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(57) ABSTRACT

Systems and methods disclosed herein relate to the detection
of irregular particles in a blood flow based on a determined
relative speed of a particle suspended in a blood flow and/or
other properties of a particle suspended in a blood flow
including a particle’s relative position within a blood vessel
and a particles tendency to cluster with other particles
suspended in a blood flow. Based on a determined relative
speed and/or other relevant factors, the properties of irregu-
lar particles may also be measured, including the size, shape,
and frequency of irregular particles in a blood flow. Machine
learning techniques may be employed to determine patterns
for the behavior of irregular particles suspended in a blood
flow. These patterns may correspond to particular health
risks and conditions.

20 Claims, 6 Drawing Sheets
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ULTRASOUND DETECTION OF CLOTS IN
THE BLOODSTREAM

RELATED APPLICATION

This application claims the benefit of U.S. Provisional
Application No. 63/229,342 filed on Aug. 4, 2021, the
content of which is incorporated herein by reference in its
entirety.

TECHNICAL FIELD

The present disclosure relates generally to the detection
and analysis of objects in the bloodstream via ultrasound. In
particular, some implementations may relate to early, pre-
symptomatic detection and analysis of objections, including
blood clots, using machine learning.

BACKGROUND

Abnormalities in the bloodstream can pose serious health
risks. Irregular object and formations in the bloodstream,
including blood clots, can be particularly dangerous. Some
objects, like clots, gradually become larger over time. As
clots and other objects in the bloodstream become larger,
blood flow becomes more and more restricted which
increases the risk of serious health conditions such as stroke,
pulmonary embolism, deep vein thrombosis, and other con-
ditions. Presently, medical technology only enables detec-
tion of clots and other objects that are large enough to be
observed directly using imaging technology such as ultra-
sound or computed tomography (CT) By the time these
objects and clots are large enough to detect, patients are
likely already experiencing symptoms and other adverse
health outcomes. Therefore, detection of small objects and
clots is desirable because it would enable doctors to identify
and treat conditions early, before patients begin experienc-
ing adverse health outcomes.

SUMMARY

Systems and methods are described herein for the detec-
tion of particles in a bloodstream, such as blood clots, based
on the relative speed of the particles compared to the speed
of the bloodstream. In addition to the relative speed, detec-
tion may also be accomplished and/or assisted by examining
the relative position of particles and blood clots within the
cross section of a blood vessel and the position of blood clots
in a blood vessel relative to each other. Changes in both the
speed and the position of particles are detectable when solid
particles are moving in a fluid. These speed and position
parameters are affected by the size, shape, and other prop-
erties of the particles.

An ultrasound sensor may be used to accomplish the
above described detection. In an embodiment, the ultrasound
sensor may be used with color Doppler for the detection. The
color Doppler technique uses pulse-wave Doppler with short
pulses to create an image sequence of blood flow in a target
region of a blood vessel. The image may contain information
about the presence and properties of particles, including
blood clots, suspended in the bloodstream.

Machine learning may be used to extract the relevant
information from an image sequence of a blood flow. A
machine learning model may be trained using collected data
comprising sample image sequences of blood flows and
known targets. Known targets may be the confirmed size or
frequency of a particle or blood clot in a particular sample.
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Known targets may also be other parameters. In an embodi-
ment, a known target may be the risk that a clot will cause
a particular health problem within a particular time frame. In
an embodiment, the machine learning model may be a neural
network.

Other features and aspects of the disclosure will become
apparent from the following detailed description, taken in
conjunction with the accompanying drawings, which illus-
trate, by way of example, the features in accordance with
various embodiments. The summary is not intended to limit
the scope of the invention, which is defined solely by the
claims attached hereto.

BRIEF DESCRIPTION OF THE DRAWINGS

The technology disclosed herein, in accordance with one
or more various embodiments, is described in detail with
reference to the following figures. The drawings are pro-
vided for purposes of illustration only and merely depict
typical or example embodiments of the disclosed technol-
ogy. These drawings are provided to facilitate the reader’s
understanding of the disclosed technology and shall not be
considered limiting of the breadth, scope, or applicability
thereof. It should be noted that for clarity and ease of
illustration these drawings are not necessarily made to scale.

FIG. 1 is a diagram showing an example blood vessel
segment through which a blood clot moves at a differential
speed relative to the blood flow speed.

FIG. 2 is a diagram showing an example blood vessel
cross section showing the relative position of a blood clot
within the cross section.

FIG. 3 is a diagram showing an example blood vessel
cross section showing the relative position of blood clots to
each other within the cross section.

FIG. 4 is a flow diagram of an example of blood stream
anomaly detection method.

FIG. 5 is a flow diagram of an example of blood stream
anomaly detection method.

FIG. 6 is a diagram showing an example of a blood stream
anomaly detection system.

The figures are not intended to be exhaustive or to limit
the invention to the precise form disclosed. It should be
understood that the invention can be practiced with modi-
fication and alteration, and that the disclosed technology be
limited only by the claims and the equivalents thereof.

DETAILED DESCRIPTION

Early detection of clots and/or other abnormalities in the
blood stream can save lives. The systems and methods
disclosed herein are directed to the detection of clots and
other particles in the bloodstream including detection of
their frequency, size, relative position within a blood vessel,
and other properties. The systems and methods employed
non-invasive methods wherein clots and other particles can
be detected based on their observed fluid mechanics behav-
ior. Clots and other particles having a diameter of around 90
microns may be detected with the systems and methods
described herein.

The technology is grounded in an important fluid mechan-
ics principle—particles traveling in a fluid do not travel at
the same speed as the fluid itself under certain conditions.
The speed of individual particles suspended within a fluid
depends on the size of the particle and other factors. There-
fore, movement of these particles within the fluid causes a
change in the frequency of a wave relative to the speed of the
fluid. These changes in wave frequency can be detected and
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mapped back to the existence, size, and frequency of par-
ticles within a fluid. This is known as a Doppler shift.

The Navier-Stokes and Newton-Euler equations are two
sets of important equations that interact with each other and
together describe the flow of a fluid that contains solid
particles. The Navier Stokes equations describe the flow of
a fluid:

Veour=0

Quy

1
tus-Viy=—-—Vp+1Wliy
a1 i i or P i

where u, p, p and v=p/p, are the fluid velocity, density,
pressure and kinematic viscosity and p is the dynamic
viscosity.

When solid objects or particles are suspended in and
moving within a fluid, the Navier-Stokes must be combined
with other equations that describe the motion of the sus-
pended particles. The Newton-Euler equations describe the
motion of such particles:

du

ppr—ngg o-ndS+ (pp - pf)Vpg + Fe
a " Ty,
dew
p—ngg rxo-ndS+Tc
dt o7,

where Vp=4ma3/3 and Ip=2ppVpa2/5 are the particle
volume and moment of inertia, with a the particle radius; g
is the gravitational acceleration; 6=—pl+2 pE is the fluid
stress, with I the identity matrix and E=(Vuf+VuTf)/2 the
deformation tensor; r is the distance vector from the center
of the sphere while n is the unit vector normal to the particle
surface dVp, and Fc and Tc represent additional forces and
torques acting on the particles.

An important parameter for these equations is the Reyn-
olds number. The Reynolds number associated with a fluid
describes the way the fluid behaves including characteristics
such as inertial and viscous forces in the flow. In a laminar
flow, particles do travel at the same speed as the fluid if the
Reynolds number is less than 1. There is a differential in
speed, however, when the Reynolds number exceeds the
threshold of 1. The Reynolds number of the fluid itself is
typically denoted Re. However, the flow around a particular
particle suspended within the fluid has its own Reynolds
number, denoted Re_p. The Re_p effects a differential in
speed between the particle and the fluid in which the particle
is suspended. This may be referred to in the art as “slip.” In
addition to the speed differential, particles moving in a fluid
may also move between the center and walls of the fluid flow
and may prefer to cluster together within the fluid flow.

The Reynolds number for an average blood flow is
approximately 2,000. Therefore, because the Reynolds num-
ber for blood is three orders of magnitude greater than the
threshold of 1, it is possible to detect the differential speed
of particles moving within a blood flow. This detection can
be accomplished by imaging a blood flow using ultrasound
Doppler techniques. Each particle or clot moving in the
bloodstream is an “event” that will stay within the range of
the ultrasound sensor only for a short time as the blood
carries it away. Color Doppler may be used to image a blood
flow. Additionally, the magnitude and frequency of an
observable Doppler shift would also depend on the size of
the particle or blood clot. Therefore, a Doppler signal may

20

25

30

35

40

45

50

55

60

65

4

reveal multiple pieces of information about particles in the
blood. For instance, it may reveal not only their existence
but also properties such as frequency, size, position, and
other factors. These additional factors may assist in distin-
guishing clots and other factors from noise.

Clots and other particles in the bloodstream can be
detected because they behave differently from the regular
cells making up the blood stream. Clots and other particles
exhibit distinguishable fluid mechanics behavior. Namely,
clots and other particles moving in the blood stream travel
at a different speeds than the surrounding blood stream.
Clots and other particles also have a tendency to occupy
particular positions within a blood vessel as well as particu-
lar positions relative to each other. These three behavior
patterns, (i) differential speed, (ii) relative position within
the blood vessel, and (iii) relative position to other particles
in the blood flow, provide for the detection of clots and their
properties.

Individual clots or other particles moving in a blood-
stream will appear as “events” in the Doppler spectrum as
they pass through the range of an ultrasound probe. Mea-
suring the Doppler shift relative to the frequency of the
blood flow in the portion of the imaged blood vessel
provides a strong reference point. In other words, the
Doppler shift is measured relative to a central frequency.
Therefore, the presence of a clot or other particle moving in
the blood flow can still be detected with a high level of
confidence even if there are variations in the blood flow. For
instance, changes in the blood flow may be present depend-
ing on which portion of a blood vessel is measured within a
patient, whether the patients has eaten recently, and other
factors. The clot detection is also reliable in different
patients who may have differing blood flow baselines.

Machine learning techniques may be used to identify and
interpret patterns consistent with these events. Machine
learning techniques can be used to distinguish events from
the spectrum and thereby confirm the presence of a clot or
other particle in the bloodstream. Machine learning tech-
niques may further be used to interpret event patterns to
characterize the size and frequency of different particles or
clots in the bloodstream. Though fluid mechanics principles
support the idea that there will be a detectable event when
a clot or other particle is present in the blood stream, there
is no closed-form solution for that event. In other words,
though patterns for differential speed, preferred position of
clots and other objects, and clustering tendencies exist, these
patterns have not and cannot be determined definitely
through observation and conventional mathematical tech-
niques alone beyond highly simplified example scenarios.

Though the example embodiments described below con-
cern blood clot detection, the techniques described herein
may be used to detect any particles or objects in the
bloodstream that pose a health risk. For instance these
techniques may allow for detection of foreign or abnormal
bodies in the bloodstream, such as cancer cells, and events
signifying other health conditions. Therefore, a machine
learning model is important to determining the existence of
clots or other particles and identifying their characteristics.
A machine learning model may be trained to effectively
detect and characterize clots and other particles.

FIG. 1 is a diagram showing an example blood vessel
segment through which a blood clot moves at a differential
speed relative to the blood flow speed. The blood vessel
segment 100 contains regular blood cells 102, 104 as well as
a blood clot 106. In the segment 100, the blood cells 102,
104, and clot 106 together form a blood flow 108. This blood
flow 108 may have a blood flow speed 112. The clot 106
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may be moving within the blood flow 108. The clot 106 may
move at a different speed 110 than the blood flow speed 112.

FIG. 2 is a diagram showing an example blood vessel
cross section showing the relative position of a blood clot
within the cross section. The blood vessel cross section 206
contains regular blood cells 102, 104 as well as a blood clot
106. The blood vessel cross section has a radius 200. The
blood clot 106 may occupy a particular position relative to
the center 208 and the outer wall 210 of the blood vessel
cross section 206. The position of the blood clot 106 may be
described as the distance 202 along the radius 200 at which
the blood clot 106 is relative to the outer wall 210 of the
blood vessel cross section 206. The position of the blood clot
106 may also be described as the distance 204 along the
radius 200 at which the blood clot 106 is relative to the
center 208 of the blood vessel cross section 206.

FIG. 3 is a diagram showing an example blood vessel
cross section showing the relative position of blood clots to
each other within the cross section. The blood vessel cross
section 206 contains regular blood cells 102, 104 as well as
blood clots 106, 300. The relative position of the blood clots
to each other may be expressed by a distance 302 between
the two clots 106, 300. A blood vessel cross section 206 may
also contain a plurality of blood clots which may each
occupy positions relative to each other.

FIG. 4 is a flow diagram of an example of a blood stream
anomaly detection method. An ultrasound probe may be
used to create an image sequence of a blood flow 400 in a
target region 402 of a blood vessel. The target region 402
may be an area of the body in which measurements of the
blood flow are desirable. For instance the target region 402
may be in a blood vessel in the arms or legs of a patient. The
image may be created using different types of medical
imaging technology. For example, color Doppler may be
used to create the image sequence. From the image, a central
frequency 404 of the blood flow 400 in the target region 402
of the blood vessel may be determined. The central fre-
quency 404 is the Doppler frequency shift that corresponds
to the bloodstream as a whole. A differential frequency 406
of one or more particles 408 suspended within the blood
flow 400 may also be measured. Particles moving within the
blood cell may have a different frequency than the surround-
ing blood flow. This frequency differential may be detectable
from the image sequence of the blood flow.

The differential frequency 406 may be analyzed to deter-
mine properties of the blood flow and properties of any
particle or particles suspended within the blood flow. For
example, an analysis of the differential frequency 406 mea-
sured may reveal that an irregular particle is present in the
blood flow 404. This irregular particle may be a blood clot.

FIG. 5 is a flow diagram of an example of a blood stream
anomaly detection method. An ultrasound probe may be
used to create an image sequence of a blood flow 400 in a
target region 402 of a blood vessel 412. The target region
402 may be an area of the body in which measurements of
the blood flow 400 are desirable. For instance the target
region 402 may be in a blood vessel 412 in the arms or legs
of a patient. The image may be created using different types
of medical imaging technology. For example, color Doppler
may be used to create the image sequence. From the image,
a central frequency 404 of the blood flow 400 in the target
region 402 of the blood vessel 412 may be determined. The
central frequency 404 is the Doppler frequency shift that
corresponds to the bloodstream as a whole.

Several properties of the blood flow 400 may be mea-
sured. These properties may reveal important information
about the blood flow 400 which may reveal whether a
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medical risk is present. A differential frequency 406 of one
or more particles 408 suspended within the blood flow 400
may also be measured. Particles moving within the blood
cell may have a different frequency than the surrounding
blood flow. This frequency differential may be detectable
from the image sequence of the blood flow.

A relative position 420 of a particle 408 within a cross
section 410 of a blood vessel 412 may be measured. Spe-
cifically, the position of a particle 408 along the radius 414
of the cross section 410 of the blood vessel 412 may be
measured. For instance the distance between the particle 408
and the wall of the blood vessel 412 may be measured.
Alternatively or additionally, the distance between the par-
ticle 408 and the center of the blood vessel 412 may be
measured. Irregular particles in a blood flow 400, such as
blood clots, may have a tendency to be suspended within
certain areas in the blood flow 400. Therefore, the position
of'a detected particle 408 may provide information about the
blood flow 400 that may correspond to a particular type of
irregularity which may correspond to a particular type of
health risk.

A clustering factor 416 may also be measured. The
clustering factor may quantify the relative position of a
particle 408 relative to another particle 418 within the blood
flow 400. Some types of particles 408, 418 suspended within
a blood flow 400 may have a propensity to be located close
together within the blood flow 400. In one embodiment, the
type of particle 408 may be a blood clot. Blood clots tends
to cluster together within blood vessels. The measured
clustering factor may provide information about the blood
flow 400 which may correspond to a particular type of
irregularity which may correspond to a particular type of
health risk. For example, a measurement of many blood
clots grouped very close together may reveal a significant
risk of stroke.

The differential frequency 406, relative position 420, and
clustering factor 416 may be analyzed to determine proper-
ties of the blood flow 400 and properties of any particle 408
or particles 408, 418 suspended within the blood flow 400.
For example, an analysis of the differential frequency 406,
relative position 420, and clustering factor 416 measured
may reveal that an irregular particle is present in the blood
flow 404. This irregular particle may be a blood clot.

The differential frequency 406, relative position 420, and
clustering factor 416 may be further analyzed to determine
the properties of a particle detected in the blood flow. For
instance, these factors may reveal the size, shape, and/or
frequency of a particle suspended in a blood flow. These
factors may also correspond to a particular medical condi-
tion and/or the risk of a particular adverse medical event. For
example, an analysis of the relative position of the blood clot
within the blood vessel cross section may correspond to the
risk of an adverse medical event, such as a stroke, or may
reveal that the clot has reached a certain size. A further
analysis of the clustering factor may likewise correspond to
the risk of an adverse medical event, such as a stroke.

FIG. 6 is a diagram showing an example of a blood stream
anomaly detection system. A blood stream anomaly detec-
tion system may include an ultrasound sensor 600. The
ultrasound sensor 600 may create an image sequence 602 of
ablood flow 604 in a target region 606 of a blood vessel 608.
A blood stream anomaly detection system may also include
a set of anomaly detection parameters 610. A few example
of relevant anomaly detection parameters may be relative
speed 632 of a particle in the blood flow as compared to the
speed of the blood flow itself, the relative position 634 of a
particle in a blood flow, and the relative position 636 of a
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particle in a blood flow relative to other particles in the blood
flow. The values of these parameters may reveal important
information about a blood flow including the presence of an
anomaly or irregular particle in the blood flow and the
properties of any irregular particle, including the shape, size,
and frequency of the irregular particle.

All of these anomaly detection parameters 610 may be
determined from a high quality image sequence of a blood
flow through a blood vessel. In an example embodiment, a
high quality image sequence may be created using color
Doppler techniques. The ultrasound sensor 600 may employ
pulse-wave Doppler with short pulses to create the image
sequence 602 of the blood flow 604 including the anomaly
detection parameters 610.

A blood stream anomaly detection system may also
include one or more sample datasets comprising training
data 614. The sample datasets may be sample image
sequences 616, 620, 624 of sample blood flows which are
mapped to known parameters of interest 618, 622, 626. The
known parameters of interest 618, 622, 626 may be known
values anomaly detection parameters. For instance the
known parameters 618, 622, 626 may correspond to known
values for sizes, shapes, and/or frequencies of irregular
particles detected in the sample image sequences. The
irregular particles detected may be blood clots. The known
parameters 618, 622, 626 may also correspond to set risk
thresholds for particular health conditions. For example,
known parameters 618, 622, 626 may correspond to samples
in which blood clots with a greater than 50% chance of
stroke are present.

A blood stream anomaly detection system may include a
machine learning model 612. The machine learning model
612 may be trained using the training data 614. The trained
machine learning model may then apply learned patterns to
analyze the image sequence 602 of a blood flow 604 in a
target region 606 of a blood vessel 608. The machine
learning model may determine information about the blood
flow 604 including the presence of any irregular particles in
the blood flow and the properties of any detected irregular
particles. The machine learning model may generate output
data 642. The output data 642 may comprise values for
properties of irregular particles detected in a blood flow. For
example, the output data 642 may include a determined size
628 of an anomaly 630 present in the blood flow 604. The
output data 642 may include a determined shape 638 of an
anomaly 630 present in the blood flow 604. The output data
642 may include a determined frequency 640 of an anomaly
630 present in the blood flow 604.

In an example embodiment, the blood stream anomaly
detection system of FIG. 6 may be specifically configured to
detect blood clots in a blood flow. A blood clot detection and
classification system may include an ultrasound sensor. The
ultrasound sensor may create an image sequence of a blood
flow in a target region. The blood clot detection and clas-
sification system may also include a set of blood clot
detection parameters, including: (i) speed, wherein speed is
the relative speed of a clot in the blood flow to the speed of
the blood flow itself; (ii) vessel position, wherein vessel
position is a relative position of the clot in the blood flow
along the radius of the blood vessel; and (iii) clot position,
wherein clot position is a relative position of the clot to other
particles in the blood. An ultrasound sensor in a blood clot
detection and classification system may employ pulse-wave
Doppler with short pulses to create an image sequence of the
blood flow including the blood clot detection parameters.

A blood clot detection and classification system may also
include one or more sample datasets, wherein the sample
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datasets include image sequences of sample blood flows and
corresponding known values for the blood clot detection
parameters. A blood clot detection and classification system
may also include a machine learning model, wherein the
machine learning model is trained using the one or more
sample datasets to, based on the blood clot detection param-
eters, detect the presence of a blood clot in the blood flow,
determine the frequency of the blood clot in the blood flow,
determine the diameter of the blood clot in the blood flow,
and determine the shape of the blood clot in the blood flow.

While various embodiments of the present invention have
been described above, it should be understood that they have
been presented by way of example only, and not of limita-
tion. Likewise, the various diagrams may depict an example
architectural or other configuration for the invention, which
is done to aid in understanding the features and functionality
that can be included in the invention. The invention is not
restricted to the illustrated example architectures or configu-
rations, but the desired features can be implemented using a
variety of alternative architectures and configurations.
Indeed, it will be apparent to one of skill in the art how
alternative functional, logical or physical partitioning and
configurations can be implemented to implement the desired
features of the present invention. Also, a multitude of
different constituent module names other than those depicted
herein can be applied to the various partitions. Additionally,
with regard to flow diagrams, operational descriptions and
method claims, the order in which the steps are presented
herein shall not mandate that various embodiments be
implemented to perform the recited functionality in the same
order unless the context dictates otherwise.

Although the invention is described above in terms of
various exemplary embodiments and implementations, it
should be understood that the various features, aspects and
functionality described in one or more of the individual
embodiments are not limited in their applicability to the
particular embodiment with which they are described, but
instead can be applied, alone or in various combinations, to
one or more of the other embodiments of the invention,
whether or not such embodiments are described and whether
or not such features are presented as being a part of a
described embodiment. Thus, the breadth and scope of the
present invention should not be limited by any of the
above-described exemplary embodiments.

Terms and phrases used in this document, and variations
thereof, unless otherwise expressly stated, should be con-
strued as open ended as opposed to limiting. As examples of
the foregoing: the term “including” should be read as
meaning “including, without limitation” or the like; the term
“example” is used to provide exemplary instances of the
item in discussion, not an exhaustive or limiting list thereof;
the terms “a” or “an” should be read as meaning “at least
one,” “one or more” or the like; and adjectives such as
“conventional,”  “traditional,” “normal,” “standard,”
“known” and terms of similar meaning should not be
construed as limiting the item described to a given time
period or to an item available as of a given time, but instead
should be read to encompass conventional, traditional, nor-
mal, or standard technologies that may be available or
known now or at any time in the future. Likewise, where this
document refers to technologies that would be apparent or
known to one of ordinary skill in the art, such technologies
encompass those apparent or known to the skilled artisan
now or at any time in the future.

The presence of broadening words and phrases such as
“one or more,” “at least,” “but not limited to” or other like
phrases in some instances shall not be read to mean that the
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narrower case is intended or required in instances where
such broadening phrases may be absent. The use of the term
“module” does not imply that the components or function-
ality described or claimed as part of the module are all
configured in a common package. Indeed, any or all of the
various components of a module, whether control logic or
other components, can be combined in a single package or
separately maintained and can further be distributed in
multiple groupings or packages or across multiple locations.

Additionally, the various embodiments set forth herein are
described in terms of exemplary block diagrams, flow charts
and other illustrations. As will become apparent to one of
ordinary skill in the art after reading this document, the
illustrated embodiments and their various alternatives can be
implemented without confinement to the illustrated
examples. For example, block diagrams and their accompa-
nying description should not be construed as mandating a
particular architecture or configuration.

What is claimed is:

1. A method, comprising:

capturing, using an ultrasound image sensor that employs

pulse-wave Doppler with short pulses, an image

sequence of a blood flow in a target region of a blood
vessel;

measuring, based on the image sequence,

a central frequency corresponding to a first Doppler
frequency shift of the blood flow as a whole viewed
with the ultrasound image sensor in the target region
of the blood vessel, and

a second Doppler frequency shift corresponding to one
or more objects suspended within the blood flow
viewed with the ultrasound image sensor;

determining, based on the central frequency and the

second Doppler frequency shift, a differential in speed
between the one or more objects suspended within the
main blood flow and the blood flow as a whole;
measuring, based on the image sequence, a relative posi-
tion of the one or more objects within a cross section of
the blood vessel by performing operations comprising:
measuring a location of the one or more objects within

the cross section of the blood vessel, and measuring a

distance between the one or more objects and one or

more other objects present in the blood flow in the cross
section; and

detecting, based on the differential in speed, the location,

and the distance, that the one or more particles corre-

spond to one or more anomalies present in the blood
flow.

2. The method of claim 1, further comprising, determin-
ing, based on the differential in speed and the measured
relative position, a size of the one or more anomalies present
in the blood flow.

3. The method of claim 2, further comprising: confirming
that at least one of the one or more anomalies has a diameter
as small as 90 microns.

4. The method of claim 1, further comprising, determin-
ing, based on the differential in speed and the measured
relative position, a shape of the one or more anomalies
present in the blood flow.

5. The method of claim 1, wherein the ultrasound image
sensor uses Color Doppler to construct the image sequence.

6. The method of claim 1, further comprising: training a
machine learning model to detect the presence of an
anomaly in a blood flow, the machine learning model trained
using one or more collected data sets including sample
image sequences of main blood flows in a target region and
corresponding values for parameters of interest.
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7. The method of claim 6, wherein one of the parameters
of interest is the size of an anomaly in a controlled experi-
ment.

8. The method of claim 6, wherein one of the parameters
of interest is the frequency of an anomaly in a controlled
experiment.

9. The method of claim 6, wherein the parameters of
interest correspond to risk thresholds associated with certain
health problems.

10. The method of claim 9, wherein one of the parameters
of interest is the size of an anomaly corresponding to the size
of a blood clot associated with a stroke.

11. The method of claim 6, wherein the machine learning
model is a cognitive neural network.

12. The method of claim 1, further comprising: treating a
medical condition corresponding to the one or more anoma-
lies detected in the blood flow.

13. The method of claim 1, wherein:

detecting that the one or more particles correspond to the

one or more anomalies present in the blood flow
comprises: detecting, using a trained machine learning
model, based on the differential in speed, the location,
and the distance, that the one or more particles corre-
spond to the one or more anomalies present in the blood
flow; and

the machine learning model is trained using a dataset

comprising a plurality of image sequences of sample
blood flows and corresponding known values includ-
ing: differentials in speed between objects suspended
within the sample blood flows and the sample blood
flows, locations of the objects suspended within the
sample blood flows relative to blood vessels, and
distances between the objects suspended within the
sample blood flows and one or more other objects
suspended within the sample blood flows.

14. The method of claim 13, further comprising, deter-
mining, using the trained machine learning model, based on
the differential in speed and the measured relative position,
a size of the one or more anomalies present in the blood flow.

15. The method of claim 14, further comprising: confirm-
ing, using the trained machine learning model, that at least
one of the one or more anomalies has a diameter as small as
90 microns.

16. The method of claim 13, further comprising, deter-
mining, using the trained machine learning model, based on
the differential in speed and the measured relative position,
a shape of the one or more anomalies present in the blood
flow.

17. The method of claim 13, further comprising, deter-
mining, using the trained machine learning model, based on
the differential in speed and the measured relative position,
a frequency of the one or more anomalies present in the
blood flow.

18. The method of claim 13, wherein the machine learning
model is a neural network.

19. The method of claim 1, wherein detecting that the one
or more particles correspond to the one or more anomalies
present in the blood flow comprises: detecting based on the
differential in speed, the location, and the distance, and one
or more risk thresholds for the one or more anomalies
associated with a threshold differential in speed, a threshold
location, or a threshold distance, that the one or more
particles correspond to the one or more anomalies present in
the blood flow.

20. The method of claim 1, wherein:

the one or more anomalies are one or more blood clots;



US 12,220,282 B2

11

detecting that the one or more particles correspond to one
or more anomalies present in the blood flow comprises:
detecting, using a trained machine learning model,
based on the differential in speed, the location, and the
distance, that the one or more blood clots are present in
the blood flow; and

the machine learning model is trained using a dataset
comprising a plurality of image sequences of sample
blood flows and corresponding known values includ-
ing: differentials in speed between blood clots sus-
pended within the sample blood flows and the sample
blood flows, locations of the blood clots suspended
with the sample blood flows relative to blood vessels,
and distances between the blood clots suspended with

the sample blood flows and one or more other blood 15

clots suspended within the sample blood flows.
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