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ULTRASOUND SYSTEM WITH AUTOMATED
WALL TRACING

TECHNICAL FIELD

[0001] The disclosed technology relates to ultrasound
imaging systems and in particular to ultrasound systems that
provide real time physioclogical measurements from ultra-
sound image data.

BACKGROUND

[0002] Due to ease of use and its non-ionizing radiation,
ultrasound is becoming an increasingly used imaging modal-
ity for human and animal subjects. In addition to providing
images of internal body tissues, ultrasound can also be used
to provide quantitative assessments of physiological func-
tions that can be used by researchers or medical care
providers. One example of such quantitative assessments are
those related to cardiac function. Physiological parameters
such as ejection fraction (EF), fractional shortening (FS),
stoke volume (SV) and cardiac output (CO) are well known
measurements used in diagnosing and staging patients.
Among the four standard functional parameters, ejection
fraction (EF), which is a measure of how well the heart is
pumping blood, is one key to diagnosing and staging heart
failure. Each of these parameters can be calculated from
measurements made from ultrasound image data.

[0003] In conventional ultrasound systems, a physician,
ultrasound technician or other skilled health care provider
that wants an indication of cardiac output first performs an
ultrasound examination. After the ultrasound image data are
captured and stored, the operator reviews the image data and
manually places markers on the images over certain tissue
features or sends the images to a radiologist to place the
markers. The distance between these markers is then used to
compute the physiological parameters. Having the ability to
display such physiological parameters in real time while a
subject is being examined will enable a medical provider to
make diagnostic decisions more rapidly without stopping to
make measurements manually or having to send images to
a radiology department.

SUMMARY

[0004] To address the problems discussed above and oth-
ers, the disclosed technology relates to an ultrasound imag-
ing system that computes real time physiological parameters
from measurement of features in ultrasound image data
using a neural network. In one embodiment, a processor of
the ultrasound imaging system produces ultrasound images
that are provided to a trained neural network that identifies
a physical feature. Once the physical features are identified,
the processor determines measurements of the features and
computes one or more physiological parameters.

[0005] Cardiac functional parameters can be calculated
using M-Mode images acquired from the parasternal long
axis view. A typical method involves making measurements
of the thickness of the interventricular septum (IVS) or the
right ventricle wall (RVID), the left ventricular interior
diameter (LVID), the left ventricle posterior wall (LVPW) at
both systole (;s) and diastole (;d), and the heart rate. In some
cases, only the LVID measurements at both systole and
diastole are needed to calculate measures of cardiac func-
tion. These measurements can be made manually on a static
(during review; not live) image, and can include measure-
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ments of the heart rate (either directly from the image or by
using the ECG signal if available).

[0006] The same anatomical measurements and functional
calculations may also be achieved using a trace of the
anterior and posterior heart wall boundary (endocardial
border). In this case, LVID;d and LVID;s are measured at the
minimum and maximum separation points between these
two traces. The heart rate can be extracted using the time
difference from multiple systole-to-systole periods or from
the ECG trace if available. In one disclosed embodiment, the
processor in the ultrasound system computes cardiac output
parameters in real time as ultrasound images are captured. A
processor provides M-Mode ultrasound images to a neural
network that is trained to identify the endocardial border
from the images. From the identified location of the walls of
the endocardium, the processor can compute cardiac param-
eters that are displayed in real time along with ultrasound
image data. This process can be applied to clinical (human)
imaging situations as well as preclinical (animal models
such as mouse and rat) imaging.

[0007] In the disclosed embodiment, automatic endocar-
dial wall tracing relieves the operator from the laborious
work of manual tracing and also provides multiple systolic
and diastolic points that can be measured to provide cycle
averaging. It also facilitates the option of real time mea-
surements, which would be impossible otherwise.

BRIEF DESCRIPTION OF THE DRAWINGS

[0008] FIG. 1 shows an example of a pair of manually
made endocardial traces (V) on an M-Mode ultrasound
image;

[0009] FIG. 2 shows a representative ultrasound system
for making real time physiological measurements from
ultrasound image data in accordance with an embodiment of
the disclosed technology;

[0010] FIG. 3 shows how a neural network is trained with
a number of test images in accordance with an embodiment
of the disclosed technology;

[0011] FIG. 4 shows a portion of an M-Mode ultrasound
image that is input to a trained neural network and output
data from the neural network indicating the location of the
endocardium in the image in accordance with an embodi-
ment of the disclosed technology;

[0012] FIG. 5 illustrates an exemplary user interface of an
ultrasound imaging system showing image data and one or
more physiological parameters that are computed in real
time from physical features identified by the neural network
in accordance with an embodiment of the disclosed tech-
nology; and

[0013] FIG. 6 shows representative M-Mode thickness
measurements of the anterior wall, chamber, and posterior
wall.

DETAILED DESCRIPTION

[0014] As described above, the conventional method of
computing physiological parameters from ultrasound image
data is to manually place one or more markers on an
ultrasound image and compute the parameters from the
measurements associated with the placement of the markers.
FIG. 1 shows an example of an M-Mode ultrasound image
10 of a mouse cardiac left ventricle that is beating over a
number of cardiac cycles. The image includes a number of
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markers (e.g. plus “+” signs) that are manually placed by a
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user over the contour of physical features that can be seen in
the image data. In this example, the markers are located on
a pair of opposing endocardial walls that compress toward
each other during the systole phase of the cardiac cycle and
expand away from each other during diastole phase of the
cardiac cycle. A processor in the ultrasound system com-
putes a pair of curves that join the manually placed markers
using a curve fitting technique such as splines or the like.
The distance between the upper curve and the lower curve
at the systolic and diastolic points in the cardiac cycle allows
various cardiac parameters to be computed. The ultrasound
image 10 also includes EKG and respiratory information
obtained from other sensors connected to the ultrasound
machine.

[0015] While the approach shown in FIG. 1 allows the
accurate computation of the physiological parameters, it
requires that the user manually place the markers on a
previously obtained image. If the physical features are
readily identified, the marking can be accomplished in about
30 seconds. However, the process can take longer if the
physical feature is not easy to see in the image. As will be
described in detail below, the disclosed technology relates to
an ultrasound system that uses software or programmable
logic to automatically identify physical features in an image.
This allows physiological parameters to be computed and
shown to the operator in real time.

[0016] FIG. 2 shows a representative ultrasound system
with which the disclosed technology can be implemented.
An ultrasound imaging system 50 can comprise a hand held,
portable or cart-based imaging system. The ultrasound sys-
tem 50 connects with one or more ultrasound transducers 54
that transmit ultrasound signals into a subject (not shown)
and receive the corresponding echo signals from the subject.
In some embodiments, the ultrasound system 50 can receive
signals from one or more additional external sensors 56 such
as SPO, sensors, EKG sensors, respiration sensors or the
like. The ultrasound imaging system 50 includes one or
more displays on which ultrasound data are displayed. The
displays may include a touch sensitive display such that the
operator can operate the system using touch commands. In
some embodiments, additional controls (track balls, buttons,
keys, trackpad, voice activated controls etc.) may also be
provided with which to interact with the operator. The
ultrasound imaging system 50 also includes communication
circuitry to connect to one or more remotely located systems
through a wired or wireless computer communication link.

[0017] The ultrasound imaging system 50 includes image
processing circuitry having one or more processors (e.g.
CPUs, DSPs, GPUs, ASICs, FPGAs or a combination
thereof) that are configured to execute programmed instruc-
tions stored in a processor readable memory or that perform
pre-determined logical operations to implement a neural
network that is trained to analyze ultrasound image data in
order to mark the location of physical features in the image.
In the disclosed embodiment, the physical features are a pair
of opposing ventricle walls (anterior left ventricular wall/
interventricular septum and the posterior left ventricular
wall) that define the volume of the left ventricle. In this
embodiment, the ultrasound image is an M-Mode ultrasound
image obtained in a parasternal long axis view (PLAX).
Although the disclosed embodiment is described with
respect to identifying the location of the opposing ventricu-
lar walls, it will be appreciated that the disclosed technology
is extendable to identifying other tissue structures in ultra-
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sound image data including vessel walls, heart valves,
esophageal tissue in the case of transesophageal imaging or
stomach or intestine tissue in the case of gastric imaging.

[0018] The processor in the ultrasound imaging system is
configured to provide ultrasound image data to a neural
network 70 that is trained to identify the location of the
desired physical features. In the disclosed embodiment, the
neural network 70 is trained to identify the upper and lower
boundaries of the endocardial walls and the interior of the
cardiac ventricle in a column of ultrasound image pixel data.
In an ultrasound image, the boundary is generally charac-
terized by a relatively bright reflection that is adjacent a
black region representing a volume filled with non-reflecting
blood. However, when used with high frequency imaging
(e.g. 20+MHz), ultrasound is reflected from the blood cells
in the ventricle making the boundary area more difficult to
visually detect.

[0019] To train the neural network 70, a number of test
images 80 are provided to a neural network training engine
100 as shown in FIG. 3. The test images 80 are images of
ultrasound data with the features to be identified (e.g. the
vessel walls) previously expertly marked. In one embodi-
ment, the images are a uniform size such as 256 pixels wide
by 128 pixels high with each pixel having an eight-bit black
and white brightness value. Other image sizes can also be
used such as 256 pixels wide by 256 pixels high or 512
pixels wide by 64 pixels high. In this data representation,
each column of data is an acquired line of ultrasound data.
Data is acquired at the pulse repetition frequency (PRF). For
example, if the PRF is 1000 Hz and the image consists of
256 lines or columns of data then the data set comprises of
a time window of 256 ms. For small animal imaging, this
encompasses a number of cardiac cycles. For clinical imag-
ing either the number of data lines used must be increased
or the PRF reduced to contain more than one cycle of data.
The pixels in each column represent samples at different
depths in the image. The first pixel in each column is at the
shallowest depth. In one embodiment the image data are
obtained from M-Mode scans at a pulse repetition frequency
(PRF) of 1500 Hz. Other PRF values could also be used; for
example 1000, 1250, 1750, 2000 Hz or higher.

[0020] As will be appreciated by those skilled in the art of
machine learning, a large number (e.g. 1,000-14,000 or
more) training images are supplied to the neural network
training engine 100 to allow the engine to determine a
number of filter weights and bias values so that a convolu-
tional neural network using the weights and bias value will
return the most likely pixel locations in a column of image
data that represent the ventricle walls. To one skilled in the
art, it is also understandable that the total number of training
images can be increased using data augmentation whereby
the initial base set of images are increased though linear and
nonlinear modifications thereby producing additional train-
ing data. For example, augmentation may include both linear
and nonlinear scaling or brightness or contrast changes.

[0021] In one embodiment, the neural network 70 is
configured to receive an input image of the same size with
which the neural network was trained (e.g. 256x128x1) and
to produce an output data set (256x2) marking the two most
likely locations of the ventricle wall boundaries in each
column of image pixel data. Other input image sizes such as
512x128x1 or 256x256x1 with corresponding output sizes
of 512x2 or 256x2 can also be used.
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[0022] 1In one embodiment, the training data images were
collected and approximately 750 traces were manually
labeled, meaning the anterior and posterior left ventricular
chamber walls were traced. Increasing the number of labeled
training data increases the likelihood of an accurate gener-
alization of the problem during training of the neural net-
work. These data were formatted using C++ and Python.
Data augmentation was performed to increase the amount of
training data available. With augmentation, approximately
20 to 1 increase in semi-unique data instances were obtained
from the initial labeled data sets.

[0023] A model framework setup using Keras, Tensorflow,
and Python was used. A number of different machine learn-
ing models were tested. For one skilled it the art, it can be
understood that a number of different machine learning
models can be employed. For example, variants of freely
available models can be used such as VGGS5, VGG16
(Visual Geometry Group at Oxford), and Mobile Net
(Google). Custom models can also be developed. Tradeoffs
using different models can include prediction accuracy and
size which will affect inference speed on embedded devices.
These models were modified such that they conformed to the
input size and output requirements of this specific problem.
[0024] For each of these models, the input data sets
consisted of 256 lines of M-Mode data at a measured PRF
of 1500 Hz. Other PRFs can also be used such as but not
limited to 1000, 1250, 1750 or 2000 Hz. The data were
resampled to 128 depth samples. Other depths could also be
used such as 64 samples, or 256 samples. The number of
samples also need not be a power of 2. Data were 8-bit single
channel. For mouse data, the data length corresponds to
approximately 1-2 heart cycles depending on the heart rate.
As will be appreciated, for other applications such as for
human acquired data sets, the heart rate is much lower. The
data might be scaled appropriately to fit the same 1-2 heart
cycles; or a different input size data set may be used or a
different PRF setting may be used. Changing either PRF or
input size will change the amount of time represented in the
image.

[0025] In the embodiment described, the ultrasound image
is comprised of pixel data that is in a format that is ready to
be displayed on a video monitor. It will be appreciated that
the disclosed technology could also be used with other types
of image data such as pre-scan conversion image data or raw
ultrasound data. Therefore, as used herein, the term image
data is to refer to ultrasound data that is representative of an
area of interest and not only to scan converted ultrasound
data.

[0026] The output data format is 2 data points (position of
anterior and posterior wall boundary) for each of the 256
input lines (see FIG. 4). (Output data size 256x2). Further
experimentation could include expanding the data length to
include more lines.

[0027] Neural network models themselves are generally
interchangeable, with some providing advantages over oth-
ers. For example, computational complexity and output
accuracy are considerations. Currently excellent results are
found using a variation of Mobile Net V1 (Google) model.
Shown below is an example of this model showing the
different layers and modifications required to conform to the
input image size (256x128). Modifications could include
using a different model, changing the number of layers, or
adding additional layers such as dense layers or addition
convolutional layers
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Modified Mobile Net V1 model.

Layer (iype)

Output Shape

Param #

vsi__input_layer (InputLayer)
convl (Conv2D)

convl_bn (BatchNorm)
convl_relu (Activation)
conv_dw__1 (DepthwiseConv2D)
conv_dw_1_bn (BatchNorm)
conv_dw__1_relu {Activation)
conv_pw__1 (Conv2D)
conv_pw__1_bn (BatchNorm)
conv_pw__1_relu (Activation)
conv_dw__2 (DepthwiseConv2D)
conv_dw_2_bn (BatchNorm)
conv_dw_2_ relu (Activation)
conv_pw_ 2 (Conv2D)
conv_pw_2_ bn (BatchNorm)
conv_pw__2_ relu (Activation)
conv_dw__3 (DepthwiseConv2D)
conv_dw_3_ bn (BatchNorm)
conv_dw__3_ relu (Activation)
conv_pw__3 (Conv2D)
conv_pw__3_ bn (BatchNorm)
conv_pw_ 3 _relu (Activation)
conv_dw_ 4 (DepthwiseConv2D)
conv_dw_4_bn (BatchNorm)
conv_dw_4_relu (Activation)
conv_pw_4 (Conv2D)
conv_pw_4_bn (BatchNorm)
conv_pw_4_relu (Activation)
conv_dw_ 35 (DepthwiseConv2D)
conv_dw_5_ bn (BatchNorm)
conv_dw__5_ relu (Activation)
conv_pw__5 (Conv2D)
conv_pw_5_bn (BatchNorm)
conv_pw__5_relu (Activation)
conv_dw__6 (DepthwiseConv2D)
conv_dw__6_bn (BatchNorm)
conv_dw_ 6_relu (Activation)
conv_pw__6 (Conv2D)
conv_pw__6_bn (BatchNorm)
conv_pw__6_relu (Activation)
conv_dw__7 (DepthwiseConv2D)
conv_dw_7_bn (BatchNorm)
conv_dw__7_relu (Activation)
conv_pw__7 (Conv2D)
conv_pw_7_bn (BatchNorm)
conv_pw__7_relu (Activation)
conv_dw__8 (DepthwiseConv2D)
conv_dw_8_bn (BatchNorm)
conv_dw_ 8 relu (Activation)
conv_pw__8 (Conv2D)
conv_pw_8_bn (BatchNorm)
conv_pw__8_relu (Activation)
conv_dw_9 (DepthwiseConv2D)
conv_dw_9_ bn (BatchNorm)
conv_dw_9_ relu (Activation)
conv_pw_ 9 (Conv2D)
conv_pw_9_ bn (BatchNorm)
conv_pw_9_ relu (Activation)
conv_dw__10 (DepthwiseConv2D)
conv_dw__10_bn (BatchNorm)
conv_dw__10_relu (Activation)
conv_pw__10 (Conv2D)
conv_pw__10_bn (BatchNorm)
conv_pw__10_relu (Activation)
conv_dw__11 (DepthwiseConv2D)
conv_dw__11_bn (BatchNorm})
conv_dw__11_relu (Activation)
conv_pw__11 (Conv2D)
conv_pw__11_bn (BatchNorm})
conv_pw__11_relu (Activation)
conv_dw__12 (DepthwiseConv2D)
conv_dw_12_ bn (BatchNorm)
conv_dw__12_ relu (Activation)
conv_pw__12 (Conv2D)

(Noze, 256, 128, 1)
(None, 128, 64, 32)
(Nore, 128, 64, 32)
(Noze, 128, 64, 32)
(None, 128, 64, 32)
(None, 128, 64, 32)
(Noze, 128, 64, 32)
(None, 128, 64, 64)
(None, 128, 64, 64)
(Nome, 128, 64, 64)
(None, 64, 32, 64)
(None, 64, 32, 64)
(None, 64, 32, 64)
(Nore, 64, 32, 128)
(None, 64, 32, 128)
(Nore, 64, 32, 128)
(Nore, 64, 32, 128)
(Nore, 64, 32, 128)
(Nore, 64, 32, 128)
(Nore, 64, 32, 128)
(Nore, 64, 32, 128)
(Nore, 64, 32, 128)
(Nore, 32, 16, 128)
(Nore, 32, 16, 128)
(Nore, 32, 16, 128)
(Nore, 32, 16, 236)
(Nore, 32, 16, 236)
(Nore, 32, 16, 236)
(Nore, 32, 16, 236)
(Nore, 32, 16, 236)
(Nore, 32, 16, 236)
(Nore, 32, 16, 236)
(Nore, 32, 16, 236)
(Nore, 32, 16, 236)
(Nore, 16, 8, 256)
(Nore, 16, 8, 256)
(Nore, 16, 8, 256)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(Nore, 16, 8, 512)
(None, 8, 4, 512)
(None, 8, 4, 512)
(Norne, 8, 4, 512)
(Nore, 8, 4, 1024)

288
128

288
128

0
2048
256

0

576
256

0

8192
512

0

1152
512

0
16384
512

0

1152
512

0
32768
1024

0
2304
1024

0
65536
1024

0
2304
1024

0
131072
2048
0
4608
2048
0
262144
2048
0
4608
2048
0
262144
2048
0
4608
2048
0
262144
2048
0
4608
2048
0
262144
2048
0
4608
2048
0
262144
2048
0
4608
2048
0
524288
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-continued

Modified Mobile Net V1 model.

Layer (type) Output Shape Param #
conv__pw__12_ bn (BatchNorm) (None, 8, 4, 1024) 4096
conv__pw__12_ relu (Activation) (None, 8, 4, 1024) 0
conv__dw__13 (DepthwiseConv2D)  (None, 8, 4, 1024) 9216
conv_dw_ 13 bn (BatchNorm) (None, §, 4, 1024) 4096
conv__dw__13_relu (Activation) (None, 8, 4, 1024) 0
conv_pw__13 (Conv2D) (None, 8, 4, 1024) 1048576
conv_pw__13_bn (BatchNorm) (None, §, 4, 1024) 4096
conv_pw_ 13 relu (Activation) (None, §, 4, 1024) 0
block6__convl (Conv2D) (None, 8, 4, 512) 4718592
batch__normalization_1 (BatchNorm) (None, 8, 4, 512} 2048
leaky_re_lu_1 (LeakyReL.U) (None, §, 4, 512) 0
block6_ pool (MaxPooling2D) (None, 4, 2, 512) 0
block7_convl (Conv2D) (None, 4, 2, 256) 1179648
batch__normalization_ 2 (BatchNorm) (None, 4, 2, 256) 1024
leaky_re_lu_2 (LeakyReL.U) (None, 4, 2, 256) 0
block7 pool (MaxPooling2D) (None, 2, 1, 256) 0
vsi__output__layer (Flatten) (None, 512) 0

Total parameters: 9,129,600
Trainable parameters: 9,106,176
Non-trainable parameters: 23,424

[0028] The model shown above is successful because it
generates accurate results and is relatively small enabling
fast computation (e.g. about 300 ms. per 256 line image on
a CPU). A Python framework using Keras and Tensorflow
was used to train this model using the prepared and aug-
mented data. An Adam optimizer with variable learning rate
was employed over approximately 1 million training
examples. Other optimizers can be used; for example SGD
(Stochastic Gradient Descent). The tradeoffs using different
optimizers include convergence time, and training speed. A
combination of 2 or more different optimizers can also be
used. Using an Amazon Web Services (AWS) server and a
K80 Nvidia GPU, the time to train the neural network 70
was approximately 12 hours.

[0029] Using an isolated set of approximately 10% of the
original data set, the accuracy of the model was evaluated.
For the test cases, it was demonstrated that the median
accuracy of endocardial wall identification was 96%.

[0030] As indicated above, once the neural network 70 has
been trained, the network is ready for use in the ultrasound
imaging system 50 to identify physical features in ultra-
sound image data in real time. In some embodiments, the
processor of the ultrasound system 50 is programmed to
execute the trained neural network 70 and to supply the
neural network with image data obtained from the subject.
The neural network returns the likely locations of the
physical features it is trained to identify. FIG. 4 shows a
representative M-Mode ultrasound image 140 containing an
upper trace 142 representing an anterior wall and a lower
trace 144 representing a posterior wall of a heart muscle that
have been identified by the neural network 70.

[0031] With the traces 142, 144 provided by the trained
neural network, the processor analyzes the traces to deter-
mine the distance where the traces are 1) closest together and
2) farthest apart. These distances represent the heart muscle
at the systolic and diastolic phases of the cardiac cycle. In
one embodiment, the location can be determined by analyz-
ing the distance (in pixels) in each column of the image (e.g.
by searching the image columns for the minimum and
maximum pixel gap). In another embodiment, the systole
and diastole of the cardiac cycle can be determined from an
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BKG signal that is obtained simultaneously with the ultra-
sound data. Knowing the time difference represented
between each pixel in a column, the speed of ultrasound in
the tissue and the number of samples in a column between
the identified locations on the traces 142, 144, the physical
distance between the heart walls in the subject is calculated
by the processor.

[0032] With the distances calculated, the physiological
parameters from the traces are computed by the processor. In
one embodiment, knowing the distance between the cardiac
walls at the various points in the cardiac cycle, the cardiac
parameters can be calculated according to the equations and
the normal expected ranges:

ejection fraction EF=(lvedv-lvesv)/lvedvx100-
(Male=52-72%)(Female=54-74%)ASE

fractional shortening FS=(lvedd-lvesd)/lveddx100-
(Male 27-45%)(Female=25-43%)

stroke volume SV=Ivedv-Ivesv

cardiac output CO=Stroke VolumexHR, Normal
Range=(4.0-8.0 L/min) as understood by those
skilled in the art

[0033] Ventricular volumes calculated from ventricular
wall measurements can be subject to interpretation and may
vary. In one embodiment, they are approximated by the
following equations. These are exemplary and may be
adjusted depending on the type of subject being examined or
other factors.

Ivedv is the left ventricular end-diastolic volume,

which in one embodiment=(7/(2.4+lvedd))
*lvedd™3

Ivesv is the left ventricular end-systolic volume,
which in one embodiment=(7/(2.4+lvesd))

*lvesd 3
[0034] 1vedd is the left ventricular end-diastolic dimension
(mm)
[0035] 1vesd is the left ventricular end-systolic dimension
(mm)
[0036] As shown in FIG. 6, the processor executes instruc-

tions to calculate and display measurements on the detected
physical features such as the distance between physical
features, the angle between physical features, the area of the
features etc. In the example shown in FIG. 6, the distances
in millimeters between the anterior and posterior ventricular
walls at systole and diastole are calculated and displayed.
[0037] In some embodiments, the processor can also
execute instructions to calculate the distances between the
outer 2 walls for additional left ventricular assessment. For
example, the LV Mass can be calculated when the distances
between all 4 walls have been measured. In this example; the
processor computes the distances between all 4 cardiac walls
at the same time.

[0038] In some embodiments, the ultrasound system 50 is
connected to a respiratory monitor that indicates to the
ultrasound system whether the subject is breathing during
the acquisition of ultrasound images. Image data obtained
during breathing can include motion artifacts that make the
physiological parameters less reliable. Therefore, in some
embodiments, the processor is programmed to ignore ultra-
sound imaging data that are obtained during a breath. This
is particularly true in animal studies where breathing intro-
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duces large motion artifacts. For human subjects, the subject
is generally asked to hold their breath during image capture.
[0039] Insome embodiments the operator can select a start
and stop point on the M-Mode data were representing a
region over which the walls are to be traced and physiologi-
cal parameters are calculated. In other embodiments, the
respiration signal can be used to automatically determine
suitable start and stop points. In this case, the physiological
parameters can be calculated automatically without any user
intervention. They can also be calculated in real time. Other
methods can also be used to determine the selection of
suitable start and stop points such as looking at the variance
of the detected output points.

[0040] Once the physiological parameters are computed,
one or more of the parameters are displayed on a user
interface screen as shown in FIG. 5. In this embodiment, the
display 150 may include an image 160 of the tissue being
examined. Such an image 160 may be the same image used
to compute the physiological parameters. For example, if
M-Mode image data are provided to the trained neural
network to compute the physiological parameters, the
M-Mode image may be displayed on the display 150. In
some embodiments, the image 160 may be a different
imaging modality (B-Mode, Doppler, Power Doppler etc.)
than the modality used to obtain the ultrasound images
provided to the neural network. In this embodiment, the
ultrasound system interleaves imaging modalities to produce
B-Mode images that are displayed to the user and M-Mode
ultrasound images for the neural network in the background
and that are not shown to the user.

[0041] The display 150 includes one or more of the
physiological parameters 170 that are computed with the
physical features identified by the neural network. As will be
appreciated from the discussion above, the physiological
parameters are computed in real time from ultrasound image
data produced by the imaging system. Because the physical
features are identified by the neural network in real time, the
operator of the ultrasound system does not have to manually
mark previously obtained images or send them to a radiolo-
gist. The result is that the operator can use the physiological
parameter information to make quicker decisions regarding
the subject’s physical condition.

[0042] In some embodiments, the processor is pro-
grammed to calculate the physiological parameters over a
number of cardiac cycles. Signals from an EKG or other
pulse sensor can be read by the processor to determine a
number of cardiac cycles and ultrasound image frames can
be supplied to the trained neural network to identify the
tissue features and calculate the physiological parameters
from the identified tissue features. Calculated values from
the different cardiac cycles can be averaged and displayed to
the operator. In other embodiments, other statistical mea-
surements such as the variance, maximum or minimum of
the calculated values can be determined and displayed.
[0043] In some instances, the processor is programmed to
produce an alert (visual, audible, tactile etc.) if the variance
of the computed physiological parameters exceeds a base-
line value by more than a threshold value (for example but
not limited to +1-2%, +/-5%, +/-10% or greater from the
baseline value). Such an alert may indicate a patient condi-
tion or a problem with detecting the echo data (e.g. probe
misalignment or malfunction etc.) The baseline and/or
threshold values can be based on determined normal ranges
for the subject (species, age, race, sex, weight, previously
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medical history, medications taken etc.) or previous or
current measuretents from the same subject. Such infor-
mation can be entered by the operator of the ultrasound
imaging machine or can be read by the processor from an
electronic patient or subject record (RF id tag on an animal
cage, information encoded on a patient’s wrist, bar code, QR
code, etc.) In some embodiments, current physiological
parameters are compared with or displayed alongside with
previous parameters that are stored in an electronic medical
record.

[0044] Embodiments of the subject matter and the opera-
tions described in this specification can be implemented in
digital electronic circuitry, or in computer software, firm-
ware, or hardware, including the structures disclosed in this
specification and their structural equivalents, or in combi-
nations of one or more of them. Embodiments of the subject
matter described in this specification can be implemented as
one or more computer programs, i.e., one or more modules
of computer program instructions, encoded on computer
storage medium for execution by, or to control the operation
of, data processing apparatus.

[0045] A computer storage medium can be, or can be
included in, a computer-readable storage device, a com-
puter-readable storage substrate, a random or serial access
memory array or device, or a combination of one or more of
them. Moreover, while a computer storage medium is not a
propagated signal, a computer storage medium can be a
source or destination of computer program instructions
encoded in an artificially-generated propagated signal. The
computer storage medium also can be, or can be included in,
one or more separate physical components or media (e.g,,
EEPROM, flash memory, CD-ROM, magnetic disks, or
other storage devices). The operations described in this
specification can be implemented as operations performed
by a data processing apparatus on instructions stored on one
or more computer-readable storage devices or received from
other sources.

[0046] The term “processor” encompasses all kinds of
apparatus, devices, and machines for processing data,
including by way of example a programmable processor, a
computer, a system on a chip, or multiple ones, or combi-
nations, of the foregoing. The apparatus can include special
purpose logic circuitry, e.g., an FPGA (field programmable
gate array) or an ASIC (application-specific integrated cir-
cuit).

[0047] A computer program (also known as a program,
software, software application, script, or code) can be writ-
ten in any form of programming language, including com-
piled or interpreted languages, declarative or procedural
languages, and it can be deployed in any form, including as
a stand-alone program or as a module, component, subrou-
tine, object, or other unit suitable for use in a computing
environment. A computer program may, but need not, cor-
respond to a file in a file system. A program can be stored in
a portion of a file that holds other programs or data (e.g., one
or more scripts stored in a markup language document), in
a single file dedicated to the program in question, or in
multiple coordinated files (e.g., files that store one or more
modules, sub-programs, or portions of code). A computer
program can be deployed to be executed on one processor or
on multiple processors within the ultrasound imaging sys-
tem.

[0048] Processors suitable for the execution of a computer
program include, by way of example, both general and
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special purpose microprocessors. Generally, a processor will
receive instructions and data from a read-only memory or a
random access memory or both. Devices suitable for storing
computer program instructions and data include all forms of
non-volatile memory, media and memory devices, including
by way of example semiconductor memory devices, e.g.,
EPROM, EEPROM, and flash memory devices; magnetic
disks, e.g., internal hard disks or removable disks; magneto-
optical disks; and CD-ROM and DVD-ROM disks. The
processor and the memory can be supplemented by, or
incorporated in, special purpose logic circuitry.

[0049] To provide for interaction with a user, embodi-
ments of the subject matter described in this specification
can be implemented on an ultrasound imaging system hav-
ing a display device, e.g., an LCD (liquid crystal display),
LED (light emitting diode), or OLED (organic light emitting
diode) monitor, for displaying information to the user and a
keyboard and a pointing device, e.g., a mouse or a trackball,
by which the user can provide input to the system. In some
implementations, a touch screen can be used to display
information and to receive input from a user. Other kinds of
devices can be used to provide for interaction with a user as
well; for example, feedback provided to the user can be any
form of sensory feedback, e.g., visual feedback, auditory
feedback, or tactile feedback; and input from the user can be
received in any form, including acoustic, speech, or tactile
input.

[0050] From the foregoing, it will be appreciated that
specific embodiments of the invention have been described
herein for purposes of illustration, but that various modifi-
cations may be made without deviating from the scope of the
invention. Accordingly, the invention is not limited except as
by the appended claims.

I/'We claim:

1. An ultrasound imaging system, comprising:

a transducer configured to supply ultrasound signals to a
subject and to receive ultrasound echo signals from the
subject;

a processor configured to produce ultrasound image data
from received ultrasound echo signals and to supply the
ultrasound image data to a trained neural network that
is configured to identify the location of one or more
physical features in the image data, wherein the pro-
cessor is further configured to compute one or more
physiological parameters from the identified location of
the one or more physical features; and

a display configured to display one or more of the
computed physiological parameters.

2. The ultrasound imaging system of claim 1, wherein the
processor is configured to supply the ultrasound image data
to the trained neural network as a frame of the ultrasound
image data is created and to simultaneously display the
ultrasound image data and one or more of the physiological
parameters.

3. The ultrasound imaging system of claim 1, wherein the
processor is further configured to simultaneously display the
one or more physiological parameters and ultrasound image
data in which the location of the physical features are
identified by the neural network.

4. The ultrasound imaging system of claim 1, wherein the
processor is further configured to simultaneously display the
one or more physiological parameters and ultrasound image
data obtained with a different imaging modality than an
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imaging modality used to obtain the ultrasound image data
provided to the neural network.

5. The ultrasound imaging system of claim 1, wherein the
one or more physical features are walls of a ventricle and the
ultrasound image data is M-Mode ultrasound image data.

6. The ultrasound imaging system of claim 5, wherein the
one or more physiological parameters include one or more
of ejection fraction, fractional shortening, stroke volume and
cardiac output.

7. The ultrasound imaging system of claim 1, wherein the
processor is configured to calculate the physiological param-
eters over a number of cardiac cycles.

8. The ultrasound imaging system of claim 7, wherein the
processor is configured display an average of the calculated
physiological parameters over the number of cardiac cycles.

9. The ultrasound imaging system of claim 7, wherein the
processor is configured display a variance of the calculated
physiological parameters.

10. The ultrasound imaging system of claim 1, wherein
the processor is configured to compare one or more of the
calculated physiological parameters to a threshold and to
trigger an alert based on the comparison.

11. The ultrasound imaging system of claim 10, wherein
the threshold is read from a patient record.

12. The ultrasound imaging system of claim 1, wherein
the processor is configured to compare one or more of the
calculated physiological parameters to previous physiologi-
cal parameters from a patient record.

13. The ultrasound imaging system of claim 1, wherein
the processor is configured to display measurements on the
located physical features.

14. The ultrasound imaging system of claim 1, wherein
the processor is configured to receive signals from a respi-
ration sensor and wherein the processor is configured to
ignore ultrasound imaging data if the imaging data are
obtained when the respiration sensor indicates that the
subject is breathing.

15. A method of operating a processor in an ultrasound
imaging system, comprising:

producing ultrasound image data from received ultra-

sound echo signals and supplying the ultrasound image
data to a trained neural network that is configured to
identify the location of one or more physical features in
the image data,

computing one or more physiological parameters from

measurements of the identified one or more physical
features;

comparing the one or more computed physiological

parameters to a baseline value; and

producing an alert if one or more of the physiological

parameters varies by more than the threshold amount
from the baseline.

16. The method of claim 15, further comprising:

determining one or more of the threshold and baseline

based on a previous physiological parameter computed
for the subject.

17. The method of claim 15, further comprising:

determining the baseline based on at least one of the

subject’s race, age, sex and previous medical history.

18. The method of claim 16, further comprising:

determining the threshold based at least one of the sub-

ject’s race, age, sex and previous medical history.

I S T
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