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Abstract

Background: Cervical cancer is a common gynecological malignancy among women
worldwide. Among the primary modalities for treating cervical cancer, radiation therapy
occupies a central role. Using Cone-Beam Computed Tomography (CBCT) scans
obtained prior to treatment for target registration and alignment holds critical significance
for precision radiation therapy. Accurately contouring targets and critical-organs-at risk
(OARs) is the most time-consuming task for radiation oncologists. The OAR contouring
in CBCT plays a crucial role in the radiotherapy of cervical cancer. Specifically, the
location and volume of the rectum and bladder can significantly impact the precision of
cervical cancer treatment, as the patients need to drink certain amount of water to fill the
bladder prior to the treatment for target localization. The resulting change in position of
rectum and bladder may lead to alterations in the target dose. Further, changes in
radiation dose to these two OARs can directly affect the severity of the acute and late
radiation induced damage. Therefore, the OAR contouring not only allows for better
localization before each radiotherapy session, but also provides valuable reference for
clinicians when they need to adjust the treatment plan.

Purpose: The objective of this study is to evaluate the capabilities of four deep-learning
models for contouring OARs in CBCT images of cervical cancer patients.

Materials and Methods: The study dataset comprising 40 sets of CBCT images were
collected from the Fujian Provincial Cancer Hospital in China. Two experienced
radiation oncologists meticulously delineated 10 groups of OARs (Body, Bladder, Bone

Marrow, Bowel Bag, Femoral Head L, Femoral Head R, Femoral Head and Neck L,



Femoral Head and Neck R, Rectum, Spinal Canal) on the CBCT images as
reference/ground truth. Subsequently, the 24 sets of CBCT reference were used to train
the CBCT model, and the unedited CBCT images of the remaining 16 sets were used for
comparing with their reference to test the four models. The only difference between these
four models is the adoption of different neural network structures. They are classic U-
Net, Flex U-Net, Attention U-Net (ATT), and SegResNet respectively. The evaluation of
contouring quality for the four models was performed using the metrics such as 95
percentile Hausdorff Distance (HD95), Dice Similarity Coefficient (DICE), Average
Symmetric Surface Distance (ASSD), Maximum Symmetric Surface Distance (MSSD),
and Relative Absolute Volume Difference (RAVD), respectively.

Results: The average DICE was 0.86 for bladder contouring among four models. The
average DICE for rectum on CBCT image was 0.84 for four models.

Conclusion: According to the quantitative analysis, classic U-Net neural network
architecture with minor adjustments can obtain competitive segmentation on CBCT

images.
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1. Introduction

1.1 Background
1.1.1 Cervical Cancer and Radiation Therapy

Cancer is a major threat to human health worldwide and is one of the leading causes of
death. A total of 19.3 million new cancer cases were reported in 2020, and close to 10 million
cancer deaths were reported. By 2040, researchers predict that there will be 28.4 million cancer
cases worldwide, an increase of 47% 1. Cervical cancer is the fourth most common malignant
tumor diagnosed among women worldwide. Majority cases of cervical cancer are caused by
human papillomavirus (HPV) infection. Measures to prevent cervical cancer include screening
and vaccination. Cervical cancer causes over 250,000 deaths each year, primarily due to the
severe lack of treatment in many developing countries(?,

The use of radiation therapy in medicine has become routine since the discovery of
radioactivity in the 19th century. Since the early 20th century, radiation therapy has been
increasingly used to diagnose and treat cancer!®l. For most cervical cancer patients, radiotherapy
is the one of the primary treatment methods. Since the introduction of the combined use of
radiotherapy and chemotherapy at the end of the 20th century, there has been a significant
improvement in the survival rates for cervical cancer. Today, technologies such as Intensity-
Modulated Radiation Therapy (IMRT) provide opportunities to further improve outcomes by
delivering highly conformal radiation to the tumor[, Studies have found that, IMRT is better at
sparing normal tissues compared to traditional techniques, resulting in fewer gastrointestinal and
genitourinary complications, while achieving similar target coveragel®. However, accurate and
geometrically precise irradiation is required to maximize the benefits of IMRT. The use of Image-
Guided Radiation Therapy (IGRT) technology is useful and effective for this purpose. In fact, the

use of imaging guidance in IMRT treatment has resulted in reduced rates of treatment-related



complications and improved treatment outcomest!. For cervical cancer, radiation therapy is also
used in conjunction with surgery. Researches show that pelvic radiation therapy significantly
reduces the risk of recurrence and extends progression-free survival after radical surgery. This
method is particularly beneficial for patients with adenocarcinoma or adenosquamous
carcinomall.

Patients diagnosed with cervical cancer are recommended to drink water before radiation
therapy sessions to ensure the bladder is adequately filled. This practice facilitates precise
targeting of the treatment area. By maintaining consistent bladder fullness, it is possible to
significantly reduce the effects of target displacement, thereby enhancing the accuracy of target
localization and ensuring the appropriate administration of radiation doses. Furthermore, this
strategy helps safeguard the bladder, small intestine, and rectum, mitigating radiation-induced

side effects in patientst®Il,

1.1.2 Cone-Beam Computed Tomography

Cone Beam Computed Tomography (CBCT) shows extensive application across the
medical field, distinguished by its superior spatial resolution and reduced radiation dose. These
features make CBCT a suitable modality for detailed imaging of localized structures. Flat panel
detector is the most prevalent CBCT configuration. Due to the high resolution, CBCT
demonstrates considerable potential in the diagnosis of breast cancer™®, orthodontic
proceduresi*, and IGRTI, The adoption of CBCT systems with flat panel detectors has
revolutionized IGRT. However, a notable challenge associated with kilovolt (kV)-level CBCT is
the issue of scattered radiation, which escalates with an increase in field size. Scattered radiation
can lead to considerable imaging artifacts and Computed Tomography (CT) number nonlinearity,
significantly impairing image quality. This reduction in image contrast resolution ultimately

restricts the further expansion of CBCT's applications*l,



During the setup phase before each radiation treatment session, patients with cervical
cancer are required to take daily CBCT imaging. These CBCT images are then utilized alongside
the planning CT images for rigid registration and couch alignment based on bony structures.
Radiation therapists employ these images to assess whether the coverage of the target area and

the degree of organ filling align with the planned treatment plant4l,

1.1.3 Oragan Contouring

With the extensive adoption of advanced radiotherapy technologies like IMRT and IGRT,
the precision in delineating the target area and organs-at-risk (OAR) has gained increased
significance. This accuracy is directly linked to the effectiveness of the patient's radiotherapy
treatment*®. Manual contouring of the target area and OAR by clinicians in radiotherapy is a
highly effective approach, yet it is labor-intensive and time-consuming™®l. Despite the availability
of international delineation guidelines as a reference, variations in clinicians' experience and their
understanding of anatomy and target areas often lead to discrepancies in the target areas

delineated by different clinicians"*8l, These discrepancies can result in inadequate coverage of

the target area, a reduced rate of local control, and excessive radiation dose exposure OAR to
cause unnecessary harm. This, in turn, can adversely affect the patient's quality of lifel*l,
Incorrect or inaccurate delineation of OAR represents the highest risk factor for failure in photon
external-beam radiation therapy®”. The emergence of deep learning has positioned convolutional
neural networks (CNNs) at the forefront of various segmentation tasks, outperforming the
majority of alternative algorithms[?!l, As a result, CNN-based automatic segmentation systems
have become widely adopted in the radiotherapy clinics, covering areas such as the head and

neck@231 Jung4281 abdomen8l27] and pelvis2eI2I0I31E2]



1.1.4 Deep Learning

Deep learning is a subset of machine learning. It is designed to mimic the human brain's
neural activities. Its objective is to empower computers with the ability to perform tasks such as
recognition, classification, and prediction. This is achieved through the analysis of vast amounts
of data using intricate algorithms. The core of deep learning technology is the Deep Neural
Networks (DNNS), characterized by their multi-layered structure of neurons. This depth allows
DNNSs to autonomously learn high-level features from data, marking a crucial aspect of their
functionality.

The landscape of deep learning is diverse, hosting a variety of specialized networks each
tailored for specific tasks. Convolutional neural networks (CNNs) play a critical role in image
and video processing, enabling image classification, object detection, and face recognition.
Recurrent Neural Networks (RNNSs) are utilized for processing sequential data, including time
series analysis, natural language processing (NLP), and speech recognition. Generative
Adversarial Networks (GANS) are harnessed for creative outputs such as image generation, style
transfer, and reinforcement learning. Autoencoders focus on unsupervised learning tasks like
feature learning and dimensionality reduction, while Variational Autoencoders (VAES) is
important for generative models and intricate sequence-to-sequence tasks like machine
translation31341351,

In medical field, deep learning has a series of breakthroughs. CNNs are widely applied in
medical image analysis to assist in disease diagnosis, organ segmentation, and tumor
identification. The scope of deep learning extends to genomics and drug discovery, where it
analyzes genetic data to forward personalized medicine and hasten the discovery of new drugs.
Machine learning models are instrumental in disease prediction and epidemiology, projecting

disease trends and their proliferation.



These advancements signal a revolution in diagnostics, treatment, and healthcare
management. Deep learning enhances the efficiency and accuracy of medical care and research,
positioning itself at the cutting edge of technological progress in healthcare. It holds the promise
of driving even more significant innovations in the future, reshaping the landscape of healthcare

with its profound capabilities.

1.1.5 Convolutional Neural Network

Convolutional Neural Networks (CNNSs) stand as a cornerstone in the realm of deep
learning, especially adept at handling image data with a clear hierarchical structure. Mimicking
the human brain's approach to visual processing, CNNs are engineered to identify complex
patterns and features automatically and efficiently within imagest®!,

In the realm of medical image segmentation, CNNs play a crucial role, fulfilling various
key functions. They excel in identifying and delineating critical anatomical structures within
medical imagery, facilitating precise tumor contouring and demarcation of healthy tissues for
radiation therapy planning. Furthermore, CNNSs are instrumental in detecting abnormalities such
as tumors, inflammation, or other pathological alterations, thereby aiding in early diagnosis and
the formulation of treatment strategies. Beyond segmentation, CNN enhancements extend to
medical image quality improvement through denoising and super-resolution reconstruction
techniques, enhancing diagnostic precisiont"],

By automating the processes of contouring and recognition, CNNs markedly diminish the
time required for clinicians to interpret complex images. This automation not only boosts the
efficiency of hospital workflows but also significantly reduces the potential for human error,

heralding a new era in medical imaging and treatment planning.



1.1.5.1 Convolutional Layers

The convolutional layers in a CNN play a pivotal role in automatically learning and
extracting significant features, like edges and textures, from input data, including images. This is
achieved through convolution operations. These layers significantly reduce the model's parameter
count and bolster its spatial invariance by employing parameter sharing and the sliding
application of filters. This approach ensures the model retains robustness against local
transformations of the input, such as translation.

By stacking multiple convolutional layers, a CNN can learn features in a hierarchical
manner, progressing from simple to complex. This structure diminishes the necessity for
extensive pre-processing. Consequently, CNNs excel in various domains, including image
recognition, speech processing, and natural language processing, due to their capacity to

efficiently process and analyze complex data structurest!,

1.1.5.2 Pooling Layers

Following the convolutional stages, pooling layers often come into play. Pooling layers

in CNN are primarily tasked with reducing the dimensionality of feature maps. This reduction not
only decreases the computational load but also enhances the model's spatial invariance to minor
positional shifts within the input data. Additionally, pooling contributes to mitigating the risk of
overfitting and accentuates the importance of feature signals. Through operations such as max
pooling or average pooling, the pooling layer plays a crucial role in boosting the network's
computational efficiency and its ability to generalize. This component is integral to the CNN

architecture, significantly contributing to the improvement of model performancef®l.

1.1.5.3 Activation Layers
The activation layer in a CNN integrates a nonlinear activation function, such as ReLU,

Sigmoid, or Tanh, to transform the linear output generated by preceding convolutional and



pooling layers. This layer's primary role is to enhance the network's nonlinear capabilities,
thereby empowering the CNN to learn and depict more intricate patterns and relationships. In the
absence of an activation function, the network, irrespective of its depth, would be confined to
representing linear transformations alone. This limitation would severely restrict the network's
competence in tackling complex tasks. The introduction of nonlinear activation functions enables
CNNSs to effectively graduate from learning simple to more sophisticated data features,

significantly elevating the model's expressive power and overall performancel*.

1.1.5.4 Fully Connected Layers

The fully connected (FC) layer in a convolutional neural network (CNN) serves a crucial
role in synthesizing the features extracted by preceding convolutional and pooling layers to
undertake the final classification or regression task. Through successive convolution and pooling
operations, the spatial information of an image is transformed into a high-level feature
representation. The FC layer then flattens these features into a one-dimensional vector, utilizing
the intricate relationships among the features to make the final decision. Essentially, the fully
connected layer acts as the "decision maker," executing specific classifications or predictions
based on the distilled features. This layer is instrumental in the CNN architecture, facilitating

advanced reasoning and decision-making capabilities®],

1.1.5.5 Loss Functions

The loss function in a CNN serves as a crucial metric to measure the discrepancy
between the model's predictions and the actual labels throughout the training phase. It directs the
optimization algorithm towards adjusting the network parameters to minimize this discrepancy,
consequently enhancing the model's predictive accuracy. Common loss functions utilized include
cross-entropy loss*?, which is suited for classification tasks, and mean square error loss®*! for

regression problems. The selection of the loss function significantly influences the model's



performance and, therefore, necessitates careful consideration to match the specific requirements

of the task at hand and the characteristics of the data involved.

1.2 Study Purpose

During radiation treatment for cervical cancer, radiation therapists currently rely on
comparing the shapes and boundaries of organs in CBCT and planning CT images to determine
the accuracy of patient setup. However, due to the inherently lower quality of CBCT images and
limited judgment criteria, this approach has led to errors in patient positioning for cervical cancer
radiation treatments.

This research proposes the development of deep-learning model to automatically segment
OARs in CBCT images of cervical cancer patients. The goal is to provide a precise reference for
patient positioning in cervical cancer radiation treatment. By comparing the organs contours
generated by this model, radiation therapists can more intuitively assess the accuracy of patient
setup. This method aims to ensure that the target area receives adequate irradiation while
minimizing the dose to OARs, thereby reducing the risk of radiation-induced complications.
Ultimately, this research seeks to enhance the efficiency and accuracy of IGRT for cervical
cancer patients, leveraging the capabilities of deep learning to improve patient outcomes.

We will also evaluate the capabilities of several deep-learning models for contouring

OARs in CBCT images of cervical cancer patients.



2. Materials and Methods

2.1 Data Acquisition

This study utilized 40 sets of CBCT images that feature relatively complete scans of the
rectum and bladder using Varian TrueBeam v2.7’s Iterative Cone-Beam Computed Tomography,
obtained from Fujian Provincial Tumor Hospital. CBCT image size is 512x512.

Two experienced radiation oncologists delineated 10 sets of OARs including Body,
Bladder, Bone Marrow, Bowel Bag, Femoral Head L, Femoral Head R, Femoral Head and Neck
L, Femoral Head and Neck R, Rectum and Spinal Canal on the CBCT images as reference. 24
sets of reference were used to train the four CBCT model, and the remaining 16 unedited CBCT

sets were used to test the models and compare with their reference.

2.2 Image Preprocessing

Before the training process commenced, the raw imaging data underwent essential
preprocessing steps: intensity normalization and voxel spacing-based resampling. Intensity
normalization adjusted the image intensity distribution for each patient to a normal distribution
with a mean of 0 and a standard deviation of 1, represented as N (0, 1). This standardization is
vital for ensuring that the model's learning is not skewed by variations in image brightness and
contrast across the dataset.

Voxel spacing-based resampling was the second preprocessing measure implemented.
Here, the median voxel spacing from each axis (X, y, and z) across all images was determined and
set as the target spacing for all images. This step is crucial for achieving consistency in spatial
dimensions across the dataset, facilitating the convolutional neural network's ability to accurately

learn and generalize from the spatial features present in the images.



2.3 Convolutional Neural Network Architecture

This study introduced four types of two-dimensional CNN architectures, specifically the
classic U-Net, Flex U-Net®l, Attention Net (ATT)X®, and SegResNet!’]. Each model was
derived from the classic U-Net architecture. For this study, the input and output images were
CBCT images with dimensions of 512x512 pixels, and the output layer featured 10 channels to

represent the study's 10 OARs.

2.3.1 U-Net
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Figure 1: U-Net Architecture.
The classic U-Net model featured a symmetric U-shaped structure. This design included
both a contracting path (encoder) on the left side and an expansive path (decoder) on the right

side, bridged by skip connections. The convolutional layers throughout these models employed
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3x3 kernels with a stride of 1, complemented by Same Padding to maintain dimensional
consistency. In the contracting path, max pooling operation was used to reduce spatial dimensions
within the feature map as known as downsampling, while the expansive path utilized upsampling
to augment spatial dimensions. Following upsampling, skip connections facilitated the fusion of
feature maps from both paths through concatenation, enhancing the preservation of spatial
information across the sampling processes. In total of four times downsampling and upsampling
in the model. The network ended with the application of a 3x3 convolution kernel and a sigmoid

activation function to generate the output image.

2.3.2 Flex U-Net

Segmentation
Nemwork

Register

Nemwork

Stop gradient

With gradient

smooth

Figure 2: Flex U-Net Architecture.
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The objective of Flex U-Net was to utilize a registration model to correct noise caused by
manual annotations, thereby enhancing the performance of the automatic segmentation model.
Initially, it employed a segmentation network to generate a probability map from the image. This
probability map, along with the original image, was then input into a registration network to
obtain a deformation field. This deformation field was applied to the probability map to produce a
corrected image, which was finally used to calculate the segmentation loss relative to the true
labels. This structure allowed the model to improve segmentation accuracy by correcting noise
introduced through manual annotations via the registration network while retaining the
advantages of the U-Net architecture. Both the segmentation and registration networks leveraged
the structure of the classic U-Net.

In the Flex U-Net architecture (Fig.2), Lsmooth and Lseg represented different loss functions
used to optimize the network's parameters during the training process. The deformation field in
the structure was regularized by Lsmooth to ensure smoothness and avoid overcomplexity. The Lseg
function combined cross-entropy loss and Dice loss to measure the similarity between the output
of the segmentation network and the true labels. Cross-entropy loss focused on pixel-level
classification accuracy, while Dice loss concentrated on the overlap between predicted and actual
segmentations. By integrating these two, Lseg helped in optimizing the model's segmentation
performance on various levels, resulting in highly accurate and consistent segmentation

outcomes.
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2.3.3 Attention U-Net (ATT)
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Figure 3: Attention U-Net (ATT) Architecture.

The ATT model (Fig.3) significantly enhanced the capability of medical image analysis
by integrating an attention mechanism into the classic U-Net architecture. It focuses on features
critical to the task through attention gates, which is particularly important in medical imaging
where the areas of interest, such as specific organs or lesions, often occupy only a small portion
of the image. Furthermore, it learns to suppress irrelevant regions, thereby reducing the
interference from background noise and unrelated structures and enhancing the quality of

segmentation.
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Figure 4: Attention Gate.

In the ATT model, the attention mechanism generated weights through a series of
operations to determine which parts of the input image the network should focus on (Fig.4).
Initially, a gating signal was obtained from the deeper layers of the network, carrying global
contextual information for allocating attention. Subsequently, the input feature map x' underwent
a 1x1 convolution with stride of two to halve its dimensions. Gating signal g underwent a 1x1
convolution with stride of 1. Then x' and g would have same dimensions to be added together.
The transformed results were then element-wise added and processed through the ReLU
activation function to introduce non-linearity. The feature map after ReLU was further
transformed through a 1x1x1 convolution and a Sigmoid function to generate attention
coefficients a with values ranging from 0 to 1, indicating the weight of each position. These
coefficients might need to be resampled through bilinear upsampling to match the resolution of
the original input feature map. Ultimately, the attention coefficients were element-wise multiplied
by the input feature map to emphasize features in important areas and suppress those in less
relevant regions. Throughout this process, the learning of attention weights occurred alongside
model training and optimization of the loss function, continuously adjusting to enhance the

model's prediction accuracy.
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2.3.4 SegResNet

S12x512

256x256

128x128 e

)

-> <« |

¥ Conv 3x3 stride 2

,  Conv Ix1 2D bilinear upsizing

Figure 5: SegResNet Architecture.

SegResNet (Fig.5) combined the principles of Residual Networks (ResNet) 8 with the
U-Net architecture, primarily for image segmentation tasks. Each purple block represented a
ResNet-like block with BatchNorm normalization. By incorporating residual connections,
SegResNet aimed to address the vanishing gradient issue ‘50152 that was encountered during the
training of deep networks. It leveraged the encoder-decoder structure of U-Net for effective
feature learning and image segmentation. The classic U-Net, with its unique symmetrical
structure, effectively merged high-level semantic information with low-level positional details,

which proved invaluable for image segmentation tasks. While the U-Net architecture already

15



facilitated efficient feature learning and image segmentation, SegResNet introduced the concept
of residual connections to U-Net. This addition was not simply about increasing the number of
convolution operations; it involved enhancing the flow of information and gradients through the
residual modules. This approach allowed SegResNet to construct deeper network architectures
without suffering from the vanishing gradient problem, enabling the learning of more complex
and abstract feature representations. This enhancement in turn improved segmentation accuracy

and the network's ability to generalize.

2.4 Loss Functions
Losscg = —[y -log(y") + (1 —y) - log(1 — y")]
Equation 1: Cross-Entropy Loss.

2-ly'ny|

Loss =1-—-—
pIcE ly'l + 1yl

Equation 2: DICE Loss.

In this study we combined Lossce (Equation 1) with Losspice (Equation 2).

2-]y'ny|

. = — . ! — . 1- ! -
LosScompinea = ~1y *10g(y) + (1 =) log(1 =y + @ (1= D)

Equation 3: Combined Loss.
In the study, y’ denoted the predicted segmentation while y signified the reference
contour. The variable o, served as a weighting factor to balance these two components. For the

purpose of this study, o was set to 1.

2.5 Model Training

During the model training phase, each convolutional layer was followed by batch

normalization and the application of the ReL U activation function, with the exception of the last
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layer. Data augmentation techniques employed included Spatial Transformation, Gaussian Noise
Addition, Gaussian Blurring, and Nonlinear Intensity Shifting. The Adaptive Moment Estimation
(Adam) optimizer was chosen for optimization, with a learning rate set at 0.0003. A poly-decay
schedule was implemented for the learning rate schedule. The model underwent training for 100
epochs, with 200 iterations per epoch. A batch size of 16 was used for the training process. The
entire model training process was carried out using the commercial software AcculLearning from

Manteia.

2.6 Quantitative Evaluation Metrics
2.6.1 DICE Similarity Coefficient (DICE)

2|V, N Vg

DICE = ————
|VA| "‘|VH|

Equation 4: DICE.

The DICE coefficient (Equation 4) served as the metric to quantify the volumetric
overlap between the machine-generated segmentation results and the reference contour. In this
context, Va denoted the segmentation produced by the deep learning models, while Vg
represented the reference contour. A higher DICE score indicates a closer match between the
segmentation and the reference, reflecting the precision of the deep learning models in replicating

the ground truth in their segmentation tasks.

2.6.2 Relative Absolute Volume Difference (RAVD)
V
RAVD = ahs(l—"l —~ 1) . 100
|Vl

Equation 5: RAVD.
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The RAVD metric (Equation 5) was utilized to calculate the relative discrepancy between
the non-overlapping areas of the region segmented by the deep learning models and the reference
contour. This measure offered a coefficient that quantified the volumetric disparity between the

two compared regionst2,

2.6.3 Average Symmetric Surface Distance (ASSD)

1 , .
ASSD = m (z I'I:I!Ef{s,.;, Sg) + z d!EE’{Sg, SAII)

Equation 6: ASSD.

The ASSD metric (Equation 6) was employed to compute the mean distance from each
point on the boundary of the machine-segmented region to the nearest point on the boundary of
the ground truth, and vice versa.

Sa represented the surface area segmented by the deep learning models, and Sg
symbolized the surface area segmented according to the reference contour. dist(Sa,Sg) indicated

the Euclidean distance of the set of points on Sa to the nearest point on Sgf3l,
2.6.4 Maximum Symmetric Surface Distance (MSSD)

MSSD = max{max dist(S,, Sg), max dist(Sg, S4)}

Equation 7: MSSD.
The MSSD metric, which was equivalent to HD100, differed from ASSD in that it did
not average the distances but rather selected the longest among all the computed point-to-point
distances between the boundaries of the region contoured by the deep learning model and the

reference contour.
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2.6.5 95 Percentile Hausdorff Distance (HD95)

HD (A, B) = max(max,ecg (minpepd (a, b)) , maxycg (Mingead (b, a))

Equation 8: HD.
As shown in Equation 8, The Hausdorff Distance (HD) was utilized to measure the
longest distance one must traverse from any point in one set to the nearest point in the other set. A
represented the reference contour and B corresponded to the model prediction results. d(a,b)
signified the distance between point a and b. Specifically, the HD is calculated between the
boundaries of the estimated segmentation and the reference segmentation in image segmentation.
To mitigate the effect of outliers, the HD95 metric was employed, which was derived from the

95th percentile of the distances between corresponding boundary points in the two sets,

2.7 Statistical Analysis

Welch's ANOVA (Analysis of Variance) was a statistical method used to determine
whether significant differences existed in the means of two or more independent sample groups.
It served as an improvement over the traditional ANOVA method, particularly suited for
scenarios where there was heterogeneity of variances and/or the sample sizes differed across
groupst=oIsel,

The Games-Howell statistical method was a non-parametric pairwise approach for
multiple comparisons, specifically designed for scenarios where the dataset did not meet the
assumption of homogeneity of variances. The Games-Howell method was adaptable to varying
sample sizes and variances between groups. After a Welch's ANOVA test had identified a
statistically significant difference in the mean of at least one group compared to others, the
Games-Howell test was employed for subsequent multiple comparisons to pinpoint which

specific groups differed significantly. In the Games-Howell test, the p-value was used to

19



determine the significance of the mean differences between groups. If the p-value was less than a
predetermined significance level (0.05), the null hypothesis could be rejected, indicating that
there was at least one significant mean difference between the groups. The smaller the p-value,

the stronger the evidence to believe in a real difference between the groups7sel,
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3. Results

Box Plot of DICE Coefficients for OARs Across Models with Individual Data Points
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ac

DICE variance
ROI
Body
Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R
Femoral Head_Neck L
Femoral Head_Neck R
Rectum
Spinal Canal

DICE mean
ROI
Body
Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R
Femoral Head_Neck L
Femoral Head_Neck R
Rectum
Spinal Canal

Table 1: Mean Value and Variance of DICE.

Flex UNet

0.000
0.007
0.000
0.019
0.000
0.000
0.000
0.000
0.002
0.014

Flex UNet

0.997
0.861
0.954
0.782
0.964
0.969
0.954
0.964
0.855
0.822

ATT

0.000
0.005
0.000
0.020
0.000
0.000
0.000
0.000
0.002
0.007

ATT

0.997
0.862
0.954
0.780
0.968
0.971
0.958
0.962
0.844
0.839

Unet

0.000
0.003
0.000
0.018
0.000
0.000
0.000
0.000
0.003
0.013

Unet

0.997
0.869
0.953
0.786
0.966
0.970
0.957
0.968
0.832
0.822

SegResNet

0.000
0.005
0.000
0.019
0.000
0.000
0.000
0.000
0.001
0.009

SegResNet

0.997
0.864
0.955
0.791
0.966
0.969
0.960
0.968
0.853
0.817

Pvalue

0.823
0.986
0.860
0.996
0.527
0.783
0.592
0.149
0.466
0.907



14

DICE Coefficients for Different Organs Across Four Models
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In this study, box plots were created for the metrics of DICE, RAVD, ASSD, MSSD, and
HD95. Initially, the Welch’s ANOVA statistical method was employed to test for differences
among the four model groups. If the p-value was found to be less than 0.05, indicating
statistically significant differences, the Games-Howell test was then applied to identify
specifically which pair of model groups exhibited these differences.

Additionally, the means and variances of the DICE, RAVD, ASSD, and MSSD metrics
for the four model groups were calculated and used to assess the differences in segmentation
accuracy among the models. This comprehensive analysis provided insights into the performance
and reliability of each model in delineating the targeted regions within the datasets.

In this study, the primary focus was on the auto-segmentation results of the bladder and
rectum due to their critical importance in the treatment of cervical cancer using radiation therapy.

The mean DICE coefficients and standard deviations for the bladder were reported as
follows: Flex U-Net at 0.861+0.084, ATT at 0.862+0.073, U-Net at 0.869+0.057, and SegResNet
at 0.864+0.069.

The mean DICE coefficients and standard deviations for the rectum were as follows: Flex
U-Net at 0.855+0.039, ATT at 0.844+0.041, U-Net at 0.832+£0.052, and SegResNet at

0.853+0.032.
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Box Plot of RAVD Coefficients for OARs Across Models with Individual Data Points
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RAVD variance
ROI
Body
Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R
Femoral Head_Neck L
Femoral Head_Neck R
Rectum
Spinal Canal

RAVD mean

ROI
Body

Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R

Femoral Head_Neck L

Femoral Head_Neck R
Rectum
Spinal Canal

Table 2: Mean Value and Variance of RAVD.

Flex UNet

0.008
658.290
1.655
434.316
2.798
1.932
10.589
6.482
43.217
1010.572

Flex UNet

0.108

15.343
1.841
23.987
3.263
2.308

4.819

4.062
10.564
21.825

ATT

0.008
370.219
2.601
438.857
1.820
1.668
3.977
8.335
52.280
400.569

ATT

0.128

15.807
2.464
26.613
2.530
2.025

4.244

4.713
8.673
20.614

Unet

0.005
175.246
1.773
447.859
3.005
1.777
6.623
3.150
195.388
1308.596

Unet

0.100

13.525
1.665
22.244
2.503
1.780

4.240

2.827
15.835
25.020

SegResNet

0.010
347.409
1.619
470.641
3.461
2.282
5.073
3.144
66.253
303.496

SegResNet

0.153

15.423
1.373
22.398
2.860
2.884

2.787

2.344
10.101
19.265

P value

0.340
0.974
0.208
0.928
0.508
0.167
0.129
0.023
0.345
0.947
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Figure 9: Mean RAVD Coefficients for Different Organs Across Four Models.



The mean RAVD coefficients and standard deviations for the bladder were reported as
follows: Flex U-Net at 15.343+25.657, ATT at 15.807+19.241, U-Net at 13.525+13.238, and
SegResNet at 15.423+18.639.

The mean RAVD coefficients and standard deviations for the rectum were as follows:
Flex U-Net at 10.564+6.574, ATT at 8.673+7.230, U-Net at 15.835+13.978, and SegResNet at
10.101+8.140.

According to Welch's ANOVA, the p-value for the RAVD metric of the Femoral Head
and Neck R from the four models was 0.023. This result indicated a significant difference among

the four models.
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Box Plot of ASSD Coefficients for OARs Across Models with Individual Data Points
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0€

ASSD variance
ROI
Body
Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R
Femoral Head_Neck L
Femoral Head _Neck R
Rectum
Spinal Canal

ASSD mean

ROI
Body
Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R
Femoral Head_Neck L
Femoral Head_Neck R
Rectum
Spinal Canal

Table 3: Mean Value and Variance of ASSD.

Flex UNet

0.001
3.691
0.008
37.808
0.009
0.003
14.534
0.016
2.183
3.429

Flex UNet

0.132
2.493
0.202
6.338
0.261
0.191
1.409
0.305
2.446
1.271

ATT

0.001
1.696
0.011
38.683
0.008
0.004
0.023
0.016
2.461
2.638

ATT

0.135
2.448
0.215
6.364
0.222
0.175
0.386
0.333
2.783
1.082

Unet

0.001
1.399
0.001
31.406
0.009
0.004
0.020
0.006
5.505
2.620

Unet

0.138
2.515
0.194
5.775
0.241
0.184
0.393
0.250
3.002
1.157

SegResNet

0.001
2.012
0.027
33.988
0.010
0.004
0.022
0.004
2.015
3.311

SegResNet

0.135
2.615
0.216
5.844
0.239
0.195
0.350
0.240
2.594
1.304

Pvalue

0.934
0.988
0.827
0.987
0.701
0.798
0.573
0.040
0.843
0.981
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Figure 11: Box Plot of ASSD Coefficients for OARs Across Models with Individual Data Points.



The mean ASSD coefficients and standard deviations for the bladder were reported as
follows: Flex U-Net at 2.493+£1.921, ATT at 2.448+1.302, U-Net at 2.515+1.183, and SegResNet
at 2.615+1.419.

The mean ASSD coefficients and standard deviations for the rectum were as follows:
Flex U-Net at 2.446+1.477, ATT at 2.783+£1.569, U-Net at 3.002+2.346, and SegResNet at
2.594+1.420.

According to Welch's ANOVA, the p-value for the ASSD metric of the Femoral Head
and Neck R from the four models was 0.040. This result indicated a significant difference among

the four models.
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Box Plot of MSSD CoefTicients for OARs Across Models with Individual Data Points
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ve

MSSD variance
ROI
Body
Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R
Femoral Head_Neck L
Femoral Head_Neck R
Rectum
Spinal Canal

MSSD mean

ROI
Body
Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R
Femoral Head_Neck L
Femoral Head_Neck R
Rectum
Spinal Canal

Table 4: Mean Value and Variance of MSSD.

Flex UNet

6.101
80.944
746.942
293.682
0.729
0.081
2237.043
1.245
117.869
218.573

Flex UNet

6.265
16.971
16.666
32.536

2.747

2.246
18.638

4.099
20.762

9.103

ATT

5.273
64.354
615.494
309.027
0.833
0.193
2.807
2.442
139.406
197.587

ATT

6.196
17.917
16.465
33.928

2.616

2.279

5.252

4.755
20.954

8.668

Unet

6.768
71.558
33.728
241.582
1.127
0.261
2.485
0.925
175.208
195.098

Unet

6.250
19.117
11.460
31.738

2.707

2.390

5.347

3.807
21.623

8.859

SegResNet

6.324
79.578
536.195
310.045
0.976
0.154
2.487
0.704
140.611
206.276

SegResNet

6.650
19.113
13.883
31.121

2.718

2.294

5.302

3.896
21.364

9.138

P value

0.950
0.876
0.743
0.971
0.978
0.799
0.724
0.203
0.997
1.000
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Figure 13: Mean MSSD Coefficients for Different Organs Across Four Models.



The mean MSSD coefficients and standard deviations for the bladder were reported as
follows: Flex U-Net at 16.971+8.997, ATT at 17.917+8.022, U-Net at 19.117+8.459, and
SegResNet at 19.113+8.921.

The mean MSSD coefficients and standard deviations for the rectum were as follows:

Flex U-Net at 20.762+10.857, ATT at 20.954+11.807, U-Net at 21.623+13.237, and SegResNet

at 21.364+11.858.
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Box Plot of HD95 Coefficients for OARs Across Models with Individual Data Points

i

e a e e B P G D e o e

T I

RN —

1

L

1

L

L

1

180

150

120 |~

3

i

1eue) euds aNsadag

Teue) euids @M

Teuen pewds Ly

Teue)) euids xapg

wnpay 1aNsaYTag

WAy 1PN

wnRaY LLY

wnpaay %o

W AN PRI [RIowa ] 1aNEayTag
A PN PRI [RIOWD.] 19N
HAPRN PREAH [Bowa] LY
o HOIN PEAH [FAOWA X9
B EEINE L TR IR REINEE N RN
199N PESH [BIOW2] N
14PN PESH [BIOW2 ] LLY
T I PEH [RIOWS ] X3]
A PEAH [RIOWD ] 1ONSIYES
A PEIH [RIOW] N

A PRI [elowag LIV

W PEIH [edotia ] Xaff

| pEag] [riowa.| 1nsayTes

T PRI [RI0WA] 13N

1 PERH [EIOWR 1LY

7 PEAH [eIowa ] x2] 4

Beg (o PNSOYTIS

Tegg (anog 19N

feg wog 1LY

Sngp [amog] X314

MOLEJY U0 JANSIYTAS
MOLELY AUOE 1N

MO JUog] LY

MOLE JU0H X9[]

sapprlg 1aNEIYTag

AAPPELEL AN

13ppeiE] LLY

appeg x4

Apog LN ES

Apog 1NN

Apog LLY

Apog] ¥o4

37

dual Data Points.

ivi

th Ind

ts for OARs Across Models w

Icien

Box Plot of HD95 Coeffi

Figure 14



8¢

HD95 variance
ROI
Body
Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R
Femoral Head_Neck L
Femoral Head_Neck R
Rectum
Spinal Canal

HD95 mean

ROI
Body
Bladder
Bone Marrow
Bowel Bag
Femoral Head L
Femoral Head R
Femoral Head_Neck L
Femoral Head_Neck R
Rectum
Spinal Canal

Table 5: Mean Value and Variance of HD95.

Flex UNet

0.000
44.006
0.000
299.894
0.584
0.023
1900.129
0.613
92.898
209.578

Flex UNet

0.908
10.011
0.908
20.673
1.601
0.979
13.370
1.723
12.947
7.233

ATT

0.000
32.260
0.017
321.087
0.637
0.062
0.921
0.344
90.819
188.340

ATT

0.908
10.304
0.955
20.910
1.453
1.012
2.240
1.679
14.114
6.818

Unet

0.000
37.401
0.000
233.959
0.599
0.062
0.670
0.273
130.529
186.721

Unet

0.908
10.869
0.908
19.107
1.500
1.012
2.075
1.450
14.546
6.858

SegResNet

0.000
34.787
0.000
289.759
0.659
0.120
0.891
0.212
88.176
195.418

SegResNet

0.908
10.869
0.908
19.634
1.373
1.079
1.849
1.295
13.461
7.246

P value

1.000
0.972
0.218
0.988
0.867
0.741
0.485
0.125
0.972
1.000
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Figure 15: Mean HD95 Coefficients for Different Organs Across Four Models.



The mean HD95 coefficients and standard deviations for the bladder were reported as
follows: Flex U-Net at 10.011+6.634, ATT at 10.304+5.680, U-Net at 10.869+6.116, and
SegResNet at 10.869+5.898.

The mean HD95 coefficients and standard deviations for the rectum were as follows:

Flex U-Net at 12.947+9.638, ATT at 14.114+9.530, U-Net at 14.546+11.425, and SegResNet at

13.461+9.390.
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4. Discussion

ASSD Model Comparison
Model 1 Model 2 P Value

'Flex' '‘ATT' 0.326
'Flex' '‘UNet' 1.000
'Flex' 'SegResNet' 0.996
'‘ATT' 'UNet' 0.045

'‘ATT' 'SegResNet' 0.166
'UNet' 'SegResNet' 0.978

Figure 16: The Games-Howell Test for ASSD coefficient of Femoral Head and Neck
R.

In comparing the four models' segmentation capabilities for the femoral head and neck r
using the ASSD metric, the Welch's ANOVA yielded a p-value of 0.040, which was less than
0.05. This indicated a significant difference in the segmentation abilities among the four models.
Consequently, the Games-Howell test was conducted to investigate which pair of models
exhibited differences. The results showed that there was a statistically significant difference
between the ATT and U-Net models. The ASSD metric measured the distance from each point on
the surface region of deep learning model contour to its nearest point on the surface region of
reference contour and vice versa, thus a result closer to 0 indicated a more ideal segmentation
outcome. Therefore, it implied that U-Net model performed better than ATT model regarding the
segmentation of the femoral head and neck r.

The U-Net model's image segmentation capability was stronger than that of the ATT
model according to the ASSD metric, yet their performances appeared similar when evaluated

using the DICE metric. This indicated that in image segmentation tasks, no single metric could
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comprehensively assess model performance comprehensively. The U-Net model might have
performed better in segmenting the boundaries of the femoral head and neck, whereas the ATT
model might have focused more on the overlap between the segmented and reference. The ATT
model could have optimized the overall overlapping areas due to its ability to better concentrate
on important features. Conversely, the U-Net model might have preserved edge information more
effectively by leveraging its classic skip connections, thus excelling in accurately segmenting
boundaries. This difference reflected the distinct advantages and application strategies of different
deep learning architectures in handling image segmentation tasks.

Different models might have exhibited varying sensitivities to specific features within the
dataset. For instance, if the dataset contained many complex, small, or irregular structures,
differences in ASSD could have been more significant, whereas for objects with clear edges, the
DICE metric might have better reflected segmentation differences. This highlighted the
importance of employing multiple metrics to evaluate the performance of models, as each metric

emphasized different aspects of segmentation.

RAVD Model Comparison
Model 1 Model 2 P Value

'Flex' '‘ATT 0.863
'Flex' 'UNet' 0.999
'Flex' 'SegResNet' 0.948
'‘ATT' 'UNet' 0.502

'‘ATT' 'SegResNet'  0.983
'UNet' 'SegResNet'  0.690
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Figure 17: The Games-Howell Test for RAVD coefficient of Femoral Head and Neck
R.

Similarly, in comparing the four models' segmentation of the femoral head and neck r
using the RAVD metric, the Welch's ANOVA resulted in a p-value of 0.023, which was less than
0.05. This indicated that there was a significant difference in the delineation abilities among the
four models. Consequently, the Games-Howell test was conducted to determine which pairs of
models exhibited differences. However, the results revealed that there were no significant
differences between any two models. A limited number of samples might not provide a
comprehensive representation of the variability and complexity inherent in medical imaging data,

potentially affecting the statistical analysis of the comparison results.

Figure 18: The Comparison of Bowel Bag Segmentation between The Four Models
(Red, Green, Purple, and Yellow) and The Reference Contour (White).
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According to the DICE metric, all four models demonstrated suboptimal performance in
delineating the bowel bag, which represented the entire volume of peritoneal space allowing
movement of the small bowel and colon. The potential reasons for this could include significant
variability between image sets, uncertainty in delineation by clinicians, and inferior quality of
CBCT images. A consultation with a senior radiation oncologist revealed that, the segmentation
of the bowel bag by all four models were superior to the reference contour in his opinion.

The augmentation of the dataset size could significantly improve the robustness of deep
learning models for organ segmentation®™, Moreover, the implementation of more
comprehensive data preprocessing techniques is expected to alleviate the considerable variability

in CBCT image quality across patients.
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5. Conclusion

In this study, four groups of deep learning models (Flex U-Net, ATT, U-Net, and
SegResNet) achieved satisfied results in the segmentation of OARs within cervical cancer CBCT
images. Notably, in the segmentation of the bladder and rectum, the DICE coefficients all
exceeded 80%, which could be considered to offer practical reference for clinical treatment and
contribute to improving the precision of radiation therapy.

Additionally, the study concluded that the classic U-Net neural network architecture with

minor adjustments can obtain competitive segmentation performance on CBCT images.
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