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ARTICLE INFO ABSTRACT

Keywords: Background: This study was performed to evaluate the clinical feasibility of a U-net for fully automatic uterine
Uterus ) segmentation on MRI by using images of major uterine disorders.

Segmentation Methods: This study included 122 female patients (14 with uterine endometrial cancer, 15 with uterine cervical
Convolutional neural network . . . . - .
CNN cancer, and 55 with uterine leiomyoma). U-net architecture optimized for our research was used for automatic
U-net segmentation. Three-fold cross-validation was performed for validation. The results of manual segmentation of

the uterus by a radiologist on T2-weighted sagittal images were used as the gold standard. Dice similarity co-
efficient (DSC) and mean absolute distance (MAD) were used for quantitative evaluation of the automatic seg-
mentation. Visual evaluation using a 4-point scale was performed by two radiologists. DSC, MAD, and the score
of the visual evaluation were compared between uteruses with and without uterine disorders.

Results: The mean DSC of our model for all patients was 0.82. The mean DSCs for patients with and without
uterine disorders were 0.84 and 0.78, respectively (p =0.19). The mean MADs for patients with and without
uterine disorders were 18.5 and 21.4 [pixels], respectively (p = 0.39). The scores of the visual evaluation were
not significantly different between uteruses with and without uterine disorders.

Conclusions: Fully automatic uterine segmentation with our modified U-net was clinically feasible. The perfor-
mance of the segmentation of our model was not influenced by the presence of uterine disorders.

1. Introduction texture analysis for gynecologic diseases [11-13]. To the best of our
knowledge, there are no report of image analysis using deep learning for

MRI is widely used for various purposes such as the differential gynecologic diseases on MRIL

diagnosis of benign and malignant gynecologic disorders, as well as
clinical staging of malignant tumors, in modern clinical practice.
Recently, deep learning through convolutional neural networks (CNNs)
has gathered attention in various fields, including image recognition
[1]. CNN is a type of neural network that is commonly used for efficient
image recognition and further image analysis [2]. Notably, CNN enables
automatic image feature extraction, whereas conventional
machine-learning techniques require customized feature extraction [3].
Several studies regarding the application of deep learning to medical
images have been reported in areas such as lesion detection, classifica-
tion, and segmentation [4-10]. There have been several reports of image

For the analysis of medical images via deep learning, including
radiomic or radiogenomic approaches, the segmentation of the object is
often essential. Manual segmentation by experienced clinicians, such as
radiologists, is important; however, it is laborious and time-consuming,
and may be subjective. Another approach for image segmentation, a
fully convolutional neural network known as U-net, has recently shown
promising results [14]. U-net has been applied for the automatic seg-
mentation of some organs, including breast, prostate, spinal cord, vessel
wall, and knee joint on MRI [10,15-18]. U-net is an end-to-end enco-
der-decoder network that was originally designed for biomedical image
segmentation. The original U-net architecture comprises a contracting
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path for encoding features using convolution and max pooling, as well as
a symmetrical expansive path for localization. The expansive path in-
volves upsampling and concatenation, followed by convolution opera-
tion. Upsampling operators enable the network to propagate context
information to higher resolution layers. As a network structure for
localization, high-resolution features from the contracting path are
concatenated with the output of the upsampling.

T2-weighted images are important for the diagnosis of gynecologic
diseases, because these images clearly represent the anatomical struc-
ture of the uterus and reveal the presence of uterine diseases, such as
uterine leiomyoma, cervical cancer, and endometrial cancer. Thus, we
aim to perform automatic uterine segmentation of T2-weighted MR
images. Automatic uterine segmentation could be useful for automatic
segmentation of uterine diseases by using a cascaded fully convolutional
neural network, which enables sequential segmentation of uterus and
uterine lesions [6]. In addition, automatic uterine segmentation could be
utilized for the staging of uterine endometrial cancer. Accurate uterine
segmentation would enable the diagnosis of the extent of tumor invasion
to the uterine myometrium. Additionally, our research is focused on
whether uterine diseases affect the difficulty involved in automatic
segmentation. As radiologists, we consider it to be more difficult to
segment the uterus in some disorders, because the diseased uterus can
vary in shape and intensity on MRI

The purpose of this study was to evaluate the clinical feasibility of
fully automatic uterine segmentation on MRI by using images of major
uterine disorders. We applied U-net and optimized some hyper-
parameters for automatic segmentation.

2. Materials and methods

Our institutional review board approved this single-center retro-
spective study. The requirement for written informed consent was
waived by the review board.

2.1. Patient population

Patients who underwent uterine MRI in our hospital for various gy-
necologic disorders, between January 1, 2016 and March 15, 2016, were
included in this study. Pregnant patients were excluded because the size
and shape of the pregnant uterus is considerably different from that of a
nonpregnant uterus. Finally, 122 female patients (mean age: 49.1 years,
standard deviation [SD]: 15.2 years) were included in this study. Among
these patients, 14 had uterine endometrial cancer, 15 had uterine cer-
vical cancer, and 55 had uterine leiomyoma. Some patients with endo-
metrial cancer or cervical cancer also had leiomyoma. Fifty patients had
no uterine disease.

2.2. MRI protocol

MRI was performed using a 1.5-T or 3.0-T unit (Avanto, Skyra,
Prisma; Siemens Health Care, Erlagen, Germany) using a phased-array
coil. Before MR examination, 20 mg of butyl scopolamine (Buscopan;
Nippon Boehringer Ingelheim, Tokyo, Japan) was administered intra-
muscularly to each patient. Only sagittal fast spin echo T2-weighted
imaging was used in this study. The acquisition parameters were as
follows: repetition time/echo time [TR/TE], 4000-5800/72-125 msec;
slice thickness, 4-5 mm; matrix size, 384-1024 x 308-1024; flip angle,
150; and bandwidth, 320 Hz/pixel.

2.3. Image preprocessing

A board-certified radiologist with 10 years of experience specializing
in gynecologic imaging manually segmented each uterus, including le-
sions (e.g., uterine tumor), on each slice of sagittal T2-weighted imaging
using 3DSlicer (https://www.slicer.org/) [19]. These regions of interest
were used as the gold standard for uterine segmentation. All MR images
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were reformatted to 512 x 512 pixels; the MR signal intensity (SI) of
each image was normalized based on the following equation (1):

(ST — mean_of _SI)

§p = o Mmean-oj 50
" (3 x SD_of _SI)

@

where nSI is normalized SI, mean_of SI is the mean SI of the image, and
SD of SI is the SD of the SI of the image [20].

For input data, three consecutive slices of MR images, including
slices without uterus, were used as one set. From the 122 included pa-
tients, 3350 sets (three consecutive image slices each) were obtained.
Data augmentation was applied during the training phase and 20000
sets of slices were used as one epoch. Data augmentation comprised
vertical and horizontal flip, +20° rotation, +10% x-axis shift, +10% y-
axis shift, and scaling from 85 to 115%, and shear mapping of 17°. The
output was the predicted segmentation of the uterus, resulting in three
consecutive images of 512 x 512 pixels. For comparison, we evaluated
the performance of our final model using single-slice of MR images as
input data.

2.4. Neural network architecture

The original U-net architecture is presented in Fig. 1 [14]. U-net
architecture comprises a contracting path and an expansive path, which
combine to generate the U-shaped architecture. Our final modified U-net
architecture employed in this study is shown in Fig. 2. In each layer of
the contracting path, 3 x 3 convolutions, batch normalization, leaky
rectified linear unit (leaky-ReLU), and dropout layer are repeated twice,
followed by a 2 x 2 max pooling operation with stride 2 for down-
sampling. In the expansive path, each layer consists of upsampling of the
feature map by a 2 x 2 convolution and concatenation with the feature
map from the contracting path, followed by two 3 x 3 convolutions,
batch normalization, leaky-ReLU, and dropout layers (as in the con-
tracting path). We employed batch size of 1, 5, and 15. We implemented
4, 6, and 8 downsampling and upsampling layers. Dice loss function was
used as the cost function [21]. Three-fold cross-validation at the patient
level was performed with two-thirds of the data used for training and
one-third of the data used for validation. Our model was built by Keras
(ver. 2.0.8) and Tensorflow (ver. 1.8.0), and the model was trained on a
Tesla V100 graphic card (NVIDIA, Santa Clara, CA, USA).

2.5. Quantitative evaluation of automatic segmentation of the uterus

Regarding area-based metrics, the Dice similarity coefficient (DSC)
was used to compare the performance of our model between patients
with and without each gynecological disorder. For example, DSC of
patients with uterine endometrial cancer was compared to that of pa-
tients without uterine endometrial cancer (patients in both groups might
have uterine leiomyoma). In addition, DSC of patients with any of the
diseases was compared to DSC of patients without any disease. DSC was
calculated as follows (2):

2|TNP| @
(71 +1P1)
where T is the true manual segmentation map and P is the predicted
segmentation map [22]. DSC of 0 indicates no overlap, whereas DSC of 1
indicates perfect overlap between two binary masks. Before calculating
DSC between the gold standard and the automatic segmentation results
by our U-net, post-processing was performed for the segmentation re-
sults. First, the predicted segmentation map (output of the CNN) was
arranged in a sequential manner and binarized using the threshold value
of 0.5. Next, the largest connected component was extracted
three-dimensionally from the binarized results, and the results of
extraction were used to calculate DSC. The same post-processing was
performed before visual evaluation by the radiologists (described in the
next section).
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Fig. 1. Original U-net architecture
Conv: convolution

BN: batch normalization

ReLU: rectified linear unit.
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Fig. 2. Our U-net architecture.
Conv: convolution

BN: batch normalization
ReLU: rectified linear unit

DO: dropout.

Regarding distance-based metrics, mean absolute distance (MAD)
was used to evaluate the performance of our model. MADs of patients
with and without uterine diseases were compared. The minimum dis-
tance between a point p (automatically segmented points) and the gold
standard (manually segmented contour) was defined as follows (3):

dyin(p; €) = min [p —¢ || &)
qeC

where dpin, denotes the Euclidean distance between p and any point on
the contour C.

The MAD between C, (points on the automatically segmented con-
tour) and Cp (points on the manually segmented contour) was

320
—p—

22

calculated as follows (4):

MAD =

e dem(p Cw) )

PGCA

where |C4| denotes the number of points in the set Cy.

2.6. Visual evaluation of the automatic segmentation of the uterus

Two board-certified radiologists with 21 years (Reader A) and 13
years (Reader B) of experience visually evaluated the quality of the
automatic uterine segmentation by our model, using a 4-point scale
(4 = excellent: > 90% of the uterus was correctly segmented and organs
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outside the uterus, such as ovaries and small intestine, were not included
in the segmented area; 3 =good: > 80% of the uterus was correctly
segmented and organs outside the uterus were included in fewer than
three slices of MRI; 2=fair: > 60% of the uterus was correctly
segmented and organs outside the uterus were included in three or more
slices of MRI; 1 = poor: < 60% of the uterus was segmented correctly).
The scores were also compared between uteruses with and without
uterine disorders.

2.7. Statistical analysis

The Mann-Whitney U test was used to compare the DSC and MAD
between patients with and without each uterine disease. Fisher’s two-
sided exact test was adopted to compare the results of visual evalua-
tion between uteruses with and without uterine disorders. The degree of
interobserver agreement was calculated using weighted kappa statistics.
A kappa value of 0.21-0.40 was defined as fair agreement, 0.41-0.60 as
moderate agreement, 0.61-0.80 as substantial agreement, and
0.81-1.00 as excellent agreement [23]. Statistical analyses were per-
formed using a commercially available software (JMP version 12.2.0;
SAS Institute Inc., Cary, NC, USA) and R software (version 3.3.2; The R
Foundation for Statistical Computing, Vienna, Austria). A P-value less
than 0.05 was considered to be statistically significant.

3. Results

The Dice losses of our network over three-fold cross validation with
batch sizes of 1, 5 and 15 were 0.755, 0.257, and 0.180, respectively.
Thus, we adopted a batch size of 15 in our model. The Dice losses with 4,
6, and 8 of downsampling and upsampling layers were 0.183, 0.183 and
0.180, respectively. Thus, we adopted 8 layers in our final model. The
Dice loss obtained with three consecutive slices of MR images and single-
slice of images as input data were 0.196 and 0.180, respectively. The
Dice loss of the original U-net was 0.295. The mean DSCs and MADs with
95% confidence interval of our model for all patients are summarized in
Tables 1 and 2, respectively. Regarding these analyses, there were no
statistically significant differences between uteruses with and without
lesions.

Regarding visual evaluation, reader A scored 4 for 38 patients (31%),
3 for 31 patients (25%), 2 for 44 patients (36%), and 1 for 9 patients
(7%). Reader B scored 4 for 49 patients (40%), 3 for 23 patients (19%), 2
for 44 patients (36%), and 1 for 6 patients (5%). Interobserver agree-
ment was substantial (kappa=0.78). Between patients with and
without uterine endometrial cancer, uterine cervical cancer, uterine
leiomyoma and any disease, there were no statistically significant dif-
ferences (p =0.48, 0.27, 0.62, and 0.86 for reader A; p=0.91, 0.12,
0.60, and 0.94 for reader B, respectively).

Representative results of automatic segmentation of uterus are
shown in Fig. 3. In successful cases, the uterus was well-segmented
automatically, despite the presence of some disorders (Fig. 3b). In un-
successful cases, structures adjacent to the uterus (e.g., small intestines
and ovaries) were included in the segmented area (Fig. 3c).

4. Discussion
This study demonstrated that automatic uterine segmentation was

Table 1
Average value of the Dice similarity coefficient of our model for uterine seg-
mentation with and without uterine disorders.

+ - p-value
endometria cancer 0.86 [0.82, 0.90] 0.81 [0.78, 0.84] 0.60
cervical cancer 0.79 [0.72, 0.85] 0.82 [0.79, 0.85] 0.10
leiomyoma 0.85 [0.82, 0.87] 0.79 [0.75, 0.83] 0.09
Any disease 0.84 [0.82, 0.84] 0.78 [0.72, 0.83] 0.19
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Table 2
Average value of the mean absolute distance [pixels] of our model for uterine
segmentation with and without uterine disorders.

+ - p-value
endometria cancer 16.4 [9.90, 22.9] 20.1 [14.2, 25.9] 0.67
cervical cancer 24.3 [12.6, 35.9] 19.0 [13.2, 24.8] 0.23
leiomyoma 18.9 [13.3, 24.6] 20.2 [11.8, 28.7] 0.25
Any disease 18.5 [13.8, 23.1] 21.4 [10.3, 32.5] 0.39

Fig. 3. Representative result of automatic segmentation of the uterus.

Left: sagittal T2-weighted MR image,

Right: fusion image of the sagittal T2-weighted MR image and the results of
automatic segmentation of the uterus by our model.

a: Normal uterus

The result of automatic segmentation was good. Dice similarity coefficient was
0.95 and the score of visual evaluation was 4 for both readers.

b: Uterus with subserosal leiomyoma

The result of automatic segmentation was good, including subserosal leio-
myoma on the posterior myometrium (Left, arrow). Dice similarity coefficient
was 0.87 and the score of visual evaluation was 4 for both readers.

c: Normal uterus

Small intestine around uterus (Left, arrow) was included in the area of auto-
matic segmentation. Dice similarity coefficient was 0.68 and the score of visual
evaluation was 2 for both readers.

feasible using a CNN, regardless of the presence of major uterine dis-
orders. In the future, automatic segmentation of the uterus could be
further combined with automatic lesion detection or computer-aided
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diagnosis of uterine diseases by deep learning methods. Moreover,
automatic segmentation of other organs could be performed in a similar
manner as that used in the present study.

To the best of our knowledge, there have been few studies regarding
automatic segmentation of the uterus on MRI. Before the development of
U-net, Fallahi et al. and Militello et al. reported automatic uterine seg-
mentation in patients with uterine leiomyoma [24,25]. They used the
Fuzzy C-means algorithm and morphological operations for automatic
segmentation; the DSCs of their studies were 0.80 and 0.88, respectively.
Compared with our study, the numbers of patients were limited in their
studies (122 in our study vs. 10 in Fallahi’s study and 15 in Militello’s
study); our study also included patients with uterine diseases other than
uterine leiomyoma. This could increase the versatility and robustness of
our model concerning automatic uterine segmentation. In addition, vi-
sual assessment by radiologists was not performed in the prior studies.
One of the strengths of our study is that we validated the performance of
our segmentation system in a clinical context. There have been a few
studies regarding automatic segmentation of uterine leiomyoma
[25-28]. While we focused on automatic segmentation of the uterus, our
methodology can also be applied to automatic segmentation of uterine
leiomyoma. By constructing region of interest on uterine leiomyomas for
the reference standard, and using our U-net architecture, automatic
segmentation of uterine leiomyoma could be achieved. Automatic seg-
mentation of uterus could also be utilized for uterine lesions, including
leiomyomas, by applying cascaded segmentation. Although manual
segmentation is frequently performed to evaluate treatment outcomes in
uterine leiomyoma, manual segmentation is operator-dependent and
laborious [28]. Our segmentation system might be useful in evaluating
treatment outcomes of uterine leiomyoma.

A recent report of automatic segmentation of prostate using U-net on
T2-weighted MR images demonstrated promising results; the mean DSC
was 0.927 for the total prostate gland and 0.793 for the total peripheral
zone [15]. Although the mean DSC of our model was relatively high
(0.82), it did not match that of the result of automatic segmentation of
the prostate. This could be because the uterus is anatomically more
complex than the prostate. Notably, the uterus sometimes bends forward
or backward; in subserosal uterine leiomyoma, the uterus outline could
be changed dramatically. Furthermore, there are many organs around
the uterus (e.g., bladder, small intestine, colon, and ovaries). In addition,
the size and shape of the uterus are frequently affected by the age of the
patient, whereas the size and shape of the prostate are less affected by
age [29]. This problem involving anatomical variation could be over-
come by including more patients for training of the model.

DSC and the score of the visual evaluation were not significantly
different between uteruses with and without uterine disorders, which
was contrary to our expectation (i.e., automatic segmentation of uter-
uses with some disorders would be difficult compared to that of uteruses
without the disorders). Some cases with poor segmentation were found
to include small intestines, ovaries, and bladders in the automatically
segmented area (Fig. 3c). To improve the accuracy of automatic seg-
mentation of these cases, the use of MR images of various sequences
might be helpful (e.g., T1-weighted and diffusion-weighted images).
Small intestines and colons often exhibit high signal intensity on T1-
weighted images; ovaries typically exhibit high signal intensity on
diffusion-weighted images for patients of reproductive age, such that
these could be easily differentiated from the uterus [30]. Another so-
lution might be to use a 3D convolutional neural network for segmen-
tation, as 3D anatomical information regarding the uterus could
improve the accuracy of segmentation.

Our study had a few limitations. This was a small feasibility study
with a retrospective design in a single institution. The performance of
CNN has been shown to increase logarithmically with larger datasets
[1]; thus, larger MRI datasets will likely improve the performance of
automatic segmentation. In addition, the datasets included in our
research were obtained with a single MR scanner vendor. To increase
versatility and robustness, a multi-center and multi-scanner (i.e.,
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multi-vendor) prospective study is desirable. Furthermore, we evaluated
our model using three-fold cross-validation. Although this method could
serve as an unbiased predictor, evaluation of the model using a separate
test dataset would provide more objective verification. In the future, we
plan to apply our model to MRI datasets obtained with various MR
scanners in various institutions.

In conclusion, automatic uterine segmentation was clinically feasible
with CNN, regardless of the presence of major uterine disorders. This
method may be valuable for automatic detection and computer-aided
diagnosis of uterine diseases in the future.
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