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Pursuant to Patent L.R. 4-3, plaintiff University of British Columbia (“UBC” or “Plaintiff”)
and defendants Caption Health, Inc. and GE Healthcare Technologies, Inc. (“Defendants™)
(collectively, the “Parties”) jointly submit this Joint Claim Construction and Prehearing Statement

regarding U.S. Patent Nos. 11,129,591 (the “’591 patent”) and 10,751,029 (the “’029 patent”),

which are attached as Exhibits A and B herein.

I. Proposed Claim Constructions and Supporting Evidence

A. Construction of Terms on Which the Parties Agree

Pursuant to Patent L.R. 4-3(a), the Parties identify the following terms and corresponding

constructions on which the Parties agree:

“means for receiving signals representing a set
of ultrasound images of the subject”

(‘029 patent, claim 30)

Function: receiving signals representing a set
of ultrasound images of the subject

Corresponding structure that performs the
function: a processor with I/O interface

“means for deriving one or more extracted
feature representations from the set of
ultrasound images”

(’029 patent, claim 30)

Function: deriving one or more extracted
feature representations from the set of
ultrasound images

Corresponding structure that performs the
function: a processor and memory operating a
neural network

“means for determining, based on the derived
one or more extracted feature representations,
a quality assessment value representing a
quality assessment of the set of ultrasound
images”

(’029 patent, claim 30)

Function: determining, based on the derived
one or more extracted feature representations,
a quality assessment value representing a
quality assessment of the set of ultrasound
images

Corresponding structure that performs the
function: a processor and memory operating a
neural network

“means for determining, based on the derived
one or more extracted feature representations,
an image property associated with the set of
ultrasound images”

(’029 patent, claim 30)

Function: determining, based on the derived
one or more extracted feature representations,
an image property associated with the set of
ultrasound images

Corresponding structure that performs the
function: a processor and memory operating a
neural network

-
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“means for producing signals representing the | Function: producing signals representing the

quality assessment value and the image quality assessment value and the image
property for causing the quality assessment property for causing the quality assessment
value and the image property to be associated | value and the image property to be associated
with the set of ultrasound images” with the set of ultrasound images

Corresponding structure that performs the
function: a processor and memory

(’029 patent, claim 30)

B. Proposed Constructions of Disputed Terms

Pursuant to Patent L.R. 4-3(b), the Parties attach Exhibit C, which sets forth each Party’s
proposed construction of each disputed term and identifies any intrinsic and/or extrinsic evidence
known to each Party, respectively, on which the Party intends to rely.

C. Identification of Significant Terms

Pursuant to Patent L.R. 4-3(c) and Sec. IILLA. of Judge Lee’s Patent Standing Order, the
Parties identify the terms listed below as most significant to resolution of the case. Plaintiff does
not believe any particular term is case dispositive; all terms other than “quality assessment value”
were identified by Defendants for construction. Defendants believe that the “determining” and “in
response to determining” terms, if construed as Defendants have proposed, will be dispositive with
respect to alleged infringement of the *591 patent.

1. “quality assessment value” (‘591 patent, claims 1-3, 5, 7-17, 19; *029 patent, claims 1,
9-14, 21, 27-30)

2. “determining that a [first/second] set of assessment parameters of the sets of assessment
parameters is associated with the [first/second] view category” (‘591 patent, claims 1, 11, 15)

3. “in response to determining that the [first/second] set of assessment parameters is
associated with the [first/second] view category, inputting the [first/second] at least one
echocardiographic image into the neural network defined by the [first/second] set of assessment
parameters” (‘591 patent, claims 1, 11, 15)

4. “a set of common [assessment/neural network] parameters, which are common to each
of the sets of [assessment/neural network] parameters” (‘591 patent, claims 6, 10, 14, 20)

5. “clinical plane assessment value” (‘591 patent, claims 9, 13)

3.
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1I. Anticipated Length of Time for Claim Construction Hearing

The Parties respectively request three (3) hours, with time split evenly between the sides.

111. Witnesses

The Parties do not anticipate the need to call any witnesses at the Claim Construction

Hearing.

Iv. Factual Findings

The Parties do not request any factual findings related to claim construction from the Court.

4-
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ECHOCARDIOGRAPHIC IMAGE ANALYSIS

RELATED APPLICATION

This application claims the benefit of U.S. Provisional
Application No. 62/325,779 entitled “PROCESS FOR
IMAGING QUALITY ASSURANCE”, filed on Apr. 21,
2016, which is hereby incorporated by reference herein in its
entirety.

BACKGROUND

1. Field

Embodiments of this invention relate to echocardio-
graphic image analysis and more particularly to echocardio-
graphic image analysis for image quality assessment.

2. Description of Related Art

Despite advances in medicine and technology, cardiovas-
cular disease remains the leading cause of mortality world-
wide. Cardiac ultrasound, better known as echocardiography
(echo), is the standard method for screening, detection, and
monitoring of cardiovascular disease. This noninvasive
imaging modality is widely available, cost-effective, and
may be used for clinical measurement of anatomical features
which may then be used for evaluation of cardiac structure
and/or function. Some existing echocardiographic systems
may be configured to provide feedback regarding general
properties of captured images. However, this feedback may
not assist echocardiographers in capturing high quality
echocardiographic images for use in subsequent quantified
clinical measurement of anatomical features.

SUMMARY

In accordance with one embodiment, there is provided a
computer-implemented system for facilitating echocardio-
graphic image analysis. The system includes at least one
processor configured to, receive signals representing a first
at least one echocardiographic image, associate the first at
least one echocardiographic image with a first view category
of a plurality of predetermined echocardiographic image
view categories, determine, based on the first at least one
echocardiographic image and the first view category, a first
quality assessment value representing a view category spe-
cific quality assessment of the first at least one echocardio-
graphic image, produce signals representing the first quality
assessment value for causing the first quality assessment
value to be associated with the first at least one echocardio-
graphic image, receive signals representing a second at least
one echocardiographic image, associate the second at least
one echocardiographic image with a second view category
of the plurality of predetermined echocardiographic image
view categories, said second view category being different
from the first view category, determine, based on the second
at least one echocardiographic image and the second view
category, a second quality assessment value representing a
view category specific quality assessment of the second at
least one echocardiographic image, and produce signals
representing the second quality assessment value for causing
the second quality assessment value to be associated with
the second at least one echocardiographic image.

In accordance with another embodiment, there is provided
a computer-implemented system for training neural net-
works to facilitate echocardiographic image analysis. The
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system includes at least one processor configured to: receive
signals representing a plurality of echocardiographic train-
ing images, each of the plurality of echocardiographic
training images associated with one of a plurality of prede-
termined echocardiographic image view categories, receive
signals representing expert quality assessment values repre-
senting view category specific quality assessments of the
plurality of echocardiographic training images, each of the
expert quality assessment values provided by an expert
echocardiographer and associated with one of the plurality
of echocardiographic training images, and train the neural
networks using the plurality of echocardiographic training
images and the associated expert quality assessment values
to determine sets of neural network parameters defining the
neural networks, at least a portion of each of said neural
networks associated with one of the plurality of predeter-
mined echocardiographic image view categories.

In accordance with another embodiment, there is provided
a computer-implemented method of facilitating echocardio-
graphic image analysis. The method includes receiving
signals representing a first at least one echocardiographic
image, associating the first at least one echocardiographic
image with a first view category of a plurality of predeter-
mined echocardiographic image view categories, determin-
ing, based on the first at least one echocardiographic image
and the first view category, a first quality assessment value
representing a view category specific quality assessment of
the first at least one echocardiographic image, producing
signals representing the first quality assessment value for
causing the first quality assessment value to be associated
with the first at least one echocardiographic image, receiving
signals representing a second at least one echocardiographic
image, associating the second at least one echocardiographic
image with a second view category of the plurality of
predetermined echocardiographic image view categories,
said second view category being different from the first view
category, determining, based on the second at least one
echocardiographic image and the second view category, a
second quality assessment value representing a view cat-
egory specific quality assessment of the second at least one
echocardiographic image, and producing signals represent-
ing the second quality assessment value for causing the
second quality assessment value to be associated with the
second at least one echocardiographic image.

In accordance with another embodiment, there is provided
a computer-implemented method of training neural net-
works to facilitate echocardiographic image analysis. The
method includes receiving signals representing a plurality of
echocardiographic training images, each of the plurality of
echocardiographic training images associated with one of a
plurality of predetermined echocardiographic image view
categories, receiving signals representing expert quality
assessment values representing view category specific qual-
ity assessments of the plurality of echocardiographic train-
ing images, each of the expert quality assessment values
provided by an expert echocardiographer and associated
with one of the plurality of echocardiographic training
images, and training the neural networks using the plurality
of echocardiographic training images and the associated
expert quality assessment values to determine sets of neural
network parameters defining the neural networks, at least a
portion of each of said neural networks associated with one
of the plurality of predetermined echocardiographic image
view categories.

In accordance with another embodiment, there is provided
a computer readable medium having stored thereon codes
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which when executed by at least one processor cause the at
least one processor to perform any of the above methods.

In accordance with another embodiment, there is provided
a system for facilitating echocardiographic image analysis.
The system includes means for receiving signals represent-
ing a first at least one echocardiographic image, means for
associating the first at least one echocardiographic image
with a first view category of a plurality of predetermined
echocardiographic image view categories, means for deter-
mining, based on the first at least one echocardiographic
image and the first view category, a first quality assessment
value representing a view category specific quality assess-
ment of the first at least one echocardiographic image,
means for producing signals representing the first quality
assessment value for causing the first quality assessment
value to be associated with the first at least one echocardio-
graphic image, means for receiving signals representing a
second at least one echocardiographic image, means for
associating the second at least one echocardiographic image
with a second view category of the plurality of predeter-
mined echocardiographic image view categories, said sec-
ond view category being different from the first view cat-
egory, means for determining, based on the second at least
one echocardiographic image and the second view category,
a second quality assessment value representing a view
category specific quality assessment of the second at least
one echocardiographic image, and means for producing
signals representing the second quality assessment value for
causing the second quality assessment value to be associated
with the second at least one echocardiographic image.

In accordance with another embodiment, there is provided
a system for training neural networks to facilitate echocar-
diographic image analysis. The system includes means for
receiving signals representing a plurality of echocardio-
graphic training images, each of the plurality of echocar-
diographic training images associated with one of a plurality
of predetermined echocardiographic image view categories,
means for receiving signals representing expert quality
assessment values representing view category specific qual-
ity assessments of the plurality of echocardiographic train-
ing images, each of the expert quality assessment values
provided by an expert echocardiographer and associated
with one of the plurality of echocardiographic training
images, and means for training the neural networks using the
plurality of echocardiographic training images and the asso-
ciated expert quality assessment values to determine sets of
neural network parameters defining the neural networks, at
least a portion of each of said neural networks associated
with one of the plurality of predetermined echocardio-
graphic image view categories. Other aspects and features of
embodiments of the invention will become apparent to those
ordinarily skilled in the art upon review of the following
description of specific embodiments of the invention in
conjunction with the accompanying figures.

BRIEF DESCRIPTION OF THE DRAWINGS

In drawings which illustrate embodiments of the inven-
tion,

FIG. 1 is a schematic view of a system for facilitating
echocardiographic image analysis in accordance with vari-
ous embodiments of the invention;

FIG. 2 is a schematic view of an echocardiographic image
analyzer of the system of FIG. 1 including a processor
circuit in accordance with various embodiments of the
invention;
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FIG. 3 is a flowchart depicting blocks of code for direct-
ing the analyzer of the system of FIG. 1 to perform image
analysis functions in accordance with various embodiments
of the invention;

FIG. 4 is a representation of an exemplary image file that
may be used in the system shown in FIG. 1;

FIG. 5 is a flowchart depicting blocks of code that may be
included in the flowchart of FIG. 3 in accordance with
various embodiments of the invention;

FIG. 6 is a representation of an exemplary view category
determining neural network that may be used in the system
shown in FIG. 1;

FIG. 7 is a representation of an exemplary view category
record that may be used in the system shown in FIG. 1;

FIG. 8 is a representation of an exemplary image quality
assessment neural network that may be used in the system
shown in FIG. 1;

FIG. 9 is a representation of an exemplary common neural
network record that may be used in the system shown in
FIG. 1,

FIG. 10 is a representation of an exemplary view category
specific neural network record that may be used in the
system shown in FIG. 1;

FIG. 11 is a flowchart depicting blocks of code that may
be included in the flowchart of FIG. 3 in accordance with
various embodiments of the invention;

FIG. 12 is a representation of an exemplary quality
assessment record that may be used in the system shown in
FIG. 1;

FIG. 13 is a representation of a display that may be
presented by a display of a user interface system included in
the system shown in FIG. 1 in accordance with embodiments
of the invention;

FIG. 14 is a schematic view of a system for training neural
networks to facilitate echocardiographic image analysis in
accordance with various embodiments of the invention;

FIG. 15 is a schematic view of a neural network trainer of
the system of FIG. 1 including a processor circuit in accor-
dance with various embodiments of the invention;

FIG. 16 is a flowchart depicting blocks of code for
directing the trainer of the system of FIG. 14 to perform
image assessment neural network training functions in
accordance with various embodiments of the invention;

FIG. 17 is a representation of an exemplary training image
file that may be used in the system shown in FIG. 1;

FIG. 18 is a representation of an exemplary expert quality
assessment record that may be used in the system shown in
FIG. 1,

FIG. 19 is a schematic view of a system for facilitating
echocardiographic image analysis in accordance with vari-
ous embodiments of the invention;

FIG. 20 is a representation of an exemplary view category
determining neural network that may be used in the system
shown in FIG. 1; and

FIG. 21 is a representation of an exemplary image quality
assessment neural network that may be used in the system
shown in FIG. 1.

DETAILED DESCRIPTION

Referring to FIG. 1, according to one embodiment of the
invention, there is provided a system 10 for facilitating
echocardiographic image analysis. The system 10 includes a
computer-implemented echocardiographic image analyzer
12 in communication with a user interface system 14 and a
transducer 16. In the embodiment shown, the analyzer 12 is
also in communication with a network 126 and the user
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interface system 14 includes a display 15. In various
embodiments, the system 10 may be incorporated within an
ultrasound machine or scanner. For example, in various
embodiments, the system 10 may be included in an ultra-
sound machine generally similar to a Philips™ IE33 Ultra-
sound machine or a mobile ultrasound machine made by
Clarius™.

In operation, an operator of the system 10, who may be for
example, an echocardiographer, technician, or sonographer,
may manipulate the transducer 16 on or around a patient,
and the analyzer 12 may communicate with the transducer
16 and receive signals representing echocardiographic
images of the patient. The analyzer 12 may store represen-
tations of the echocardiographic images in memory and/or
output representations of the images on the display 15. The
analyzer 12 may determine a quality assessment value
representing a quality assessment of at least one echocar-
diographic image and produce signals for causing the quality
assessment value to be associated with the at least one
echocardiographic image. For example, the analyzer 12 may
be configured to produce signals for causing the display 15
to display a sequence of echocardiographic images captured
by the analyzer 12 in near real-time, in association with the
determined quality assessment value for the images. In some
embodiments, the quality assessment value may be deter-
mined for a single image. In some embodiments, the quality
assessment value may be determined for a sequence of
images or video, which may be referred to herein as an echo
cine.

In various embodiments, this near real-time feedback to
the operator may help the operator improve their skills
and/or improve image quality for subsequently captured
images. For example, in some embodiments, the operator
may, in response to viewing a low quality assessment value
on the display 15, adjust positioning of the transducer and/or
adjust image capture parameters, such as, for example,
depth, focus, gain, frequency, and/or another parameter
which may affect image quality in the system 10. The
operator may make such adjustments until a high quality
assessment value is provided on the display 15, for example,
at which point the operator may be confident that the
echocardiographic images captured are suitable for subse-
quent quantified clinical measurement of anatomical fea-
tures and/or to assist in diagnosing a medical condition or a
characteristic of the heart.

In various embodiments, the operator may wish to capture
echocardiographic images for various views or anatomical
planes since multiple views may be required in order to
perform certain quantified clinical measurement of anatomi-
cal features and/or to assist in diagnosing a medical condi-
tion or a characteristic of the heart. In some embodiments,
the views required for certain measurements or diagnoses
may be chosen from standard 2D echocardiographic views.
For example, the operator may wish to capture echocardio-
graphic images of multiple standard 2D echocardiographic
views to facilitate image analysis to determine ejection
fraction for the patient’s heart. For example, in some
embodiments, a 2D Method of Simpson may be used to
determine ejection fraction, which requires images from
AP2 (apical 2-chamber view) and AP4 (apical 4-chamber
view).

In various embodiments, some of the desirable character-
istics for each of the different views may differ and so it may
be desirable to determine quality assessment values for the
echocardiographic images in different ways, depending on
what view the echocardiographic images are meant to rep-
resent. Accordingly, the analyzer 12 may be configured to
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associate each set of echocardiographic images with a view
category of a plurality of predetermined echocardiographic
image view categories and to select and apply a function to
the set of images to determine the quality assessment value
wherein the function selected depends on the view category
associated with the set of images. In some embodiments, the
analyzer 12 may be configured to automatically determine
the view category to associate with the set of images by
analyzing the set of images. In some embodiments, the
analyzer 12 may be configured to receive operator input (via
the user interface system 14, for example), which sets the
view category with which to associate the image.

Applying the function to a set of images may involve
inputting the set of images into a view category specific
image assessment neural network which is configured to
output a view category specific quality assessment value.
The quality assessment value may represent an assessment
of suitability of the associated set of echocardiographic
images for quantified clinical measurement of anatomical
features.

Image Analyzer—Processor Circuit

Referring now to FIG. 2, a schematic view of the analyzer
12 of the system 10 shown in FIG. 1 according to an
embodiment is shown. As discussed above, in various
embodiments, the analyzer 12 may be included in an ultra-
sound machine, for example.

Referring to FIG. 2, the analyzer 12 includes a processor
circuit including an analyzer processor 100 and a program
memory 102, a storage memory 104, and an input/output
(1/0) interface 112, all of which are in communication with
the analyzer processor 100. In various embodiments, the
analyzer processor 100 may include one or more processing
units, such as for example, a central processing unit (CPU),
a graphical processing unit (GPU), and/or a field program-
mable gate arrays (FPGA). In some embodiments, any or all
of the functionality of the analyzer 12 described herein may
be implemented using one or more FPGAs.

The T/O interface 112 includes an interface 120 for
communicating with the transducer 16 and an interface 122
for communicating with the user interface system 14 shown
in FIG. 1. In some embodiments, the I/O interface 112 may
also include an interface 124 for facilitating networked
communication through the network 126. In some embodi-
ments, any or all of the interfaces 120, 122, or 124 may
facilitate a wireless or wired communication.

In some embodiments, the I/O interface 112 may include
a network interface device or card with an input/output for
connecting to the network 126, through which communica-
tions may be conducted with devices connected to the
network 126, such as the neural network trainer (as shown
at 502 in FIG. 14), for example.

In some embodiments, each of the interfaces shown in
FIG. 2 may include one or more interfaces and/or some or
all of the interfaces included in the I/O interface 112 may be
implemented as combined interfaces or a single interface.

In some embodiments, where a device is described herein
as receiving or sending information, it may be understood
that the device receives signals representing the information
via an interface of the device or produces signals represent-
ing the information and transmits the signals to the other
device via an interface of the device.

Processor-executable program codes for directing the
analyzer processor 100 to carry out various functions are
stored in the program memory 102. Referring to FIG. 2, the
program memory 102 includes a block of codes 160 for
directing the analyzer 12 to perform image capture functions
and analysis functions and a block of codes 162 for directing
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the analyzer processor 100 to perform image reconstruction
functions. In this specification, it may be stated that certain
encoded entities such as applications or modules perform
certain functions. Herein, when an application, module or
encoded entity is described as taking an action, as part of, for
example, a function or a method, it will be understood that
at least one processor (e.g. the analyzer processor 100) is
directed to take the action by way of programmable codes or
processor-executable codes or instructions defining or form-
ing part of the application.

The storage memory 104 includes a plurality of storage
locations including location 140 for storing image data,
location 142 for storing view category data, location 144 for
storing view category neural network parameter data, loca-
tion 146 for storing image assessment neural network
parameter data, and location 148 for storing determined
quality assessment value data. In various embodiments, the
plurality of storage locations may be stored in a database in
the storage memory 104.

In various embodiments, the blocks of codes 160 and 162
may be integrated into a single block of codes and/or each
of the blocks of code 160 and 162 may include one or more
blocks of code stored in one or more separate locations in
program memory 102. In various embodiments, any or all of
the locations 140, 142, 144, and 146 may be integrated
and/or each may include one or more separate locations in
the storage memory 104.

Each of the program memory 102 and storage memory
104 may be implemented as one or more storage devices
including random access memory (RAM), a hard disk drive
(HDD), a solid-state drive (SSD), a network drive, flash
memory, a memory stick or card, any other form of non-
transitory computer-readable memory or storage medium,
and/or a combination thereof. In some embodiments, the
program memory 102, the storage memory 104, and/or any
portion thereof may be included in a device separate from
the analyzer 12 and in communication with the analyzer 12
via the /O interface 112, for example.

In various embodiments, other device components
described herein, such as memory, program memory, blocks
of code, storage memory, locations in memory, and/or I/O
interfaces, may be implemented generally similarly to as
described above for the analyzer 12.

Image Analysis

Referring now to FIG. 3, a flowchart depicting blocks of
code for directing the analyzer processor 100 shown in FIG.
2 to perform image analysis functions in accordance with
one embodiment is shown generally at 200. The blocks of
code included in the flowchart 200 may be encoded in the
block of codes 160 of the program memory 102 shown in
FIG. 2 for example.

Referring to FIG. 3, the flowchart 200 begins with block
202 which directs the analyzer processor 100 shown in FIG.
2 to receive signals representing at least one echocardio-
graphic image. In various embodiments, block 202 may
direct the analyzer processor 100 to obtain image data via
the transducer 16. For example, block 202 may direct the
analyzer processor 100 to execute blocks included in the
block of codes 162 of the program memory 102, to cause the
analyzer processor 100 to receive signals representing at
least one echocardiographic image from the transducer 16
shown in FIG. 1 via the interface 120 of the I/O interface.
The blocks in the block of codes 162 of the program memory
102 may direct the analyzer processor 100 to interpret raw
ultrasound echo waveforms received from the transducer 16
into fully formed images. The block of codes 162 may direct
the analyzer processor 100 to use an image reconstruction
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algorithm to filter the waveforms, amplify the waveforms,
time delay and sum the waveforms, demodulate the summed
waveforms, and/or compress amplitudes of the summed
waveforms. The block of codes 162 may direct the analyzer
processor 100 to finally perform a scan-conversion of the
waveforms to derive an image in Cartesian coordinates with
pixels of known size in millimeters.

Block 202 may direct the analyzer processor 100 to store
a representation of the received at least one echocardio-
graphic image in the location 140 of the storage memory
104.

In some embodiments, the analyzer 12 may be configured
to receive and analyze respective sequences of echocardio-
graphic images (echo cines). Accordingly, block 202 may
direct the analyzer processor 100 to receive a sequence of
images. Block 202 may direct the analyzer processor 100 to
store a set of image files representing the sequence of images
in the location 140 of the storage memory 104. An exem-
plary image file which may be included in the set of image
files received at block 202 is shown at 240 in FIG. 4.

Referring to FIG. 4, the image file 240 includes an image
identifier field 242 for storing a unique identifier for iden-
tifying the image data stored in the image file 240, an image
group identifier field 243 for storing an identifier common to
a set of image files which are to be analyzed together (e.g.
frames of an echo cine), and an image data field 244 for
storing information representing an image. In some embodi-
ments, for example, the image file 240 may store a PNG file
type representation of the echocardiographic image.

In some embodiments, block 202 may direct the analyzer
processor 100 to receive and store a plurality of image files
generally similar to the image file 240 shown in FIG. 4 in the
location 140 of storage memory 104 for analysis together
during execution of block 206 of the flowchart 200 shown in
FIG. 3. For example, in some embodiments, the analyzer 12
may be configured to analyze a sequence of 20 images
during execution of block 206 of the flowchart 200 and so
block 202 may direct the analyzer processor 100 to store the
received images as groups of 20 image files, each generally
similar in format to the image file 240 shown in FIG. 4 and
sharing a common value in their image group identifier
fields.

Referring back to FIG. 4, block 204 then directs the
analyzer processor 100 to associate the at least one echocar-
diographic image received at block 202 with a view category
of a plurality of predetermined echocardiographic image
view categories. In some embodiments, block 204 may
direct the analyzer processor 100 to associate the at least one
echocardiographic image with the view category by storing
in the location 142 of the storage memory 104 a view
category record that associates the view category with the
received at least one echocardiographic image.

In various embodiments, associating the at least one
echocardiographic image with a particular view category
may assist with subsequent quality assessment of the
echocardiographic images which may be performed at block
206 of the flowchart 200 shown in FIG. 3. In some embodi-
ments, the view category that is associated with the at least
one echocardiographic image may be associated with a
function which can be applied to the at least one echocar-
diographic image to assess the quality of the at least one
echocardiographic image. For example, in some embodi-
ments, different analyses may be applied to a set of echocar-
diographic images, depending on which view category set of
echocardiographic images falls within.

In some embodiments, the view categories with which the
echocardiographic images may be associated may be chosen
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from a plurality of standard view categories. For example,
the standard view categories may include the following 2D
echocardiographic imaging plane views: AP2 (apical
2-chamber view), AP3 (apical 3-chamber view), AP4 (apical
4-chamber view), PSAX, (parasternal short axis at aortic
valve level view) and PSAX,,, (parasternal short axis at
papillary muscle level view). In various embodiments, the
standard view categories may include further or alternative
view categories, such as, for example, any or all of the
following 2D echocardiographic imaging plane view cat-
egories: parasternal long axis (PLAX), apical 5 chamber
(APS), subcostal view, aortic arch, or right parasternal. In
various embodiments, with any of these views, an operator
may switch the system 10 to Doppler and obtain 2D Color
Doppler or Power Doppler, Continuous Wave Doppler and
Duplex Doppler. In various embodiments, each view cat-
egory may be associated with a different function for assess-
ing quality of images.

In some embodiments, the block 204 may direct the
analyzer processor 100 to determine which of the plurality
of predetermined view categories the at least one echocar-
diographic image falls within before associating the image
with the view category.

For example, in some embodiments, this determination
may be made automatically, such as by applying a function
to the received at least one echocardiographic image. Refer-
ring to FIG. 5, there is shown at 260 a flowchart representing
blocks of codes which may be included in the block 204 of
the flowchart 200 shown in FIG. 3, in accordance with
various embodiments. The blocks of codes included in the
flowchart 260 may direct the analyzer processor 100 to
apply one or more view categorization functions to the at
least one echocardiographic image received at block 202 to
determine which of a plurality of predetermined view cat-
egories the at least one echocardiographic image falls
within.

Referring to FIG. 5, the flowchart 260 begins with block
262 which directs the analyzer processor 100 to receive
signals representing parameters defining an image view
category determining neural network. The image view cat-
egory determining neural network may be configured to take
the at least one echocardiographic images received at block
202 as an input and to output an indication of what image
view category should be associated with the input at least
one echocardiographic image.

Block 262 may direct the analyzer processor 100 to
receive parameters defining the image view category deter-
mining neural network from the location 144 of the storage
memory shown in FIG. 2, for example. The parameters
defining the view category determining neural network may
have been previously determined during training of the
neural network and stored in the location 144 of the storage
memory 104.

In some embodiments, a neural network trainer (for
example, as shown at 502 in FIG. 14) may have previously
determined architecture and weight and bias values for the
view category determining neural network. Blocks of code
included in the block of codes 160 of the program memory
102 may have previously directed the analyzer processor
100 to receive signals representing the architecture and
weight and bias values via the interface 124 of the 1/O
interface 112 and to store a view category neural network
record representing the architecture and the weight and the
bias values in the location 144 of the storage memory 104.

In some embodiments, the view category neural network
record stored in the location 144 of the storage memory may
represent a neural network having convolutional layers,
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max-pooling layers, one or more fully connected layers, one
or more Long Short Term Memory (LSTM) layers, and a
softmax layer acting as an output layer and having outputs
which represent a likelihood that an input set of echocar-
diographic images falls within a particular view category. In
some embodiments, the softmax outputs may indicate
whether a set of echocardiographic images falls within one
of the following standard 2D echocardiographic views, for
example: AP2, AP3, AP4, PSAX ,, or PSAX,,, An exem-
plary view category determining neural network that may be
represented by the view category neural network record
stored in the location 144 of the storage memory, in accor-
dance with some embodiments, is shown at 900 in FIG. 6.
The view category determining neural network takes as
input, a sequence of 20 echocardiographic images, and
outputs respective indicators that represent respective like-
lihoods that an input sequence of 20 echocardiographic
images fall within a particular view category.

Referring back to FIG. 5, block 264 of the flowchart 260
then directs the analyzer processor 100 to apply the view
category determining neural network defined by the param-
eters received at block 262 to the at least one echocardio-
graphic image received at block 202 of the flowchart 200
shown in FIG. 3. Block 264 may direct the analyzer pro-
cessor 100 to use the image data fields 244 of the 20 image
files stored in the location 140 of the storage memory 104 at
block 202 as input data for the view category determining
neural network defined by the view category neural network
record taken from the location 144 of the storage memory
104.

In some embodiments, the output of the neural network
may be a softmax output which provides respective indicator
values representing whether the set of images received at
block 202 are AP2, AP3, AP4, PSAXA, and PSAXPM. In
one embodiment, these indicator values may be 0.11, 0.05,
0.7,0.11, 0.03, respectively, for example. In various embodi-
ments, although the indicator values sum to 1.00, these
values may not represent true probabilities that the at least
one image received is of a particular view, as there may be
a possibility that the at least one image is none of the views.

In some embodiments, block 264 of the flowchart 260
shown in FIG. 5 may direct the analyzer processor 100 to use
a GPU included in the analyzer processor 100 to perform the
neural network calculations. In some embodiments, use of
the GPU instead of a general CPU may reduce the execution
time for block 264.

Referring to FIG. 5, block 266 of the flowchart 260 then
directs the analyzer processor 100 to associate the at least
one echocardiographic image received at block 202 of the
flowchart 200 shown in FIG. 3 with a view category based
on the output of the neural network. In some embodiments,
block 266 may direct the analyzer processor 100 to associate
the at least one echocardiographic image with a view
category that corresponds to the highest softmax output
determined at block 264 of the flowchart 260 shown in FIG.
5. For example, with a softmax output which provides
respective indicators for AP2, AP3, AP4, PSAX,, and
PSAX,,,0f0.11,0.05, 0.7, 0.11, 0.03, block 266 may direct
the analyzer processor 100 to determine which output is the
largest (i.e., the AP4 view category output) and to associate
the images with that output.

Block 266 may direct the analyzer processor 100 to
associate the at least one echocardiographic image received
at block 202 of the flowchart 200 shown in FIG. 3 with the
AP4 view category by generating a view category record
300 as shown in FIG. 7 and storing the view category record
300 in the location 142 of the storage memory 104. Refer-
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ring to FIG. 7, the view category record 300 includes a view
category identifier field 302 for storing an identifier for
identifying the view category to be associated with the
echocardiographic images and an image group identifier
field 304 for storing an identifier for identifying the images
with which the view category is to be associated.

In some embodiments, block 204 of the flowchart 200
shown in FIG. 3 may not include the blocks depicted in the
flowchart 260, but rather an operator of the system 10 shown
in FIG. 1 may input a view category by which the operator
wishes to have the received echocardiographic images
assessed. For example, in some embodiments, the operator
may input a desired view category using an input device
such as a keyboard and/or pointer or mouse of the user
interface system 14. In such embodiments, block 204 may
direct the analyzer processor 100 to receive operator input
representing the view category via the interface 122 of the
1/0 interface 112 shown in FIG. 2. Block 204 may direct the
analyzer processor 100 to, in response to receiving the input,
generate and store a view category record in the location 142
of the storage memory 104 associating the received at least
one echocardiographic image with the view category that the
operator provided as input.

Referring back to FIG. 3, after block 204 has been
executed, the at least one echocardiographic image received
at block 202 may now be associated with a view category.

The flowchart 200 continues at block 206, which directs
the analyzer processor 100 to determine, based on the at
least one echocardiographic image received at block 202 and
the view category associated with the echocardiographic
image, a quality assessment value representing a view
category specific quality assessment of the at least one
echocardiographic image.

In some embodiments, each of the view categories may be
associated with a function which can be applied by the
analyzer to the received at least one echocardiographic
image to generate the quality assessment value. In some
embodiments, block 206 may direct the analyzer processor
100 to select a function to apply to the at least one echocar-
diographic image based on the view category associated
with the received at least one echocardiographic image.

In various embodiments, applying the function may
involve applying a neural network to the at least one
echocardiographic image. A neural network is a non-linear
model and so, in some embodiments, by using a neural
network to analyze the echocardiographic images, the ana-
lyzer 12 may facilitate better functioning, for example, when
there is variability in the echocardiographic image data than
may be possible when analysis of the echocardiographic
image relies on an average template or atlas with average
shape.

Referring to FIG. 2, in various embodiments, a plurality
of sets of parameters, each set defining a neural network,
may be stored in the location 146 of the storage memory 104
shown in FIG. 2 and each of the sets of parameters may be
associated with a view category to indicate that the set of
parameters defines a neural network that is to be applied to
echocardiographic images which are associated with that
view category.

In some embodiments, the parameters may define neural
network architectures and may include weight and bias
values for the neural networks. A neural network trainer (for
example, as shown at 502 in FIG. 14) may have previously
determined the neural network architecture and/or the
weight and bias values for each of the neural networks and
provided these values to the analyzer 12. Blocks of code
included in the block of codes 160 of the program memory
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102 may have previously directed the analyzer processor
100 to receive signals representing the neural network
architecture and the weight and bias values via the interface
124 of the I/O interface 112, for example, and to store this
information in image assessment neural network records in
the location 146 of the storage memory 104.

For example, in some embodiments, the image assess-
ment neural network records stored in the location 146 of the
storage memory 104 may represent the neural network
shown at 360 in FIG. 8. Referring to FIG. 8, the neural
network 360 includes 5 image quality assessment neural
networks, each including the same shared layers 362 but
including a different set of view category specific layers 370,
372,374, 376, and 378. In various embodiments, the shared
layers 362 and the view category specific layers 370, 372,
374, 376, and 378 may each be considered neural networks
and it will be understood that a neural network may include
more than one neural network within. Each of the 5 image
quality assessment neural networks takes as an input a
sequence of 20 echocardiographic images 380 and outputs a
view category specific quality assessment value.

The neural network 360 shown in FIG. 8 is a deep neural
network and a regression model, consisting of convolutional
(cony), pooling (pool), and Long Short Term Memory
(LSTM) layers, and in various embodiments, may be simul-
taneously trained to estimate the quality of a sequence of 20
echocardiographic images for any of five standard 2D
echocardiographic views, AP2, AP3, AP4, PSAX,, and
PSAX,,, by generating respective view category specific
quality assessment values.

The neural network architecture, depicted in FIG. 8,
represents a multi-stream network, i.e., five regression mod-
els that share weights across the first few common shared
layers 362. Each stream of the network has its own view-
specific layer 370, 372, 374, 376, and 378 and has been
trained based on the mean absolute error loss function, via
a stochastic gradient-based optimization algorithm, to mini-
mize the absolute difference between normalized quality
assessment values assigned by a trained echocardiographer
to training images, as discussed further below, and the
generated quality assessment values.

In the embodiment shown, all cony layers have kernels
with the size of 3x3, which may, for example, follow the
VGG architecture discussed in Simonyan, K., Zisserman,
A.: Very Deep Convolutional Networks for Large-Scale
Image Recognition. International Conference on Learning
Representations (ICRL) pp. 1-14 (2015), with the number of
kernels doubling for deeper cony layers, i.e., from 8 to 32
kernels. In some embodiments, the cony layers may extract
hierarchical features in the image, with the first three shared
layers 362 modeling high level spatial correlations, and the
next two cony layers of the view category specific layers 364
focusing on view-specific quality features. In some embodi-
ments, activation functions of the cony layers may be
Rectified Linear Units (ReL.Us).

Referring still to FIG. 8, in various embodiments, the pool
layers of the neural network 360 may be 2x2 max-pooling
with a stride of 2 to facilitate selection of superior invariant
features and divide the input feature-map size in half in both
dimensions to reduce feature variance and train more gen-
eralized models. The cony and pool layers are applied to
each image of an input echo cine, independently.

The output feature map of the last pool layer is flattened
and sent to an LSTM unit, a type of Recurrent Neural
Networks (RNN) that uses a gated technique to selectively
add or remove information from the cell state. Each set of
view category specific layers 370, 372, 374, 376, and 378 in
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the neural network 360 shown in FIG. 8 uses a single LSTM
cell to analyze 20 feature-sets corresponding to the 20
consecutive input images. The LSTM layer uses hard sig-
moid functions for inner and output activations.

In some embodiments, the image assessment neural net-
work records stored in the location 146 of the storage
memory 104 which represent the neural network 360 may
include a common neural network record representing the
shared layers 362 and a plurality of different view category
specific neural network records representing the sets of view
category specific layers 370, 372, 374, 376, and 378.

A representation of a portion of an exemplary common
neural network record for storing a set of parameters defin-
ing the shared layers 362 of the neural network 360 shown
in FIG. 8, is shown at 320 in FIG. 9. Referring to FIG. 9, the
common neural network record 320 includes first, second,
third, fourth, fifth and sixth sets of fields 324, 326, 328, 330,
332, and 334 defining the parameters for the six layers of the
shared layers 362 of the neural network 360 shown in FIG.
8. For ease of reference, not all kernel fields of the common
neural network record 320 are shown in FIG. 9 and the
content of the kernels is shown as [ . . . ], though it will be
understood that there are 8 kernels in layer 1, 16 kernels in
layer 3 and 32 kernels in layer 5 and that each kernel field
stores a 3x3 matrix of values.

A representation of a portion of an exemplary view
category specific neural network record for storing a set of
parameters defining the set of view category specific layers
374 of the neural network 360 shown in FIG. 8, is shown at
340 in FIG. 10. Referring to FIG. 10, the view category
specific neural network record 340 includes a view category
identifier field 342 for storing a view category identifier
identifying which view category the record is associated
with and seventh, eighth, ninth, and tenth sets of fields 344,
346, 348, and 350 for storing parameters defining the set of
view category specific layers 374 of the neural network 360
shown in FIG. 8. For ease of reference, not all kernel fields
are shown in FIG. 10 and the content of the kernels and
LSTM parameters are shown as [ . . . ], though it will be
understood that there are 32 kernels in layer 7 and 32 kernels
in layer 9 and that each kernel field stores a 3x3 matrix of
values and the LSTM parameter fields store values defining
the parameters of the LSTM.

Additional neural network records representing the sets of
shared layers 370, 372, 376 and 378 having generally the
same format as the view category specific neural network
record 340 shown in FIG. 10 may also be stored in the
location 146 of the storage memory 104. Thus, each of the
image view categories AP2, AP3, AP4, PSAX,, and
PSAX,,, may be associated with a view category specific
neural network record stored in the location 146 of the
storage memory 104.

In various embodiments, splitting the neural network 360
into a common portion and view category specific portions
may facilitate more efficient training of the neural networks.
In some embodiments, splitting the neural network 360 into
a common portion and view category specific portions may
result in requiring fewer learning parameters than would be
required if using fully separate neural networks, which may
help facilitate easier transferring of a neural network to a
new machine, and/or may reduce memory usage.

Referring now to FIG. 11, there is shown at 400 a
flowchart representing blocks of codes which may be
included in the block 206 of the flowchart 200 shown in FIG.
3, in accordance with various embodiments. The blocks
included in the flowchart 400 may direct the analyzer
processor 100 to determine which of the sets of quality
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assessment parameters is associated with the same view
category as the at least one echocardiographic image
received at block 202 and to apply a function based on that
set of quality assessment parameters.

The flowchart 400 begins with block 402 which directs
the analyzer processor 100 to determine that a set of assess-
ment parameters of the sets of assessment parameters stored
in the location 146 is associated with the same view category
that is associated with the at least one echocardiographic
image received at block 202.

For example, in some embodiments, block 402 may direct
the analyzer processor 100 to read “AP4” from the view
category identifier field 302 of the view category record 300
associated with the echocardiographic image files received
at block 202. Block 402 may direct the analyzer processor
100 to read the view category specific neural network
records from the location 146 of the storage memory to find
a view category specific neural network record that includes
the same view category identifier of “AP4” and is therefore
associated with the same view category. Accordingly, block
402 may direct the analyzer processor 100 to determine that
the view category specific neural network record 340
includes the view category identifier of “AP4” and is there-
fore associated with the same view category that is associ-
ated with the at least one echocardiographic image received
at block 202.

Block 404 then directs the analyzer processor 100 to, in
response to determining that the set of assessment param-
eters is associated with the same view category, apply a
function based on the set of assessment parameters to the at
least one echocardiographic image received at block 202. In
some embodiments, block 404 may direct the analyzer
processor 100 to apply the neural network defined by the
parameters included in the common neural network record
320 and the view category specific neural network record
340 to the image data in the image files received at block
202.

Block 404 may direct the analyzer processor 100 to read
the image files received at block 202 from the location 140
of the storage memory 104 and to read the common neural
network record 320 and the view category specific neural
network record 340 from the location 146 of the storage
memory, and to input the image data from the image files
into a neural network that includes the shared layers 362 and
the view category specific layers 374 shown in FIG. 8, which
are defined by the common neural network record 320 and
the view category specific neural network record 340, to
generate or determine a view category specific quality
assessment value as an output of the neural network.

In some embodiments, the quality assessment value may
represent a suitability for a quantified clinical measurement.
In some embodiments, the quality assessment value may
represent an estimate of an expected score which would be
provided by an expert to the input at least one echocardio-
graphic image. The estimate may be based on the training of
the neural network wherein an expert provided quality
assessment values for various echocardiographic images.

In some embodiments, the quality assessment value may
be a score with criteria and/or a range that varies depending
on the view category with which the neural network is
associated. In some embodiments, the expert which pro-
vided the quality assessment values with which the neural
network was trained may have determined the quality
assessment values as an aggregation of scores derived using
semi-quantitative evaluation of component structures and
parameter optimization features such as centering, depth,
gain, axis, focus, frequency or another parameter optimiza-
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tion feature or image capture parameter. Accordingly, in
various embodiments, the quality assessment value may
represent an estimate of an expected aggregation of scores
derived using semi-quantitative evaluation of component
structures and parameter optimization features such as cen-
tering, depth, gain, axis, focus, frequency or another param-
eter optimization feature or image capture parameter.

For example, in some embodiments, an expert may have,
for each at least one echocardiographic image that they
assessed, determined for each component in the at least one
echocardiographic image, a component quality score of up
to 2 points based on the following observations: 0 points) the
structure was not imaged or was inadequate for assessment;
1 point) the structure was adequately viewed; 2 points) the
view was optimized for the structure. In some embodiments,
the component score may act as a clinical plane assessment
value representing an expert opinion whether the associated
echocardiographic training image was taken in an anatomi-
cal plane suitable for a quantified clinical measurement of
anatomical features. The expert may have, for each at least
one echocardiographic image that they assessed, determined
parameter optimization scores as follows: appropriate cen-
tering (1 point), correct depth setting (0.5 points), proper
gain (0.5 points), correct axis (1 point), and correct depth of
focus (0.5 points). In various embodiments, the quality
assessment value may represent a sum of the above-noted
scores.

As discussed above, in some embodiments, images for the
different view categories may include a different set of
components and quality assessment values may be deter-
mined using different criteria. For example, for the AP2 view
category, the left ventricle (LV), left atrium (ILA), and mitral
valve (MV) may each be assigned a component quality
score, which may be summed with scores for centering,
depth, and gain to determine the quality assessment value.
For the AP3 view category, the aortic valve (AV), MV, LA,
LV, and septum may each be assigned a component quality
score, which may be summed with scores for centering,
depth, and gain to determine the quality assessment value.
For the AP4 view category, the LV, right ventricle (RV), LA,
right atrium (RA), MV, and TV may each be assigned a
component quality score, which may be summed with scores
for centering, depth, and gain to determine the quality
assessment value. For the PSAX , view category, the AV and
leaflets may each be assigned a component quality score,
which may be summed with scores for centering, depth, and
gain to determine the quality assessment value. For the
PLAX,,, the papillary muscles may be assigned a compo-
nent quality score, which may be summed with scores for
centering, depth, gain, and axis to determine the quality
assessment value.

In some embodiments, the quality assessment values for
all views may be normalized to the same scale, which may
be, for example, between 0 and 1 or between 0 and 5.

Referring back to FIG. 11, in some embodiments, block
404 of the flowchart 400 may direct the analyzer processor
100 to apply the neural network such that the quality
assessment value and associated at least one echocardio-
graphic image may be viewed in real-time or near-real time
for the operator. For example, in some embodiments, block
404 may direct the analyzer processor 100 to apply the
neural network and determine a quality assessment value in
less than about 3 seconds. In some embodiments, block 404
may direct the analyzer processor 100 to apply the neural
network and determine a quality assessment value in less
than about 1 second. In some embodiments, block 404 may
direct the analyzer processor 100 to apply the neural net-
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work and determine a quality assessment value in less than
about 0.33 ms. In some embodiments, for an input echo cine
of 20 images of 200x200 pixels, a quality assessment value
may be determined in about 10 ms, which may be suitable
for real-time or near real-time deployment. In some embodi-
ments, block 404 may direct the analyzer processor 100 to
use a GPU included in the analyzer processor 100 to apply
the neural network. In some embodiments, use of the GPU
instead of just a general CPU may reduce the time it takes
to execute the block 404 and may thus facilitate real-time or
near-real time image analysis.

Referring back to FIG. 3, the flowchart 200 continues at
block 208 which directs the analyzer processor 100 to
produce signals representing the quality assessment value
determined at block 206, for causing the quality assessment
value to be associated with the at least one echocardio-
graphic image received at block 202.

In some embodiments, block 208 may direct the analyzer
processor 100 to produce signals for causing the quality
assessment value to be stored in the location 148 of the
storage memory 104. For example, in some embodiments,
block 208 may direct the analyzer processor 100 to store a
quality assessment record 420 as shown in FIG. 12 in the
location 148 of the storage memory 104, wherein the quality
assessment record 420 includes an image group identifier
field 422 for storing the group identifier which identifies the
group of images for which the quality assessment was made
and a quality assessment value field 424 for storing the
quality assessment that was generated at block 404 of the
flowchart 400.

In some embodiments, block 208 may direct the analyzer
processor 100 to produce signals for causing a representa-
tion of the quality assessment value to be transmitted to the
display 15 of the user interface system 14 for causing the
display to display the quality assessment value in association
with the received at least one echocardiographic image. In
some embodiments, this may assist one or more operators of
the system 10 in capturing subsequent echocardiographic
images. For example, in some embodiments, block 208 may
direct the analyzer processor 100 to communicate with the
user interface system 14 of the system 10 shown in FIG. 1
via the interface 122 of the 1/O interface 112 shown in FIG.
2 to cause a display 440 as shown in FIG. 13 to be presented
on the display 15 of the user interface system 14.

Referring to FIG. 13, the display 440 includes a repre-
sentation 442 of the quality assessment value determined at
block 206 shown in association with a representation 444 of
the at least one echocardiographic image received at block
202.

In some embodiments, block 208 may direct the analyzer
processor 100 to transmit the quality assessment value and
associated at least one echocardiographic image to another
device for storage and/or further analysis. For example, in
various embodiments, block 208 may direct the analyzer
processor 100 to transmit a representation of the image files
stored at block 202 and the quality assessment record
generated at block 208 to an archive device in a picture
archiving and communication system (PACS) via the inter-
face 124 and the network 126, for example.

In various embodiments, once block 208 has been
executed, the analyzer processor 100 may be directed to
return to block 202 to receive further echocardiographic
images. In some embodiments, the flowchart 200 may be
executed continuously such that the display 440 shown in
FIG. 13 is updated with near real-time updates of images or
image sequences and associated quality assessment values.
In some embodiments, an operator may adjust image capture
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parameters of the system 10 and/or adjust positioning of the
transducer until the operator sees a desired quality assess-
ment value.

In some embodiments, the operator may make adjust-
ments until a quality assessment value of greater than a
predetermined threshold value is achieved. In some embodi-
ments, for example, where the quality assessment value has
been normalized to a possible range of 0-5 the threshold
value may be about 3.0.

In some embodiments, there may be a maximum achiev-
able quality assessment value for a given patient and the
maximum achievable quality assessment value may be
dependent on the patient, given their anatomy and/or echo-
genicity, for example. For example, in some embodiments
where the quality assessment value has been normalized to
a possible range of 0-5, for many patients, the maximum
achievable quality assessment value for a given view cat-
egory may be about 3.0. In some embodiments, the operator
may make various adjustments until a near maximum
achievable quality assessment value on a given patient has
been achieved.

In some embodiments, after capturing images associated
with a desired quality assessment value for a first view
category, the operator of the system 10 may wish to capture
images for a different view category and so reposition the
transducer and/or reconfigure the system 10. For example, in
some embodiments, the operator may, after capturing
images of the AP4 view category, wish to capture images of
one or more of the AP2, AP3, PSAX ,, and PSAX,,, view
categories to facilitate quantified clinical measurement of
anatomical features and/or to assist in diagnosing a medical
condition or a characteristic of the heart. For example, in
some embodiments, the operator may, after capturing at least
one image of the AP4 view category, wish to capture at least
one image of the AP2 view category to facilitate quantified
clinical measurement of anatomical features for determining
an ejection fraction.

Accordingly, the operator may reposition the transducer
16 shown in FIG. 1 and/or adjust image receiving param-
eters to cause the flowchart 200 to be executed one or more
further times, but with echocardiographic images which are
of different view categories and are to be analyzed using
different parameters. In various embodiments, the analyzer
12 being configured as described above to switch between
analyses of varying view categories may facilitate ease of
use and/or efficient capture of subsequent high quality
images of different view categories.

Neural Network Trainer

As discussed above, in various embodiments, a neural
network trainer may first train neural networks to determine
the architecture and/or parameters to be used by the neural
networks at block 204 and/or block 206 of the flowchart 200
shown in FIG. 3. Referring to FIG. 14, there is shown a
system 500 for facilitating training of neural networks. The
system includes a neural network trainer 502 in communi-
cation with a training image source 504 and a user interface
system 506. In some embodiments, the neural network
trainer 502 may also be in communication with the analyzer
12 via the network 126.

The training image source 504 stores echocardiographic
images and associated view category information which
indicates what view category each of the images falls within.
For example, in some embodiments, the training image
source 504 may include a server computer for storing and
archiving medical electronic images, such as, for example,
an archive device from a picture archiving and communi-
cation system (PACS).
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The neural network trainer 502 may be configured to
retrieve and/or receive the echocardiographic images, which
may act as echocardiographic training images, from the
training image source 504. In some embodiments, the neural
network trainer 502 may, after receiving the training images,
produce signals representing the echocardiographic training
images and associated view categories to cause the user
interface system 506 to present the echocardiographic
images and the view categories to one or more experts, such
as, echocardiographers or physicians trained in echocardiog-
raphy.

The experts may then provide respective quality assess-
ment values for each of the echocardiographic images. For
example, in some embodiments, the neural network trainer
may be configured to produce signals for causing the user
interface system 506 to present the experts with a set of
echocardiographic training images and an indication of what
view category the set of echocardiographic training images
is to be assessed as. An echocardiographer may assess the set
of echocardiographic training images and provide a quality
assessment value representing a suitability of the set of
images for a quantified clinical measurement. The neural
network trainer 502 may store the quality assessment value
in memory in association with the assessed set of echocar-
diographic training images.

After quality assessment values have been received and
associated with each set of echocardiographic training
images, the neural network trainer 502 may train neural
networks using the echocardiographic training images as
inputs and the associated expert quality assessment values as
desired outputs to determine sets of neural network param-
eters defining the neural networks, wherein at least a portion
of each of the neural networks is associated with one of the
image view categories.

In some embodiments, the neural network trainer 502
may also train a view category determining neural network
to determine sets of neural network parameters defining the
view category determining neural network. The view cat-
egory determining neural network may be generally as
described above with reference to block 262 of the flowchart
260 shown in FIG. 5, configured to receive one or more
echocardiographic images as an input, and having a softmax
layer as an output layer having outputs which represent
whether the input echocardiographic images fall within a
particular view category.

In some embodiments, the neural network trainer 502
may produce signals representing the parameters defining
the trained neural networks for causing the parameters to be
provided to a system or device configured to apply the neural
networks. For example, in some embodiments, the neural
network trainer 502 may transmit the neural network param-
eters to the analyzer 12 via the network 126 shown in FIG.
14. Alternatively, in some embodiments, the neural network
trainer 502 may produce signals for causing the sets of
neural network parameters to be stored in removable
memory which may be provided to the analyzer 12.

The analyzer 12 may use the sets of neural network
parameters to facilitate analysis of echocardiographic
images, generally as described above with reference to the
flowchart 200 shown in FIG. 3.

Neural Network Trainer—Processor Circuit

Referring now to FIG. 15, a schematic view of the neural
network trainer 502 of the system 500 shown in FIG. 14
according to an embodiment is shown. In various embodi-
ments, the neural network trainer 502 may be incorporated
in one or more computers, for example.

Caption Health Ex1015



Case 5:24-0v-03200EKL  Document68-L  Filed 05130125

Page 35 0f 45

US 11,129,591 B2

19

Referring to FIG. 15, the neural network trainer 502
includes a processor circuit including a trainer processor 600
and a program memory 602, a storage memory 604, and an
I/O interface 612, all of which are in communication with
the trainer processor 600.

The I/O interface 612 includes an interface 620 for
communicating with the training image source 504 and an
interface 622 for communicating with the user interface
system 506 shown in FIG. 14. In some embodiments, the [/O
interface 612 also includes an interface 624 for facilitating
networked communication with the analyzer 12 through the
network 126.

Processor-executable program codes for directing the
trainer processor 600 to carry out various functions are
stored in the program memory 602. The program memory
602 includes a block of codes 660 for directing the neural
network trainer 502 to perform neural network training
functions.

The storage memory 604 includes a plurality of storage
locations including location 640 for storing training image
data, location 642 for storing expert assessment data, loca-
tion 644 for storing image assessment neural network
parameter data and location 646 for storing view category
neural network parameter data.

Training the Neural Networks

Referring now to FIG. 16, a flowchart depicting blocks of
code for directing the trainer processor 600 shown in FIG.
15 to perform image assessment neural network training
functions in accordance with one embodiment is shown
generally at 700. The blocks of code included in the flow-
chart 700 may be encoded in the block of codes 660 of the
program memory 602 shown in FIG. 15 for example.

Referring to FIG. 16, the flowchart 700 begins with block
702 which directs the trainer processor 600 shown in FIG.
15 to receive signals representing a plurality of echocardio-
graphic training images, each of the plurality of echocar-
diographic training images associated with one of a plurality
of predetermined echocardiographic image view categories.
In some embodiments, block 702 may direct the trainer
processor 600 to receive echocardiographic training images
from the training image source 504 shown in FIG. 14. For
example, in some embodiments, block 702 may direct the
trainer processor 600 to receive sets of associated image
files, which may represent respective sequences of images or
videos and include common image group identifiers, from
the training image source 504. Each set of image files may
make up an echo cine, which is associated with a view
category.

An exemplary training image file that may be received at
block 702 is shown at 740 in FIG. 17. The training image file
740 includes an image identifier field 742 for storing a
unique identifier for identifying an image included in the
file, an image group identifier field 744 for storing an
identifier common to a set of image files which include
images that are to be analyzed together, a view category
identifier field 746 for storing an identifier for identifying the
view category within which the image falls and by which the
image should be analyzed, and an image data field 748 for
storing information representing the image.

Block 702 may direct the trainer processor 600 to store the
training image files received at block 702 in the location 640
of the storage memory 604.

After block 702 of the flowchart 700 shown in FIG. 16 has
been executed, the location 640 of the storage memory 604
shown in FIG. 17 may store a large number of image files,
each having generally similar format to the training image
file 740 shown in FIG. 17. For example, in some embodi-
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ments, about 2,500 echo cines of about 40 images each
(about 500 echo cines of each view category) may be stored
in the location 640 of the storage memory 604 and therefore
about 100,000 training image files generally similar to the
training image file 740 shown in FIG. 17 may be stored in
the location 640 of the storage memory 104.

Referring back to FIG. 16, block 704 directs the trainer
processor 600 to receive signals representing expert quality
assessment values representing view category specific qual-
ity assessments of the echocardiographic training images,
each of the expert quality assessment values provided by an
expert echocardiographer and associated with one of the
received sets of echocardiographic training images.

In some embodiments, the neural network trainer 502
may cause the echocardiographic training images to be
presented to an expert and the expert may provide the expert
quality assessment values. For example, block 704 may
direct the trainer processor 600 to transmit the training
image files to the user interface system 506 via the interface
622 of the I/O interface 612 shown in FIG. 15 to cause a
display of the user interface system 506 to present one or
more experts with the echocardiographic images and an
indication of what view category the images are to be
assessed as.

In some embodiments, the echocardiographers may be
directed to provide a quality assessment value representing
a suitability of the images for a quantified clinical measure-
ment. For example, the echocardiographers may be directed
to provide a quality assessment value, which represents an
aggregation of scores derived using semi-quantitative evalu-
ation of component structures and parameter optimization
features such as centering, depth, gain, axis, focus, fre-
quency or another parameter optimization feature or image
capture parameter, generally as described above, with ref-
erence to flowchart 400 shown in FIG. 11.

Block 704 may direct the trainer processor 600 to receive
signals representing the expert quality assessment values
and to store representations of the received expert quality
assessment values in the location 642 of the storage memory
604. For example, in some embodiments, block 704 may
direct the trainer processor 600 to receive representations of
expert quality assessment records from the user interface
system 506 and to store the expert quality assessment
records in the location 642 of the storage memory. An
exemplary expert quality assessment record that may be
received at block 704 and stored in the location 642 of the
storage memory 604 is shown at 780 in FIG. 18.

Referring to FIG. 18, the expert quality assessment record
780 includes an image group identifier field 782 for storing
the group identifier which identifies the set of images for
which the expert quality assessment was made and an expert
quality assessment value field 784 for storing the view
category specific expert quality assessment value provided
by the expert.

Referring back to FIG. 16, the flowchart 700 continues at
block 706 which directs the trainer processor 600 shown in
FIG. 15 to train neural networks using the echocardio-
graphic training images and the associated expert quality
assessment values to determine sets of neural network
parameters defining the neural networks, at least a portion of
each of said neural networks associated with one of the
plurality of predetermined echocardiographic image view
categories.

In some embodiments, block 706 may direct the trainer
processor 600 to train the neural network 360 shown in FIG.
8 to determine values to be included in a common neural
network record and view category specific neural network
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records stored in the location 644 of the storage memory
104. In various embodiments, the common neural network
record stored in the location 644 may have a generally
similar format to that of the common neural network record
320 shown in FIG. 9 and each of the view category specific
neural network records stored in the location 644 of the
storage memory 604 may have a generally similar format to
that of the view category specific neural network record 340
shown in FIG. 10.

In some embodiments, the sequences of images received
at block 702 may include a different number of images than
can be analyzed by the neural network to be applied. For
example, in some embodiments, the neural network 360
shown in FIG. 8 may be configured to take as an input 20
images and the sequences of images received at block 702
may include more than 40 images each. Accordingly, in
some embodiments, before training the neural networks,
block 706 may direct the trainer processor 600 to split one
or more groups of echocardiographic images received at
block 702 into subsets.

For example, block 706 may direct the trainer processor
600 to split each sequence of images into one or more groups
of 20 image files each. In order to do this, block 706 may
direct the trainer processor 600 to change the value stored in
the image group identifier field for each file. Block 706 may
further direct the trainer processor 600 to generate and store
further expert quality assessment records as necessary such
that each of the new groups of images is associated with the
same quality assessment value as the original sequence of
images.

Due to the storage length of heart cycles and different
frame acquisition rates, number of images per cardiac cycle
may vary for different image sequences. Accordingly, in
some embodiments the neural network may be defined to
take as input a static sequence size of nearly half the average
heart cycle in the echocardiographic images received at
block 702 (for example, in some embodiments 20 images),
to capture the quality distribution of the echo imaging view
categories. In various embodiments, by choosing a static
sequence size of about half the average heart cycle, images
in each sequence may not be synced with the heart cycle and
this may, in some embodiments, help to ensure that the
estimated quality assessment value provided after training
for a given input sequence may be independent of the
starting phase of the cardiac data.

Block 706 may direct the trainer processor 600 to, for
each 20 image sequence of images having a common group
identifier value, select a set of layers of the neural network
360 shown in FIG. 8 to train, and to train those layers. For
example, for a 20 image sequence associated with the AP4
view category, block 706 may direct the trainer processor
600 to train the neural network including the shared layers
362 and the AP4 view category specific layers 374. Block
706 may direct the trainer processor 600 to use the 20
images as inputs and to use the expert quality assessment
value from an associated expert quality assessment record
stored in the location 642 of the storage memory 604 as the
desired output.

In some embodiments, block 706 may direct the trainer
processor 600 work towards optimizing network hyper-
parameters by cross-validation to try to ensure that the
network can sufficiently learn the distribution of all view
categories without overfitting to the training data. In some
embodiments, after finalizing the network architecture, the
network may be trained on all of the images stored in the
location 640 of the storage memory 604.
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In various embodiments, the shared layer 362 and the
view category specific layers 370, 372, 374, 376, and 378
may be trained simultaneously. In some embodiments, batch
training may be used and each batch may consist of eight
sequences (or groups of images) from each view, for
example, wherein each sequence is a set of 20 consecutive
gray-scale images of 200x200 pixels, with no preprocessing
applied to the images.

In some embodiments, the neural networks may be
trained using the adam optimizer with hyper-parameters as
suggested by Kingma, D. P, Ba, J. L.: Adam: a Method for
Stochastic Optimization, International Conference on
Learning Representations 2015 pp. 1-15 (2015). The weight
of the cony layers may be initialized randomly from a
zero-mean Gaussian distribution. To try to prevent the neural
network from overfitting on the training data, 1, norm
regularization may be added to the weights of the cony
kernels. In some embodiments, Keras deep learning library
with TensorFlow™ backend, may be used to train and test
the models.

In some embodiments, to prevent co-adaptation of fea-
tures and overfitting on the training data, a dropout layer
with the dropout probability of 0.5 may be used after the
third pooling layer.

After training has been completed, the sets of parameters
stored in the location 646 of the storage memory 104 may
represent a trained echocardiographic image quality assess-
ment neural network that includes shared layers and a
plurality of view category specific layers.

Referring back to FIG. 16, in some embodiments, the
flowchart 700 may include a further block 708 which directs
the trainer processor 600 to produce signals representing the
parameters defining the trained neural networks for causing
the parameters to be provided to a system or device config-
ured to apply the neural networks. In some embodiments, for
example, block 708 may direct the trainer processor 600 to
retrieve the neural network records from the location 644
and to produce signals representing the records for causing
the records to be provided to the analyzer 12.

For example, in some embodiments, block 708 may direct
the trainer processor 600 to retrieve the common neural
network record and the view category specific neural net-
work records stored in the location 644 and transmit signals
representing the records to the analyzer 12 via the interface
624 and the network 126. Alternatively, in some embodi-
ments, block 708 may direct the trainer processor 600 to
cause the records to be stored in removable memory which
may be provided to the analyzer 12.

The analyzer 12 may be configured as described above to
receive the neural network records and to perform image
assessment by applying the neural networks represented
thereby.

In some embodiments, the block of codes 660 of the
program memory 602 shown in FIG. 16 may include a block
that directs the trainer processor 600 to train a view category
determining neural network that is configured to take as an
input at least one echocardiographic image and to output an
indication of what view category should be associated with
the input at least one echocardiographic image. The block
may use the image data from the training image files stored
in the location 640 of the storage memory 104 as inputs and
indications of the associated view categories (as determined
by the view category identifiers included in the image files)
as desired outputs.

The neural network may include convolutional layers,
max-pooling layers, and fully connected layers, the fully
connected layers including a softmax layer as an output
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layer having outputs which represent respective determina-
tions that an input set of echocardiographic images fall
within a particular view category. In some embodiments, the
block may direct the trainer processor 600 to store param-
eters defining the trained neural network in a view category
determining neural network record in the location 648 of the
storage memory 604.

Embodiments Using Distributed Processing and/or
Separate Devices

In some embodiments, separation of the neural network
trainer 502, the training image source 504, and the analyzer
12 into different computers or systems may facilitate control
of and access to information. This may be particularly
desirable with the systems described herein where personal
and/or confidential information may be managed. Further, in
some embodiments, separation of the neural network train-
ing from the analysis, for example, may allow different or
faster computers to train the neural network.

In some embodiments, the functionality of aspects of the
system 10 and/or the system 500 may be further modular-
ized and/or distributed between different devices. For
example, in some embodiments, a system 800 as shown in
FIG. 19 may perform generally similar functions to the
system 10 shown in FIG. 1. The system 800 includes a user
interface system 802 generally similar to the user interface
system 14 shown in FIG. 1, and a transducer 804 generally
similar to the transducer 16 shown in FIG. 1. The system 800
also includes a scanner 806 and an image analyzer 808
which are in communication with one another via a network
810 and configured to together perform generally similar
functions to the analyzer 12 described above. The scanner
806 may be configured to receive signals from the trans-
ducer and generate and store echocardiographic images in
memory generally as described above. The scanner 806 may
be configured to send the echocardiographic images to the
image analyzer 808 which is configured to receive the
images from the scanner 806 and generally perform image
analysis steps as described above with reference to the
flowchart 200 shown in FIG. 3. The image analyzer 808 may
be configured to send signals to the scanner 806 for causing
the scanner 806 to cause representations of the echocardio-
graphic images and associated quality assessment values to
be displayed on the display of the user interface system 802.

In some embodiments, the functionality of any or all of
the devices included in the systems 10, 500, and/or 800 as
shown in FIGS. 1, 13, and 18 may be performed by multiple
devices which are in communication with one another via a
network. In such embodiments, the devices may be distrib-
uted in a cloud computing context, for example. For
example, in some embodiments, a system that functions
generally similar to the system 800 shown in FIG. 19 may
include a mobile device, such as a smart phone, acting
similar to the user interface system 802, in communication
with a scanner generally similar to the scanner 806, via a
wireless connection, for example. An image analyzer acting
as the image analyzer 808 may be remotely located in
comparison to the scanner and the mobile device and may be
in communication with the scanner 806 and/or the mobile
device via a network connection, for example, over the
Internet. In some embodiments, allowing the image analyzer
808 to be remotely located and accessible via a network,
may facilitate the use of low cost or fast computing
resources to carry the load of intensive processing during
training and/or application of the neural networks.
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In some embodiments, execution of block 206 may be
performed by more than one analyzer device. For example,
in some embodiments a first analyzer may apply the shared
layers of an image quality assessment neural network to the
received at least one echocardiographic image and then send
the output of the shared layers to a second analyzer, which
may apply one of the view specific layers to the received
output. In such embodiments, the shared layers may act as
a small neural network. In some embodiments, the shared
layers may facilitate data compression. In some embodi-
ments, the first analyzer may be in communication with the
second analyzer via a network connection, such as, for
example, an Internet connection. In some embodiments, the
first analyzer may be implemented on a mobile device and
the second analyzer may be in the cloud. In various embodi-
ments, using a neural network with common shared layers
may facilitate compressing the echocardiographic image
data before sending the data to the second analyzer and may
reduce the bandwidth needed to transfer data to the second
analyzer.

In some embodiments, the first analyzer may use the
shared layers of a neural network to generate a coarse quality
score, and a finer quality score may be calculated by a larger
architecture which is deployed in the cloud, for example,
and uses the output of the shared layers.

Stored Image Analysis

In some embodiments, the analyzer 12 may be used to
analyze stored images, rather than echocardiographic
images received in real-time or near real-time. For example,
in some embodiments, the analyzer 12 may be in commu-
nication with an image source, which may, for example, be
implemented as a PACS. In some embodiments, the analyzer
12 may be in communication with the image source via a
network, such as, the Internet, for example. In some embodi-
ments, the analyzer 12 may be integrated with the image
source as a single device.

In some embodiments where the analyzer 12 is used to
analyze stored images from an image source, block 202 may
direct the analyzer processor 100 to receive at least one
echocardiographic image from the image source. Blocks 204
and 206 may direct the analyzer processor 100 to perform
functions generally as described above. In some embodi-
ments, block 208 may direct the analyzer processor 100 to
produce signals for causing the quality assessment value to
be stored in association with the at least one echocardio-
graphic image at the image source. In some embodiments,
using the analyzer 12 to analyze stored echocardiographic
images from an image source may facilitate use of the
previously captured echocardiographic images for later
quantified clinical measurement of anatomical features and/
or to assist in diagnosing a medical condition or a charac-
teristic of the heart.

Embodiments Using Integrated Devices

In some embodiments, the functionality of some or all of
the neural network trainer 502, the training image source
504 and/or the analyzer 12 of the systems 500 and 10 may
be provided by a single integrated device or system, for
example. By way of example, in various embodiments,
aspects of the neural network trainer 502 and the analyzer 12
may be integrated, such that a single device performs the
neural network training and the analysis. In some embodi-
ments, some of the blocks of code may be altered and/or
omitted to facilitate the execution of the functionality of the
processes described herein by one or more integrated device
or system. In some embodiments, a system including such
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integrated devices may provide advantages such as, for
example, reduction in implementation and/or operating
costs.

3D Representations

In some embodiments, block 202 may direct the analyzer
processor 100 to receive or derive one or more 3D model
representations of the patient’s heart from the signals
received from the scanner 16. In such embodiments, each of
the 3D model representations may represent one or more
echocardiographic images which may be derived or
extracted from the 3D model representation by taking slices
or planar sections from the 3D model, for example. In such
embodiments, the flowchart 200 may be executed to analyze
echocardiographic images derived or extracted from the 3D
model representation.

Various Embodiments

In some embodiments, echocardiographers may have
previously provided the expert quality assessment values,
and the training image source 504 may store respective
expert quality assessment values in association with each of
the images. In such embodiments, block 704 may direct the
trainer processor 600 to receive the expert quality assess-
ment values from the training image source 504.

Certain embodiments of the systems 10, 500, and 800
have been described above, wherein a plurality of images, in
some embodiments a sequence of 20 images, for example,
are analyzed together to generate a single quality assessment
value. In various embodiments, analyzing more than one
image together may facilitate determining accurate and
contextualized quality assessment values.

However, in some embodiments, the systems 10, 500, or
800 may be configured to analyze a single image at a time.
In such embodiments, the flowchart 200 shown in FIG. 3, or
a generally similar flowchart, may be executed to determine
a quality assessment value for a single image received at
block 202 of the flowchart 200. In various embodiments,
analyzing a single image at a time may facilitate fast
processing of the flowchart 200 and/or real-time or near
real-time feedback for the operator. In embodiments where
a single image is analyzed at a time, the systems 10, 500,
and/or 800 may be configured to train and/or apply functions
or neural networks to the single image to determine quality
assessment values of each image. In such embodiments,
different neural networks from those shown in FIGS. 6 and
8, as defined by different neural network records, may be
trained and applied.

For example, an exemplary view category determining
neural network that may be trained and/or applied to a single
echocardiographic image to determine a view category to be
associated with the echocardiographic image, in accordance
with some embodiments, is shown at 950 in FIG. 20. In
some embodiments, the neural network 950 may be config-
ured to take as input an image having a size of 200200
pixels, and may include one convolutional layer with 12
kernels of each 11x11 pixels, one pooling layer with a kernel
of 3x3 and stride of 2, one convolutional layer with 24
kernels of each 7x7 pixels, one pooling layer with a kernel
of 3x3 and stride of 2, one convolutional layer with 48
kernels of each 3x3 pixels, one pooling layer with a kernel
of 3x3 and stride of 2, a fully connected layer with 2048
outputs, a fully connected layer with 1024 outputs, and a
fully connected layer with 5 outputs.

An exemplary image assessment neural network that may
be trained and/or applied to a single echocardiographic
image to determine a quality assessment value for the
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echocardiographic image, in accordance with some embodi-
ments, is shown at 980 in FIG. 21.

While specific embodiments of the invention have been
described and illustrated, such embodiments should be con-
sidered illustrative of the invention only and not as limiting
the invention as construed in accordance with the accom-
panying claims.

The series of paragraphs below recites various illustrative
combinations of features of the present disclosure. These
paragraphs are intended to represent a non-limiting presen-
tation of suitable combinations, and are alphanumerically
designated for clarity and efficiency:

A0. A computer-implemented system for facilitating
echocardiographic image analysis, the system comprising at
least one processor configured to:

receive signals representing a first at least one echocar-

diographic image;
associate the first at least one echocardiographic image
with a first view category of a plurality of predeter-
mined echocardiographic image view categories;

determine, based on the first at least one echocardio-
graphic image and the first view category, a first quality
assessment value representing a view category specific
quality assessment of the first at least one echocardio-
graphic image;

produce signals representing the first quality assessment

value for causing the first quality assessment value to
be associated with the first at least one echocardio-
graphic image;

receive signals representing a second at least one echocar-

diographic image;

associate the second at least one echocardiographic image

with a second view category of the plurality of prede-
termined echocardiographic image view categories,
said second view category being different from the first
view category;

determine, based on the second at least one echocardio-

graphic image and the second view category, a second
quality assessment value representing a view category
specific quality assessment of the second at least one
echocardiographic image; and

produce signals representing the second quality assess-

ment value for causing the second quality assessment
value to be associated with the second at least one
echocardiographic image.

Al. The system of paragraph A0 wherein the first quality
assessment value represents an assessment of suitability of
the first at least one echocardiographic image for quantified
clinical measurement of anatomical features and wherein the
second quality assessment value represents an assessment of
suitability of the second at least one echocardiographic
image for quantified measurement of anatomical features.

A2. The system of paragraph AO or A1 wherein the at least
one processor is configured to:

produce signals for causing a representation of the first

quality assessment value to be transmitted to at least
one display for causing the at least one display to
display the first quality assessment value in association
with the first at least one echocardiographic image, to
assist one or more operators of an echocardiographic
device in capturing at least one subsequent echocar-
diographic image; and

produce signals for causing a representation of the second

quality assessment value to be transmitted to the at least
one display for causing the at least one display to
display the second quality assessment value in asso-
ciation with the second at least one echocardiographic
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image, to assist the one or more operators in capturing
at least one subsequent echocardiographic image.

A3. The system of any one of paragraphs A0 to A2
wherein the at least one processor is configured to:

apply one or more view categorization functions to the

first at least one echocardiographic image to determine
that the first at least one echocardiographic image falls
within the first view category; and

apply one or more view categorization functions to the

second at least one echocardiographic image to deter-
mine that the second at least one echocardiographic
image falls within the second view category.

A4. The system of any one of paragraphs A0 to A3
wherein the first at least one echocardiographic image
comprises a plurality of echocardiographic images and
wherein the at least one processor is configured to determine
the first quality assessment value by determining a single
quality assessment value representing a view category spe-
cific assessment of the plurality of echocardiographic
images.

AS. The system of any one of paragraphs A0 to A4
wherein each of the plurality of predetermined echocardio-
graphic image view categories is associated with a respec-
tive set of assessment parameters and wherein the at least
one processor is configured to:

determine that a first set of assessment parameters of the

sets of assessment parameters is associated with the
first view category;

in response to determining that the first set of assessment

parameters is associated with the first view category,
apply a first function based on the first set of assessment
parameters to the first at least one echocardiographic
image;

determine that a second set of assessment parameters of

the sets of assessment parameters is associated with the
second view category; and

in response to determining that the second set of assess-

ment parameters is associated with the second view
category, apply a second function based on the second
set of assessment parameters to the second at least one
echocardiographic image.

A6. The system of paragraph AS wherein each of the sets
of assessment parameters includes:

a set of common assessment parameters, which are com-

mon to each of the sets of assessment parameters; and

a set of view category specific assessment parameters,

which are unique to the set of assessment parameters.

A7. The system of paragraph A5 or A6 wherein each of
the sets of assessment parameters is a set of neural network
parameters that defines a neural network having a plurality
of layers including an input layer configured to receive one
or more echocardiographic images and an output layer
configured to output one or more quality assessment values
and wherein the at least one processor is configured to:

apply the first function based on the first set of assessment

parameters to the first at least one echocardiographic
image by inputting the first at least one echocardio-
graphic image into the neural network defined by the
first set of assessment parameters; and

apply the second function based on the second set of

assessment parameters to the second at least one
echocardiographic image by inputting the second at
least one echocardiographic image into the neural net-
work defined by the second set of assessment param-
eters.

AS8. The system of paragraph A7 wherein the at least one
processor is configured to train the neural networks by:
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receiving signals representing a plurality of echocardio-
graphic training images, each of the plurality of
echocardiographic training images associated with one
of the plurality of predetermined echocardiographic
image view categories;

receiving signals representing respective expert quality
assessment values representing view category specific
quality assessments of the plurality of echocardio-
graphic training images, each of the expert quality
assessment values provided by an expert echocardiog-
rapher and associated with one of the plurality of
echocardiographic training images; and

training the neural networks using the plurality of
echocardiographic training images as inputs and the
associated expert quality assessment values as desired
outputs to determine the sets of neural network param-
eters defining the neural networks.

A9. The system of paragraph A8 wherein each of the
expert quality assessment values represents an assessment of
suitability of the associated echocardiographic image for
quantified clinical measurement of anatomical features.

A10. The system of paragraph A8 or A9 wherein the at
least one processor is configured to derive each of the expert
quality assessment values at least in part from a clinical
plane assessment value representing an expert opinion
whether the associated echocardiographic training image
was taken in an anatomical plane suitable for quantified
clinical measurement of anatomical features.

All. The system of any one of paragraphs A8 to A10
wherein each of the sets of neural network parameters
includes:

a set of common neural network parameters, which are
common to each of the sets of neural network param-
eters; and

a set of view category specific neural network parameters,
which are unique to the set of neural network param-
eters; and

wherein the at least one processor is configured to, for
each echocardiographic training image:

select one of the sets of view category specific neural
network parameters based on the predetermined
echocardiographic image view category associated
with the echocardiographic training image; and

using the echocardiographic training image as an input
and the associated expert quality assessment values as
a desired output, train a neural network defined by the
set of common neural network parameters and the
selected one of the sets of view category specific neural
network parameters to update the set of common neural
network parameters and the selected one of the sets of
view category specific neural network parameters.

BO. A computer-implemented system for training neural
networks to facilitate echocardiographic image analysis, the
system comprising at least one processor configured to:

receive signals representing a plurality of echocardio-
graphic training images, each of the plurality of
echocardiographic training images associated with one
of a plurality of predetermined echocardiographic
image view categories;

receive signals representing expert quality assessment
values representing view category specific quality
assessments of the plurality of echocardiographic train-
ing images, each of the expert quality assessment
values provided by an expert echocardiographer and
associated with one of the plurality of echocardio-
graphic training images; and
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train the neural networks using the plurality of echocar-
diographic training images and the associated expert
quality assessment values to determine sets of neural
network parameters defining the neural networks, at
least a portion of each of said neural networks associ-
ated with one of the plurality of predetermined echocar-
diographic image view categories.

Bl. The system of paragraph BO wherein each of the
expert quality assessment values represents an assessment of
suitability of the associated echocardiographic image for
quantified clinical measurement of anatomical features.

B2. The system of paragraph BO or B1 wherein the at least
one processor is configured to derive each of the expert
quality assessment values at least in part from a clinical
plane assessment value representing an expert opinion
whether the associated echocardiographic training image
was taken in an anatomical plane suitable for a quantified
clinical measurement of anatomical features.

B3. The system of any one of paragraphs BO to B2
wherein each of the sets of neural network parameters
includes:

a set of common neural network parameters, which are
common to each of the sets of neural network param-
eters; and

a set of view category specific neural network parameters,
which are unique to the set of neural network param-
eters; and

wherein the at least one processor is configured to, for
each echocardiographic training image:

select one of the sets of view category specific neural
network parameters based on the predetermined
echocardiographic image view category associated
with the echocardiographic training image; and

using the echocardiographic training image as an input
and the associated expert quality assessment value as a
desired output, train a neural network defined by the set
of common neural network parameters and the selected
one of'the sets of view category specific neural network
parameters to update the set of common neural network
parameters and the selected one of the sets of view
category specific neural network parameters.

C0. A computer-implemented method of facilitating

echocardiographic image analysis, the method comprising:
receiving signals representing a first at least one echocar-
diographic image;

associating the first at least one echocardiographic image
with a first view category of a plurality of predeter-
mined echocardiographic image view categories;

determining, based on the first at least one echocardio-
graphic image and the first view category, a first quality
assessment value representing a view category specific
quality assessment of the first at least one echocardio-
graphic image;

producing signals representing the first quality assessment
value for causing the first quality assessment value to
be associated with the first at least one echocardio-
graphic image;

receiving signals representing a second at least one
echocardiographic image;

associating the second at least one echocardiographic
image with a second view category of the plurality of
predetermined echocardiographic image view catego-
ries, said second view category being different from the
first view category;

determining, based on the second at least one echocar-
diographic image and the second view category, a
second quality assessment value representing a view
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category specific quality assessment of the second at
least one echocardiographic image; and

producing signals representing the second quality assess-

ment value for causing the second quality assessment
value to be associated with the second at least one
echocardiographic image.

C1. The method of paragraph CO wherein the first quality
assessment value represents an assessment of suitability of
the first at least one echocardiographic image for quantified
clinical measurement of anatomical features and wherein the
second quality assessment value represents an assessment of
suitability of the second at least one echocardiographic
image for quantified measurement of anatomical features.

C2. The method of paragraph CO or C1 wherein:

producing the signals representing the first quality assess-

ment value comprises producing signals for causing a
representation of the first quality assessment value to be
transmitted to at least one display for causing the at
least one display to display the first quality assessment
value in association with the first at least one echocar-
diographic image, to assist one or more operators of an
echocardiographic device in capturing at least one
subsequent echocardiographic image; and

producing the signals representing the second quality

assessment value comprises producing signals for caus-
ing a representation of the second quality assessment
value to be transmitted to the at least one display for
causing the at least one display to display the second
quality assessment value in association with the second
at least one echocardiographic image, to assist the one
or more operators in capturing at least one subsequent
echocardiographic image.

C3. The method of any one of paragraphs C0O to C2
wherein:

associating the first at least one echocardiographic image

with the first view category comprises applying one or
more view categorization functions to the first at least
one echocardiographic image to determine that the first
at least one echocardiographic image falls within the
first view category; and

associating the second at least one echocardiographic

image with the second view category comprises apply-
ing one or more view categorization functions to the
second at least one echocardiographic image to deter-
mine that the second at least one echocardiographic
image falls within the second view category.

C4. The method of any one of paragraphs CO to C3
wherein the first at least one echocardiographic image
comprises a plurality of echocardiographic images and
wherein determining the first quality assessment value com-
prises determining a single quality assessment value repre-
senting a view category specific assessment of the plurality
of echocardiographic images.

C5. The method of any one of paragraphs CO to C4
wherein each of the plurality of predetermined echocardio-
graphic image view categories is associated with a respec-
tive set of assessment parameters and wherein:

determining the first quality assessment value comprises:

determining that a first set of assessment parameters of
the sets of assessment parameters is associated with
the first view category; and

in response to determining that the first set of assess-
ment parameters is associated with the first view
category, applying a first function based on the first
set of assessment parameters to the first at least one
echocardiographic image; and
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determining the second quality assessment value com-

prises:

determining that a second set of assessment parameters
of the sets of assessment parameters is associated
with the second view category; and

in response to determining that the second set of
assessment parameters is associated with the second
view category, applying a second function based on
the second set of assessment parameters to the sec-
ond at least one echocardiographic image.

C6. The method of paragraph C5 wherein each of the sets
of assessment parameters includes:

a set of common assessment parameters, which are com-

mon to each of the sets of assessment parameters; and

a set of view category specific assessment parameters,

which are unique to the set of assessment parameters.

C7. The method of paragraph C5 or C6 wherein each of
the sets of assessment parameters is a set of neural network
parameters that defines a neural network having a plurality
of layers including an input layer configured to receive one
or more echocardiographic images and an output layer
configured to output one or more quality assessment values
and wherein:

applying the first function based on the first set of assess-
ment parameters to the first at least one echocardiographic
image comprises inputting the first at least one echocardio-
graphic image into the neural network defined by the first set
of assessment parameters; and applying the second function
based on the second set of assessment parameters to the
second at least one echocardiographic image comprises
inputting the second at least one echocardiographic image
into the neural network defined by the second set of assess-
ment parameters.

C8. The method of paragraph C7 further comprising
training the neural networks, said training comprising:

receiving signals representing a plurality of echocardio-

graphic training images, each of the plurality of
echocardiographic training images associated with one
of the plurality of predetermined echocardiographic
image view categories;

receiving signals representing respective expert quality

assessment values representing view category specific
quality assessments of the plurality of echocardio-
graphic training images, each of the expert quality
assessment values provided by an expert echocardiog-
rapher and associated with one of the plurality of
echocardiographic training images; and

training the neural networks using the plurality of

echocardiographic training images as inputs and the
associated expert quality assessment values as desired
outputs to determine the sets of neural network param-
eters defining the neural networks.

C9. The method of paragraph C8 wherein each of the
expert quality assessment values represents an assessment of
suitability of the associated echocardiographic image for
quantified clinical measurement of anatomical features.

C10. The method of paragraph C8 or C9 further compris-
ing deriving each of the expert quality assessment values at
least in part from a clinical plane assessment value repre-
senting an expert opinion whether the associated echocar-
diographic training image was taken in an anatomical plane
suitable for quantified clinical measurement of anatomical
features.

C11. The method of any one of paragraphs C8 to C10
wherein each of the sets of neural network parameters
includes:
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a set of common neural network parameters, which are
common to each of the sets of neural network param-
eters; and

a set of view category specific neural network parameters,
which are unique to the set of neural network param-
eters; and

wherein training the neural networks using the plurality of
echocardiographic training images and the associated expert
quality assessment values comprises, for each echocardio-
graphic training image:

selecting one of the sets of view category specific neural
network parameters based on the predetermined
echocardiographic image view category associated
with the echocardiographic training image; and

using the echocardiographic training image as an input
and the associated expert quality assessment values as
a desired output, training a neural network defined by
the set of common neural network parameters and the
selected one of the sets of view category specific neural
network parameters to update the set of common neural
network parameters and the selected one of the sets of
view category specific neural network parameters.

DO0. A computer-implemented method of training neural
networks to facilitate echocardiographic image analysis, the
method comprising:

receiving signals representing a plurality of echocardio-
graphic training images, each of the plurality of
echocardiographic training images associated with one
of a plurality of predetermined echocardiographic
image view categories;

receiving signals representing expert quality assessment
values representing view category specific quality
assessments of the plurality of echocardiographic train-
ing images, each of the expert quality assessment
values provided by an expert echocardiographer and
associated with one of the plurality of echocardio-
graphic training images; and

training the neural networks using the plurality of
echocardiographic training images and the associated
expert quality assessment values to determine sets of
neural network parameters defining the neural net-
works, at least a portion of each of said neural networks
associated with one of the plurality of predetermined
echocardiographic image view categories.

D1. The method of paragraph DO wherein each of the
expert quality assessment values represents an assessment of
suitability of the associated echocardiographic image for
quantified clinical measurement of anatomical features.

D2. The method of paragraph DO or D1 further compris-
ing deriving each of the expert quality assessment values at
least in part from a clinical plane assessment value repre-
senting an expert opinion whether the associated echocar-
diographic training image was taken in an anatomical plane
suitable for a quantified clinical measurement of anatomical
features.

D3. The method of any one of paragraphs DO to D2
wherein each of the sets of neural network parameters
includes:

a set of common neural network parameters, which are
common to each of the sets of neural network param-
eters; and

a set of view category specific neural network parameters,
which are unique to the set of neural network param-
eters; and

Caption Health Ex1015



Case 6:24-0v-03200EKL Do

681 Fled 05/30125 Page 42 of 45

US 11,129,591 B2

33

wherein training the neural networks using the plurality of
echocardiographic training images and the associated expert
quality assessment values comprises, for each echocardio-
graphic training image:
selecting one of the sets of view category specific neural
network parameters based on the predetermined
echocardiographic image view category associated
with the echocardiographic training image; and
using the echocardiographic training image as an input
and the associated expert quality assessment value as a
desired output, training a neural network defined by the
set of common neural network parameters and the
selected one of the sets of view category specific neural
network parameters to update the set of common neural
network parameters and the selected one of the sets of
view category specific neural network parameters.
D4. A computer readable medium having stored thereon
codes which when executed by at least one processor cause
the at least one processor to perform the method of any one
of paragraphs CO to D3.
EO. A system for facilitating echocardiographic image
analysis, the system comprising:
means for receiving signals representing a first at least one
echocardiographic image;
means for associating the first at least one echocardio-
graphic image with a first view category of a plurality
of predetermined echocardiographic image view cat-
egories;
means for determining, based on the first at least one
echocardiographic image and the first view category, a
first quality assessment value representing a view cat-
egory specific quality assessment of the first at least one
echocardiographic image;
means for producing signals representing the first quality
assessment value for causing the first quality assess-
ment value to be associated with the first at least one
echocardiographic image;
means for receiving signals representing a second at least
one echocardiographic image;
means for associating the second at least one echocardio-
graphic image with a second view category of the
plurality of predetermined echocardiographic image
view categories, said second view category being dif-
ferent from the first view category;
means for determining, based on the second at least one
echocardiographic image and the second view cat-
egory, a second quality assessment value representing
a view category specific quality assessment of the
second at least one echocardiographic image; and
means for producing signals representing the second
quality assessment value for causing the second quality
assessment value to be associated with the second at
least one echocardiographic image.
FO. A system for training neural networks to facilitate
echocardiographic image analysis, the system comprising:
means for receiving signals representing a plurality of
echocardiographic training images, each of the plural-
ity of echocardiographic training images associated
with one of a plurality of predetermined echocardio-
graphic image view categories;
means for receiving signals representing expert quality
assessment values representing view category specific
quality assessments of the plurality of echocardio-
graphic training images, each of the expert quality
assessment values provided by an expert echocardiog-
rapher and associated with one of the plurality of
echocardiographic training images; and
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means for training the neural networks using the plurality
of echocardiographic training images and the associ-
ated expert quality assessment values to determine sets
of neural network parameters defining the neural net-
works, at least a portion of each of said neural networks
associated with one of the plurality of predetermined
echocardiographic image view categories.
The invention claimed is:
1. A computer-implemented system for facilitating
10 echocardiographic image analysis, the system comprising at
least one processor configured to:
receive signals representing a first at least one echocar-
diographic image;
associate the first at least one echocardiographic image
with a first view category of a plurality of predeter-
mined echocardiographic image view categories;
determine, based on the first at least one echocardio-
graphic image and the first view category, a first quality
assessment value representing a view category specific
quality assessment of the first at least one echocardio-
graphic image;
produce signals representing the first quality assessment
value for causing the first quality assessment value to
be associated with the first at least one echocardio-
graphic image;
receive signals representing a second at least one echocar-
diographic image;
associate the second at least one echocardiographic image
with a second view category of the plurality of prede-
termined echocardiographic image view categories,
said second view category being different from the first
view category;
determine, based on the second at least one echocardio-
graphic image and the second view category, a second
quality assessment value representing a view category
specific quality assessment of the second at least one
echocardiographic image; and
produce signals representing the second quality assess-
ment value for causing the second quality assessment
value to be associated with the second at least one
echocardiographic image;
wherein each of the plurality of predetermined echocar-
diographic image view categories is associated with a
respective set of assessment parameters, each of the
sets of assessment parameters being a set of neural
network parameters that define a neural network having
a plurality of layers including an input layer configured
to receive one or more echocardiographic images and
an output layer configured to output one or more
quality assessment values, and wherein the at least one
processor is configured to determine the first quality
assessment value by:
determining that a first set of assessment parameters of
the sets of assessment parameters is associated with
the first view category; and
in response to determining that the first set of assess-
ment parameters is associated with the first view
category, inputting the first at least one echocardio-
graphic image into the neural network defined by the
first set of assessment parameters; and
wherein the at least one processor is configured to deter-
mine the second quality assessment value by:
determining that a second set of assessment parameters
of the sets of assessment parameters is associated
with the second view category; and
in response to determining that the second set of
assessment parameters is associated with the second
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view category, inputting the second at least one
echocardiographic image into the neural network
defined by the second set of assessment parameters.

2. The system of claim 1 wherein the first quality assess-
ment value represents an assessment of suitability of the first
at least one echocardiographic image for quantified clinical
measurement of anatomical features and wherein the second
quality assessment value represents an assessment of suit-
ability of the second at least one echocardiographic image
for quantified measurement of anatomical features.

3. The system of claim 1 wherein the at least one
processor is configured to:

produce signals for causing a representation of the first

quality assessment value to be transmitted to at least
one display for causing the at least one display to
display the first quality assessment value in association
with the first at least one echocardiographic image, to
assist one or more operators of an echocardiographic
device in capturing at least one subsequent echocar-
diographic image; and

produce signals for causing a representation of the second

quality assessment value to be transmitted to the at least
one display for causing the at least one display to
display the second quality assessment value in asso-
ciation with the second at least one echocardiographic
image, to assist the one or more operators in capturing
at least one subsequent echocardiographic image.

4. The system of claim 1 wherein the at least one
processor is configured to:

apply one or more view categorization functions to the

first at least one echocardiographic image to determine
that the first at least one echocardiographic image falls
within the first view category; and

apply one or more view categorization functions to the

second at least one echocardiographic image to deter-
mine that the second at least one echocardiographic
image falls within the second view category.

5. The system of claim 1 wherein the first at least one
echocardiographic image comprises a plurality of echocar-
diographic images and wherein the at least one processor is
configured to determine the first quality assessment value by
determining a single quality assessment value representing a
view category specific assessment of the plurality of
echocardiographic images.

6. The system of claim 1 wherein each of the sets of
assessment parameters includes:

a set of common assessment parameters, which are com-

mon to each of the sets of assessment parameters; and

a set of view category specific assessment parameters,

which are unique to the set of assessment parameters.

7. The system of claim 1 wherein the at least one
processor is configured to train the neural networks by:

receiving signals representing a plurality of echocardio-

graphic training images, each of the plurality of
echocardiographic training images associated with one
of the plurality of predetermined echocardiographic
image view categories;

receiving signals representing respective expert quality

assessment values representing view category specific
quality assessments of the plurality of echocardio-
graphic training images, each of the expert quality
assessment values provided by an expert echocardiog-
rapher and associated with one of the plurality of
echocardiographic training images; and

training the neural networks using the plurality of

echocardiographic training images as inputs and the
associated expert quality assessment values as desired
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outputs to determine the sets of neural network param-
eters defining the neural networks.

8. The system of claim 7 wherein each of the expert
quality assessment values represents an assessment of suit-
ability of the associated echocardiographic image for quan-
tified clinical measurement of anatomical features.

9. The system of claim 7 wherein the at least one
processor is configured to derive each of the expert quality
assessment values at least in part from a clinical plane
assessment value representing an expert opinion whether the
associated echocardiographic training image was taken in an
anatomical plane suitable for quantified clinical measure-
ment of anatomical features.

10. The system of claim 7 wherein each of the sets of
neural network parameters includes:

a set of common neural network parameters, which are
common to each of the sets of neural network param-
eters; and

a set of view category specific neural network parameters,
which are unique to the set of neural network param-
eters; and

wherein the at least one processor is configured to, for each
echocardiographic training image:

select one of the sets of view category specific neural
network parameters based on the predetermined
echocardiographic image view category associated
with the echocardiographic training image; and

using the echocardiographic training image as an input
and the associated expert quality assessment values as
a desired output, train a neural network defined by the
set of common neural network parameters and the
selected one of the sets of view category specific neural
network parameters to update the set of common neural
network parameters and the selected one of the sets of
view category specific neural network parameters.

11. A computer-implemented system for training neural
networks to facilitate echocardiographic image analysis, the
system comprising at least one processor configured to:

receive signals representing a plurality of echocardio-
graphic training images, each of the plurality of
echocardiographic training images associated with one
of a plurality of predetermined echocardiographic
image view categories;

receive signals representing expert quality assessment
values representing view category specific quality
assessments of the plurality of echocardiographic train-
ing images, each of the expert quality assessment
values provided by an expert echocardiographer and
associated with one of the plurality of echocardio-
graphic training images; and

train the neural networks using the plurality of echocar-
diographic training images and the associated expert
quality assessment values to determine sets of neural
network parameters defining the neural networks, at
least a portion of each of said neural networks associ-
ated with one of the plurality of predetermined echocar-
diographic image view categories;

wherein the at least one processor is further configured to,
once the neural networks are trained:
receive signals representing a first at least one echocar-

diographic image;
associate the first at least one echocardiographic image
with a first view category of a plurality of predeter-
mined echocardiographic image view categories;
determine, based on the first at least one echocardio-
graphic image and the first view category, a first
quality assessment value representing a view cat-

Caption Health Ex1015



Case 6:24-0v-03200EKL Do

681 Fled 05/30/25

Page 4401 45

US 11,129,591 B2

37

egory specific quality assessment of the first at least
one echocardiographic image;
produce signals representing the first quality assess-
ment value for causing the first quality assessment
value to be associated with the first at least one
echocardiographic image;
receive signals representing a second at least one
echocardiographic image;
associate the second at least one echocardiographic
image with a second view category of the plurality of
predetermined echocardiographic image view cat-
egories, said second view category being different
from the first view category;
determine, based on the second at least one echocar-
diographic image and the second view category, a
second quality assessment value representing a view
category specific quality assessment of the second at
least one echocardiographic image; and
produce signals representing the second quality assess-
ment value for causing the second quality assessment
value to be associated with the second at least one
echocardiographic image;
wherein each of the plurality of predetermined echocar-
diographic image view categories is associated with
arespective set of assessment parameters, each of the
sets of assessment parameters being a set of neural
network parameters that define a neural network
having a plurality of layers including an input layer
configured to receive one or more echocardiographic
images and an output layer configured to output one
or more quality assessment values, and wherein the
at least one processor is configured to determine the
first quality assessment value by:
determining that a first set of assessment parameters
of the sets of assessment parameters is associated
with the first view category; and
in response to determining that the first set of assess-
ment parameters is associated with the first view
category, inputting the first at least one echocar-
diographic image into the neural network defined
by the first set of assessment parameters; and
wherein the at least one processor is configured to
determine the second quality assessment value by:
determining that a second set of assessment param-
eters of the sets of assessment parameters is asso-
ciated with the second view category; and
in response to determining that the second set of
assessment parameters is associated with the sec-
ond view category, inputting the second at least
one echocardiographic image into the neural net-
work defined by the second set of assessment
parameters.

12. The system of claim 11 wherein each of the expert
quality assessment values represents an assessment of suit-
ability of the associated echocardiographic image for quan-
tified clinical measurement of anatomical features.

13. The system of claim 11 wherein the at least one
processor is configured to derive each of the expert quality
assessment values at least in part from a clinical plane
assessment value representing an expert opinion whether the
associated echocardiographic training image was taken in an
anatomical plane suitable for a quantified clinical measure-
ment of anatomical features.

14. The system of claim 11 wherein each of the sets of
neural network parameters includes:
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a set of common neural network parameters, which are
common to each of the sets of neural network param-
eters; and

a set of view category specific neural network parameters,
which are unique to the set of neural network param-
eters; and

wherein the at least one processor is configured to, for each
echocardiographic training image:

select one of the sets of view category specific neural
network parameters based on the predetermined
echocardiographic image view category associated
with the echocardiographic training image; and

using the echocardiographic training image as an input
and the associated expert quality assessment value as a
desired output, train a neural network defined by the set
of common neural network parameters and the selected
one of the sets of view category specific neural network
parameters to update the set of common neural network
parameters and the selected one of the sets of view
category specific neural network parameters.

15. A computer-implemented method of facilitating

echocardiographic image analysis, the method comprising:
receiving signals representing a first at least one echocar-
diographic image;

associating the first at least one echocardiographic image
with a first view category of a plurality of predeter-
mined echocardiographic image view categories;

determining, based on the first at least one echocardio-
graphic image and the first view category, a first quality
assessment value representing a view category specific
quality assessment of the first at least one echocardio-
graphic image;

producing signals representing the first quality assessment
value for causing the first quality assessment value to
be associated with the first at least one echocardio-
graphic image;

receiving signals representing a second at least one
echocardiographic image;

associating the second at least one echocardiographic
image with a second view category of the plurality of
predetermined echocardiographic image view catego-
ries, said second view category being different from the
first view category;

determining, based on the second at least one echocar-
diographic image and the second view category, a
second quality assessment value representing a view
category specific quality assessment of the second at
least one echocardiographic image; and

producing signals representing the second quality assess-
ment value for causing the second quality assessment
value to be associated with the second at least one
echocardiographic image;

wherein each of the plurality of predetermined echocar-
diographic image view categories is associated with a
respective set of assessment parameters, each of the
sets of assessment parameters being a set of neural
network parameters that defines a neural network hav-
ing a plurality of layers including an input layer con-
figured to receive one or more echocardiographic
images and an output layer configured to output one or
more quality assessment values and wherein:
determining the first quality assessment value com-

prises:

determining that a first set of assessment parameters
of the sets of assessment parameters is associated
with the first view category; and
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in response to determining that the first set of assess-
ment parameters is associated with the first view
category, inputting the first at least one echocar-
diographic image into the neural network defined
by the first set of assessment parameters applying
a first function based on the first set of assessment
parameters to the first at least one echocardio-
graphic image; and

determining the second quality assessment value com-

prises:

determining that a second set of assessment param-
eters of the sets of assessment parameters is asso-
ciated with the second view category; and

in response to determining that the second set of
assessment parameters is associated with the sec-
ond view category, inputting the second at least
one echocardiographic image into the neural net-
work defined by the second set of assessment
parameters.

16. The method of claim 15 wherein the first quality
assessment value represents an assessment of suitability of
the first at least one echocardiographic image for quantified
clinical measurement of anatomical features and wherein the
second quality assessment value represents an assessment of
suitability of the second at least one echocardiographic
image for quantified measurement of anatomical features.

17. The method of claim 15 wherein:

producing the signals representing the first quality assess-

ment value comprises producing signals for causing a
representation of the first quality assessment value to be
transmitted to at least one display for causing the at
least one display to display the first quality assessment
value in association with the first at least one echocar-
diographic image, to assist one or more operators of an
echocardiographic device in capturing at least one
subsequent echocardiographic image; and
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producing the signals representing the second quality
assessment value comprises producing signals for caus-
ing a representation of the second quality assessment
value to be transmitted to the at least one display for
causing the at least one display to display the second
quality assessment value in association with the second
at least one echocardiographic image, to assist the one
or more operators in capturing at least one subsequent
echocardiographic image.

18. The method of claim 15 wherein:

associating the first at least one echocardiographic image

with the first view category comprises applying one or
more view categorization functions to the first at least
one echocardiographic image to determine that the first
at least one echocardiographic image falls within the
first view category; and

associating the second at least one echocardiographic

image with the second view category comprises apply-
ing one or more view categorization functions to the
second at least one echocardiographic image to deter-
mine that the second at least one echocardiographic
image falls within the second view category.

19. The method of claim 15 wherein the first at least one
echocardiographic image comprises a plurality of echocar-
diographic images and wherein determining the first quality
assessment value comprises determining a single quality
assessment value representing a view category specific
assessment of the plurality of echocardiographic images.

20. The method of claim 15 wherein each of the sets of
assessment parameters includes:

a set of common assessment parameters, which are com-

mon to each of the sets of assessment parameters; and

a set of view category specific assessment parameters,

which are unique to the set of assessment parameters.

#* #* #* * *

Caption Health Ex1015



Case 5:24-cv-03200-EKL  Document 68-2  Filed 05/30/25 Page 1 of 31

EXHIBIT B

Page 52 of 91 Caption Health Ex1015



Case 5:24-cv-03200-EKL  Document 68-2  Filed 05/30/25 Page 2 of 31

Page 53 of 91 Caption Health Ex1015



Case 524-0-03200EKL  Document 682 Filed 05/30/25  Page 3 of 31

US010751029B2

a2z United States Patent (10) Patent No.:  US 10,751,029 B2
Abolmaesumi et al. 45) Date of Patent: Aug. 25, 2020
(54) ULTRASONIC IMAGE ANALYSIS (56) References Cited

(71) Applicant: The University of British Columbia, U.S. PATENT DOCUMENTS

Vancouver (CA) 5776063 A 7/1998 Ditrich et al.
7,672,491 B2 3/2010 Krishnan et al.
(72) Inventors: Purang Abolmaesumi, Vancouver (Continued)
(CA); Robert Rohling, Vancouver
(CA); Teresa Tsang, North Vancouver FOREIGN PATENT DOCUMENTS
(CA); Zhibin Liao, Adelaide (AU); WO WO 2014/097090 Al 6/2014
Amir Abdi, Vancouver (CA) WO WO 2014/155272 1012014

WO WO 2017/181288 A1 10/2017
(73) Assignee: The University of British Columbia,

Vancouver (CA) OTHER PUBLICATIONS
(*) Notice: Subject to any disclaimer, the term of this “2019 CES Butterfly Personal Whole Body Ultrasound,” (retrieved
patent is extended or adjusted under 35 from the Internet at YOUTUBE “2019 CES Butterfly Personal
U.S.C. 154(b) by 0 days. Whole Body Ultrasound,” Sync Media Network https://www.youtube.
com/watch?v=m2 1kXPUI-_g&feature=youtu.be Jan. 11, 2019).
(21) Appl. No.: 16/557,261 (Continued)
(22) Filed: Aug. 30, 2019 Primary Examiner — Anand P Bhatnagar
(74) Attorney, Agent, or Firm — Knobbe, Martens, Olson
(65) Prior Publication Data & Bear, LLP
US 2020/0069292 Al Mar. 5, 2020 57 ABSTRACT

Embodiments of a computer-implemented method of facili-
tating ultrasonic image analysis of a subject are disclosed.

Related U.S. Application Data The method can involve receiving signals representing a set

(63) Continuation of application No. of ultrasound images of the subject, deriving one or more
PCT/CA2019/051192, filed on Aug. 28, 2019. extracted feature representations from the set of ultrasound
(Continued) images, determining, based on the derived one or more

extracted feature representations, a quality assessment value
representing a quality assessment of the set of ultrasound

(51) Int. CL images, determining, based on the derived one or more

ﬁzg g;z‘; (388281) extracted feature representations, an image property associ-
( 01) ated with the set of ultrasound images, and producing signals
(52) US.CL representing the quality assessment value and the image
CPC .......... A61B 8/5207 (2013.01); A61B 8/0883 property for causing the quality assessment value and the
(2013.01); A61B 8/463 (2013.01); image property to be associated with the set of ultrasound
(Continued) images. Embodiments of a computer-implemented method
(58) Field of Classification Search of training one or more neural networks to facilitate ultra-
CPC combination set(s) only. sonic image analysis is also disclosed. Other apparatuses,

See application file for complete search history. (Continued)

200
~
Receive signals representing a set of ultrasound |._,0,
images
|
Derive ane or more extracted feature
representations from the set of ultrasound ~ |~204
images
| |
Determine, hased on the Determine, based on the
206~  extracted feature extracted feature  {_9pg
representations, a guality fepresentations, an
assessment value image property

y }

Produce signals representing the quality 210
assessment value and the image property

Page 54 of 91 Caption Health Ex1015



03200 KL Document 682 Filed 05130125 Page 4 of 31

US 10,751,029 B2
Page 2

methods, systems, and computer-readable media are also
disclosed.

30 Claims, 13 Drawing Sheets

Related U.S. Application Data

(60) Provisional application No. 62/725,913, filed on Aug.
31, 2018.

(52) US.CL
CPC oo AGIB 8/483 (2013.01); AGIB 8/5215
(2013.01); A61B 8/466 (2013.01)

(56) References Cited
U.S. PATENT DOCUMENTS

7,672,517 B2* 3/2010 Buscema .................. GO6T 5/20
382/162

7,680,308 B2 3/2010 Dale

7,912,528 B2 3/2011 Krishnan et al.

8,594,398 B2  11/2013 Beymer et al.

8,712,157 B2 4/2014 Marchesotti et al.

8,744,152 B2 6/2014 Beymer et al.

8,750,375 B2 6/2014 Beymer et al.

8,891,881 B2  11/2014 Gupta et al.

8,917,917 B2  12/2014 Bwymar et al.

9,652,846 Bl 5/2017 Codella et al.

9,918,701 B2 3/2018 AG61B 6/487
10,074,038 B2 9/2018 .. GO6T 7/0002
10,127,659 B2* 11/2018 GOG6F 19/00

*® ¥ X X ¥ ¥

10,140,734 B2* 11/2018 GO6T 11/008
10,242,443 B2 3/2019 ieh ..o GO6N 3/04
2005/0020903 Al 1/2005 i G16H 50/20
600/407
2005/0251013 A1 11/2005 Krishnan et al.
2006/0147107 Al 7/2006 Zhang et al.
2009/0034808 Al 2/2009 Zhou et al.
2009/0074280 Al 3/2009 Lu et al.
2009/0088640 Al* 4/2009 Park .............. GO6K 9/6257
600/453

2010/0168578 Al 7/2010 Garson, Jr. et al.
2011/0082371 Al 4/2011 Chono
2015/0086093 Al 3/2015 Fonte et al.
2015/0302638 Al 10/2015 Jago et al.
2017/0026298 Al 1/2017 Huo
2017/0143312 A1* 5/2017 Hedlund .............. A61B 6/487
2017/0360401 Al  12/2017 Rothberg et al.
2017/0360402 Al  12/2017 De Jonge et al.
2017/0360403 Al  12/2017 Rothberg et al.
2017/0360411 Al  12/2017 Rothberg et al.
2017/0360412 A1 12/2017 Rothberg et al.

2018/0144214 Al1* 5/2018 Hsieh .................. GO6K 9/6265
2018/0153505 Al 6/2018 Cadieu et al.
2018/0310920 Al* 11/2018 Specht ............... A61B 8/5269

2019/0059851 Al 2/2019 Rothberg

2019/0104949 Al 4/2019 Cadieu et al.

2019/0125298 Al* 5/2019 Abolmaesumi .......... GO6N 3/08
2019/0130554 Al* 5/2019 Rothberg ............... GO1S 17/00
2019/0142390 Al*  5/2019 Luo ... .. A61B 8/5215
2019/0266716 Al* 82019 Rothberg ............. GO1S 17/00

OTHER PUBLICATIONS

Abdi A H. et al., “Automatic quality assessement of echocardiograms
using convolutional neural networks: Feasibility on the apical
four-chamber view”. Trans. Medical Imaging. 2017.

Abdi A.H. et al,, “Quality assessment of echocardiographic cine
using recurrent neural networks: Feasibility on five standard view
planes”. In Proceedings of MICCAI 2017.

“Healthcare Summit 2017: Spotlight: An Ultrasound in Your Pocket—
Forbes Live,” (retrieved from the Internet at YOUTUBE “Healthcare

Page 55 of 91

Summit 2017: Spotlight: An Ultrasound in Your Pocket—Forbes
Live,” Forbes Live https://www.youtube.com/watch?v=RI-tpOXqk8k
&feature=youtu.be Dec. 4, 2017).

Hochreiter S et al., “Long short-term memory”. Neural computa-
tion. 1997.

Huang G. et al., “Densely connected convolutional networks”. In
Proceedings of the IEEE conference on CVPR. 2017.
International Search Report and Written Opinion in PCT Applica-
tion No. PCT/CA2019/051192 dated Nov. 8, 2019.

IToffe, S. et al., “Batch normalization: Accelerating deep network
training by reducing internal covariate shift”. In: Proceedings of the
32" International Conference on Machine Learning. pp. 448-456.
ICML’15, JMLR (2015).

Kim J. et al, “Deep Convolutional Neural Models for Picture-
Quality Prediction”, IEEE Signal Processing Magazine, Nov. 13,
2017.

Lu, X. et al., “AutoMPR: Automatic detection of standard planes in
3D echocardiography”. In: 5 IEEE International Symposium on
ISBI 2008, pp. 1279-1282 (2008).

Nair, V. et al., “Rectified linear units improve restricted Boltzmann
machines”. In: Proceedings of the 27" international conference on
machine learning ( ICML-10). pp. 807-814 (2010).

Search Strategy in PCT Application No. PCT/CA2019/051192
dated Nov. 8, 2019.

Sri-Kaushik Pavani, et al., “Quality Metric for Parasternal Long
Axis B-Mode Echocardiograms,” published in Medical Image Com-
puting and Computer Assisted Intervention (MICCAI) in Jan. 2012.
vol. 15, part 2, pp. 478-485.

U.S. Appl. No. 16/095,601, including its prosectution history, and
the Office Actions therein, dated Oct. 22, 2018, Abolmaesumi.
Alison Noble, et al., “Ultrasound Image Segmentation: A Survey,”
published in IEEE Transactions on Medical maging from the
Institute of Electrical and Electronics Engineers in Aug. 2006. vol.
25, issue 8, pp. 87-1010.

A.S. Miller, et al., “Review of Neural Network Applications in
Medical Imaging and Signal Processing,” published in Medical &
Biological Engineering & Computing in Sep. 1992. vol. 30, pp.
449-464.

Canadian Intellectual Property Office, International Search Report
and Written Opinion of the international Searching Authority in
PCT/CA2017/050496, dated Jul. 13, 2017, which is the interna-
tional application to this U.S. application.

Curt G. Degroff, MD; et al., “Artificial Neural Network-Based
Method of Screening Heart Murmurs in Children,” published in
Circulation by the American Heart Association on Jun. 5, 2001. vol.
103, issue 22, pp. 2711-2716.

Dipti Itchhaporia, MD; et al., “Artificial Neural Networks: Current
Status in Cardiovascular Medicine,” published in the Journal of the
American College of Cardiology (JACC) in Aug. 1996. vol. 28,
issue 2, pp. 515-521.

Hao Chen, et al., “Iterative Multi-domain Regularized Deep Learn-
ing for Anatomical Structure Detection and Segmentation from
Ultrasound Images,” submitted to Medical Image Computing and
Computer Assisted Intervention, Dart 2 (MICCAI) in Jul. 2016.
Hoo-Chang Shin, et al., “Deep Convolutional Neural Networks for
Computer-Aided Detection: CNN Architectures, Dataset Character-
istics and Transfer Learning,” submitted to hllps://www.arXiv.org
on Feb. 10, 2016.

J. Jiang, et al., “Medical Imaging Analysis with Artificial Neural
Networks,” published in Computerized Medical Imaging and Graph-
ics in 2010. vol. 34, issue 8, pp. 617-631.

Neelam Sinha, et al., “Quality Assessment in Magnetic Resonance
Images,” published in Critical Reviews™ in Biomedical Engineer-
ing {CRMBE) in 2010. vol. 38, issue 2, pp. 127-141.

Nima Torbati, et al., “An Efficient Neural Network Based Method
for Medical Image Segmentation,” published in computers in Biol-
ogy and Medicine by Elsevier on Jan. 1, 2014. vol. 44, pp. 76-87.
Noha El-Zehiry, et al., “Learning the Manifold of Quality Ultra-
sound Acquisition,” published in Medical Image computing and
Computer Assisted Intervention, Part 1 (MCCAII) in Sep. 2013.
Nov. 8, 2019, Extended Furopean Search Report from the European
Patent Office in European Patent Application Serial No. 17785210.
0, which is a foreign counterpart to this application.

Caption Health Ex1015



03200EKL  Document 682 Filed 05130125 Page 5 0f 31

US 10,751,029 B2
Page 3

(56) References Cited
OTHER PUBLICATIONS

R.H. Clayton, et al., “Recognition of Ventricular Fibrillation Using
Neural Networks,” published in Medical & Biological Engineering
& Computing in Mar. 1994. vol. 32, pp. 217-220.

S. Kevin Zhou, et al.,, “Image-based Multiclass Boosting and
Echocardiographic View Classification,” in 2006 IEEE computer
Society Conference on Computer Vision and Pattern Recognition
{CVPR’06). vol. 2, pp. 1559-1565.

Shijun Wang, et al., “Machine Learning and Radiology,” published
in Medical Image Analysis by Elsevier in Jul. JO12. vol. 16, issue
5, pp. 993-951.

Sri-Kaushik Pavani, et al., “Quality Metric for Parasternal Long
Axis B-Mode Echocardiograms,” published in Medical Image Com-
puting and Computer Assisted Intervention {MICCALI) in Jan. 2012.
vol. 15, part 2, pp. 178-485.

Sten Roar Snare, et al.,, “Real-Time Scan Assistant for
Echocardiography,” in IEEE Transactions on Ultrasonics, Fer-
roelectrics, and Frequency Control in Mar. 2012. vol. 59, issue 3, pp.
583-589.

Timothy J_ W. Dawes, FRCA, PhD; et al., “Machine Learning of
Three-dimensional Right Ventricular Motion Enables Outcome Pre-

Page 56 of 91

diction in Pulmonary Hypertension: A Cardiac MR Imaging Study,”
published online in Radiology n Jan. 2017.

Xiaoguang Lu, et al., “AutoMPR: Automatic Detection of Standard
Planes in 3D Echocardiography,” published in JOO8 5th IEEE
International Symposium on Biomedical Imaging: From Nano to
Macro in Jun. 2008. pp. 1279-1282.

Xiaoming Liu, et al., “Learning-based Scan Plane Identification
from Fetal Head Ultrasound Images,” published in Medical Imaging
2012: Ultrasonic Imaging, Tomography, and Therapy; 83200A in
Feb. 2012. Proceedings SPIE vol. 8320.

Amir, et al., “Automatic quality assessment of apical four-chamber
echocardiograms using deep convolutional neural networks,” Proc.
of SPIE vol. 10133, downloaded Mar. 9, 2020, 8 pages.

Abdi, et al., “Automatic quality assessment of apical four-chamber
echocardiograms using deep convolutional neural networks,” Medi-
cal Imaging 2017: Image Processing, edited by Martin A. Styner,
Elsa D. Angelini, Proc. of SPIE, vol. 10133, 101330S, Feb. 2017,
8 pages.

International Search Report dated Nov. 8, 2019 for Application No.
PCT/CA2019/051192, 3 pages.

Written Opinion of the International Searching Authority dated Nov.
8, 2019 for Application No. PCT/CA2019/051192, 5 pages.

* cited by examiner

Caption Health Ex1015



U.S. Patent Aug. 25, 2020 Sheet 1 of 13 US 10,751,029 B2

16

AUBDU g
> gy o O
T o

<
N
<

-

§\-20

Page 57 of 91 Caption Health Ex1015



U.S. Patent Aug. 25, 2020 Sheet 2 of 13 US 10,751,029 B2

14

N

102

y

104 Ultrasonic image analysis [(~170

y

140- Ultrasound Image

142 - First Feature

144-- Second Feature

150 — Quality Assessment WP 100

152 — View Category

154 - First Feature Neural Net

156 —1 Second Feature Neural Net

158 —1 Quality Neural Net

160 —1 View Category Neural Net

162 — Highest Quality Image Data

—= 1o — pisplay

112 124 18

FIG. 2
126

Page 58 of 91 Caption Health Ex1015



U.S. Patent

200

Aug. 25,2020 Sheet 3 of 13 US 10,751,029 B2

Receive signals representing a set of ultrasound
images

~-202

Y

Derive one or more extracted feature
representations from the set of ultrasound
images

~204

Y Y

206~

Determine, based on the Determine, hased on the
extracted feature extracted feature
representations, a quality representations, an

assessment value image property

Page 59 of 91

~-208

Y Y

Produce signals representing the guality
assessment value and the image property

~210

FIG. 3

Caption Health Ex1015



1682 Flled 0530125  Page 9 of 31

5:24-0-03200-EKL  Documer

case

US 10,751,029 B2

Sheet 4 of 13

Aug. 25,2020

U.S. Patent

b "OI1A

L X

Lo} 3ipaid
81038 Aljenp
pafieiany

o]

LA R ]

uciipaid
81098
Alenp

~-99¢

ave
J

L

80¢
)

s\

N

uoljaipaid
ssepy
M3IA

e

A

N1ST

vee

18Nasuag

~9.E

uoijdipaid
SSBI9 M3IA
pafiesany

uoijaipaid
31098
Alieng

~-v9¢

LR J

vve
P,

90€

LA R ]

LR N

N\

ueiaipald
Ssejd
Maip

e

A

LS

(44"

1aN8suaQ

A

VL€

A

-
00€

uoijaipalid
31098
Alijenp

- ¢9¢

/

uoaipald
$Sej]
M3IA

e

A

W1ST

0ce

£ T4
Y2019 1| X0/ <
asuaq| |asuag

|
Y30ig
asuag

A

< ALUDY

~CLE

ve

)72

(1aNasuaQ) lojaeiix3 sinjes

MOpuIM jejodway

(
vO€

[

c0g

aul]
Apnis

Caption Health Ex1015

Page 60 of 91



U.S. Patent Aug. 25, 2020 Sheet 5 of 13 US 10,751,029 B2

310

- oot InnutLaver L Pt (None, 10, 120,120, 1)
P VS s [, 10,120, 120, 1

A

Feature Extractor
(Denseliet) ' Vt {None, 10, 120, 120, 1)
, input; | {Nane, 10, 120, 120, 1)
> Conv > 2D Convolution {Conv2D
T | | output: | {None, 10, 118, 118, 16)
TR :
oc -
t: | {None, 10, 118, 118, 16)
1 BatchNormalization) b
7 | ) output: | {Nane, 10, 118, 118, 16)
Dense ,
Block Rectifed Lingar Unit (ReLuj | MUt | (None, 10, 118, 118, 16)
T {Activation| output: | (None, 10, 118, 118, 16)
%mf "} {None, 10, 118, 118, 16)
0c input: | {None, 10, 118, 118,
Conv2D
3 G20l ot ane, 10,178,118, 8
Dronodt input: | (None, 10, 118, 118, 6}
4 output: | (None, 10, 118, 118, 6}
—>  DenseNet v !
Concatenate input: | [(None, 10, 118, 118, 16}, {None, 10, 118, 118, 6}]
output: | (None, 10, 118, 118, 22)
'
output: | {None, 10, 118, 118, 22)

Y

input: | (None, 10, 118, 118, 22)

Dropout
d output: | (Noe, 10, 118, 118, 22)
v
input: | {None, 10, 118, 118, 22
{AveragePooling2D) e | )

gutput: | (None, 10, 59, 59, 22|

A

FIG. §

Page 61 of 91 Caption Health Ex1015



U.S. Patent Aug. 25, 2020 Sheet 6 of 13 US 10,751,029 B2

312
“
Feature Extractor
{DenseNet) v
> Conv o input: | {None, 10, 59, 59, 22]
BatchiNormalization
M | | output: | {None, 10, 59, 59, 22)
Biook ‘
oc .
t: | {None, 10, 59, 59, 22}
1 ReLU (Activation) o S
T | | output: | (None, 10, 59, 58, 22)
Dense 4
Bigck g T input: | (None, 10, 59, 59, 22}
7 output: | {None, 10, 59, 59, 6)
Dense Y
Block Oreoat input: | (None, 10, 59, 59, 6)
3 d output: | None, 10, 59, 59, 6)
Y ¥ ¥
concatenate input: | [(None, 10, 59, 59, 22, (None, 10, 59, 59, 6}]
output: | (None, 10, 59, 59, 28)
—»  DenseNet > )
input: | (None, 10, 59, 59, 28}
Conv2D -
| ) output: | (None, 10, 59, 59, 28}
— DenseNet > DmpDUt in;)ut: (Nﬂﬂe,m, 59, 59, 28)
output: | (None, 10, 59, 69, 28]
, input: | {None, 10, 59, 59, 28}
AveragePooling2D
hveragePooing2D) (=T o, 10,59, 56, 28
FIG. 6

Page 62 of 91 Caption Health Ex1015



U.S. Patent Aug. 25, 2020 Sheet 7 of 13 US 10,751,029 B2

314
“
Feature Extractor
{DenseNet) v
S Conv - input: | (None, 10, 29, 29, 28)
BatchNormalization
¥ | | output: | (None, 10, 29, 29, 28
Biook x
oc ,
input: | {None, 10, 29, 29, 28
1 (Activation) put ]| )
T output: | (Nane, 10, 28, 29, 28)
Biook '
0c input: | {None, 10, 29, 29, 28
2 (Conv2D) put_| |
7 output: | {None, 10, 29, 29, 6}
Dense Y.
Block » oranout input: | (None, 10, 29, 29, 6}
3 d output: | (Nane, 10, 29, 29, 6)
Y " A\ 4
Concatenate input: | [{None, 10, 29, 29, 28/, (None, 10, 29, 28, 61}
output: | {None, 10, 28, 29, 34}
-»  DenseNet I
- input: | (Nane, 10, 28, 29, 34)
Activation
otaton] - None, 10,25, 29, 34)
AveragePooling2D
Ihverag 020) output: | (Nene, 10, 14, 14, 34)
input: | (None, 10, 14, 14, 34)
Flatten
| | output: | {None, 10, 6664)
— input: | (None, 10, 6664)
4 outgut: | (Nane, 10, 6664)
FIG. 7

Page 63 of 91 Caption Health Ex1015



U.S. Patent Aug. 25, 2020 Sheet 8§ of 13 US 10,751,029 B2

A

362
4
j‘BSG
G
384
Logistic
Regression
T 382

—380

(OICIGIOIOIO)

FIG. 8

Page 64 of 91 Caption Health Ex1015



U.S. Patent

Page 65 of 91

Aug. 25, 2020 Sheet 9 of 13

372
/

394

QU0

392
g

[ Softmax

FIG. 9

US 10,751,029 B2

Caption Health Ex1015



U.S. Patent Aug. 25, 2020 Sheet 10 of 13 US 10,751,029 B2

408~
402>

406>

FIG. 10

Page 66 of 91 Caption Health Ex1015



U.S. Patent Aug. 25, 2020 Sheet 11 of 13 US 10,751,029 B2
502
“a
602
534 Neural Network Training |~g860
640 Training Data
642 First Feature Neural Net
644 Second Feature Neural Net
646-— Quality Neural Net uP 600
648-- View Category Neural Net
620
504--{ Training Data Source 110
™
7 624
612
126
FIG. 11

Page 67 of 91

Caption Health Ex1015



U.S. Patent Aug. 25, 2020 Sheet 12 of 13 US 10,751,029 B2

700

Receive signals representing sets of ultrasound |54,
images

Y

Receive signals representing guality assessment 704
values

Y.

Receive signals representing image properties |~706

Y

Train a neural network ~708

FIG. 12

Page 68 of 91 Caption Health Ex1015



o .
= sug}~ supg- £ TOId sugge
& < > <
= UTTT0S58S MO I0SURT 60 TTTORSaS MO I0SUa]
_ 355339 U0ISSaS G| J0SUB) B0 " 1| 001555939 U0ISSaS TOLI0508
= 11T JR0GHUN) TOUNNERUOISSaS MO|I0sUa) B BV
~ 3 T TRUCRSUDISSAS WojLI0SUa B0 S| TN TOUTSU0155aS M0j} <
w g mITero B o010 BURTeRRl| S s mw /
» ONT TRUUNYN NES IAUUNESTDMOI0STIR | 1Sy {0jeUaYe
| NNH unrpesiy
I
e g__m_.w U |
en mrsTofll g unl_j _ J
- unil] M1 e T30y SueT el [Tun) | Tem sl ouer el
3 TURED I SEINN R RS e
= uRrpea|”
JE]
[ onJ] [ uni] i unJ
' g - R g
5 4 2 81t 9L &2 09L
uny unJ mrsTo] uny
M, unJ [ TERTOBIO e ERe] (| un) VR TE I J300 DUeTBABI | uni J
N 7NN | momcs.umﬁggm BT ws ME AT
oh ‘ Urpeai
< 18
U | Ul un
- r &
5 [TV} | SN T;Y| )
2 1em un1 ]| wemisafapBuerenel funar ] yemioelqg Buerenel {unyl yemiosfan Bueree] il iem19efa0 Buefene A
< CTINND any acgmzzumaé:mmmug_“_sm%M [SY{0YURY 76/
= Ui I Peai | Due[eAR
. ToUURY NIV
7
- ™~ 06/

Caption Health Ex1015

Page 69 of 91



Case 6:24-0v-03200EKL Do

682 Fled 05/30/25

Page 190131

US 10,751,029 B2

1
ULTRASONIC IMAGE ANALYSIS

RELATED APPLICATION

This application is a continuation of International Appli-
cation No. PCT/CA2019/051192, filed on Aug. 28, 2019,
and claims the benefit of U.S. Provisional Application No.
62/725,913 entitled “ULTRASONIC IMAGE ANALYSIS”,
filed on Aug. 31, 2018, both of which are hereby incorpo-
rated by reference herein in their entirety.

BACKGROUND

1. Field

Embodiments of this disclosure relate to ultrasonic image
analysis and more particularly to ultrasonic image analysis
for determining image quality and image properties.

2. Description of Related Art

Accurate diagnosis in ultrasound requires high quality
ultrasound images, which may need to show or contain
different specific features and structures depending on vari-
ous properties of the images. Some ultrasound systems may
not provide feedback to operators regarding quality of the
image and/or other image properties. Inexperienced ultra-
sound operators may have a great deal of difficulty using
such known systems to recognize features in the ultrasound
images and thus can fail to capture diagnostically relevant
ultrasound images.

SUMMARY

In accordance with various embodiments, there is pro-
vided a computer-implemented method of facilitating ultra-
sonic image analysis of a subject. The method involves
receiving signals representing a set of ultrasound images of
the subject, deriving one or more extracted feature repre-
sentations from the set of ultrasound images, determining,
based on the derived one or more extracted feature repre-
sentations, a quality assessment value representing a quality
assessment of the set of ultrasound images, determining,
based on the derived one or more extracted feature repre-
sentations, an image property associated with the set of
ultrasound images, and producing signals representing the
quality assessment value and the image property for causing
the quality assessment value and the image property to be
associated with the set of ultrasound images.

The image property may be a view category.

Deriving the one or more extracted feature representations
from the ultrasound images may involve, for each of the
ultrasound images, deriving a first feature representation
associated with the ultrasound image.

Deriving the one or more extracted feature representations
may involve, for each of the ultrasound images, inputting the
ultrasound image into a commonly defined first feature
extracting neural network to generate the first feature rep-
resentation associated with the ultrasound image.

Deriving the one or more extracted feature representations
may involve concurrently inputting each of a plurality of the
ultrasound images into a respective implementation of the
commonly defined first feature extracting neural network.

The commonly defined first feature extracting neural
network may include a convolutional neural network.

Deriving the one or more extracted feature representations
may involve inputting the first feature representations into a
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second feature extracting neural network to generate respec-
tive second feature representations, each associated with one
of the ultrasound images. The one or more extracted feature
representations may include the second feature representa-
tions.

The second feature extracting neural network may be a
recurrent neural network.

Determining the quality assessment value may involve
inputting the one or more extracted feature representations
into a quality assessment value specific neural network and
determining the image property may involve inputting the
one or more extracted feature representations into an image
property specific neural network.

Inputting the one or more extracted feature representa-
tions into the quality assessment value specific neural net-
work may involve inputting each of the one or more
extracted feature representations into an implementation of
a commonly defined quality assessment value specific neural
subnetwork and inputting the one or more extracted feature
representations into the image property determining neural
network may involve inputting each of the one or more
extracted feature representations into an implementation of
a commonly defined image property specific neural network.

Producing signals representing the quality assessment
value and the image property for causing the quality assess-
ment value and the image property to be associated with the
set of ultrasound images may involve producing signals for
causing a representation of the quality assessment value and
a representation of the image property to be displayed by at
least one display in association with the set of ultrasound
images.

In accordance with various embodiments, there is pro-
vided a computer-implemented method of training one or
more neural networks to facilitate ultrasonic image analysis.
The method involves receiving signals representing a plu-
rality of sets of ultrasound training images, receiving signals
representing quality assessment values, each of the quality
assessment values associated with one of the sets of ultra-
sound training images and representing a quality assessment
of'the associated set of ultrasound training images, receiving
signals representing image properties, each of the image
properties associated with one of the sets of ultrasound
training images, and training a neural network, the training
comprising, for each set of the plurality of sets of ultrasound
training images, using the set of ultrasound training images
as an input to the neural network and using the quality
assessment values and the image properties associated with
the set of ultrasound training images as desired outputs of
the neural network.

Each of the image properties may be a view category.

The neural network may include a feature extracting
neural network, an image property specific neural network,
and a quality assessment value specific neural network. The
feature extracting neural network may be configured to take
an input set of the plurality of sets of ultrasound training
images as an input and to output one or more extracted
feature representations. The image property specific neural
network may be configured to take the one or more extracted
feature representations as an input and to output a represen-
tation of an image property associated with the input set of
ultrasound training images. The quality assessment specific
neural network may be configured to take the one or more
extracted feature representations as an input and to output a
quality assessment value associated with the input set of
ultrasound training images.

The feature extracting neural network may be configured
to, for each of the ultrasound training images included in the
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input set of ultrasound training images, derive a first feature
representation associated with the ultrasound image.

The feature extracting neural network may include, for
each of the ultrasound images included in the input set of
ultrasound training images, a commonly defined first feature
extracting neural network configured to take as an input the
ultrasound training image and to output a respective one of
the first feature representations.

More than one implementation of the commonly defined
first feature extracting neural networks may be configured to
concurrently generate the first feature representations.

The commonly defined first feature extracting neural
network may be a convolutional neural network.

The feature extracting neural network may include a
second feature extracting neural network configured to take
as an input the first feature representations and to output
respective second feature representations, each associated
with one of the ultrasound images included in the input set
of ultrasound training images and the one or more extracted
feature representations may include the second feature rep-
resentations.

The second feature extracting neural network may be a
recurrent neural network.

In accordance with various embodiments, there is pro-
vided a system for facilitating ultrasonic image analysis
including at least one processor configured to perform any of
the above methods.

In accordance with various embodiments, there is pro-
vided a non-transitory computer readable medium having
stored thereon codes which when executed by at least one
processor cause the at least one processor to perform any of
the above methods.

In accordance with various embodiments, there is pro-
vided a system for facilitating ultrasonic image analysis, the
system including means for receiving signals representing a
set of ultrasound images of the subject, means for deriving
one or more extracted feature representations from the set of
ultrasound images, means for determining, based on the
derived one or more extracted feature representations, a
quality assessment value representing a quality assessment
of the set of ultrasound images, means for determining,
based on the derived one or more extracted feature repre-
sentations, an image property associated with the set of
ultrasound images, and means for producing signals repre-
senting the quality assessment value and the image property
for causing the quality assessment value and the image
property to be associated with the set of ultrasound images.
In accordance with various embodiments, there is provided
a system for training one or more neural networks to
facilitate ultrasonic image analysis, the system including
means for receiving signals representing a plurality of sets of
ultrasound training images, means for receiving signals
representing quality assessment values, each of the quality
assessment values associated with one of the sets of ultra-
sound training images and representing a quality assessment
of the associated set of ultrasound training images, means
for receiving signals representing image properties, each of
the image properties associated with one of the sets of
ultrasound training images, and means for training a neural
network, the training comprising, for each set of the plurality
of sets of ultrasound training images, using the set of
ultrasound training images as an input to the neural network
and using the quality assessment values and the image
properties associated with the set of ultrasound training
images as desired outputs of the neural network.

Other aspects and features of embodiments of the disclo-
sure will become apparent to those ordinarily skilled in the
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art upon review of the following description of specific
embodiments of the disclosure in conjunction with the
accompanying figures.

BRIEF DESCRIPTION OF THE DRAWINGS

In drawings which illustrate embodiments of the disclo-
sure,

FIG. 1 is a schematic view of a system for facilitating
ultrasonic image analysis of a subject according to various
embodiments of the disclosure;

FIG. 2 is a schematic view of an image analyzer of the
system shown in FIG. 1 including a processor circuit in
accordance with various embodiments of the disclosure;

FIG. 3 is a flowchart depicting blocks of code for direct-
ing the analyzer of the system shown in FIG. 1 to perform
image analysis functions in accordance with various
embodiments of the disclosure;

FIG. 4 is a representation of an exemplary neural network
that may be used in the system shown in FIG. 1 in accor-
dance with various embodiments of the disclosure;

FIG. 5 is a representation of part of the neural network
shown in FIG. 4 in accordance with various embodiments of
the disclosure;

FIG. 6 is a representation of part of the neural network
shown in FIG. 4 in accordance with various embodiments of
the disclosure;

FIG. 7 is a representation of part of the neural network
shown in FIG. 4 in accordance with various embodiments of
the disclosure;

FIG. 8 is a representation of part of the neural network
shown in FIG. 4 in accordance with various embodiments of
the disclosure;

FIG. 9 is a representation of part of the neural network
shown in FIG. 4 in accordance with various embodiments of
the disclosure;

FIG. 10 is a representation of a display that may be
provided by the system shown in FIG. 1 in accordance with
various embodiments of the disclosure;

FIG. 11 is a schematic view of a neural network trainer
that may be included in the system shown in FIG. 1 in
accordance with various embodiments of the disclosure;

FIG. 12 is a flowchart depicting blocks of code for
directing the trainer shown in FIG. 11 to perform neural
network training functions in accordance with various
embodiments of the disclosure; and

FIG. 13 is a timing diagram representing thread timing
that may be used in the system shown in FIG. 1 in accor-
dance with various embodiments of the disclosure.

DETAILED DESCRIPTION

Referring to FIG. 1, there is provided a system 10 for
facilitating ultrasonic image analysis of a subject according
to various embodiments. The system 10 includes a com-
puter-implemented image analyzer 14 in communication
with an ultrasound machine 16 having a transducer 20. In
various embodiments, the analyzer 14 may include a display
18. In some embodiments, the analyzer 14 may be imple-
mented as a mobile device, for example.

In various embodiments, the system 10 may provide
feedback to an operator of the ultrasound machine 16
regarding quality of the ultrasound images being captured
and other image properties. For example, in some embodi-
ments, the system 10 may provide real-time or near real-time
feedback to the operator in the form of a view category or
classification and image quality estimation. In various
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embodiments, this may allow the operator to capture ultra-
sound images that facilitate more accurate analysis, which
may in some embodiments allow more accurate diagnosis of
a patient acting as the subject of the analysis.

In some embodiments, for example, by providing real-
time or near real-time feedback to the operator, the system
10 may be used to facilitate capturing high quality images
for cardiac ultrasound imaging wherein specific features and
structures may need to be imaged. The required features and
structures in cardiac ultrasound imaging may depend on
which of the 14 standard cardiac views the operator is
attempting to acquire and so real-time or near real-time
feedback that provides both a quality assessment value and
a view category for the images the operator is capturing may
be particularly helpful. In some embodiments, by providing
real-time or near real-time feedback to the operator, the
system 10 may allow inexperienced operators to more easily
recognize the specific features and structures required of
various views and thus the system 10 may be able to capture
diagnostically relevant sets of ultrasound images or heart
cines.

In various embodiments, the system 10 may be particu-
larly useful because some of the view categories for ultra-
sound imaging may be quite similar to an inexperienced eye
and switching between them may require precise adjust-
ments of the probe’s position and orientation. In various
embodiments, the system 10 may reduce the adverse effect
of inter-operator variability on the quality of the acquired
ultrasound images. In some embodiments, the system 10
may do this by providing the operator with real-time or near
real-time feedback of both view classification and image
quality.

In various embodiments, this may be done through the use
of a deep learning neural network, which may, for example,
be capable of simultaneously determining which view cat-
egory of fourteen (14) possible view categories the captured
images fall into and determining a quality assessment value
acting as a quality estimation score. In various embodi-
ments, the architecture of the neural network implemented
by the analyzer 14 may allow the analyzer to be imple-
mented by a device that does not require an extremely high
computing power, such as, for example an application on a
mobile device or running on an off-the-shelf mobile device
with the result being that the analyzer 14 may be portable
and/or cost effective. In some embodiments, by combining
quality assessment and another image property assessment,
such as view categorization, a highly shared neural network
may yield faster processing time compared to using a
separate quality assessment and image property assessment,
such as view categorization. In some embodiments, by
combining quality assessment and another image property
assessment, such as view categorization, the joint training of
the two modalities may prevent the neural network from
overfitting the label from either modality. In some embodi-
ments, by combining quality assessment and another image
property assessment, such as view categorization, there may
be cost savings since a single model needs to be maintained
rather than multiple separate models.

Referring now to FIG. 1, use of the system 10 will be
discussed in accordance with various embodiments. In use,
the ultrasound machine 16 and transducer 20 may be con-
trolled by an operator to send and receive ultrasound signals
to and from the subject via the transducer 20, to produce
ultrasound image representations of the subject. For
example, in some embodiments, the subject may be a person
or patient. In some embodiments, the transducer 20 may be
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manipulated such that the ultrasound machine 16 produces
ultrasound images of a heart of the person, for example.

In some embodiments, a representation of the ultrasound
images may be transmitted to the analyzer 14. In some
embodiments, the system 10 may include a frame grabber
configured to capture raw video output from the ultrasound
machine 16 and to transmit a serial data stream representing
a set of ultrasound images to the analyzer 14. For example,
in some embodiments, the frame grabber may be configured
to receive its input directly from a DVI port of the ultrasound
machine 16, using an Epiphan AV.IO frame grabber, for
example, to capture and convert the raw video output to a
serial data stream. In some embodiments, the frame grabber
output may be adapted from USB-A to USB-C with an
On-The-Go (OTG) adapter, allowing the frame grabber to
pipe video output from the ultrasound machine 16 directly
into the analyzer 14. As described below, the analyzer 14
may run or implement a neural network which is configured
to process the video output received from the frame grabber.
In some embodiments, the analyzer 14 may use TensorFlow
Java inference interface, for example.

In some embodiments, referring to FIG. 1, the analyzer 14
may receive signals representing a set of ultrasound images
of the subject. For example, in various embodiments, the
analyzer 14 may receive ultrasound images from a frame
grabber in communication with the ultrasound machine 16
and the analyzer 14. In various embodiments, the set of
ultrasound images received may represent a video or cine
and may be a temporally ordered set of ultrasound images.
In some embodiments, the set of ultrasound images received
may represent an echocardiographic cine, for example,
showing a patient’s heart over time.

The analyzer 14 may then derive one or more extracted
feature representations from the received set of ultrasound
images. In some embodiments, the analyzer 14 may imple-
ment a neural network including a feature extracting neural
network and the analyzer 14 may input the set of ultrasound
images into the feature extracting neural network in order to
derive the one or more extracted feature representations.

The analyzer 14 may then determine, based on the derived
one or more extracted feature representations, a quality
assessment value representing a quality assessment of the set
of ultrasound images. In some embodiments, the analyzer 14
may input the one or more extracted feature representations
into a quality assessment value specific neural network in
order to determine the quality assessment value. In some
embodiments, a neural network including the feature
extracting neural network and the quality assessment spe-
cific neural network may have been previously trained such
that the quality assessment value determined by the analyzer
14 may represent an assessment of suitability of the received
set of ultrasound images for quantified clinical measurement
of anatomical features.

The analyzer 14 may also determine, based on the derived
one or more extracted feature representations, an image
property associated with the set of ultrasound images. In
some embodiments, the image property may be a view
category, for example. Accordingly, in some embodiments,
the analyzer 14 may input the one or more extracted feature
representations into a view category specific neural network
in order to determine a view category within which the set
of ultrasound images are determined to fall. In some
embodiments, the neural network including the feature
extracting neural network and the view category specific
neural network may have been previously trained such that
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the view category determined by the analyzer 14 may
represent the category of view represented by the set of
ultrasound images.

The analyzer 14 may then produce signals representing
the quality assessment value and the image property for
causing the quality assessment value and the image property
to be associated with the set of ultrasound images. In some
embodiments, the analyzer 14 may produce signals for
causing a representation of the quality assessment value and
a representation of the view category to be displayed by the
display 18 in association with the set of ultrasound images.
For example, the classified view and its associated quality
score may be displayed in a graphical user interface (GUI)
on the display 18 as feedback to the operator.

In various embodiments, this near real-time or real-time
feedback to the operator may help the operator improve their
skills and/or improve image quality for subsequently cap-
tured images. For example, in some embodiments, the
operator may, in response to viewing a low-quality assess-
ment value or undesired view category on the display 18,
adjust positioning of the transducer and/or adjust image
capture parameters, such as, for example, depth, focus, gain,
frequency, and/or another parameter which may affect image
quality, and/or the view category of the images being
captured. In some embodiments, the operator may make
such adjustments until a high-quality assessment value and/
or a desired view category is displayed by the display 18, for
example, at which point the operator may be confident that
the images captured are suitable for subsequent quantified
clinical measurement of anatomical features and/or to assist
in diagnosing a medical condition of the subject, for
example.

In some embodiments, the analyzer 14 may produce
signals representing the quality assessment value and the
image property in association with the set of ultrasound
images for facilitating automatic adjustment, using another
neural network or machine learning, of image capture
parameters to maximize quality assessment values. For
example, in some embodiments, another neural network
may use the quality assessment value and image property as
inputs for generating control signals for adjusting image
capture parameters to maximize quality assessment values.

Analyzer—Processor Circuit

Referring now to FIG. 2, a schematic view of the analyzer
14 of the system 10 shown in FIG. 1 according to various
embodiments is shown. In various embodiments, the ana-
lyzer 14 may be implemented as a mobile device, such as a
Samsung™ Galaxy S8+™ running an operating system,
such as Android™, for example.

Referring to FIG. 2, the analyzer 14 includes a processor
circuit including an analyzer processor 100 and a program
memory 102, a storage memory 104, and an input/output
(I/O) interface 112, all of which are in communication with
the analyzer processor 100. In various embodiments, the
analyzer processor 100 may include one or more processing
units, such as for example, a central processing unit (CPU),
a graphical processing unit (GPU), and/or a field program-
mable gate array (FPGA). In some embodiments, any or all
of the functionality of the analyzer 14 described herein may
be implemented using one or more FPGAs.

The I/O interface 112 includes an interface 120 for
communicating with the ultrasound machine 16 or a frame
grabber in communication with the ultrasound machine 16
and an interface 130 for communicating with the display 18.
In some embodiments, the I/O interface 112 may also
include an interface 124 for facilitating networked commu-
nication through a network 126. In some embodiments, any
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or all of the interfaces 120, 130, or 124 may {facilitate a
wireless or wired communication.

In some embodiments, the I/O interface 112 may include
a network interface device or card with an input/output for
connecting to the network 126, through which communica-
tions may be conducted with devices connected to the
network 126, such as the neural network trainer (as shown
at 502 in FIG. 11), for example. In some embodiments, the
network 126 may be a private network to which both the
analyzer 14 and the trainer 502 are connected. In some
embodiments the network 126 may be a public network,
such as the Internet, for example.

In some embodiments, each of the interfaces shown in
FIG. 2 may include one or more interfaces and/or some or
all of the interfaces included in the I/O interface 112 may be
implemented as combined interfaces or a single interface.

In some embodiments, where a device is described herein
as receiving or sending information, it may be understood
that the device receives signals representing the information
via an interface of the device or produces signals represent-
ing the information and transmits the signals to the other
device via an interface of the device.

Processor-executable program codes for directing the
analyzer processor 100 to carry out various functions are
stored in the program memory 102. Referring to FIG. 2, the
program memory 102 includes a block of codes 170 for
directing the analyzer 14 to perform ultrasound image
analysis functions. In this specification, it may be stated that
certain encoded entities such as applications or modules
perform certain functions. Herein, when an application,
module or encoded entity is described as taking an action, as
part of, for example, a function or a method, it will be
understood that at least one processor (e.g., the analyzer
processor 100) is directed to take the action by way of
programmable codes or processor-executable codes or
instructions defining or forming part of the application.

The storage memory 104 includes a plurality of storage
locations including location 140 for storing ultrasound
image data, location 142 for storing first extracted feature
data, location 144 for storing second extracted feature data,
location 150 for storing determined quality assessment value
data, location 152 for storing determined view category data,
location 154 for storing first feature extracting neural net-
work parameter data, location 156 for storing second feature
extracting neural network parameter data, location 158 for
storing quality assessment value specific neural network
parameter data, location 160 for storing view category
specific neural network parameter data, and location 162 for
storing highest quality image data. In various embodiments,
the plurality of storage locations may be stored in a database
in the storage memory 104.

In various embodiments, the block of codes 170 may be
integrated into a single block of codes or portions of the
block of codes 170 may include one or more blocks of code
stored in one or more separate locations in the program
memory 102. In various embodiments, any or all of the
locations 140, 142, 144, 150, 152, 154, 156, 158, 160, and
162 may be integrated and/or each may include one or more
separate locations in the storage memory 104.

Each of the program memory 102 and storage memory
104 may be implemented as one or more storage devices
including random access memory (RAM), a hard disk drive
(HDD), a solid-state drive (SSD), a network drive, flash
memory, a memory stick or card, any other form of non-
transitory computer-readable memory or storage medium,
and/or a combination thereof. In some embodiments, the
program memory 102, the storage memory 104, and/or any
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portion thereof may be included in a device separate from
the analyzer 14 and in communication with the analyzer 14
via the I/O interface 112, for example.

In various embodiments, other device components
described herein, such as memory, program memory, blocks
of code, storage memory, locations in memory, and/or I/O
interfaces, may be implemented generally similarly to as
described above for the analyzer 14.

Image analysis Referring now to FIG. 3, a flowchart
depicting blocks of code for directing the analyzer processor
100 shown in FIG. 2 to perform ultrasonic image analysis
functions in accordance with various embodiments is shown
generally at 200. The blocks of code included in the flow-
chart 200 may be encoded in the block of codes 170 of the
program memory 102 shown in FIG. 2 for example.

Referring to FIG. 3, the flowchart 200 begins with block
202 which directs the analyzer processor 100 shown in FIG.
2 to receive signals representing a set of ultrasound images
of a subject. In various embodiments, block 202 may direct
the analyzer processor 100 to receive the set of ultrasound
images from the ultrasound machine 16 and to store the
received set of ultrasound images in the location 140 of the
storage memory 104. In some embodiments, block 202 may
direct the analyzer processor 100 to receive the set of
ultrasound images from a frame grabber in communication
with the ultrasound machine 16 and the analyzer 14. In some
embodiments, the set of ultrasound images may be a tem-
porally ordered set of ultrasound images representing a
video or cine of the subject. In some embodiments, the
subject may be a heart of a patient and the set of ultrasound
images may be referred as an echocine. Each image of the
set of ultrasound images may be referred to herein as a
frame.

In some embodiments, block 202 may direct the analyzer
processor 100 to pre-process raw ultrasound images
received from the ultrasound machine 16 and/or to select a
subset of the ultrasound images received from the ultrasound
machine 16 as the set of ultrasound images to be analyzed.
For example, in some embodiments, block 202 may direct
the analyzer processor 100 to receive raw ultrasound images
at a resolution of 640x480 at 30 Hz. Block 202 may direct
the analyzer processor 100 to crop the raw frames down to
include only the ultrasound beam, the boundaries of which
may be adjustable by the user. The cropped data may be
resized down to 120x120 to match input dimensions of the
neural network implemented by the analyzer 14. In some
embodiments, block 202 may direct the analyzer processor
100 to perform a simple contrast enhancement step to
mitigate quality degradation introduced by the frame grab-
ber.

In some embodiments, block 202 may direct the analyzer
processor 100 to store a subset of the received ultrasound
images in the location 140 of the storage memory 104. For
example, in some embodiments, block 202 may direct the
analyzer processor 100 to store ten 120x120 ultrasound
images in the location 140 of the storage memory 104 and
those ten ultrasound images may act as the received set of
ultrasound images. In some embodiments, block 202 may
direct the analyzer processor 100 to store the most recent
ultrasound images in the location 140 of the storage memory
104. In some embodiments, a copy of the full-resolution data
may also be stored in the storage memory 104 for later
expert evaluation.

Referring to FIG. 3, after block 202 has been executed,
the flowchart continues to block 204. In various embodi-
ments, execution of blocks 204, 206 and 208 of the flowchart
200 may result in the analyzer processor 100 being directed
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to input the received set of ultrasound images into a neural
network 300 shown in FIG. 4, to generate an output of a
quality assessment value and an image property, which in
some embodiments may be a view category. The parameters
defining the neural network 300 may be stored in the storage
memory 104 and may have been previously determined
during neural network training, which is described in further
detail in accordance with various embodiments below.

Referring to FIG. 3, block 204 directs the analyzer
processor 100 to derive one or more extracted feature
representations from the set of ultrasound images received at
block 202. In some embodiments, deriving the one or more
extracted feature representations may involve deriving a first
feature representation and then deriving a second feature
representation based on the first feature representation for
each ultrasound image.

In various embodiments, block 204 may direct the ana-
lyzer processor to, for each of the set of ultrasound images
stored in the location 140 of the storage memory 104, derive
a first feature representation associated with the ultrasound
image. In some embodiments, block 204 may direct the
analyzer processor 100 to derive the first feature represen-
tations by inputting each image of the set of ultrasound
images (shown at 302 in FIG. 4) into a commonly defined
first feature extracting neural network, instances of which
are shown at 304, 306, and 308 of the neural network 300
shown in FIG. 4, for example. In some embodiments, block
204 may direct the analyzer processor 100 to input each of
the ten ultrasound images stored in the location 140 of the
storage memory 104 into one of the commonly defined first
feature extracting neural networks 304, 306, and 308.

In some embodiments parameters defining the commonly
defined first feature extracting neural network may be stored
in the location 154 of the storage memory 104 and block 204
may direct the analyzer processor 100 to retrieve the param-
eters from the location 154 of the storage memory 104. In
various embodiments, because the first feature extracting
neural networks (e.g., 304, 306, and 308) are commonly
defined, this may save memory in the storage memory 104.

In some embodiments, the commonly defined first feature
extracting neural networks (e.g., 304, 306, and 308) may
include convolutional neural networks. For example, in
some embodiments, each of the neural networks 304, 306,
and 308 may be implemented as a seven-layer DenseNet
model as described in Huang, G., Liu, Z., Weinberger, K. Q.,
van der Maaten, L.: Densely connected convolutional net-
works. In: IEEE CVPR. vol. 1-2, p. 3 (2017). In some
embodiments, the DenseNet model implementing the com-
monly defined first feature extracting neural networks 304,
306, and 308 may use the following hyper-parameters. First,
the DenseNet may have one convolution layer with sixteen
3x3 filters, which turns gray-scale (1-channel) input images
to sixteen channels. Then, the DenseNet may stack three
dense blocks, each followed by a dropout layer and an
average-pooling layer with filter size of 2x2. In various
embodiments, after the third dense block, the average-
pooling layer may be applied before the dropout layer. Each
dense block may have exactly one dense-layer, which may
include a sequence of batch-normalization layer (as per
Ioffe, S., Szegedy, C.: Batch normalization: Accelerating
deep network training by reducing internal covariate shift.
In: Proceedings of the 32nd International Conference on
Machine Learning. pp. 448-456. ICML’15, IMLR (2015),
for example), a Rectified Linear layer (ReLU) (as per Nair,
V., Hinton, G. E.: Rectified linear units improve restricted
boltzmann machines. In: Proceedings of the 27th interna-
tional conference on machine learning (ICML-10). pp. 807-
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814 (2010), for example), a 2D convolution layer with 3x3
filters, a dropout layer, a concatenation layer, another 2D
convolution layer, another dropout layer, and an average
pooling layer.

A batch normalization layer may first normalize the input
features by the mean and standard deviation of the features
themselves. For each channel (the second dimension) of
input, the features from all training samples within a mini-
batch may be jointly used to compute the mean and standard
deviation values, hence the name batch normalization. After
the normalization, the features may be rescaled and shifted
by a linear transformation operation. A ReLU activation
layer may be used to provide a non-linear transformation to
the features. The ReLLU activation function is noted as:

ReLU(x)=max(0,x),

Where x denotes any single element of the input feature
vector. A concatenation layer may concatenate features at a
given dimension, where in this case, the features may be
concatenated at the channel (the second) dimension. A
dropout layer may omit a percentage of feature values
according to a given value between 0 and 1, which is a
regularization technique to reduce overfitting towards the
training data.

An exemplary implementation of portions of the com-
monly defined first feature extracting neural networks
including dense blocks 1, 2, and 3 in accordance with
various embodiments is shown at 310, 312, and 314 in FIGS.
5, 6, and 7, respectively.

In some embodiments, the commonly defined first feature
extracting neural networks (e.g., 304, 306, and 308 shown in
FIG. 4) may be each configured to extract features that are
encodings of image patterns of a single echo frame which
are correlated with the image quality and view category of
the single input echo frame. In some embodiments, these
features (encodings or mappings) may be in the form of a
vector of real-valued numbers (after the flatten operation),
and each number may be considered as the level of presence
of a specific spatial pattern in the input echo frame. In
various embodiments, alternative or additional feature
extracting functions and/or neural networks may be used to
extract features of the input set of ultrasound images.

In some embodiments, more than one of the commonly
defined first feature extracting neural networks may be run
concurrently. For example, in some embodiments, block 204
may direct the analyzer processor 100 to run three of the
commonly defined first feature extracting neural networks as
three identical Convolutional Neural Networks (CNN-1,
CNN-2, or CNN-3) in separate threads at the same time in
order to prevent lag during particularly long inference times.

In various embodiments, the first feature representations
(e.g., as shown at 320, 322, and 324 shown in FIG. 4) output
by the commonly defined first feature extracting neural
networks 304, 306, and 308 may act as first feature repre-
sentations of the ultrasound images included in the set of
ultrasound images received at block 202. In some embodi-
ments, for example, the first feature representations may
each represent a tensor having dimensions 14x14x34 which
is flattened to a tensor having length 6664 such that it can be
input into a second feature extracting neural network 340.

Block 204 may direct the analyzer processor to store the
extracted first feature representations in the location 142 of
the storage memory 104, for example, in a feature buffer
which may be shared between all three threads. Once all of
the ultrasound images included in the set of ultrasound
images have been input to an instance of the commonly
defined first feature extracting neural network, block 204
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may direct the analyzer processor 100 to input the stored first
feature representations into a second feature extracting neu-
ral network 340 shown in FIG. 4 to generate respective
second feature representations, each associated with one of
the ultrasound images. In some embodiments, the second
feature representations generated by the second feature
extracting neural network 340 may act as the one or more
extracted feature representations derived by block 204 of the
flowchart 200 shown in FIG. 3.

Referring to FIG. 4, in some embodiments, the second
feature extracting neural network 340 may include a plural-
ity of recurrent neural networks (RNNs) (e.g., 342, 344, and
346 shown in FIG. 4). In some embodiments, the RNNs may
each be implemented using a long short term memory
module (LSTM). In some embodiments parameters defining
the second feature extracting neural network 340 may be
stored in the location 156 of the storage memory 104 and
block 204 may direct the analyzer processor 100 to retrieve
the parameters from the location 156 of the storage memory
104. Referring to FIG. 4, each RNN (e.g., 342, 344, and 346
shown in FIG. 4) may output a respective second feature
representation, which may be used as an input for further
processing. In various embodiments, each of the second
feature representations may be a tensor having a length of
128.

In some embodiments, the LSTM layer (which is a type
of RNN layer) may operate on the outputs of the Densenet
networks of multiple frames. As a result, in some embodi-
ments, the features extracted by the LSTM networks may be
encodings of both spatial and temporal patterns of a multi-
tude of echo frames. The sequence of frames whose spatial
and temporal patterns contribute to the extracted features
may depend on the type of RNN layer included in the second
feature extracting neural network 340. In some embodi-
ments, conventional RNN architectures may look backward
in time and extract features from the previous N (e.g. N=10)
frames. However, in various embodiments, other types of
RNNs may be considered/used (i.e. bidirectional RNN)
where features may be extracted from the collective of
previous and future frames. In various embodiments, the
number of frames included in the feature extraction of the
RNNs (such as LSTM) could be N=10 or more. In some
embodiments, the features may be in the form of real-valued
numbers (for example, the features may usually be between
-1 and 1 as the activation function of RNN is usually
hyperbolic tangent). In some embodiments, each number
may be considered as representing a level of presence of a
specific spatial and temporal pattern.

In various embodiments, block 204 may direct the ana-
lyzer processor 100 to store the second feature representa-
tions in the location 144 of the storage memory 104.

Referring to FIG. 3, in various embodiments, blocks 206
and 208 may be executed sequentially or in parallel. Block
206 directs the analyzer processor 100 to determine based on
the derived one or more extracted feature representations
from block 202, a quality assessment value representing a
quality assessment of the set of ultrasound images.

Block 206 may direct the analyzer processor 100 to
retrieve the second feature representations from the location
144 of the storage memory 104, the second feature repre-
sentations acting as the one or more extracted feature
representations. Block 206 may direct the analyzer proces-
sor 100 to use the second feature representations as inputs to
a quality assessment value specific neural network config-
ured to produce as an output a representation of a quality
assessment value. In some embodiments, block 206 may
direct the analyzer processor 100 to input each of the second
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feature representations into an implementation of a com-
monly defined quality assessment value specific neural
subnetwork (e.g., 362, 364, and 366) to generate a quality
assessment value for each of the input second feature
representations. Referring to FIG. 4, in various embodi-
ments the commonly defined quality assessment value spe-
cific neural subnetworks may each be defined by the same
neural network parameters. In some embodiments, param-
eters defining the quality assessment value specific neural
subnetworks may be stored in the location 158 of the storage
memory 104 and block 206 may direct the analyzer proces-
sor 100 to retrieve the parameters from the location 158 of
the storage memory 104.

In various embodiments, each of the commonly defined
quality assessment value specific neural subnetworks may
apply logistic regression to the input second feature repre-
sentations to generate a scalar value representing quality of
an ultrasound image. Referring to FIG. 8, there is shown a
detailed representation of the quality assessment value spe-
cific neural subnetwork 362 in accordance with various
embodiments. The quality assessment value specific neural
subnetwork 362 shown in FIG. 8 is represented in a sim-
plified manner as it may apply to a single cine (i.e., for
providing an output having dimension 1). In various
embodiments, each of the commonly defined quality assess-
ment value specific neural subnetworks may be defined by
the same neural network parameters.

Referring to FIG. 8, in some embodiments, the quality
assessment value specific neural subnetwork 362 may
include input nodes 380 for holding the output of the second
feature extracting neural network 342. In some embodi-
ments, the input nodes 380 may hold a 1x128 feature tensor,
for example. In some embodiments, input nodes 364 may be
connected to a feature node 382, which may, for example,
hold a 1x1 feature tensor acting as an input for a logistic
regression function 384. The logistic regression function
384 may be connected to an output node 386, which may
include a 1x1 probability tensor holding an output of the
quality assessment value specific neural subnetwork 362. In
some embodiments, output node 386 may hold a value in the
range of [0,1], where a value of O corresponds to a bad
quality and a value of 1 corresponds to perfect quality.

Block 206 may direct the analyzer processor 100 to
determine an average or mean of the quality assessment
values output by the quality assessment value specific deter-
mining neural subnetworks and to store the average quality
assessment value in the location 150 of the storage memory
104.

Referring back to FIG. 3, block 208 directs the analyzer
processor 100 to determine, based on the derived one or
more extracted feature representations, an image property
associated with the set of ultrasound images. In some
embodiments, the image property may be a view category.
In some embodiments, block 208 may direct the analyzer
processor 100 to retrieve the second feature representations
from the location 144 of the storage memory 104, the second
feature representations acting as the one or more extracted
feature representations. Block 208 may direct the analyzer
processor 100 to use the second feature representations as
inputs to a view category specific neural network configured
to produce as an output a representation of a view category.
In some embodiments, block 208 may direct the analyzer
processor 100 to input each of the second feature represen-
tations into an implementation of a commonly defined view
category specific neural subnetwork (e.g., 372, 374, and
376) to determine a view category for each of the input
second feature representations.

Page 76 of 91

20

25

40

45

60

65

14

Referring to FIG. 4, in various embodiments the com-
monly defined view category specific neural subnetworks
may each be defined by the same neural network parameters.
In some embodiments parameters defining the view category
specific neural network may be stored in the location 160 of
the storage memory 104 and block 208 may direct the
analyzer processor 100 to retrieve the parameters from the
location 160 of the storage memory 104.

In various embodiments, each of the commonly defined
view category specific neural subnetworks may apply a
softmax to the input second feature representations to gen-
erate a probability vector wherein each position in the vector
corresponds to a view category and the value stored therein
represents a probability that the ultrasound image is in the
view category corresponding to the vector position. For
example, where there are fourteen (14) possible view cat-
egories, the output of the view category specific neural
subnetwork 372 may be a 14-element length probability
vector. In various embodiments, each position in the output
probability vector may represent a determined probability
that the input set of ultrasound images depicts a particular
view category, such as, for example, one chosen from AP2,
AP3, AP4, AP5, PLAX, RVIF, PSAXA, PSAXM,
PSAXPM, PSAXAP, SC4, SC5, IVC, and SUPRA Referring
to FIG. 9, there is shown a detailed representation of the
view category specific neural subnetwork 372 in accordance
with various embodiments. The view category specific neu-
ral subnetwork 372 shown in FIG. 9 is represented in a
simplified manner as it may apply to a single cine case (i.e.,
for providing an output having dimension 1x14). In various
embodiments, each of the commonly defined view category
specific neural subnetworks may be defined by the same
neural network parameters.

Referring to FIG. 9, in some embodiments, view category
specific neural subnetwork 372 may include input nodes 388
for holding the output of the second feature extracting neural
network 342. In some embodiments, the input nodes 388
may hold a 1x128 feature tensor, for example. In some
embodiments, input nodes 388 may be connected to feature
nodes 390, which may, for example, hold a 1x14 feature
tensor acting as an input for a softmax function 392. The
softmax function 392 may be connected to an output node
394, which may include a 1x14 probability tensor holding an
output of the view category specific neural subnetwork 372.
In some embodiments, output node 394 may hold values that
are each in the range of [0,1] and the sum of the values may
be equal to 1.

Block 208 may direct the analyzer processor 100 to
determine an average of the probability vectors output by the
view category specific determining neural subnetworks and
to store a representation of the view category associated with
the vector position having the highest average probability in
the location 152 of the storage memory 104.

Referring back to FIG. 3, block 210 directs the analyzer
processor 100 to produce signals representing the quality
assessment value and the image property for causing the
quality assessment value and the image property to be
associated with the set of ultrasound images. In some
embodiments, block 210 may direct the analyzer processor
100 to produce signals for causing a representation of the
quality assessment value and a representation of the image
property to be displayed by the display 18 in association
with the set of ultrasound images. For example, in some
embodiments, block 210 may direct the analyzer processor
100 to retrieve the quality assessment value from the loca-
tion 150 of the storage memory 104 and to retrieve the view
category from the location 152 of the storage memory 104
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and to transmit signals to the display 18 via the interface 130
of the I/O interface 112 shown in FIG. 2, representing the
quality assessment value and the view category for causing
the graphical user interface 400 shown in FIG. 10 to be
displayed by the display 18.

Referring to FIG. 10, the graphical user interface 400
includes a bar indicator 402 showing a graphical represen-
tation of the quality assessment value and an indicator 404
representing the view category in association with a repre-
sentation of an ultrasound image 406 included in the set of
ultrasound images. In various embodiments, the bar indica-
tor 402 may include a fill portion 408 which grows in length
as the quality assessment value increases. In some embodi-
ments, the fill portion 408 may change color depending on
the quality assessment value. In various embodiments, an
operator viewing the displayed representations of both the
quality assessment value and the view category, may be able
to use this information to recognize the specific features and
structures required of various views and/or to capture diag-
nostically relevant heart cines.

In various embodiments, the flowchart 200 shown in FIG.
3 may be executed repeatedly and/or continuously to update
the quality assessment value bar indicator 402 and view
category indicator 404 of the graphical user interface 400
shown in FIG. 10.

Neural Network Training

As discussed above, in various embodiments, the analyzer
14 may use a neural network 300 shown in FIG. 4 which
includes various subnetworks. In various embodiments, the
parameters defining the neural network 300 may be stored in
the storage memory 104 and may have been previously
determined during neural network training. For example, in
some embodiments, the system 10 shown in FIG. 1 may
include a neural network trainer configured to train the
neural network 300.

Referring to FIG. 11, a schematic view of a neural
network trainer 502 which may be included in the system 10
shown in FIG. 1 in various embodiments is shown. In
various embodiments, the neural network trainer 502 may be
incorporated in one or more computers, for example.

Referring to FIG. 11, in various embodiments, the neural
network trainer 502 includes a processor circuit including a
trainer processor 600 and a program memory 602, a storage
memory 604, and an I/O interface 612, all of which are in
communication with the trainer processor 600.

The I/O interface 612 includes an interface 620 for
communicating with a training data source 504. In some
embodiments, the interface 620 may provide a connection to
a network to which the training data source 504 is connected
such that communication between the training data source
504 and the trainer 502 is facilitated. For example, in some
embodiments, the training data source 504 may include a
server computer for storing and archiving medical electronic
images and associated image properties, such as, for
example, an archive device. In some embodiments, the I/O
interface 612 also includes an interface 624 for facilitating
networked communication with the analyzer 14 through the
network 126. In some embodiments, the interface 620 may
provide a connection to the network 126 and the training
data source 504 may also be connected to the network 126.

Processor-executable program codes for directing the
trainer processor 600 to carry out various functions are
stored in the program memory 602. The program memory
602 includes a block of codes 660 for directing the neural
network trainer 502 to perform neural network training
functions.
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The storage memory 604 includes a plurality of storage
locations including location 640 for storing training data,
location 642 for storing first feature extracting neural net-
work data, location 644 for storing second feature extracting
neural network parameter data, location 646 for storing
quality assessment value specific neural network parameter
data, and location 648 for storing view category specific
neural network parameter data.

In various embodiments, the neural network trainer 502
may be configured to train the neural network 300 shown in
FIG. 4 based on a plurality of sets of ultrasound images, each
set associated with a quality assessment value and an image
property, such as a view category.

Referring now to FIG. 12, a flowchart depicting blocks of
code for directing the trainer processor 600 shown in FIG.
11 to perform neural network training to facilitate ultrasonic
image analysis functions in accordance with various
embodiments is shown generally at 700. The blocks of code
included in the flowchart 700 may be encoded in the block
of codes 660 of the program memory 602 shown in FIG. 11
for example.

Referring to FIG. 12, the flowchart 700 begins with block
702 which directs the trainer processor 600 shown in FIG.
11 to receive signals representing a plurality of sets of
ultrasound training images. In various embodiments, block
702 may direct the trainer processor 600 to receive the
signals representing the plurality of sets of ultrasound train-
ing images from the training data source 504 via the inter-
face 620 of the I/O interface 612 shown in FIG. 11. In
various embodiments, block 702 may direct the trainer
processor 600 to store the sets of ultrasound training images
in the location 640 of the storage memory 604 of the trainer
502 shown in FIG. 11.

In some embodiments, each set of ultrasound images may
be a temporally ordered set of ultrasound images represent-
ing a video or cine of a respective subject. In some embodi-
ments, each subject may be a heart of a patient and each set
of ultrasound images may be referred as an echocine.

Block 704 then directs the trainer processor 600 to receive
signals representing quality assessment values, each of the
quality assessment values associated with one of the sets of
ultrasound training images and representing a quality assess-
ment of the associated set of ultrasound training images. In
some embodiments, block 704 may direct the trainer pro-
cessor 600 to receive the signals representing the quality
assessment values from the training data source 504 via the
interface 620 of the I/O interface 612 shown in FIG. 11. In
various embodiments, the quality assessment values may
have been previously provided to the training data source
504. For example, in some embodiments, the quality assess-
ment values may have been previously provided by an
expert who has been trained to determine quality of the sets
of ultrasound images. For example, in some embodiments,
the quality assessment values may be values between 0%
and 100% representing whether the set of ultrasound images
are suitable for subsequent quantified clinical measurement
of anatomical features and/or to assist in diagnosing a
medical condition.

Block 704 may direct the trainer processor 600 to store the
received quality assessment values in the location 640 of the
storage memory 604. For example, in some embodiments,
block 704 may direct the trainer processor 600 to store each
of the quality assessment values in association with the set
of ultrasound images to which they apply.

Block 706 then directs the trainer processor 600 to receive
signals representing image properties, each of the image
properties associated with one of the sets of ultrasound
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training images. In some embodiments, the image properties
may each be a view category. In some embodiments, block
706 may direct the trainer processor 600 to receive signals
representing view categories from the training data source
504 via the interface 620 of the I/O interface 612 shown in
FIG. 11. In various embodiments, the view categories may
have been previously provided to the training data source
504. For example, in some embodiments, the view catego-
ries may have been previously provided by an expert who
has been trained to determine view categories for the sets of
ultrasound images. For example, in some embodiments, the
subject imaged in the sets of ultrasound images may be a
heart and the view categories may be chosen from the
following views: AP2, AP3, AP4, APS5, PLAX, RVIF,
PSAXA, PSAXM, PSAXPM, PSAXAP, SC4, SCS5, IVC,
and SUPRA.

Block 706 may direct the trainer processor 600 to store the
received view categories in the location 640 of the storage
memory 604. For example, in some embodiments, block 706
may direct the trainer processor 600 to store each of the view
categories in association with the set of ultrasound images to
which they apply.

In various embodiments, the training data source 504 may
send the sets of ultrasound images in association with the
quality assessment values and the image properties and so
blocks 702, 704, and 706 may be executed concurrently.

Block 708 then directs the trainer processor 600 to train
a neural network, the training involving, for each set of the
plurality of sets of ultrasound training images, using the set
of ultrasound training images as an input to the neural
network and using the quality assessment values and the
image properties associated with the set of ultrasound train-
ing images as desired outputs of the neural network. For
example, in some embodiments, the neural network trained
at block 708 may be the neural network 300 shown in FIG.
4.

Accordingly, block 708 may direct the trainer processor
600 to train the neural network 300 shown in FIG. 4 using
each of the sets of ultrasound images stored in the location
640 of the storage memory 604 as inputs and using each of
the associated quality assessment values and view categories
stored in the location 640 of the storage memory 604 as
desired outputs when the associated set of ultrasound images
are used as inputs.

In some embodiments, block 708 may direct the trainer
processor 600 to train the neural network 300 shown in FIG.
4 using batches. For example, in some embodiments, block
708 may direct the trainer processor 600 to randomly select
32 sets of ultrasound images or cine clips from the location
640 of the storage memory 604, and block 708 may direct
the trainer processor 600 to choose 10 consecutive ultra-
sound images or frames from each set to make a batch such
that the batch is filed with 320 frames of images with a
dimension or size of 120x120x1 (in various embodiments,
the ultrasound image data may be grayscale and therefore
the last channel may have 1 dimension). This batch may be
considered an input tensor, with the tensor size is 32x10x
120x120x1. In various embodiments, the first dimension 32
may be called the batch size. In some embodiments, a large
batch size may help with parallelizing the computation. In
some embodiments, batch size may be any number as long
as the memory permits and, in some embodiments, 32 may
be chosen as the batch size for training.

Block 708 may direct the analyzer processor 100 to feed
the input tensor to the neural network 300, where each
ultrasound image first goes through an instance of the
commonly defined first feature extracting neural network or
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DenseNet feature extraction module. The output tensor of
the commonly defined first feature extracting neural net-
works or DenseNet modules may be 32x10xAxBxC, where
“AxBxC” denotes the dimensionality of the output feature
for each frame. In some embodiments, the output tensor may
be of dimension 32x10x14x14x34, for example.

Block 708 then directs the trainer processor 600 to flatten
the output tensor into 32x10x(A*B*C), or 32x10x6664 in
some embodiments, for example, so that the second feature
extracting neural network 340 (e.g., the LSTM module, in
some embodiments) can process it. After the second feature
extracting neural network 340 processes the 32x10x
(A*B*C) feature tensor, it may produce a 32x10x128 fea-
ture tensor, and block 708 may direct the trainer processor
600 to use the 32x10x128 feature tensor as inputs for both
the quality assessment value specific neural network and
view category specific neural network.

Block 708 may direct the trainer processor 600 to com-
pare the predictions made within the quality assessment
value specific neural network and view category specific
neural network with the respective ground truths, or desired
outputs. In various embodiments, the predictions may be
compared to the quality assessment values and view catego-
ries stored in the location 640 of the storage memory 604. An
initial output of the view category specific neural network
may be of dimension 32x10x14 (classes) and block 708 may
direct the trainer processor 600 to determine a mean over the
10 frames for the initial output to generate a tensor of
dimension 32x14. An initial output of the quality assessment
value specific neural network may be of dimension 32x10x1
and block 708 may direct the trainer processor 600 to
determine a mean over the 10 frames for the initial output to
generate a tensor of dimension 32x1.

Block 708 may direct the trainer processor 600 to deter-
mine a difference between the view classification predictions
(32x14) and the ground truth (as previously provided by an
expert, for example), as measured by the cross-entropy loss
function, which produces scalar values, i.e. 32x14—32x1.
In various embodiments, block 708 may direct the trainer
processor 600 to average the 32x1 values into 1 scalar value
representing how well the predictions match the ground
truth labels. Similarly, for the quality estimation, the differ-
ence may be measured by the binary cross-entropy loss
function, which is the cross-entropy loss function working
on two classes (i.e., bad quality:0, excellent quality:1). This
also produces a scalar value, i.e., 32x1—1 representing how
well the predictions match the ground truth labels. In various
embodiments, a low scalar value representing how well the
predictions match the ground truth labels may mean better
matching. In various embodiments, the differences may also
or alternatively be measured by other types of loss functions
such as, for example, an absolute difference loss function or
a squared difference loss function.

Block 708 may direct the trainer processor 600 to add
these two loss values together and to train the network based
on these summed losses. Block 708 may direct the trainer
processor 600 to use a back-propagation method, wherein
block 708 directs the trainer processor 600 to compute the
gradient with respect to the neural network or model param-
eters (i.e., the weights and bias in every layer) and the
gradient is used to update the neural network or model
parameters. In various embodiments, the updated param-
eters may be stored in the locations 642, 644, 646, and 648
of the storage memory 604.

In various embodiments the flowchart 700 may be
executed many times in order to train the neural network 300
shown in FIG. 4 adequately. For example, in some embodi-
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ments, the plurality of sets of ultrasound training images
may include 13400 sets or echo cine clips, and the trainer
502 may be configured to run 100 epochs where each epoch
runs through the entire training with batch size 32.

Accordingly, in some embodiments, the flowchart 700
may be executed 13400/32=419 times per epoch and 41900
times in total over all of the epochs.

In various embodiments, by adding the loss values
together to train the network based on these summed losses,
the neural network 300 may be trained more quickly and
may provide more accurate results than a neural network
which is trained based on loss values provided only by
looking at desired quality assessment values or based on loss
values provided only by looking at desired view categories.
In some embodiments, this may also or alternatively result
in a compact neural network that may consume less memory
and/or use less battery power for computation.

In some embodiments, the flowchart 700 may include a
block for directing the trainer processor 600 to produce
signals representing the trained neural network for causing
the neural network to be used to predict a quality assessment
value and a view category based on an input set of ultra-
sound images. For example, in some embodiments, a block
of codes may direct the trainer processor 600 to transmit the
neural network parameter information stored in the locations
642, 644, 646, and 648 of the storage memory 604, which
defines the neural network 300 to the analyzer 14 via the
interface 624 and the network 126.

Ablock of codes included in the block 170 of the program
memory 102 of the analyzer 14 shown in FIG. 2 may direct
the analyzer processor 100 to receive the neural network
parameter information via the interface 124 of the I/O
interface 112 and to store the neural network parameter
information in the locations 154, 156, 158, and 160 of the
storage memory 104.

Highest Quality Assessment Value

Referring to FIG. 3, in some embodiments, flowchart 200
may include a block of codes for directing the analyzer
processor 100 to store an ultrasound image associated with
the highest quality assessment value for each view category.

In various embodiments the block may direct the analyzer
processor 100 to, for each view category, update/replace an
ultrasound image stored in the location 162 of the storage
memory 104 such that the ultrasound image stored is an
ultrasound image that is associated with the highest quality
assessment value, for that view category.

In some embodiments, the block may be executed after
blocks 206 and 208 of the flowchart 200 have been executed.
Upon analysis of a first set of ultrasound images for a given
view category, the block may direct the analyzer processor
100 to, after determining a quality assessment value for each
of the ultrasound images included in the first set of ultra-
sound images and determining a view category for the set of
ultrasound images, identify the ultrasound image associated
with the highest determined quality assessment value and
store the ultrasound image in association with the deter-
mined quality assessment value and the determined view
category in the location 162 of the storage memory 104.

Upon analysis of subsequent sets of ultrasound images for
the view category, The block may direct the analyzer pro-
cessor 100 to, for each determined quality assessment value,
determine whether the quality assessment value is higher
than the quality assessment value stored in association with
the ultrasound image and the same view category in the
location 162 of the storage memory 104. The block may
direct the analyzer processor 100 to, if the determined
quality assessment value is higher than the stored quality
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assessment value, store the ultrasound image associated with
the determined quality assessment in the location 162 of the
storage memory 104 in association with the determined
quality assessment value and the determined view category.
In some embodiments, the block may direct the analyzer
processor 100 to replace any previously stored quality
assessment value and ultrasound image stored in the location
162 of the storage memory 104 in association with the
determined view category with the determined quality
assessment value and the associated ultrasound image. In
various embodiments, this may facilitate storage of ultra-
sound images associated with the highest determined quality
assessment values, for each view category, in the location
162 of the storage memory 104.

In various embodiments, an operator may not even know
this is happening, but when it comes to review the high-
quality cines afterwards, it may be a very useful tool to find
the best quality images for each cine. In various embodi-
ments, an operator may initiate a block of codes included in
the program memory 102 for directing the analyzer proces-
sor 100 to later retrieve the ultrasound images stored in the
location 162 of the storage memory and to produce signals
representing the ultrasound images for causing the ultra-
sound images to be displayed by the display 18. In various
embodiments, in this way, the operator may easily view the
best quality images for each view category.

Various Embodiments

In some embodiments, a system generally similar to the
system 10 shown in FIG. 1 and discussed herein may use a
neural network having additional and/or alternative archi-
tecture to the architecture of the neural network 300 shown
in FIG. 4 and discussed herein.

In some embodiments, the functionality provided by the
quality assessment value specific neural network and the
image property specific neural network may be implemented
using a combined neural network configured to output both
a quality assessment value and a representation of the image
property.

While various embodiments have been described herein
wherein the image property used in the system 10 is a view
category, in some embodiments, the system 10 may use
another image property. In such embodiments, the analyzer
14 may be configured to apply a neural network that outputs
a quality assessment value and the other image property.
Further, in such embodiments, the trainer 502 may be
configured to train a neural network that outputs a quality
assessment value and the other image property. For example,
in some embodiments, the image property may include a
representation of any or all of the elements included in the
following list, for example:

Cardiac

Left ventricular ejection fraction (LVEF)
Left atrial ejection fraction (LAEF)
Strain, both local and global
Pericardial Effusion
Heart rate
Cardiac phase
FAST (Emergency Medicine)
Free Fluid

Inferior vena cava (IVC)

Volume Assessment

Obstetrics

Ovarian torsion
Endometritis
Detection of fetal pole
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Calculation of gestational age
Gallbladder
Gallstones
Pulmonary
Pneumothorax

Pleural Effusion
Pneumonia/Consolidation
Ocular
Retinal Detachment
Vitreous Hemorrhage
Musculoskeletal
Joint Effusion
Tendon Rupture
Fracture Identification
Renal
Hydronephrosis
Nephrolithiasis
Deep vein thrombosis (DVT)
Aorta
Intrauterine pregnancy
Intrauterine Pregnancy
Fetal Heart Rate
Soft Tissue
Cellulitis
Abscess
Foreign body
Scrotal
Testicular Torsion
Hydrocele
Epididymitis
In various embodiments, the system 10 shown in FIG. 1
may be used to facilitate analysis of ultrasound images in
various subjects. For example, in some embodiments, vari-
ous tissues/organs may be analyzed using an embodiment of
the system 10. For example, in some embodiments, the
system 10 may be used for liver analysis, spine analysis, fat
tissue analysis and other tissue/organ analysis etc. For
example, in some embodiments, the system 10 may be used
for analysis of any or all of the elements in the above list. In
various embodiments, procedures for which the system 10
may be used may include, for example:
Heart valve repair using transesophageal echocardiogra-
phy
Nerve blocks
Vascular access
Arthrocentesis
Lumbar puncture
Paracentesis
Thoracentesis
Airway
In various embodiments, a system generally similar to the
system 10 shown in FIG. 1 may include an analyzer that
performs the functionality of the analyzer 14 described
herein but that takes a different form. For example, in
various embodiments, the analyzer may not be implemented
using a mobile device. In some embodiments the analyzer
may be implemented within an ultrasound machine, for
example. In such embodiments, the ultrasound monitor may
provide some of the functionality described herein as pro-
vided by the display 18 and/or ultrasound image data may
not need to be transferred off of the ultrasound machine.
In various embodiments, the ultrasound machine 16 may
take additional or alternative forms to the schematic repre-
sentation shown in FIG. 1. For example, in some embodi-
ments, the ultrasound machine 16 may be implemented
wherein the ultrasound machine and the transducer are one
unit and the ultrasound machine produces wireless signals
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for causing a display to display the ultrasound images. For
example, in some embodiments, the ultrasound machine
may wirelessly transmit ultrasound data to a mobile device
or phone for display. In some embodiments, the mobile
device or phone displaying the ultrasound images may act as
the analyzer 14 or transmit the ultrasound data to a second-
ary mobile device acting as the analyzer 14, for analysis.

In various embodiments the set of ultrasound images
analyzed in the system 10 described herein may be a single
ultrasound image.

In some embodiments, the trainer may include a user
interface and block 704 may direct the trainer processor 600
to receive the quality assessment values and/or the view
category information via the user interface from an expert
interacting with the user interface.

In various embodiments, the analyzer 14 may be imple-
mented using an Android mobile device running a custom-
ized mobile implementation of the TensorFlow inference
engine. In some embodiments, by multi-threading four Ten-
sorFlow instances together, the analyzer 14 may be able to
execute the flowchart 200 shown in FIG. 3 for analyzing
images being received at 30 Hz with a latency of under 0.4
seconds.

In various embodiments, while three threads are running
the first feature extracting neural networks for a set of
ultrasound images, a fourth thread may run the rest of the
neural network 300 shown in FIG. 4 for a previous set of
ultrasound images for which the feature representations
were already determined. For example, FIG. 13 shows a
timing diagram 750 of how the threads 752, 754, 756, and
758 may be run concurrently according to various embodi-
ments.

Referring to FIG. 13, three first feature extracting neural
network or CNN threads can be seen extracting features
from ten consecutive input frames before waking a waiting
RNN thread configured to run the rest of the neural network
300 shown in FIG. 4, which then runs the LSTMs, quality
assessment value and view category prediction on the buff-
ered features extracted by the CNN threads. The target frame
rate for the system may be set at 30 Hz, which can be
inferred by the lines 760, 762, 764, 766, and 768 represent-
ing the arrival of input frames. In some embodiments, the
mean run-time for the first feature extracting neural net-
works (including feeding the input, running the network, and
fetching the output) may be 28.76 ms with a standard
deviation of 16.42 ms and the mean run time of the rest of
the neural network 300 may be 157.48 ms with a standard
deviation of 21.85 ms. Therefore, the mean latency of the
feedback may be 352.58 plus or minus 38.27 ms, when
measured from the middle of the ten-frame sequence.

In various embodiments, in order to prevent lag resulting
from the build-up of unprocessed frames, the first feature
extracting neural network threads and RNN need to finish
running before they are requested to process the next batch
of data. In some embodiments, to accomplish this reliably,
all the per-frame processing must complete within T
fearure, calculated as follows:

max, first

T first feanore—(# of first feature threads)*1/FPS=3/
30=100 ms

while the rest of the neural network 300 may need to
complete its processing before the features from the next ten
frames are extracted:

T e pvv=(buffer length)*1/FPS=10/30=333:33 ms

With the chosen three first feature extracting neural net-
work threads and one thread for the rest of the neural

Caption Health Ex1015



Case 6:24-0v-03200EKL Do

682 Fled 05/30/25

Page 300131

US 10,751,029 B2

23

network 300 configuration, in various embodiments, the
application may require few threads while still providing
enough tolerance to avoid frame build-up.

In various embodiments, neural networks described
herein, including the first feature extracting neural networks
shown in FIG. 4, for example, may be implemented by using
Keras (https://keras.io/), a high-level neural networks API
on top of the Tensorflow (https://www.tensorflow.org/) deep
learning library backend in Python. The Keras library may
be imported as tf.keras from Tensorflow (i.e., tf).

For the components included in the first feature extracting
neural networks, in various embodiments, the convolution
operation may be implemented by using the function
tf keras.layers.Conv2D, the batch normalization operation
may be implemented by using the function tf.keras.layers-
.BatchNormalization, the RelLU activation operation may be
implemented by using the function tf keras.layers.Rel.U, the
dropout operation may be implemented by using the func-
tion tfkeras.layers.Dropout, the concatenation operation
may be implemented by using the function tfkeras.layer-
s.concatenate, and the average pooling operation may be
implemented by using the function
tf keras.layers.AveragePooling2D. In various embodiments,
for the second feature extracting neural network 340 shown
in FIG. 4, the LSTM operation may be implemented by
using the function tfkeras.layers. LSTM.

While specific embodiments of the disclosure have been
described and illustrated, such embodiments should be con-
sidered illustrative of the disclosure only and not as limiting
the disclosure as construed in accordance with the accom-
panying claims.

The invention claimed is:

1. A computer-implemented method of facilitating ultra-
sonic image analysis of a subject, the method comprising:

receiving signals representing a set of ultrasound images

of the subject;

deriving one or more extracted feature representations

from the set of ultrasound images;

determining, based on the derived one or more extracted

feature representations, a quality assessment value rep-
resenting a quality assessment of the set of ultrasound
images;

determining, based on the derived one or more extracted

feature representations, an image property associated
with the set of ultrasound images; and

producing signals representing the quality assessment

value and the image property for causing the quality
assessment value and the image property to be associ-
ated with the set of ultrasound images.

2. The method of claim 1 wherein the image property is
a view category.

3. The method of claim 2 wherein deriving the one or
more extracted feature representations from the ultrasound
images comprises, for each of the ultrasound images, deriv-
ing a first feature representation associated with the ultra-
sound image.

4. The method of claim 3 wherein deriving the one or
more extracted feature representations comprises, for each
of the ultrasound images, inputting the ultrasound image
into a commonly defined first feature extracting neural
subnetwork to generate the first feature representation asso-
ciated with the ultrasound image.

5. The method of claim 4 wherein deriving the one or
more extracted feature representations comprises concur-
rently inputting each of a plurality of the ultrasound images
into a respective implementation of the commonly defined
first feature extracting neural network.
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6. The method of claim 4 wherein the commonly defined
first feature extracting neural network includes a convolu-
tional neural network.

7. The method of claim 4 wherein deriving the one or
more extracted feature representations comprises inputting
the first feature representations into a second feature extract-
ing neural network to generate respective second feature
representations, each associated with one of the ultrasound
images and wherein the one or more extracted feature
representations include the second feature representations.

8. The method of claim 7 wherein the second feature
extracting neural network is a recurrent neural network.

9. The method of claim 2 wherein determining the quality
assessment value comprises inputting the one or more
extracted feature representations into a quality assessment
value specific neural network and wherein determining the
image property comprises inputting the one or more
extracted feature representations into an image property
specific neural network.

10. The method of claim 9 wherein inputting the one or
more extracted feature representations into the quality
assessment value specific neural network comprises input-
ting each of the one or more extracted feature representa-
tions into an implementation of a commonly defined quality
assessment value specific neural subnetwork and wherein
inputting the one or more extracted feature representations
into the image property determining neural network com-
prises inputting each of the one or more extracted feature
representations into an implementation of a commonly
defined image property specific neural network.

11. The method of claim 2 wherein producing signals
representing the quality assessment value and the image
property for causing the quality assessment value and the
image property to be associated with the set of ultrasound
images comprises producing signals for causing a represen-
tation of the quality assessment value and a representation of
the image property to be displayed by at least one display in
association with the set of ultrasound images.

12. A computer-implemented method of training one or
more neural networks to facilitate ultrasonic image analysis,
the method comprising:

receiving signals representing a plurality of sets of ultra-

sound training images;

receiving signals representing quality assessment values,

each of the quality assessment values associated with
one of the sets of ultrasound training images and
representing a quality assessment of the associated set
of ultrasound training images;

receiving signals representing image properties, each of

the image properties associated with one of the sets of
ultrasound training images; and

training a neural network, the training comprising, for

each set of the plurality of sets of ultrasound training
images, using the set of ultrasound training images as
an input to the neural network and using the quality
assessment values and the image properties associated
with the set of ultrasound training images as desired
outputs of the neural network.

13. The method of claim 12 wherein each of the image
properties is a view category.

14. The method of claim 13 wherein the neural network
includes a feature extracting neural network, an image
property specific neural network, and a quality assessment
value specific neural network and wherein:

the feature extracting neural network is configured to take

an input set of the plurality of sets of ultrasound
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training images as an input and to output one or more
extracted feature representations;

the image property specific neural network is configured

to take the one or more extracted feature representa-
tions as an input and to output a representation of an
image property associated with the input set of ultra-
sound training images; and

the quality assessment specific neural network is config-

ured to take the one or more extracted feature repre-
sentations as an input and to output a quality assess-
ment value associated with the input set of ultrasound
training images.

15. The method of claim 14 wherein the feature extracting
neural network is configured to, for each of the ultrasound
training images included in the input set of ultrasound
training images, derive a first feature representation associ-
ated with the ultrasound image.

16. The method of claim 15 wherein the feature extracting
neural network includes, for each of the ultrasound images
included in the input set of ultrasound training images, a
commonly defined first feature extracting neural network
configured to take as an input the ultrasound training image
and to output a respective one of the first feature represen-
tations.

17. The method of claim 16 wherein more than one
implementation of the commonly defined first feature
extracting neural networks are configured to concurrently
generate the first feature representations.

18. The method of claim 16 wherein the commonly
defined first feature extracting neural network is a convolu-
tional neural network.

19. The method of claim 16 wherein the feature extracting
neural network includes a second feature extracting neural
network configured to take as an input the first feature
representations and to output respective second feature
representations, each associated with one of the ultrasound
images included in the input set of ultrasound training
images and wherein the one or more extracted feature
representations include the second feature representations.

20. The method of claim 19 wherein the second feature
extracting neural network is a recurrent neural network.

21. A system for facilitating ultrasonic image analysis
comprising at least one processor configured to:

receive signals representing a set of ultrasound images of

the subject;

derive one or more extracted feature representations from

the set of ultrasound images;

determine, based on the derived one or more extracted

feature representations, a quality assessment value rep-
resenting a quality assessment of the set of ultrasound
images;

determine, based on the derived one or more extracted

feature representations, an image property associated
with the set of ultrasound images; and

produce signals representing the quality assessment value

and the image property for causing the quality assess-
ment value and the image property to be associated
with the set of ultrasound images.

22. The system of claim 21 wherein the image property is
a view category.
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23. The system of claim 22 wherein the at least one
processor is configured to, for each of the ultrasound images,
input the ultrasound image into a commonly defined first
feature extracting neural subnetwork to generate a first
feature representation associated with the ultrasound image.

24. The system of claim 23 wherein the at least one
processor is configured to, for each of the ultrasound images,
input the ultrasound image into a commonly defined first
feature extracting neural subnetwork to generate the first
feature representation associated with the ultrasound image.

25. The system of claim 24 wherein the at least one
processor is configured to concurrently input each of a
plurality of the ultrasound images into a respective imple-
mentation of the commonly defined first feature extracting
neural network.

26. The system of claim 24 wherein the at least one
processor is configured to input the first feature representa-
tions into a second feature extracting neural network to
generate respective second feature representations, each
associated with one of the ultrasound images and wherein
the one or more extracted feature representations include the
second feature representations.

27. The system of claim 22 wherein the at least one
processor is configured to input the one or more extracted
feature representations into a quality assessment value spe-
cific neural network and to input the one or more extracted
feature representations into an image property specific neu-
ral network.

28. The system of claim 27 wherein the at least one
processor is configured to input each of the one or more
extracted feature representations into an implementation of
a commonly defined quality assessment value specific neural
subnetwork and to input each of the one or more extracted
feature representations into an implementation of a com-
monly defined image property specific neural network.

29. The system of claim 22 wherein the at least one
processor is configured to produce signals for causing a
representation of the quality assessment value and a repre-
sentation of the image property to be displayed by at least
one display in association with the set of ultrasound images.

30. A system for facilitating ultrasonic image analysis, the
system comprising:

means for receiving signals representing a set of ultra-

sound images of the subject;

means for deriving one or more extracted feature repre-

sentations from the set of ultrasound images;

means for determining, based on the derived one or more

extracted feature representations, a quality assessment
value representing a quality assessment of the set of
ultrasound images;
means for determining, based on the derived one or more
extracted feature representations, an image property
associated with the set of ultrasound images; and

means for producing signals representing the quality
assessment value and the image property for causing
the quality assessment value and the image property to
be associated with the set of ultrasound images.

#* #* #* * *
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