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Pathologic changes in arterial walls significantly influence their mechanical properties. We have developed a correlation-
based method, the phased tracking method [H. Kanai et al.: IEEE Trans. Ultrason. Ferroelectr. Freq. Control 43 (1996) 791],
for measurement of the regional elasticity of the arterial wall. Using this method, elasticity distributions of lipids, blood clots,
fibrous tissue, and calcified tissue were measured in vitro by experiments on excised arteries (mean & SD: lipids 89 4 47 kPa,
blood clots 131 4 56 kPa, fibrous tissue 1022 £ 1040 kPa, calcified tissue 2267 £ 1228 kPa) [H. Kanai et al.: Circulation 107
(2003) 3018; J. Inagaki et al.: Jpn. J. Appl. Phys. 44 (2005) 4593]. It was found that arterial tissues can be classified into soft
tissues (lipids and blood clots) and hard tissues (fibrous tissue and calcified tissue) on the basis of their elasticity. However,
there are large overlaps between elasticity distributions of lipids and blood clots and those of fibrous tissue and calcified tissue.
Thus, it was difficult to differentiate lipids from blood clots and fibrous tissue from calcified tissue by simply thresholding
elasticity value. Therefore, we previously proposed a method by classifying the elasticity distribution in each region of interest
(ROI) (not a single pixel) in an elasticity image into lipids, blood clots, fibrous tissue, or calcified tissue based on a likelihood
function for each tissue [J. Inagaki et al.: Jpn. J. Appl. Phys. 44 (2006) 4732]. In our previous study, the optimum size of an
ROI was determined to be 1,500 pum in the arterial radial direction and 1,500 um in the arterial longitudinal direction
[K. Tsuzuki et al.: Ultrasound Med. Biol. 34 (2008) 573]. In this study, the threshold for the likelihood function used in the
tissue classification was set by evaluating the variance in the ultrasonic measurement of radial strain. The recognition rate was

improved from 50 to 54% by the proposed thresholding.

[DOLI: 10.1143/JJAP.47.4180]
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1. Introduction

Noninvasive measurement of mechanical properties of the
arterial wall, such as elasticity, is useful for diagnosis of
atherosclerosis because there are significant differences
between the elastic moduli of normal arterial walls and those
affected by atherosclerosis.'™ In particular, mechanical
properties of plaque are important because the rupture of
plaque may cause acute myocardial infarction and cerebral
infarction.*~® Magnetic resonance imaging (MRI) and intra-
vascular ultrasound (IVUS) are promising technologies for
directly imaging plaque morphology,”® but they are ex-
pensive or invasive. On the other hand, the dynamic change
of artery diameter due to the pulsation of the heart can be
measured noninvasively by methods using ultrasound.’~'?
Some parameters related to artery-wall elasticity can be ob-
tained by the measured change in diameter of the artery.!3-1>
However, in the derivation of these parameters, the artery is
assumed to be a cylindrical shell with uniform wall thickness
and homogeneous elasticity and, thus, the regional elasticity
around atherosclerotic plaques cannot be evaluated.

For the measurement of the mechanical properties of the
arterial wall, including walls with atherosclerotic plaques,
we have developed a method, the phased tracking method,
for measuring small vibrations in the heart wall or arterial
wall with transcutaneous ultrasound.'®!” For some years, we
have measured the displacement and small change in
thickness of the arterial wall caused by the heartbeat using
this method.'®2Y In our phased tracking method, a set of
two points is assigned along an ultrasonic beam, and the
change in thickness of the layer between these two points is
estimated. Furthermore, by sliding the position of the layer
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along the ultrasonic beam by intervals of the sampled points,
the spatial distribution of changes in thickness along the
ultrasonic beam can be obtained.

Elasticity images of the human carotid artery have been
obtained noninvasively by the measured displacement
distribution, and the potential for transcutaneous tissue
characterization has been shown by classifying elasticity
images using elasticity reference data obtained from in-vitro
experiments.?'=2%

We have already measured the elasticity distributions for
lipids, blood clots, fibrous tissue (mixture of the smooth
muscle and collagen), and calcified tissue. In these previous
studies, it was found that arterial tissues can be classified
into soft tissues (lipids, blood clots) and hard tissues (fibrous
tissue, calcified tissue) on the basis of their elasticity.
However, it was difficult to differentiate lipids from blood
clots and fibrous tissue from calcified tissue because there
are large overlaps between their elasticity distributions.
Therefore, we proposed a tissue classification method using
the elasticity distribution in a small region.?® In this method,
the elasticity distribution of each small ROI (not a single
pixel) in an elasticity image was used to classify the ROI
into lipids, blood clots, fibrous tissue, or calcified tissue,
which improved the precision of tissue classification.

To optimize tissue classification, some parameters have
been investigated. In our previous study, the optimum size of
an ROI was determined to be 1,500 um in the arterial radial
direction and 1,500 um in the arterial longitudinal direc-
tion.?> In addition, in the proposed classification method, the
likelihood function of each small ROI is calculated for each
tissue component (lipids, blood clots, fibrous tissue, and
calcified tissue), and the region is classified into the tissue
component that has the maximum likelihood.”” Every ROI
is always classified into one of the four tissue components
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even when its maximum likelihood is very small. However,
such a region should be defined as “an unclassified region”
by setting a threshold for the maximum likelihood. In this
study, the threshold for the likelihood was set by evaluating
the variance in the ultrasonic measurement of radial strain.
Tissue classification was much improved by the proposed
thresholding in comparison with that in the previous study.

2. Methods

2.1 Tissue classification based on elasticity distribution
measured by ultrasound

The elasticity of the arterial wall is defined as the tissue
strain calibrated by the average stress of the entire wall
thickness, namely, the circumferential elastic modulus E}}.??
The strain distribution is obtained by applying the phased
tracking method to the measured demodulated signals.?%%)

In this study, each pixel in an elasticity image was
classified into one of five categories, lipids, blood clots,
fibrous tissue, calcified tissue, or unclassified, using the
likelihood function L; (i = 1: lipids, 2: blood clots, 3: fibrous
tissue, 4: calcified tissue) of the elasticity distribution in the
small region around the pixel. To obtain the likelihood
function L;, the elasticity distribution of the i-th tissue was
translated into the normal distribution to describe the
probability distribution using the mean and the standard
deviation.??

For example, the elasticity distribution of fibrous tissue
was translated into the normal distribution as shown in Fig. 1.
From in-vitro experiments, the elasticity distribution of each
tissue i was obtained as illustrated in Fig. 1(a). The elasticity
distribution of the i-th tissue is composed of J; data points
with the respective elastic moduli. Using all data of J; points
(J1: 228, Jp: 179, J3: 19,121, J4: 1,101) with the respective
elastic moduli, the ascending sequence was constructed for
tissue i as shown in Fig. 1(b). In this sequence, the j-th data
point (j = 1,2,...,J;) has the corresponding elastic modulus
E; (Ej <Ej11), where j is the elasticity number. The
probability distribution of each tissue was obtained by
allocating all the data of J; points of each tissue i to boxes of
the normal distribution. The box numbers, B;, of the normal
distribution were determined so that the number of data
points in the box at each end was only one. As shown in
Fig. 1(c), the number of data points, D;;, (h=1,2,...,B))
included in box B; was determined to follow the profile of the
normal distribution. Thus, the (J;/2)-th data point was
included in the box with the highest probability. By
allocating all the data of J; points of each tissue to boxes of
the corresponding normal distribution, the mean elasticity of
the data included in each box was obtained.

As shown in Fig. 2, an ROI was assigned to an elasticity
image which was obtained by ultrasonic measurement. The
likelihood function L;(m, n) is defined as a joint probability
that all the elasticity values in ROI R,,,, (center of ROI: n-th
sampled point along m-th beam) simultaneously belong in
the i-th category as follows:

Li(m,n) = ( I1

1/No
pi(Ek,l)> , ((=1,2,3,49 (2.1
(kDR

where p;(Ey;) is the probability density that elasticity value
Ey; in the k-th row and /-th column in the R,,,, belongs to the
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Fig. 1. (a) Original elasticity distribution of the tissue. (b) Ascending
sequence of elastic modulus in an elasticity distribution. (c) Normal
distribution. The number of boxes in which depends on the number of
data points in (a).
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Fig. 2. (Color online) Illustration of a ROIL

i-th tissue category, and Ny denotes the number of pixels in
Ry n- The number of pixels in the ROI near the boundary of
the elasticity image is less than that in the ROI which is
sufficiently away from the boundary. Thus, the geometric
mean 1/Nj is used to compensate for the size Ny of the ROL
The pixel at the center of the ROI is classified into the class
which has the maximum likelihood.

In this classification, there may be a region which has an
extremely small value for the maximum likelihood. Such
regions are classified into the unclassified region by setting
the threshold T, ;(R,,,) to the maximum likelihood. Thus,
the category C(R,.), to which an ROI R, , belongs, is
expressed as follows:

4181



Jpn. J. Appl. Phys., Vol. 47, No. 5 (2008)

K. TSUZUKI et al.

pressure
sensor

ultrasonic
— probe |— }

phantom
water tank

flow pump

Fig. 3. Schematic diagram of the phantom experimental system.

arg max L;(m, n)

1f max Li(m, }’l) > To,i(Rm,n),
1<i<4 1<i<4

C(Rm,n) = !

unclassified otherwise.

2.2)

In this study, arterial tissue was classified into one of four
classes, lipids, blood clots, fibrous tissue, and calcified
tissue. A normal arterial wall is composed mainly of smooth
muscle and collagen. Atherosclerosis changes the contents
of these tissue components, and it is difficult to determine
what contents of these components are abnormal. Therefore,
in this study, a tissue composed of smooth muscle and
collagen was defined as a class, namely, fibrous tissue.

2.2 Phantom experiment for evaluation of variance in
measurement of radial strain

Figure 3 shows the experimental setup for the phantom
experiment. A homogeneous cylindrical phantom (internal
radius: r; =4 mm, external radius: r, = 5mm, elastic
modulus: E = 750kPa) made from silicone rubber contain-
ing 5% carbon powder by weight was measured with a
7.5 MHz linear ultrasonic probe. The scan plane was parallel
to the longitudinal direction of the phantom, and the
directions of all ultrasonic beams coincided with the radial
direction of the phantom. The change in internal pressure,
which was applied using a flow pump, was measured by a
pressure sensor. The sampling frequency of the quadrature
demodulated signal and the frame rate are 10 MHz and
200 Hz, respectively. The theoretical value of radial strain
Ae(r) at each radial position r is obtained by>”

3 "12 rf) Ap

Ae(r) == 2 (r2 — r3)r2 E

, 2.3)
where Ap is the pressure increment. The radial strain
measured by the phased tracking method was compared with
the theoretical value Aeg.(r).

2.3 In-vitro experiment for tissue classification of arterial
wall

Figure 4 shows a schematic diagram of the measurement
system. The change in pressure inside the artery was realized
by circulating fluid using a flow pump. The fluid inside the
artery and that circulating in the flow pump were separated
by a rubber membrane to prevent the flow pump from being
contaminated, and only the change in internal pressure was
propagated to the inside of the artery. The change in internal
pressure was measured by a pressure transducer (Camino
Model 110-4).

In ultrasonic measurements, excised arteries were meas-
ured with a conventional 7.5 MHz linear ultrasonic probe
(Toshiba SSH-140A). The quadrature demodulated signals
of RF echoes were acquired at 10 MHz at a frame rate of
200 Hz.

[—

pressure T

sensor arte
M= m ——|flow pump
water tank ~ rubber
membrane

Fig. 4. Schematic diagram of the in-vitro experimental system.

3. Results

3.1 Phantom experiments for evaluation of variance in
strain measurement

Figures 5(a)-5(d) show the strain distribution along the
radial direction of the phantom obtained by the phased
tracking method for cases of pressure increments Ap = 40,
50, 60, and 70 mmHg, respectively. Plots and vertical bars
show means and standard deviations for 60 ultrasonic
beams. The standard deviation and the difference between
the mean and the theoretical value at each applied pressure
increment are shown in Table I. In Table I, the variance
in measurement of radial strain was almost constant even
when the magnitude of the pressure increment Ap varied.
Moreover, the difference between the mean and the
theoretical value is lower than the standard deviation, and
mean value follows the theoretical profile.

Figure 6 shows the relationship between the mean pg and
the standard deviation o5 normalized by the mean value. The
plots and the straight line show all the measured results in
Fig. 5 and the regression line, respectively. A positive
correlation was found between the mean us and the
normalized standard deviation o because the standard
deviation was almost constant over every pressure incre-
ment. The regression line was determined as follows:

o, = 0.071u, + 0.40. 3.1

3.2 Setting threshold in tissue classification

Figure 7 shows the elasticity distribution of each tissue;
that is, the frequency of the elasticity values which belong to
the range is defined by the position and width of each vertical
bar. The width of a vertical bar was set at every 50kPa.
Means and the standard deviations are 89 +47 (lipids),
131 &£ 56 (blood clots), 1,022 + 1,040 (fibrous tissue), and
2,267 £ 1,228 kPa (calcified tissue). Although similarities
were found in the elasticity distributions of lipids and blood
clots and in those of fibrous and calcified tissues, there are
differences in the elasticity distributions of these tissues.

Figure 8 shows the probability density of each tissue
obtained by the axis transformation of the -elasticity
distribution using the process described in §2.1. As shown
in these figures, the horizontal axis of the elastic modulus is
nonlinear. Using these databases, each pixel in an elasticity
image was classified as a certain tissue component.

The threshold T, ;(R,,,) for likelihood function L;(m,n)
of tissue i of each ROI R,, is determined using the
experimental results with the phantom. Using eq. (3.1), the
normalized standard deviation oy (R,,,) in the measurement
of the radial strain in R, , was given approximately by:

0s(Run) = 0.071 1 + 0.40, (3.2)
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Table I. The standard deviation of radial strain and average of the
difference between the mean and the theoretical value.
Pressure Ap Standard deviation Difference
(mmHg) (%) (%)
40 0.47 0.19
50 0.49 0.35
60 0.45 0.23
70 0.54 0.29
_ 1
r=5 emax (K, D), (3.3)
O (kDR

where emax(k, ) and i are the maximum radial strain during
one cardiac cycle in the k-th row and /-th column and the
average of the maximum radial strain in R,,,, respectively.
Figure 9 shows an illustration for determining the thresh-
old T, ;(R,,,) for the likelihood function L;(m, n) of tissue i.
Let us consider the elasticity distribution in an ROIL
Variance cr(%(Rm,,,) of the measured elasticity E‘[(J in the
k-th row and /-th column in R, , is expressed as follows:

B 2
R N -
R = E E.,— E [E
oo (Rinn) ik, ( k.l (k,l)eRm,n[ k,l])
r —~ = 2
- E (E —E )
DRy, | 0T R }
—Az ~ = = 2
— E |E2—2E,E (E )
= ki ER,, T \ER,, ]
[~ = 2
- E |E ]— (E ) , 34
UDER, L K R 3-4)

where Eq jer,,,[-] shows the averaging for the data included
in the ROI R, ,, and Eg , is the average of the measured
elasticity values {Ey;} in R, ,. By assuming that the true
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Fig. 6. Relationship between the mean and the normalized standard
deviation oy of radial strain.

elasticity values {Ey;} are not constant in R,, due to
the elasticity inhomogeneity of tissue even when there is
no measurement error, the measured elasticity {Ek,l} is
described by the sum of true elasticity {Ej;} and the error
{AEy;} (sum of random error {e;} and bias error bg,,) as
follows:

Ew; = Exy+ AEy. (kD) € Ry (3.5)

Thus, the mean ERm,n of the measured elasticity values {E(,z}
is given by

[Ek,l]

[Ex; + AEg]

Er,, = E
" (kDERy,

= E
(k)ER

= E
(k.D)ERy
=Eg,, + br

[Exg] + bg

m,n

(3.6)

mn?
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Fig. 7. Elasticity distribution of each tissue. (a) Lipids (N = 288). (b) Blood clots (N = 178). (c) Fibrous tissue (N = 19,120).
(d) Calcified tissue (N = 1,101).
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where Eg,, and bg
substituting eq. (3.6), eq. (3.4) is modified as follows:

m,n

are the true mean elasticity in R,,, and the bias error bg

= Ewer,,, [AEL,;], respectively. By

mn

2 _ 2 += 2
95 Rnn) = (k,l)}ezR,,”,[(E"’l + AE)’] = (B, + br,,)
= E 2 E [Ey-AE E [AE}]—(E br )?
<k,l)eRmn[ Eil+ (kDeR m”[ k kJ]Jr(kJ)eRm,n[ el = (Er,, +br,,)
= E 2 E [Eqy- 2b E [E E [AE}]—(E br. )?
(k,l)eRmn[ Exl+ (ke Rmn[ bl el + 2Dk, (k,l)eRmn[ bl + () [ tl = (Er,,, +br,,)
= E 2 E [Ey- 2b E b E bg )?
(k,l)ERmn[ kl]+ (k,)eR m,,[ el - el + 20g,, (k,l)ERmn[ HH— = ,,,n[(ekhL R”’”)] (ERy, + r.,)
= E 2 E [Eqy- 2b E [é?
(k,l)eRmn[ kl] + (kDER m,,[ ki eril + 2bp,, kl)eRmn[ Exl + kD)eR [ il
+2bg,, E lew]+by —(Eg,, +br,,)
(k,)ERy n i
— _
= B [EJ—Ex + E [(es—er,)]|+2 E [Ey-eul+2bg, E [ex]
(k,)ERmn ? i (k,DERmn (k,)ERmn (k,DERmn
2
= E [(Ek,l— E [Ek,l]) :|+ E [(ek,z—?R,,M)z] +2 E [Ey-el+2bg,, E le], (3.7
(k,)ERn (k,)ERn (k,DERmn (k,)ERmn (k,)ERyn
where e, is assumed to be zero because {e;} is random error. Variance (ae(Rm,,,))2 of the measurement error {ex;} in R, , is

expressed by (0e(Ryun))* =

(os(Rm.n) E Rm,,,)z, where o(R,, ) is determined by eq. (3.2). By defining the variance due to the

elastic inhomogeneity of tissue in R,,,, by o(R..)% eq. (3.7) is expressed as follows:

= 2
O3 R) = O R + (0xRn)-Enr) 42 B [Exs-ewl

(3.8)

where there is no correlation between the inhomogeneity of Ey; and {ey, l} in R, ,. Therefore, variance (o (R, n))z without error

of eq. (3.8) is given by {os(R,, ,,)ER
follows:

mn

(@R = 02 — {as(Rm,,f . }2.

} subtracted from the variance ‘70 of the measured elasticity values {Ek /3 in Ry, as

3.9

Based on this relation, by setting the acceptance region [from p; — aoi(R,,) to p; + aci(Ry, )] of the probability density
N(w;, aiz(Rm,n)) for each tissue i, the threshold 7, ;(R,,,) for the likelihood function L;(m, n) of tissue i in R, , was determined
by the probability of the distribution N(ui,a&[(Rm,,,)) with the error at the distance from mean w; as shown in Fig. 9.
Therefore, the threshold T, ;(R,,,) for the likelihood function L;(m, n) of tissue i is given by

2
(a\/ O3 Rus) — {0 Rus E,, }2)

To,i(Rm,n) = exXp| —

LY, 2]TO’0’1‘

where o0y is the variance of measured elasticity distribution
for tissue i.

Let us define the ratio of the area of the acceptance region
i £ aoi(R,, ) in the normal distribution NV (,ui,al.z(Rm,,l)) to

0.4 > i
/ with error
/ PN (607 05-(0: (R B )
037 / without error
£ '
s To.i(Rm,n)
0.1t , //
acceptance region
0
W—30, W—20, =160 u, Ww+10o| +26, W+30,
(G~ {0 (Run)Ernf)  W+a[(0i—{0(Run) )
Fig. 9. [Illustration for determining the threshold 7 (R, ,) for the like-

lihood function L;(m, n).

, 3.10
203, (3.10)

the entire area of N(u;, aiz(Rm,n)) by w. Figure 10 shows an
example of a tissue classification image that is estimated
manually by referring to its pathologic image. By comparing
the pathology-based classification image shown in Fig. 10
with the tissue classification image obtained by the proposed
method, the number N.(w) of correctly classified pixels is
obtained. The recognition rate R.(w) at w is expressed as
follows:

ulipids
blood clots

fibrous
tissue
calcified
tissue
unclassified

iliac artery (A)

[ FETTN FSTY YL ITETI FESY FITLIITI NV RPPRY POORI POUTA IUOUA

Fig. 10. (Color online) Tissue classification image obtained by referring
to the pathologic image.
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Ne(w)
Na(w)

Ry(w) = x 100 (%), (3.11)
where Ny(w) is the number of all pixels classified into a
class except for an unclassified pixel. Figure 11 shows the
relationship between the area ratio w of the acceptance
region and the recognition rate R.(w) obtained using eight
iliac arteries and nine femoral arteries. By setting the
threshold 7, ;(Sror) (w < 99%), the recognition rate R.(w)

was increased compared with that at w = 100% (without

recognition rate R-(w) [%]

50 : : :
100 95 90 85
area ratio w of acceptance region [%]
Fig. 11. Relationship between the area ratio w of the acceptance region

and the recognition rate R (w).

fibrous tissue

pathologic image

sn|npow onseo

classification image
(without thresholding)

Fig. 12.
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thresholding) and the recognition rate R.(w) slightly was
increased by decreasing the area ratio w of the acceptance
region at the expense of the number of classified pixels.
Figures 12(c)-12(g) show the tissue classification images
for an excised human iliac artery (A). The regions classified
as lipids, blood clots, fibrous tissue, and calcified tissue are
color-coded yellow, red, blue, and purple, respectively.
Figure 12(c) shows the classification image obtained with an
ROI size of 5 x 20 pixels (1,500 x 1,500 umz) without
thresholding. Although the pixels were roughly classified
into the correct tissues, the pixels which have low likelihood
L;(m,n) were also classified. Figures 12(d)-12(g) show the
classification images obtained with thresholds 7 ;(R;.)
determined at four different area ratios of w = 99, 95, 90,
and 85%, respectively. In Figs. 12(d)-12(g), a region whose
likelihood is less than the threshold 7, ;(R,,,) for all tissue
components is colored gray. As shown in Figs. 12(d)-12(g),
similarities among the classification images seem to be
qualitatively high especially for those at an area ratio w less
than or equal to 95%. It can be expected from the result
shown in Fig. 11 that improvement in the recognition rate
R:(w) by decreasing area ratio w slightly diminish at area
ratio w less than 95%. For another specimen [iliac artery
(B)], some pixels were misclassified into blood clots or
calcified tissue when the threshold T, ;(R,,,) was not set,
as shown in Fig. 13(c). In Figs. 13(d)-13(g), by setting
w < 95%, the pixels misclassified in the blood clots were
classified into unclassified region. For these results, the

(d) 3 mm s

classification image
(acceptance region: w=99%)

(e)

m lipids
blood clots

fibrous
tissue

calcified
tissue

m unclassified

classification image
(acceptance region: w=95%)
U]

3 mm

-

classification image
(acceptance region: w=90%)
(9

3 mm

-~

classification image
(acceptance region: w=85%)

(Color online) Iliac artery (A): (a) Pathologic image subjected to elastica-Masson staining. (b) Elasticity image. (c) Tissue

classification image without thresholding. (d) Tissue classification image (w = 99%). (e) Tissue classification image (w = 95%).
(f) Tissue classification image (w = 90%). (g) Tissue classification image (w = 85%).
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(Color online) Iliac artery (B): (a) Pathologic image subjected to elastica-Masson staining. (b) Elasticity image. (c) Tissue

classification image without thresholding. (d) Tissue classification image (w = 99%). (e) Tissue classification image (w = 95%).
(f) Tissue classification image (w = 90%). (g) Tissue classification image (w = 85%).

misclassification was reduced using the threshold 7, ;(Ry,..)
determined from the area ratio of the acceptance region less
than or equal to 95%.

4.

Conclusions

In this study, variance in measured radial strain was
evaluated to set the threshold T, ;(R, ) for the likelihood
L;(m,n) used in elasticity-based tissue classification of the
arterial wall. The misclassification was reduced using the
threshold 7, ;(R,,,) determined by setting the area ratio of
the acceptance region less than or equal to 95%.
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