allowing an evaluation of its
quality”. An example is shown in Figure 15.
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Intmar!  Intwax Intmay”  Intmas > Intma”
Image 1 2550 2167  200.0 Yes
Image2  255.0 2167 206.3 Yes
Image3  255.0 2167 189.0 Yes
Image4 2550 2163 2053 Yes
Image5 2550 216.0 208.7 Yes
Image6 2550 216.0 1983 Yes
Image 7 255.0 2160 207.0 Yes
Image8 2550 2153 199.7 Yes
Image9 2550 216.0 196.0 Yes
Image 10 248.0 2103 197.3 Yes
Image 11  253.0 2133 186.0 Yes
Image 12 255.0 2167  202.7 Yes
Image 13 2550 2167 1977 Yes
Image 14 2550 2163  204.0 Yes
Image 15 2550 2163 1927 Yes
Image 16 255.0 216.7 2083 Yes
Image 17 2540 2157 198.3 Yes
Image 18 255.0 2163  204.0 Yes
Image 19 255.0 2167 197.0 Yes
Image 20 2550 2167 1793 Yes
Image 21 2550 2167  209.7 Yes
Image22 239.7 2037 2120 No

Table 5. Maximum intensity values of the original image I, of
the image ! resulting from blacking out the pixels selected by
the real mask, and of the image I, obtained by the network
R3. Last column indicates when the SRs were removed from
the images [Valores mdximos de intensidad de la imagen
original I, de la imagen [ resultante de oscurecer los pixeles
seleccionados por la mdscara real, y de la imagen I,
obtenida por la red R3. La tiltima columna indica cudndo se
eliminaron los SR de las imdgenes].
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Figure 13. Effect of the inaccurate SRs detection on the image restoration. From left to right: image of the real test set, input
image with detected SR regions bigger than the true ones, and restored image by the network R3 with distortions in color and
structure [Efecto de la deteccion imprecisa de SR en la restauracion de la imagen. De izquierda a derecha: imagen del
conjunto de pruebas real, imagen de entrada con regiones SR detectadas mayores que las verdaderas, e imagen restaurada por
la red R3 con distorsiones en color y estructural.
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Figure 14. Example of undesired noise appearing in a restored image by R3, indicated in the center of the red circle [Ejemplo
de ruido no deseado que aparece en una imagen restaurada por R3, indicado en el centro del circulo rojo].
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Figure 15. Example of restored image evaluated by the specialist as satisfactory [Ejemplo de imagen restaurada evaluada por
el especialista como satisfactoria).

Conclusions

In the present work, a neural network-based strategy for
specular reflection elimination in colposcopic images was pro-
posed to restore them successfully. A reformulation of the
initial problem was done to perform supervised training since
the ground truth corresponding to the SR regions is always
unknown. The proposed SRs elimination strategy includes
the use of an algorithm for SRs identification in colposcopic
images, the training of a set of networks to restore any hidden
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region of colposcopic images, and the use of the network with
the lower validation error to restore any unobserved anatomi-
cal cervix portion under the SR regions. A detailed qualitative
and quantitative analysis of the performance of the trained
networks shown their capability to restore different hidden
regions of the colposcopic images. The networks with the
lowest validation error restore, on average, the 95% of the
pixels in each channel of the images with an error lower than
25 (of a possible maximum of 255).

When using the selected network to reconstruct the cervix
portion under the SR regions, the brightness was eliminated in
21 of the 22 evaluated images, whereas the distribution of the
color intensities of each channel was reproduced, being similar
to the expected. The restorations of the missing anatomical
regions under the SRs were evaluated by a medical expert
concluding that -qualitatively- the SRs were satisfactorily
eliminated and the gynecological elements of interest were
conserved, which facilitates the correct clinical evaluation of
the patients.
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