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(7) ABSTRACT

A method of diagnosing a condition of bodily tissue using a
computer, the method comprising comparing, using a com-
puter, a 3D tissue model derived from an ultrasound scan of
the bodily tissue with at least one 3D tissue model having
common tissue with the bodily tissue, and diagnosing a
condition of the bodily tissue responsive to comparing the
3D tissue models.
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3-D ULTRASOUND IMAGING DEVICE AND
METHODS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is a continuation of and claims
priority to International Application No. PCT/US2012/
50590, entitled 3-D ULTRASOUND IMAGING DEVICE
AND METHODS,” filed Aug. 13, 2012 (pending), which
claims the benefit of and priority to U.S. Provisional Patent
Application Ser. No. 61/522,942, filed on Aug. 12, 2011, the
disclosures of which are incorporated herein by reference in
their entireties.

TECHNICAL FIELD

[0002] This invention relates generally to ultrasound
imaging devices and methods and, more specifically to
ultrasound imaging devices and methods for imaging a
patient’s body outside of a traditional medical facility envi-
ronment.

BACKGROUND

[0003] A major challenge for triage of casualties under
tactical field care is the absence of lightweight, accurate,
intuitive body imaging techniques for trauma patients. Casu-
alty presentation and evaluation on the battlefield or to
natural disasters can be complex. This complexity may be
further enhanced by the austere diagnostic environments
common to theaters of battle. Under these conditions, spinal
fractures can be difficult to identify, and pneumothorax
issues may be routinely difficult or impossible to accurately
diagnose via breath sounds and percussion. Bleeding in the
peritoneal, pleural, or pericardial spaces may also occur
without obvious clinical warning signs. Distracting obvious
open bone injuries and acute altered mental status or uncon-
sciousness can further conceal critical injuries. Accurate
triage is essential to allow a medic to stabilize the casualty
for transport or to call in a forward surgical team.

[0004] Current medical imaging techniques are expensive,
often expose patients to potentially harmful radiation, and
are mostly non-portable. X-Rays require bulky installation
and heavy lead shielding, which as a practical matter is
normally only accessible within a clinic or hospital. For
example, to fly a portable x-ray or fluoroscopy machine to
a remote military base would require one-third the cargo
capacity of a Chinook helicopter. Three dimensional (“3-D”)
imaging from x-rays remains undeployed and requires task-
specific a-priori data. Mobile Computed tomography
(“mCT”) offers high resolution imaging, eliminating shield-
ing needs and is smaller than standard CT imaging systems
while still providing 3-D imaging capability. CT is espe-
cially helpful in acute head trauma situations for identifying
fresh intracranial or subdural bleeding. However, the smaller
mobile gantries carnot image the entire body—only the
head and neck—and still involve exposing the patient to
radiation. Also, because of its large size, mCT is only
suitable for intra-hospital use with stable, sedated patients in
neurosurgery and intensive care wards. Additionally, con-
trast agents may be necessary for proper diagnosis. Magnetic
Resonance Imaging (“MRI”) does not use ionizing radia-
tion, but the large magnet installation largely relegates MRI
systems to hospital-based diagnosis methods. The use of
MRI is also undesirable in cases involving hemodynamic
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compromise, making it unfit for many casualty presenta-
tions. Furthermore, the time require for using these modali-
ties is substantial, which renders each unsuitable for a quick
field assessment or triage.

[0005] Ultrasound is a promising option for mobile trauma
diagnostics. Ultrasound is widely accepted as a means to
visualize internal organ space, and can be used concurrently
with other treatments and diagnostics. Ultrasound is a
cheaper modality than x-ray, mCT, or MRI, and is portable
enough to be packed in a small bag. However, ultrasound is
limited to two-dimensional (*2-D”) images that require
significant expertise to interpret. Focused Assessment with
Sonography in Trauma (“FAST”) is routinely used for quick
assessment of blunt and penetrating chest and abdominal
trauma, and is specifically indicated for identifying potential
pericardial effusion, intraperitoneal bleeding, or bleeding in
the pleural space (hemothorax). Assessment of pneumotho-
rax is available in an extended-FAST (“E-FAST”) protocol.
[0006] In civilian settings, FAST has been used to
decrease CT and diagnostic peritoneal lavage without risk to
the patient. In a military setting, ultrasound has been proven
useful in single-surgeon hospital-based trauma studies.
Recently, ultrasound has been deployed in the theater experi-
mentally in certain battalions with great success in 2-D soft
tissue imaging. This deployment of ultrasound has benefit-
ted the local civilian war wounded as well. However,
ultrasound has been relegated to non-emergent diagnostics
such as shrapnel identification in wounds or late identifica-
tion of closed limb fractures at the bedside. It has recently
been suggested that ultrasound could be used to address
bone fracture identification in the field, but this would
require that the user have extensive specialized training and
expertise.

[0007] Accurate diagnoses are difficult and yet most
essential with a complicated initial presentation in the field
or in a hospital emergency department. However, to date no
available modality has proven able to reliably detect bone
skeletal trauma—which is often undetectable by a physical
examination—along with other potential life-threatening
internal visceral injuries that produce air and blood collec-
tions in the patient.

SUMMARY

[0008] In an embodiment of the invention, an ultrasound
cover is provided for use with an ultrasound imaging system.
The ultrasound cover includes a central layer configured to
conform to a shape of a patient’s body and a plurality of
ultrasound sensors positioned within the central layer.
[0009] In another embodiment of the invention, a method
of examining a patient using ultrasound is provided. The
method includes positioning an ultrasound cover on the
patient. The ultrasound cover includes a central layer con-
figured to conform to a shape of a patient’s body and a
plurality of ultrasound sensors positioned within the central
layer. The method further includes acquiring raw RF ultra-
sound signals from at least one of the plurality of ultrasound
signals, extracting at least one echo from the raw RF
ultrasound signals, and creating a 3-D model of a portion of
the anatomy of the patient from the raw RF ultrasound
signals.

[0010] In yet another embodiment of the invention, an
ultrasound diagnostic system is presented. The ultrasound
diagnostic system includes an ultrasound cover that has a
central layer configured to conform to a shape of a patient’s
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body and a plurality of ultrasound sensors that are positioned
within the central layer. The ultrasound diagnostic system
further includes a computer having access to an orthopedic-
specific dataset. The data set includes data relating to a
plurality of patient bones that statistically models the mor-
phology of a bone. The computer is configured to acquire
and search ultrasound data to locate bony boundaries by
detecting specific echo patents and comparing the ultrasound
data to the orthopedic-specific dataset.

BRIEF DESCRIPTION OF THE FIGURES

[0011] FIG. 1 is a perspective view of a patient with an
ultrasound imaging system in accordance with an embodi-
ment of the invention.

[0012] FIG. 2 is a diagrammatic view of a computer
system suitable for use with the ultrasound system and
ultrasound cover in accordance with an embodiment of the
invention.

[0013] FIG. 3 is a top view of the ultrasound cover of FIG.
1

[0014] FIG. 4 is a bottom view of the ultrasound cover of
FIG. 1.

[0015] FIG. 5 is a cross-sectional view of a portion of the
ultrasound cover of FIG. 1.

[0016] FIGS. 6A-6C illustrate two embodiments of an
ultrasound sensor for use with the ultrasound cover of FIG.
1.

[0017] FIGS. 79 are top views of ultrasound covers in
accordance with embodiments of the invention.

[0018] FIG. 10 illustrates an embodiment of a sensor as a
linear multi-element ultrasound sensor in accordance with
an embodiment of the invention.

[0019] FIGS. 11-13 are top views of ultrasound covers
including dynamic sensors in accordance with alternative
embodiments of the invention.

[0020] FIG. 14 is a cross-sectional view of a portion of an
ultrasound cover of FIGS. 11-13.

[0021] FIG. 15 is a flow chart illustrating an exemplary
method of acquiring an A-mode ultrasound RF signal and
generating a 3-D patient-specific anatomical model.

[0022] FIG. 16 is a B-mode ultrasound image which may
optionally be shown from the A-mode ultrasound RF signal.

[0023] FIG. 17A is an example of a raw RF signal as
acquired by one sensor of the sensor array of an ultrasound
probe.

[0024] FIG. 17B illustrates RF signals overlaid on a

B-mode ultrasound image.

[0025] FIG. 17C is the ultrasound frame of a B-mode
ultrasound image with a bone echo contour identified.
[0026] FIG. 17D is a 3-D rendering of the RF signals
acquired in a data frame, which is shown in the B-mode
image format in FIG. 17C.

[0027] FIG. 17E is another 3-D rendering of an ultrasound
frame with select ones of the RF signals delineated.
[0028] FIG. 18 is a flow chart illustrating one exemplary
method of identifying and extracting an echo from the
A-mode ultrasound RF signal.

[0029] FIG.19Ais a 3-D rendering of an ultrasound frame
after envelope detection.

[0030] FIGS. 19B-19E respectively illustrate four exem-
plary envelopes of the sampled A-mode ultrasound RF
signal, with the echoes identified in each envelope.

[0031] FIGS. 20A and 20D are B-mode ultrasound frames
calculated from exemplary A-mode ultrasound RF signals.
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[0032] FIGS. 20B and 20E are ultrasound frames corre-
sponding to FIGS. 20A and 20D, respectively, with a bone
contour identified before noise removal and overlain on the
B-mode image.

[0033] FIGS. 20C and 20F are plots of the local standard
deviation of the bone contours of FIGS. 20B and 20E,
respectively.

[0034] FIGS. 21A, 21D are ultrasound frames illustrating
exemplary B-mode images constructed from A-mode ultra-
sound RF signals, and in which no bone tissue was scanned.
[0035] FIGS. 21B and 21E are ultrasound frames corre-
sponding to FIGS. 21 A and 21D, respectively, with the noisy
false bone contours shown.

[0036] FIGS. 21C and 21F are plots of the local standard
deviation of the last echoes of FIGS. 21B and 21F, respec-
tively.

[0037] FIG. 22 is a flow chart illustrating one exemplary

method of generating a bone point cloud from the isolated
bone contours.

[0038] FIGS. 23A, 23C, 24A, and 24C are exemplary
bone point clouds, generated in accordance with one
embodiment of the present invention.

[0039] FIGS. 23B, 23D, 24B, and 24D are examples in
which the bone point clouds of FIGS. 23A, 23C, 24A, and
24C, respectively, are aligned to a bone model.

[0040] FIG. 25 is a flow chart illustrating one exemplary
method of generating a statistical atlas of bone models.
[0041] FIG. 26 is a flow chart illustrating one exemplary
method of optimizing a bone model to the bone point cloud.
[0042] FIG. 27 is a schematic diagram of a diagnostic
system which compares 3-D model generated from ultra-
sound data to a database of anatomical models using a neural
network in accordance with one embodiment of the present
invention.

[0043] FIG. 28 is a diagrammatic representation of a
neural network classifier in accordance with one embodi-
ment of the present invention.

[0044] FIG. 29 is a diagrammatic representation of a
construction of a neural network.

DETAILED DESCRIPTION

[0045] Referring now to FIG. 1, a patient 10 is shown
covered by an ultrasound imaging device including an
ultrasound cover 12 with a top layer 14 in accordance with
one embodiment of the invention. Also shown are a vacuum
system 16 and an ultrasound imaging system 18 for coupling
to the ultrasound cover 12. The ultrasound imaging system
18 should be configurable such that the user may access
acquired RF ultrasound data. One suitable instrument may,
for example, include the diagnostic ultrasound model
SonixRP by Ultrasonix Inc. (Richmond, British Columbia,
Canada). The ultrasound imaging system 18 includes a
housing 20 containing a controller, (for example, a computer
22), an energy or power source (not shown), a user input
device 24, an output device (for example, a monitor 26), and
one or more ultrasound connector cables 28 for coupling to
the cover 12. The coupling connection between the com-
puter and cover 12 might also be wireless and handled by a
suitable wireless connection. The housing 20 may include
caster wheels 30 to facilitate transporting the ultrasound
imaging system 18.

[0046] The patient 10 is shown in an unclothed and supine
state to facilitate examination of the body in situations
involving trauma. The patient might also be in the prone
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state to evaluate the spine or to address how the patient
might be positioned in an actual trauma scenario. Internal
injuries may be difficult to detect unless there is significant
swelling in the injured body part or region. To provide
improved diagnostic capabilities, an ultrasound cover 12 in
accordance with an embodiment of the invention may be
operable in at least one of three modes: (1) a bone trauma
mode, such as for detection of bone fractures, e.g., cervical
spine or rib fractures; (2) a pneumothorax mode, e.g., for
detecting air pockets in the chest and abdominal regions; and
(3) an intra-peritoneal bleeding or hemothorax mode. Typi-
cally, all three modes would be used for diagnosing the
patient 10, but it is also possible for single modes to be used
selectively in accordance with other aspects of embodiments
of invention.

[0047] Referring now to FIG. 2, the computer 22 of the
ultrasound imaging system 18 is shown coupled to an
ultrasound cover 12 in the form of a vest. The computer 22
may be considered to represent any type of computer,
computer system, computing system, server, disk array, or
programmable device such as multi-user computers, single-
user computers, handheld devices, networked devices, or
embedded devices, etc. The computer 22 may be imple-
mented with one or more networked computers 32 or
networked storage devices 34 using one or more networks
36, e.g., in a cluster or other distributed computing system
through a network interface 38 (illustrated as “NETWORK
I/F”). For brevity’s sake, the computer 22 will be referred to
simply as “computer,” although it should be appreciated that
the term “computing system” may also include other suit-
able programmable electronic devices consistent with
embodiments of the present invention.

[0048] The computer 22 typically includes at least one
processing unit 40 (illustrated as “CPU™) coupled to a
memory 42 along with several different types of peripheral
devices, e.g., a mass storage device 44, a user interface 46
(illustrated as “User I/F’), which may include the input
device 24 and the monitor 26, and the Network I/F 38. The
memory 42 may include dynamic random access memory
(“DRAM”), static random access memory (“SRAM™), non-
volatile random access memory (“NVRAM”), persistent
memory, flash memory, at least one hard disk drive, and/or
another digital storage medium. The mass storage device 44
is typically includes at least one hard disk drive and may be
located externally to the computer 22, such as in a separate
enclosure, in one or more of the networked computers 32, or
one or more of the networked storage devices 34 (for
example, in a database server).

[0049] The CPU 40 may be, in various embodiments, a
single-thread, multi-threaded, multi-core, and/or multi-ele-
ment processing unit as is well known in the art. In alter-
native embodiments, the computer 22 may include a plural-
ity of processing units that may include single-thread
processing units, multi-threaded processing units, multi-core
processing units, multi-element processing units, and/or
combinations thereof as is well known in the art. Similarly,
the memory 42 may include one or more levels of data,
instruction, and/or combination caches, with caches serving
the individual processing unit or multiple processing units as
is well known in the art.

[0050] The memory 42 of the computer 22 may include an
operating system 48 (illustrated as “OS”) to control the
primary operation of the computer 22 in a manner that is
well known in the art. The memory 42 may also include at
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least one application, component, algorithm, program,
object, module, or sequence of instructions referred to herein
as program code 50. Program code 50 typically comprises
one or more instructions that are resident at various times in
the memory 42 and/or the mass storage device 44 of the
computer 22, and that, when read and executed by the CPU
40, causes the computer 22 to perform the steps necessary to
execute steps or elements embodying the various aspects of
the present invention.

[0051] Those skilled in the art will recognize that the
environment illustrated in FIG. 2 is not intended to limit the
present invention. Indeed, those skilled in the art will
recognize that other alternative hardware and/or software
environments may be used without departing from the scope
of the present invention.

[0052] An embodiment of the ultrasound cover 12 suitable
for rapid triage imaging is shown in more detail in FIG. 3.
Although the ultrasound cover 12 is specifically illustrated
in this embodiment as a vest configuration, the cover 12 may
alternatively be a jacket, a blanket, or other configuration or
device that is in a form that covers at least a portion of the
body. The cover 12 includes a plurality of ultrasound trans-
ducers or sensors 52 positioned on at least a portion of the
cover 12. As described in greater detail below, the exemplary
cover 12 is operable to non-invasively and quickly image the
thoraco-abdominal and pelvic areas of a patient 10 for
identification of internal injuries. Because the cover 12 is
lightweight and portable, the cover 12 may be placed against
the body of the patient 10, and is easily switchable between
multiple modes of operation. One or more of the plurality of
sensors 52 may be coupled to a sensor controller 54 by wires
56. The cover 12 may also include one or more vacuum ports
55 for coupling the cover 12 to the vacuum system 16. As
shown in FIGS. 3 and 4, the cover 12 may be shaped to
conform to a particular portion of the patient’s body, such as
the neck and thorax, abdomen and pelvis, for example. To
this end, the ultrasound cover 12 may include a neck region
58, wings 53, a mid-section 62, and abdominal flaps 64 for
imaging the neck, thorax, abdomen, kidneys and liver and
spleen of the patient 10.

[0053] Referring now to FIGS. 4 and 5, a bottom view of
the cover 12 is presented in FIG. 4, and a cross-sectional
view of the cover 12 is presented in FIG. 5. The sensors 52
may be arranged and positioned within a central layer 66 of
the cover 12 that includes a plurality of vacuum passages 68
therein. In accordance with one aspect of the invention, the
central layer 66 may be comprised of a material that can be
contoured to the injured patient’s body while retaining
sufficient rigidity to structurally support the sensors 52. The
vacuum passages 68 may terminate in a plurality of aper-
tures 70 along a bottom surface of the central layer 66 to
allow the cover 12 to be conformed to the patient’s shape by
drawing air through the vacuum passages 68.

[0054] A disposable vacuum membrane 72 may be remov-
ably coupled to the bottom of the central layer 66 and
positioned for contacting the patient 10. The disposable
membrane 72 provides for sanitary use of the cover 12, and
may include a silicone filling or layer without perforations,
a silicone layer with perforations 76, or a flexible polymeric
sheet comprised of, for example, polyurethane. For embodi-
ments in which the membrane includes perforations 76, the
perforations 76 may be configured to couple the vacuum
passages 68 to a bottom surface 78 of the membrane 72 so
that the ultrasound cover 12 can be held in place by drawing
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air through the vacuum passages 68. To this end, the
perforations may be aligned with the plurality of apertures
70. In any case, the vacuum membrane 72 is configured to
provide a good acoustic matching impedance to facilitate
ultrasound pulse penetration into the patient 10. The match-
ing impedance provided by the membrane 72 may also
improve ultrasound echo transmission and reception. The
use of ultrasound gel may therefore not be necessary with
the vacuum membrane 72; however, ultrasound gel may be
used with the membrane 72 if desired.

[0055] The vacuum ports 55 may extend externally from
the central layer 66, and are configured to be coupled to the
vacuum system 16 so that the vacuum system 16 can draw
air though the vacuum passages 68. One suitable vacuum
system 16 for use in embodiments of the invention may be,
for example, the LIMBLOGIC VSI by The Ohio Willow
Wood Co. (Mt. Sterling, Ohio). Accordingly, the central
layer 66 may, while under vacuum, conform to the shape of
the patient’s body for improving sensor contact with the
patient 10 and improving signal-to-noise ratios.

[0056] In an alternative embodiment, the disposable mem-
brane 72 may be an adhesive layer that, much like a
disposable bandage, temporarily adheres to the patient’s
skin during imaging. Still other embodiments may include a
weighted substrate, such as a lead x-ray apron, that is
positioned above the ultrasound cover 12 so as to apply a
force that conforms the cover 12 to the shape of the patient’s
body. For example, top layer 14 might incorporate a
weighted layer or substrate to conform the cover 12 to a
patient 10. Still other embodiments may include adhesive
strips (not shown, but, for example, VELCRO) that are used
to secure the ultrasound cover 12 around at least a portion of
the patient’s body.

[0057] The top layer 14 of the ultrasound cover 12 may be
coupled to the central layer 66 to provide protection to
various electrical components associated with the sensors
52, such as the connecting wires 56. The top layer 14 may
also be at least partially removable to facilitate sensor
replacement or adjustment, or otherwise allow access to the
SEnsors.

[0058] The sensors 52 may be either static or dynamic.
That is, the sensors 52 may be fixed or may be moveable
with respect to the ultrasound cover 12. One embodiment
may include round sensors 52 having a single element 80 as
shown in FIGS. 6A and 6B. Another embodiment may have
sensors 52 that include multiple elements 82 as shown in
FIGS. 6A and 6C. Although six elements are shown in FIG.
6C, persons having ordinary skill in the art will understand
that any number of elements may be used, and that these
elements may be arranged in any suitable design or pattern.
Embodiments of the invention are therefore not limited 1o a
specific number or configuration of sensor elements. The
sensors 52 may be high or low frequency sensors. For
example the sensors may include low frequency sensor
transducers (e.g., a sensor having 64 elements) for deeper
Near Field Depth (“NFD”) detection of air and blood. In an
alternative embodiment, the sensor 52 may include high
frequency sensor transducers for shallower but higher reso-
lution imaging that provide a shallower NFD. High and low
frequency sensors may be located together for identifying
different injuries.

[0059] One or more of the round sensors 52 may be
positioned along the ultrasound cover 12 in a pattern having
a generally uniform density, as shown in FIG. 3. In an
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alternative embodiment, the density of the sensors 52 may
vary within one or more areas or portions of the ultrasound
cover 12. For example, as shown in FIG. 7, a first portion of
the ultrasound cover 12a, illustrated here as the neck region
58, has a higher density of sensors 52 than a second or a
remaining portion 84 of the cover 124. This higher sensor
density may provide higher resolution imaging of the neck
and upper cervical spine of the patient 10. Because the areas
of the ultrasound cover 12a having higher sensor densities
may have less space to accommodate the vacuum passages
68, these high sensor density areas may include fewer or no
vacuum passages 68 as compared to other regions of the
ultrasound cover 12a. In still other embodiments, such as
illustrated in FIGS. 8 and 9, vests 125, 12¢ may include
higher sensor densities that generally cover the entire active
area of ultrasound cover 125, 12¢. However, in alternative
embodiments, these higher sensor densities may be localized
to specific body areas of the ultrasound cover 12 similarly as
shown in FIG. 7. Covers with higher densities of sensors in
the thoracic region may be chosen for patients suspected of
injury to a specific body region.

[0060] Another embodiment of an ultrasound transducer
or sensor 52 is illustrated in FIG. 10 as a linear element
sensor 86 having a plurality of elements 88 in a generally
linear configuration. Referring now to FIGS. 11-13, which
show top views of covers 12d-12f, and FIG. 14, which
shows a representational cross-sectional view of the covers
124-12f, one or more of these linear element sensors 86 may
be positioned on at least a portion of an ultrasound cover
12d, 12, 12f for higher resolution imaging. Persons having
ordinary skill in the art will understand that such an embodi-
ment may include complex electronics and may require
multiple ultrasound connectors 90 to facilitate coupling the
sensors 52, 86 to the ultrasound imaging system 18 via one
or more ultrasound connector cables 28. Linear element
sensors 86 may be positioned throughout the ultrasound
cover 12d, or may be localized for high resolution imaging
of specific regions of the patient 10. For example, a plurality
of the sensors §6 may be positioned on the left wing 60 of
the ultrasound cover 12d to acquire high resolution ultra-
sound signals from an area proximate to the patient’s left
kidney or spleen. As shown in FIG. 11, an embodiment of an
ultrasound cover 12e¢ may include multiple pluralities of
linear element sensors 86 grouped in areas along the neck
region 58, the mid-section 62, and the left wing 60, for
imaging the neck, thorax, and the left kidney or spleen
portion, respectively.

[0061] In alternative embodiments of the invention,
dynamic sensors may be implemented. The covers 12d-12f
each includes one or more dynamic sensors 92 in accordance
with an embodiment of the invention. The dynamic sensors
92 may include a track 94 and one or more mobile sensors
96 that are configured to scan the whole body (DYNamic-
Full or “DYNF”), such as sensors with tracks 94a, or only
partial body segments (DYNamicPartial, “DYNP”), such as
sensors with tracks 945. Accordingly, the ultrasound covers
12d-12f may be comprised entirely of DYNF sensors,
entirely DYNP sensors, or may have at least one portion
having DYNF dynamic sensors and at least one portion
having DYNP sensors.

[0062] As best shown in FIG. 14, the track 94 is typically
located in the central layer 66. The at least one mobile sensor
96 may be any suitable ultrasound sensor, such as a multi
crystal linear element similar to the linear element sensor 86
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illustrated in FIG. 10. The one or more mobile sensors 96
may be configured to move along the track 94. The track
length may be configured as desired, with a longer track 94a
being used for imaging the whole length of the body, and a
shorter track 945 being used to image a smaller portion of
the body or body segment. The mobile sensor 96 may be a
low frequency sensor transducer (e.g., a sensor having 64
elements) for deeper Near Field Depth (“NFD”) detection of
air and blood. In an alternative embodiment, the mobile
sensor 96 may be a high frequency sensor transducer for
shallower but higher resolution imaging that provides a
shallower NFD. High and low frequency sensors may be
located at opposing ends of a single track 94 for sequential
imaging and for identifying different injuries.

[0063] Various embodiments of ultrasound covers 124-12f
having one or more dynamic sensors 92 may also include
static linear sensors 86, as shown in FIGS. 11-13. More
particularly, in FIG. 13, a first plurality of static sensors 86
is positioned in the neck region 58, a plurality of DYNF
sensors 92 are positioned along the left half of the mid-
section 62, a first plurality of DYNP sensors 92 are posi-
tioned along the right half of the mid-section 62, a second
plurality of DYNP sensors 92 are positioned on a right
abdominal flap 64, such as for visualizing the liver, and a
second plurality of static sensors 86 are positioned on the left
abdominal flap, such as for visualizing the spleen.

[0064] The use of the dynamic sensors 92 may decrease
the number and complexity of the sensor electronics as
compared to the static sensors 86 described previously.
However, use of dynamic sensors 92 may also increase scan
times, and may require the addition of actuators (not shown)
for moving the mobile sensors 94 in their respective tracks
96.

[0065] In operation, the ultrasound cover 12 may be
positioned on the patient 10 and connected to the ultrasound
imaging system 18 by coupling the ultrasound connectors 90
to the system 18 via connector cables 28. If vacuum assisted
attachment of the ultrasound cover 12 to the patient 10 is
desired, the vacuum system 16 may be coupled to the one or
more vacuum ports 55 and activated. In cases where the
vacuum system 16 is coupled to less than all the vacuum
ports 55, the unused vacuum ports 55 may be plugged or
may include one-way valves that prevent air from entering
the unused ports. The ultrasound imaging system 18 should
be configurable such that the user may access acquired
radiofrequency (“RF”) ultrasound data. To obtain ultrasound
data from the patient 10, an ultrasound signal is transmitted
from the system 18 via the connector cables 28 and con-
nector 90 to one or more sensors 52, 86, 92. The one or more
sensors thereby generate an ultrasound signal that is trans-
mitted into the patient 10. A received RF echo may then be
transmitted along the cable 28 to the computer 22 of
ultrasound imaging system 18 for processing in accordance
with an embodiment of the present invention.

[0066] To use the highest available contrast and spatial
resolution in the data, the computer 22 utilizes the acquired,
raw RF signals to automatically extract the bone or other
tissue contours from the ultrasound scans rather than relying
on conventional 2-D B-mode images. Data processing is
performed as scans are received from the transducers with
no lag in visualization of the 3-D image.

[0067] An orthopedic-specific dataset 23 may be main-
tained in a database or one or more data structures in the
mass storage device 44 of computer 22, or on one or more
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of the external devices 32, 34. The orthopedic-specific data
set 23 may include data relating to a plurality of patient
bones (e.g., over one hundred) that statistically models the
morphology of each bone. With this a priori information
serving as a training set, algorithms search the ultrasound
data as the data is acquired to locate bony boundaries. This
real-time image analysis enables the display of 3-D bones
overlaid with 2-D image slices as a scan is performed,
making the imaging intuitive and easy to read. Where field
of view of the scan is limited, the bone may still be
visualized based on its most likely shape given the available
data. Discontinuities can easily be detected, alerting the user
to fractures.

[0068] Both static and mobile image features may be
acquired and displayed for identifying areas with these
characteristics within the scan field of view. Especially
problematic areas may also be highlighted. Probabilistic
signal modeling allows intelligent processing of new data
based on a priori anatomic information. A suitable system
for use with embodiments of the present invention may
include, for example, the system and/or systems PCT Patent
Application Ser. No. PCT/US11/46318, entitled METHOD
AND APPARATUS FOR THREE DIMENSIONAL
RECONSTRUCTION OF JOINT USING ULTRASOUND,
filed on Aug. 2, 2011; U.S. patent application Ser. No.
12/364,267, entitled NONVINVASIVE DIAGNOSTIC
SYSTEM, filed on Feb. 2, 2009; and U.S. patent application
Ser. No. 13/196,701, entitled NONINVASIVE DIAGNOS-
TIC SYSTEM, filed on Aug. 11, 2011; all such applications
are incorporated herein by reference in their entireties.

[0069] Turning now to FIG. 15, one possible embodiment
of the invention may utilize a method 150 of acquiring
ultrasound data for construction of a 3-D patient-specific
anatomical model. The method begins with acquiring a
plurality of RF signals 142 (FIG. 17A) from an A-mode
ultrasound beam scan of a region of the patient 10. In block
152, one or more sensors 52, 92 in the area to be imaged is
selected to acquire the RF signals for creating the 3-D
patient-specific model of that region of the patient. The
sensors 52, 92 may be selected based on their position at two
or more locations in proximity to the selected region of the
patient 10. These sensors may be located on the patient’s
epidermis adjacent to the region to be imaged for acquisition
of an A-mode RF signal. Although the acquired signal
includes a plurality of RF signals 142, for convenience, the
RF signals 142 are sometimes referred to herein in singular
form.

[0070] The position of the patient 10 may be held station-
ary to avoid motion artifacts during image acquisition. The
vacuum features of the invention may also be used to
mitigate motion artifacts. Should motion occur, scans may
be automatically aligned to the statistically-most likely
position given the data acquired. Furthermore, holding the
patient 10 stationary and compensating for movement
removes the need for invasive fiducial bone markers or
high-error skin markers. In some embodiments, B-mode
images may also be processed from the gathered data (Block
154) for subsequent visualization and overlain with the
anatomical contours, as described in more detail below. In
the case where a joint is being imaged, when the RF signal
142 (and if desired B-mode image) acquisition is complete
for a first degree of flexion, the patient’s joint may be moved
to another degree of flexion and another reflected RF signal
acquired (Block 156). Again, if desired, the B-mode image
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may also be acquired (Block 158). The user then determines
whether acquisition is complete or whether additional data is
required (Block 160). That is, if visualization of a desired
surface of one or more anatomical features is occluded
(“NO” branch of decision block 160), then the method
returns to acquire additional data at another degree of flexion
(Block 156). If the desired surfaces are sufficiently visible
(“YES” branch of decision block 160), then the method 150
continues. Resultant RF signal profiles, anatomical models,
bone models, bone contours, and so forth may be displayed
on the monitor 26 during and after the model reconstruction.
[0071] After all data and RF signal acquisition is com-
plete, the computer 22 is operated to automatically isolate
that portion of the RF signal, i.e., the bone contour, from
each of the plurality of RF signals. In that regard, the
computer 22 may sample the echoes comprising the RF
signals to extract a bone contour for generating a 3-D point
cloud 165 (FIG. 17B) (Block 164). More specifically, and
with reference now to FIGS. 17A-17E, one method 164 of
extracting the bone contours from each of the RF signal 142
is shown. FIG. 17A illustrates one exemplary, raw RF signal
142 as acquired by one or more sensors 52, 86, 92 of the
cover 12. Each acquired raw, RF signal includes a number
of echoes 162, wherein the echoes 162 may be isolated,
partially overlapping, or fully overlapping. Each of the
plurality of echoes originates from a reflection of at least a
portion of the ultrasound energy at an interface between two
tissues having different reflection and/or attenuation coeffi-
cients, as described in greater detail below.

[0072] FIGS. 17B and 17C illustrate an ultrasound frame
146 having select ones of the raw RF signals 142 with some
echoes 162 identified. FIGS. 17D and 17E are 3-D render-
ings of 2D images taken from an vltrasound frame 146 with
select ones of the RF signals 142 identified in FIG. 17E.
[0073] Referring now to FIG. 18, the method of extracting
the bone contour 162a (FIG. 19A) begins with a model-
based signal processing approach incorporating a priori
knowledge of an underlying physical problem into a signal
processing scheme. In this way, the computer 22 may
process the RF signal 142 and remove some preliminary
noise based on an estimated, or anticipated, result. For
example, with ultrasound signal acquisition, the physical
problem is represented by the governing waveform equa-
tion, such as described in VARSLOT T, et al., “Computer
Simulation of Forward Wave Propagation in Soft Tissue,”
IEEE Transactions on Ultrasonics, Ferroelectrics, and Fre-
quency Control, 1473-1482:52(9), September 2005, which
paper is incorporated by reference herein in its entirety. The
wave equation describes the propagation behavior of the
ultrasonic wave in a heterogeneous medium. The solution to
the wave equation may be represented as a state-space
model-based processing scheme, such as described in
CHEN Z, et al., “Bayesian Filtering: From Kalman Filters to
Particle Filters, and Beyond,” Statistics, 1-69, retrieved from
http://citeseerx.ist. psu.edu/viewdoc/download?doi=10.1.1.
107.7415& rep=repl &type=pdf, accessed August 2011,
which paper is incorporated by reference herein in its
entirety. In accordance with one embodiment of the present
invention, a general solution to the model-based ultrasound
wave estimator problem is developed using Bayesian esti-
mators (e.g., maximum a posteriori), which leads to a
nonlinear model-based design.

[0074] The model-based signal processing of the RF sig-
nal 142 begins with enhancing the RF signal by applying the
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model-based signal processing (here, the Bayesian estima-
tor) (Block 167). To apply the Bayesian estimator, offline
measurements are first collected from phantoms, cadavers,
and/or simulated tissues to estimate certain unknown param-
eters, for example, an attenuation coefficient (i.e., absorption
and scattering) and an acoustic impedance (i.e., density,
porosity, compressibility), in a manner generally described
in VARSLOT T (refer above). The offline measurements
(Block 169) are input into the Bayesian estimator and the
unknown parameters are estimated as follows:

z=h(x)+v )

P(0)=e P cos(2mf, ) )

[0075] Where h is the measurement function that models
the system and v is the noise and modeling error. In
modeling the system, the parameter, x, that best fits the
measurement, z, is determined. For example, the data fitting
process may find an estimate of X that best fits the measure-
ment of z by minimizing some error norm, ||, of the
residual, where:

e=z-h(%) 3

[0076] For ultrasound modeling, the input signal, z, is the
raw RF signal from the offline measurements, the estimate
h(x) is based on the state space model with known param-
eters of the offline measurements (i.e., density, etc.). The
error, v, may encompass noise, unknown parameters, and
modeling errors in an effort to reduce the effect of v by
minimizing the residuals and identifying the unknown
parameters form repeated measurements. Weighting the last
echo within a scan line by approximately 99%, as bone, is
one example of using likelihood in a Bayesian framework.
A Kalman filter may alternatively be used, which is a special
case of the recursive Bayesian estimation, in which the
signal is assumed to be linear and have a Gaussian distri-
bution.

[0077] 1t would be readily appreciated that the illustrative
use of the Bayesian model here is not limiting. Rather, other
model-based processing algorithms or probabilistic signal
processing methods may be used within the spirit of the
present invention.

[0078] With the model-based signal processing complete,
the RF signal 142 is then transformed into a plurality of
envelopes to extract the individual echoes 162 existing in the
RF signal 142. Each envelope is determined by applying a
moving power filter to each RF signal 142 (Block 168) or
other suitable envelope detection algorithm. The moving
power filter may be comprised of a moving kernel of length
that is equal to the average length of an individual ultrasound
echo 162. With each iteration of the moving kernel, the
power of the RF signal 142 at the instant kernel position is
calculated. One exemplary kernel length may be 20 samples;
however, other lengths may also be used. The value of the
RF signal 142 represents the value of the signal envelope at
that position of the RF signal 142. Given a discrete-time
signal, X, having a length, N, each envelope, Y, using a
moving power filter having length, [, is defined by:

Kk . . )
Vo= Y XMk e [E,N— 3 -1
i:k*%
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[0079] In some embodiments, this and subsequent equa-
tions use a one-sided filter of varying length for the special
cases of the samples before the

0t~

sample (left-sided filter), and after the
L
N-Z-1

sample (right-sided filter).

[0080] Each envelope produced by the moving power
filter, as shown in FIG. 17B, includes a plurality of local
peaks (identified in FIG. 17B as enlarged dots at the inter-
section of each envelope with an echo 162). Each local peak
is a clear representation of the individual echoes 162 exist-
ing in the acquired RF signal 142 for the various tissue
interfaces. As an example of such process, FIGS. 19A-19D
more clearly illustrate the RF signal 142 (top in each figure)
at four iterations of the kernel of the moving power filter as
well as the corresponding envelope (bottom in each figure).
Individual echoes 162 in each envelope are again identified
with an enlarged dot.

[0081] Of the plurality of echoes 162 in the RF signal 142,
one echo 162 is of particular interest, e.g., the echo corre-
sponding to the bone-soft tissue interface. This bone echo
1624 is generated by the reflection of the ultrasound energy
at the surface of the scanned bone. More particularly, the soft
tissue-bone interface is characterized by a high reflection
coefficient of 43%, which means that 43% of the ultrasound
energy reaching the surface of the bone is reflected back to
the sensors 52, 86, 92 of the cover 12. This high reflectivity
gives bone the characteristic hyper-echoic appearance in an
ultrasound image.

[0082] Bone is also characterized by a high attenuation
coeflicient of the applied RF signal (6.9 db/cm/mHz for
trabecular bone and 9.94 db/cm/mHz for cortical bone). At
high frequencies, such as those used in musculoskeletal
imaging (that is, in the range of 7-14 MHz), the attenuation
of bone becomes very high and the ultrasound energy ends
at the surface of the bone. Therefore, an echo 162a corre-
sponding to the soft-tissue-bone interface is typically the last
echo 1624 in the RF signal 142. The bone echo 162a is
identified by selecting the last echo having a normalized
envelope amplitude (with respect to a maximum value
existing in the envelope) above a preset threshold (Block
170).

[0083] The bone echoes 162a are then extracted from each
frame 146 (Block 172) and used to generate the bone
contour existing in that RF signal 142, as shown in FIG. 17C
(Block 174). In extracting the bone echoes, a probabilistic
model (Block 171) may be input and applied to the RF
signals 142 of each frame 146. The probabilistic model
(Block 171) may further be used in detecting cartilage
within the envelopes of the RF signals 142 (Block 173).
While the probabilistic signal processing method may
include the Bayesian estimator described previously, in still
other embodiments, the signal processing may be a maxi-
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mum likelihood ratio, neural network, or a support vector
machine (“SVM?”), for example, the latter of which is further
described below.

[0084] Prior to implementing the SVM, the SVM may be
trained to detect cartilage in RF signals. One such way of
training the SVM includes information acquired from a
database comprising of MRI images and/or RF ultrasound
images to train the SVM to distinguish between echoes
associated with cartilage from the RF signals 142, and from
within the noise or in ambiguous soft tissue echoes. In
constructing the database in accordance with one embodi-
ment, bone structures from multiple patient’s are imaged
using both MRI and ultrasound. A volumetric MRI image of
each bone structure is reconstructed, processed, and the
cartilage and the bone tissues are identified and segmented.
The segmented volumetric MRI image is then registered
with a corresponding segmented ultrasound image (wherein
bone tissue is identified). The registration provides a trans-
formation matrix that may then be used to register the raw
RF signals 142 with a reconstructed MRI surface model.

[0085] After the raw RF signals 142 are registered with the
reconstructed MRI surface model, spatial information from
the volumetric MRI images with respect to the cartilage
tissue may be used to determine the location of a cartilage
interface on the raw RF signal 142 over the articulating
surfaces of the bone structure.

[0086] The database of all bone structure image pairs
(MRI and ultrasound) is then used to train the SVM.
Generally, the training includes loading all raw RF signals,
as well as the location of the bone-cartilage interface of each
respective RF signal. The SVM may then determine the
location of the cartilage interface in an unknown, input raw
RF signal. If desired, a user may chose from one or more
kernels to maximize a classification rate of the SVM.

[0087] In use, the trained SVM receives a reconstructed
bone structure image of a new patient as well as the raw RF
signals. The SVM returns the cartilage location on the RF
signal data, which may be used, along with tracking infor-
mation from the sensor controller 54 to generate 3-D coor-
dinates for each point on the cartilage interface. The 3-D
coordinates may be triangulated and interpolated to form a
complete cartilage surface.

[0088] With continued reference to FIG. 18, the resultant
bone contours may be noisy and require filtering to remove
echoes 162 that may be falsely detected as the bone echo
162q. Falsely detected echoes 162 may originate from one
of at least two sources: (1) an isolated outlier echoes and (2)
a false bone echoes. Furthermore, some images may not
include a bone echo 162a; therefore any detected echo 162
is noise and should be filtered out. Therefore, proper deter-
mination of the preset threshold or filtering algorithm may
prevent the false selection of a falsely detected echo 162.

[0089] Isolated outliers are those echoes 162 in the RF
signal 142 that correspond to a tissue interface that is not the
soft-tissue-bone interface. Selection of the isolated outliers
may occur when the criterion is set too high. If necessary, the
isolated outliers may be removed (Block 176) by applying a
median filter to the bone contour. That is, given a particular
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bone contour, X, having a length, N, with a median filter
length, L, the median-filter contour, Y, is:

Y, = Median[Xk__l:, xk+é]v ke [% N- I§ - 1]
2 2

[0090] False bone echoes are those echoes 162 resulting
from noise or a scattering echo, which result in a detected
bone contour in a position where no bone contour exists. The
false bone echoes may occur when an area that does not
contain a bone is scanned, the ultrasound sensor 52, 86, 92
1s not oriented substantially perpendicular with respect to the
bone surface, the bone lies deeper than a selected scanning
depth, the bone lies within the selected scanning depth but
its echo is highly attenuated by the soft tissue overlying the
bone, or a combination of the same. Selection of the false
bone echoes may occur when the preset threshold is too low.
[0091] Frames 146 containing false bone echoes should be
removed. One such method of removing the false bone
echoes (Block 178) may include applying a continuity
criteria. That is, because the surface of the bone has a regular
shape, the bone contour, in the two-dimensions of the
ultrasound image, should be continuous and smooth. A false
bone echo will create a non-continuity, and exhibits a high
degree of irregularity with respect to the bone contour.
[0092] One manner of filtering out false bone echoes is to
apply a moving standard deviation filter; however, other
filtering methods may also be used. For example, given the
bone contour, X, having a length, N, with a median filter
length, L, the standard deviation filter contour:

(6)

[0093] Where Y, is the local standard deviation of the
bone contour, which is a measure of the regularity and
continuity of the bone contour. Segments of the bone con-
tour including a false bone echo are characterized by a
higher degree of irregularity and have a high Y, value. On
the other hand, segments of the bone contour including only
echoes resulting from the surface of the bone are character-
ized by high degree regularity and have a low Y, value. A
resultant bone contour 180, resulting from applying the
moving median filter and the moving standard deviation
filter, includes a full length contour of the entire surface of
the bone, one or more partial contours of the entire surface,
or contains no bone contour segments.

[0094] FIGS. 19A-19F and 20A-20F illustrate the resul-
tant bone contour 180 that is selected from those segments
of the extracted bone contour that satisfy two conditions: (1)
the continuity criteria, having a local standard deviation
value below selected standard deviation threshold, and (2) a
minimum-length criteria, which avoids piecewise-smooth
noise contour segments from being falsely detected as bone
contour. In some exemplary embodiments, the length of the
standard deviation filter may be set to 3 and the threshold set
to 1.16 mm, which may correspond to 30 signal samples.
Accordingly, FIGS. 20A and 20D illustrate two exemplary
RF signals 142 with the resultant bone contours 180
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extracted and filtered from the noise 182 (including isolated
outliers and false body echoes), shown in FIGS. 20B and
20E, respectively. FIGS. 20C and 20F respectively illustrate
the standard deviation, Y,, calculated as provided in Equa-
tion 6 above. FIGS. 21A-21F are similar to FIGS. 20A-20F,
but include two exemplary signals 142 in which no bone
tissue was scanned.

[0095] With the bone contours isolated from each of the
RF signals, the bone contours may now be transformed into
a point cloud. For instance, returning now to FIG. 15, the
resultant bone contours 180 may then undergo registration to
construct a bone point cloud 194 representing the surface of
at least a portion of each scanned bone (Block 186), which
1s described herein as a multiple step registration process. In
one embodiment, the process is a two-step registration
process. The registration step (Block 186) begins by trans-
forming the resultant bone contour 180 from a 2D contour
in the ultrasound frame into a 3-D contour in the world
frame (Block 188). This transformation is applied to all
resultant bone contours 180 extracted from all of the
acquired RF signals 142.

[0096] To transform the resultant bone contour 180 into
the 3-D contour, each detected bone echo 162a undergoes
transformation into a 3-D point as follows:

echo = Mecho TsCus M
Mine ®)
Lecho = Liyans 77—
" Nlinm
PS;ZO = Prram—origin + dechoay + [echoifx (9)
Petho = HopPecho (10

[0097] Where the variables are defined as follows:

[0098] d,_,, depth of the bone echo (cm)

[0099] n,,, sample index of the detected bone echo

[0100] T, RF signal sampling period (sec/sample)

[0101] C,, speed of ultrasound in soft tissue (154x10°
cm/s)

[0102] 1., distance from the P, .., (FIG. 2) of the

transducer array 68 (FIG. 2) to the current scan line (cm)

[0103] P, %, detected point on the bone surface repre-
sented in the local frame

[0104] n;,, index of the scan line containing the bone echo
in the image

[0105] N,,,., number of scan lines in the image

[0106] P, 7 detected surface of the bone relative to the
world frame

[0107] H,,” homogeneous transformation between the
local frame and the world frame, as described previously

[0108] H,,” dynamically obtained transformation that
contains the position and orientation of the optical marker
86 (FIG. 2)

[0109] If so desired, an intermediate registration process

may be performed between the resultant bone contour and a

B-mode image, if acquired (Block 190). This registration

step is performed for visualizing the resultant bone contour

180 with the B-mode image 146 (FIG. 16), which provides

visual validation and feedback of the resultant bone contour

180 detection process, in real time, while the user is per-

forming the scan. This visual validation may aid the user in

determining whether acquisition is completed (Block 160),
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as described previously. More specifically, the resultant bone
contour 180 is registered with the B-mode image by:

P echoI:(Zecho]xdechon) (1

[0110]

tion (pixels/cm) for the x- and y-axes respectively. P,_, *
denotes the coordinates of the bone contour point relative to
the ultrasound frame.

[0111] After the resultant bone contours 180 are trans-
formed and, if desired, registered (Block 190) (FIG. 22), the
plurality of point clouds 165 (FIG. 23B) are generated
representing the surface of the bone. During the second
registration process the plurality of point clouds 165 are
integrated into a bone point cloud 194 representing the entire
surface of the scanned bone.

[0112] To begin the second registration process, as shown
in FIGS. 23A-23D, the plurality of point clouds 164 are
initially aligned to a standardized model of the scanned
bone, here a model bone 200, for example, by using 4-6
previously specified landmarks 196 (Block 192). More
specifically, the user may identify the plurality of landmarks
196 on the model bone 200, which need not be identified
with high accuracy. After this initial alignment, an iterative
closest point (“ICP”) alignment is performed to more accu-
rately align the plurality of point clouds to the standardized
model. If necessary, noise may be removed by thresholding
for a distance between a respective point of the plurality of
point clouds and the closest vertices in the model bone 200.
However, alternative embodiments may use other filtering
methods. For instance, an average distance plus one standard
deviation may be used as the threshold. The process is
repeated for each point cloud 165 of the plurality for the
surface of the scanned bone. The now aligned point clouds
165 are then integrated into a single uniform point cloud 194
that represents the surface of the scanned bone (Block 202).
[0113] After the point clouds 194 are formed, a bone
model may be optimized in accordance with the point clouds
194. That is, the bone point cloud 194 is then used to
reconstruct a 3-D patient-specific model of the surface of the
scanned bone. The reconstruction begins with a determina-
tion of a bone model from which the 3-D patient-specific
model is derived (Block 210). The bone model may be a
generalized model based on multiple patient bone models
and may be selected from a principle component analysis
(“PCA”) based statistical bone atlas. One such a priori bone
atlas, formed in accordance with the method 212 of FIG. 25,
includes a dataset of 400 dry bone and tibia bone pairs,
scanned by CT (Block 214) and segmented to create models
of each bone (Block 216). The method of building and using
one such statistical atlas is described in MAHFOUZ M et al.,
“Automatic Methods for Charactetization of Sexual Dimot-
phism of Adult Femora: Distal Bone,” Computer Methods in
Biomechanics and Biomedical Engineering, 10(6) 2007,
which paper is incorporated by reference herein in its
entirety.

[0114] FEach bone model, M,, (where 1 €[1, NJ|, N being
the number of models in the dataset) has the same number
of vertices, wherein the vertex, V,, in a select one model
corresponds (at the same anatomical location on the bone) to
the vertex, V,, in another one model within the statistical
atlas.

[0115] PCA was then performed on each model in the
dataset to extract the modes of variation of the surface of the
bone (Block 218). Each mode of variation is represented by

Where I, and I, denote the B-mode image resolu-
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a plurality of eigenvectors resulting from the PCA. The
eigenvectors, sometimes called eigenbones, define a vector
space of bone morphology variations extracted from the
dataset. The PCA may include any one model from the
dataset, expressed as a linear combination of'the eigenbones.
An average model of all of the 3-D models comprising the
dataset is extracted (Block 220) and may be defined as:

L
Mo = = ) M

L
M; = Mg + ) g UV i €1, N]
k=1

[0116] Where the variables are defined as follows:
[0117] M,,, is the mean bone of the dataset
[0118] L dimensionality of the eigenspace (i.e., the num-

ber of eigenbones) and is equal to N
[0119] N number of models in the data
[0120] U, k™ eigenbone
[0121] o, k™ shape descriptor or eigenbone’s coefficient
for the i model
[0122] Furthermore, any new model, M,,,,, i.e., a model
not already existing in the dataset, may be approximately
represented by new values of the shape descriptors (eigen-
vectors coefficients) as follows:

AMn =

[0123] Where the variables are defined as follows:
[0124] M, new bone model

[0125] ¢, indexed shape descriptors for the new model
[0126] W number of principal components to use in the
model approximation, where W<l

[0127] Theaccuracy ofM,,,,, is directly proportional to the
number of principal components (W) used in approximating
the new model and the number of models, L, of the dataset
used for the PCA. The residual error or root mean square
error (“RMS”) for using the PCA shape descriptors is

defined by:

+3, Po Uy (14)

avg’

RMS=rms[M,,,~ (M, +Z;_, " 0, U] 15)
[0128] Therefore, the RMS when comparing any two

different models, A and B, having the same number of
vertices is defined by:

m (16)
z‘l IV - Vil
RMS=msA-B) =\ —
m

[0129] Where V , is the j* vertex in model A, and simi-
larly, V; is the i™ vertex in model B.

[0130] Referring again to the flow chart of method 150 in
FIG. 15, the average model (“AVERAGE” branch of Block
210) is loaded (Block 230) or a subset model is selected
(“SELECTED” branch of Block 210) from the statistical
atlas based on demographics that are similar to the patient
and loaded (Block 232) for optimization. The bone point
cloud 194 is then applied to the loaded model (Block 234)
so that the shape descriptors of the loaded model may be
changed to create the 3-D patient-specific model. If desired,
one or more shape descriptors may be constrained (“YES”
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branch of Block 254) so that the 3-D patient-specific model
will have the same anatomical characteristics as the loaded
model. Accordingly, the one or more shape descriptors are
set (Block 238). With the constraints set, the loaded model
may be deformed (or optimized) (Block 240) into a model
that resembles the appropriate bone and not an irregularly,
randomly shaped model. If no constraints are desired (“NO”
branch of Block 240) and then the loaded model is optimized
(Block 240).

[0131] Changing the shape descriptors to optimize the
loaded model (Block 240) may be carried out by one or more
optimization algorithms. These algorithms may be guided
by a scoring function to find the values of the principal
components coeflicients to create the 3-D patient-specific
new model, and are described with reference to F1G. 26. The
illustrated optimization algorithm includes a two-step opti-
mization method of successively-applied algorithms to
obtain the 3-D patient-specific model that best fits the bone
point cloud 194 as discussed below. Although a two-step
method is described, the present invention is not limited to
a two-step optimization method.

[0132] Referring now to FIG. 26, the first algorithm may
use a numerical method of searching the eigenspace for
optimal shape descriptors. More specifically, the first algo-
rithm may be an iterative method that searches the shape
descriptors of the loaded model to find a point that best
matches the bone point cloud 194 (Block 250). One such
iterative method may include, for example, Powell’s conju-
gate gradient descent method with a RMS as the scoring
function. The changes are applied to the shape descriptors of
the loaded model by the first algorithm to form a new model,
M,,..., (Block 252) defined by Equation 14. The new model,
M,,,.., is then compared with the bone point cloud 194 and
the residual error, E, calculated to determine whether a
further iterative search is required (Block 254). More spe-
cifically, given a bone point cloud, Q, having n points
therein, and an average model, M, ., with I vertices, there
may be a set of closest vertices, V, in the average model,
M,,, to the bone point cloud, Q.

vimargmin,, e vi-g[Vi€[1,2]/E(1.1] an

[0133] Where v, is the closest point in the set, V, to q, in
the bone point cloud, Q. An octreemay be used to efficiently
search for the closest points in M, . The residual error, E,
between the new model, M, ,, and the bone point cloud, Q,
1s then defined as:

E=r-Qff (18)

[0134] With sufficiently high residual error (“YES” branch
of Block 254), the method returns to further search the shape
descriptors (Block 250). If the residual error is low (“NO”
branch of Block 254), then the method proceeds.

[0135] The second algorithm of the two-step method
refines the new model derived from the first algorithm by
transforming the new model into a linear system of equa-
tions in the shape descriptors. The linear system is easily
solved by linear system equation, implementing conven-
tional solving techniques, which provide the 3-D patient-
specific shape descriptors.

[0136] Referring again to FIG. 26, and to transform the
new model into the linear system, the roots of the linear
system must be determined (Block 256). More specifically,
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the first partial derivatives of the residual error, E, with
respect to the shape descriptors, a,, are equal to zero. The
error function, Equation 18, may be expressed in terms of
the vertices, v,, of the set, V, and the points, p,, of the point
cloud, Q:

E=%, "lv-q) 19)

[0137] And may also be expressed in terms of the new
model’s shape descriptors as:

ERV g2t "o U )-OF (20)

[0138] Where V. is the set of vertices from the loaded
model’s vertices, which corresponds to the vertices set, V,
that contains the closest vertices in the new model, M,
that is being morphed to fit the bone point cloud, Q. U, is
a reduced version of the k™ eigenbone, U,, containing only

the set of vertices corresponding to the vertices set, V.

[0139] Combining Equations 19 and 20, E maybe
expressed as:

E :zizlmH(Vavg,ﬁ'ZL:l WGM B in 21

[0140] Wherev,,, , is the i” vertex of Ve Similarly, u, /!

is the i vertex of the reduced eigenbone, U,'.

[0141] The error function may be expanded as:

s m W, 2
E=Z MWt 2t O % )+ Pag it

W b W 2
2t OV g ) Cavg et Oy 72,107 (22)

ul,);

[0142] Where X, is the x-coordinate of the i” vertex of
the average model, x,, is the x-coordinate of the i vertex of
the k” eigenbone, and X, 1s the x-coordinate of the i” point
of the point cloud, Q. Similar arguments are applied to the
y- and z-coordinates. Calculating the partial derivative of E

with respect to each shape descriptor, o, yields:

oE
— =0Vkell, W]
a(l’k

9E _ 4

604 -

m

W w
Z [Z[Xavg,; + Z WX i~ xp.;]xk,. + 2[yavg,; + Z Ay i = yp.;]

) =1 =1

=O0Vke[l, W]

w
Vi + Z[Zavg,.‘ + Z Uy gy — Zp.i]Zk,i

=1

[0143]
vields:

Recombining the coordinate values into vectors

w (25)

mn
OE
o Z {(Vavg,i )+ [Z al”f,;] U= iU
=1

i=1

=Wkell, W]

[0144]

B MM o e )Rt (Gt~ (Vg Ui )] (26)

And with rearrangement:
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[0145] Reformulating Equation 26 into a matrix form
provides a linear system of equations in the form of Ax=B:

Wil Wt e Uyt T e 27N
m | WLiHh HhHy e e Uy || @
i=1 :
Wity Wit e wy ;-why L aw
(G5 = Vave,i)- u1;)
m | (G = Vavg,i) ¥a;)
i=1
(qx - Vavg,i) : M/W,i)
[0146] The linear system of equations may be solved using

any number of known methods, such as singular value
decomposition (Block 258).

[0147] In one embodiment, the mahalanobis distance is
omitted because the bone point clouds are dense, thus
providing a constraining force on the model deformation.
Therefore the constraining function of the mahalanobis
distance may not be needed, but rather is avoided to provide
the model deformation with more freedom to generate a new
model that best fit the bone point cloud.

[0148] An ultrasound procedure in accordance with the
embodiments of the present invention may, for example,
generate approximately 5000 ultrasound images. The gen-
erated 3-D patient-specific models (Block 260, FIG. 15),
when compared against CT-based segmented models,
yielded an average error of approximately 2 mm.

[0149] The solution to the linear set of equations provides
a description of the patient-specific 3-D model derived from
an average, or select, model from the statistical atlas. This
3-D model may be optimized in accordance with the point
cloud transformed from a bone contour that was isolated
from a plurality of RF signals. The solution may be applied
to the average model to display a patient-specific 3-D bone
model for aiding in pre-operative planning, mapping out
injection points, planning a physical therapy regiment, or
other diagnostic and/or treatment-based procedures that
involves a portion of the musculoskeletal system.

[0150] Cartilage 3-D models may be reconstructed a
method that is similar to that which was outlined above for
bone. During contour extraction, the contour of the cartilage
is more difficult to detect than bone. Probabilistic modeling
(Block 171) (FIG. 18) is used to process the raw RF signal
to more easily identify cartilage, and SVM aids in detection
of cartilage boundaries (Block 173) based on MRI training
sets. A cartilage statistical atlas is formed by a method that
may be similar to what was described for bone; however, as
indicated previously, MRI is used rather than the CT (which
was the case for bone). The segmentation (Block 216) (FIG.
25), variation extraction (Block 218) and base model mor-
phing (Block 240) (FIG. 15) are processed to produce a
reconstructed cartilage model in the same manner as a bone
model is reconstructed. The cartilage model may be dis-
played alone, or in conjunction with the 3D patient-specific
bone model.

[0151] Referring now to FIG. 27, a diagnostic system 300
includes a software based neural network 302, which may be
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in the form of program code 50 residing in the memory 42
of computer 22. A first module 304 may output a 3-D model
of a portion of the patient’s anatomy to the computer 22 for
data processing by way of the neural network 302. A second
module 306 may include a database of anatomical datasets
(e.g., the orthopedic-specific data set 23) or models, and may
output one or more of these models to the computer 22 for
processing by the neural network 302. That is, the 3-D
model may be compared to the database of models by the
neural network 302. The neural network 302 may then return
a diagnosis based on the comparison. The information
provided also allows the visualization of air where it should
not exist, such as in portions of the abdomen, and also fluid
in the chest. These may be important areas or diagnosis for
an injured patient. The data processing may provide one or
more of a visual output, an audible output, and a diagnosis
by way of a suitable visual display 308, such as the monitor
26.

[0152] FIG. 28 illustrates one embodiment of a neural
network classifier 322 having multiple binary outputs 323a,
323b, 323¢, 3234, i.e., each output is either a “1” or “0,”
wherein the “1” corresponds to “yes” and the “0” corre-
sponds to “no.” In this neural network classifier 322, each
output 323a, 3235, 323¢, 323d represents the response of the
neural network 302 to a particular condition or injury type.
For example, one output 323a¢ may represent a normal or
uninjured condition, while another output 3235 may repre-
sent the response for anterior cruciate ligament deficit or
some other trauma. In either case, the output state of the
respective condition will be “1” if the state is detected, and
“0” otherwise. Similarly, the neural network 302 may output
an appropriate state for other diagnosed conditions, such as
a degenerative condition 323¢ or a fracture 323d. The neural
network 302 and the classifier 322 may be significantly more
or less sophisticated, depending on the underlying model of
the anatomical feature in question.

[0153] FIG. 29 illustrates one embodiment of a construc-
tion 325 of the neural network 302. The construction 325
includes formulating a supervised classifier using a training
set 324 of the database of anatomical models to a dataset 326
of normal and injured anatomical models. The neural net-
work 302 is trained with the training set 324 of vectors,
wherein each vector consists of data (e.g., 3-D ultrasound
models) collected from one or more patients 10 or test
subjects.

[0154] Once the neural network 302 is trained, the neural
network 302 may be used to classify new cases and catego-
rize an injury type using raw ultrasound data. Those skilled
in the art will readily understand that the types and classi-
fications desired to be accommodated by the neural network
302 necessarily include training the neural network 302 on
these very types of classifications. Exemplary types and
classifications of imjuries to mammalian anatomy include,
without limitation, trauma conditions, soft tissue damage,
and bone fractures. Likewise, the neural network 302 will
need to be trained to differentiate between and normal and
abnormal anatomical conditions.

[0155] Bony trauma diagnosis of the spine, ribs, and
clavicle may be imaged in 3-D for diagnosing fracture and
dislocation. The complexity of the thoracic and lumbar spine
occludes certain areas, making fractures additionally diffi-
cult to locate in an austere environment. The diagnostic
algorithm is configured to compare an obtained 3D model to
a baseline model to alert the operator to areas of concern,
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such as where a portion of bone is out of a statistical variance
limit with respect to the baseline. 3-D visualization is
particularly helpful with the lumbar spine, where complex
structures and overlapping facet joints make fracture iden-
tification additionally complex. The whole-bone a priori
database is used to find the most likely shape of the vertebrae
despite portions occluded from the ultrasound field of view.
This also allows discontinuities to be detected even in some
cases where the site of fracture is outside the ultrasound field
of view.

[0156] With respect to internal hemorrhage, retroperito-
neal bleeding, and hemothorax, a volume imaging mode of
the invention uses the gathered data and allows visualization
of blood from blunt or perforating trauma where the under-
lying injury is hidden, as well as mutilating trauma where
excessive external tissue damage and bleeding may obscure
additional internal trauma. This mode works well even in
hypotensive casualties. The location of the fluid collection is
easily correlated to associated organ and vascular injury.
This knowledge may be particularly important in preventing
early death from hemorrhage.

[0157] For evaluating pneumothorax, areas of air may be
identified in the data. The air can be visualized and differ-
entiated from bone, soft tissue or fluid. Crisp boundaries of
black in the pleural space may identify air in the lungs.
Artifacts such as lung sliding and comet tail which are
typically created during normal breathing efforts are typi-
cally absent in the case of pneumothorax. Usually, the
preferred view is between the 2nd intercostals space. If
pneumothorax is confirmed, needle thoracentesis (thoracos-
tomy) is typically indicated. A follow-up scan can be made
by replacing the ultrasound cover front after needle insertion
to confirm adequate depth has been achieved (i.e. air evacu-
ated). The identification of GI perforation will be investi-
gated by applying the same techniques to the lower abdomi-
nal area, and may be an additional feature identified though
the free fluid and air imaging modes.

[0158] While the invention has been illustrated by a
description of various embodiments, and while these
embodiments have been described in considerable detail, it
is not the intention of the applicant to restrict or in any way
limit the scope of the appended claims to such detail.
Additional advantages and modifications will readily appear
to those skilled in the art. The invention in its broader
aspects is therefore not limited to the specific details, rep-
resentative methods, and illustrative examples shown and
described. Accordingly, departures may be made from such
details without departing from the spirit or scope of appli-
cant’s general inventive concept.

What is claimed is:

1.-20. (canceled)

21. A method of diagnosing a condition of bodily tissue
using a computer, the method comprising:

comparing, using a computer, a 3D tissue model derived

from an ultrasound scan of the bodily tissue with at
least one 3D tissue model having common tissue with
the bodily tissue; and,

diagnosing a condition of the bodily tissue responsive to

comparing the 3D tissue models.

22. The method of claim 21, wherein comparing the 3D
tissue models includes comparing the 3D tissue model
derived from the ultrasound scan of the bodily tissue with a
plurality of 3D tissue models each having common tissue
with the bodily tissue.
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23. The method of claim 22, wherein:

the at least one 3D tissue model comprises a plurality of
3D tissue models each having common tissue with the
bodily tissue;

the comparing, using the computer, includes using a

neural network to compare the 3D tissue model derived
from the ultrasound scan of the bodily tissue with the
plurality of 3D tissue models each having common
tissue with the bodily tissue;

the diagnosing the condition of the bodily tissue includes

outputting a diagnosis by the neural network respon-
sive to the comparing.

24. The method of claim 23, wherein the diagnosing
includes an indication that the bodily tissue is at least one of
normal, torn, degenerative, and fractured.

25. The method of claim 23, wherein the plurality of 3D
tissue models of the neural network include a training data
set comprising a plurality of 3d tissue models each having a
known diagnosis.

26. The method of claim 21, further comprising display-
ing the 3D tissue model derived from the ultrasound scan of
the bodily tissue and the at least one 3D tissue model having
common tissue with the bodily tissue on a graphical display.

27. The method of claim 21, wherein:

the 3D tissue model derived from the ultrasound scan of

the bodily tissue includes both bone and cartilage; and
the at least one 3D tissue model having common tissue
with the bodily tissue includes both bone and cartilage.

28. The method of claim 21, wherein:

the at least one 3D tissue model having common tissue

with the bodily tissue comprises a 3D baseline tissue
model;

the comparing includes identifying portions of the 3D

tissue model derived from the ultrasound scan of the
bodily tissue that exceed a predetermined statistical
variance limit with respect to the 3D baseline tissue
model.

29. The method of claim 21, wherein:

the 3D tissue model derived from the ultrasound scan of

the bodily tissue includes stagnant blood in cases of
internal hemorrhage;

the stagnant blood is the result of at least one of blunt

trauma and perforating trauma; and,

diagnosing the condition includes identifying whether the

stagnant blood is the result of at least one of blunt
trauma and perforating trauma.

30. A method of diagnosing a condition of bodily tissue
using a computer, the method comprising:

using a neural network to process raw ultrasound data

generated during an ultrasound scan of the bodily tissue
to at least one of classify a new case concerning the
bodily tissue and categorize an injury to the bodily
issue; and,

diagnosing a condition of the bodily tissue responsive to

at least one of classifying the new case and categorizing
the injury.

31. The method of claim 30, wherein classifying the new
case includes classifying the new case as at least one of a
trauma condition, a soft tissue damage condition, and a bone
fracture condition.

32. The method of claim 30, wherein the neural network
is trained with a training set of vectors, where each of the
vectors include 3D ultrasound data.
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33. The method of claim 30, wherein the neural network
is trained to differentiate between normal tissue anatomy and
abnormal tissue anatomy.

34. The method of claim 30, wherein the neural network
is trained with a training set of vectors, where each of the
vectors include 3D ultrasound data.
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