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Abstract: Globally, the incidence of cervical cancer ranks fourth among female malignant tumors, seriously threatening the
physical and mental health of women. Early detection and early treatment can greatly reduce the mortality of cervical cancer
"cytology /HPV test, colposcopy and cervical biopsy" is the main method for clinical diagnosis of cervical cancer. The progress
of medical technology has significantly improved the early diagnosis of cervical cancer, but due to various factors, there are still
many cases of missed diagnosis and misdiagnosis. In recent years, artificial intelligence has developed rapidly in the medical
field, and has also shown good applicability in the screening and diagnosis of cervical cancer. In this paper, we design an mcs-
SEM structure that contains both channels and space compression excitation modules, which can retain comprehensive spatial
information at a low computational cost. Then, the structure is embedded in a three-dimensional coding network to realize the
combination of two-dimensional convolutional neural network and three-dimensional spatial information, so as to predict the
DVH in the complex distribution scenario of multi-endangered organs with higher accuracy.
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achieve voxel-level dose prediction. However, it can only

1. Introduction predict the DVH curve of one organ at risk, which is not

The application of artificial intelligence assisted diagnosis efficient [5]. o ) . _
system has improved the diagnosis accuracy of cervical In recent years, artificial intelligence (AI), relying on its
cancer related diseases, reduced the impact of subjective strong l.earmng al.nl.lty, has bee?n graQually applied to th? field
factors and the missed diagnosis rate of positive cases, helped Of chm’cal medicine, especially in the' field of disease
clinicians save time and energy in practical work, and is diagnosis, Al has shown strong potential. At present, a
expected to solve the problem of unequal distribution of ~ number of studies have applied Al to the screening and
medical resources in China. Based on domestic and foreign diagnosis of cervical cancer and precancerous lesions, aiming
research results, this paper will discuss the application of ~ t0 improve the accuracy of disease diagnosis, reduce the rate
artificial intelligence in cervical cancer screening and of missed diagnosis, and save more time and precision for
diagnosis from the four aspects of HPV detection, cytology, clinicians ) o o .
colposcopy, and imaging examination, and propose the Fgrce. This paper vyﬂl dlscus.s the .apphcatlon of Al in
challenges faced by artificial intelligence in cervical cancer cervical cancer screening and diagnosis from .fOUT aspects:
screening and diagnosis in the future [1][2][3]. HPYV detection, cytology, colposcopy, and imaging.

Intensity modulated radiotherapy (IMRT) is a very accurate
radiotherapy technique, which can achieve accurate dose

2. Related Work

irradiation of target area by adjusting the intensity of the field, Among women in developing countries, cervical cancer is
so it is widely used in the treatment of cervical cancer. But its the second most common cancer (15.7 per 100,000 women)
formulation is a complex process that requires precisely and the third most common cause of cancer death (8.3 per
delivering high doses of radiation in three dimensions while 100,000 women). Brachytherapy (BT) is a necessary part of
m?nimizing damage to surrounding .healthy tissue. Based on local advanced cervical cancer treatment, in the cervical
this, we propose the dose volume histogram as an important lesions of higher doses of radiation at the same time, will also
evaluation tool, which can provide radiation treatment ratio cause some damage to the surrounding normal tissue.
infoqnatior}, so that physicians can quickly d?YGIOP high Compared to conventional brachytherapy, image-guided
qual{ty.radlotherapy plan[4]. However, the trad1t10na1 DVH brachytherapy (IGBT) can increase the dose of the target area
prediction model can only describe the spatial geometric more effectively, while accurately assessing the dose received
relationship between a single organ at risk and the target area, by the surrounding tissue [6-8]. Several observational studies
and it is difficult to extract comprehensive spatial geometric suggest that IGBT is superior to conventional brachytherapy
information of patients, thus affecting the accuracy of in terms of disease control rate, overall survival, and
prediction results. In 2019, Dan Nguyen et al. proposed that complication control. Although IGBTs based on Magnetic
3D-Unet convolutional neural networks could be used to resonance imaging (MRI) are the gold standard for cervical
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cancer brachytherapy, CT images provide information on the
location of the applicator and can be used to map the Organ
at risk (OAR). It can replace MRII7 to some extent. The
deformation caused by the implantation of the vaginal
applicator makes it impossible to register with pre-treatment
MRI. In addition, MRI-based IGBTs have obstacles such as
limited application range, high cost and long scanning time,
resulting in wider popularity of CT simulators and easier
implementation of Ct-based IGBTs. The extent of tumor
invasion can be determined by gynecologic MRI examination
before or during treatment, which makes Ct-based IGBT
more accurate and can be used as an alternative to MRI-based
IGBT[9].

In recent years, one of deep learning algorithm of
convolution neural network (convolutionalneuralnetwork,
CNN) has been successfully applied to the automatic
segmentation of medical image. In the field of radiation
therapy, various CNN models have achieved automatic
mapping of CTV or OARs for brain tumors 211, head and
neck tumors 125.2, esophageal cancer 127, rectal cancer
28.29, etc. Although some studies have explored the
performance of the CNN model for auto-mapping in locally
advanced cervical cancer, most of them focused on external
exposure. Three-dimensional  Stereoscopic  Encoding
Network (TSEN) model, which combines three-dimensional
spatial information with two-dimensional convolutional

34-layer residual

Figure 1.

The common algorithm in the CNN model is as follows:

volume layer (Convolution) : It is used for the extraction of
line features, that is, the extraction of line features in a region
on the input data. For example, when we input an image of
size 3 2 x 3 2x 3 (3 is the depth of the image, i.e. R G B color),
by constructing a 5 x 5 x 3 receptive field (Fi1ter), We can
get a characteristic plot of 2 8 x 2 8 x 1. Each volume layer
generally has multiple different receptive fields to extract
different characteristics. By means of multiple volumes, the
characteristic maps of deeper layers can be obtained.
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Figure 2. Convolution operation

Pooling: It is used to compress the feature map, on the one
hand, to make the feature map smaller and reduce the

calculation amount, on the other hand, to compress the feature.

pooling operations mainly include Max pooling and Average
pooling. The process of the former is shown in Figure 3.
Using a 2x2 receptive field, we compress the data to a quarter
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neural networks, from

It can effectively predict DVH of all organs at risk in
cervical cancer radiotherapy program[10-12]. In this model,
in order to reduce computing costs and improve network
performance, We propose a multi-scale channel and spatial
Squeeze & Excitation Module (mcs-SEM) based on
expansive convolution and integrate it into the network
architecture. Through this network model, the original image
information can be used to predict the DVH of multiple
organs at risk in new patients.

3. Methodology

In this paper, it is proposed that the backbone network of
TSEN is DenseNet, and its basic module is Dense Block,
which is composed of multiple convolutional layers, and the
input of each convolutional layer is the output of all the
previous layers, so that the output of dense block contains all
the input feature information, which is conducive to feature
reuse and enhancement.

In the dense block, in order to reduce the size of the feature
map, 1x1 convolution layer is generally used to reduce the
dimension, and then 3x3 convolution layer is used to extract
the feature, whose output can be the subsequent dense block
or the whole network output.

ResU-Net

of its original size. This method of shrinking the feature map
has the potential to affect the accuracy of the model, which
can be compensated for by increasing the depth of the feature
map. Generally, the eigenvalues of edges are large, so we use
maximum pooling in ResU-Net.

3.1. Model Architectures

Each Dense module contains two 3x3 convolution. For all
convolution layers, we set the filling parameter to 1, which
guarantees that each convolution layer in the module can
eventually produce a feature map of the same size.

Thus, the ith layer output in the module can be expressed
as the formula:

x; = 0;([x9, %1, x;_1]),i = 1,2,3,4 (1)

Where Oi( ) refers to a nonlinear transformation that
increases the complexity of the model. Specifically, after the
batch normalization layer, an excitation with a parametric
rectified linear unit as the activation function is connected.
The live layer is finally connected to a 1x1 volume layer. [x0,
x1,... xi—1] refers to the mapping feature output at layer 0,...,
i—1, and sets the DenseNet backbone network growth rate to
10. In this study, DenseNet is used as a model to set special
hyperparameters. Its dense network can well solve the
overfitting problem caused by training on relatively few
medical data sets, which also shows that the network has
excellent generalization ability. The original U-Net could
only extract relatively low-level features, such as edge and
intensity contrast. This problem can be solved by increasing
the depth of the network, but the increase of the depth of the
network brings two problems: first, the gradient disappears,



which makes it difficult to converge; The second is
degradation, that is, the appropriate depth continues to
increase the number of layers, and the more errors generated
during training, the accuracy of the model will decline. To this
end, we joined Residual Block to design a new ResU-Net,
which has more branches connecting the input directly to the
following layer than the ordinary directly connected
convolutional neural network.

3.2. DataSet Introduction

3.2.1. Space Squeeze&Excitation,s-SE

The space Squeeze&Excitation (s-SE) module was
originally proposed in the 2017 ISVRC competition. It can
effectively learn the interdependencies between similar
features and use these dependencies to strengthen the
representational ability of the network. Specifically, the s-SE
module reduces the number of channels through a space
compression, then uses a fully connected layer to learn the
importance weight of each channel, and finally applies the
weight to the compressed channel to obtain a weighted feature
representation. In this way, the network can actively focus on
the important feature channels, and ignore the unimportant
feature channels to improve the accuracy and generalization
of the network. The s-SE module has been widely used in
various computer vision tasks, and has achieved good results.

In each module of the s-SE module structure, when we
extract the spatial geometric features of a set of CT images,
we can follow the following steps: First, the channel
information should be compressed to reduce the number of
channels and retain the most important information. Second,
the incentive operation of the spatial part is necessary. In order
to obtain the index of the importance of spatial position,
Excitation operations can be used to activate each spatial
position in the feature map. Then, it is feature extraction. The
CT images after compression and excitation processing are
input into five Dense modules to generate feature maps.M=

[m“,ml'z, e, mbN |, ()

Here, L x N is the size of the feature map, and u and v are
the spatial position coordinates of the feature map. Finally,
space compression. In order to reduce the dimension of
feature map, 1x1 convolution is used for space compression
Nsp, and the output feature p is obtained.

p=Nsp*xM (3)
In the above formula, Nsp eR1x1xc. For p, we finally run

it through an activation function to normalize its result to
between 0 and 1.

“4)

In the above formula, the magnitude of a(pu,v) represents
the importance weight of the spatial position coordinates u
and v, which are important parameters for the model. When
the training process continues to iterate, the module will
gradually ignore the non-important positions and actively
focus on the important spatial positions. This is how the s-SE
module works

M,_gp = [U(Pl,l)mm' ---'U(PL,N)mL'N]

3.3. Data Analysis and Preprocessing

The TSEN structure consists of three component modules:
1. DenseNet module of intensive convolutional neural
network. As the backbone network of TSEN, it can extract
three-dimensional spatial features from three different types
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of images and retain them, as shown in the figure below

Main spatial information.

2. Translation layer module. After the module is set as a
batch normalized layer in the TSEN structure, a convolution
filter with a size of 1x1 is connected for convolution, and then
an average pooling layer is connected for dimensional
compression, which can ensure that the final output of each
Dense layer has the same size feature map.

3.mcs-SEM module. The module integrates and calibrates
the three-dimensional spatial information extracted by the
convolutional filter, which can not only retain comprehensive
spatial information at a low computational cost, but also
effectively extract the contour features of different shapes of
endangered organs.

We used RT-Structure data to obtain the 3D target contour
and 3D scanning map of the contours of the organs at risk,
and then calculated the 3D distance image, and then extracted
these images together through the feature extractor, converted
into feature vectors and sent to the TSEN network. The spatial
features were extracted by convolutional neural network, and
then the feature fusion was calibrated by mcs-SEM. Finally,
the predictive DVH feature vectors of multiple organs at risk
were generated by the output module of TSEN backbone
network.

Figure 3. TSEN structure

4. Conclusion

The main content of this study is to develop a DVH
prediction model based on TSEN structure for the dosimetric
evaluation of cervical cancer radiotherapy program. The
traditional DVH prediction method is based on the artificial
design of geometric operators, this method has great
limitations in dealing with the complex three-dimensional
relationship of multiple organs at risk. Therefore, this paper
designed an mcs-SEM structure, which includes both
channels and space compression excitation modules, which
can retain comprehensive spatial information at a low
computational cost, and use distance images to characterize
spatial geometric relationships of multi-endangered organs,
directly using three-dimensional image data as the original
input of the network. Thus, the limitation brought by manual
design of geometric operators is avoided. In conclusion, this
study provides a new method for dosimetric evaluation of
cervical cancer radiation therapy plans, which can not only
better characterize the complex three-dimensional
relationship of multiple organs at risk, but also predict DVH
more accurately, helping radiologists to evaluate the quality
of cervical cancer radiation therapy plans.

In summary, the application of Al in cervical cancer
screening and diagnosis can improve the specificity and



sensitivity of cervical cancer screening and diagnosis. In the
first stage of screening, Al-assisted HPV testing and
cytological examination of cervical detachment can improve
diagnostic accuracy and reduce unnecessary colposcopic
triage. Ai-assisted cytology diagnosis is not limited by time,
and can be used to screen a large number of normal cervical
smears. According to statistics, cervical cytology results are
negative, accounting for more than 99.5%; At the same time,
avoid the influence of subjective factors, reduce missed
diagnosis and misdiagnosis; It is expected to solve the
problem of the lack of medical resources in remote areas and
realize the network remote assisted diagnosis. Ai-assisted
colposcopy can also avoid the limitations of subjective factors,
classify colposcopic pictures and mark cervical lesions, guide
colposcopists to perform biopsies, and reduce missed
diagnosis. In imaging examination, Al model not only has the
function of assisting screening, but also can predict vascular
metastasis, treatment response and recurrence, and assist
clinicians to adjust treatment plans.

The limitations of this study are as follows: First, it is a
single-center study with a small sample size. Due to
differences in sketching principles, CT scanning modes, and
emitter placement methods, the generated Al model may not
meet the sketching standards and habits of other centers,
resulting in poor generality. In the future, multi-center
cooperation is needed to jointly determine the delineation
criteria, and train the model with a larger multi-center data set
to make it more versatile. Second, the clinical score is a
subjective judgment of the evaluator, and although most of
the sketched results can be used clinically, they still need to
be considered in the context of the actual dose distribution and
normal tissue toxicity. Finally, the amount of data used to
evaluate WDSC is small, and although WDSC and AD2cc are
significantly correlated, larger sample size validation is
needed. Finally, this study did not use the ResU-Net model
trained by Flectcher emitter IGBT to calculate WDSC, so it is
not possible to verify the correlation between WDSC and
D2cc differences.
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