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ULTRASOUND CLINICAL FEATURE
DETECTION AND ASSOCIATED DEVICES,
SYSTEMS, AND METHODS

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application claims priority to and the benefit
of U.S. Provisional Application No. 62/477,536, filed Mar.
28, 2017, which is hereby incorporated by reference in its
entirety.

TECHNICAL FIELD

[0002] The present disclosure relates generally to ultra-
sound imaging and, in particular, to providing automated
systems and methods for detecting clinical features for
assessments of various clinical conditions and/or diseases.

BACKGROUND

[0003] Lung ultrasound examinations can provide indica-
tions for clinical conditions including pulmonary diseases,
such as pneumonia, pneumothorax, and acute respiratory
distress syndrome (ARDS), and congestive heart failures.
For example, a clinician or a physician may perform an
ultrasound examination on a patient by acquiring ultrasound
images of the patient and determine whether the patient may
have a certain clinical condition based on features identified
from the ultrasound images. Examples of lung ultrasound
image features may include B-line artifacts, consolidation,
air bronchogram, and/or pleural effusion. The presence of
any such feature may indicate a particular lung condition or
disease, whereas the absence of these features may indicate
a normal healthy lung. An experienced ultrasound user may
easily identify such lung ultrasound image features from an
acquired ultrasound image. However, a non-experienced
user or a less experienced user may have difficulties in
interpreting acquired images. The lack of standardization
and/or quantification in such clinical assessment procedures
can lead to different results even among experienced users.
As such, additional examinations, such as X-ray, are often
required subsequent to an ultrasound examination.

SUMMARY

[0004] While existing ultrasound imaging has proved use-
ful for clinical assessments and diagnosis, there remains a
clinical need for improved systems and techniques for
providing automated clinical diagnostic tools. Embodiments
of the present disclosure provide a deep learning framework
for automatic ultrasound image video classification. The
classification can be used to assist a clinical assessment. The
classification includes a frame-by-frame classification for a
spatial feature analysis, followed by a time-series vector
analysis. For example, the video may include a series of
ultrasound image frames across time. The frame-by-frame
classification categorizes each ultrasound image frame into
one of multiple categories associated with a first set of
clinical characteristics. The time-series vector analysis ana-
lyzes the frame-by-frame classification outputs, for
example, to determine a classification based on a second set
of clinical characteristics. The first set of clinical character-
istics and the second set of clinical characteristics can
include features representative of different types of diseases
or clinical conditions and/or different degrees of severity.
The disclosed embodiments may employ a convolutional
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neural network (CNN) for the frame-by-frame image clas-
sification and may employ a machine learning network or
model for the time-series vector analysis. The accumulated
or integrated classification and analysis results obtained
from the frame-by-frame image classification and time-
series vector analysis can indicate a particular type of
diseases or a level of severity of a particular disease. While
the disclosed embodiments are described in the context of
lung ultrasound image feature classifications for identifying
a lung condition, the disclosed embodiments can be applied
to ultrasound images of different organs (e.g., hearts) for
identifying different types of diseases.

[0005] In one embodiment, a clinical condition detection
system includes a communication device in communication
with an ultrasound imaging device and configured to receive
a sequence of ultrasound image frames representative of a
subject body across a time period; and a processor in
communication with the communication device and config-
ured to classify the sequence of ultrasound image frames
into a first set of clinical characteristics by applying a first
predictive network to the sequence of ultrasound image
frames to produce a set of classification vectors representing
the first set of clinical characteristics; and identify a clinical
condition of the subject body by applying a second predic-
tive network to the set of classification vectors.

[0006] In some embodiments, the processor is further
configured to classify the sequence of ultrasound image
frames by applying the first predictive network to each
ultrasound image frame of the sequence of ultrasound image
frames to generate one classification vector of the set of
classification vectors. In some embodiments, the first pre-
dictive network is a convolutional neural network, and
wherein each classification vector includes a plurality of
scores for a corresponding ultrasound image frame with
respect to the first set of clinical characteristics. In some
embodiments, the processor is further configured to identify
the clinical condition by generating, by the second predic-
tive network, a plurality of scores for the set of classification
vectors with respect to a second set of clinical characteris-
tics; and selecting a highest score from the plurality of
scores. In some embodiments, the first set of clinical char-
acteristics is identical to the second set of clinical charac-
teristics. In some embodiments, the first set of clinical
characteristics is associated with different types of clinical
features, and wherein the second set of clinical characteris-
tics is associated with different degrees of severity for at
least one of the different types of clinical features. In some
embodiments, the first set of clinical characteristics is asso-
ciated with a first categorization of at least one of different
types of clinical features or different degrees of severity, and
wherein the second set of clinical characteristics is associ-
ated with a second categorization of the at least one of the
different types of clinical features or the different degrees of
severity. In some embodiments, the subject body includes at
least a portion of a lung. In some embodiments, the clinical
condition includes features associated with at least one of a
normal lung, a B-line artifact, consolidation, a bronchogram,
or a pleural effusion. In some embodiments, the clinical
condition includes features associated with a degree of
severity of at least one of a normal lung, a B-line artifact,
consolidation, a bronchogram, or a pleural effusion. In some
embodiments, at least the first predictive network or the
second predictive network is trained by providing a plurality
of scan-formatted ultrasound images representative of test
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subject bodies including the clinical condition captured by
different ultrasound imaging devices; converting the plural-
ity of scan-formatted ultrasound images into a plurality of
pre-scan-formatted ultrasound images based on at least one
of a common dimension or a common format independent of
the different ultrasound imaging devices; and assigning a
score to each ultrasound image of the plurality of pre-scan-
formatted ultrasound images with respect to the clinical
condition. In some embodiments, the different ultrasound
imaging devices include at least one of a linear ultrasound
transducer device, curvilinear ultrasound transducer device,
or a phased-array ultrasound transducer device. In some
embodiments, the system further comprises a display in
communication with the processor and configured to display
an indication of the clinical condition.

[0007] Inoneembodiment, a method for clinical condition
detection includes receiving, from an ultrasound imaging
device, a sequence of ultrasound image frames representa-
tive of a subject body across a time period; classifying the
sequence of ultrasound image frames into a first set of
clinical characteristics by applying a first predictive network
to the sequence of ultrasound image frames to produce a set
of classification vectors associated with the first set of
clinical characteristics; and identifying a clinical condition
of the subject body by applying a second predictive network
to the set of classification vectors.

[0008] In some embodiments, the classifying includes
applying the first predictive network to each ultrasound
image frame of the sequence of ultrasound image frames to
generate one classification vector of the set of classification
vectors. In some embodiments, the first predictive network
is a convolutional neural network, and wherein each clas-
sification vector includes a plurality of scores for a corre-
sponding ultrasound image frame with respect to the first set
of clinical characteristics. In some embodiments, the iden-
tifying includes generating, by the second predictive net-
work, a plurality of scores for the set of classification vectors
with respect to a second set of clinical characteristics; and
selecting a highest score from the plurality of scores. In
some embodiments, the subject body includes at least a
portion of a lung, and wherein the clinical condition includes
features associated with at least one of a normal lung, a
B-line artifact, consolidation, a bronchogram, or a pleural
effusion. In some embodiments, the subject body includes at
least a portion of a lung, and wherein the clinical condition
includes features associated with a degree of severity of at
least one of a normal lung, a B-line artifact, consolidation,
a bronchogram, or a pleural effusion. In some embodiments,
the method further comprises displaying, by a display, an
indication of the clinical condition.

[0009] Additional aspects, features, and advantages of the
present disclosure will become apparent from the following
detailed description.

BRIEF DESCRIPTION OF THE DRAWINGS

[0010] Illustrative embodiments of the present disclosure
will be described with reference to the accompanying draw-
ings, of which:

[0011] FIG. 1 is a schematic diagram of an ultrasound
imaging system, according to aspects of the present disclo-
sure.

[0012] FIG. 2 is a schematic diagram illustrating an ultra-
sound image feature detection scheme, according to aspects
of the present disclosure.
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[0013] FIG. 3A are ultrasound images of a patient’s lung
before and after a reverse scan conversion, according to
aspects of the present disclosure.

[0014] FIG. 3B are ultrasound images of a patient’s lung
before and after a reverse scan conversion, according to
aspects of the present disclosure.

[0015] FIG. 3C are ultrasound images of a patient’s lung
before and after a reverse scan conversion, according to
aspects of the present disclosure.

[0016] FIG. 4A is an ultrasound image illustrating a nor-
mal lung condition, according to aspects of the present
disclosure.

[0017] FIG. 4B is an ultrasound image frame illustrating
B-line artifacts, according to aspects of the present disclo-
sure.

[0018] FIG. 4C is an ultrasound image frame illustrating a
consolidation, according to aspects of the present disclosure.
[0019] FIG. 4D is an ultrasound image frame illustrating
an air bronchogram, according to aspects of the present
disclosure.

[0020] FIG. 4E illustrates an ultrasound image frame
illustrating a pleural effusion, according to aspects of the
present disclosure.

[0021] FIG. 5 is a schematic diagram illustrating a con-
figuration of a convolutional neural network (CNN), accord-
ing to aspects of the present disclosure.

[0022] FIG. 6 is a schematic diagram illustrating a con-
figuration of a deep learning network for ultrasound image
feature detection, according to aspects of the present dis-
closure.

[0023] FIG. 7 is a flow diagram of an automated ultra-
sound image feature detection method, according to aspects
of the present disclosure.

DETAILED DESCRIPTION

[0024] For the purposes of promoting an understanding of
the principles of the present disclosure, reference will now
be made to the embodiments illustrated in the drawings, and
specific language will be used to describe the same. It is
nevertheless understood that no limitation to the scope of the
disclosure is intended. Any alterations and further modifi-
cations to the described devices, systems, and methods, and
any further application of the principles of the present
disclosure are fully contemplated and included within the
present disclosure as would normally occur to one skilled in
the art to which the disclosure relates. In particular, it is fully
contemplated that the features, components, and/or steps
described with respect to one embodiment may be combined
with the features, components, and/or steps described with
respect to other embodiments of the present disclosure. For
the sake of brevity, however, the numerous iterations of
these combinations will not be described separately.
[0025] FIG. 1 is a schematic diagram of an ultrasound
imaging system 100, according to aspects of the present
disclosure. The system 100 is used for scanning an area or
volume of a patient’s body. The system 100 includes an
ultrasound imaging probe 110 in communication with a host
130 over a communication interface or link 120. The probe
110 includes a transducer 112, a beamformer 114, a pro-
cessing component 116, and a communication interface 118.
The host 130 includes a display 132, a processing compo-
nent 134, and a communication interface 136.

[0026] The transducer 112 emits ultrasound signals
towards an anatomical object 105 and receives echo signals
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reflected from the object 105 back to the transducer 112. The
ultrasound transducer 112 can include any suitable number
of acoustic elements, including one or more acoustic ele-
ments and/or plurality of acoustic elements. In some
instances, the transducer 112 includes a single acoustic
element. In some instances, the transducer 112 may include
an array of acoustic elements with any number of acoustic
elements in any suitable configuration. For example, the
transducer 112 can include between 1 acoustic element and
1000 acoustic elements, including values such as 2 acoustic
elements, 4 acoustic elements, 36 acoustic elements, 64
acoustic elements, 128 acoustic elements, 500 acoustic
elements, 812 acoustic elements, and/or other values both
larger and smaller. In some instances, the transducer 112
may include an array of acoustic elements with any number
of acoustic elements in any suitable configuration, such as a
linear array, a planar array, a curved array, a curvilinear
array, a circumferential array, an annular array, a phased
array, a matrix array, a one-dimensional (1D) array, a 1.x
dimensional array (e.g., a 1.5D array), or a two-dimensional
(2D) array. The array of acoustic elements (e.g., one or more
rows, one or more columns, and/or one or more orientations)
that can be uniformly or independently controlled and
activated. The transducer 112 can be configured to obtain
one-dimensional, two-dimensional, and/or three-dimen-
sional images of patient anatomy. In some embodiments, the
ultrasound imaging element 112 may include a piezoelectric
micromachined ultrasound transducer (PMUT), capacitive
micromachined ultrasonic transducer (CMUT), single crys-
tal, lead zirconate titanate (PZT), PZT composite, other
suitable transducer types, and/or combinations thereof.

[0027] The beamformer 114 is coupled to the transducer
array 112. The beamformer 114 controls the transducer array
112, for example, for transmission of the ultrasound signals
and reception of the ultrasound echo signals. The beam-
former 114 provides image signals to the processing com-
ponent 116 based on the response or the received ultrasound
echo signals. The beamformer 114 may include multiple
stages of beamforming. The beamforming can reduce the
number of signal lines for coupling to the processing com-
ponent 116. In some embodiments, the transducer array 112
in combination with the beamformer 114 may be referred to
as an ultrasound imaging component. In some embodiments,
the object 105 may include at least a portion of a patient’s
lung for a lung ultrasound examination. In other embodi-
ments, the object 105 may include any anatomy (e.g., blood
vessel, heart, kidney, and/or liver) of a patient that is suitable
ultrasound imaging examination.

[0028] The processing component 116 is coupled to the
beamformer 114. The processing component 116 may
include a central processing unit (CPU), a digital signal
processor (DSP), an application specific integrated circuit
(ASIC), a controller, a field programmable gate array
(FPGA) device, another hardware device, a firmware device,
or any combination thereof configured to perform the opera-
tions described herein. The processing component 134 may
also be implemented as a combination of computing
devices, e.g., a combination of a DSP and a microprocessor,
a plurality of microprocessors, one or more microprocessors
in conjunction with a DSP core, or any other such configu-
ration. The processing component 116 is configured to
process the beamformed image signals. For example, the
processing component 116 may perform filtering and/or
quadrature demodulation to condition the image signals.
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[0029] The communication interface 118 is coupled to the
processing component 116. The communication interface
118 may include one or more transmitters, one or more
receivers, one or more transceivers, and/or circuitry for
transmitting and/or receiving communication signals. The
communication interface 118 can include hardware compo-
nents and/or software components implementing a particular
communication protocol suitable for transporting signals
over the communication link 120 to the host 130. The
communication interface 118 can be referred to as a com-
munication device or a communication interface module.

[0030] The communication link 120 may be any suitable
communication link. For example, the communication link
120 may be a wired link, such as a universal serial bus
(USB) link or an Ethernet link. Alternatively, the commu-
nication link 120 may be a wireless link, such as an
ultra-wideband (UWB) link, an Institute of Electrical and
Electronics Engineers (IEEE) 802.11 WiFi link, or a Blu-
etooth link.

[0031] At the host 130, the communication interface 136
may receive the image signals. The communication interface
136 may be substantially similar to the communication
interface 118. The host 130 may be any suitable computing
and display device, such as a workstation, a personal com-
puter (PC), a laptop, a tablet, or a mobile phone.

[0032] The processing component 134 is coupled to the
communication interface 136. The processing component
134 may be implemented as a combination of software
components and hardware components. The processing
component 134 may include a central processing unit
(CPU), a digital signal processor (DSP), an application-
specific integrated circuit (ASIC), a controller, a FPGA
device, another hardware device, a firmware device, or any
combination thereof configured to perform the operations
described herein. The processing component 134 may also
be implemented as a combination of computing devices,
e.g., a combination of a DSP and a microprocessor, a
plurality of microprocessors, one or more microprocessors
in conjunction with a DSP core, or any other such configu-
ration. The processing component 134 can be configured to
generate image data from the image signals received from
the probe 110. The processing component 134 can apply
advanced signal processing and/or image processing tech-
niques to the image signals. In some embodiments, the
processing component 134 can form three-dimensional (3D)
volume image from the image data. In some embodiments,
the processing component 134 can perform real-time pro-
cessing on the image data to provide a streaming video of
ultrasound images of the object 105.

[0033] In some embodiments, the processing component
134 may perform scan format conversion on the image data.
For example, the processing component 134 may interpolate
the image data to displayed data. The image data can be in
various formats depending on the types of transducers (e.g.,
the transducer array 112) or probes used for capturing the
image signals. Some examples of probe types may include
linear, curvilinear, and phased-array. A linear probe may
include an array of transducers arranged in a linear array
configuration. A curvilinear probe may include an array of
transducers arranged in a curvilinear or convex configura-
tion. A phased-array probe may include an array of trans-
ducers that can produce steerable and focused beams (e.g.,
based on delay and phase controls). When the probe 110 is
a linear probe (e.g., the transducer array 112 arranged in a



US 2020/0043602 A1

linear configuration), the image data may be in Cartesian
coordinates. When the probe 110 is a curvilinear probe (e.g.,
the transducer array 112 arranged in a curvilinear configu-
ration) or phased-array probe (e.g., the transducer array 112
with delays and phase controls), the image data may be in
polar coordinates. The processing component 134 can per-
form coordinate transformation on the image data to produce
scan-formatted image frames for display, as described in
greater detail herein.

[0034] In some embodiments, the processing component
134 can perform image analysis on the image data or image
frames for clinical assessments. For example, the processing
component 134 can apply deep-learning-based techniques to
perform clinical assessments based on the image data or
image frames, as described in greater detail herein.

[0035] The display 132 is coupled to the processing com-
ponent 134. The display 132 may be a monitor or any
suitable display. The display 132 is configured to display
ultrasound images, image videos, and/or diagnostic results
processed by the processing component 134.

[0036] The system 100 can be configured for use in
various stages of ultrasound imaging feature detections for
clinical assessments. In an embodiment, the system 100 may
be used for collecting ultrasound images to form training
data set. For example, the host 130 may include a memory
138, which may be any suitable storage device, such as a
cache memory (e.g., a cache memory of the processing
component 134), random access memory (RAM), magne-
toresistive RAM (MRAM), read-only memory (ROM), pro-
grammable read-only memory (PROM), erasable program-
mable read only memory (EPROM), electrically erasable
programmable read only memory (EEPROM), flash
memory, solid state memory device, hard disk drives, solid
state drives, other forms of volatile and non-volatile
memory, or a combination of different types of memory. The
memory 138 can be configured to store an image data set
140 including the scan-formatted image frames for deep
learning-based training.

[0037] Insome embodiments, the system 100 may be used
for training deep learning networks for clinical feature
detections and assessments. The training data set 140 may be
converted into a certain format, for example, a pre-scan
format, suitable for training. The pre-scan formatted data set
can be used to train a deep learning network to classify
features in ultrasound images or video captured by the probe
110 with respect to certain clinical features and/or condi-
tions.

[0038] Insome embodiments, the system 100 may be used
in a clinical setting for live ultrasound examinations, where
the trained deep learning networks may be applied to
determine a clinical condition. Mechanisms for automati-
cally and systematically detecting clinical features and/or
conditions from ultrasound images based on learning-based
techniques are described in greater detail herein.

[0039] FIG. 2 is a schematic diagram illustrating an ultra-
sound image feature detection scheme 200, according to
aspects of the present disclosure. The scheme 200 can be
employed by the system 100 for various stages of ultrasound
image feature detection. The scheme 200 employs deep
learning-based techniques to extract clinical features from
ultrasound images and/or videos and to classify the clinical
features for clinical assessments. The scheme 200 includes
a reverse scan conversion stage 210, a deep learning training
stage 220, and a clinical application stage 230. The reverse
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scan conversion stage 210 formats ultrasound images
acquired using different ultrasound probes (e.g., linear
probes, curvilinear probes, and phased-array probes) into a
common image format and/or dimensions suitable for train-
ing deep learning networks. The deep learning network stage
220 trains deep learning networks to classify ultrasound
images into clinical feature categories suitable for clinical
assessments, for example, using training data output by the
reverse scan conversion stage 210. The clinical application
stage 230 applies the trained deep learning networks to a live
or real-time ultrasound imaging video captured from a
patient to identify a clinical condition of the patient. The
scheme 200 will be described below with reference to FIGS.
3A, 3B, 3C, 4A, 4B, 4C, 4D, 4E, 5, and 6.

[0040] At the reverse scan conversion stage 210, scan-
formatted ultrasound images 202 are converted into pre-
scan-formatted ultrasound images 204. The scan-formatted
ultrasound images 202 may correspond to the scan-format-
ted images generated by the processing component 134 and
stored as a training data set 140 in the memory 138. As
described above, ultrasound images may be captured by
various types of transducer probes (e.g., the probe 110), such
as linear probes, curvilinear probes, and phased-array
probes. Due to probe geometry and imaging format differ-
ences, ultrasound images can have different sizes and/or
image shapes. The difference sizes and/or image shapes may
not carry useful or meaningful clinical information. On the
contrary, the image format differences or variations can
impact or bias the training of deep learning networks for
clinical feature classifications.

[0041] The reverse scan conversion re-formats the scan-
formatted images 202 obtained from various types of probes
into ultrasound images of the same format or same dimen-
sions regardless of the transducer types and/or imaging
configuration such as imaging depth and/or field-of-view
angle. The reverse scan conversion can include image por-
tions or regions that are significant for clinical classifications
and exclude image portions or regions that can impact the
training. For example, in lung uvltrasound, a certain lung
condition is determined based the presence or absence of
certain clinical features, such as B-line artifacts, consolida-
tion, pleural effusion, and/or bronchogram, in an ultrasound
image, and not based on the length and/or area of the
geometry of the image.

[0042] FIG. 3A are ultrasound images and of a patient’s
lung before and after a reverse scan conversion, according to
aspects of the present disclosure. The ultrasound image 310
is captured by a linear probe and scan-formatted as
described above. As shown, the ultrasound image 310 shows
an image of the lung in a rectangular shape since a linear
probe emits parallel ultrasound beams. The ultrasound
image 312 corresponds to the ultrasound image 310 after a
reverse scan conversion. For example, the ultrasound image
310 may correspond to a scan-formatted image 202 and the
ultrasound image 312 may correspond to a pre-scan-format-
ted image 204.

[0043] FIG. 3B are ultrasound images of a patient’s lung
before and after a reverse scan conversion, according to
aspects of the present disclosure. The ultrasound image 320
is captured by a curvilinear probe and scan-formatted as
described above. As shown, the ultrasound image 320 shows
an image of the lung in a sector shape or a pie shape since
a curvilinear probe emits ultrasound beams at different
angles or directions that diverge. The ultrasound image 322
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corresponds to the ultrasound image 320 after a reverse scan
conversion. For example, the ultrasound image 320 may
correspond to a scan-formatted image 202 and the ultra-
sound image 322 may correspond to a pre-scan-formatted
image 204.

[0044] FIG. 3C are ultrasound images of a patient’s lung
before and after a reverse scan conversion, according to
aspects of the present disclosure. The ultrasound image 330
is captured by a phased-array probe and scan-formatted as
described above. As shown, the ultrasound image 330 shows
an image of the lung in a sector shape or a pie shape since
a phased-array probe applies electronic steering to focus
ultrasound beams at various angles or directions. The ultra-
sound image 332 corresponds to the ultrasound image 330
after a reverse scan conversion. For example, the ultrasound
image 330 may correspond to a scan-formatted image 202
and the ultrasound image 332 may correspond to a pre-scan-
formatted image 204.

[0045] As can be seen from FIGS. 3A-3C, the ultrasound
images 312, 322, and 332 exclude the probe-specific image
features (e.g.. the pie shape or sector shape) from the images
310, 320, and 330, respectively. In other words, the reverse
scan conversion converts a scan-formatted image back to the
pre-scan format. In addition, the reverse scan conversion
removes the dark portions or regions of the images 310, 320,
and 330 that do not include portions of the lung.

[0046] While the scheme 200 is illustrated with the reverse
scan conversion stage 210, in some embodiments, the
reverse scan conversion stage 210 can be optional. For
example, the host 130 can store the processed image data
before the scan format conversion in the memory 138
instead of or in addition to the scan-formatted image frames.
In other words, the host 130 can store pre-scan-formatted
ultrasound images 204 in the memory 138. Thus, the pre-
scan formatted ultrasound images 204 are available for use
by the scheme 200 without the need for the reverse scan
conversion stage 210.

[0047] At the deep learning training stage 220, the pre-
scan-formatted ultrasound images 204 can be used to train a
deep learning network 206. For example, the pre-scan-
formatted ultrasound images 204 may be lung images
including various visible structures and/or artifacts that
indicate certain lung conditions. The deep learning network
206 can be trained to recognize certain imaging features or
artifacts useful for determining a particular clinical condi-
tion or disease. For example, the deep learning network 206
can be trained to classify the pre-scan-formatted ultrasound
images 204 into multiple categories of clinical significances.
FIGS. 4A-4E illustrate various clinical features that are
useful for lung ultrasound examination or assessments.
[0048] FIG. 4A is an ultrasound image 410 illustrating a
normal lung condition, according to aspects of the present
disclosure. FIG. 4B is an ultrasound image 420 illustrating
B-line artifacts, according to aspects of the present disclo-
sure. The ultrasound image 420 includes multiple white lines
422 that are about horizontal, which are referred to as B-line
artifacts, in the lung that are absence under the normal
condition shown in the ultrasound image 410. The B-line
artifacts may represent a sign of increased density due to the
loss of aeration in the lung periphery.

[0049] FIG. 4C is an ultrasound image 430 illustrating a
consolidation, according to aspects of the present disclosure.
The ultrasound image 430 includes a wedge-shaped region
432 that appears solid and uniformly hypoechoic in the lung
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that is absence under the normal condition shown in the
ultrasound image 410. The hypoechoic wedge-shaped
region 432 may be indicative of a lung consolidation con-
dition.

[0050] FIG. 4D is an ultrasound image 440 illustrating an
air bronchogram, according to aspects of the present disclo-
sure. The ultrasound image 440 includes a bright tubular
structure 442 in the lung that is absence under the normal
condition shown in the ultrasound image 410. The tubular
structure 442 may be indicative of a lung bronchogram
condition.

[0051] FIG. 4E illustrates an ultrasound image 450 illus-
trating a pleural effusion, according to aspects of the present
disclosure. The ultrasound image 450 includes an anechoic
area 452 in the lung that is absence under the normal
condition shown in the ultrasound image 410. The anechoic
area 452 may be indicative of a lung pleural effusion
condition.

[0052] The deep learning network 206 can include mul-
tiple stages or layers of deep learning or multiple deep
learning sub-networks. The different layers or different
sub-networks may perform feature analysis and/or classifi-
cations in different domains (e.g., including a spatial domain
and a time domain) as described in greater detail herein.
Deep learning may include various learning-based tech-
niques, such machine learning and convolutional neural
networks (CNNs), that use non-linear processing and feature
extraction and/or transformation for classifications or pat-
tern analysis. For example, the deep learning network 206
can be trained to classify lung ultrasound images into
multiple categories to facilitate identification of lung con-
ditions. The categories may be similar to the features and/or
conditions (e.g., normal, B-line artifacts, consolidation,
bronchogram and/or pleural effusion) described above with
respect to FIGS. 4A-4E. As an example, the deep learning
network 206 may include a CNN (e.g., the CNN 510 in FIG.
5 and the CNN 612 in FIG. 6) that performs frame-by-frame
analysis and a machine learning component (e.g., the
machine learning component 614 in FIG. 6) that performs
temporal analysis on the frame-by-frame analysis output.

[0053] FIG. 5 is a schematic diagram illustrating a con-
figuration 500 of a CNN 510, according to aspects of the
present disclosure. The CNN 510 can be employed by the
scheme 200 for frame-by-frame classification. The CNN
510 may include a set of N convolutional layers 512
followed by a set of K fully connected layers 514, where N
and K may be any positive integers. The values N and K may
vary depending on the embodiments. In some embodiments,
both N and K may be at least 3. Fach convolutional layer
512 may include a set of filters 520 configured to extract
imaging features (e.g., one-dimensional (1D) feature maps)
from an input image. The fully connected layers 514 may be
non-linear and may gradually shrink the high-dimensional
output of the last convolutional layer 512, to a length
corresponding to the number of classifications 530 at the
output 516. For example, the classifications 530 may include
a normal lung condition, B-line artifacts, a consolidation, a
bronchogram, and a pleural effusion.

[0054] While not shown in FIG. 5, in some embodiments,
the convolutional layers 512 may be interleaved with pool-
ing layers, each including a set of downsampling operations
that may reduce the dimensionality of the extracted imaging
features. In addition, the convolutional layers 512 may
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include non-linearity functions (e.g., including rectified non-
linear (ReLU) operations) configured to extract rectified
feature maps.

[0055] An input image 502 (e.g., the pre-scan-formatted
ultrasound image 204) may be passed through each layer
512 and 514 in succession for feature extraction, analysis,
and/or classification. Each layer 512 or 514 may include
weightings (e.g., filter coeflicients for the filters 520 in the
convolutional layers 512 and non-linear weightings for the
fully-connected layers 514) that are applied to the input
image 502 or an output of a previous layer 512 or 514.
[0056] During training, the CNN 510 can be applied to
each pre-scan-formatted image 204, for example, using
forward propagation, to obtain an output or a score for the
pre-scan-formatted image 204 for each category or classi-
fication 530. The coefficients of the filters 520 in the
convolutional layers 512 and weightings in the fully con-
nected layers 514 can be adjusted, for example, by using
backward propagation to minimize the output error. For
example, an input image 502 including B-line artifacts can
be used to train the CNN 510 such that the CNN 510 may
output a high probability (e.g., greater that 90%) for the
B-line category.

[0057] The machine learning component can include the
same architecture or a different architecture as the CNN 510.
The machine learning component can be trained using
substantially similar mechanisms, where the training is to
ensure that the machine learning component can produce an
output with a high classification accuracy. Mechanisms for
the frame-by-frame analysis and the temporal analysis are
described in greater detail herein.

[0058] After the deep learning network 206 is trained, the
deep learning network 206 can be used in the clinical
application stage 230. For example, a clinician or a user may
use the system 100 to capture an image video 232 of a
patient’s lung. The host 130 can receive the image video 232
in real-time. The processing component 134 on the host 130
can apply the trained deep learning network 206 to the image
video 232 to determine a clinical condition 208 of the
patient.

[0059] FIG. 6 is a schematic diagram illustrating a con-
figuration 600 of a deep learning network 610 for ultrasound
image feature detection, according to aspects of the present
disclosure. The deep learning network 610 may correspond
to the deep learning network 206. The deep learning network
610 can predict a clinical condition given an input image
video 602. The deep learning network 610 includes a CNN
612 (e.g., the CNN 510) and a machine learning component
614. The deep learning network 610 can be implemented
using a combination of hardware components and software
components. For example, the deep learning network 610
can be implemented by the processing component 134 to
perform real-time classifications of clinical features and/or
conditions. The CNN 612 can be trained to perform frame-
by-frame analysis or classifications in a spatial domain. The
machine learning component 614 can be trained to perform
time-series vector classifications.

[0060] The deep learning network 610 is configured to
receive an ultrasound image video 602, for example, cap-
tured using the system 100. The video 602 may correspond
to the video 232. The video 602 may include a sequence of
ultrasound image frames 604 representative of a patient
(e.g., at least a portion of a lung) across a time period, for
example, at time instants t(0), t(1), t(N), where N is a
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positive integer. The ultrasound image frames 604 are shown
as 604,), 604, . .. 604,,,. For example, the sequence of
ultrasound image frames 604 can be represented by 1,,,(x,y.t),
where x and y may represent a spatial domain and t can
represent time varying from 1 to N. The ultrasound image
frames 604 may be similar to the ultrasound images 310,
320, 330, 410, 420, 430, 440, 450, and 502.

[0061] To perform frame-by-frame analysis, the CNN 612
is applied to each ultrasound image frame 604. The CNN
612 produces an output vector 620 for each ultrasound
image frame 604. The output vectors 620 are shown as
620,, 6205, . .. 620, corresponding to outputs for the
ultrasound image {rames 604,,), 604, ., .. . 604,,,, respec-
tively. The output vectors 620 may be similar to the output
516. Each output vector 620 may include (M+1) scores or
values 622, where M is a positive integer. Each value 622
represents the likelihood or the probability of an input
ultrasound image frame 604 being classified into a particular
category (e.g., including a certain clinical feature or a
clinical condition). The categories may be represented by
C(0) to C(M). The output values 622 or probabilities for the
(M+1) categories are shown as 622y, 6221y, - - - 62234,
For example, the set of output vectors 620 can be repre-
sented by Y(c.t), where ¢ may represent category indices
varying from 1 to M and t can represent time varying from
1toN.

[0062] When applying the CNN 612 in the lung condition
assessment example described above, M can be about 4. For
example, the category C(0) can represent a normal lung
condition, the category C(1) can represent a B-line artifact
condition, the category C(2) can represent a lung consoli-
dation condition, the category C(3) can represent a bron-
chogram condition, and the category C(4) can represent a
pleural effusion lung condition. In other words, the CNN
612 can be applied to an input image frame 604 to determine
whether the input image frame 604 includes an image with
a normal condition, a B-line artifact condition, a lung
consolidation condition, a bronchogram condition, or a
pleural effusion condition. The CNN 612 can produce an
output vector 620 indicating a probability for each lung
condition.

[0063] To perform time-domain analysis, the machine
learning component 614 is applied to the set of output
vectors 620 (e.g., a (M+1) by (N+1) matrix). The machine
learning component 614 produces an output vector 630
including include (K+1) scores or values 632, where K is a
positive integer. Each value 632 represents the likelihood or
the probability of the video 602 being classified into a
particular category (e.g., including a certain clinical feature
or a clinical condition). The categories may be represented
by D(0) to D(K). The output values 632 or probabilities for
the (K+1) categories are shown as 632, 632, . . .
632, 4. The machine learning component 614 can employ
any suitable learning-based techniques for the classification.
In some embodiments, the machine learning component 614
can include a deep learning network, a neural network, or a
CNN. The category with the greatest probability (e.g., the
greatest value 632 in the output vector 630) may be indica-
tive of a classification (e.g., a clinical condition) for the
video 602. In some embodiments, the categories C(0) to
C(M) output by the CNN 612 may be identical to the
categories D(0) to D(K) output by the machine learning
component 614. In other words K is equal to M. For
example, the categories C(0) to C(M) may correspond to
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different types of clinical features, such as a normal lung
condition, B-line artifacts, consolidation, bronchogram, and
pleural effusion. The categories D(0) to D(K) may corre-
spond to the same set of lung features as the categories C(0)
to C(M).

[0064] Insome embodiments, the categories C(0) to C(M)
may correspond to different types of clinical features and the
categories D(0) to D(M) may correspond to different degrees
of severity. For example, the categories C(0) to C(M) may
correspond to the different types of lung conditions and the
categories D(0) to D(K) may include a normal lung condi-
tion, a mild B-line condition, a severe B-line condition, a
mild consolidation, and a severe consolidation.

[0065] Insome embodiments, the categories C(0) to C(M)
may correspond to a first categorization of at least one of
different types of clinical features or different degrees of
severity and the categories D(0) to D(M) may correspond to
a second categorization of at least one of different types of
clinical features or different degrees of severity.

[0066] While the deep learning network 610 is shown to
include a CNN 612 and a machine learning component 614,
in some embodiments, the deep learning network 610 can
include a machine learning component in place of the CNN
612 and/or a CNN in place of the machine learning com-
ponent 614 to achieve similar functionalities.

[0067] FIG. 7 is a flow diagram of an automated ultra-
sound image feature detection method 700, according to
aspects of the present disclosure. Steps of the method 700
can be executed by a computing device (e.g., a processor,
processing circuit, and/or other suitable component) of an
ultrasound imaging probe, such as the probe 110, or a host
such as the host 130. The method 700 may employ similar
mechanisms as in the scheme 200 described with respect to
FIG. 2 and may employ deep learning-based classification
mechanisms as in the configurations 500 and 600 described
with respect to FIGS. 5 and 6, respectively. As illustrated,
the method 700 includes a number of enumerated steps, but
embodiments of the method 700 may include additional
steps before, after, and in between the enumerated steps. In
some embodiments, one or more of the enumerated steps
may be omitted or performed in a different order.

[0068] At step 710, the method 700 includes receiving,
from an ultrasound imaging device (e.g., the probe 110 or
the transducer array 112), a sequence of ultrasound image
frames (e.g., the ultrasound image frames 604) representa-
tive of a subject body (e.g., the object 105 or a patient’s lung,
heart, kidney, or liver) across a time period (e.g., from time
instants t(0) to t(N)). The sequence of ultrasound image
frames may correspond to an image video (e.g., the videos
232 or 602).

[0069] At step 720, the method 700 includes classifying
the sequence of ultrasound image frames into a first set of
clinical characteristics (e.g., the categories C(0) to C(M)) by
applying a first predictive network (e.g., the CNNs 510 and
612) to the sequence of ultrasound image frames. The first
set of clinical characteristics may be represented by a set of
classification vectors (e.g., the output vectors 620).

[0070] At step 730, the method 700 includes identifying a
clinical condition (e.g., a lung condition) of the subject body
by applying a second predictive network (e.g., the machine
learning component 614) to the set of classification vectors.
[0071] Insome embodiments, the method 700 can classify
the sequence of ultrasound image frames by applying the
first predictive network to each ultrasound image frame of
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the sequence of ultrasound image frames to generate one
classification vector of the set of classification vectors. The
first predictive network can be a CNN (e.g., the CNNs 510
and 612), where each classification vector includes a plu-
rality of scores (e.g., the probability values 622) for a
corresponding ultrasound image frame with respect to the
first set of clinical characteristics.

[0072] Insome embodiments, the method 700 can identify
the clinical condition by generating, by the second predic-
tive network, a plurality of scores (e.g., the probability
values 632) for the set of classification vectors with respect
to a second set of clinical characteristics (e.g., the categories
D(0) to D(K)), and selecting a highest score from the
plurality of scores. The category with the highest score may
represent the integrated classification result (e.g., the clinical
condition).

[0073] In some embodiments, the subject body may
include at least a portion of a lung, and wherein the clinical
condition includes features associated with at least one of a
normal lung (e.g., the ultrasound image 410), a B-line
artifact (e.g., the ultrasound image 420), consolidation (e.g,,
the ultrasound image 430), a bronchogram(e.g., the ultra-
sound image 440), or a pleural effusion (e.g., the ultrasound
image 450).

[0074] Insome embodiments, the subject body includes at
least a portion of a lung, and wherein the clinical condition
includes features associated with a degree of severity of at
least one of a normal lung, a B-line artifact, consolidation,
a pleural effusion, or a bronchogram.

[0075] In some embodiments, the method 700 includes
displaying, by a display (e.g., the display 132), an indication
of the clinical condition.

[0076] In some embodiments, at least the first predictive
network or the second predictive network is trained by
providing a plurality of scan-formatted ultrasound images
(e.g., the scan-formatted ultrasound images 202) represen-
tative of test subject bodies including the clinical condition
captured by different ultrasound imaging devices. The dif-
ferent ultrasound imaging devices can include at least one of
a linear ultrasound transducer device, curvilinear ultrasound
transducer device, or a phased-array ultrasound transducer
device. The training further include converting the plurality
of scan-formatted ultrasound images into a plurality of
pre-scan-formatted ultrasound images (e.g., the pre-scan-
formatted ultrasound images 204 and 502) based on at least
one of a common dimension or a common format indepen-
dent of the different ultrasound imaging devices. The train-
ing can further include assigning a score to each ultrasound
image of the plurality of pre-scan-formatted ultrasound
images with respect to the clinical condition.

[0077] Aspects of the present disclosure can provide sev-
eral benefits. For example, the classification of a video by
dividing the classification into a spatial domain frame-by-
frame classification and a temporal domain analysis can
reduce the classification complexity compared to traditional
machine learning-based video classification framework. The
dividing of the classification problem into multiple stages
can allow training to be performed using a smaller training
dataset than traditional video classification machine learn-
ing-based networks. The use of deep learning networks can
automate clinical condition assessments, providing assis-
tances to guide clinicians in determining clinical conditions.
In addition, the automating can provide more consistent
assessment results, eliminating variations that can arise from
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different interpretations across different clinicians. Further,
the automating can allow for monitoring of a patient for a
particular clinical condition over time, for example, to
evaluate the progress of a certain disease or the benefits of
a certain treatment.
[0078] Persons skilled in the art will recognize that the
apparatus, systems, and methods described above can be
modified in various ways. Accordingly, persons of ordinary
skill in the art will appreciate that the embodiments encom-
passed by the present disclosure are not limited to the
particular exemplary embodiments described above. In that
regard, although illustrative embodiments have been shown
and described, a wide range of modification, change, and
substitution is contemplated in the foregoing disclosure. It is
understood that such variations may be made to the forego-
ing without departing from the scope of the present disclo-
sure. Accordingly, it is appropriate that the appended claims
be construed broadly and in a manner consistent with the
present disclosure.
1. A clinical condition detection system, comprising:
a communication device in communication with an ultra-
sound imaging device and configured to receive a
sequence of ultrasound image frames representative of
a subject body across a time period; and
a processor in communication with the communication
device and configured to:
classify spatial domain information in the sequence of
ultrasound image frames by applying a first deep
learning network to each ultrasound image frame of
the sequence of ultrasound image frames to generate
a classification vector including a probability for
each clinical characteristic of a first set of clinical
characteristics;

classify time domain information in the classification
vectors corresponding to the sequence of ultrasound
image frames across the time period by applying a
second deep learning network to generate a prob-
ability for each clinical characteristic of a second set
of clinical characteristics; and

identify a clinical condition of the subject body based
on the probabilities for the second set of clinical
characteristics.

2. (canceled)

3. The system of claim 1, wherein the first deep learning
network is a convolutional neural network.

4. The system of claim 1, wherein the processor is further
configured to identify the clinical condition by:

selecting a highest probability from the probabilities for
the second set of clinical characteristics.

5. The system of claim 1, wherein the first set of clinical
characteristics is identical to the second set of clinical
characteristics.

6. The system of claim 1, wherein the first set of clinical
characteristics is associated with different types of clinical
features, and wherein the second set of clinical characteris-
tics is associated with different degrees of severity for at
least one of the different types of clinical features.

7. The system of claim 1, wherein the first set of clinical
characteristics is associated with a first categorization of at
least one of different types of clinical features or different
degrees of severity, and wherein the second set of clinical
characteristics is associated with a second categorization of
the at least one of the different types of clinical features or
the different degrees of severity.
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8. The system of claim 1, wherein the subject body
includes at least a portion of a lung.

9. The system of claim 8, wherein the clinical condition
includes features associated with at least one of a normal
lung, a B-line artifact, consolidation, a bronchogram, or a
pleural effusion.

10. The system of claim 8, wherein the clinical condition
includes features associated with a degree of severity of at
least one of a normal lung, a B-line artifact, consolidation,
a bronchogram, or a pleural effusion.

11. The system of claim 1, wherein at least the first
predictive network or the second predictive network is
trained by:

providing a plurality of scan-formatted ultrasound images
representative of test subject bodies including the clini-
cal condition captured by different ultrasound imaging
devices;

converting the plurality of scan-formatted ultrasound
images into a plurality of pre-scan-formatted ultra-
sound images based on at least one of a common
dimension or a common format independent of the
different ultrasound imaging devices; and

assigning a score to each ultrasound image of the plurality
of pre-scan-formatted ultrasound images with respect
to the clinical condition.

12. The system of claim 11, wherein the different ultra-
sound imaging devices include at least one of a linear
ultrasound transducer device, curvilinear ultrasound trans-
ducer device, or a phased-array ultrasound transducer
device.

13. The system of claim 1, further comprising:

a display in communication with the processor and con-
figured to display an indication of the clinical condi-
tion.

14. A method for clinical condition detection, comprising:

receiving, from an ultrasound imaging device, a sequence
of ultrasound image frames representative of a subject
body across a time period,

classifying spatial domain information in the sequence of
ultrasound image frames by applying a first deep learn-
ing network to each ultrasound image frame of the
sequence of ultrasound image frames to generate a
classification vector including a probability for each
clinical characteristic of a first set of clinical charac-
teristics;

classifying time domain information in the classification
vectors corresponding to the sequence of ultrasound
image frames across the time period by applying a
second deep learning network to generate a probability
for each clinical characteristic of a second set of
clinical characteristics, and

identifying a clinical condition of the subject body based
on the probabilities for the second set of clinical
characteristics.

15. (canceled)

16. The method of claim 13, wherein the first predictive

network is a convolutional neural network.

17. The method of claim 14, wherein the identifying
includes:

selecting a highest probability from the probabilities for
the second set of clinical characteristics.

18. The method of claim 14, wherein the subject body

includes at least a portion of a lung, and wherein the clinical
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condition includes features associated with at least one of a
normal lung, a B-line artifact, consolidation, a bronchogram,
or a pleural effusion.

19. The method of claim 14. wherein the subject body
includes at least a portion of a lung, and wherein the clinical
condition includes features associated with a degree of
severity of at least one of a normal lung, a B-line artifact,
consolidation, a bronchogram, or a pleural effusion.

20. The method of claim 14, further comprising;

displaying, by a display, an indication of the clinical

condition.
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