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Abstract

Purpoese: Automated segmentation could improve the efficiency of modeling-based
pelvic organ prolapse (POP) evaluations. However, segmentation performance is lim-
ited by the blurry soft tissue boundaries. In this study, we aimed to present a hybrid
solutionsfor uterus, rectum, bladder, and levator ani muscle segmentation by combining
a conyolutional neural network (CNN) and a level set method.

Methods: We used 24 sagittal pelvic floor magnetic resonance (MR) series from six
anterior vaginal prolapse and six posterior vaginal prolapse subjects (a total 528 MR
images). The stress MR images were performed both at rest and at maximal Valsalva.
We assigned 264 images for training, 132 images for validation, and 132 images for
testing. A LCNN was designed by introducing a Multi-Resolution Features Pyramid
module (MRFP) into an encoder-decoder model. Depth separable convolution and
pre-training were used to improve model convergence. Multi-class cross entropy loss
and multi-class Dice loss were used for model training. The Dice Similarity Coefficient
(DSC) and average surface distance (ASD) were used for evaluating the segmentation
results. To prove the effectiveness of our model, we compared it with advanced segmen-
tation methods including Deeplabv34, U-Net, and FCN-8s. The ablation study was
designed to quantify the contributions of MRFP, the encoder network, and pre-training.
Besides, we investigated the working mechanism of MRFP in the segmentation network
by comparing our model with three of its variants. Finally, the level set method was
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used to improve the CNN model further.

Results: Dice loss showed better segmentation performance than multi-class cross
entropy loss. MRFP was efficacious for different encoder networks. With MRFP, U-
Net and U-Net-X (X represents Xception encoder network) have improved the DSC,
on average hy 6.8 and 5.3 points. Compared with different CNN models, our model
achieved the highest average DSC of 65.6 points and the lowest average ASD of 2.9
mm. With the level set method, the DSC of our model improved to 69.4 points.
Conclusions: MRFP proved to be effective in addressing the blurry soft tissue bound-
ary problem_on pelvic floor MR images. A hybrid solution based on CNN and level
set method was presented for pelvic organ segmentation both at rest and at maximal
Valsalva; with this method, we achieved state-of-the-art results.
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. Introduction

Pelvic organ prolapse (POP) is an abnormal caudal displacement and deformation of one
or more feralepelvic floor organs. POP can cause considerable discomfort to women both
physically afid mentally. In the United States, about 200,000 women undergo POP surgery
every year, atsartotal cost of more than $1 billion!2. The most common imaging techniques
to evaluate, POP include magnetic resonance (MR) and ultrasound imaging. Due to the
good contrast of soft tissues, MR imaging has always been the golden standard for organ
segmentation. Organ segmentation is crucial for three-dimensional (3D) geometric model re-
constructiont fifiite element simulation of POP, and surgical planning®*. Currently, manual
organ segmentation is still the most widely used technique. However, the manual segmen-
tation is not only time-consuming but also susceptible to large inconsistencies depending on
the experience and skill of the evaluators and the quality of MR scans. To speed up the

segmentation process, computer-aided diagnostic techniques may hold promise.

Several difficulties constrain the pelvic organ segmentation performance. First, MR
images do not provide high enough contrast at the boundary of each organ, which makes
segmentatiomparticularly challenging for humans. Second, the occurrence rate is unbalanced
between ergans, which limits model convergence. For example, organs like the bladder are
present in more MR images, whereas some organs, including rectum and uterus, may not
be seen at all in many MR images, when viewed laterally. Adding to that challenge, some
patients haye™uimdergone hysterectomy and lack a uterus. Third, large variations exist in
these data. “Eerfinstance, the shape and size of pelvic organs vary widely between resting
and stressed (Valsalva) states (Fig. 1). Besides, the levator ani muscle exhibits a large

inter-subject variance on MR images due to its structural complexity.

Computersaided segmentation techniques include both deep learning and non-deep
learning metheds. The non-deep learning methods, including the deformable model and
level set methods, have played an important role in the segmentation of the cardiac ventri-

56,78  One limitation is that those methods often fail to

cle and othemhuman body regions
converge for images with blurry boundaries. Besides, their segmentation speeds do not fulfill
the current needs for rapid segmentation as they require much human interaction. Moreover,
the poor generalization is a typical problem that both automatic and semi-automatic meth-

ods face. Generalization problems are usually related to generalization in new regions or on
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new data. The first generalization problem means that one organ segmentation algorithm is
usually not suitable for another organ. This hampers POP analysis since we usually want
to obtain a segmentation of the uterus, bladder, levator ani muscle, rectum, vaginal walls,
and otherwtissues simultaneously. The second generalization problem is even more crucial
for the clini¢al application of automatic segmentation tools. Since there are large variations
in the structural profiles, it is challenging to find a solution that can adapt to inter-subject

variability in MR images.

Recently, the convolutional neural network (CNN) has become the mainstream method
for approaching many computer vision and medical imaging analysis problems. These in-
clude cell, lésion, tumor, retinal vessel, cardiac structure, and brain segmentation®!0-11:12:13,
Compared with-nen-deep learning methods, CNN usually does not rely on much prior knowl-
edge of the data!®'’, and it is trained with MR data from different subjects. Thus it has good
generalization performance. The basic idea of the CNN method is that it uses several convo-
lution layerstoextract features so it can provide pixel-wise segmentation. Some researchers
have proved that the sequentially stacked convolution layers are difficult to converge, so

the residual connection and shortcut connection were proposed in ResNet!® and U-Net!®

respectively, tossmooth the model training process and preserve more detailed information.

Several "@NN models were designed for different segmentation problems. U-Net!©
adopted the_encoder-decoder network to accomplish neuronal structures segmentation and
cell tracking tasks. V-net!”

tion task. DeepMedic!! employed a dual-path 3D CNN based on dense patch ideas to deal

used a 3D convolution to accomplish the volumetric segmenta-

with the high computational burden when training 3D CNN for brain lesion segmentation.
UNet++'® ‘eonnected the encoder and decoder networks by a series of dense skip connec-
tions to avodid.eliminating the gap between encoder and decoder networks and obtained

better performanée than U-Net and wide U-Net on four segmentation datasets.

However, these designs could not capture different scales of semantic information. Seg-
mentation”is a task that needs details at different scales. Coarse segmentation could be
achieved from lower resolution feature maps, while the fine-grained boundary information
must be detected from higher resolution feature maps. Therefore, different sizes of features
may preserve different scales of context information!'®. Inspired by the image pyramid, an

ensemble method of using different scales of features has been proposed to combine informa-
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tion from different scales of features to preserve different levels of image details. Initially, it
was used for image classification and object detection. For example, spatial pyramid pool-
ing?® was proposed to deal with the variance in scale, size, and aspect ratio for the image
classificatienspreblem. However, it was modified to detect objects with various scales, sizes,
and aspect fatios. Single Shot MultiBox Detector?! kept six different size feature maps for
object detection and achieved a better detection performance. Feature Pyramid Networks?2
generated predictions at different feature levels for a single scale input image in order to take
advantage of.different levels of semantic information. Pyramid Scene Parsing Network? has
been proposed for the pyramid pooling module to take advantage of prior global semantics
and to captitré different scales of contextual information by a parallel feature map stacking
method. Deeplabv3+2* used the atrous spatial pyramid pooling to replace the downsampling

method to avoid the risk of potential information loss.

In thisgtudy, we present a CNN-based solution for segmenting four female pelvic organ
structures from"MR images both at rest and at maximal Valsalva. In the deep CNN model,
a Multi-ReSolution Feature Pyramid (MRFP)?* module was inserted into the U-Net skip
connections to capture the semantic information from different scales to improve segmenta-
tion performamee in blurry regions. Depth separable convolution was used to improve the
encoder meétwork convergence. Transfer learning was applied to deal with inadequate training
data. In post-processing, a level set method was used to further improve the CNN perfor-
mance. The,novelty of our work could be summarized in three areas. First, it represents
a novel application for pelvic organ segmentation both at rest and at maximal Valsalva in
women with*amd without POP, based on a deep learning method with MR images. Second,
it is a novel design to combine MRFP with U-Net for blurry region segmentation of medical
images. We proyed its effectiveness in blurry pelvic organ segmentation of high-variance
MR images_in POP. Third, we applied a post-processing method to deal with the failure
cases and further improve segmentation performance. As a result, compared with existing

segmentationméthods, our method achieves the best performance.
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. Materials and Methods

lILA. Data™population and processing

We used 24 sagittal pelvic floor MR series of 12 subjects from the Michigan Pelvic Floor
Research Collegtion that had been obtained with the approval of the institutional ethics
review committee in case-control studies of POP. The subjects included six anterior vaginal
prolapse and six\posterior vaginal prolapse cases. Three women with and three women
without a uterus were included per group. Supine, multi-planar MR imaging was performed
in both resting and stressed states (maximal Valsalva when the patient attempts to increase
the intra-abdominal pressure in order to push the pelvic organs out through the vaginal
canal). All of the studies were scanned with a 3T superconducting magnet (Philips Medical
Systems ImegpBothell, WA, USA) with accompanying software (v. 2.5.1.0). In the sagittal
plane, at rest, offeach subject 30 slices were taken in a field of view of 200 x 200 mm, with
a thickness™of"4"mm per slice and a spacing between slices of 1 mm; at maximal Valsalva,
due to the time limitation for the subjects to hold the stressed status, of each subject 14
slices were taken of scanning range 360 x 360 mm with a thickness of 6 mm per slice and a
spacing of 1’ mm?*. The annotation of uterus, rectum, bladder, and levator ani muscle was
accomplished based on previous anatomic work? using 3D Slicer software (v.3.4.2009-10-
15). The annotation was accomplished by one expert and reviewed by another senior expert.
Some pre-processing steps were applied to reduce the variance between these data. All of the
slices were interpolated to the same interval in height and width dimensions. These images
were then resampled into 256 x 256 pixel sizes for CNN model training. As there were a
total of 24 sagittal pelvic floor MR series from 12 subjects and a total of 528 MR images,
the different datasets were assigned as 12 3D MR series (264 images) from six subjects for
training, six 3D MR series (132 images) from three subjects for validation, and six 3D MR
series (132 images) from three subjects for testing. The organ occurrence rate in the training
data is shown in Table 1. The uterus had the lowest occurrence rate, and the bladder had

the highest occurrence rate.
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[I.B. Convolutional neural network structure

The main conceptual framework for our CNN model is illustrated in Fig. 2. The model
had an enedder-decoder network structure'®?”. When constructing the encoder network, we

10,28 structure with residual connections. To extract different scales’

adopted the"Xception
context information, we used the MRFP module in the skip connections between the encoder

and decoder, which will be introduced in the following subsection.

[1.B.1. Multi~resolution feature pyramid

To merge context information at multiple scales, we needed these operations to have fields
of view of different sizes. Larger kernel size and dilated convolution are two options. Since
the parameter quantity increases drastically as the increase of kernel sizes, we adopted di-
lated convolutien: Each MRFP module consists of four dilated convolutional layers and one
average pooling layer (Fig. 2). We used 1 x 1 convolution with dilation 1, 3 x 3 convolution
with dilafion™1,"3 x 3 convolution with dilation 2, and 3 x 3 convolution with dilation 3 to
perceive context information at scales of 1 x 1, 3 x 3, 5 x 5, and 7 x 7. All feature maps in
different branches were concatenated together for the decoder network. A convolution layer
was used te mix the feature maps from different scales. Therefore, the MRFP module is
capable of capturing multi-scale contextual information. It was applied to all five shortcut

connections in our model.

[1.B.2. Enecoder network structure

The encodermetwork (Fig. 3) is essential for feature extraction as well as for segmentation.
Our encoderetwork adopted the Xception idea?®, which takes advantage of depth sepa-
rable convolutien to achieve the decomposition of ordinary convolution into channel-wise
convolution and point-wise convolution. Customization of the model structure was proposed
with modification on the downsampling operation. To preserve more detail, we replaced the
pooling layers with a convolution of stride 2. Besides, we used fewer layers in the Middle

Flow to avoid overfitting.

This article is protected by copyright. All BghtSsaserveénal neural network structure
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1I.C. Post-processing method

The level set is a partial differential equation (PDE)-based method. A curve could be defined
as ¢(t, z,y)pand after giving an initialization, the curve evolves based on image-driven forces.

The PDE equation is as follows?

0
0 =V F.0(0,.2.9) = o )

where t is the iteration times, x and y are image coordinates, ¢y = 0 defines the initial
segmentation, and F' is the velocity field. To be specific, in post-processing we used the level
set method o improve the segmentation organ by organ. Using the bladder as an example,
before applying *he level set method, we first computed the minimum 3D boundary that
includes the CNN-based bladder segmentation. This 3D boundary was then used to crop
the 3D data including the bladder from the original 3D MR data. Finally, with CNN-based
bladder segmentation as the initialization, we applied the level set method to the cropped
MR data slieesby=slice for bladder segmentation. During model testing, compared with the
ground truthy weevaluated our results using Dice Similarity Coefficient (DSC) metric and we
kept the results of the level set method if they are better than the initial results. In practical
applications, since ground truth values are not available, users need to determine whether
the CNN model makes acceptable predictions. When users find the predictions provided
by the CNN, model to be unacceptable, such as the MR image segmentation is far beyond
the normal range, the level set method will be applied for post-processing, although we will
only keep the better final result. For convenience, we used the morphological_chan_vese”

function in thesseikit-image library3!

[1.D. Dess*function and metrics

We investigatedtwo different loss functions for model training, that is, pixelwise multi-class

cross entropy“loss (CE) and multi-class Dice loss (DL):

Zi]\il Zn tlnpln

DL=1-2
Z{\il Zn (tln + pln)

(2)

CE = ZZ —tilog(pim)) (3)

=1 n

This article is protected by copyright. All rights reserved|.C. Post-processing method
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where N = 5 in our case, representing the background, uterus, rectum, bladder, and levator
ani muscle classes, t;,, is the ground truth labeling on the nth pixel position for class [, and

Pin is the prediction result on the nth pixel position for class [.

Four metrics were used for individual organ segmentation evaluation, that is, the DSC,
Average Symmetric Surface Distance (ASD), Relative Absolute Volume Difference (RAVD),
and Organ Detection Recall (ODR). Following the definition of DL, the DSC is defined as

follows:

N
DSC =2 %lﬂ Znlinlin_ (4)
Zl:l Zn(tln + pln)
And the ASD issdefined as follows:
1
ASD=92— : o ) B -
Sel 157 (zﬁms“” lle+ 2, mig llsy St“2) ©)

where Sp and“Sp are the surface of the ground truth and model prediction, respectively, and

s; and s, arereorresponding points in them. The RAVD is defined as follows:

Ve — Vpl

RAVD — | x 100 (6)
Vr

where Vr and Vp are the volume of ground truth and model prediction, respectively. The
ODR is definedras follows:

TP

where T'P 1s_the number of images in which an organ is correctly detected and F'P is the

number of images in which the same organ is not correctly detected.

II.LE. Experiments

The experimentigetup was summarized as below. Experiments were implemented with Keras
(v.2.2.0) usimg*Python (v.3.5.0). Adam solver was used to minimize the loss function. Our
choice for_thé learning rate was 0.0001, with a learning rate decay of 0.98 after each epoch.
A total of 800“epochs were used for training. We used an NVIDIA 1080Ti graphic card to
enable the parallel computing process, with a batch size of 4. To reduce overfitting because
of insufficient data, we used data augmentation. The augmentation techniques included
image rotation, shear and shift, sharpening, blurring, and contrast normalization. Before

images were fed to the CNN model, they were set to zero mean and unit standard variance.

This article is protected by copyright. All rights reserved Il.LE. Experiments
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The Xception encoder network was trained on a cardiac structure segmentation dataset??

for transfer learning.

Experiments were conducted as follows. First, we compared DL with the CE func-
tion. Second, we compared the proposed method’s performance with three other advanced
segmentation methods, that is, Deeplabv3+32, U-Net!?, and FCN-8s3*. Deeplabv3+33 is a
state-of-the-art_semantic segmentation method, FCN-8s3! has obtained state-of-the-art re-
sults on a PASCAL VOC 2012 Segmentation dataset, and U-Net!? is a classical biomedical
segmentatioft method which won a challenge competition in 2015. Third, we quantified the
effectiveness of the Xception encoder network and the MRFP module using ablation studies.
Compared with U-Net with the Xception (U-Net-X), and U-Net with MRFP (U-Net-M), our
model used U=Net with both the Xception and MRFP (U-Net-XM). Fourth, we investigated
the effects of;the/MRFP module among different skip connections between the encoder and
decoder netgworks. In our model, as the encoder has five downsampling stages, there are
five corresponding skip connections, which are the first to fifth skip connection from top
to bottom in Fig. 2. Our model used MRFP in all the five connections so we called it
U-Net-XMja345. We compared our model with its three variants, that is, U-Net-XMjs3, U-
Net-XM;j3;, and,U-Net-XMgsy5. Finally, we used the level set method to improve the results

of all segméntation methods in the second experiment.

l1l. Results

I1I.LA.  Loss function comparison

The DL fumetion obtained a much better segmentation result (Table 2), both with and
without pre-tfaining. Hence, in the following training, we compared different methods using
the DL functions, The model with pre-training showed better performance than without
pre-training under both loss function configurations. The pre-training improved the average
DSC from 64.0 to 65.6 when using DL. However, the pre-training operation exhibited the
“butterfly effect”, which means the model performance improved more in the post-processing

step (Table 7), as discussed in Section II1.E.
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[I1.B. Performance comparison with other advanced segmentation
methods

The proposed method yielded better results with respect to the DSC than the other three
methods (Table,3). Our model without pre-training had an average DSC of 64.0, wining
in three of fourfindividual tasks (uterus, rectum, and bladder). FCN-8s showed better
performance on the rectum, but its average DSC was only 58.2. Compared with Deeplabv3+
(60.2), FCN-85(58.2), and U-Net (54.8), our model achieved an average DSC that was 3.8,
5.8, and 9.2 points higher than them, respectively. However, our model with pre-training did
not exhibit better bladder segmentation performance than the model without pre-training
because thewbladder of one subject was outside the normal range (Fig. 5e). Segmentation of

this subject wasiimproved in the post-processing step (see Section III. E).

We alsoseompared the model performances using the ODR and the RAVD (Table 4).
Our model obtained the best RAVD, but did not show a distinct advantage with respect to
the ODR. The'ODR is the proportion of images with this organ that were correctly detected
of the total mumber of images with this organ. The results indicate our model does not have
a better organ detection ability. However, our model showed a markedly better segmentation
performanges(Table 3), which means that for the images that were correctly detected, our
model had results closer to the ground truth. A comparison of the models’ predictions is

shown in 4!

lII.C. Ablation study

Ablation experiments were performed to quantify the effectiveness of the MRFP and the
encoder network. The difference between U-Net-M and U-Net is the use of MRFP. The
difference between U-Net-X and U-Net is the use of Xception encoder network. Therefore,
the differencebétween our model (U-Net-XM;jg345) with U-Net-X or U-Net-M is the use of
MRFP orXeeption, respectively. The result is summarized in Table 5.

The DSC of U-Net-M, compared with U-Net, increased from 54.8 to 61.6, an increase
of 6.8 points; the DSC of our model, compared with U-Net-X, increased from 58.7 to 64.0,
an increase of 5.3 points; the DSC of U-Net-X, compared with U-Net, increased from 54.8
to 58.7, an increase of 3.9 points; the DSC of our model, compared with U-Net-M, increased

This articlgliBprareefsdnay o pyrightisAH vightstiesesdednced segmentation methods
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from 61.6 to 64.0, an increase of 2.4 points. This proved the effectiveness of MRFP when used
with U-Net or U-Net-X. Besides, MRFP made a larger contribution to the final segmentation
performance. For each organ, with respect to the DSC, MRFP made a larger contribution

to the uterussand the bladder than for the rectum and the levator.

11.D. Different MRFP combinations comparison

The detailedssegmentation results are summarized in Table 6. For the average DSC, our
model (U-Net=XM;9345) obtained almost the same results with U-Net-XMasy5 and U-Net-
XMi35, while it was 2.4 points higher than U-Net-XM;93. For individual organ segmentation,
our model achieved almost the same results with U-Net-XMs,5 and U-Net-XM;i35 for the
uterus and bladder, and slightly worse results for the rectum, and slightly better results for
the levator. gFhesrectum results improved using the post-processing technique in Section
[ILLE (Tablesw?)e=With respect to the ASD, our model obtained the best results. Besides,
U-Net-XM;43 obtained better results than U-Net-XMsz,ss and U-Net-XM;3s.

lII.LE. Post=processing improvement

We improved all CNN methods’ results with the level set method. A comparison of the
models’ predictions is shown in Fig. 5. We demonstrated the re-segmentation results by
organs. Singé thelevator and rectum were usually connected and showed no visible edges, it
was difficult tességment them using the level set method. Therefore, the uterus (Fig 5a and
b), rectum (Fig bc and d), and bladder (Fig 5e and f) were used for comparison. With the
deep learning model’s prediction as prior knowledge, the level set method remedied the failure
cases to a certain extent (Fig. ba, ¢, and e). However, compared with the deep learning
method, the level set method did not provide better segmentation results in some general

cases (Fig. 5bed{"and f) even with the deep learning model’s prediction as initialization.

Final segmentation results of CNN methods after post-processing are summarized in
Table 7. Our model obtained the best DSC and ASD results for both individual organs and
the overall average. The model without pre-training achieved an average DSC of 66.1 points,
outperforming other methods with 4.0 to 9.7 points. Our model with pre-training obtained

the highest average DSC (69.4 points) and best average ASD (2.9 mm).

This article is protected by copyright. AllFightsffeseiv®RFP combinations comparison
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V. Discussion

IV.A. CNN application to POP analysis

Our work represents a novel application for female pelvic organ segmentation both at rest and
at maximal Valsalva in women with and without POP, using a CNN method with MR images.
In the end, we _presented a hybrid solution for simultaneous uterus, rectum, bladder, and
levator animuscle segmentation and showed good results qualitatively and quantitatively.
There are somé differences with previous investigations?3?:36:37:38:3940  Different modalities
of medical imaging techniques have their own advantages. Two groups used ultrasound
images to ageomplish levator hiatus segmentation using the fully CNN (FCN) and U-Net 3",
Wang et al 2%.and He et al.?® investigated prostate, rectum and bladder segmentation using
axial view gomputed tomography based on a multi-stage FCN. Techniques including dilated
convolution®and full-resolution residual network®® were also investigated to deal with the

blurry edges of objects by capturing a larger field of view information. The level set technique

as a shape prior has been considered previously for natural image segmentation**.

Although MR imaging is the golden standard for analyzing POP, it is quite challenging,
even for ‘eliniéal“experts, to segment pelvic organs in MR images at rest and at maximal
Valsalva of women with and without POP. Our deep learning model’s performance is also
limited by theimaging quality, the stress state, the prolapse status, and the training set size,
etc. For example, the difficulty changes with segmentation from different views>3. Prolapse
is a downward displacement and deformation of pelvic organs, and thus its analysis is usually
done from sagittal views. However, it might be more difficult for both humans and computer
models to.segment the uterus, levator, and rectum in the sagittal view compared with the
axial view, ims¥hich the smaller organs have a higher occurrence rate. For the MR images in
the sagittalswiew, the rest images have a thickness of 4 mm and 1 mm spacing. At maximal
Valsalva, the"stress images have a thickness of 6 mm and 1 mm spacing. The difficulty
increases whenssegmenting small or thin organs, such as the levator ani and the rectum.
The organs of women with POP also showed more variance than those of healthy women at
maximal Valsalva compared to resting state, i.e., bladders of prolapsed women might become
longer at maximal Valsalva, which is very different from the bladder segmentation of men.

Besides, we only included 24 sagittal MR series of 12 subjects, and images of six subjects

This article is protected by copyright. All rights reserved
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were used for model training, limiting the deep learning model’s performance. Despite
these challenges, nevertheless, our deep learning model still obtained the best performance

compared with other methods (Table 7).

IV.B. Effeetiveness analysis of different components

The effectivenessof the MRFP module is illustrated by the ablation experiments. As shown
in Table 5, the average DSC of U-Net-M improved by 6.8 points compared with U-Net. The
average DSC, ofgour model improved by 5.3 points compared with U-Net-X. These results
suggest thatuMRFP is efficacious for different encoder networks. Comparing the DSC for
individual organs, (Table 5), MRFP made larger improvements for the uterus and bladder
than for the rectum and levator, because no information is obtained on the edge between
the levator and rectum, as shown in Figs. 4 and 5. It is even tricky for humans to segment
the rectum and levator. Models with different MRFP combinations (Table 6) revealed that
our model (U-Net-XMjs345) had almost the same average DSC as U-Net-XMgzys and U-Net-
XM;35, butwambetter result on average ASD. U-Net-XM;jy3 achieved a lower average DSC
than U-Net-XMgags and U-Net-XM;35, but a better average ASD. A possible explanation for
these observations is that MRFP on higher-order (fourth and fifth) skip connections could
improve model convergence, while MRFP on lower-order (first and second) skip connections
could smooth the segmentation results. In the end, our model U-Net-XM;js345, achieved the

best results/for both average DSC and ASD, and it is therefore the recommended design.

The effeetiveness of the Xception encoder network is shown in Table 5. The average
DSC of UsNet=Xeswas 3.9 points higher than that of U-Net. The average DSC of our model
was 2.4 points higher than that of U-Net-M on average DSC. This proved the importance of

an encoder network, and a better encoder network is useful to improve segmentation.

The effectivéness of pre-training was proved in Tables 3 and 7. We can conclude the
pre-trainingumade a larger contribution to the uterus and levator segmentation than to the
rectum and bladder segmentation. We used a cardiac MR dataset for pre-training, but a
larger pelvic MR dataset might give better results. It also means more training data could

be helpful to improve segmentation.

The effectiveness of the post-processing method is shown in Tables 3 and 7. It also

This article is protected by copyrightBAll Hghtsivesesyethalysis of different components
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proved useful for all the CNN methods in our experiments. However, these improvements
were based on using the CNN model prediction as prior knowledge. The level set method
made improvements for some failure cases, such as for the examples in Fig. ba, ¢, and e.
However ,«forsgeneral cases, the level set method did not provide better segmentation than
the CNN miethod even with the CNN prediction as initialization, such as for the examples
in Fig. 5b, d,;"and . This suggests that the CNN method has an advantage in blurry region
segmentation due to training with “big data”. On the contrary, since it is often challenging
to collect medigal imaging data and to label them, the non-deep learning method could be
useful to improve the model performance to some extent. So far, whether post-processing
has improved ffhe results needs to be compared with the ground truth. This means that
it is up to the Tuser to determine whether or not post-processing is needed. Fortunately,
comparison is a much easier task than manual segmentation. But it points to the fact that
we can integrate.the level set method into the CNN workflow to achieve better and faster

segmentation.

IV.C. Segmentation performance analysis

We improved™the segmentation performance from three aspects. First, we used the MRFP
module to improve the blurry region segmentation on pelvic MR images. The average DSC
when using™RFP increased from 54.8 to 61.6 points (Table 5). Second, we built the encoder
network based on the Xception idea and transfer learning technique. With the Xception,
our model’s performance increased from 61.6 to 64.0 points (Table 5). Pre-training process
improved the average DSC from 64.0 to 65.6 points (Table 3). However, the pre-training
operation,gontributed to more improvements (3.8 points) in the post-processing step (Table
7). Third, wesintroduced the level set method as a post-processing technique to deal with the
limited traimimg®data and high-variance problems. Using post-processing, our model with
pre-trainingsimproved from 65.6 to 69.4 points on average DSC (Table 7). With respect
to the DSC, 6us,model outperformed other methods with 7.3 to 13.0 points. Additionally,
we compared the models’ performances using the ODR and the RAVD (Table 4). Our
model did not show a distinct advantage with respect to the ODR, which means our model
does not detect more organs than other methods. Nevertheless, our model showed better

segmentation performance (Table 3), suggesting that with respect to the organs that were

This article is protected by copyright. All righCs reSegwedhtation performance analysis



438

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

461

462

463

page 14 F.Feng, J.A. Ashton- Miller, J.O.L. Delancey, J. Luo

correctly detected, our model’s results are closer to the ground truth.

The segmentation performance was ordered as follows: bladder > rectum > uterus >
levator. The results of the bladder were markedly better, because the bladder has larger size,
and clearer boundary than that of other organs. The rectum is easy to detect since its ODR
results were higher compared to the levator and uterus (Table 4). Half of the subjects did
not have a uterus, which further exacerbated the shortage of training data and the imbalance
of the data, resulting in a low ODR. However, our model could predict whether there is a
uterus fromdthe subject level evaluation. After post-processing, the highest DSC for the
uterus was 65°3; which exhibited the largest improvement, as shown in Tables 3 and 7. The
levator ani had the worst segmentation results, since it has the smallest size and does not
have a clearshoeundary; identifying the levator ani is always a challenge, even for experienced

clinicians.

V. Conclusions

To segment pelvie organs at rest and at maximum Valsalva (stress), we proposed a novel
CNN designsby=integrating the MRFP module into an encoder-decoder model. This proved
useful to address the blurry soft tissue boundary problem on MR images in POP. Together
with the Xception encoder network and model pre-training, our model obtained better seg-
mentation results than Deeplabv3+, FCN-8s, and U-Net. Moreover, due to the limited
training data problem, a level set method was used to improve the segmentation of failure
cases. Future directions include feature fusion between 2D and 3D CNNs to exploit spatial
context information as discussed by Isense et al.’. Model pre-training with unlabeled data
using unsupesrvised or self-supervised methods, which could take advantage of more data,

can also poteantially improve the segmentation quality.
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« Figures

E Uterus [ Rectum N Biadder N Levator

Figure 1: Left lateral views of a patient with anterior vaginal wall prolapse. (a and d) Midsagittal
MR images at rest and at maximum Valsalva. (b and e) Similar images of the pelvic floor organs,
including the uterus, rectum, bladder, and levator ani muscle, shown at rest and at maximum
Valsalva. (c"and'f) Views of the 3D models of the pelvic floor organs.
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Figure 2: CNN-model structure. Feature maps of skip connection and upsampling branches were
combined mising.a.concatenation method.
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Figure 3: Diagram illustrating the structure of the encoder network.

This article is protected by copyright. All rights reserved



page 24 F.Feng, J.A. Ashton- Miller, J.O.L. Delancey, J. Luo

Original Ground Truth Our model DeeplabV3+ FCN-8s U-Net

Figure 4: Aseemparison of segmentation results among our model, Deeplabv3+, FCN-8s, and
U-Net . (a)/Resting example with uterus. (b) Stressed example with uterus. (c) Resting example
without uterus.”(d) Stressed example without uterus. Results of different methods were compared
with the ground truth labeling.
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Figure caption

Figure 1. Left lateral views of a patient with anterior vaginal wall prolapse. (a and d)
Midsagittalk MR images at rest and at maximum Valsalva. (b and e) Similar images of
the pelwie,floor organs, including the uterus, rectum, bladder, and levator ani muscle,
showmyat rest, and at maximum Valsalva. (¢ and f) Views of the 3D models of the

pel¥i¢floor organs.

Figures2. sCNN model structure. Feature maps of skip connection and upsampling

branchesswere combined using a concatenation method.
Figure 3. Diagram illustrating the structure of the encoder network.

Figure 4. A comparison of segmentation results among our model, Deeplabv3+, FCN-
8s, andeld=Net . (a) Resting example with uterus. (b) Stressed example with uterus.
(c) Restingsexample without uterus. (d) Stressed example without uterus. Results of

differént methods were compared with the ground truth labeling.

Figuresbamlxamples of re-segmentation results using the level set method. (a and
b) Uterusire-segmentation. (¢ and d) Rectum re-segmentation, (e and f) Bladder
re-segmentation. The composite results were obtained by replacing the models’ pre-
dictions with the level set results on the corresponding organ. Results were compared

with the"ground truth labeling.
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Original Ground Truth Our model Level set Composite
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Figure 5: Examples of re-segmentation results using the level set method. (a and b) Uterus
i i e and f) Bladder re-se ion. The
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- lables

Table 1: Organ occurrence rate in training data.

Organ Uterus Rectum Bladder Levator
Number of occurrence 103 152 197 112
Number of total images 256 256 256 256
Presence rate 0.40 0.59 0.77 0.44

Table 2: Model performance comparison using different loss functions. Units: DSC in %, and ASD
in mm. (+)"means with pre-training, and (*) means without pre-training. Number in the () is the
standard deviation.

Uterus Rectum Bladder Levator Average
DSC ASD DSC ASD DSC ASD DSC ASD DSC ASD

Methods

DL(+) 550 (9.3) 5.2 (1.7) 64.1 (17.6) 2.5 (1.3) 827 (16.5) 1.6 (0.5) 60.8 (7.4) 2.3 (1.4) 65.6 2.9
DL(*) 535 (183) 6.6 (4.6) 62.0(17.9) 27 (1.1) 84.8 (10.0) 1.6(0.5) 55.6 (9.4) 3.6(25) 640 3.6
CE(+) 378908 7.8(26) 57.7(21.6) 33 (L7) 845 (11.7) 16 (0.5 50.6 (83) 10.1 (11.1) 57.6 5.7
CE(*) 404 (194) ) 108 (5.6) 564 (16.7) 3.5 (1.4) 844 (109) 1.6 (0.3) 453 (13.7) 10.1 (13.6) 56.6 6.5

Table 3: Models" performance comparison with other advanced segmentation methods. Units: DSC
in %, and ASDsin mm. (+) means with pre-training, and (*) means without pre-training. Number
in the () is thesstandard deviation.

Uterus Rectum Bladder Levator Average
DSC ASD DSC ASD DSC ASD DSC ASD DSC ASD

Methods

Proposed (+) #55.0 (9.3) 5.2 (1.7) 64.1 (17.6) 2.5 (1.3) 827 (16.5) 1.6 (0.5) 60.8 (7.4) 2.3 (1.4) 65.6 2.9
Proposed (*)  53.5.(18.3) 6.6 (4.6) 620 (17.9) 2.7 (1.1) 84.8 (10.0) 1.6 (0.5) 55.6(9.4) 3.6 (25) 640 3.6
Deeplabv3+45.0 (11.2) 7.3 (3.3) 589 (16.8) 3.0 (1.2) 83.3(10.7) 1.9 (0.5) 534 (13.1) 38(20) 602 4.0
FCON-8s 3958°(14.9) 6.9 (4.8) 65.6 (11.7) 2.5 (1.0) 80.0 (13.7) 1.9 (0.7) 47.4(16.9) 9.5 (11.6) 582 5.2
U-Net 45.0 (16.0) 143 (7.6) 42.0 (27.2) 47(26) 77.2(232) 29 (22) 546 (11.0) 52(56) 548 6.8

Table 4: Meodels’ performance comparison using other metrics. Units: ODR in %, and RAVD in %.
(+) means withupre-training, and (*) means without pre-training. Number in the () is the standard
deviation.

Uterus Rectum Bladder Levator Average
ODR RAVD ODR RAVD ODR RAVD ODR RAVD ODR RAVD

Methods

Proposed () 848:(16:2) 34.5 (14.9) 100 (0.0) 410 (31.6) 91.6 (4.6) 10.8(3.8) 95.1 (5.8) 19.9 (16.0) 92.9 26.6
Proposed (¥) 845 (14d) 433 (7.0)  94.6 (8.0) 37.6(21.0) 98.0 (44) 86 (5.0) 916 (8.6) 222 (194) 921 280

Deeplabv3+ "0 87.9915.7)  52.7 (35.6)  94.5 (8.0) 27.8 (164) 947 (54) 6.2 (5.4) 80.1 (16.2) 30.4 (16.3) 89.1  29.3
FCN-8s 84.1 (14.9) 61.9 (34.9) 967 (7.5) 21.0 (8.2) 98.0 (2.8) 11.9 (17.9) 91.7 (8.6) 52.8 (29.3) 926  36.9
U-Net 94.2 (9:9) 47.5 (33.5) 825 (21.6) 55.2 (26.7) 90.6 (5.7) 23.6 (24.2) 914 (8.9) 20.5(16.3) 90.0  36.6

Table 5: Ablation study results. Units: DSC in %, and ASD in mm. Proposed model is the
U-Net-XM7j2345. (*) means without pre-training. Number in () is the standard deviation.

Methods Uterus Rectum Bladder Levator Average
DSC ASD DSC ASD DSC ASD DSC ASD DSC ASD
Proposed (*) 53.5 (18.3) 6.6 (4.6) 62.0 (17.9) 2.7 (1.1) 84.8 (10.0) 1.6 (0.5) 55.6 (9.4) 3.6(2.5) 64.0 3.6
U-Net-M 49.5 (11.3) 9.8 (6.8) 63.6 (16.6) 3.3(2.2) 79.4(184) 20(0.8) 52.8(10.0) 6.8 (10.0) 61.6 4.9
U-Net-X 41.2 (13.4) 11.0 (6.5) 63.4 (14.8) 29 (1.5) 76.1(28.3) 29(2.8) 542(8.0) 3.3 (1.8) 587 50
U-Net 45.0 (16.0) 14.3 (7.6) 42.0 (27.2) 4.7(2.6) 77.2(23.2) 29(22) 54.6(11.0) 5.2 (5.6) 548 6.8

This article is protected by copyright. All rights reserved



page 28 F.Feng, J.A. Ashton- Miller, J.O.L. Delancey, J. Luo

Table 6: Medels’ performance comparison for different MRFP configurations. Units: DSC in %,
ASD in mmgRroposed model is the U-Net-XM12345. (*) means without pre-training. Number in ()

is the standard deviation.

Methods Uterus Rectum Bladder Levator Average
DSC ASD DSC ASD DSC ASD DSC ASD DSC ASD
Proposed (*) 5357(18.3) 6.6 (4.6) 62.0 (17.9) 2.7(1.1) 84.8 (10.0) 1.6 (0.5) 55.6 (9.4) 3.6(2.5) 640 3.6
U-Net-XMjo3 50.9414.0) 83 (6.5) 66.1 (12.4) 2.6 (1.0) 83.7(12.1) 2.0(0.7) 45.8(11.0) 4.7(3.3) 61.6 4.4
U-Net-XMy35 [H44(106) 7.5 (5.6)  65.6 (14.5) 2.8 (1.4) 84.6 (12.5) 1.6 (0.7) 523 (9.6) 6.5 (4.3) 64.2 4.6
U-Net-XMjys 53.6 (16.2) 10.8 (6.3) 65.5 (12.8) 3.5(2.2) 84.8(11.8) 1.6(0.7) 52.6(12.1) 3.3 (1.8) 64.1 4.7
U-Net-X 41.2 (13.4) 11.0 (6.5) 63.4(14.8) 29(1.5) 76.1(283) 29(2.8) 542(8.0) 3.3 (1.8) 587 5.0

Table 7: Model performance comparison after using the level set method. Units: DSC in %, and
ASD in mm._(+).means with pre-training, and (*) means without pre-training. Number in () is the

standard deviation.

Methods Uterus Rectum Bladder Levator Average
DSC ASD DSC ASD DSC ASD DSC ASD DSC ASD
Proposed (+) 165:31(3:8) 5.4 (1.9) 66.3 (15.0) 2.1 (0.9) 85.6 (10.0) 1.6 (0.4) 60.8 (7.4) 2.3 (1.4) 69.4 2.9
Proposed (*) 58.3 (18:6) 6.6 (5.1) 65.8 (14.4) 2.4 (1.1) 84.8(10.1) 1.7(0.5) 55.6 (9.4) 3.6(2.5) 66.1 3.6
Deeplabv3+  152:00(14.8) 9.2 (5.5) 59.8 (17.0)  3.3(2.0) 83.3(10.7) 1.9(0.5) 53.4(13.1) 3.8(2.0) 621 4.5
FCN-8s 46.0 (1843) 8.3 (6.2) 66.0 (11.8) 2.3 (0.8) 80.7 (12.2) 1.9(0.5) 474 (16.9) 9.5(11.6) 60.0 5.6
U-Net 476 (15.0) 11.8 (16.3) 47.6 (22.8) 7.3 (4.4) 80.8(155) 2.6 (1.2) 54.6 (11.0) 5.2 (5.6) 564 5.3
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