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DISPERSIVE ULTRASOUND TECHNOLOGY
AS A DIAGNOSTIC DEVICE FOR
TRAUMATIC BRAIN INJURIES

BACKGROUND OF THE INVENTION

Traditional diagnostic methods require information from
medical imaging technologies and chemical analysis of
bodily fluids. Medical imaging technologies such as Mag-
netic Resonance Imaging (MRI), Computed Tomography
(CT), Positron Emission Tomography (PET) or Ultrasound
scans can provide highly detailed geometrical information
about a patient’s internal organs. They accomplish this by
mapping out the geometrical distribution of internal tissues or
fluid. It is widely used for diagnosing physical illness such as
tumours or injuries. Chemical analysis of biological samples
can provide detailed information about chemical composition
within the body.

The drawback of medical imaging, however, is that it pro-
vides only geometric information but contains little informa-
tion about composition. Chemical and/or biological analysis
on the other hand provides composition but not geometry.
Certain illnesses, such as traumatic brain injuries, are often
difficult to detect with medical imaging as these injuries do
not show any initial symptoms and can be hard to localize or
deteriorate too fast for chemical analysis, thus making it
difficult to treat many patients effectively. The present inven-
tion proposes the use of dispersive ultrasound as a non-inva-
sive diagnostic system for traumatic brain injury.

In general, ultrasound refers to longitudinal mechanical
waves with high frequencies in the range of MHz. Ultrasound
systems have traditionally been used for medical or industrial
imaging, wherein ultrasound reflection points are mapped out
in order to build up an internal image of the target. These
systems return information about the internal structure of a
target but not its composition.

Dispersion is an effect in which the non-linear, frequency-
dependent bulk modulus of the medium results in different
propagation speeds for different sound frequencies. Since the
properties of the bulk modulus depend on the specific char-
acteristics of the medium, such as density, composition, mix-
ture concentration, distribution and in some situations chemi-
cal composition, the pattern of frequency-dependent
propagation speeds can be used to identify the medium. In
other words, the dispersive effect is the result of different
propagation speeds for different frequencies. As can be seen
in Equations (1) and (2), the propagation speed c(f) as a
function of frequency has a dependency on elasticity K, for
liquid media and the bulk modulus K, for solid media.

K,
\{ o 'ﬁad

c(f)= \[ Kl;if) for solid media

Thus, a Dispersive Ultrasound System (DUS) measures the
ultrasound dispersion patterns of different media and uses
these patterns for identification. A DUS utilizes ultrasound
pulses of different frequencies to interrogate a medium in
order to provide propagation times for each of the transmitted
frequencies. This process provides estimates of the dispersion
patterns c(f) for a specific contained medium. Since each
medium has a unique bulk modulus, a DUS can identify
unknown contained media by matching the dispersion pattern

ef) =

for liquid media
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of the unknown sample with a previously established library
of dispersion patterns of known media.

The observed changes to the propagation speed are usually
very small and require a very precise measurement of the
propagation speed. Instead of measuring the speed of sound
in the media, it is easier to accurately measure the propagation
time of ultrasound signals that travel along a known distance
from a transmitter T to a receiver R, as depicted in FIG. 1.

As shown by Equation (3), the propagation speed c(f) can
be estimated from the propagation time t(f) by assuming that
the constant dimension d, is known.

One way to very accurately measure the propagation time
t(f) required for the signal to travel from the transmitter to the
receiver is by using a very high sampling frequency for the
received signal. To achieve the necessary accuracy, however,
a sampling frequency in the GHz range would be necessary.
Such a system would be formidably expensive and have unac-
ceptable power requirements for a portable device. Instead,
we observe that an ultrasound signal is not only described by
its frequency but also by phase information:

x(Ey=A-sin(2nf 1+¢) ©)

Therefore, to overcome the requirement for a high sam-
pling frequency, the phase information of the ultrasound wave
can be used along with its amplitude to provide accurate
estimates of propagation times.

It is commonly known that the phase information only
covers arange from - to +7. Hence, it can only be used to get
additional information about one period of the signal. Beyond
that, this information keeps repeating itself. Using a phenom-
enon from wave theory called beat-note, which is the result of
the combination of two acoustic continuous wave signals that
are close in pitch but yet not identical. The difference in
frequency generates the beating. The frequency of the beat-
note is given by:

Soea > )

The closer f; and f, are, the lower is the resulting frequency
1, ... and the longer is the period of the resulting beat phase
T ea=1/f) s The use of the beat-note approach allows for the
unique identification of a certain point in the signal. Once this
unique point has been found, the phase information of the
individual frequency can be used to accurately calculate
propagation times.

Phase information is not limited by the sample rate, and
therefore can provide nanosecond scale precision using
sample rates only in the megahertz range. The complication
with this approach however is the need to resolve the phase
ambiguity problem, arising from the fact that phase informa-
tion wraps around for every change in propagation time
greater than a single period in the signal, as was discussed in
the previous section.

An early approach (Stergiopoulos et al., 2008, “Non-inva-
sive monitoring of vital signs and traumatic brain injuries”,
Defence R&D Canada—Toronto, Department of National
Defence, (Technical Report), DRDC Toronto, TR 2008-105;
U.S. Pat. No. 7,854,701) to solving the phase ambiguity prob-
lem used two closely spaced component frequencies to create
a pair of high and low side image frequencies, that is, when
the product of the two component frequencies are taken, they
produce a new signal that is made up of two component
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signals, each with frequencies and phase at the sum and
difference of the component frequencies:

sin(2rfy + ¢u)sin Qxfr +¢2) = (6)

(cos(2n(fi — f2) + (p1 = ¢2)) — cosr(fi + f2) + (¢1 + $2))
2

The two resulting frequencies are called the high side
image frequency (f;+f,) and the low side image frequency
(f,-f,); and they should satisfy Eq. (7), which requires also a
variable sampling rate. With a small enough frequency dif-
ference between the component frequencies, each cycle of the
low side image frequency could span the entire transmission
and reception pulse of the component signals. It was assumed
that the frequencies of the component signals would be close
enough that dispersive effects between them would be negli-
gible. The phase position of the low side image frequency
could then be used to match each cycle in the transmitted
signal to its counterpart in the received signal, therefore solv-
ing the phase ambiguity problem.

m
£#—;withm,neN

R

M

It was later determined that there is a reciprocal relation-
ship between the frequency spacing of the component signals
and the accuracy and sensitivity of the low side image signal’s
phase information.

As the frequency difference becomes smaller, the period of
the low side image signal grows larger relative to the compo-
nent signals’ period, increasing the precision required in
marking its phase. Furthermore, since the phase of the low
side image signal is directly related to the phase difference of
the component frequencies, any slight dispersion will cause
the image signal to shift in phase by the same amount. Com-
pounded with the increased precision requirement, the negli-
gible dispersion assumption does not translate into negligible
error, and phase ambiguity can not be resolved reliably with
this method under all dispersion conditions.

In other words, the previous method described in Ster-
giopoulos et al., 2008 and U.S. Pat. No. 7,854,701 was based
upon the beat-note and the assumption that the dispersive
effect is negligible for the two component frequencies. How-
ever, simple simulations can show that this assumption is very
limited. As an example, let us consider two signals with
frequencies f,=4.33333 MHz and {,=4.6666666 MHz are
used. According to Equation (5), the beat time for these two
frequencies is 3 us. Assuming there is no dispersion in the
propagation speed of the ultrasound signals, then for this
example ¢=1540 m/s. The resulting beat phase is shown in
FIG. 2. Furthermore, it is assumed that the zero crossing of the
beat phase is the point the system uses to calculate the time.
Bushong and Archer (Bushong and Archer, 1991, “Diagnos-
tic Ultrasound”, Mosby Inc,) define the speed of sound for an
aqueous human haemoglobin solution as:

o m ®
¢y = (1523.83.+ 0.4013-Logl )~

The difference in speed for the two above frequencies
results is then:
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4

Ac(jy = (1523.83+0.4013 - log(4.3x 109) = —
5

(1523.83 + 04013 logd.6 x 105) - = 1232
N N

If now the speed of sound only changes by 5 m/s for the
frequency f,, the resulting beat information changes to the
one shown in FIG. 2. As a result, the initially used calibration
point has moved into a completely different period than it was
before. The error of this method grows with the bandwidth
used and prevents the acquisition of reliable data sets. This
may have an impact in providing reliable diagnosis, as dis-
cussed herein.

SUMMARY OF THE INVENTION

According to a first aspect of the invention, there is pro-
vided a method of identifying an unknown medium compris-
ing:

a) interrogating an unknown medium with a plurality of
ultrasound pulses at different frequencies;

b) identifying individual signals by pulse duration, center
frequency and bandwidth;

¢) estimating the propagation time through the medium for
a first ultrasound frequency using cross correlation;

d) improving the estimate of the propagation time by deter-
mining zero phase crossing using linearity of phase;

e) repeating steps (b)-(d) for all frequencies;

) using information derived from ultrasound pulses to
generate an ultrasonic fingerprint of the medium; and

) identifying the medium based on characteristics of the
fingerprint.

In some embodiments, the method includes at step (b)
applying a temporal window to the signal.

The ultrasound signal may be a broadband frequency
modulated signal.

Each signal may have a bandwidth of about 0.5 MHz.

Finite Impulse Response (FIR) filters may be applied to the
cross correlation data.

The phase information may be calculated by Hilbert trans-
formation.

The ultrasound fingerprint may be compared to a database
of fingerprints of known media and the unidentified medium
is identified based on said comparison.

The medium may be intracranial tissues.

The medium may be intracranial tissues which have been
altered by a brain injury.

The database comparison may be carried out by a support
vector machine.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1. Ultrasound signal traveling from transmitter T to
receiver R in a medium with dimension d.

FIG. 2. Phase information along signal in time domain
(left), detailed zero crossing.

FIG. 3. Unfiltered transmit and receive signals.

FIG. 4. Unwindowed and windowed Frequency Modula-
tion (FM) signals in the time domain (left) and frequency
domain (right).

FIG. 5. Filtered transmit and received signals.

FIG. 6. Spectrum of filtered and unfiltered signals.

FIG. 7. Signal and cross correlation with replica.

FIG. 8. Cross correlation with replica for received signal.

FIG. 9. Received signal, its instantaneous phase and cross
correlation with replica.
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FIG. 10. Linear interpolation of phase zero crossing used
for sub-sample time measurement.

FIG. 11. Three-dimensional example of hyper-space
sample distribution and classification.

FIG. 12. Uncertainties in the propagation times induced by
time-resolution limits in the Dispersive Ultrasound System.
The dashed lines indicate the range of uncertainty in the
propagation time as a function of the system’s time resolu-
tion. The propagation times are normalized with respect to the
frequency having the longest propagation time. The left-hand
side shows a randomly selected frequency set in the range of
0-5 MHz; the right hand side shows a frequency set in the
same range, but with a 0.4 MHz inter-frequency spacing to
avoid overlap of the uncertainty bands resulting from the
finite time resolution of the device.

FIG. 13. Data used for testing Support Vector Machine
(SVM) results. Line colour represents frequencies. The ver-
tical axis is normalized propagation time and the horizontal
axis is acquisition number. The black lines at the bottom are
SVM output representing the SVM-identified classes associ-
ated with the data above. Classification was 99% successful.

FIG. 14. Training data for the quality control experiment.
Coloured lines represent different frequencies. The vertical
axis is propagation time and the horizontal axis is acquisition
number. All acquisitions and their associated groups are input
into the SVM during training. Temporal ordering has no
effect on training results.

FIG. 15. Data used for testing and SVM results. Line color
represents frequencies. The vertical axis is the normalized
propagation time and the horizontal axis is acquisition num-
ber. The black lines at the bottom are the SVM output repre-
senting the SVM-identified classes associated with the data
above.

DESCRIPTION OF THE PREFERRED
EMBODIMENTS

Unless defined otherwise, all technical and scientific terms
used herein have the same meaning as commonly understood
by one of ordinary skill in the art to which the invention
belongs. Although any methods and materials similar or
equivalent to those described herein can be used in the prac-
tice or testing of the present invention, the preferred methods
and materials are now described. All publications mentioned
hereunder are incorporated herein by reference.

Timely and rapid detection of non penetrating, closed
Traumatic Brain Injury (TBI) remains a major challenge in
military field operations. Mortality and morbidity from such
injuries can be reduced if the injury is rapidly diagnosed and
treated in far forward battalion medical aid stations and field
hospitals, where sophisticated diagnostic tools are limited or
not available. Exposure to blast pressure waves, for example,
couldresult in injury to the brain that is not evident to external
observation, and may go undetected. As such, there is a press-
ing need for portable diagnostic tools that can be deployed for
early detection of neurological injury in front-line situations,
where such injuries are most likely to occur.

Described herein is the use of ultrasound pulses at different
frequencies to track the dispersion properties of intracranial
tissues which may have been altered due to traumatic or other
neurological brain injury. Dispersive ultrasound does not pro-
vide imaging, but it can provide data of significant diagnostic
value by using decision support systems that can be trained as
a medical diagnostic system for traumatic brain injuries
applications to detect specific patterns of dispersion that are
associated with specific intracranial injuries.
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The core innovation for the present Dispersive Ultrasound
System (DUS) is the signal processing configuration that
provides estimates of the propagation time for signals of
different frequencies. As stated in the previous section, highly
accurate estimates of the signals’ propagation times are
required. This implies that simple time of arrival counting
techniques are insufficient. Instead, chirping, phase measure-
ment and new signal processing techniques have been used in
a specific order that constitutes the core of the innovation to
extract information from the signal in order to arrive at sub-
sampling rate resolution. The current real time signal process-
ing configuration of DUS contains four stages:

a) Signal Generation and Transmission

b) Propagation Time Estimation

(1) Cross Correlation, estimates the propagation time to

within one period

(ii) Zero Phase Crossing, improves the propagation time

estimate using linearity of phase

¢) Decision Support System.

According to an aspect of the invention, there is provided a
method of identifying an unknown medium comprising:

a) interrogating an unknown medium with a plurality of
ultrasound pulses at different frequencies;

b) identifying individual signals by pulse duration, center
frequency and bandwidth;

¢) estimating the propagation time through the medium for
a first ultrasound frequency using cross correlation;

d) improving the estimate of the propagation time by deter-
mining zero phase crossing using linearity of phase;

e) repeating steps (b)-(d) for all frequencies;

) using information derived from ultrasound pulses to
generate an ultrasonic fingerprint of the medium; and

2) identifying the medium based on characteristics of the
fingerprint.

As discussed herein, in some embodiments, the method
includes at step (b) applying a temporal window to the signal

Preferably, the ultrasound signal is a broadband frequency
modulated signal.

Preferably, each signal has a bandwidth of about 0.5 MHz
although other suitable bandwidths may beused, as discussed
herein.

As discussed herein, in some embodiments, Finite Impulse
Response (FIR) filters are applied to the cross correlation
data.

The phase information may be calculated by Hilbert trans-
formation

The ultrasound fingerprint may be compared to a database
of fingerprints of known media and the unidentified medium
may be identified based on this comparison, as discussed
herein.

In some embodiments, the medium is intracranial tissues.
In yet other embodiments, the medium is intracranial tissues
which have been altered by a brain injury or are suspected of
having been altered by a brain injury, as discussed herein. In
these embodiments, the frequencies may be between 500 kHz
and 10 MHz.

As discussed below, the database comparison may be car-
ried out by a support vector machine (SVM).

The dispersive ultrasound requires the transmission of sig-
nals at multiple frequencies in order to map out propagation
delay characteristics. Several factors limit the frequencies
that can be used. The first restriction is the signal attenuation
and absorption in the medium to be measured. For most liquid
media, almost all frequencies can propagate without signifi-
cant attenuations; however, potential applications in hetero-
geneous media and brain impairment diagnostic applications
restrict the frequencies to the range between 500-KHz and
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10-MHz. As will be appreciated by one of skill in the art, the
selection ofthe ultrasound frequencies is based on the absorp-
tion and dispersive properties of the interrogated medium and
as such different frequency ranges may be used for the inter-
rogation of different mediums.

Herein, the propagation time for each frequency is calcu-
lated independently and does not rely upon any information
derived from other signals through a beat-note effect. To
facilitate this calculation, the novel method uses broadband
frequency modulated (FM) signals rather than monochro-
matic narrowband continuous wave (CW) signals as taught in
U.S. Pat. No. 7,854,701. The bandwidth of the FM signal
provides enough information to uniquely identify the begin-
ning of a received signal. However, this new method also
relies upon the estimation of the phase at a given sample point
to increase the accuracy in the estimation process of the
signal’s propagation time.

The combined bandwidth of multiple frequencies can
cover a range of a few megahertz. The information derived
from these signals can then be used to generate a fingerprint of
the medium, and this kind of fingerprint information can be
used to classify a medium of interest as discussed herein.

Thus, the current algorithm is invariant to the sampling
frequency and this approach for constant sampling frequency,
for all the radiated FM signals, minimizes the complexity of
the electronic design configuration.

The transmitted broadband signal is described by a number
of parameters. These parameters are the pulse duration, the
center frequency and its bandwidth. In order to reduce effects
of harmonics, a temporal window is applied to the Frequency
Modulated (FM) signal. At this point, it is important to note
that the present invention is not restricted to FM type of
signals and other types of broadband signals can be used as
well. FIG. 3 shows the digitized unfiltered transmit and
received signals and FIG. 4 shows a typical broadband trans-
mit signal in Time and Frequency domains. In the Time
domain, the amplitude of the windowed signal increases sym-
metrically slowly over time and reaches its maximum around
the centre of the pulse. In the Frequency domain, the -3 dB
bandwidth of the windowed signal is, as expected, more than
twice the width of the unwindowed signal, but the side-lobe
structure of the windowed signal is highly suppressed. In
conclusion, the advantages of a windowed signal are that it
has less energy in the side-lobes and a wider effective band-
width in the region of interest.

As will be apparent to one of skill in the art, for unwin-
dowed signals, there may be confusion in identifying the
correct maximum peak of correlation output and therefore the
estimates of the time delay (propagation time) may be wrong.
Thus, windowed signals are much easier to use to identify the
correct location of the maximum peak of the correlation out-
put and therefore provide more accurate estimates of the
propagation time.

Thus, each broadband radiated signal was chirped with an
initial centre frequency in the range of 1.0 MHZ to 10-MHz
and a bandwidth of 0.5 MHz, to allow for improved signal to
noise ratio in the correlation process. As will be appreciated
by one of skill in the art, the wider the signal bandwidth, the
sharper and more narrow the width of the peak of the corre-
lation output and the much more precise the propagation time
estimates. For example, in an illustrative example, 500 KHz
signal bandwidths that are centered at different frequencies in
the range of 500 KHz to 10 MHz may be used. In this illus-
trative example, the selection of the centre frequencies is
closely related with the transducer characteristics. For
example, if two centre frequencies to be used are 3 MHz and
3.4 MHz then the two FM signals will be as follows: Broad-
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band Signal-1: 2.75 MHz to 3.25 MHz with centered fre-
quency 3 MHz; and Broadband Signal-2: 3.15 MHz to 3.65
MHz with centered frequency 3.4 MHz. While a wider band-
width in the FM signal increases the sharpness of the cross
correlation peak, it also subjects the pulse to poor frequency
resolution to track dispersive effects (Stergiopoulos and Ash-
ley, 1997, “An experimental evaluation of split-beam process-
ing as a broadband bearing estimator for line array sonar
systems”, J. Acoust. Soc. Am. 102: 0001-4966). Therefore a
higher bandwidth remains beneficial up to a certain point. If
the signal bandwidth is too large, the signal may not have
sufficient resolution to map the dispersive properties of the
interrogated medium and it may cause the method to break
down. Equivalently, due to the poor signal to noise ratio that
is an inherent property in the cross-correlation output of nar-
row bandwidth signals (Stergiopoulos and Ashley, 1997), it
will be very difficult to recover the phase information asso-
ciated with the dispersive effects of the interrogated medium.
As a result, the bandwidth size of 0.5 MHz was selected
empirically based on the minimum bandwidth required to
produce a high signal to noise ratio cross correlation output
and sufficient frequency resolution to map the dispersive
properties.

The propagation time is estimated in two stages. In the first
stage, cross correlation is performed to estimate the propaga-
tion time to within one period. The cross correlation process
is described below. In the final stage, phase information ofthe
received signal is used to improve the accuracy of the esti-
mate, as described below.

Cross correlation processing (Bushong and Archer, 1991)
is applied to the received signal by using as a replica the
known characteristics of the transmitted signal, as shown in
FIGS. 9 and 10. The replica for this correlation process can
either be a stored sample of data that contains information
about the transmitted signal as well as the transfer function of
the system or it can be the transmitted signal itself (see FIGS.
7 and 8). The result of this correlation process yields a peak
that marks the precise position in time that the signal is
received by the Receiver, as depicted in FIGS. 7 and 8.
Depending on the bandwidth of the replica, the pulse duration
and the frequency characteristics of the transmitted signal, the
waveform of the correlation peak can be noisy, which can
degrade the accuracy of the time delay estimation process.
One simple approach to minimize these noise effects on the
cross-correlation output is to use FIR filters as discussed
above and to apply a noise whitening filter, as defined in
Bushong and Archer, 1991, and in the next sub-section.

After filtering the cross correlation output, its envelope is
calculated using a Hilbert Transform. As will be apparent to
one of skill in the art, the envelope identifies the peak of the
correlation output more accurately, and therefore, it will pro-
vide a better estimate of the propagation time. The Hilbert
Transform is therefore a second stage attempt to maximize
the accuracy of the system to estimate the propagation time.
The Hilbert transform is important in signal processing,
where it is used to derive the analytic representation of a
signalu(t). In signal processing, the analytic representation of
areal-valued signal facilitates many mathematical manipula-
tions of the signal. The basic idea is that the negative fre-
quency components of the Fourier transform (or spectrum) of
a real-valued function are superfluous, due to the Hennitian
symmetry of such a spectrum. These negative frequency com-
ponents can be discarded with no loss of information, provid-
ing one is willing to deal with a complex-valued function
instead. As long as the manipulated function has no negative
frequency components, the conversion from complex back to
real is just a matter of discarding the imaginary part.
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The analytical signal can also be expressed in terms of
complex polar coordinates, where

AD = 0l = V20 + 50 a0

$(1) = arglx, (D)} an

are, respectively, the amplitude envelope and instantaneous
phase of the signal. Both are required to get an approximate
estimate of the received signal’s time of arrival, Rx.

The peak of the cross correlation function’s envelope pro-
vides an estimate of the propagation time which is accurate to
within one period. Greater accuracy can be obtained by using
the received signal’s phase information, as described below.

If R, (f) is the correlation output in the frequency

cory

domain, the result of the post filter R, (f) can be described as:

RofD=WHXR e, ()

where W(f) is a whitening filter defined below by Equation
(13) (see Bushong and Archer, 1991). The inverse FFT of
R, (T) provides the cross-correlation time series r,,(t). Since
estimates of W(f) are a function of the signal and noise spec-
tra, the signal’s coherence properties must either be known or
estimated. The phase transform processor is a technique that
uses only the cross spectral phase information and is defined
by:

12)

W1 ) (13)

Cross correlation provides an estimate of the propagation
time with a precision of one period. Greater accuracy is
achieved by using the phase information of the received sig-
nal. First, filtering is performed on the received signal to
improve the phase estimation, and then the phase is calculated
by the Hilbert Transform. Specifically, linearity of the phase
allows an interpolation process to be applied between sample
points to obtain a more precise estimate of the propagation
time, as shown in FIGS. 9 and 10.

The phase information, defined in Equation (10), has a
relative offset of /2 when calculated from the Hilbert trans-
formation H. This constant offset can either be neglected due
to the calculated difference or corrected as shown in (14).

P@) = arglx, (D} 14)

= atan(3 (x4(1) /R (a(0));
= atan2(S(H(x,)), R(H(x)) -7 /2;
= atan2(R (H(x,)) - I (H(x.)))

and T, = (4, - X))/

where x, and x, are the temporal samples of the received and
transmit signals and f, is the sampling frequency. For any real
arguments x and y not both equal to zero, atan 2(y, x) is the
angle in radians between the positive x-axis of a plane and the
point given by the coordinates (x, y) on it. The angle is
positive for counter-clockwise angles (upper half-plane,
y>0), and negative for clockwise angles (lower half-plane,
y<0). To avoid different estimations between multiple mea-
surements, it is best to stay as far away as possible from the
discontinuities located at -m/2 and +m/2 and use the zero
crossing as reference, and since the phase lines are linearly
increasing, then it is possible to interpolate its value between
sample points. Using this property, the time at which the
phase line crosses zero during the cycle of interest is linearly
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interpolated using two adjacent sample points to obtain a high
precision time stamp (see FIGS. 9 and 10). The process is
repeated for both the transmitted and received signal at the
marked signal periods, and the two time stamps are compared
to calculate the precise time of propagation.

This procedure is repeated for all the other broadband
signals centred at frequencies in the range of 500-KHz to
10-MHz. Then, the propagation time estimates for the differ-
ent frequencies can be used to generate an ultrasonic finger-
print that reflects the dispersive properties of the interrogated
medium.

The next step is to use this ultrasonic fingerprint to train a
Neural Network. As demonstrated below, the DUS can be
trained to identify and classify a medium on the basis of its
dispersive characteristics.

As stated previously, poor signal to noise ratio is the pri-
mary source of interference that can affect time delay esti-
mates for the propagating signals in the medium of interest.
To minimize the noise effects and improve the phase estima-
tion process, a digital zero phase FIR or Infinite Impulse
Response (IIR) filter was applied on the transmitted and
received signals, as shown in FIG. 5. The advantage of an IR
filter is the lower computing requirements, but it also has a
tendency to become unstable. A FIR filter is always stable but
the required computational effort grows with higher orders
and smaller bandwidths. Both have their advantages and one
has to decide which architecture suits the current application.
The filtered signal contains only a narrow band spectrum
centred on the filter’s band pass frequency regime. As an
example, FIG. 6 shows the spectrum of the filtered and unfil-
tered signals. This filtering process improves the phase esti-
mation process previously discussed.

A decision support system is essential when the dispersive
properties of very similar media are being compared, as their
dispersion patterns become difficult to distinguish for a
human operator. In the current implementation, a Support
Vector Machine (SVM) is used for the DUS as a decision
support process. The SVM is a type of machine learning
technique that is capable of being trained with known patterns
in order to identify unknown patterns.

A Support Vector Machine executes an algorithm that clas-
sifies data into pre-defined categories based on prior informa-
tion, or training. Conceptually, if classes of data, each with
two variables per sample, are presented, each sample could be
plotted on a two-dimensional plane. The SYM will attempt to
create lines that maximally separate the classes. In some
embodiments, the output of the DUS system comprises time
delay estimates for different frequencies that represent the
dispersive properties of a specific medium. For two slightly
different media, the corresponding dispersive graphs at the
output of the DUS system may almost look identical and
neural networks (i.e. SVM processing) are the best way to
identify their differences in order to classify them.

In practice, data could contain more than two variables per
sample. Data containing N variables would be effectively
represented in an N-dimensional hyper-space (see FI1G. 11).
The support vector machine will attempt to create N-1
dimensional hyper-planes that maximally separate the differ-
ent classes. When more than two classes are present, the SVM
will repeat the process for all possible pairs, creating M(M-
1)/2 hyper-planes, where M is the number of classes. While
more difficult to visualize, hyper-planes are simple math-
ematical extensions of the two dimensional case.

During training, a large collection of data containing val-
ues and their associated classes are presented to the SVM. The
machine constructs the hyper-planes that maximally separate
different classes, and stores the separation planes’ parameters
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in a model. Once complete, the model can be used to classify
new data previously unseen by the SVM into one of the
known categories.

As an example, the system could be trained to detect dif-
ferent type of saline solutions with concentrations of 5%,
10%, 15%. These would be treated as three categories. If the
system analyzes a saline solution that is 14%, then it will
interpret the data as being between 10% to 15% and will
classify it as a 14% saline solution.

The dataset presented for training should optimally span a
thoroughly representative range of possibilities for the par-
ticular class, that is, the N-dimensional cloud of data-points
should fill as much of the true hyper-space volume relating to
that class as possible. This will ensure SVM robustness so that
interpolation or extrapolation for data beyond or in between
training set data-points is minimized during classification.

Once training is complete and a model constructed,
unknown data with the same dimension as the training set are
fed into the model. Each unknown data point becomes
another point in N dimensional space, and the SVM will
compare the point’s location to hyper-planes created during
training to identify the class of the unknown sample based on
its position relative to the hyper-planes.

In the example provided above, various concentrations of
saline solution were analyzed. Taking that example further, if
the DUS system has to classify a wide range of unknown
saline solutions ranging between 5% to 50%, then the DUS
system would need to be trained extensively with known
samples of saline solutions covering the same range. Essen-
tially, the more extensive the training of the system, the better
the system will be at discriminating closely related mediums.

For the Dispersive Ultrasound System, dispersion patterns
are stored in samples containing N variables, with N being the
number of frequencies used. The SVM constructs hyper-
planes in an N-dimensional space for classification of
unknown samples.

As a complement to the machine learning approach to the
diagnosis of internal brain injury from blast exposure, we
have developed a simple simulation model of ultrasonic dis-
persion in intracranial tissues. The model takes into account
the basic anatomical features of the skull and intracranial
space, as well as the acoustic dispersion arising from the
relevant tissues, to permit simulation and study of dispersion
spectra. The model is an aid to better understand observed
variations in dispersion spectra, and to assess possible per-
formance limitations of the machine learning approach.

In clinical applications for the present Dispersive Ultra-
sound invention, the transmitting and receiving transducers
are placed bilaterally on the temples. The acoustic signal
traverses the tissues between the transducers. As such, the
acoustic propagation path consists of a series of tissue layers
that are roughly symmetric about the midpoint. The model
makes a linear dispersion approximation, in which the propa-
gation speed of the ultrasonic wave changes linearly with
frequency:

clf=clfoH (A (8]

The dispersion trend A is tissue-specific, as are the refer-
ence values f, and ¢(f,). The linear approximation is justifi-
able for the limited frequency range relevant to our system,
and the few measurements of acoustic dispersion in biologi-
cal tissues that are available generally assume linear disper-
sion in any case (Kremkau et al., 1981, “Ultrasonic attenua-
tion and propagation speed in normal human brain”, J.
Acoust. Soc. Am. 70: 29-38; Fry and Berger, “Acoustical
properties of the human skull”, J. Acoust. Soc. Am. 63: 1576-
1590; Duck, 1990, Physical Properties of Tissue: A Compre-
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hensive Reference Book, Academic Press). If warranted by
operational requirements and justified by the availability of
suitable data, the model could be easily generalized to include
non-linear dispersion curves. At the present time, the model
does not include simulation of all of the tissues and fluids
present along the acoustic propagation path. This is because
data on the dispersive characteristics of certain tissues are not
available in the published literature; were data to become
available, it could be readily incorporated into the model. In
its present form the model includes the tissues that account for
approximately 90% of the total propagation path length.

As an example, a DUS system is trained to distinguish
between traumatic injuries due to concussion and blast expo-
sure. As will be apparent to one of skill in the art, the biologi-
cal differences of closely related brain injuries are biologi-
cally very minor. Furthermore, although both type of brain
injuries may be treated in the same way, there are fundamental
differences between them regarding the kind of inflammatory
response that they induce in the brain. For example, when a
concussion is treated properly and the patient is not exposed
to more concussions, the patient may recover after a certain
period. However, for traumatic brain injury due to a blast, it
has been clinically observed in soldiers returning from Iraq
and Afghanistan that their brain inflammatory response
expands and gets worse over time. Therefore, a DUS system,
when trained well to cover cases of concussion and injuries
due to blasts (TBI), can be a valuable diagnostic system to
distinguish between the different stages of either concussion
or TBI and their progression (i.e., whether they get better or
worse). Specifically, these are differences in the dispersion
properties of the brain tissues when exposed to concussion or
blast effects. Furthermore, these differences result in funda-
mental diagnostic properties that the DUS can detect while
methods such as CT and MRI cannot provide the same dis-
criminatory capability.

in another example, an intracranial hematoma could be
modeled by the displacement of certain tissues by a layer of
blood along the propagation path; the impact of the
hematoma upon the dispersion spectrum could then be evalu-
ated.

The model is a tool that permits greater insight into the
problem space than is provided by a machine learning system
alone. For example, the limited time resolution of the Disper-
sive Ultrasound System induces an uncertainty in the mea-
surements of propagation times that appears as a noisy fluc-
tuation centred around a mean value. The effects of these
uncertainties on the dispersion spectrum can be modeled, as
in FIG. 12. If the ultrasound frequencies interrogating the
medium are too closely spaced, as in the left-hand side of FIG.
12, the ordering of the propagation times can be unstable,
which adversely affects the performance of a machine learn-
ing system. Specifically, the space between lines should be
sufficiently wider than the error-noise fluctuation of the sys-
tem, which depends on the signal-to-noise ratio characteris-
tics of a DUS system. To define this space, it is a matter of
calibrating the system to define its specific discriminatory
capabilities based on the signal quality. The model can be
used to select a set of frequencies, as in the right-hand side of
FIG. 12, for which the inter-frequency spacing is large
enough that the time-resolution uncertainties do not introduce
ordering ambiguities.

There are numerous other uses to which the Intracranial
Dispersion Model can be put. It can, for instance, help us to
understand the observed changes in dispersion spectra in
response to certain changes in the insonified medium; it can
clarify which (of the represented) tissues have the greatest
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impact on the dispersion spectrum; and it can give insight into
the accuracy with which a machine learning system succeeds
in classification tasks.

Two other experiments were conducted using the DUS.
The purpose of these experiments was to test the feasibility of
using dispersion to discriminate between similar media, and
to assess the suitability of a machine learning approach to
medium identification.

The first experiment attempted to classify different types of
off-the-counter juices (i.e. Apple, Grape, Orange, etc.) on the
basis of their ultrasound dispersion patterns. The second was
a quality control experiment in which ultrasound dispersion
patterns were used to identify juices of unacceptable quality
because of dilution.

Surprisingly, the viscosities and densities of some of the
above juices were almost identical. The DUS system however
detects the differences in the scattering properties of the
molecular structures of the juices that are defined by their
dispersive properties. For example, for two different fluids
with identical densities and very similar molecular structures,
the system will have difficulties detecting their differences.
On the other hand, for a saline versus a glucose solution, it
was easy for DUS to discriminate them because of their
different molecular structures which generate different ultra-
sound scattering properties.

The experiments were conducted to measure the DUS’
functionality, sensitivity, robustness and stability. In the first
experiment, different media of highly similar consistency,
density, and viscosity were tested in order to determine if the
DUS was capable of performing its primary function of media
classification, and to see if it was sensitive enough to distin-
guish between highly similar media. In the other experiment,
the same medium, from different batches and with different
level of dilution, was tested over several weeks’ time span.
This measured the system’s functionality in quality control
applications, the decision support system’s robustness to
variations over batches and time, and the system’s long term
stability over several weeks.

The ultrasound probes (i.e. transmitter and receiver) were
affixed to opposite sides of a top-open cylindrical container
measuring approximately 10 cm in height and 5 cm in radius,
at approximately 5 cm from the bottom. An actively cooled
water bath system was used to provide temperature control. A
manually operated digital temperature probe was used during
all experiments to measure both bath and medium tempera-
tures.

The temperature of the media being studied with the DUS
and the dimensions of the container both directly affect the
ultrasound propagation times. Temperature directly affects
the density of anty fluid and density directly affects ultrasound
propagation speed, as in Equation (1). Changes in medium
temperature effectively multiply the dispersion pattern by a
coefficient with magnitude proportional to p,™". Similarly,
since the DUS measures propagation time, a change in dis-
tance between transmitting and receiving probes also multi-
plies the dispersion pattern by a value proportional to the
change in distance.

Both training and testing data were recorded in 3 sets of
frequency sweeps, each sweep containing 12 frequencies in
the range of 0.5 MHz to 10 MHz. Testing data were recorded
in the same way as training data because this allowed testing
data to be used in training if it became necessary. Temperature
was varied between 8° C. to 20° C. during data acquisition for
both experiments except for the juice-box test dataset.

Different types of off-the-shelf juice boxes were obtained
and data was acquired separately for each box. The boxes
were divided into two groups: training group and testing
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group. The training group was used to acquire data used to
train the system for classification and the test group was used
to test the classification success rate.

The training group of juices were individually prepared
and submerged in the temperature controlled water bath as
described above and raw data was acquired. During acquisi-
tion, the temperature of the medium was incrementally
increased, eventually reaching room temperature.

The testing groups of juices were individually prepared in
the same way as the training group. Temperature was not
varied during data acquisition; rather data was acquired for
three different fixed temperature levels at approximately 10°
C.,15°C.and 20° C.

Frequency-propagation time information was calculated
and the timing information was fed into the SVM algorithm of
the decision support system. The classification results of the
testing set were compared with knowledge of the actual
medium content to verify success rate. FIG. 13 shows the
results from the Juice Classification Experiment.

Double-blind experiments were conducted in which cran-
berry juice samples were divided into three groups: Accept-
able, Unacceptable and Unknown. Within each group, 4
samples were provided, with the unknown group containing
samples of both Acceptable and Unacceptable types. The
unknown group samples were similar to, but not exactly the
same as, the samples in the known group. The objective of the
experiment was to classify the unknown samples based on
data acquired with the known samples.

Data was acquired for each sample using the methods
outlined above. The timing information for the known
samples was used to train the SVM, and then the unknown
samples were classified.

Experiment results were divided into two types: visual
dispersion pattern results, and classification results produced
by the decision support system based on the dispersion pat-
tern. While the visual dispersion patterns are more intuitive to
understand, simple visual inspection often does not have suf-
ficient resolution or consistency for making correct classifi-
cations, although visual inspection can often make judgments
on the system’s stability. Classification results are produced
by the decision support system based on numerical data used
to generate the visual dispersion patterns, as depicted in
FIGS. 14 and 15. The decision support system is sensitive to
subtle features of the dispersion pattern and therefore is able
to distinguish patterns that appear to be similar under visual
inspection.

These experiments successfully verified the functionality
and performance of the DUS in dispersion measurement and
medium classification applications.

In the juice classification experiment, it was seen that the
dispersion patterns of different juices were almost identical
upon visual inspection. Classification results from this
experiment demonstrated that the system was nonetheless
able to identify each type of juice with good reliability, as
depicted in FIG. 13. This is a complex graph as its upper part
presents the dispersive properties of the different mediums
while the lower part shows the classification results (output of
the neural network processing) of the DUS system which
demonstrates its discriminatory capability to distinguish the
different fluids. This indicated that the decision support sys-
tem functioned correctly, and that the system had sufficient
sensitivity and resolution to allow the decision support sys-
tem to differentiate between visually similar dispersion pat-
terns.

Inthe quality control experiment, the dispersion patterns of
known “Acceptable” and “Unacceptable” (dilute) samples
were visually distinguishable, as shown in FIG. 14, but it can
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be seen from the test samples that there were sometimes
disagreements between the visual classification pattern and
the decision support system results for the unknown samples,
as shown i FIG. 15. For the blind test, the classification
results for the unknown samples were verified to be correct,
although the dilution factors for the unknown samples was
different than those of the known samples, as shown in FIGS.
14 and 15. This set of experiments indicated that the DUS is
sufficiently robust to classify dispersion patterns in the pres-
ence of variations in the quality level of the known and
unknown samples. Furthermore, the quality control experi-
ment was conducted over several weeks, and classification
results remained consistent for data taken at the beginning
(Acceptable 1) and near the end of several weeks later (Test
Sample 4), which verified the system’s long term stability
against temperature drifting and aging in the electronic com-
ponents or ultrasound transducer.

As will be appreciated by one of skill in the art, long term
stability is a very critical property. Specifically, stability
ensures that the system detects the diagnostic or quality con-
trol cases and compares them with a training data base. If the
long-term stability was not there then the system would have
to be trained very frequently. In some cases, as in the diag-
nostic cases for concussion or Traumatic Brain Injury (TBI),
this may not be possible.

The SVM naturally becomes more robust and less sensitive
to noise when more frequencies are available, as each addi-
tional dimension adds more degrees of freedom for the clas-
sification hyper-plane. It has been observed that in the pres-
ence of large variations in propagation time of 1 or 2
frequencies for the same medium, the SVM was still able to
correctly classify the medium based on the remaining stable
frequencies (FIG. 15). This indicates that the SVM does not
require a match in all frequencies for classification, and also
reinforces the expectation that additional frequencies
increase system robustness.

Wehavedescribed a portable, low-cost system that uses the
dispersive properties of ultrasonic waves to identify and char-
acterize the insonified medium as discussed above.

The Dispersive Ultrasound System (DUS) is comprised of
adata acquisition system (ultrasonic transmitting and receiv-
ing transducers), a signal processing process, and a decision
support system. We have described all three components,
with an emphasis on the signal processing. We have also
described a set of laboratory experiments that illustrated the
utility of the dispersive ultrasound invention for probing the
properties of a medium. With a Support Vector Machine
(SVM) decision support system, the DUS was able to distin-
guish fluids with similar dispersion patterns, even when those
patterns were difficult to distinguish by visual inspection.
This demonstrates that the system is sensitive enough to
detect subtle dispersive changes such as might result from
injury to intracranial tissues following blast exposure.

While the preferred embodiments of the invention have
been described above, it will be recognized and understood
that various modifications may be made therein, and the
appended claims are intended to cover all such modifications
which may fall within the spirit and scope of the invention.
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The invention claimed is:

1. A method of classifying a medium comprising:

a) placing a transmitting transducer and a receiving trans-
ducer on opposite sides of a medium and traversing the
medium with a plurality of frequency modulated ultra-
sound pulses between the transducers, each pulse being
transmitted at a different frequency;

b) identifying, with a computer, a signal from one of the
ultrasound pulses received by the receiving transducer
by pulse duration, center frequency and bandwidth;

¢) estimating propagation time through the medium for
said signal using cross correlation with a replica of the
transmitted pulse using the computer;

d) improving the estimate of the propagation time by deter-
mining when the phase of said signal changes sign by
performing an interpolation based on a linear portion of
the phase using the computer;

e) repeating steps (b)-(d) for each frequency of the plurality
of ultrasound pulses;

f) using information derived from the plurality of ultra-
sound pulses to generate a dispersion pattern of the
medium using the computer; and

2) using the computer to classify the medium based on
characteristics of the dispersion pattern.

2. The method according to claim 1 including at step (b)

applying a temporal window to one of the signals.

3. The method according to claim 1 wherein each pulse of
the plurality of ultrasound pulses has a bandwidth of 0.5
MHz.

4. The method according to claim 1 including applying
Finite Impulse Response (FIR) filters when estimating the
propagation time.

5. The method according to claim 1 wherein when the
phase of said signal changes sign is calculated by Hilbert
transformation.

6. The method according to claim 1 wherein the dispersion
pattern is compared to a database of dispersion patterns of
known media and the medium is classified based on said
comparison.

7. The method according to claim 6 wherein the database
comparison is carried out by a support vector machine.

8. The method according to claim 1 wherein the medium is
intracranial tissues.

9. The method according to claim 8 wherein frequencies of
the plurality of ultrasound pulses are between 500 kHz and 10
MHz.

10. The method according to claim 8 wherein the medium
is intracranial tissues which are suspected of having been
altered by a brain injury.
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11. The method according to claim 10 wherein frequencies
of the plurality of ultrasound pulses are between 500 kHz and
10 MHz.
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