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(7) ABSTRACT

An ultrasound imaging system includes a processor to
associate an ultrasound image with one or more pictographs
that correspond to the image. A processor provides ultra-
sound image data to one or more trained neural networks
that classify the image data. The processor is programmed to
select one or more pictographs that correspond to the
classified image data for presentation to the operator. In
some embodiments, the processor is programmed to use a

Int. Cl. neural network to determine if an ultrasound image captured
A61B 8/08 (2006.01) during an examination corresponds to one or more required
A61B 8/00 (2006.01) views for a particular type of examination.
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METHOD AND APPARATUS FOR
ANNOTATING ULTRASOUND
EXAMINATIONS

TECHNICAL FIELD

[0001] The disclosed technology relates generally to ultra-
sound imaging systems and in particular to systems for
associating pictographs with ultrasound images.

BACKGROUND

[0002] As will be appreciated by those skilled in the art,
most modern ultrasound imaging systems work by creating
acoustic signals from a transducer having a number of
individual transducer elements that are formed in a sheet of
piezoelectric material. By applying a voltage pulse across an
element, the element is physically deformed thereby causing
a corresponding ultrasound signal to be generated. The
signal travels into a region of interest where a portion of the
signal is reflected back to the transducer as an echo signal.
When an echo signal impinges upon a transducer element,
the element is vibrated causing a corresponding voltage to
be created that is detected as an electronic signal. Electronic
signals from multiple transducer elements are combined and
analyzed to determine characteristics of the combined signal
such as its amplitude, frequency, phase shift, power and the
like. The characteristics are quantified and converted into
pixel data that is used to create an image of the region of
interest.

[0003] When a sonographer performs an ultrasound
examination of a patient, it is common to select one or more
of the images to be stored in a medical record. Typically the
images selected by the sonographer are taken from one of
several common viewing angles. For example, when imag-
ing the heart, there are several well-known or standardized
positions on the body where a clear view of the heart muscle
can be obtained through or under the rib cage. To help
identify the view of the patient’s anatomy that is shown in
an image, a sonographer will ofien associate or place a
pictograph (sometimes referred to as a pictogram) on the
image. A pictograph is a simplified ultrasound image or
other symbol representing a tissue type or an image feature
seen from a particular location and/or viewing angle. In
some embodiments, a pictograph can also be or include a
text annotation such as “Liver”, “Heart”, “Mitral Valve” or
the like. The pictograph is immediately recognizable to a
sonographer or physician and is used to help interpret the
actual ultrasound image that was obtained from the patient.

[0004] In current ultrasound imaging systems, pictographs
associated with many possible tissue types or image features
and viewing angles are stored in the imaging system’s
memory. If a sonographer wants to add a pictograph to an
image, the sonographer must select a particular pictograph
from all available pictographs. Some systems group picto-
graphs by tissue types. For example, a subset of pictographs
for liver tissue may be stored in one folder while another
subset of pictographs for cardiac tissue are stored in another
folder etc. Even with the pictographs sorted by tissue types,
the operator still has to navigate to the correct folder and
select the pictograph that best matches the orientation of the
probe used to obtain the image being saved. The result is a
somewhat cumbersome process whereby the sonographer
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has to view multiple pictographs in order to select one or
more that have the closest match to the ultrasound image
being saved.

SUMMARY

[0005] To address these and other concerns, the technol-
ogy disclosed is directed to an ultrasound imaging system
that automatically presents one or more pictographs corre-
sponding to an ultrasound image that is obtained by a
sonographer. The sonographer can select a pictograph from
the one or more presented pictographs to be stored in
association with the ultrasound image.

[0006] Inoneembodiment, the ultrasound imaging system
employs artificial intelligence such as a trained convolu-
tional neural network to classify an image based on features
that are either present or not present in the image. A
processor then presents one or more pictographs correspond-
ing to the classified image. A processor presents a subset of
pictographs that correspond to the classified image and can
be selected by the sonographer to annotate the ultrasound
image.

[0007] In another embodiment, an ultrasound examination
type is associated with one or more desired ultrasound image
views that are required for the type of examination. A neural
network, such as trained convolutional neural network,
compares ultrasound data for multiple ultrasound images
obtained by the sonographer and identifies one or more
images that correspond to the required ultrasound views.
The operator can accept one or more of the identified images
for storage in a patient record for a particular examination.

BRIEF DESCRIPTION OF THE DRAWINGS

[0008] FIG. 1 illustrates a representative ultrasound imag-
ing system in accordance with an embodiment of the dis-
closed technology;

[0009] FIG. 2 illustrates a representative convolutional
neural network used to classify features of an input ultra-
sound image in accordance with one embodiment of the
disclosed technology;

[0010] FIG. 3 illustrates a process of training a neural
network to be used in an ultrasound imaging system in
accordance with one embodiment of the disclosed technol-
0gy;

[0011] FIG. 4 illustrates a representative ultrasound image
with a number of presented pictographs that can be selected
by an operator to annotate the ultrasound image in accor-
dance with an embodiment of the disclosed technology;
[0012] FIG. 5 is a flow chart of steps performed by a
processor to associate one or more pictographs with an
ultrasound image in accordance with one embodiment of the
disclosed technology;

[0013] FIG. 6 illustrates a pair of pictographs representing
views required for a cardiac examination and a correspond-
ing ultrasound image selected by a neural network that
correspond to a required view in accordance with another
embodiment of the disclosed technology;

[0014] FIG. 7 is a flow chart of steps performed by a
processor to identify one or more ultrasound images that
correspond to required views for an examination type in
accordance with another embodiment of the disclosed tech-
nology; and

[0015] FIG. 8 is a flowchart of steps performed by pro-
cessor to confirm that imaging parameters are appropriate
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for a type of anatomy being imaged in accordance with
another embodiment of the disclosed technology.

DETAILED DESCRIPTION

[0016] FIG. 1 shows a representative ultrasound imaging
system 10 in accordance with one embodiment of the
disclosed technology. The ultrasound imaging system may
be a portable, handheld or cart-based system of the type that
includes one or more imaging transducers 20. The imaging
transducer 20 generates acoustic ultrasound signals and
detects the corresponding ultrasound echoes. Image process-
ing circuitry in the ultrasound imaging system receives
electronic signals corresponding to the ultrasound echoes
and processes the signals to produce a series of images 30 of
the area being examined. The ultrasound imaging system 10
generally has one or more video displays on which the
ultrasound images are displayed. One or more of the dis-
plays may be touch sensitive so that an operator can operate
the imaging system with a graphical user interface on the
display or by using more conventional input devices on the
imaging system itself such as a keyboard, trackball, touch
pad, buttons, voice commands etc. In some embodiments,
the ultrasound imaging system may be connected to an
auxiliary display or computing device (not shown) such a
remote server, tablet, laptop, smart phone etc. via a wired or
wireless communication link. The auxiliary computing
device can be used as another video screen, input device
and/or to provide additional computing power for the imag-
ing system.

[0017] As indicated above, there are instances where a
sonographer wants to annotate an ultrasound image with a
pictograph 32 that represents a tissue type or image feature
under examination and may be specific to the view (orien-
tation of the imaging probe) with which the ultrasound
image 30 is obtained. Because the pictographs are simplified
images, graphic symbols or text annotations, the pictograph
32 serves to aid a radiologist, physician or sonographer in
understanding what the actual ultrasound image 30 is trying
to show. To simplify the task of selecting a corresponding
pictograph for a particular ultrasound image, a processor
(e.g. CPU, GPU, DSP, FPGA, ASIC, dedicated integrated
circuit or a combination of processors or the like) in the
ultrasound imaging system 10 employs artificial intelligence
to classify the ultrasound image 30. In one embodiment,
once the operator has captured an image that they would like
to associate with a particular pictograph, the operator enters
a command, such as by touching a GUI on a screen, pressing
a button, saying a speech command etc., which causes the
processor identify one or more pictographs that correspond
to the image. The processor is configured to execute a series
of instructions that are stored in a processor-readable
memory or to operate according to pre-configured logic to
implement a trained neural network such as a convolutional
neural network 40. The neural network 40 is trained to
classify an input ultrasound image (or portion of the image)
based on image features that are present (or not present) in
the image. For example, images can be classified as one of
several different tissue types or image features (heart tissue,
liver tissue, breast tissue, abdominal tissue, bladder tissue,
kidney tissue, heart valves, vessels etc.). In one embodi-
ment, the neural network 40 returns a list of calculated
values representing how likely the image corresponds to a
number of particular classifications (tissue type, image fea-
ture, lack of a particular feature in an image or other criteria
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that the neural network is trained to recognize). Such cal-
culated values may be a probability that an image is a
particular tissue type (e.g. cardiac tissue=0.72) or may be a
probability that the image contains a particular anatomical
feature (carotid artery=0.87) or lacks an image feature (no
kidney tissue=0.87) etc. Upon receipt of the determined
probabilities from the neural network, the processor is
programmed to recall one or more pictographs that are
stored in a pictograph library 50 or other memory of the
ultrasound imaging system and that correspond to the clas-
sified image. In some embodiments, the trained neural
network is resident on the ultrasound imaging system itself.
However, if the ultrasound imaging system is connected to
a computer communication link, then the trained neural
network can be located on a remote computer system and
supplied with images to be analyzed that are provided by a
processor of the imaging system.

[0018] The pictograph library 50 may be arranged as a
database with links to various pictographs that are catego-
rized by image features or may be series of folders that
contain the pictographs grouped by image features. Other
ways of organizing the pictographs in memory such as by
tagging them with meta data specifying various image
features are also possible. In some embodiments, the pro-
cessor may be programmed to make a request for the
corresponding pictographs from a remotely located comput-
ing device. For example, the processor in the ultrasound
imaging system can request the transmission of all picto-
graphs stored on a remote computing device that correspond
to cardiac tissue or to liver tissue or for those that lack a
carotid artery etc.

[0019] In some embodiments, the processor displays the
one or more of the pictographs corresponding to the classi-
fied image on a video display screen of the ultrasound
imaging system or auxiliary system and the operator can
select which pictographs(s) they would like to use to asso-
ciate with or to annotate the ultrasound image 30. For
example, if the neural network returns a probability value
such as “cardiac tissue=0.98,” the processor executes pro-
gram steps to retrieve one or more of the pictographs
associated with cardiac tissue from a folder in the pictograph
library, from a pictograph database or from a remote com-
puting device. In some embodiments, the use of more than
one neural network allows more specific pictographs to be
retrieved. For example, if a first neural network is trained to
identify the type of tissue and returns a value such as
“cardiac tissue=0.98,” then the classified image can be
provided to a second cardiac-specific neural network that is
configured to return probability values of how likely the
image is from a particular view. If the second neural network
returns a value such as “apical view=0.92,” then one or more
of the pictographs corresponding to apical views of the heart
can be retrieved and presented on the video display screen
for the operator to select in response to a command to
retrieve the corresponding pictograph(s). In other embodi-
ments, a single neural network is trained to classify images
by both tissue type and a view shown in an image.

[0020] Some ultrasound imaging systems allow the opera-
tor to program the system for a particular examination type
or to adjust imaging parameters for particular types of tissue.
For example, the operator may select imaging parameters for
an abdominal examination or that are optimized for imaging
heart tissue etc. In some embodiments, the ultrasound imag-
ing system can keep a record of the type of examination
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being performed and can compare the type of examination
set or the values of the imaging parameters that are set by the
operator with the classification of the image as determined
by the trained neural network(s). In one embodiment, once
the operator has obtained an image of the tissue that they
would like to associate with a pictograph, the operator enters
a command to cause the processor to supply the image to the
neural network(s). If the image classified by the neural
network corresponds to the imaging parameters used for that
type of examination, then the processor can assign a higher
probability to the type of tissue identified by the neural
network 40. If the type of examination set on the imaging
system or the imaging parameters do not agree with the
classification of the image by the neural network, the pro-
cessor may ask the operator to check the settings on the
ultrasound imaging system and may suggest that the opera-
tor change the settings to those that are optimal for the type
of tissue identified by the neural network. For example, upon
capturing an ultrasound image of the liver, the operator
initiates a command to identify an associated pictograph for
the image. The neural network classifies the image as having
a high probability that the type of tissue in the image is heart
tissue. The processor compares this result to the record of
how the imaging system is programmed and determines that
the type of anatomy imaged (e.g. heart tissue) does not
correspond to the type of examination being performed (e.g.
liver examination). The processor is therefore programmed
to prompt the operator to change the imaging parameters (or
have the imaging system select the imaging parameters) to
better suit the type of tissue detected or in some embodi-
ments to confirm that the operator wants to continue with the
imaging parameters they have set. In some embodiments,
the classification of the images by the processor can be
performed without the user having to request that a picto-
graph be associated with the image. For example, the first
few images generated during an examination may be clas-
sified to confirm that the examination type or imaging
parameters are optimized for the type of tissue detected.

[0021] FIG. 2 illustrates one possible embodiment of a
trained neural network 100 that is configured to classify an
input ultrasound image 120. As will be appreciated by those
skilled in the art, there are numerous types of neural net-
works that can be used to identify features that are present
or not present in a digital image. One of the more common
networks for image analysis is a convolutional neural net-
work. In one embodiment, a trained convolutional neural
network takes an input image of a predetermined size (e.g.
a matrix of 320x320 pixel values or another size, which may
or may not be square) and convolves a number of filters (e.g.
a matrix of filter values) over the image. In the case of a
color ultrasound image, each pixel generally stores pixel
intensity values for red, green and blue color components.
Filters are convolved with the pixel intensity numbers for
each color component. The filters are designed to react to
features in the image. Multiple convolutional steps can be
used. In most convolutional networks, pooling is performed
that reduces the size of the output matrices by analyzing
groups of matrix values (e.g. 5x5 etc.) and taking their
maximum, average or the like to define a single entry in an
output matrix. Further convolutions can be performed on the
pooled values. Depending on the type of neural network
used, the filtered and pooled values are further processed
such as by providing the values to a fully connected layer
that indicates how likely the image has a particular classi-
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fication. For example, the fully connected layer can provide
an output comprising a percentage likelihood that an input
image corresponds to different tissue types. In the example
shown in FIG. 2, the trained neural network produces
estimations (probabilities) of how likely an input image
represents various tissue types such as cardiac, liver,
abdominal, breast or bladder anatomical features. In one
embodiment, the processor is programmed to receive the
probability values and retrieve one or more pictographs
representing the most likely determined tissue type. If fur-
ther classification is required, then the processor provides
the classified image to one or more other neural networks to
further classify the image. For example, cardiac tissue
images can be classified in a neural network that is trained
to identify the views with which such images are obtained
such as parasternal, apical, subcostal or suprasternal notch
views. The processor receives the likelihood that an image
represents each of these different views and can retrieve the
pictograph representing the most likely determined tissue
type and view.

[0022] FIG. 3 illustrates one representative system for
training a neural network to classify a number of ultrasound
images. In one embodiment, a training set of many (e.g.
thousands+) of ultrasound images 120 that have been clas-
sified by image features are supplied to a neural network 140
that is typically created with an available software package.
The neural network 140 is trained with the images 120 to
classify the presence or absence of features in an image. In
some embodiments, filter and bias values for the nodes of
the neural network are initially given random values and the
training system then uses mathematical searching tech-
niques to identify changes to the parameter values that
reduce the error rate of misclassified images. The result of
the training process is a set of network parameter values that
allow the neural network 140 to correctly identify or classify
the training images to within a desired level of accuracy. The
greater the number of training images in the training set, the
more accurate the network parameters values may be. Once
the neural network is trained, the values of the various
parameters are used by the neural network 140 to classify
actual images such as images obtained by the ultrasound
imaging system. In other embodiments, the trained neural
network is implemented by a processor that is different than
the processor of the ultrasound imaging system. The details
of how neural networks operate and how they are trained
based on a set of classified input training images are well
known to those of ordinary skill in the art of artificial
intelligence.

[0023] FIG. 4 illustrates an ultrasound image 150 that is
obtained by a sonographer and a number of pictographs 152,
154, 156 that are selected and presented on a video display
by the ultrasound imaging system as a result of providing
data for the ultrasound image 150 to the trained neural
network. In this example, the neural network(s) determine
that the image 150 most likely represents cardiac tissue
using the subcostal window showing a cross section of the
left and right ventricles. The processor in the imaging
system receives the image classification from the neural
networks and then retrieves from memory one or more
pictographs that correspond to the most likely determined
tissue and view type and displays them on a video display
and/or auxiliary system.

[0024] With the pictographs 152, 154, 156 displayed, the
operator is able to select one or more pictographs for
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association with the ultrasound image. In the example
shown, the pictographs 152, 154 and 156 are all associated
with cardiac tissue and subcostal views. In one embodiment,
the operator is then free to select one or more of the
presented pictographs to be associated with the ultrasound
image 150 for inclusion into a patient medical record. In
some embodiments, the pictographs are presented by dis-
playing them on a video monitor in an order that is indicative
of how likely each pictograph corresponds to the classified
image from most likely to least likely or vice versa. In
another embodiment, the pictographs are color coded in a
manner that indicates how likely each pictograph corre-
sponds to the classified image (green=most likely, red=least
likely etc.) In yet another embodiment, the pictographs are
shown with a visual cue (number, score, word description
such as most likely, least likely etc.) that indicates how likely
each pictograph corresponds to the classified image. Pre-
sentations of pictographs may involve showing all those
pictographs corresponding to an identified tissue type. For
example, if the neural network classifies an image as show-
ing heart tissue, then only pictographs corresponding to
heart tissue are presented. In another embodiment, picto-
graphs are presented by not showing pictographs that do not
correspond to the classified image. For example, if an image
is classified as showing heart tissue then pictographs corre-
sponding to kidney tissue are not presented. In some
embodiments, only a subset of the pictographs that possibly
correspond to the ultrasound image are presented at once.
Such pictographs can be shown with their confidence value
or by a color code etc. so that the operator is able to easily
identify the most likely pictographs. If the operator doesn’t
like any of the pictographs presented, they can view other
pictographs that are slightly less likely candidates. In some
embodiments, the possible set of pictographs need not be
stored on the ultrasound imaging system itself. The picto-
graphs presented to the operator can be retrieved from a
local memory or a memory of a remote source over a wired
or wireless communication link in response to a request
specifying the classification(s) of the image identified by the
neural networks.

[0025] With the one or more pictographs presented based
on the image classification determined by the trained neural
network, the processor is programmed to determine which
pictograph, if any, is selected. Once the operator has selected
the desired pictograph using commands supplied to the GUI,
voice commands, button presses or the like, the ultrasound
image can be stored with the selected pictograph. In some
embodiments, the pixels of the pictograph are blended with
the pixels of the ultrasound image and in other embodi-
ments, the ultrasound image is stored with metadata that
indicates which pictograph is to be displayed with the image
and where the pictograph is to appear as an overlay on the
image.

[0026] In some embodiments, a neural network is trained
to identify where to place the pictograph in an image. For
example, if a pictograph represents a kidney, a trained neural
network is configured to identify a prominent feature of the
kidney in an image. An image classified as including kidney
tissue is given to the trained neural network that returns the
probability of each portion of the image containing the
prominent feature. The portion or area of the image with the
highest probability is used by the processor as a location to
place the pictograph adjacent the prominent feature. Alter-
natively, labels associated with the pictograph can be placed
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adjacent identified features in an image. In some embodi-
ments, the neural network can be trained to detect free space
in an image and used as the location to place the pictograph
or the annotation. If the user does not like the location
selected for the pictograph or labels, the user is free to move
them to a new location in the image.

[0027] In this embodiment, the trained neural network and
processor operate to limit the number of possible picto-
graphs that need to be viewed by the operator in order to find
a corresponding pictograph for any particular ultrasound
image. As will be appreciated, by reducing the number of
pictographs that an operator has to view in order to select a
pictograph that is associated with the image created by the
ultrasound imaging system, workflow speed is increased and
the examination process is simplified.

[0028] In the embodiment described above, the pixel
values supplied to the neural network are color brightness
values. It will be appreciated that black and white pixels
could also be used by supplying for example, only bright-
ness intensity values as inputs to a neural network that is
trained to classify black and white ultrasound images. In
some embodiment, pre-pixel data for an image such as, but
not limited to, pre-scan conversion data, beamformed echo
data or RF data for an image can be provided to the neural
network to classify the image.

[0029] FIG. 5 is a flow chart of steps performed by a
processor to determine one or more pictographs that can be
associated with an ultrasound image in accordance with one
embodiment of the disclosed technology. Although the steps
are described in a particular order for ease of explanation, it
will be appreciated that the steps could be performed in a
different order or that alternative steps could be performed
in order to achieve the functionality described.

[0030] Beginning at 160, the processor of the ultrasound
imaging system is operated in an imaging mode to create
ultrasound images in response to ultrasound signals trans-
mitted into a patient and from the ultrasound echo signals
that are received from the patient. At 162, the processor
detects if the operator has activated a “freeze” button or a
similar feature that causes the ultrasound imaging system to
capture an ultrasound image. Once the operator has captured
the image data, the ultrasound imaging system begins
executing steps to determine one or more pictographs that
correspond to the image.

[0031] At 164, the processor provides the captured image
data to one or more trained neural networks such as convo-
lutional neural networks to classify the image as having or
not having one or more image features. At 166, the processor
receives the output of the neural network(s). Depending on
how the networks are designed, such an output can comprise
the probability of the input image corresponding to one or
more tissue types. In some embodiments, the neural net-
works return a number of values (e.g. 0.05, 0.05, 0.05, 0.8,
0.05 etc.) that represent the probabilities that the image is of
a certain tissue type.

[0032] At 168, the processor then receives one or more of
the pictographs associated with the classified image. For
example, if the neural network identified a particular image
as having a high probability of being cardiac tissue, the
processor can recall pictographs representing cardiac tissue
from memory. Such pictographs can be identified by name
or by an ID number that is used to retrieve the pixel values
(or text) for the pictograph from a local memory, from a
remote location or an auxiliary device (laptop, remote
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server, smart phone etc.). For example, the processor can
send the ID number of the identified pictograph or an
indication of the classified image type to a remote location
or auxiliary device and receive the corresponding picto-
graph.

[0033] At 170, the processor presents the pictographs
corresponding to the classification of the input image to the
operator. The operator can then select which, if any, of the
pictographs are to be blended into, or stored in association
with, the ultrasound image in a patient record. In some
embodiments, step 170 can be skipped by the processor and
the pictograph that most closely corresponds to the classified
input image can be blended into or stored with the input
image without requiring the operator to approve the picto-
graph. The result is that in some embodiments of the
disclosed technology, the ultrasound imaging system is able
to quickly identify pictographs corresponding to an input
image without the operator have to select particular picto-
graphs from all possible pictographs that are associated with
an examination type, thereby speeding workflow and pro-
viding an easier examination process.

[0034] In the embodiment described above, images are
sent to the neural network when the user hits a “freeze”
button or similar feature. In other embodiments, images are
sent to the neural network without requiring user input such
as continuously or when the user has completed an exami-
nation to identify a corresponding pictograph for the image
created.

[0035] In another embodiment of the disclosed technol-
ogy, the sonographer may operate the ultrasound imaging
system to create a number of ultrasound images. The sonog-
rapher therefore has to choose which image(s) should be
saved into a patient record. For example, a patient worksheet
or other rule set for a particular examination type may
require images of the heart be obtained from three different
views.

[0036] In this embodiment, a neural network is trained to
determine the likelihood that an ultrasound image represents
a particular view. In one embodiment, a rule set for a
particular examination type defines which views are to be
included in a patient report. The trained neural network
analyses one or more of the ultrasound images obtained by
the sonographer to determine how likely any particular
image represents a desired view. The images that have the
highest probability of representing the desired view can be
presented to the operator for inclusion into the patient
record. For example, if image-1 has a 0.87 probability of
representing a required view and image-2 has a 0.91 prob-
ability of representing the required view, then image-2 is
presented to the operator for possible incorporation into the
patient record. The image(s) that bears the closest resem-
blance to a required view is therefore automatically selected
by the processor for possible inclusion into the patient
report. In some embodiments, a pictograph associated with
the selected image is also blended into or associated with the
image selected for inclusion into the patient record.

[0037] FIG. 6 shows two pictographs 180, 182 represent-
ing required cardiac ultrasound images taken with different
views for a particular examination type. The rules for the
examination type require that the sonographer include an
image corresponding to these pictographs in the patient
record. Rather than having to manually evaluate all the
images that are captured by the ultrasound imaging system,
the ultrasound imaging system provides a number of ultra-

Sep. 5,2019

sound images to one or more trained neural networks. The
trained neural networks operate to classify the image to
determine if one or more correspond to a desired view. Once
one or more images 184 are identified that correspond to a
desired view, the identified images can be shown to the
operator to select which image(s) are to be included in the
patient report. In some embodiments, the processor presents
the identified images in an order that are ranked by how
likely the image corresponds to a desired view and the user
can select which image to include in the patient report.
[0038] Insome embodiments, the ultrasound image that is
determined by the neural network as having the highest
probability of corresponding to a required view is incorpo-
rated into a patient record by the processor without having
the operator select the image from a presentation of two or
more possible ultrasound images.

[0039] In some embodiments, there may be a number of
differently trained neural networks, each trained classify
different features of an image. For example, a first neural
network can be configured to identify the type of tissue in an
image and another set of tissue-specific neural networks are
trained to identify the views of different tissue types. The
processor is therefore programmed to provide the image to
a series of neural networks to classify the image and
determine if it represents a required view.

[0040] In some embodiments, the rules for a particular
examination may be defined by pictographs that represent
the desired views. In some embodiments, the pictographs are
associated with meta data representing for example, the
tissue type and view shown by the pictograph. The processor
is programmed to analyze the meta data in order to deter-
mine the required tissue and view type and to provide
ultrasound image data to the corresponding neural networks
to determine if the image represents a desired view.

[0041] FIG. 7 shows a series of steps performed by a
processor of an ultrasound imaging system in accordance
with one embodiment of the disclosed technology to identify
ultrasound images representing a desired view. Although the
steps are described in a particular order for ease of expla-
nation, it will be appreciated that the steps could be per-
formed in a different order or that alternative steps could be
performed in order to achieve the functionality described.
Beginning at 190, the processor determines and records the
type of examination being performed by the operator. At
192, the processor determines one or more ultrasound views
that are required for the type of examination being per-
formed. The required views may be programmed in the
software of the ultrasound imaging system. Alternatively,
the required views could be specified by a patient worksheet
to be filled in by the operator. In other embodiments, the
required views are specified by a remote computer or
auxiliary computer or smartphone in response to a submis-
sion from the ultrasound imaging system of what type of
examination is being performed. For example, if a patient
has a certain insurance plan that requires particular views,
the ultrasound imaging system can send a message with
“patient ID, exam type” to the insurance company and
receive an indication of what views are required for reim-
bursement. The required views may be coded or specified by
pictographs with meta data indicating the required tissue
type and views.

[0042] At 194, the operator begins the imaging process
and at 196, images produced by the imaging system are
stored in a cine buffer or other memory. At 198, ultrasound
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image data for the stored images are provided to one or more
trained neural networks to classify the images.

[0043] At 200, the processor determines if the image data
corresponds to a required view. If so, the ultrasound system
preferably alerts the operator that a desired view has been
obtained. Examples of such an alert can include an audible
or visual queue that a corresponding image has been
obtained. If the desired views are represented by picto-
graphs, the alert can place a check by the pictograph
corresponding to the desired view or show the pictograph in
a different color. Other alerts or indications can include
printed messages or audible cues provided to the user on a
display screen or from a speaker etc. At 204, the processor
determines if all required views are obtained, the system
provides an alert or indication to the user that all required
images are obtained. If not, the user can be alerted to the fact
that one or more required views are not yet obtained and
processing returns to 194 and more images are obtained. If
all required views are obtained, then the examination can
stop at 206.

[0044] In some embodiments, a user presses an “end of
exam” control or other key specifying the end of the
examination before images are analyzed with the neural
networks to identify those that correspond to the required
views. Alternatively, the processor may detect that the
operator has not interacted with the machine for more than
a threshold time such as by moving the transducer or
interacting with an operator control to infer that the exami-
nation has ended.

[0045] As indicated above, in some embodiments, the
processor executes program steps to automatically select
ultrasound images for incorporation into a patient record
without requiring the operator to confirm the selection.
[0046] In some embodiments, the entire ultrasound image
is provided to the neural network(s). In other embodiments,
a portion of the image is provided to the neural network. For
example, a smaller subset of the pixels defining an image
can be sent to the neural network. A sliding window can
select which pixel values are sent to the neural network. In
this way, the processor is able to determine which portion of
an image most closely corresponds to a required image. As
will be appreciated, applying multiple sliding windows of
pixel values increases the processing time compared with
providing an entire ultrasound image to the trained neural
network.

[0047] As indicated above, in some embodiments, the
disclosed technology is used to confirm that the operator of
the ultrasound system is using the correct settings for the
type of examination being performed. FIG. 8 shows a
sequence of steps performed by a processor to confirm that
the image settings are appropriate or correct for the actual
images being captured. As used herein “appropriate” or
“correct” means that the images produced could not be
significantly improved by changing the imaging parameters.
An appropriate or correct imaging parameter need not be
optimum but would be close enough so that a skilled
sonographer would not immediately understand the param-
eters to be far from optimum. Although the steps are
described in a particular order for ease of explanation, it will
be appreciated that the steps could be performed in a
different order or that alternative steps could be performed
in order to achieve the functionality described.

[0048] Beginning at 250, the processor in the ultrasound
system supplies a saved image to a trained neural network to
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identify the type of tissue that is shown in the image. At 252,
the processor receives the type of tissue identified back from
the trained neural network. At 254, the processor determines
if the type of tissue identified by the trained neural network
corresponds to pre-set imaging parameters (such as but not
limited to: gain, frame rate, line density, acoustic power,
sector size, available worksheets etc) set on the ultrasound
imaging system or the type of examination selected. For
example, if the operator has selected imaging parameters
that are optimized for liver imaging and the tissue identified
by the neural network is heart tissue, then the ultrasound
system can prompt the user to either confirm that the correct
set of ultrasound imaging parameters are selected or that the
correct type of examination set at 256. If the imaging
parameters or the type of examination on the ultrasound
imaging system correspond to the detected tissue type, then
the process ends at 258 with no recommendation to confirm/
modify the imaging parameters or the examination type. The
neural network in this embodiment therefore acts to reduce
the likelihood that incorrect sets of imaging parameters are
being used to perform an examination.

[0049] Embodiments of the subject matter and the opera-
tions described in this specification can be implemented in
digital electronic circuitry, or in computer software, firm-
ware, or hardware, including the structures disclosed in this
specification and their structural equivalents, or in combi-
nations of one or more of them. Embodiments of the subject
matter described in this specification can be implemented as
one or more computer programs, i.e., one or more modules
of computer program instructions, encoded on computer
storage medium for execution by, or to control the operation
of, data processing apparatus.

[0050] A computer storage medium can be, or can be
included in, a computer-readable storage device, a com-
puter-readable storage substrate, a random or serial access
memory array or device, or a combination of one or more of
them. Moreover, while a computer storage medium is not a
propagated signal, a computer storage medium can be a
source or destination of computer program instructions
encoded in an artificially-generated propagated signal. The
computer storage medium also can be, or can be included in,
one or more separate physical components or media (e.g,,
multiple CDs, disks, or other storage devices). The opera-
tions described in this specification can be implemented as
operations performed by a processor on data stored on one
or more computer-readable storage devices or received from
other sources.

[0051] The term “processor” encompasses all kinds of
apparatus, devices, and machines for processing data,
including by way of example a programmable processor, a
computer, a system on a chip, or multiple ones, or combi-
nations, of the foregoing. The apparatus can include special
purpose logic circuitry, e.g., an FPGA (field programmable
gate array) or an ASIC (application-specific integrated cir-
cuit). The apparatus also can include, in addition to hard-
ware, code that creates an execution environment for the
computer program in question, e.g., code that constitutes
processor firmware, a protocol stack, a database manage-
ment system, an operating systen, a cross-platform runtime
environment, a virtual machine, or a combination of one or
more of them. The apparatus and execution environment can
realize various different computing model infrastructures,
such as web services, distributed computing and grid com-
puting infrastructures.
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[0052] A computer program for execution by a processor
(also known as a program, software, software application,
script, or code) can be written in any form of programming
language, including compiled or interpreted languages,
declarative or procedural languages, and it can be deployed
in any form, including as a stand-alone program or as a
module, component, subroutine, object, or other unit suit-
able for use in a computing environment. A computer
program may, but need not, correspond to a file in a file
system. A program can be stored in a portion of a file that
holds other programs or data (e.g., one or more scripts stored
in a markup language document), in a single file dedicated
to the program in question, or in multiple coordinated files
(e.g., files that store one or more modules, sub-programs, or
portions of code).

[0053] The processes and logic flows described in this
specification can be performed by one or more program-
mable processors executing one or more computer programs
to perform actions by operating on input data and generating
output. The processes and logic flows can also be performed
by, and apparatus can also be implemented as, special
purpose logic circuitry, e.g., an FPGA (field programmable
gate array) or an ASIC (application-specific integrated cit-
cuit).

[0054] Processors suitable for the execution of a computer
program include, by way of example, both general and
special purpose microprocessors, and any one or more
processors of any kind of digital computer. Generally, a
processor will receive instructions and data from a read-only
memory or a random access memory or both. The essential
elements of a computer are a processor for performing
actions in accordance with instructions and one or more
memory devices for storing instructions and data. Generally,
a computer will also include, or be operatively coupled to
receive data from or transfer data to, or both, one or more
mass storage devices for storing data, e.g., magnetic, mag-
neto-optical disks, or optical disks. However, a computer
need not have such devices. Devices suvitable for storing
computer program instructions and data include all forms of
non-volatile memory, media and memory devices, including
by way of example semiconductor memory devices, e.g.,
EPROM, EEPROM, and flash memory devices; magnetic
disks, e.g., internal hard disks or removable disks; magneto-
optical disks; and CD-ROM and DVD-ROM disks. The
processor and the memory can be supplemented by, or
incorporated in, special purpose logic circuitry.

[0055] As will be appreciated, the disclosed technology is
not limited to the particular embodiments described above
and that changes could be made without departing from the
scope of the invention. For example, although the disclosed
embodiments are described with respect to human subjects,
it will be appreciated that the disclosed technology can be
used in veterinary environments as well. Accordingly, the
invention is not limited except as by the appended claims.

I/'We claim:

1. An ultrasound imaging system, comprising:

a memory for storing a number of instructions that are
executable by a processor; and

a processor configured to execute the instructions to:

provide ultrasound data for an image to a neural
network that is trained to classify the ultrasound
image; and
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present one or more pictographs that may be associated
with the image based on the classification by the
neural network.

2. The ultrasound imaging system of claim 1, wherein the
processor is configured to present one or more pictographs
by displaying one or more pictographs that correspond to the
classified ultrasound image.

3. The ultrasound imaging system of claim 1, wherein the
processor is configured to not display one or more picto-
graphs that do not correspond to the classified ultrasound
image.

4. The ultrasound imaging system of claim 1, processor is
configured to present one or more pictographs with an
indication of how likely each pictograph corresponds to the
classified ultrasound image.

5. The ultrasound imaging system of claim 4, wherein the
processor is configured to present one or more pictographs
in an order that represents how likely each pictograph
corresponds to the classified ultrasound image.

6. The ultrasound imaging system of claim 4, wherein the
processor is configured to present one or more pictographs
with a visual cue that indicates how likely each pictograph
corresponds to the classified ultrasound image.

7. The ultrasound imaging system of claim 6, wherein the
visual cue is a color that indicates how likely each picto-
graph corresponds to the classified ultrasound image.

8. The ultrasound imaging system of claim 4, wherein the
visual cue is a score that represents how likely each picto-
graph corresponds to the classified ultrasound image.

9. The ultrasound imaging system of claim 1, wherein the
processor is configured to provide pixel values of an ultra-
sound image as inputs to the trained neural network.

10. The ultrasound imaging system of claim 1, wherein
the processor is configured to provide pre pixel image data
for an ultrasound image as inputs to the trained neural
network.

11. The ultrasound imaging system of claim 1, wherein
the ultrasound imaging system includes a memory for stor-
ing a number of pictographs representing different types of
tissue.

12. The ultrasound imaging system of claim 1, wherein
the neural network is configured to produce an indication of
how likely the ultrasound data represents a number of
different tissue types and the processor is configured to
present one or more pictographs corresponding to a most
likely tissue type.

13. The ultrasound imaging system of claim 12, wherein
the neural network is configured to produce an indication of
how likely the ultrasound data represents a number of
different views of the tissue and the processor is configured
to present one or more pictographs corresponding to a most
likely tissue type and a most likely view.

14. The ultrasound imaging system of claim 12, wherein
the neural network is configured to produce an indication of
how likely each area in the image represents a tissue feature
and the processor is configured to present the pictograph in
the area of the image based on the indication from the neural
network
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15. An ultrasound imaging system, comprising:

a memory for storing a number of instructions that are

executable by a processor; and

a processor that is configured to execute the instructions

to:

determine one or more ultrasound image views that are
required to be included into a patient record for a
particular examination type,

wherein the processor is further configured to provide
ultrasound image data to one or more trained neural
networks that are configured to produce an indication
of how likely ultrasound image data corresponds to
a required ultrasound image view.

16. The ultrasound imaging system of claim 15, wherein
the processor is configured to execute instructions to:

identify data for one or more ultrasound images that

corresponds to a required view;

present the identified one or more ultrasound images to an

operator on a display screen;

determine if the operator has selected a presented ultra-

sound image; and

incorporate the selected ultrasound image into the patient

record.

17. The ultrasound imaging system of claim 15, wherein
the processor is configured to execute instructions to incor-
porate an ultrasound image that likely corresponds to a
required view into a patient report.
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18. The ultrasound imaging system of claim 15, wherein
the processor is configured to alert the user that ultrasound
image data likely corresponds to a required image view.

19. The ultrasound imaging system of claim 15, wherein
the processor is configured to provide an indication to the
user if images corresponding to the required views have
been identified.

20. An ultrasound imaging system, comprising:
a memory for storing a number of instructions that are
executable by a processor; and

a processor configured to execute the instructions to:

provide data for an ultrasound image to one or more
neural networks that are trained to classify the
image; and

confirm one or more imaging parameters set on the
ultrasound imaging system based on the classifica-
tion of the ultrasound image by the one or more
neural networks.

21. The ultrasound imaging system of claim 20, wherein
the one or more neural networks is trained to classify the
data for an ultrasound image as corresponding to a type of
tissue and the processor is configured to execute instructions
to compare the type of tissue against one or more imaging
parameters set on the ultrasound imaging system.
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