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Abstract: The specular reflection appears as white area on the cervical images
that covers certain region of the images. It affects the quality of the cervical
images causing difficulty for the physician to analyse the smart colposcopy
images. In this paper, specular reflection is detected and removed from the
cervical images, and these removed pixels are refilled using the inpainting
methods. To fill the removed pixels, the deep learning inpainting algorithms
like partial convolutional neural network, generative multicolumn
convolutional neural network, and the dilated convolutional neural network to
were used to get the complete and enhanced cervical images. The enhanced
images are considered for lesion identification using the Bayes classifier. Based
on the analysis, the partial convolution inpainting method gives higher quality
with the PSNR value of 48.25 dB and SSIM value of 0.984. The enhanced
images using the partial inpainting method identify the neoplasm with an
accuracy of 98%.
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1 Introduction

Cervical cancer is a malignancy that is observed at the lower part of the uterus. It is the
fourth most female cancer reported worldwide. Based on Global analysis in the year
2020, (Balasubramaniam et al., 2021) reported that 604,237 women have been diagnosed
and 341,843 women are killed due to cervical cancer. On analysing the total death rate,
90% of the women belong to the developing countries to the regions with the lack of
prevention measures, screening, and treatment for cervical cancer. In India, cervical
cancer has ranked the second most common cancer among women. Based on the
statistical analysis, 96,922 new cases and 60,078 deaths were reported due to cervical
cancer in the year 2020. Many of the women are from the rural and tribal regions of
India. It is due to the lack of awareness and minimum clinical setup for screening women
in the rural and tribal regions of India (Reichheld et al., 2020).

Cervical cancer is caused by human papillomavirus (HPV) which is a sexually
transmitted infection, and it is prevented by the HPV vaccinations (Wang et al., 2021).
Some of the other factors that lead to the cause of cervical cancer are smoking, obesity,
early marriage, high intake of miscarriage prevention drugs, and a weak immune system.
The cervical cancer symptoms shown are highly unnoticeable which are the cause for the
increase of cervical cancer, and it is cured when treated at its initial stage (Gevorg and
Hakob, 2013). Regular screening for every six-month helps in the reduction of cervical
cancer. There are many screening camps that are provided in the rural and tribal regions
of India to reduce the morality rate of cervical cancer. But still, there is a hesitation
among women because the cervical cancer screening is a time-consuming process. To
overcome the problem, the enhanced visual assessment (EVA) tool has been introduced
for the screening the cervical cancer. It is portable and takes less time for screening the
cervical cancer with minimum manpower. Smart colposcope helps in capturing the
high-quality cervix images with the 16x optical magnification which are taken for
analysis of tissue structure and dysplasia detection. During the analysis the quality of the
cervical images are affected by noise called secular reflection.

Specular reflection is the white bright pixels that are caused by the light reflection on
the captured cervical images (Das et al., 2011). The smart colposcope is connected with
the 6,000 K 3W LED light to focus the cervical region with a wire grid polariser for glare
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reduction on the captured cervical images (MobileODT, 2021). But still some of the
cervical images are affected by specular reflection which occurs due to the water content
of the tissue bodies that absorb light from the surrounding area and reflect as a specular
reflection as shown in Figure 1. The quality of the images gets affected due to the
appearance of glare region on the cervical images. To improve the quality of the cervix
images, the glare regions should be identified and removed from the images. The
removed region on the cervical images should be inpainted using the deep learning
algorithm to refill the missing pixels on the cervical images.

Figure 1 The EVA colpo, (a) the smart colposcope (b) the cervix images captured through smart
colposcope with the specular reflection (see online version for colours)

) N N - - o ThEm
Lens to focus the| ¥ =. J"
cervix region ‘—‘ .
. . Specular

) » [ ' Reflection
LED light }
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This paper is organised in the following manners. Section 2 analyses the related work of
convolutional neural network models and generative models which are used for the
removal and inpainting specular reflection regions on the cervical images. Section 3
analyses the proposed methodologies for the detection and removal of specular reflection
on the cervical images. The removed regions are inpainted using the deep learning
algorithm to improve the quality of the cervical images. The detection of the neoplasm
was analysed on the enhanced and non-enhanced cervical images. Section 4 discusses the
experimental result obtained using the above analysis and Section 5 is the discussion of
the paper. Finally, Section 6 is the conclusion of the paper.

2 Related works

Specular reflection appears as the white intense on the cervical images. It almost appears
like the dysplasia region or acetowhite region and covers a certain region with its bright
light with its reflection properties. For the detection of specular reflection colour space
model is used and for refilling the missing pixels inpainting methods are used. Inpainting
is the traditional method highly used in digital images for refilling the missing pixels.
During earlier times, many detections and inpainting methods have been proposed for the
removal of specular reflection removal but very less method are automated (Gevorg and
Hakob, 2013; Arnold et al., 2010). Some of the few methods are automated for inpainting
the specular reflection from the cervical images which is captured through smart
colposcopy. During recent years, the computer vision along with the deep learning
algorithm are highly used for inpainting the missing pixels. The related paper is discussed
more in detail in the Table 1.
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3 Proposed methodology

This section discusses the algorithm used for detection and removal of specular reflection
on the cervical images. After the detection and removal of specular reflection, the
removed specular region should be refilled using the neighbouring pixels based on the
deep learning inpainting methods. For this refilling method, a comparison of three deep
learning inpainting methods is applied to the empty region of the cervical images. It will
refill the empty portion of the cervical images with the neighbouring pixel automatically.
It acts as an enhancement method to improve the quality of cervical images. The
enhanced images are used for dysplasia detection on the cervical images. The
methodology of this paper is represented as a block diagram as shown in Figure 2.

Figure 2 Block diagram of the methodology

Original cervical Images
captured through EVA
system

1

Specular Reflection
Detection and Removal
wsing CNN

|
v

| Inpainting Method

v ' '

Partial Convolutional Generative multi column Dilated Convolutional
Neural Network convolutional neural network neural Network

| ]

r

Cancer Detection using the
Bayes classifier

: * }
Implementation of Bayes classifier Implementation of Bayes classifier
on Non preprocessed Images on Preprocessed Images

3.1 Specular reflection detection and removal

Specular reflection appears as the noise during the analysis of the acetowhite region
because these glare regions appear similar to the acetowhite regions. The specular
reflection has the properties of low saturation and high-intensity pixel values. The pixel
with the high-intensity values is taken as the feature values for the detection of specular
reflection on the cervical images. The intensity value of the digital image ranges from
0-255, where 0 represents the black and 255 represents the white pixel value of the
images. Based on the analysis, the pixels value ranges from 0-190 is taken as the
non-specular region, and pixel value ranges from 191-255 is set as zero to represent the
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specular reflection regions. The extracted features are trained using a convolution neural
network. The convolutional neural network for the detection and removal of glare region
is constructed using one input layer, three hidden layers, and two output layers. It is built
with the activation function of relu and sigmoid with the kernel size of 3*3 for the
detection and removal of specular reflection region on the cervical images. The result
obtained using the CNN specular are shown in the Figure 3.

Figure 3 The detected specular reflection on the cervical images. (a) the original images with the
specular reflection. the black dotted box represents the region with the specular
reflection. (b) the detected specular reflection which is highlighted with the yellow box
(see online version for colours)

(b)

Note: the black region on the image (b) represents the detected specular reflection.

This method helps in detecting the specular reflection region with high and low-intensity
values. It is an important algorithm because some of the acetowhite regions are detected
as the specular reflection will lead to the wrong refilling process. This algorithm
accurately identifies the specular reflection without disturbing the acetowhite regions.
The next section discusses, filling up the removed region of cervical cancer with the
neighbouring pixels to improve the quality of the cervical images.

3.2 Inpainting method

The previous section discussed the detection and removal of specular reflection pixels on
the cervical images. To fill the empty region of the cervix images, a deep learning
inpainting algorithm is used in this methodology. The deep learning inpainting methods
like P.Conv, generative multi-column convolution neural network (GMCNN), and
D.Conv algorithm are used for filling the empty pixels on the cervical images captured
through smart colposcopy. It helps to fill the empty regions and improve the quality of
the cervical images for further analysis.

3.2.1 Inpainting using partial convolutional neural network (P.Conv)

Guilin et al. (2018) proposed a P.Conv for inpainting the digital images. It uses the
stacked partial convolutional operation and updated binary mask to fill the missing pixels
on the cervical images. For training the network, U-net architecture is used by replacing
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the encoder-decoder with the P.Conv. The following steps involved in the P.Conv are,
partial convolutional operation, updating the binary mask and Network architecture.

3.2.1.1 Step 1 partial convolution operation

Partial convolution is expressed in the equation (1)

r sum(1) .
e w (X@M)—Sum(M) +b, if sum(M) >0 o

0, otherwise

where W and b are the corresponding kernel weight and bias, X is the pixel value, i.e., the
feature value of the current sliding window. The M represents the binary mask which
indicates the feature value where 0 represents the removed reflection regions (masked)
and 1 represents the non-specular pixels (unmasked) on the cervical images. The scaling
factor sum (1)/sum (M) uses the scaling to adjust the valid input pixels of the images.

3.2.1.2 Step 2 Updating of the binary mask

After the partial convolution operation, to update the mask region of the cervical images,
the following condition should satisfy as in equation (2). If the convolution operation
output has at least one valid input pixel, then it is marked as the valid pixels for the next
partial convolution operation. This process is carried out until all the masked region
becomes valid pixels. After updating the binary mask the U-net architecture is used to
train the cervical images and fill the missing pixels.

e {1, if sum(M) >0 ®

0, otherwise

3.2.1.3 Step 3 Network architecture

The U-Net architecture is the convolutional neural network architecture highly used in
biomedical images. The U Net architecture is built with the encoder-decoder along with
the convolutional neural network (Isola et al., 2017). In this algorithm, the U-Net
convolution layer is replaced with the partial convolution layer along with the skip links.
It consists of the nearest neighbour up sampling in the decoding stage along with the skip
links. The skip links connect two feature maps and two masks and act as a feature for the
next partial convolution layer. The final layer of the partial convolution layer combines
the cervical input image with a hole and is masked to fill up the empty region on the
cervical images. The empty pixel refilled using the partial convolutional layer is shown in
Figure 4.

3.2.2 Inpainting using generative multi-column convolutional neural network

(GMCNN)

Wang et al. (2018) proposed the multi-branch convolutional neural network along with
the dilated convolution neural network to refill the invalid region on the digital images. It
is used with the cervical images captured through a smart colposcope to improve the
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quality of the images. For this multiple receptive filed method, the following steps are
followed:

Figure 4 The specular reflection inpainting using a partial convolutional neural network. (a) the
original images with specular reflection which is represented using the black box (b) the
detected specular reflection using the cnn method which is represented using the red
box (c) the partial convolutional inpainting method which is represented using the violet
box (see online version for colours)

(b)

3.2.2.1 Step 1: The input and masked images

The input cervical images with the removed specular reflection region are considered as
X and a binary mask M as input. The unknown pixels of the empty region of the cervical
image X are filled with zero. After creating the input and masked images, the images are
refilled using the network architecture called generative network.

3.2.2.2 Step 2: Network architecture

The generative network consists of three (n = 3) parallel encoder and decoder sections to
extract the features from the input images X. Each receptive field uses three different
kernel sizes like 3 x 3, 5 x 5, and 7 x 7 with the dilation rate of 1, 2, and 3, respectively.
The three different kernel sizes used in three different branches are used for extracting
features at different resolutions of the cervix images. The up-sampled is used at layer
n = 1, 2 to increase the original resolution of the output cervical images. The output
features F of the three branches are concatenated to the next two convolutional layers
denoted as d (.) to produce the output image Y. The completed image (Y) is represented
as Y = d (F). The generative networks are merged at one point and taken to the
convolutional network to fix the missing pixels. The removed cervical region is refilled
using the GMCNN method as shown in Figure 5.

The specular reflection was removed to create random holes in the cervical images.
Some of the cervical regions are small holes, and some regions are large holes. The
refilling process is successful for the region with small holes, and it does not affect the
colour or the resolution of the cervical images. The large holes are also refilled, but the
refilled large holes appeared as the small patches on the cervical images. So, it will affect
the quality of lesion detection leading to the wrong analysis on the cervical images.
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Figure 5 The specular reflection inpainting using generative multi-column convolutional neural
network. (a) specular reflection represented using the black box (b) the red box
represents the detected reflection region using CNN (c¢) the inpainted images using
GMCNN represented using the violet box (see online version for colours)

(@ © (b)

3.2.3 Inpainting using dilated convolutional neural network (D.Conv)

Salem et al. (2019) proposed the D.Conv for the randomly shaped missing region on the
cervical images. The input and masked images are extracted and trained using the
generator neural network to refill the removed reflection pixels with their neighbouring
pixels.

3.2.3.1 Step I Input and masked images

The original cervix images captured through the EVA system are taken as the input
images, and the detected specular reflection is converted to the binary mask to consider
the missing region of the original images. The original cervical images and the binary
masked images are taken as the input pair (corrupted images) for the generator to refill
the missing pixels on the cervical images.

3.2.3.2 Step 2 Network architecture

To fill up the empty region of the cervical images, the generator inpainting (GI) network
is used in this algorithm. The GI network is a fully convolutional neural network with the
input of corrupted cervical images. The GI network is employed with the encoder-
decoder architecture to reduce memory usage and computational time. The resolution of
the resulted images gets affected as it undergoes the refilling operation on the empty
region. But the resolution of the cervical images is more important for the analysis of
dysplasia. The resolution of the cervix images is retained using the dilated convolutional
neural. The dilated convolution operation is the modified version of the convolution
operation which gives fast training with the minimum number of parameters. The training
images are set to the size of 256x256 with the activation function of rectified linear unit
(ReLU) and leaky ReLu with a = 0.2 in the encoder region and decoder region
respectively. The removed specular reflection on the cervical images is refilled using the
D.Convs as shown in Figure 6.

The result obtained using the D. Conv algorithm helps in refilling the holes on the
cervical images. The drawback is that the colour of some cervix images is affected and
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appears as some blue region on the images. The colour of the cervix images is more
important for the neoplasm detection. In the refilling process, the small holes of the
cervical images are filled, but the large holes refilled regions appear as the patches on the
cervical images.

Figure 6 The specular reflection inpainting using dilated convolutional neural network
(a) the original cervix images with the black box representing the specular reflection
(b) the red box represents the detected specular reflection (c) the refilled pixel using
dilated convolutional neural network (see online version for colours)

‘-'i ——

(@) (bc) (c)

3.3 Cancer detection using Bayes classification

Hariharan et al. (2012) used the Bayes classifer for the identification of dysplasia region
on the cervical images. The dysplasia regions appear as the acetowhite region which will
differ completely from the other cervical region. The acetowhite regions are manually
marked as abnormal tissue of the cervical images to extract the features. To detect these
lesion regions, initially statistical features are extracted from the normal and the lesion
region of the cervical images. The extracted features are given to the Bayes classifier to
detect the neoplasm on the cervical images which is captured through the smart
colposcopy. The cervical images captured via the Eva system are split into the
overlapping size of 32*32. For the detection of lesion region, the following methods are:

e Step 1: The RGB cervical images are divided into red, green and blue channels.

e  Step 2: The statistical features are extracted from each channel for lesion recognition
on cervical images. The statistical features like mean (u), standard deviation (o), and
the skewness value are extracted from each colour channel of the cervical images.

e  Step 3: The extracted statistical feature values are merged to identify the acetowhite
region on the cervical images.

e  Step 4: The feature extracted from each image is included in the analysis and
adopted to train in the naive Bayes classifier to identify the lesion region on the
cervical images.

e Step 5: For the classification, the cervical images are trained with the 1,000 images
which are downloaded from the Kaggle dataset. Type 2 (CIN2) and type 3 (CIN3)
cervical images are considered for this algorithm, because type 2 and type 3 have the
higher portion of the acetowhite region on the cervical images.
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The two input images are used for the analysis of the cervical images for lesion detection.
They are the non-enhanced cervical images and the enhanced cervical images. The non-
enhanced cervical images are the raw data directly downloaded from the dataset with the
specular reflection. The enhanced cervical images are the specular reflection inpainted
images.

Figure 7 Cervical cancer detection on non-enhanced cervical images (a) represent the original
image with the marked cancer region and reflection region (b) cancer detection on the
non-enhanced images (see online version for colours)

(b)

3.3.1 Implementation of Bayes classifier non-enhanced images

The Bayes classifier algorithm is implemented on the non-enhanced images for cervical
cancer detection. Figure 7(a) which represent the original image with high-intensity
specular reflection is selected for this analysis. On analysing the non-enhanced cervical
images, the Bayes classifiers detect the lesion region on the cervical images. Along with
the lesion region, the specular reflection regions are also detected as lesion region on the
cervical images as in the Figure 7(b). The red box represents the specular reflection
region which is detected as a lesion region on the cervix images. The blue box represents
the detected cancer region.

3.3.2 Implementation of Bayes classifier on the enhanced images

The Bayes classifier algorithm is implemented on the enhanced cervical images. The
Figure 8(a) represents the original images in which the lesion region is marked and
analysed with the physician for the correct prediction of cervical cancer. The cancer
detection is applied to the enhanced cervical images using the deep learning refilling
algorithm. The lesion detected on the partial convoluted inpainted cervical images gives
the accurate prediction of cancer similar to the image marked on the original cervical
images as shown in Figure 8(b).

Based on analysing the cervix images inpainted using the GMCNN algorithm, some
white patches appear on the cervical images after applying the refilling algorithm. Along
with the lesion identification these white patches region obtained are also detected as the
lesion region on the cervical images leading to the wrong analysis of the cervical cancer
as shown in the Figure 8(c). Similarly, the enhanced cervical images using the D.Conv
refill the empty region with the patches on the cervical images. The colour of the images
is also affected causing very difficult to analyse whether the lesion is correctly predicted
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or not as shown in Figure 8 (d). It shows that the quality of inpainting is more important
because it will lead to wrong detection of the cancer region on the cervical images. For
the quantitative evaluation, Cancer detected images are evaluated with the physician.
Based on their suggestion, the result obtained using P.Conv inpainted images gives the
accurate detection of dysplasia on the cervical images.

Figure 8 Cervical cancer detection on enhanced images (a) represent the original image with the
marked cancer region. (b) the P.conv inpainting on the cervix images for lesion
detection. (c) the GMCNN inpainting on the cervix images for lesion detection
(d) the D.Conv inpainting on the cervix images for lesion detection (see online version
for colours)

4 Experimental results

For the experimental setup, the smart colposcopy cervical images are downloaded from
the Kaggle dataset (Kaggle, 2020). The Kaggle dataset provided more than 1,000 images
in each folder of CIN1, CIN2, and CIN3 which are classified based on their grades of
cancers. For the above algorithm, 500 images from CIN3, 250 from CIN2, and 250
images from the CIN 1 are selected from the dataset. The 1,000 images selected are
resized to the size of 256*256. The algorithm explained is implemented using the Google
Colab with the GPU processor of CUDA version 11.2. The quantitative analysis of the
algorithm is explained in the next sections.

4.1 Specular reflection detection and removal on the cervical images

For the qualitative analysis, the accuracy, specificity, sensitivity, and precision are
calculated for the detection of specular reflection on the cervical images. The accuracy
determines the number of correctly identified reflection regions on cervical images
divided by the total number of predictions on the cervical images. Precision is calculated
as the ratio between the number of correctly identified specular reflections and the total
number of glare regions on the smart colposcopy images.
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Sensitivity is used to measure the ratio of correct specular reflection to the total
number of specular reflection pixels from the cervical images. The specificity is the
opposite of the sensitivity to calculate the ratio of region pixels that does not belong to
total non-specular reflection to that which does not belong to the specular reflection
regions. The CNN method gives accurate detection on the small and high-intensity
specular regions with an accuracy of 98.03%. The qualitative analysis of the specular
reflection is shown in Table 2.

Table 2 Qualitative analysis for the specular reflection detection

Accuracy Specificity Sensitivity Precision
Methods %) %) %) %)
Specular reflection detection and 98.03 97.12 95.06 97.08

removal using CNN

4.2 Inpainting method on cervical images

To evaluate the inpainting process, a qualitative metric like peak signal to noise ratio
(PSNR) (Yuan et al., 2011), structural similarity index (SSIM), and Loss calculation (L1
and L2) (Liu et al., 2018) are used to calculate the quality of the predicted cervical
images. The higher the PSNR value the higher the quality of the cervical images, and
minimum the value of SSIM higher is the similarity of the predicted pixels on the
cervical images. The value ranges of SSIM should be in the range of 0 to 1. The L1 and
L2 are two loss functions that are highly used for minimising errors. The L1 loss function
represents the LAB which is abbreviated as Least absolute deviations. The L1 loss
function is the sum of the absolute difference between the original and predicted cervical
images. The L2 loss function is calculated as the sum of all squared differences between
the original images and the predicted cervix images. Minimum the loss percentage, the
higher the quality of the cervical images.

Table 3 Comparison of the three deep learning inpainting algorithms for refilling the missing
cervical images

PSNR (db) SSIM L1 Loss (%) L2 Loss (%)
P.Conv 48.25 0.984 0.627 0.286
GMCNN 47.32 0.981 0.632 1,204
D.Conv 47.48 0.807 0.851 0.811

The metrics mentioned above are used for calculating the qualitative of the predicted
cervical images for the partial convolutional inpainting neural network, generative
multicolumn convolutional neural network, and dilated convolution neural network.
Based on the comparison of the above three methods, the partial convolutional network
gives the higher quality for refilling the missing pixels on the cervical images. The
comparison of the above three methods is shown in Table 3. The image result obtained
using the inpainting algorithm is given in Table 4.
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Table 4 The comparison of inpainting method using the P.conv, GMCNN, and D.Conv
(see online version for colours)
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Specular Specular reflection removal

Original images reflection
detection P.Conv GMCNN D.Conv
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4.3 Dysplasia detection using Bayes classifier

The detection of the cancer region on the cervical images is calculated with accuracy,
specificity, and sensitivity for the qualitative analysis. It is applied to the enhanced and
the non-enhanced cervical images. Based on the analysis, the enhanced cervical images
give higher quality of neoplasm detection on the cervical images. This shows that the
quality of the cervical images is more important for the identification of the lesion region
on the cervical images. On the comparative analysis of the three inpainting method, the
enhanced images using P.conv algorithm give the accurate detection of cancer on the
cervical images with an accuracy of 0.98% as shown in Table 5. The image result is of
the cancer detection is shown in Table 6.

Table 5 Comparison of the three modified versions of convolutional neural network image for
the cancer detection

Spectficity (%) Sensitivity (%) Accuracy (%)
P.Conv 0.90 0.92 0.98
GMCNN 0.82 0.90 0.92
D.Conv 0.86 0.92 0.96
Non Inpainted 0.63 0.61 0.64

5 Discussion

1 The CNN method is applied to detect the specular reflection which helps to identify
the small and high-intensity reflection region on the cervical images. It is more
important to identify the affected region to apply the refilling algorithm. If the
detection is not correct, then the inpainting also will be a failure in cervical images.

2 The comparative analysis was done on the three deep learning inpainting methods.
The methods like P.Conv, generative multicolumn convolutional neural network, and
D.Conv. The metrics like PSNR, SSIM and loss calculation were considered for the
calculation.

3 Based on quantitating and qualitative analysis, the P.Conv gives a higher quality of
inpainting result when compared to the other two methods as shown in Figure 9. The
loss percentage of the pixel is lesser for the P.Conv when compared with the other
two methods.

4 To justify that, the quality of the cervical images is important for the detection of
neoplasm. The cervical cancer is predicted using the naive Bayes classifier on the
enhanced and the non-enhanced cervical images. On analysing the detection of
cervical cancer, the enhanced cervical images give the higher accuracy of neoplasm
detection on the cervical images. Comparing the partial convolutional neural gives a
good accurate detection of neoplasm on the cervical images as in Figure 9. because
the other method detects cervical cancer along with the patch mark created during
the inpainting process.
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5 The image result obtained are consulted with Dr. A. Saraswathy specialised in
Medicine and Applied Nutrition at Avinashilingam University. She is also a member
of the All India Medical Science Association and Nutrition Society of India.

Table 6 Comparison of the three modified versions of convolutional neural network for
inpainting cervix images (see online version for colours)

Cancer detection on cervix images

Original images

P.conv images GMCNN images D.Conv images

6  The suggestion from the expert is that cervical cancer is highly accurate in the partial
convolutional layer neural network. Some non-cancer regions are also detected as the
lesion region in the Bayes classifier algorithm. Based on her suggestion, the root
regions of the cervical tissues are affected with cancer because of the slight colour
change on the images which will grow as the pre-cancer stages in the future.

7  The cancer detection method is tried on the non-enhanced cervical images. The
cancer region is detected, and all the specular reflection regions are also identified as
cancer regions leading to wrong lesion detection.
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8  The smart colposcope is introduced for the flexibility and time consumption
screening procedure. The detection and removal of specular reflection takes only
10seconds, The partial convolutional inpainting algorithm improve the quality of the
images in 40seconds and the neoplasm detection was carried out in 15 seconds.

Figure 9 Comparison analysis of the three deep learning inpainting methods on cervix images
(a) the PSNR and SSIM value of the P.conv, GMCNN, and D.conv (b) the 11 and 12
percentage of the P.conv, GMCNN, and D.conv

PSNR and SSIM for Inpainting method

veone [N
ovens [T
46 46.5 47 47.5 48 48.5 49 49.5
® PSNR (db) = SSIM
(a)
Loss calculation of the inpainting method
1.4
1.2
1
0.8
0.6
0.4
0.2
0
P.Conv GMCNN D.Conv
——LI1 Loss (%) ——L2Loss (%)
(b)

6 Conclusions

The smart colposcope is highly used for providing awareness and camps in various
developing countries. But this specular reflection appears on the cervix images making it
difficult for the analysis of the images. Here in this paper, the detection and removal of
specular reflection are done on the cervix images. This method helps to identify the
affected of noise on the cervical images. After the removal of the reflection region, the
deep learning inpainting method is used to refill the void region on cervix images. The
inpainting method consumes more time for training the algorithm. So, the deep learning
inpainting method is training using the GPU with the CUDA version 11.2. Based on the
comparative analysis the P.Conv gives the accurate prediction of the pixel value on the
cervical images with less computation time of 40 seconds. The preprocessed images are
used for dysplasia detection using the Bayes classifier algorithm. The algorithm is



Comparison of various deep learning inpainting methods 71

implemented on the non-preprocessed and preprocessed cervical images. On the analysis,
the preprocessed cervical gives the accurate detection of cervical cancer on the cervix
images. This algorithm helps to improve the smart colposcopy images and it will help to
conduct screening camps with the minimum time and fewer experts.
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Smart Colposcopy is a low-cost and highly effective screening device used to detect cervical cancer. However, the
captured images can be significantly affected by specular reflection, resulting in reduced accuracy during the
grading process. In this paper, proposed a novel approach to enhance the accuracy of cervical cancer grading by
addressing the issue of specular reflection. Here the method employs binary masking to identify the glare region
and fine-tuned U-Net model to perform segmentation. Partial convolutional inpainting is used to replace the

segmented region with neighboring pixels, effectively removing the glare from the images. The resulting
enhanced images are then fed into classification models, including DenseNet121, Vgg19, and Efficient Net, which
are trained to accurately grade cervical cancer. Experimental results demonstrate that our proposed method
significantly improves the accuracy of cervical cancer grading, achieving accuracy rates of 97.32%, 96.25%, and

96.75%, respectively.

1. Introduction

Cervical cancer is a significant global health problem, especially in
developing countries where access to advanced medical facilities and
clinical resources is limited, resulting in high mortality rates. The World
Health Organization (WHO) released statistics showing that cervical
cancer is the fourth most common malignancy worldwide, with a
reporting rate of 604 000 new cases and 342 000 deaths in the year
2020. In low- and middle-income nations, new cases and deaths
accounted for around 90% of the global total in 2020 [1-3]. It is a
condition where abnormal cells develop on the surface of the cervix
which is caused by the Human Papilloma Virus (HPV). The severity of
the condition is classified into three grades — mild (CIN1), moderate
(CIN2), and severe (CIN3) - based on the extent of abnormal cell growth
in the cervical tissues. CIN 1 refers to abnormal cells affecting the lower
one-third of the epithelial layer, CIN 2 refers to abnormal cells affecting
the lower two-thirds of the layer, and CIN 3 refers to abnormal cells
affecting the full thickness of the epithelium. Screening is the primary
preventive strategy for reducing mortality rates, but current screening
methods, such as Pap testing, biopsy, and HPV testing, are invasive,
expensive, and require advanced laboratory setup, making them highly
inefficient in rural and tribal regions [4,5].

* Corresponding author.

To overcome this challenges the smart colposcopy device is intro-
duced to examine the cervical regions. In the recent year the detection
rate of the diseases has increased using the images. Smart colposcopy
images are a medical device that utilized IoT technology to provide
enhanced visualization and diagnostic capabilities during colposcopy
exams. The device transmit the patient data and imaging results to
remote healthcare providers, improvising access to care and facilitating
more timely diagnosis and treatments. The most advantage of the smart
colposcopy device is the ability to capture high quality images of cervix,
which can be analyzed and graded immediately. The screening pro-
grams have successfully reduced the incidence of cervical cancer by up
to 80% in developing nations [6]. However, accurate grading of cervical
dysplasia remains a challenge, with various deep learning classification
models yielding low accuracy due to noise present in the images, such as
specular reflection, which appears similar to acetowhite regions
(dysplasia) on colposcopy images [7-9]. Specular Reflection occurs
when light reflects off a shiny surface, such as the moist surface of the
cervical tissue, creating a bright, glaring spot in the images as in Fig. 1. It
can lead to misinterpretation of the images, particularly during the
grading process, which can impact the accuracy of diagnosis and treat-
ment. The specular reflection can obscure the color and texture of the
cervical tissue making it difficult to differentiate between normal and
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Fig. 1. Specular Reflection with acetowhite region on the cervical images
captured through Eva system.
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Fig. 2. Flow diagram of the methodology.

abnormal tissues. So it is necessary to remove the specular reflection
from the smart colposcopy images.

In this paper, proposed a method for identifying of specular reflec-
tion using the proposed binary masking and trained the images using U-
Net model for the segmentation of specular reflection on smart colpos-
copy images. The segmented region is filled with neighboring pixels
using a partial convolutional neural network to remove glare noise. The
enhanced and unenhanced smart colposcopy images to demonstrate the
importance of removing specular reflection for accurate cervical cancer
grading. The paper’s contributions include a new approach for glare
reduction, and experimental results show significant improvements in
classification accuracy. This paper’s structure includes related work on
specular reflection detection and inpainting, methodology for
enhancement and grading, experimental results and analysis, and
conclusion.

2. Related works

Specular Reflection appears as the white intensity on the cervical
images. It almost appears like the dysplasia region or acetowhite region

Measurement: Sensors 27 (2023) 100788

and covers a certain region of the cervical images with its reflection
properties. The detection of specular reflection is highly predicted by
applying threshold on the color space model. Inpainting is the tradi-
tional method highly used in digital images for refilling the missing
pixels. During earlier times, many detections and inpainting methods
have been proposed for the removal of specular reflection removal but
very little method is automated. During recent years the computer vision
along with the deep learning algorithm are highly used for inpainting
the missing pixels. Attard et al. [10] proposed the color based approach
along with the deep learning model for the prediction of specular
reflection on the object images. It uses the mean value of the RGB color
pixel to predict the glare portion of the colposcopy images. The masked
image is trained using the deep learning model to identify the affected
portion. The model predicts the glare region with the frequency weight
I0OU with 0.83 and means IOU with 0.75. Das et al. [11] proposed the
color space based morphological operation for the prediction of specular
reflection on cervical images. The each plane of the RGB color space is
extracted using AND operation to highlight the white region on the
images. The morphological operation is applied to mark the outline of
the reflection region. The reflection identified are which are marked are
removed using the Laplace equation. The above method is used as the
preprocessing method to identify the area of interest in the cervical
images.

Anwar et al. [12] proposed SpecSeg for the prediction of specular
highlight on the digital images which identifies the highlighted and label
glare region. The labeled regions are trained using the U-Net model with
the epoch value of 200. The specular highlights are predicted with the
meanF1 value of 0.502 and MAE value of 0.008. The training time of the
model is reduced to 40 min compared to the existing method. Pallavi
et al. [13] used the histogram value is for the detection of glare region on
the cervical images G component of the RGB color space is extracted
from the images. The histogram is applied to remove the local minima
region for the G component to extract the glare region. It is used as the
preprocessing method to improvise the quality of the cervical cancer
detection. Deepak et al. [14] used the GAN model with encoder decoder
pipeline to predict the missing region of the images. The AlexNet with
one stride convolutional and feature map is used along with the acti-
vation function to extract the feature from the neighboring pixels. The
mean value is computed to predict the missing pixels on the digital
images. The proposed method predicts the Mean L1 loss value of 9.37%,
Mean L2 Loss value of 1.96% and PSNR value of 18.58 db. Lizuka et al.
[15] proposed the dilation convolutional along with the local and global
discriminator for the prediction of missing pixels. The neural dilation
network increases the speed of the feature extraction on the digital
images. The local and global context discriminator predicts the empty
region and fills the region with the relevant pixels. The global context
discriminator takes the complete input images and the local context
discriminator completes the small empty portion of the input images.
The proposed method fixes the low resolution output images compared
to the context encoder method. It is used in many digital images to
predict the missing region on the images.

Demir et al. [16] 2018 used the patch generative adversarial network
for the prediction of damaged region on the digital images. The gener-
ated network uses the corrupted images to constructs the pixels. The
ResNet is used along with the generative network to fill the large hole in
the digital images. The proposed predict the missing pixel with the L1
loss of 5.42 and L2 loss of 1.16. The PSNR value and SSIM value of the
predicted pixel is 18.9 and 0.884 respectively. Yu et al. [17] proposed
the Gated Convolutional Neural Network is proposed for the identifi-
cation of missing pixels. The model is built with the SN path and GAN
model. The learnable version of the network validates the feature value
which is activated with the sigmoid function. This method outperform in
filling the random missing pixels. Chang et al. [18] used the convolu-
tional Neural network to remove the glare region on digital images. The
CNN model is end to end with the encoder and decoder and trained to
remove directly the glare region on the digital images. The loss function
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Fig. 3. Image enhancement on smart colposcopy images.

Table 1
Network architecture of the DenseNet 121.
Layer Name Output Size Filter Size/Stride
Input 255x255x3 -
Conv2D 127x127x64 7x7/2
MaxPooling2D 63x63x64 3x3/2
Dense Block 1 63x63x256 -
(C) Transition Layer 1 31x31x128 1x1/1 + 2x2/2
Dense Block 2 31x31x512 -
Fig. 4. Specular reflection inpainting using a partial convolutional neural Transition Layer 2 15x15x256 1x1/1 + 2x2/2
network. (a) The original images with specular reflection which is represented ?ense.tl?locl]f 3 3 ;5X175X1gj; I 1+ 2x2/2
using the black box (b) The detected specular reflection using the CNN method Dl;ln:el é?:ckazer 7 z 7 i 1024 7X +x
which is represented using the red box (c) The partial convolutional inpainting Global Average Pooling 1x 1 x 1024 B
method which is represented using the violet box. (For interpretation of the Dense 1x1x3 _

references to color in this figure legend, the reader is referred to the Web
version of this article.)

Stage Identification

|
l
=

CIN-1 CIN-2 CIN-3

Fig. 5. Grading of cervical cancer using deep learning classification model.
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Table 2
Network architecture of the Vggl19.

Layer Name Output Size Filter Size/Stride
Input 255x255x3 -
Conv2D 255x255x64 3x3/1 (same padding)
Conv2D 255x255x64 3x3/1 (same padding)
MaxPooling2D 127x127x64 2x2/2
Conv2D 127x127x128 3x3/1 (same padding)
Conv2D 127x127x128 3x3/1 (same padding)
MaxPooling2D 63x63x128 2x2/2
Conv2D 63x63x256 3x3/1 (same padding)
Conv2D 63x63x256 3x3/1 (same padding)
Conv2D 63x63x256 3x3/1 (same padding)
Conv2D 63x63x256 3x3/1 (same padding)
MaxPooling2D 31x31x256 2x2/2
Conv2D 31x31x512 3x3/1 (same padding)
Conv2D 31x31x512 3x3/1 (same padding)
Conv2D 31x31x512 3x3/1 (same padding)
Conv2D 31x31x512 3x3/1 (same padding)
MaxPooling2D 15x15x512 2x2/2
Conv2D 15x15x512 3x3/1 (same padding)
Conv2D 15x15x512 3x3/1 (same padding)
Conv2D 15x15x512 3x3/1 (same padding)
Stride Conv2D 15x15x512 3x3/1 (same padding)
MaxPooling2D 7 x 7 x 512 2x2/2
Flatten 25088 -
Dense 4096 -
Dense 4096 -
Dense 3 -

Table 3

Network architecture of the efficient net.

Layer Name Output Size Filter Size/Stride
Input 255x255x3 -
Conv2D 255x255x64 3x3/2 (same padding)
Batch Normalization 128x128x32 -
Swish 128x128x32 -
MBConvBlock1 64x64x32 -
MBConvBlock2 64x64x16 1x1/1
MBConvBlock3 64x64x24 3x3/2
MBConvBlock4 32x32x24 -
MBConvBlock5 32x32x40 3x3/2
MBConvBlock6 16x16x40 -
MBConvBlock7 16x16x80 3x3/2
MBConvBlock8 8 x 8 x 80 -
MBConvBlock9 8 x8x112 3x3/1
MBConvBlock10 8 x 8 x 192 5x5/2
MBConvBlock11 4 x4 x192 -
MBConvBlock12 4 x 4 x 320 3x3/1
Conv2D 4 x 4 x 1280 1x1/1
Batch Normalization 4 x 4 x 1280 -
Swish 4 x 4 x 1280 -
Global Average Pooling 1x1x1280 1x1/3
Conv2D -
Table 4

Quantitative analysis for the detection of specular reflection on smart colpos-
copy images.

Methods Binary IoU Dice- Loss
Accuracy (%) Coefficient value
Proposed Binary masking  0.989 0.965  0.981 —0.980
with Fine-tuned U-Net
Proposed Binary masking  0.972 0.967  0.977 —0.984
with U-Net [15]
Proposed Binary masking  0.924 0.915 0.921 1.269

with Simple CNN [17]

Measurement: Sensors 27 (2023) 100788

is optimized to predict the pixel on the digital images Based on com-
parison analysis of the proposed method predict the glare region with
the higher accuracy.

3. Proposed methodology

Kaggle dataset, which were affected by the noise called specular
reflection. To improve the classification based on their stages (i.e., CIN1,
CIN2, and CIN3), the collected cervical images were enhanced using a
series of steps. First, proposed binary masking was applied to the images.
This was followed by the identification of the glare region in the images.
Finally, the glare region was removed from the smart colposcopy images
to improve their quality. After the enhancement process, the images
were graded using a classification model to predict the stage of cervical
cancer. The workflow of the methodology is shown in Fig. 2. In sum-
mary, the methodology used in this study involved collecting and
enhancing smart colposcopy images using a series of steps, and then
grading the images using a classification model to predict the stage of
cervical cancer.

3.1. Enhancement method on smart colposcopy image

Specular reflection appears as the white bright pixel covering certain
region affecting the quality of the images. The quality of the image is
highly considered during the cancer region analysis process. Due to this
white pixel it resembles similar to the cancer region and lead to misin-
terpretation. To improve the quality of the smart colposcopy images the
specular reflection region are identified using the proposed binary
masking and trained using the Fine tuned U-Net model to segment the
glare portion from the images. The removed region are refilled the re-
gion with its neighboring pixel using the partial convolution inpainting
method. The workflow of the images enhancement process on the smart
colposcopy images is shown in Fig. 3.

Step 1: Proposed Binary Masking

Specular reflection has the property of the white bright intensity
value which appears on the surface of the smart colposcopy images. Due
to high-intensity properties, the pixel intensity value is considered as the
feature to predict the glare region on the cervical images. The pixel in-
tensity value of the digital images ranges from 0 to 255, with 0 denoting
the image’s darkest pixel value and 255 denoting the whitest pixel value
of the digital images. Since it is a digital device the color representation
varies on each device. To avoid that, the colposcopy image collected
from the dataset is initially converted to XYZ color space. Because the
XYZ color space is device independent and does not affect the color
representation of the images on each device. The smart colposcopy
images used in the study were obtained from the Kaggle dataset and
resized to a uniform dimension of 256x256 using the bicubic interpo-
lation algorithm, which is known for preserving better pixel quality in
medical images [19]. The resizing was performed during the masking
process to ensure that all images were of the same size for use in deep
learning models. It helps in reducing the computation time during the
training process. Each intensity value is manually analyzed to predict
the glare region. Based on analyzing the intensity value of each pixel the
specular reflection pixel falls on the intensity value ranges from 191 to
255 whereas the non-specular region falls intensity region of 0-190. The
specular region and nonspecular region are labeled using the binary
masking. The specular reflection pixel is rescaled and set as 0, while the
other region is set as 1 as shown in the Algorithm.1. The masked images
extracted are trained using the fine-tuned U-Net model.
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Algorithm 1:
Input: Image Dataset represented as a 2D array "pixel” with size (img_height, img width)

For each x in range 0 to (img_height - 1)
For each y in range 0 to (img_width - 1)
Convert the RGB color values of pixel at position (y, x) to XYZ color space Set
current_pixel_intensity = value of "pixel" at position (y, x) in the XYZ color space
Set current _pixel = value of "pixel” at position (y, x)
If current pixel >= 190
Set value of "pixel” at position (y, x) to 1
Else if current pixel <= 191
Set value of "pixel" at position (y, x) to 0

End
Step 2: Fine tuned U-Net Model for Specular Reflection Detection with minimum dataset especially for the medical images [20]. So in this
paper, the U-Net model is fine tuned which is made suitable for the
The challenges faced in medical images analysis is the lack of dataset. segmentation of the specular reflection on the colposcopy images. It is
The U-Net model performance is higher for the segmentation process made up of an expanding path, which is used to decode the features of

Original Images Actual Mask Saliency Map Predicted Mask Segmented Images

() (b © (@ (¢

Fig. 6. Specular reflection region segmented using the proposed binary masking and Fine tuned U-Net model.
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Fig. 7. Detection of speuclar reflaction without affecting the white portion on
the digital images. (a) Represent the original images with the specular reflec-
tion and white discharges. (b) Represents the segmented specular reflection
without affecting the white discharges.

Table 5
Quantitative analysis for the inpainting the smart colposcopy Images.
PSNR (db) SSIM L1 Loss(%) L2 Los(%)
P.Conv 48.25 0.984 0.627 0.286

the digital images, and the contraction path, also known as the encoder
segment the feature regions. The model is built with four convolutional
blocks where each block two convolution layers in both the encoder and
decoder side of the model. The convolutional layer used in the U-Net
model is represented in equation. 3.

2 2
Fij :f ( Z Z Wm,nlx+m,y+n + Wb) (3)

Shape: (1,128, 128, 8) Shape: (1, 64, 64, 16)
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Fig. 9. Enhancement on Smart Colposcopy Images (a) Original Images (b)
Specular Reflection Detection on smart Colposcopy Images (C) Removal of
specular Reflection using Inpainting Method.

W 1, n stands for the weight of the (m, n), I, , stands for the row and
column of the pictures, F ¢, j) is the feature map generated from the smart
colposcopy image. Each convolutional block consists of 3x3 convolu-
tional layer followed by the rectified linear unit (ReLu) activation
function. A 2x2 max pooling layer is follows each convolution block in
the donwsampling and upsampling path.

The U-Net model is fine tuned for the improvising the detection of
glare on the smart colposcopy images and its network architecture is
represented in Algorithm.2. The batch normalization is enabled as true
for each layer to speed up the convergence during model training. The
dropout value is set as 0.2 for each layer of the down sampling region.
The refined U-Net model has a neuron size or filter dimension of 8, 16,
32, 64, and 128 for the contraction path and 128, 64, 32, 16, 8 for the
expansion path. The model is trained with the batch size of 10 and with
the epoch value of 100. The model is boosted with the Adam optimizer
with the learning rate of 0.00001. Since there are two classes (i.e. SR and
Non-SR region) the binary cross entropy is used for the loss function. The
input image size is set as 255x255x3, where the training dataset is set as
(3870, 255, 255, 3) and testing dataset is set as (1000, 255, 255, 3).

Shape: (1, 32, 32, 32) Shape: (1, 16, 16, 64)
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Fig. 8. Partial convolutional inpainting for filling the removed glare pixels.
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Algorithm:2

Define the U-Net model with input shape (255, 255, 3)
Initialize the model with 4 convolutional blocks
For each convolutional block:
Add a 3x3 convolutional layer with ReLu activation function
Add a 3x3 convolutional layer with ReLu activation function
Add a 2x2 max pooling layer
Add dropout with a value of 0.2
Add an expanding path to decode the features of the digital images
For each expanding block:
Add a 2x2 up-sampling layer
Add a 3x3 convolutional layer with ReLu activation function
Add a 3x3 convolutional layer with ReLu activation function
Add an output layer with sigmoid activation function
Compile the model with binary cross-entropy loss function and Adam optimizer with a learning rate of 0.00001
Set the batch size to 10 and the number of epochs to 100
Set the input image size to (255, 255, 3)
Load the training and testing datasets with sizes (3870, 255, 255, 3(Original and Masked Images)) and (1000,
255, 255, 3(Original and Masked Images)) respectively

Measurement: Sensors 27 (2023) 100788

Train the model on the training dataset

Use the trained model to segment specular reflection on smart colposcopy images

The original and the masked images obtained from the proposed
binary masking are taken as the input and trained the fine-tuned U-Net
model for the segmentation of specular reflection from the smart col-
poscopy images. The masked image label the reflection region which
need to be segmented and helps the.

Step 3: Removal of Specular Reflection on Smart Colposcopy Images

The specular reflections identified are removed using the partial
convolutional inpainting method [21]. The partial convolutional neural
network involves partial convolutional operation, updating binary mask
and network architecture for filling the missing region on the smart

Table 6
Specular reflection detection and removal from the smart colposcopy images.

colposcopy images. The partial convolutional is expressed in equation

(€]

T 7Sum(1) if sum
P W' (LuOM) Sum(M)’ if M) >0

0, Otherwise

4

Where X is the pixel value or the feature value of active sliding window,
and W and b are the appropriate kernel weight and bias. The M repre-
sents the binary mask, which denotes the feature value. On the cervical
images, the valid pixels are represented by 1 and the missing pixel by 0,
respectively. The legitimate input pixels of the cervical images are

Original Images  Specular Reflection

Detected Images

Removal of Specular reflection using
Inpainted Images

Original Images  Specular Reflection

Detected Images

Removal of Specular reflection using
Inpainted Images

—

—

— -

Table 7

Comparison of the classification metrics with enhancement and non enhancement images.

Metrics Without Enhancement With enhancement

DenseNet121 Vggl9 EffiecinNet DenseNet121 Vggl9 EffiecinNet
Accuracy (%) 92.72 95.02 91.79 97.32 96.25. 93.27
Precision (%) 90.72 92.14 93.28 96.89 95.74 95.74
Specificity (%) 91.41 90.39 90.39 94.73 91.39 91.39
Sensitivity (%) 91.78 92.49 93.49 92.12 90.79 90.79
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Table 8

Measurement: Sensors 27 (2023) 100788

The binary accuracy and Loss calculation for grading of cervical cancer at each epoch value.

With Out Enhancement

With Enhancement

DenseNet121
Accuracy and Validation Accuracy
100
—— Accuracy
—— Validation Accuracy
80
5 60
H
H
<
40
20
5 10 15 20 25 30 35 40 45 50
Epoch
Loss and Validation Loss
1.0

— loss
—— Validation Loss

0.8
0.6
0.4
/
02

0.0

Loss.

Vggl9

0.9 I
0.8 |
>
9
g
H
3
<
0.7
0.6
— Accuracy
—— Validation Accuracy
5 10 1

5 20 25 30 35 40 45 50
Epoch

Loss and Validation Loss

Loss.

— Loss
10 —— Validation Loss
0.9
0.8
0.7
0.6

05
0.4
03
5 10 15 20 25 30 35 40 45 50
Epoch
Efficient Net

Loss.

Accuracy and Validation Accuracy

20

—— Accuracy
—— Validation Accuracy

5 10 15 20 25 30 35 40 45 50
Epoch

Loss and Validation Loss

0.8 4

0.6 1

0.4

0.2

0.0 4

— Loss
—— Validation Loss

5 10 15 20 25 30 35 40 45 50
Epoch

Accuracy and Validation Accuracy

—— Accuracy
—— Validation Accuracy

5 10 15 20 25 30 35 40 45 50
Epoch

Loss and Validation Loss

0.8

0.4

0.2

— Loss

—— Validation Loss

(continued on next page)
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Table 8 (continued)

Measurement: Sensors 27 (2023) 100788

With Out Enhancement

With Enhancement
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adjusted using the scaling by the scaling factor sum (1)/sum (M) as in the
equation.5. The result of the convolution operation is designated as the
valid pixels for the following partial convolution operation if it contains
at least one valid input pixel. This procedure is repeated until all of the
masking region’s pixels are valid. The U-net model convolutional filter is
replaced with the partial convolution filter for filling in the missing
pixels in the colposcopy images when the binary mask has been updated.

/ L, if sum(M) > 0
m = .
0, otherwise

For training the partial convolutional inpainting model the batch size
is set as 32 with the epochs value as 100. The Adam Optimizer is set as
0.0001 with the L1 loss error and the learning rate is set as le”%. The
input image size if set as 255x255x3, where the training dataset is set as
(3870, 255, 255, 3) and testing dataset is set as (1000, 255, 255, 3). The
original and the masked images taken as the input and trained use the
fine-tuned U-Net model for the prediction of specular reflection on the
smart colposcopy images. The cervical input image is combined with a
hole in the final layer of the partial convolution layer, which is then
masked to fill in the hole. Fig. 4 depicts the empty pixel that was filled
using the partial convolutional layer.

3.2. Grading of smart colposcopy images using classification models

The Cervical intraepithelial Neoplasia(CIN) are staged as CIN1,
CIN2, and CIN3 based on the amount of the acetowhite region affected
on the smart colposcopy images.

3.2.1. Network architecture

To classify the cervical cancer based on their types the classification
model like DenseNet121, Vggl9, EfficientNet model are used in this
paper as shown in Fig. 5 the model performance is calculated on the
enhanced images and the unenhanced colposcopy images.

a. DenseNet121

DenseNet121 is the convolutional neural network used for the clas-
sification of the images. It was proposed by Hasan et al. [22] in the year
2017. The architecture of this model is based on the idea of densely
connected layers. The DensNet takes the each layer as input and the
feature maps of all proceeding layers. The architecture is built with 121
layers which is divided in to three blocks i.e., convolutional block, the
transition block and the classification block, The convolutional block is
build with the series of dense block, where each block consists of mul-
tiple of convolutional layer, batch normalization to reduce over fitting
and ReLu activation function. The transition block consist of convolu-
tional layer, a batch normalization layer and 1x1 global averaging
pooling which reduce the spatial dimensionality of the feature maps to
preserve the number of channels. The classification block is build with
the global average pooling layer, a fully connected layer and softmax
activation function to produce the classification result. The network
architecture of DenseNet121 model used for the grading of colposcopy
images is shown in Table .1.

b. vggl19

VGG19 is a deep convolutional neural network architecture that was
proposed by Simonyan and Zisserman in 2014. To grade the colposcopy
images, the VGG19 convolution neural network, which has 19 layers,
uses 16 convolutional layers and 3 fully connected layers are used. The
convolutional layer is built with the 64 neurons with the filter size of 3x3
and 2x2 size of max pooling. The fully connected layer is built with the
neuron size of 4096 which is followed by a dropout layer. The softmax
layer is used in the output layer of the each class [17,23]. The network
architecture of Vgg19 model used for the grading of colposcopy images
is shown in Table .2.
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b. Efficient Net

Efficient Net is the convolutional neural network introduced by Tan
and Le [24] in the year 2019. The model is constructed with the
MBConvBlock or Mobile Inverted residual bottleneck block. It is
designed to reduce the number of parameters to maintain the higher
accuracy of grading process. The input layer of the model is set as
255x255x3. The 64 convolutional layers is used with the filter size of
3x3 and stride value of 2x2. The same padding size is set, which does not
affect the size of the image output image. In this model the swish acti-
vation function is used which is the combination of the sigmoid and
ReLu activation function. The 12 MBConvBlocks are used, where each
block is the combination of convolutional layer, point wise convolu-
tional layer and skip connection. The MBConvBlock is repeated multiple
times in the Efficient Net model with the variation of filter, strides and
input/output dimension to reach the desired results. The point wise
convolution layer applied 1x1 convolution to the output of the pervious
layer and it increase the dimensionality of the output by maintaining the
minimum number of parameters. The convolutional layer with the filter
size of 1x1 maps the output of the previous layer to 1280 dimension
feature space. The network architecture of Efficient Net model used for
the grading of colposcopy images is shown in Table .3.

3.2.2. Training the classification model

The dataset is collected from the Kaggle dataset [17], which has
three stages of cancer with a total of 4870 images. The model is divided
in the ratio of 80% for training and 20% for testing the model. The model
developed is trained with the dataset (3870, 255, 255, 3) and tested with
the images (1000, 255, 255, 3). For training the input size of the image is
set as 255x255x3 and the output class is 3 i.e., CIN1, CIN2 and CIN3. The
batch size of the model is set as 32 with the learning rate of 0.0001. The
model is trained with 60 epochs and trained with the Adam optimizer.
The drop out layer is set as 0.5 to reduce the over fitting of the model due
to the minimum number of dataset. The loss value is taken as sparse
categorical cross entropy with the activation function of the softmax
function. The weight initialize for the classification of the model is He
normal to increase the performance of the model.

4. Experimental result and analysis

For the experimental setup, the smart colposcopy images are
collected from the Kaggle dataset [25]. The implementation is carried
out on the Google Colab with the hardware accelerator of 12 GB NVIDIA
Tesla K80. In this section, the result obtained is analyzed in the both
quantitative and qualitative analysis.

4.1. Specular reflection detection

The binary accuracy, the intersection of union (IoU), the dice coef-
ficient, and the binary cross entropy are calculated for the quantitative
analysis [20]. The intersection of union (IoU) identifies the overlap
between the predicted mask and the original masked images of the smart
colposcopy images. The binary accuracy predicts the total number of
correctly predicted reflection regions divided by the total number of
predictions on the smart colposcopy images. The dice coefficient de-
termines the overlap region between the original and anticipated images
by dividing the total number of pixels [26]. The binary accuracy,
Intersection of Union, dice coefficient calculated for the prediction of
specular reflection on smart colposcopy images is given in Table .4. The
proposed binary masked images are trained using the fine-tuned U-Net
model, U-Net model and the simple CNN model. The model is trained
with the epoch value of 100. Based on the comparison analysis the
proposed binary masking along with the Fine tuned U-Net model pre-
dicts the specular reflection with the accuracy of 98.91%. The compu-
tation time to attain is this model is 6 h 29 min with the memory usage of
15.74 GB.
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Based on the qualitative analysis, the specular reflection region
segmented using the fine-tuned U-Net is given in Fig. 6. In Fig. 6 (a)
represent the original images collected from the Kaggle dataset. The
predicted mask represents the images predicted by the model is shown in
Fig. 6(b) and the actual mask represents the mask generated by the
proposed binary mask which is given as the input to train the model
Fig. 6(d). The detection of glare region in the layers of each fine tuned U-
Net model layer is represented as the saliency map as given in Fig. 6(c).
Finally the segmented images is the removed the glare region on the
smart colposcopy images as shown in the Figure. (e).

The challenges faced in the removal of specular reflection are white
discharge which also appears as white on the captured smart colposcopy
images. But the proposed binary masking with the fine-tuned U-Net
predict only the specular reflection region without affecting the other
white portion of the smart colposcopy images as shown in Fig. 7.

4.2. Removal of specular reflection on smart colposcopy images

To evaluate the inpainting process, qualitative metrics like peak
signal to noise ratio (PSNR) [21], Structural similarity Index (SSIM), and
Loss calculation (L1 and L2) [27] are used to calculate the quality of the
predicted cervical images. The higher the PSNR value the higher the
quality of the cervical images, and minimum the value of SSIM higher is
the similarity of the predicted pixels on the cervical images. The value
ranges of SSIM should be in the range of 0-1. The L1 and L2 are two loss
functions that are highly used for minimizing errors. The L1 loss func-
tion represents the LAB which is abbreviated as least absolute de-
viations. The L1 loss function is the sum of the absolute difference
between the original and predicted cervical images. The L2 loss function
is calculated as the sum of all squared differences between the original
images and the predicted cervix images. Minimum the loss percentage,
higher the quality of the cervical images. The PSNR, SSIM, L1 Loss and
L2 loss calculated for the removal of specular reflection is shown in
Table 5.

The partial convolutional layer is fixed in the U-Net model for
inpainting the missing pixel of the images. So the model is using the
eight layers during the filling process. Each layer the missing region will
be reduced as the missing pixel is filled with the adjacent pixels. Fig. 8
(a) represent the glare region segmented using Fine tuned U-Net. From
Fig. 8 (b)-(d), the size of the masked region is reduced because of it
filling process. This process at each layer until the missing pixel is filled
on the smart colposcopy images. Fig. 8 (e)—(h) are empty and no masked
region (black region) are shown in the figure. It shows the images are
completed filled in the layer 4 i.e., figure (d).

The smart colposcopy images with the specular reflection are shown
in Fig. 9(a). The specualr reflection detected using the proposed U Net is
shown in Fig. 9 (b) And the removal of specular reflection using the
partial convolutional neural network is shown in Fig. 9 (C). The specular
reflection removal has improvised quality of the colposcopy images as
shown in Fig. 9 (C). The specualr refelction detected and removed on the
smart colposcopy images is shown in Table .6. The image inpainting is
applied to the detected images to refill the cervical photos using a partial
convolutional neural network. The computational time for filling the
cervical images is 4 h 28 s with a space consumption of 3.46 Mb.

4.3. Grading of smart colposcopy images

The quality of the cervical images is an important factor during the
grading cervical cancer. The grading of CIN1, CIN2 and CIN3, collected
from the kaggle, is trained in the pre-trained models like DensetNet121,
Vggl9, and efficient model. Similarly, the quality-assessed images are
trained using the pretrained model. Based on the analysis, the quality
assessed images gives higher accuracy in the grading of cervical cancer,
as shown in Table .7. Based on the analysis of the graph the loss value is
lower for the enhanced image when compared to the non enhanced
images as shown in Table .8.
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5. Conclusion

The detection and removal of specular reflection are required to
enhance the quality of smart colposcopy images. The proposed binary
masking labels the accurate glare region. To automate the process, the
U-Net model is used. Finally, partial convolutional inpainting is used to
refill the removed portion completely. So this enhancement process has
improvised the classification accuracy of the three stages of cervical
cancer. It is analyzed using three classification models, DenseNet121,
Vggl9, and Efficient Net. Each classification model prediction accuracy
is increased in the grading of cervical cancer. So enhancement must be
required to improve the grading of cervical cancer on the smart col-
poscopy images. The proposed binary masking is not limited only to
smart colposcopy images. It also predicts glare regions on other medical
images captured through digital tools. The limitation faced in this pro-
posed work some time the speculum examination tool on the smart
colposcopy images are also identified as the specular reflection. Nor-
mally the smart colposcopy device is fixed with the flash light so
maximum the images have the same illumination. If the illumination of
the image varies the range selection may varies. So it is considered as the
limitation for the proposed in the identification of specular reflections.
The future scope of the research is to explore how the enhancement has
improvised the cancer detection process on smart colposcopy images.
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Chapter 1
Introduction

Cervical cancer is a form of cancer that impacts the cervix, the lower portion of the uterus that
connects to the vagina. The abnormal cell growth in the cervix, resulting in the formation of cancer,
characterizes this condition. If not treated. it has the potential to metastasize to other region of the
body, posing a significant threat to life. According toWorld Health Organization (WHO), in 2020,
cervical cancer was identified as the fourth most common cancer among women worldwide [1][2].
The primary cause of this cancer is the Human Papilloma Virus (HPV), which impacts the lower
portion of the uterus linked to the vagina. Fortunately, there are ways to prevent cervical cancer by
taking the preventive measures like Human papillomavirus immunization and routine screening
initiatives [3]. The early detection of cervical cancer allows for effective treatment and cure. However,
various factors like anxiety, tension, and economic circumstances, absences of awareness, hesitation,

and cultural norms have played a role to its steady rise, especially in developing countries [4].
Stages of Cervical Cancer

Itis typically classified into stages based on the severity of the disease. It s categorized into four
stages: Stage 0, Stage 1. Stage II, and Stage III, each with subcategories to enhance precision[S].
Here's a brief overview of each stage:

Stage 0

o The cervical cancer appears in the lower part of the uterus.
o The cancer is typically small and has not metastasized to nearby tissues or organs.
o Itis the primitive stage of cancer and often has the best prognosis when it is detected at this

point.
Stage I

o Thecancer has progressed beyond the cervix and uterus but has not reached the pelvic wall,
which is the tissue lining the area between your hips or the vagina.

o The cancer may have spread to nearby region but has not yet reached distant organs.

Copyright 2024 Turnitin. All rights reserved.
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