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TITLE OF THE INVENTION

METHODS AND SYSTEMS FOR SEGMENTING ORGANS IN IMAGES USING
A CNN-BASED CORRECTION NETWORK

CROSS-REFERENCE TO RELATED APPLICATIONS

This application claims priority from U.S. Provisional Application Serial
No. 62/712,619 filed on 31 July 2018 and U.S. Provisional Application Serial No.
62/850,225 filed on 20 May 2019, which are incorporated herein by reference in

their entirety.

STATEMENT REGARDING FEDERALLY SPONSORED RESEARCH OR
DEVELOPMENT

This invention was made with government support under grant number
R01-HS022888 awarded by Agency for Health Care Research and Quality

(AHRQ). The government has certain rights in the invention.

MATERIAL INCORPORATED-BY-REFERENCE

Not Applicable.

FIELD OF THE INVENTION

The present disclosure generally relates to methods for MRI-guided
adaptive radiotherapy (MR-IGART).

SUMMARY OF THE INVENTION

Among the various aspects of the present disclosure is the provision of a
method of expediting a contouring process for MRI-guided adaptive radiotherapy
(MR-IGART) comprising applying a convolutional neural network (CNN), wherein
the CNN accurately segments organs (e.g., the liver, kidneys, stomach, bowel,

duodenum) in 3D MR images.

An aspect of the present disclosure provides for a method of segmenting
contours of one or more abdominal cavity organs. In some embodiments, the
method comprises (i) providing an image dataset; (ii) applying a first
convolutional neural network (sub-CNN1) to the image dataset, resulting in a

label probability map of sub-CNN1 (P1) (segmentation results); (iii) applying a
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correction network comprising a second convolutional neural network (sub-
CNN2) and a third convolutional neural network (sub-CNN3) to P1 comprising:
(a) applying the second convolutional neural network (sub-CNN2) to the label
probability map of sub-CNN1 (P4), resulting in a label probability map of sub-
CNN2 (P2); (b) concatenating the image dataset, P+, and P»; or (c) applying the
third convolutional neural network (sub-CNN3) to the image dataset, P4, and P2.
In some embodiments, applying the first convolutional neural network and the

correction network results in accurately segmented organs in images.

In some embodiments, the method comprises training sub-CNN1, sub-
CNN2, and sub-CNN3. In some embodiments, training comprises: training each
of sub-CNN1, sub-CNN2, and sub-CNN3 parameters using whole 3D images to
incorporate anatomical contextual information; randomizing sub-CNN1, sub-
CNN2, and sub-CNN3 parameters using a Gaussian distribution; calculating a
cross entropy loss function using a softmax classifier for sub-CNN1, wherein
sub-CNN2 and sub-CNN3 are constant; calculating a cross entropy loss function
using a softmax classifier for sub-CNN2, wherein sub-CNN1 and sub-CNN3 are
constant; or calculating a cross entropy loss function using a softmax classifier
for sub-CNN3, wherein sub-CNN1 and sub-CNN2 are constant.

In some embodiments, one or more abdominal cavity organs are selected

from gastrointestinal (Gl) organs or organs at risk (OAR).

In some embodiments, the one or more abdominal cavity organs are

selected from one or both kidneys, a liver, a stomach, a bowel, or a duodenum.

In some embodiments, the one or more abdominal cavity organs is an
unstable organ selected from one or more of the group consisting of. a stomach,

a bowel, or a duodenum.

In some embodiments, the label probability map of sub-CNN1 (P+)
(segmentation results) are refined through iterative error feedback comprising
feeding erroneous labeling and the image dataset into the correction network,
wherein the correction network iteratively corrects erroneous labels and

improves segmentation accuracy.

In some embodiments, the image dataset is a MR image dataset ora CT

image dataset.
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In some embodiments, the correction network generates segmentations
with possible organs shapes and locations; iteratively improves the P (the
segmentation results); is incorporated into the whole network and capable of
being trained from end-to-end; or performs robustly and does not require careful

parameter fine tuning.

In some embodiments, the correction network implicitly enforces
anatomical constraints selected from the group consisting of: (i) shape of one or
more organs or (ii) relative locations of multiple organs, wherein the relative
locations among multiple organs comprises (a) kidney almost never appears

anterior to a bowel and/or (b) stomach almost never touches a kidney.

In some embodiments, the correction network results in increased
accuracy of segmentation results compared to densely connected conditional
random field (CRF).

Another aspect of the present disclosure provides for a convolutional
neural network (CNN)-based artificial neural network system implemented on a
computer for organ segmentation by voxel-wise label prediction in images. In
some embodiments, the system comprises: a first CNN sub-network (sub-
CNN1); or a correction network comprising at least a second CNN sub-network
(sub-CNN2) and a third CNN sub-network (sub-CNN3).

In some embodiments, the system comprises a 3D image dataset as

input.

In some embodiments, the artificial neural network is trained using 3D

images to incorporate anatomical contextual information.

In some embodiments, sub-CNN2 and sub-CNN3 learn to fix an
erroneous classification of its previous network, sub-CNN1 and sub-CNN2,
respectively; sub-CNN1 is configured to receive an input 3D image and generate
predicted organ segmentation maps; or sub-CNN2 and sub-CNN3 enforce

implicit anatomical constraints.

In some embodiments, sub-CNN1, sub-CNN2, and sub-CNN3 are trained,
wherein training comprises: training each of sub-CNN1, sub-CNN2, and sub-

CNN3 parameters using whole 3D images to incorporate anatomical contextual
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information; randomizing sub-CNN1, sub-CNN2, and sub-CNN3 parameters
using a Gaussian distribution; calculating a cross entropy loss function using a
softmax classifier for sub-CNN1, wherein sub-CNN2 and sub-CNN3 are
constant; calculating a cross entropy loss function using a softmax classifier for
sub-CNN2, wherein sub-CNN1 and sub-CNN3 are constant; or calculating a
cross entropy loss function using a softmax classifier for sub-CNN3, wherein
sub-CNN1 and sub-CNN2 are constant.

In some embodiments, the system comprises the use of an Adam

optimizer with a constant learning rate.

In some embodiments, the organ segmentation is performed on unstable
organs selected from the group consisting of a stomach, a bowel, or a

duodenum, or a combination thereof.

In some embodiments, the system is used in conjunction with MRI-guided
adaptive radiotherapy treatment systems, MRI-guided adaptive radiotherapy
planning systems, or combination MRI-guided adaptive radiotherapy treatment

and planning systems.

Another aspect of the present disclosure provides for an MRI-guided

radiation treatment system comprising the use of the above-disclosed methods.

Another aspect of the present disclosure provides for an MRI-guided
radiation treatment system comprising the CNN-based artificial neural network

system described above.

Other objects and features will be in part apparent and in part pointed out

hereinafter.

DESCRIPTION OF THE DRAWINGS

Those of skill in the art will understand that the drawings, described
below, are for illustrative purposes only. The drawings are not intended to limit

the scope of the present teachings in any way.

FIG. 1. Examples of manual contours in different datasets. Top row:
original image, Bottom row: the manual contours. Stomach, bowel and

duodenum are represented by dashed lines. Liver and kidneys are represented
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by solid lines.
FIG. 2. The architecture of the disclosed network.

FIG. 3. The architecture of a dense block. The first four convolutional
layers of the dense block in FIG. 2 are illustrated. Input/Output image sizes and
convolutional filter sizes are shown in dashed boxes. X1, Xz, X3, X4 are

concatenated in the next layer to achieve dense connectivity.
FIG. 4. Top row: segmentation results, Bottom row: the ground truth.

FIG. 5. 3D surfaces comparison between segmentation results and the
ground truth. The ground truths were represented by meshes. The segmentation

results were represented by surfaces.

FIG. 6. Selected slices where small portion of bowel and stomach were

mislabeled as kidney.

FIG. 7. Selected slices where small portion of bowel was mislabeled as

stomach.

FIG. 8. The segmented kidney shows up at its normal location as
opposed to the transplanted location, suggesting the network's ability to enforce

anatomical constraints.

DETAILED DESCRIPTION OF THE INVENTION

The present disclosure is based, at least in part, on the discovery that the
presently disclosed convolutional neural network (CNN) (designed to accurately
segment the liver, kidneys, stomach, bowel, and duodenum in 3D MR images)
can expedite the contouring process for MRI-guided adaptive radiotherapy (MR-
IGART). As shown herein, the disclosed method will be very useful in the MR
image guided radiation therapy process for abdominal cancer treatments,

especially for the online adaptive radiation therapy cases.

Here is described the automatic segmentation of the abdominal organs,
particularly the gastrointestinal (Gl) organs using a deep learning network

comprising CNN and a correction network.

The presently disclosed CNN-based segmentation method accurately

segments multiple organs including digestive organs in one single forward
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prediction. The CNN-based segmentation method comprises a correction
network that implicitly enforces a certain level of anatomical constraints and
iteratively improves the segmentation results. It is presently believed that this is
the first time a CNN-based method was applied to segment both the stable
organs such as the liver and kidneys and the unstable organs such as the

stomach, bowel, and duodenum.

The disclosed system and methods can support online plan adaptation.
Manual segmentation requires about 15 minutes, and disallows all possible

automations (e.g., dose prediction, dose evaluation, plan re-optimization).

The methods and systems described herein were shown to expedite the
contouring process for MR-IGART and accurately contour multiple abdominal
organs from a MR-guided radiation treatment system (e.g., a 3D Viewray MRI).
As described herein (see e.g., Example 1), a dataset was prepared (see e.g.,
FIG. 1), a network was designed (see e.g., FIG. 2, FIG. 3), the parameters of the

dataset and the model were trained, and the system was tested.

ConvoLUTIONAL NEURAL NETWORK (CNN) FOR IMAGE SEGMENTATION OF
ORGANS

Described herein is the use of a correction network to implicitly enforce
certain level of anatomical constraints and generate segmentations with
plausible organs shapes and locations. The correction network includes multiple
sub-CNNs that implicitly learn the global context and rectify the spurious labeling
from previous sub-CNNs. The global context can include where each and every
organ is relatively located, respective to the whole abdomen and pelvis, and
respective to other organs in the abdomen and pelvis. For example, the liver is
always located to the right side of the abdomen, under the right liver, and spleen
is always on the left side. Instead of predicting the labeling output in a single step
(like conventional CNN), the correction network refines the segmentation results
through iterative error feedback by feeding the erroneous labeling along with the
original image into the correction network. Unlike the CRF which is an add-on
post-processing step, the correction network can be effectively incorporated into
the whole network and trained from end-to-end. Unlike the hard-to-train GAN or

WGAN networks which need subtle parameters fine tuning for convergence, the
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correction network can perform robustly and does not require careful parameter

fine tuning.

The correction network can comprise sub-CNNs, where sub-CNN can
comprise a dense block, a batch normalization (BN), ReLU, a fully connected

layer, and/or transpose convolution layers, or a suitable substitution thereof.

Medical image segmentation has been studied for decades but remains a
challenging problem today. Since the invention of the convolutional neural
network (CNN), there have been many attempts to utilize CNNs for various
image segmentation tasks. Most of the early methods used a simple “sliding
window” approach which has many drawbacks including huge overlap of image
patches and repeated convolution for the same pixel. In 2015, Shelhamer et al.
proposed a fully convolutional network for image segmentation. Instead of using
“sliding window”, transpose convolutional layers were applied to up-sample
output images to achieve dense inference. In the same year, Ronneberger et al.
proposed a novel architecture, called U-Net, which consists of equal numbers of
down-sampling and up-sampling layers to segment cell structures. After the
invention of U-Net, many CNN-based segmentation methods have been
proposed and have achieved state-of-the-art performances in different medical
image segmentation tasks. Cicek et al. extended the 2D U-Net to 3D and trained
their CNN model using only sparse annotations. They achieved an average Dice
coefficient of 0.863 on Xenopus kidney segmentation using semi-auto
segmentation. Zhou et al. proposed a fully convolutional network with 3D major
voting for 3D CT image segmentation of 19 types of targets in the human body.
The network was trained using multiple 2D slices and then integrated for 3D
classification by major voting. Lu et al. used a 3D CNN with 11 convolution
layers to segment liver from CT images. The segmentation results of liver on CT
were post-processed using the graph cut method. Hu et al. used a similar CNN
architecture for liver segmentation. The results were refined using globally
optimized surface evolution. V-Net was proposed by Milletari et al. to segment
the prostate on MRI. V-Net used a different objective function that was based on
Dice coefficients to overcome the class imbalance problem. Many CNN-based

methods have been proposed to segment the human brain. Moeskops et al.
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used a multi-scale CNN method to segment 6 brain tissues from MRI. Kamnitsas
et al. proposed a multi-pathway CNN network, called DeepMedic, to segment
brain lesions. The results of the DeepMedic network were further refined using a
Conditional Random Field (CRF) model. A 3D deeply supervised network was
proposed by Dou et al. to segment liver and heart from 3D MR images. The
network was deeply supervised in the sense that the loss function was
calculated using outputs from multiple layers. Huang et al. proposed a densely
connected convolutional network (DenseNet) and achieved state-of-the-art
performance on natural image classification and recognition. DenseNet explored
the idea of feature reuse which alleviated the gradient exploding/vanishing
problem and made the network converge faster. Yu et al. proposed a
DenseVoxNet which extended the DenseNet to cardiac segmentation on 3D MR

images.

Up to now, most CNN-based segmentation methods have focused on the
brain and liver because they are stable organs. Very few methods have been
proposed to segment the digestive organs, due to the instability of the organs.
As disclosed herein, the segmentation targets include both stable organs (liver
and kidney) and unstable digestive organs (stomach, bowel, and duodenum)
from 3D MR images. It is very challenging for the CNN to learn stable
representative features for the digestive organs because the appearances,
shapes, and sizes of these organs are highly unstable from day to day

depending on different food intake and digestion process.

Aside from the intensity information, the shapes and locations of the
target organs also provide important cues for accurate manual segmentation.
CNN methods which are trained to represent high-level textural information could
generate segmentations that tend to preserve the shapes of the target objects
because pixels from the same objects often share substantial similar appearance
textures. However, the CNN methods may generate suboptimal segmentation
such as inaccurate delineation and noisy small spurious labeling due to the lack
of necessary contextual constraints that encourage spatial smoothness and
plausible shapes of the target objects. In the presently disclosed segmentation
task, examples of the necessary anatomical constraints include the shape of

each organ and the relative locations among multiple organs such as (a) kidney
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almost never appears anterior to the bowel; (b) stomach almost never touches

kidney and so on.

CRF has been frequently applied as a post-processing step to improve
the segmentation results. Densely connected CRF (DC-CRF) was proposed to
explicitly model the global pairwise relationships of each pixel with every other
pixel in the image. However, DC-CRF is extremely memory intensive and usually
impractical for strict implementation especially for large 3D datasets. To alleviate
the problem, Philipp Krahenbuhl et al. proposed to use combination of high-
dimensional filters for efficient approximation of DC-CRF. Lin et al. built a deep
structured model by only modeling the output labeling dependency within a small
neighborhood region. However, these methods tend to work locally and do not
effectively enforce the global dependencies due to the small filtering kernel sizes
and the small neighborhood region. Moreover, it is challenging to find a global
set of parameters for the CRF that can consistently improve the segmentation

results for all classes in multi-class segmentation.

Generative Adversarial Networks (GAN) have also been applied to help
CNN to predict plausible structural labeling by employing a discriminator which
learns to discriminate between the CNN-predicted labels and the ground truth
labels. One disadvantage of GAN is that it is very difficult to train and is very
sensitive to hyperparameters. To facilitate easy training, Martin Arjovsky et al.
proposed a Wasserstein GAN (WGAN) which uses Wasserstein distance as an
improved differentiable metric during the training. However, Mescheder et al.
showed that the WGAN method does not provide guaranteed convergence. It
was attempted to employ both GAN and WGAN to solve the specific multi-organ

segmentation task without success, which shows the difficulty to train a GAN.

DATASET

As described herein, a dataset can be prepared from any CT or MR
image (e.g., for use in a MR-guided radiation treatment system). The dataset can
include contours from gastrointestinal (Gl) organs and organs at risk (OAR) (e.qg.,
pancreas, liver, stomach, adrenal gland, and prostate). A dataset can be
prepared by manually contouring the Gl and OAR organs. The dataset can be a

training dataset, a validation dataset, or a testing dataset. The dataset can be
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cropped, down-sampled, and padded (e.g., to a 128x128x64 size) to avoid
memory overflow. For example, the datasets can be prepared using an amount
of datasets sufficient to train the network. For example, the datasets can be
prepared using about 120 MR-guided radiation treatment system (e.g., Viewray)
patient datasets. The datasets can include Gl and OARs, such as the pancreas,
liver, stomach, adrenal gland, or prostate. Manually and carefully contoured liver,
kidneys, stomach, duodenum, and bowel were used for the training, validation,
and testing datasets (e.g., 100 training datasets, 10 validation datasets, and 10
testing datasets were utilized). The datasets can be cropped, down-sampled,

and padded to, for example, 128x128x64 size.

TRAINING

Training of the network can be performed by any training method currently
known in the art (see e.g., Abiodun et al. State-of-the-art in artificial neural
network applications: A survey Heliyon 4 (2018) e00938). For example, training
of the network can be performed by piecewise training of sub-CNNs using an
optimizer, such as an Adam optimizer with a constant learning rate between
about 1e-4 and 0.4. A batch size of 1 or more can be used. At least about 100

epochs can be used.

TESTING

Testing can be performed on MR datasets. Measuring the effects of the

correction network was performed by comparing to CNN and CNN+CRF.

As described herein, DICE and Hausdorff distances were measured,
segmentation results were compared, and improved contouring time analysis
was demonstrated. Dice coefficients and Hausdorff distance (HD) were
calculated to evaluate segmentation accuracy of the disclosed method. These
calculated values showed that the present disclosure provides a more accurate
method to segment organs than another method, conditional random field (CRF),
where CRF is conventionally used only as a post-processing step. Results are
described in Example 1. As described herein, the presently disclosed network

can expedite the contouring process for MR-IGART.

10
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MR-IGART

Shown herein are methods and systems to expedite the contouring
process for MRI-guided adaptive radiotherapy (MR-IGART). As described
herein, a convolutional neural network (CNN) was designed to accurately

segment the liver, kidneys, stomach, bowel, and duodenum in 3D MR images.

As shown herein, the disclosed method can be used in the MR image
guided radiation therapy process for abdominal cancer treatments, especially for

the online adaptive radiation therapy cases.

As described herein, the MRIdian (ViewRay Inc. Oakwood Village, OH,
USA) radiation treatment system combines real-time MR image guidance and
intensity modulated radiation therapy (IMRT) technologies to allow soft tissue
visualization and accurate tumor targeting. In addition, MRIdian has the
capability of online MR image-guided adaptive radiotherapy (MR-IGART). With
MR-IGART, treatment plans can be adapted to the daily patient anatomy just
prior to a fraction to maximize target coverage while minimizing the toxicities to

the surrounding organs-at-risk (OAR).

CONTOURING ORGANS

As described herein, accurate contouring of critical OARs is one of the
keys to MR-IGART. Contouring uncertainties can translate into undesired dose
distributions on actual anatomy; however, manual OAR contouring is a time-
consuming process which is subject to inter-observer variation. The time
required by the contouring process is a principal bottleneck for treatment plan
adaptation. Reported by Lamb et al. after studying 80 online MR-IGART cases,
the median time of the adaptive process prior to beam delivery was 54 min, with
the re-contouring process requiring up to 22 min. Although the ViewRay
treatment planning and delivery system can automatically propagate planning
contours based on deformable image registration (DIR), Lamb et al. found that it
was preferable to manually re-contour the OARs from scratch due to
unsatisfactory automatic contour propagation results. The slow manual re-
contouring process can limit the patient treatment throughput, decrease patient

comfort, increase the effect of intra-fraction organ motion and decrease the

11
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effectiveness of online plan adaptation. Automatic and accurate OAR

segmentation methods, as described herein, can greatly benefit MR-IGART.

The methods and algorithms of the invention may be enclosed in a
controller or processor. Furthermore, methods and algorithms of the present
invention, can be embodied as a computer implemented method or methods for
performing such computer-implemented method or methods, and can also be
embodied in the form of a tangible or non-transitory computer readable storage
medium containing a computer program or other machine-readable instructions
(herein “computer program”), wherein when the computer program is loaded into
a computer or other processor (herein “computer”) and/or is executed by the
computer, the computer becomes an apparatus for practicing the method or
methods. Storage media for containing such computer program include, for
example, floppy disks and diskettes, compact disk (CD)-ROMs (whether or not
writeable), DVD digital disks, RAM and ROM memories, computer hard drives
and back-up drives, external hard drives, “thumb” drives, and any other storage
medium readable by a computer. The method or methods can also be embodied
in the form of a computer program, for example, whether stored in a storage
medium or transmitted over a transmission medium such as electrical
conductors, fiber optics or other light conductors, or by electromagnetic radiation,
wherein when the computer program is loaded into a computer and/or is
executed by the computer, the computer becomes an apparatus for practicing
the method or methods. The method or methods may be implemented on a
general purpose microprocessor or on a digital processor specifically configured
to practice the process or processes. When a general-purpose microprocessor is
employed, the computer program code configures the circuitry of the
microprocessor to create specific logic circuit arrangements. Storage medium
readable by a computer includes medium being readable by a computer per se
or by another machine that reads the computer instructions for providing those
instructions to a computer for controlling its operation. Such machines may

include, for example, machines for reading the storage media mentioned above.

Definitions and methods described herein are provided to better define
the present disclosure and to guide those of ordinary skill in the art in the

practice of the present disclosure. Unless otherwise noted, terms are to be

12
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understood according to conventional usage by those of ordinary skill in the

relevant art.

In some embodiments, numbers expressing quantities of ingredients,
properties such as molecular weight, reaction conditions, and so forth, used to
describe and claim certain embodiments of the present disclosure are to be
understood as being modified in some instances by the term “about.” In some
embodiments, the term “about” is used to indicate that a value includes the
standard deviation of the mean for the device or method being employed to
determine the value. In some embodiments, the numerical parameters set forth
in the written description and attached claims are approximations that can vary
depending upon the desired properties sought to be obtained by a particular
embodiment. In some embodiments, the numerical parameters should be
construed in light of the number of reported significant digits and by applying
ordinary rounding techniques. Notwithstanding that the numerical ranges and
parameters setting forth the broad scope of some embodiments of the present
disclosure are approximations, the numerical values set forth in the specific
examples are reported as precisely as practicable. The numerical values
presented in some embodiments of the present disclosure may contain certain
errors necessarily resulting from the standard deviation found in their respective
testing measurements. The recitation of ranges of values herein is merely
intended to serve as a shorthand method of referring individually to each
separate value falling within the range. Unless otherwise indicated herein, each
individual value is incorporated into the specification as if it were individually

recited herein.

In some embodiments, the terms “a” and “an” and “the” and similar
references used in the context of describing a particular embodiment (especially
in the context of certain of the following claims) can be construed to cover both
the singular and the plural, unless specifically noted otherwise. In some
embodiments, the term “or” as used herein, including the claims, is used to mean
“and/or’ unless explicitly indicated to refer to alternatives only or the alternatives

are mutually exclusive.

The terms “comprise,” “have” and “include” are open-ended linking verbs.

13
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Any forms or tenses of one or more of these verbs, such as “comprises,”
“‘comprising,” “has,” “having,” “includes” and “including,” are also open-ended.
For example, any method that “comprises,” “has” or “includes” one or more steps
is not limited to possessing only those one or more steps and can also cover
other unlisted steps. Similarly, any composition or device that “comprises,” “has”
or “includes” one or more features is not limited to possessing only those one or

more features and can cover other unlisted features.

All methods described herein can be performed in any suitable order
unless otherwise indicated herein or otherwise clearly contradicted by context.
The use of any and all examples, or exemplary language (e.g. “such as”)
provided with respect to certain embodiments herein is intended merely to better
illuminate the present disclosure and does not pose a limitation on the scope of
the present disclosure otherwise claimed. No language in the specification
should be construed as indicating any non-claimed element essential to the

practice of the present disclosure.

Groupings of alternative elements or embodiments of the present
disclosure disclosed herein are not to be construed as limitations. Each group
member can be referred to and claimed individually or in any combination with
other members of the group or other elements found herein. One or more
members of a group can be included in, or deleted from, a group for reasons of
convenience or patentability. When any such inclusion or deletion occurs, the
specification is herein deemed to contain the group as modified thus fulfilling the

written description of all Markush groups used in the appended claims.

All publications, patents, patent applications, and other references cited in
this application are incorporated herein by reference in their entirety for all
purposes to the same extent as if each individual publication, patent, patent
application or other reference was specifically and individually indicated to be
incorporated by reference in its entirety for all purposes. Citation of a reference
herein shall not be construed as an admission that such is prior art to the present

disclosure.

Having described the present disclosure in detail, it will be apparent that

modifications, variations, and equivalent embodiments are possible without
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departing the scope of the present disclosure defined in the appended claims.
Furthermore, it should be appreciated that all examples in the present disclosure

are provided as non-limiting examples.

EXAMPLES

The following non-limiting examples are provided to further illustrate the
present disclosure. It should be appreciated by those of skill in the art that the
techniques disclosed in the examples that follow represent approaches the
inventors have found function well in the practice of the present disclosure, and
thus can be considered to constitute examples of modes for its practice.
However, those of skill in the art should, in light of the present disclosure,
appreciate that many changes can be made in the specific embodiments that are
disclosed and still obtain a like or similar result without departing from the spirit

and scope of the present disclosure.

ExAMPLE 1: A NoveL MRI SEGMENTATION METHOD USING CNN BASED
CORRECTION NETWORK FOR MRI-GUIDED ADAPTIVE RADIOTHERAPY

The following example describes methods to expedite the contouring
process for MRI-guided adaptive radiotherapy (MR-IGART). A convolutional
neural network (CNN) was designed to accurately segment the liver, kidneys,

stomach, bowel, and duodenum in 3D MR images.

The purpose of this study was to expedite the contouring process for MRI-
guided adaptive radiotherapy (MR-IGART) by developing a convolutional neural
network (CNN) deep-learning (DL) model that can accurately segment the liver,

kidneys, stomach, bowel, and duodenum in 3D MR images.

Images and structure contours for 120 patients were collected
retrospectively. Treatment sites included pancreas, liver, stomach, adrenal
gland, and prostate. The disclosed DL model contains a voxel-wise label
prediction CNN and a correction network which consists of two sub-networks.
The prediction CNN and sub-networks in the correction network each includes a
dense block which consists of twelve densely connected convolutional layers.
The correction network was designed to improve the voxel-wise labeling

accuracy of a CNN by learning and enforcing implicit anatomical constraints in
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the segmentation process. Its sub-networks learn to fix the erroneous
classification of its previous network by taking as input both the original images
and the softmax probability maps generated from its previous sub-network. The
parameters of each sub-network were trained independently using piecewise
training. The model was trained on 100 datasets, validated on 10 datasets and
tested on the remaining 10 datasets. Dice coefficient and Hausdorff distance

(HD) were calculated to evaluate the segmentation accuracy.

The disclosed DL model was able to segment the organs with good
accuracy. The correction network outperformed the conditional random field
(CRF), a most comparable method that is usually applied as a post-processing
step. For the 10 testing patients, the average Dice coefficients were 95.3 £ 0.73,
93.1+£2.22, 850375, 86.6 £2.69, and 65.5 + 8.90 for liver, kidneys, stomach,
bowel, and duodenum, respectively. The mean Hausdorff Distance (HD) were
541+234,623+459, 688 +4.89,590+4.05 and 7.99 £ 6.84 mm,
respectively. Manual contouring, as to correct the automatic segmentation

results, was four times as fast as manual contouring from scratch.

The disclosed method can automatically segment the liver, kidneys,
stomach, bowel, and duodenum in 3D MR images with good accuracy. It is

useful to expedite the manual contouring for MR-IGART.

Material and Methods

Datasets

MRI datasets of 120 ViewRay patients were retrospectively collected with
IRB approval. Treatment sites of the 120 patients include pancreas, liver,
stomach, adrenal gland, and prostate. All patient images were originally acquired
for daily image guidance or MR-IGART with a balanced steady-state free
precession pulse sequence (TrueFISP). In-plane resolution was 1.5 x 1.5 mm?

and slice thickness was 3 mm.

Liver, both kidneys, stomach, duodenum, and bowel were manually
contoured. Accurate contouring is essential for the training of a high-quality
network. A special in-house software was developed with sophisticated functions

to support accurate delineation and contour refinement. The contours were
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sequentially checked and refined by multiple trained professionals to make sure
the final contours were of high quality. The manual contouring process was very
time-consuming because of several reasons. First, the datasets include 120
cases with an average image size of 256 x 256 x 64 voxels. Second, digestive
organs especially duodenum and bowel are difficult to contour manually. The
appearances of bowel and duodenum are often blurred because of the
abdominal motion. Image quality is significantly lower than diagnostic MRIs due
to the low MR field strength (0.3 T) and the quick (17 or 25 s) 3D MRI scan
sequences. Bowel and duodenum are usually very difficult to track. Duodenum
sometimes does not show clear boundaries on the image because patients often
cannot hold breath during the quick MRI scans. In the case shown in FIG. 1(a),
the duodenum was essentially invisible, had to be manually contoured relying on
anatomical knowledge. Manual contouring of such cases was very subjective
and time-consuming. Contouring of bowel was also a very time-consuming
procedure which usually required repeated slices navigation back and forth to
follow the tubular structure in the axial view (the view in the highest image
resolution). In the example shown in FIG. 1(b), the target organs are very close
to each other. This makes it challenging to accurately delineate the organ
boundaries. On average, it took around 2 h to contour each dataset and totally
~240 h to contour all the 120 datasets.

In preprocessing, all MRIs were cropped to keep only the relevant region
covering the organs of interest. Instead of patch-based training, the network was
trained on the whole images to preserve the global anatomical constraints such
as the relative locations among the target organs. However, training on the
whole images is very memory intensive. Therefore, the images were resampled

and zero-padded to 128 x 128 x 64 pixels to avoid GPU memory overflow.

Network architecture

The architecture of the disclosed network is shown in FIG. 2. The network
consists of three sub-CNN networks represented by the gray-dashed boxes. The
sub-CNN2 and sub-CNN3 are the correction network that is used to improve the
segmentation results of sub-CNN1 (P+1). The label probability maps P1 and P2

were smoothed using a mean filtering kernel of 3 x 3 x 3 size to encourage

17



WO 2020/028352 PCT/US2019/044118

10

15

20

25

30

spatial continuity and smoothness. The original images and the smoothed label
probability maps from a sub-CNN were concatenated and fed to the next sub-
CNN as input. Each sub-CNN contains a dense block, a batch normalization
(BN), ReLU, a fully connected layer and transpose convolution layers. The
dense block is essentially 12 densely connected convolutional layers as shown
in FIG. 3. The dense block design was chosen because it was efficient in high-
level feature learning and could potentially alleviate the problem of gradient
exploding/vanishing by encouraging information propagation from previous
layers. Before the dense block, a convolution stride of two was designed to halve
the feature map size while keeping a large reception field. The transpose
convolution layers were used to up-sample the feature maps to the size of the
original input images. The batch normalization layers (BN) before each
convolution layer were designed to reduce internal covariate shift of the input
data to each layer. Each sub-CNN has its own loss function denoted by Loss (6)
in FIG. 2. To alleviate the problem of potential overfitting, a dropout layer was

appended to each convolutional layer with an empirical dropout rate of 0.2.

Training configuration

The disclosed network was implemented using Tensorflow. The network
was trained from end-to-end using piecewise training as the parameters of the
sub-CNN were trained by minimizing its corresponding loss function while
keeping the parameters of other sub-CNNs constants. Softmax cross-entropy
was used in the loss calculations. The training parameters were initialized
randomly using a Gaussian distribution (mean = 0, SD = 0.01). The network was
trained using Adam optimizer with a constant learning rate of 1e-4. The learning
process was assessed using the 10 validation datasets at every 500 iterations.
The training process was stopped if the mean DICE did not improve for five
consecutive validations, for example, 2500 iterations. The network presented in
herein was converged after 300 epochs. A GeForce GTX 1080 Ti GPU with
11GB RAM and 3584 CUDA cores was used for training.

Results

The segmentation results of the disclosed method are demonstrated in
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FIG. 4 in 2D on selected slices of three datasets. Despite large variations in
appearances, shapes, and sizes of stomach and bowel, the disclosed method
was able to segment these organs with high accuracy. To compare the results in
3D, the surfaces of the segmentation results are overlaid on the ground truth in
FIG. 5. To avoid occlusion, bowels are not displayed. Ground truths are
represented by black meshes while segmentation results are represented by
surfaces in color. The surfaces of the segmented organs are in good agreement
with the ground truth. The results of duodenum are generally not as good as that
of the liver, kidney, and stomach. During the manual contouring, it was found to
be most challenging to contour the small duodenum because of its small sizes

and blurred image contrasts.

Spurious labeling correction

The performance of the disclosed method was evaluated on the 10 testing
datasets. For comparison purpose, the segmentation results of sub-CNN1 were
post-processed using a DC-CRF and were compared with the outputs of the
correction network. Philipp Krahenbuhl et al., showed that the pairwise terms of
DC-CRF can be approximated using high-dimensional filtering. The filtering

kernels were defined as:

H 1 1
FE SRR i S
RO
F X

The kernel is essentially a weighted combination of bilateral filtering and
Gaussian filtering. The first exponential term weighted by s the bilateral
kernel, which encourages nearby similar pixels be assigned the same label. The
second exponential term weighted by ¥:is the Gaussian kernel which
encourages local spatial smoothness. For fast inference, #: and ¥: was set to be
3 pixels. Optimal fs was set using grid search. One advantage of the bilateral
filtering is that it could preserve the sharpness of the labels by only averaging
over voxels of similar image intensity. On the contrary, the Gaussian filtering, if
applied multiple times, could generate over-smoothed label maps. Therefore, the
bilateral filtering was applied five times and the Gaussian filter only once in the

implementation.
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The segmentation results of selected slices are demonstrated in FIG. 6
and FIG. 7. FIG. 6 shows slices where small portions of stomach and bowel
were misclassified as kidney (indicated by the black arrow in FIG. 6). FIG. 7
shows a similar situation where part of the bowel was mislabeled as stomach.
This is because stomach and bowel share similar textural information because
both were filled with chyme. As a result, the stomach may sometimes show up at
improper locations such as the right side of the upper abdomen (indicated by
black arrow in FIG. 7). Anatomically, kidneys are almost always posterior to the
bowel and stomach and stomach should be on the left side of the upper
abdomen. However, voxels were classified independent to each other in CNN.
Misclassified organs may appear at unreasonable locations and resultin
anatomically implausible segmentation. Post-processing CRF could sometimes
fix the errors when the erroneous labeling was small as shown in the top row in
FIG. 6. However, it may fail when the erroneous labeling was large as shown in
the bottom row in FIG. 6 and FIG. 7 due to its limited ability in modeling the
complex global structural context. On the contrary, the same problems did not
occur when the erroneous labels of sub-CNN1 were iteratively fixed using follow

up correction networks.

DICE coefficients and Hausdorff distances

The average Dice coefficients were calculated and reported in TABLE 1
for the 10 testing datasets. The CNN+CRF method could remove some of the
spurious labels and make the results more plausible than the CNN. However, it
may sometimes remove true positive labels while removing the false positive
ones resulting in decreased Dice. The Dice of duodenum is the lowest among
the segmented target organs. It was challenging to contour duodenum even
manually because duodenum is a relatively small structure, which often has
highly unstable shapes and blurred boundaries. The beginning (the interface of
duodenum and stomach) and the end (the interface of duodenum and jejunum)
of the duodenum were not well controlled in manual contouring. Therefore, there
are sometimes large discrepancies between the automatic and manual
contouring results at both ends. The Dice drops significantly after CRF for

duodenum because the label of duodenum often appears as small isolated
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segments, which are treated as erroneous labels in the CRF post-processing.
On the contrary, the Dice increases for all the organs after the correction
network.

TABLE 1. DICE comparison for CNN, CNN + CRF and the disclosed method on the 10 testing

cases, mean (standard deviation). Bold values are the best values (highest DICE mean values
and lowest DICE standard deviations)

DICE

Liver Kidney |Stomach |[Bowel |Duodenum

947 92.0 80.7 84.2
CNN 60.4 (7.06)

(0.89) (2.49) (5.57) (2.23)

94 4 93.5 82.1 83.9 39.3
CNN + CRF

(0.88) (1.51) (5.81) (2.71) (19.75)
CNN + Correction 95.3 93.1 85.0 86.6

65.5 (8.90)

Network (0.73) (2.22) (3.75) (2.69)

Hausdorff Distances (HD) were computed to measure the mean and
maximum distance differences between the surfaces of the predicted
segmentation volume and the ground truth volume. To do so, surfaces of the
predicted segmentation volume and the ground truth volume were densely
meshed into triangular elements and HD values were calculated using the
Euclidean distances between the nearest vertices from the two meshing
surfaces. The relative large HD values for the CNN were mainly due to the
erroneous labels such as the ones shown in FIG. 6 and FIG. 7. Compared to
CNN + CRF, the CNN + Correction Network was able to further improve the
results as evidenced by the reduced HD values in TABLE 2.

TABLE 2. HD comparison for CNN, CNN+CRF and the disclosed method on the 10 testing

cases, mean (standard deviation) [maximum] in mm. Bold values are the best values (lowest HD

values).

21



WO 2020/028352 PCT/US2019/044118

10

15

Hausdorff distance
Liver Kidney Stomach |Bowel Duodenum
5.72 6.57
6.79 (6.46)|8.59 (9.15) 8.84 (8.46)
CNN (3.70) (6.26)
[43.6] [63.0] [48.1]
[45.5] [57.3]
5.65 6.58
6.29 (5.10)|7.51 (5.68) 16.65 (14.83)
CNN+CRF (2.57) (6.04)
[35.6] [40.3] [61.5]
[23.7] [54.8]
CNN + 5.41 5.90
_ 6.23 (4.59)|6.88 (4.89) 7.99 (6.84)
Correction (2.34) (4.05)
[25.1] [35.4] [39.8]
Network [22.1] [38.4]

Test on kidney transplanted patient

The disclosed method was tested on a patient with a transplanted kidney.
The patient has only one transplanted kidney at location more anterior than
normal kidney location. Because the network implicitly learns and enforces the
relative location of the organs, the segmented kidney still shows up at its normal
location as indicated by the black arrow in FIG. 8. The transplanted kidney was
misclassified as part of bowel since the kidney was at a location usually
occupied by bowel. This implies that the network was not applicable to patients
with transplanted organs that would normally appear at different from normal
locations. It was attempted to train the network on a patch-based manner where
image patches were randomly sampled and fed into the network. In this
situation, the network generated inferior results in correcting erroneous labels
suggesting its impaired ability in modeling the global anatomical constraints.
Therefore, it is important to train the network using the whole image so that the

anatomical contextual information is learned.

Time cost analysis

The disclosed network took ~12 h to train on the 100 patient datasets.

With an image size of 128 x 128 x 64 pixels, the contour prediction of these
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organs took ~5 s per patient. A contouring experiment was performed to
examine the potential clinical utility of the disclosed method. Three medical
physicist residents participated in the experiment to contour the organs with and
without the help of the initial contours that were predicted by the disclosed
method. The dataset was contoured using an in-house contouring software. The
setup time prior to the actual contouring such as file transfer was not considered
as part of the actual contouring time cost. For comparison, the time costs of the
manual contouring process were recorded. Instead of absolute time cost, relative
time cost ratios were reported to eliminate the time cost variability in different
participants. The results are reported in TABLE 3. With the help of the initial
contours, the manual contouring was on average about 4 times faster than
before.

TABLE 3. The time cost was reported as the ratio of time spent on correcting the auto-
segmented contours over the time spent on contouring the organs from scratch

Participant 1||Participant 2| Participant 3|Mean

0.19 0.26 0.30 0.25

Discussion

It is very challenging to automatically segment the digestive organs
because the sizes, shapes, and appearances of the digestive organs change
largely from day to day depending on food intake and metabolic processes.
Traditional image segmentation methods that use hand crafted features have
had very limited success in application to the gastrointestinal tract. CNN-based
segmentation methods have shown the state-of-art performance in many image
processing tasks. One limitation of the CNN methods is that the networks
classify each voxel independently and may result in unreasonable segmentation.
This phenomenon is more evident in segmenting digestive organs, which share
similar appearance textures. To generate reasonable labels, a correction
network was used to iteratively fix the erroneous labels and improve the
segmentation accuracy. By comparison, the disclosed correction network has

shown superior performance to the DC-CRF. Unlike the CRF which is an add-on
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post-processing step after the CNN, the correction network could be effectively

included in the network and trained from end-to-end using piecewise training.

In the design of the correction network, it was attempted to keep only one
sub-CNN and iterate over the same sub-CNN for multiple times while fixing the
results from sub-CNN1. This is equivalent to use a recurrent network design for
the correction network. However, the results were inferior to the current network
design. This suggests that it is advantageous to use multiple dedicated sub-
networks to improve the result from their immediate previous networks. This
could be due to the relatively stable label distribution of the output of a certain
sub-CNN at a certain stage of the network. This could also justify the choice of
independent piecewise training of the dedicated parameters of each sub-CNNs
in the correction network. After experimenting with multiple numbers of sub-
CNNs in the correction network, it was found out that the performance almost
stabilized after two sub-CNNs. Therefore, an empirical of two sub-CNNs were

used in the design of current correction network.

In addition to the model reported here, several patient-specific models
were also trained. For a patient-specific model, datasets of 15 fractions of single
patient were applied. The first 10 fractions were used for training and the rest
five fractions were used for testing. The training datasets and the testing
datasets of a patient-specific model shared similar image features since they
were from the same patient. It was expected that such patient-specific models
would outperform the generic model that was trained using the datasets of the
100 different patients. Surprisingly, the patient-specific model and the generic
model had roughly the same performance. This could be due to a smaller

number of training datasets (10 fractions) used for the patient-specific model.

For the datasets used in this study, all patients were setup consistently in
the same pose during treatment. Rotation or flipping of the training images is
undesired in this case since the rotation or flipping may deteriorate the to-be-
learned global anatomical constraints. Additional post-processing procedures

were not used to refine the segmentation results of the correction network.

Apart from its clinical usage, the disclosed method could also be used to

pre-segment the 3D MRIs prior to manual correction for training datasets
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preparation. This could greatly expedite the process of manual contouring and
potentially alleviate the commonly faced problem of shortage of training datasets

in medical image deep-learning research.

Conclusion

5 A novel network was developed to segment liver, kidneys, stomach,
bowel, and duodenum in 3D ViewRay MRIs. This network can be useful to
expedite the manual OAR contouring in MR-IGART.

25



WO 2020/028352 PCT/US2019/044118

CLAIMS

What is claimed is:

1. A method of segmenting contours of one or more abdominal cavity
organs comprising:

(i) providing an image dataset;

(i) applying a first convolutional neural network (sub-CNN1) to the image
dataset, resulting in a label probability map of sub-CNN1 (P+) (segmentation
results);

(i) applying a correction network comprising a second convolutional
neural network (sub-CNN2) and a third convolutional neural network (sub-CNN3)
to P41 comprising:

(a) applying the second convolutional neural network (sub-CNN2) to the
label probability map of sub-CNN1 (P+), resulting in a label probability map of
sub-CNN2 (P2);

(b) concatenating the image dataset, P4, and P2; and

(c) applying the third convolutional neural network (sub-CNN3) to the
image dataset, P4, and Py;

wherein,

applying the first convolutional neural network and the correction network

results in accurately segmented organs in images.

2. The method of claim 1, comprising training sub-CNN1, sub-CNN2, and
sub-CNN3, wherein training comprises:

training each of sub-CNN1, sub-CNN2, and sub-CNN3 parameters using
whole 3D images to incorporate anatomical contextual information;

randomizing sub-CNN1, sub-CNN2, and sub-CNN3 parameters using a
Gaussian distribution;

calculating a cross entropy loss function using a softmax classifier for sub-
CNN1, wherein sub-CNN2 and sub-CNN3 are constant;

calculating a cross entropy loss function using a softmax classifier for sub-
CNN2, wherein sub-CNN1 and sub-CNN3 are constant; and
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calculating a cross entropy loss function using a softmax classifier for sub-
CNN3, wherein sub-CNN1 and sub-CNN2 are constant.

3. The method of claim 1, wherein one or more abdominal cavity organs

are selected from gastrointestinal (Gl) organs or organs at risk (OAR).

4. The method of claim 1, wherein the one or more abdominal cavity
organs are selected from one or both kidneys, a liver, a stomach, a bowel, or a

duodenum.

5. The method of any one of claim 1, wherein the one or more abdominal
cavity organs is an unstable organ selected from one or more of the group

consisting of: a stomach, a bowel, and a duodenum.

6. The method of claim 1, wherein the label probability map of sub-CNN1
(P1) (segmentation results) are refined through iterative error feedback
comprising feeding erroneous labeling and the image dataset into the correction
network, wherein the correction network iteratively corrects erroneous labels and

improves segmentation accuracy.

7. The method of claim 1, wherein the image dataset is a MR image

dataset or a CT image dataset.

8. The method of claim 1, wherein the correction network:

generates segmentations with possible organs shapes and locations;

iteratively improves the P1 (the segmentation results);

is incorporated into the whole network and capable of being trained from
end-to-end; and

performs robustly and does not require careful parameter fine tuning.
9. The method of claim 1, wherein the correction network implicitly

enforces anatomical constraints selected from the group consisting of: (i) shape

of one or more organs or (ii) relative locations of multiple organs, wherein the
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relative locations among multiple organs comprises (a) kidney almost never

appears anterior to a bowel and/or (b) stomach almost never touches a kidney.

10. The method of claim 1, wherein the correction network results in
increased accuracy of segmentation results compared to densely connected

conditional random field (CRF).

11. A convolutional neural network (CNN)-based artificial neural network
system implemented on a computer for organ segmentation by voxel-wise label
prediction in images, comprising:

a first CNN sub-network (sub-CNN1); and

a correction network comprising at least a second CNN sub-network (sub-
CNN2) and a third CNN sub-network (sub-CNN3).

12. The system of claim 11, comprising a 3D image dataset as input.

13. The system of claim 11, wherein the artificial neural network is trained

using 3D images to incorporate anatomical contextual information.

14. The system of claim 11, wherein

sub-CNN2 and sub-CNN3 learn to fix an erroneous classification of its
previous network, sub-CNN1 and sub-CNN2, respectively;

sub-CNN1 is configured to receive an input 3D image and generate
predicted organ segmentation maps; and

sub-CNN2 and sub-CNN3 enforce implicit anatomical constraints.

15. The system of claim 11, wherein sub-CNN1, sub-CNN2, and sub-
CNNS3 are trained, wherein training comprises:

training each of sub-CNN1, sub-CNN2, and sub-CNN3 parameters using
whole 3D images to incorporate anatomical contextual information;

randomizing sub-CNN1, sub-CNN2, and sub-CNN3 parameters using a

Gaussian distribution;
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calculating a cross entropy loss function using a softmax classifier for sub-
CNN1, wherein sub-CNN2 and sub-CNN3 are constant;

calculating a cross entropy loss function using a softmax classifier for sub-
CNN2, wherein sub-CNN1 and sub-CNN3 are constant; and

calculating a cross entropy loss function using a softmax classifier for sub-
CNN3, wherein sub-CNN1 and sub-CNN2 are constant.

16. The system of claim 15, comprising the use of an Adam optimizer with

a constant learning rate.

17. The system of claim 11, wherein the organ segmentation is performed
on unstable organs selected from the group consisting of a stomach, a bowel, or

a duodenum, or a combination thereof.

18. The system of any one of claims 11 to 17, wherein the system is used
in conjunction with MRI-guided adaptive radiotherapy treatment systems, MRI-
guided adaptive radiotherapy planning systems, or combination MRI-guided

adaptive radiotherapy treatment and planning systems.

19. An MRI-guided radiation treatment system comprising the use of the

methods of any one of claims 1 to 10.

20. An MRI-guided radiation treatment system comprising the CNN-based

artificial neural network system of any one of claims 11 to 18.
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