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Tissue Characterization in Intravascular
Ultrasound Images

Xiangmin Zhang, Charles R. McKay, and Milan Sonkajeémber, IEEE

Abstract—Intravascular ultrasound (IVUS) imaging permits
direct visualization of vascular pathology. It has been used to
evaluate lumen and plaque in coronary arteries and its clinical
significance for guidance of coronary interventions is increasingly
recognized. Conventional manual evaluation is tedious and time-
consuming. This paper describes a highly automated approach to
segmentation of coronary wall and plaque, and determination of
plaque composition in individual IVUS images and pullback im-
age sequences. The determined regions of plaque were classified
in one of three classes: soft plaque, hard plaque, or hard plaque
shadow. The method’s performance was assessedvitro and in
vivo in comparison with observer-defined independent standards.
In the analyzed images and image sequences, the mean border
positioning error of the wall and plaque borders ranged from
0.13-0.17 mm. Plaque classification correctness was 90%.

Index Terms—intravascular, plaque composition, plaque mor-
phometrics, segmentation, tissue characterization, ultrasound.

I. INTRODUCTION

EART attack and stroke are the major causes of humal
death, almost twice as many people die from cardio
vascular diseases than from all forms of cancer combined.
number of imaging modalities exist to help diagnose coronagy. 1. Intravascular ultrasound image.
artery disease. Among them, X-ray coronary angiography and
intravascular ultrasound (IVUS) represent the most commonly . . . .
used diagnostic tools. Selective coronary angiography provide$37OWing evidence exists suggesting that the structure and
projectional X-ray images of contrast-filled coronary vessef@MPosition of atherosclerotic plaque play important roles
and has been clinically used for several decades. While!coronary artery disease and in the outcomes of coronary
provides detailed images of vessel lumen, it offers no jinterventions. The ability to visually identify the morphology

formation about the coronary wall. Intravascular ultrasourff atherosclerotic plaque has increased the usage of intravas-
is a relatively new technique that offers image informatiofular ultrasound during and/or after therapeutic interventions
that is complementary to that provided by angiography. Tisich as balloon angioplasty, direction_all a_Ltherectom)_/ anq stent
IVUS imaging (Fig. 1) generates cross-sectional images of tHL;',lcement. Intravascular ultrasound findings may give rise to

lumen, plaque, and vessel wall. Consequently, it facilitat@sModification of the treatment strategy. Lesion eccentricity
analysis of atherosclerotic plaque composition. and the presence or absence of calcium and its superficial or

deep location in the atherosclerotic plague demonstrated by
IVUS imaging have major implications in the choice of an
intervention device [1], [2].
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speed is preferred, 1 or 0.5 mm/s is typically used. With 3icano et al. showed that biochemical plaque composition
frames/s, pullback image sequences consist of hundredscah be determined from ultrasound images in conventional
IVUS frames. Manual border identification in such image s&ideo format [29]. Rasheedt al. developed a computerized
guences is tedious and impractical for clinical use. Automateaethod for two-dimensional (2-D) (single-frame) plague clas-
analysis is needed to bring quantitative 3-D analysis of IVUSficationin vivo and validated the method against histologic
pullback image data to routine clinical utility [3]-[11]. analysis of tissue from coronary atherectomy [26]. While the
Several techniques for 3-D segmentation of coronary walpproach showed good agreement with visual and histologic
and plaque from IVUS image sequences evolved over tassessment of plague composition, plaque characterization was
last few years [12]. One of the most widely reported semibased exclusively on gray level distribution of the IVUS
automated segmentation approaches that was used in clinibelges and did not offer any volumetric information. As
research was developed by Et al. [8], [13], [14]. Their stated in [37],analysis of the composition rather than the
method is based on semi-automated segmentation of Idwminal encroachment of an atheroma is a new avenue of
gitudinally resampled IVUS image sequences followed hksearch available to intravascular ultrasound techniques with
lumen and media border detection in cross-sectional IVUtential revolutionary repercussion3herefore, the goal of
images. Optimal border detection approach based on dynaitiie presented work was to develop and validate a practical
programming is used. Another semi-automated method fantomated method for assessing 3-D vessel morphometry and
3-D IVUS segmentation was developed by Dhawale anmglaque composition and to evaluate its accuracy and potential
colleagues [6], [15]. Again, they used dynamic programmingfility.
for border detection. Meieet al. recently reported a 3-D
IVUS segmentation approach that uses a combination of region || gsegMENTATION OF IVUS PULLBACK SEQUENCES
growing and cost-function optimization [11]. Another IVUS
segmentation technique based on optimal graph search'?é?

was developed by our group [16], 17]. The clinical utilit .
of 3-D coronary vessel morphometrics for diagnosis of VaQ_order) and the plaque/lumen borders (plaque border) using
s}ingle interactively defined region of interest (ROI) in

cular disease, assessment of stent deployment, endolumﬁwg : :
grafts, results of other coronary interventions, and predictié'ﬁ vidual IVUS images. Two key aspects of our approach
of plaque fracture locations is discussed in [7], [9], [12]\,"’ere as follows.
[14], [18]. All the above mentioned methods reconstruct the * Graph searching was utilized to identify globally optimal
coronary vessels as straight pipes. Recently, the importance of borders. _ _ _
geometrically correct 3-D reconstruction of coronary vessels® A priori information was incorporated into the border
and the associated plaque morphometrics was addressed [19]. détection process through the computation of local cost
IVUS reconstruction methods that use fusion of image data Vvalues. In particular, to identify the position of the wall
from biplane angiography and intravascular ultrasound are borders, the method searched for edge triplets repre-
beginning to appear [20]-[23]. senting the Ie_zading _and trail_ing edges of the laminae
In addition to plaque morphometry, plague composition was echoes. The interactively defined elliptical shape of the
shown to correlate with clinical variables in atherosclerotic ~RO!l served as a model of the preferred vessel shape.
coronary artery disease [24], [25]. Mintz studied the role of ~Knowledge of the vessel wall thickness was also used to
calcium within the plague burden [24]. Rasheed classified Constrain the search for the wall borders.
plaque regions as soft or hard and studied their relationshipTo facilitate an automated analysis of IVUS pullback image
with patient-related clinical variables [25]; quantitative graysequenceshe ROI in which the borders are determined must
level statistics were used for computer-assisted assessmeri@ofautomatically identified. Then, the 3-D border detection
plaque characterization [26]. It was demonstrated in compafiay be performed as an extension of the border detection in
son with histology that IVUS images can be used for reliabigdividual IVUS images.
visual assessment of plague composition in regions of softA 3-D border detection algorithm was designed that in ad-
(cellular), hard (fibrocalcific), and calcified plaque [26]-[30].dition toa priori information about 3-D coronary anatomy and
Wilson and later Bridal demonstrated that there is cokdtrasound physics also uses contextual information to estimate
relation between ultrasonic attenuation and constituents R®! size and position changes in the successive frames. The
atherosclerotic plaque [31], [32]. Ultrasonic assessment @¢neral steps of the 3-D IVUS segmentation algorithm are
plaque composition is of direct interest in the cardiovascghown in Fig. 2. A single elliptic ROl is interactively identified
lar research in general. Examples include ultrasonic studigsthe first image of the pullback sequence. Inside the ROI,
of plaque morphometry and composition in carotid arterig¥all, and plague borders are automatically identified using the
[33]-[36]. previously reported segmentation approach [16]. In subsequent
Despite the unquestionable clinical utility of IVUS imagingimages, current ROI's are automatically determined from the
estimates of vessel morphometry and plaque characterisg@gnputer-detected borders in the preceding image frames.
continue to be made visually. Such estimates are often base®etails of the ROI determination in successive frames are
on an arbitrary selected IVUS frame representing a singiscribed using the following definitions.
vessel cross section. Only a limited number of computer-1) Fitted Ellipse: Let A; and B; be such two points on a
aided plague characterization methods have been published. closed contoutC that have the largest mutual distance

ur previously reported segmentation method reported in
automatically identified the media/adventitia border (wall
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[ IVUS image sequence digitization }

I

[ ROI definition in the first frame ]

[ Border detection in current frame ]

All frames? Yes

No

[ ROI definition for next frame ]

\L Fig. 3. ROI determination in successive frames (a) Fitting an ellipse to a
End closed contour. (b) Averaging two closed contours. (c) Contour expansion by
d.
Fig. 2. Automated segmentation of intravascular ultrasound pullback image

sequences. 4) Compute the weighted averageand s of the long and

short axis length, respectively, of the eIIipEél,2 (the
of all point pairs of the closed conto®. Let A, B> be outside ROI ellipse in the frame—2), E,,_;, andE;,_,
a line perpendicular tol; B; that dividesA; B; in two
parts of equal lengthd,, B, € C. The fitted ellipse
of C is then defined as an ellipse with long axis being § =W1Sp_2 + W2Sp_1 + W3S, _; (2)
Ay By and the length of its short axis equal to the length
of A, B, [Fig. 3(a)].

2) Average Distance Between Two Contourst the point
Q); € C4 be the closest point for the poif € C;. Let 5)
the distance betweeR; and @; be denoted byi;. The
average distance between two contots and C- is
defined as the mean distan€gc.. = >, d;/n Where
n is the number of contour points of the contoly
[Fig. 3(b)].

3) Contour Expanding or Shrinkind:et a new contoulC’
consisting of pointd”’ result from expanding (shrinking)
of a contourC consisting of pointd”. Let the amount of
expanding (shrinking) be defined by a distamcedEach
contour pointP € C’ is defined as being located on
normal to the contou€s at the pointP; € C for which
the distanceP; P’/ = d and the pointsP/ are located
outside (inside) of the contour [Fig. 3(c)].

Let the currently analyzed frame of the IVUS pullback

image sequence be denoted by 1, let the previous frame In addition to the 3-D plague morphometry that can be
be denoted by: — 2, and let the frame to be analyzed nexgletermined from segmented IVUS pullback image sequences,
be denoted by.. Then, the outside limit of the elliptic ROI in determination of plaque composition is of high clinical impor-
the next framen is estimated using the following steps. tance. The ultrasonic appearance of the atherosclerotic plaque

1) Following the definition of a fitted ellipse, fit an eIIipsedep(_ands on 't_s composition [26], [30], [37]. The following
E; to the wall border that was determined in the framaections describe a newly (_j_eveloped automated texture-based
n— 1. method for plague composition assessment.

2) Determine the average distanéebetween the contour
E,._1 identifying the outside limit of the elliptic ROl in

I =wily—2 +walp—1 +wsll,_, 1)

where [,,, s,, denote long and short axis lengths of
the respective ellipses. The weightg represent the
parameters of the algorithm.

Adjust the ellipseEs so that the lengths of its axes are
of the lengthd ands, respectively. Let the new adjusted
ellipse be denoted b¥,,. The new elliptic ROl in the
framen is defined by the ellips&,,.

A heavily smoothed and shrunk plaque bordey,_, pre-
viously determined in frame:» — 1 is used to define the
inside limit of the ROI in framen. During the segmentation
process, the elliptical ROI's were monitored by an observer to
ensure the vessel wall cross sections were included within the
aoredicted ROL. If the ROI failed to enclose the vessel wall, the
segmentation process was interrupted, the ROI was adjusted
interactively and segmentation was restarted.

Il. TISSUE CHARACTERIZATION IN IVUS IMAGES

A. Ultrasonic Appearance of Wall and Plaque

the framen — 1 and the ellipseks. High-frequency (20—-30 MHz) ultrasonography allows imag-
3) Expand the ellipsés by the distancel to define an ing of relatively small structures (<0.2 mm). The bright
ellipse E,,_;. reflection of ultrasound at a tissue interface depends on the
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shadow

Fig. 4. Ultrasonic appearance of wall and plaque.

ang|

mismatch between the two adjacent tissues. In general, the
structural components of the elastic artery consist of a highly
organized arrangement of lammelae. The lammelae consist of
repeating modules of elastin, collagen, and smooth muscle
cells, which decrease ultrasound penetration. An overview of
the potential utility and limitations of IVUS for quantitative
characterization of vascular tissue can be found in [38].
Among all the components, the adventitia normally pro-
duces the highest gray level intensity. Characteristic gray level
appearances of other tissue types have been defined with their
relative brightness compared to that of the adventitia. The

goal

cellular components, loose connective tissue) and hard plaque
(dense fibrous tissue, collagen, elastic fibers, proteoglycan,
necrotic debris with or without calcification) [37]. These two
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"hard" plaque

adventitia

"soft" plaque

e of the beam to the reflector and the acoustic impedance

is to distinguish between regions of soft plaque (lipids,

(b)

groups were previously shown to be visually distinguishabfég' 5. Observer-defined plaque composition. (a) Original intravascular ul-

rasound image. (b) Manual plaque classification; soft plaque (two side

by experienced human observers in comparison to histolo@ions) and hard plaque (top region).

[39].

If

shadowed region behind the calcified plaque is not depicted

Hard plaques are composed of fibrous tissue often in co®- Plaque Description in Elementary Regions

plex layers. In IVUS images, hard plaques are highly re- 1 a55ess plague composition, plaque type is determined
flective of ultrasound and produce bright echoes similar{g narrow plaque wedges called elementary regions. Clas-
the adventitia (Fig. 4). Calcified hard plaque regions afication labels are assigned to the pixel of interest (POI)
typically identified by high-amplitude echo signals withyssociated with each elementary region. Prior to defining the
complete distal shadowing. Consequently, hard pladgégmentary regions, the entire plaque regibis straightened
regions are characterized in IVUS images as texturaljyig a rectangular regio of a constant height along the
heterogeneous, high contrast regions located inside Rhque/lumen interface (Fig. 6). The widti of the straight-
thick plaque that contain very bright echoes and are oft@fed regionB is equal to the lengths of the plaque/lumen
trailed by shadowed areas. (Note that the textural imaggrder. Thus, each pixel of regioR is corresponding to
heterogeneity does not necessarily correlate with tissgge pixel in regionA but not vice versa. This is a standard
heterogeneity.) geometric image transform. While it may cause minor local
Soft plaques usually consist of highly cellular areas jray level changes due to resampling and interpolation, it does
intimal hyperplasia and often contain cholesterol, thronhot affect global gray level parameters.

bus, and loose connective tissue types. Ultrasound imagesn order for B to contain all elementary regions in the radial
of soft plaque are characterized by weaker and moggrection, maximum thickness, ., of the plaque regiom is
texturally homogeneous echoes and show low contragmputed first. Then, the height of the regiBris determined

the hard plaque is calcified, the composition of the H=t.th )

on the IVUS image. Therefore, shadows behind the calcifiethere/: is the constant height of all elementary regions. The
hard plaque form a third class. An example of observer-definsttaightened rectangular regiéhthus contains all plaque, and

plag

ue composition is given in Fig. 5. may include some portions of the wall and adventitia. Each
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Fig. 7. Searching for elementary regions inside of the plaque region.

To determine the POI and the elementary region for each
plaque wedge, a horizontal line segménof the same width
w as the elementary regions is moving inside of the region
B (Fig. 7). When searching for the elementary region at
columnzy, the line segmenL is initially placed centered at
(z1, 0) and moves vertically along thedirection. Gray levels
y ! B of pixels are averaged along the line segméntM (z1, y)
represents the mean gray values

w/2

(x-w/2.y) (x+w/2.y) 1 )
M(xlv y) = E Z I(xl + ¢, y) (4)
i=—w/2
h Then, they; coordinate of the point of interesP(xy, y1)
associated with the columm; is determined to satisfy the
(ew/2y+h) 7 (x+w/2,y+h) following equation

Fig. 6. Plague region straightened along the plaque border. Original plaque E(a:l, yl) = max M(a:l, u) (5)

region A, straightened plaque regid®, point of interest” and its elementary 0<y<H’(z1)

region (bottom, enlarged). . .
gon e where H'(x;) is the thickness of the plaque at coluren.

pixel in B is a POI candidate and one and only one P Ihe region between the plaque/lumen interfgge= 0) and

is selected in each column (along directigrin Fig. 6). To he_POI row_(y =u-1is exclude_d_from the_ele_mentary
region and is not used for determining quantitative plaque

become a POI, the candidate pixel must belong to the plaqélescriptions
region and have the highest intensity level of the plaque region )
in this column as described below.

The elementary region associated with the point of interegt
P(z, y) is defined as a wedge (a rectangle in the straightenedn the elementary regions, the following texture measures
image), the upper left and lower right corners of which ar@re computed to serve as features distinguishing between the
(r—w/2,y) and(z+w/2, y+h), wherew andh are the width hard and soft plaque. The texture descriptors were selected
and height of the elementary region, respectively (Fig. 6). Onpynce they have proved useful in a variety of medical and
one elementary region is defined for every column in theonmedical applications in the past [40].
straightened rectangular region. Adjacent elementary regiond) Gray-Level-Based Texture DescriptorShese included
overlap byw — 1 pixels. standard features dfistogram contrast, skewness, kurtosis,

Plague wedges may contain a mixture of soft and hadispersion,and variance In addition, a property describing
plague. Consequently, for each wedge containing hard plaqtieg radial profile was designed to reflect the different gray
the plague wedge may appear as a two- or three-layetedel profile characteristics of the hard and soft plaque. For an
structure along the; direction: hard plaque/shadow, or sofelementary region with the POI &ty, y) (Fig. 8), theradial
plaque/hard plague/shadow. The rationale for defining tpeofile property can be determined as

Texture Measurements

point of interest as the pixel associated with the brightest E(x1,u1)
plaque location along they direction is to maximize the radialprofile = p—— E(a:h Ay (6)
homogeneity of the elementary plaque region. Thus, soft AXay ST LT AY

plague tissue located closer to the lumen/plaque border thainere Ay = 10, 20, ---, h.

the hard plaque is excluded from the elementary region since?) Co-Occurrence MatricesThese matrices describe re-

it does not belong to hard plaque region and consequently Ipgested occurrences of some gray level configurations in the
different texture appearance. Therefore, elementary regions plague texture classes. An occurrence of some gray level
positioned in the plague wedge along thexis to start at the configuration may be described by a matrix of relative fre-
point with the maximum gray level of the plaque in order touenciesE; 4(a, b), describing how frequently two pixels
enhance sensitivity of the employed texture descriptors.  with the gray levelsa, b appear in the texture separated by

Authorized licensed use limited to: Perkins Coie LLP. Downloaded on May 05,2026 at 18:07:37 UTC from IEEE Xplore. Restrictions apply.



894 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 17, NO. 6, DECEMBER 1998

After the plaque type classification was performed in pull-
back sequences, a post-processing method was included that
] considered 3-D contextual information. After the classification

O plaque region of individual elementary regions was completed in the entire
sequence, the plague type of each pixel was determined as the
majority type among the pixels of the same spatial location
in the preceding three frames, the current frame, and the
successive three frames.

(x (IY()) W X

h

IV. EXPERIMENTAL METHODS

y i
) ) ) ] ) ) A. Image Acquisition
Fig. 8. Calculation of theadial-profile property in an elementary region. ) ]
Intravascular ultrasound images were obtained from coro-

nary arteriedn vivo andin vitro, using 2.9 French intracoro-
nary ultrasound imaging catheters (Boston Scientific, San Jose,
were computed. CA). IVUS images were recorded on S-VHS video tapes and

3) Run-Length MeasuresThese measures describe thgigitized usi_ng a high-e_nd commerci_ally available _digitizer
maximum contiguous set of constant gray level pixels |Ocatélaarallax Xyldeo 700) a_t image resolution of 64@80 pixels,
at a specified direction. A large number of neighboring pixefs93 Mm/pixel, digitization rate up to 30 frames/s.
of the same gray level represents a coarse texture, a sma ingle-frame images were stored as JFIF format and later
number of these pixels represents a fine texture and the lendti8Verted to 8-bit gray level raw data format. Image sequences
of texture primitives at different directions can serve as textufere digitized using JPEG standard with highest quality pro-
descriptors [40]-[42]. Two run-length features were compute\él'.oIeOI by the digitizer and later decompressed into the raw
short primitives emphasiandlong primitives emphasis data format.

4) Fractal-Based MeasuresThese measures are calculated )
through the transformation of image space to fractal dimeR- Experimental Data

a distanced in direction¢ [40]. The featuregnergy, entropy,
maximum probability, contrasandinverse difference moment

sion, Brownian fractal dimensionmvas computed [43]. To validate our segmentation method in IVUS pullback
image sequences, sir vivo IVUS pullback sequences were
D. Plaque Recognition acquired. The speed of the catheter pullback was approxi-

From the large number of calculated features, correlatgptely 1 mm/s and the images were digitized at a frame rate of
ones were removed. Then, features with the highest discrigf! frames/s. Each pullback sequence depicted 5-11 mm of the
ination power were identified using the inter-class distand@t anterior descending coronary artery (LAD) and contained
search criterion and the Euclidean metric [44]. The followingétween 150 and 330 video frames. The IVUS pullback
three descriptors were identified as providing the best featut@¥§2ges were acquired from patients undergoing interventional
for soft/hard plaque classification in IVUS images: radigioronary treatment. Pullbacks were acquired after directional
profile, long run emphasis, and the fractal dimension. @oronary atherectomy. In one of the six sequences, calcified
classifier with piecewise linear discrimination functions waBlaque did not permit ultrasound visualization of the wall in a
trained using the three selected features and used for clas&#fige portion of the sequence and this sequence was excluded
cation. The number of exemplars defining the piecewise liné&m further experiments.
discrimination function results from the learning process. This Pullback sequences acquirgdvivo often contain complex
is an iterative learning process. Initially, a small number @fardiac motion and rapid changes of signal attenuation over
exemplars, possibly one, is given to each class by groupiti@'le. These may cause problems for computerized border de-
the training samples. An exemplar is computed as the cerite¢tion. Through the usage of electrocardiogram (ECG)-gated
of each group. The training set is then classified using tieages, we were able to improve the algorithm performance
exemplars. If the classification is not correct, the number sfibstantially. In the digitizedn vivo pullback sequences,
exemplars is increased and the training samples regroupggstolic and mid-diastolic frames were selected to form ECG-
New exemplars are derived. This process is repeated ungited pullback sequences. The frame selection was performed
specified criteria are satisfied. according to the accompanying ECG signal available on

In the testing set of IVUS images, each elementary regidime IVUS frames. The ECG-gated sequences contained 5-11
was classified as containing soft or hard plaque. The elemérames each and were analyzed in both directions (distal to
tary regions labeled as hard plague were further divided inpooximal and proximal to distal). Thus, the totaliok 2 x 2 =
hard plaque and shadow subregions based on their gray |2@IECG-gated IVUS pullback sequences were available for
intensities. This was done using gray level thresholding alotige validation experiments.
each row. To validate our plaque characterization method, 12 IVUS

To suppress classification artifacts that are present in tineages from eight diseased cadaveric human hearts were
shadow region, a ¥ 7 median filter is applied to the entiredigitized from video tapes. Each image contained both soft
region. and hard plaque regions and consisted of 150-300 elementary
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regions per image. First, the plague regions in all 12 images 70 +
were segmented using our border detection approach. Then, ,
each elementary plague region was labeled as containing soft 60 1
o . Computer-
or hard plaque. The classifier was trained on manually deter- detected
mined patterns of soft and hard plague elementary regions. original  gq |
Nonhomogeneous elementary regions, containing a mixture of '“”Fri%ilrea
soft and hard plaque tissues, were excluded from the training a0l
set.
Due to the limited data set that was available for validation, 30 | r=0.98
we used thdeave-one-oytor Jackknife approach to assess xzég“ +1.51
classification correctness [45], [46]. First, 11 of the 12 images 20 : : : : :
were selected to train the classifier. The remaining image was 50 30 40 50 60 70

then used for testing the resulting classifier. The process was
repeated 12 times, always using 11 images to train the classifier
and the remaining image to test the classifier. This is a stand&ia 9. Comparison of computer-detected and observer-defined lumen areas.
process used in pattern recognition when limited numbers of

training/testing data are available. Note that the classifier did-l-0 assess the performance of automated plaque character-

not produce a single decision per training session. Rathhiion e determined classification correctness as the ratio

200-300 decisions were made each time since each elemenigiy,e n\umper of correctly labeled elementary regions and the

region was classified. o i total number of elementary regions summed across all images.
To demonstrate the feasibility of 3-D analysis of plaqueyq ciassification correctness was individually determined for

morphometry and composition in IVU_S pullback sequences,a plaque class as well as overall.

14-mm pullback sequence was acquired from a diseased Car,, ga|yate the accuracy of a clinically important measure

daveric human heart. This IVUS pullback sequence contain&d plague composition, thevercent circumference of hard
425 frames. plaque was defined as

Observer-defined original lumen area [mm?]

circumferenceof_hardplaque
C. Independent Standards circu mferencmf_maque

_ To assess performance of our segmentation m.ethod in V{Rere circumferencef hardplaque was expressed in de-
image sequences, we compared the automatically deteqiedes The error of percent circumference of hard plaque
borders with the manually identified borders defined by @5 defined as the difference between observer-defined and
expert observer in a bl_mded fashion. The Observer'def'nggmputer-detected percent circumference of hard plaque.
borders served as an independent standard. In each IVU Il errors are expressed as mean standard deviation.
sequence, the first, middie, and last frames of each ECfgagression equations were compared to the equation of the

gated IVUS sequence were manually traced to define tg." ot jgentity usingt-statistic for the slope and intercept.
independent standard for coronary wall and plaque borders.

Unlimited amount of tracing and editing was allowed.

To assess the correctness of plague characterization, the
automatically classified plaque regions were compared with ) ) )
the manual classification of plague composition [Fig. 5(b)f\- Three-Dimensional Image Segmentation
Soft and hard plague regions were carefully outlined by Our method successfully identified wall borders and plaque
an expert observer in a blinded fashion. A good agreemdsdrders in all 20 ECG-gated IVUS pullback image sequences.
between visual plaque characterization in the two employ@dter the interactive definition of the ROI in the first frames
plaque tissue types and histology was previously demonstratsidhe sequences, all borders were identified automatically and
by our expert observer [39]. were not manually edited. A good correlation was obtained

between computer-detected and observer-defined lumen and
. plague areasr(= 0.98, ¥ = 1.01z + 1.51, Fig. 9;r = 0.94,
D. Quantitative Indexes y = 1.06z — 0.09, Fig. 10). The slope and intercept of the

To compare computer-detected and observer-defined boriginal lumen area regression line did not differ significantly
ders, we calculated lumen area as the area enclosed by ftben one and zero, respectivelpy > 0.5, p > 0.1). For
plague border, plaque area as the area between the plaipgeplaque area, the regression line slope and intercept also
border and the wall border, and the maximum and roadid not differ significantly from one and zero, respectively,
mean-square (rms) errors of border positioning by measurifig > 0.2, p > 0.9). The computer-determined borders were
the distances between corresponding boundary points. Colaite accurate with the maximum and rms border positioning
sponding points were defined as pairs of points, the first poirtrors summarized in Table I. The maximum positioning errors
being from the computer detected border and the second onean that at any given radius, the border detection may locate
from the independent standard border that were closest to etteh borders with errors of approximately 0.3-0.4 mm. An
other using the Euclidean metric. example of the coronary wall and plaque borders automatically

x 100% 7)

V. RESULTS
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10 4 y = 1.06x - 0.09 10 4 (1).287x +0.66
n==60
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Observer-defined plaque area [mm2] Observer-defined % circumference of hard plaque
Fig. 10. Comparison of computer-detected and observer-defined plaquefdg 11. Comparison of computer-detected and observer-defined percent
eas. circumference of hard plague.
TABLE | automated IVUS sequence analysis method. Obviously, if the
BORDER POSITIONING ACCURACY IN ECG-GATED PULLBACK SEQUENCES . . .
ROI is positioned accurately, the sequence border detection
border positioning error maximum rms problem reduces to the border detection in an individual frame.

However, with the variability of coronary cross-sectional mor-
phology, it is often impossible to predict the ROI position
accurately. In our method, it is imperative that the ROI
contains the image portion in which all three borders of interest
detected in an IVUS frame of the pullback image sequencedt Positioned. To guarantee that the borders are included in
given in Fig. 13(b). the ROI, thg ROI ml_Jst increase in size compared to the size of
the interactively defined ROI in individual frames. Therefore,
the robustness of the border detection in individual frames

is also extremely important. The more robust the method for

Plaque composition in the 12 images was automaticaliyrder identification in individual frames, the less sensitive the
determined with classification correctness of 89.9% overalhg,its are to the accurate positioning of the ROI.

Hard plaque was correctly classified in 89.2% of e|eme”taryConsidering current state-of-the-art in IVUS image segmen-
regions (653/732) and soft plague classification correctngggon, the IVUS sequences must be ECG gated to suppress
was 90.2% (1805/2001). the influence of the cardiac motion on the cross-sectional
A good correlation was found between the computefyages and to facilitate a robust and fully automated border
detected and observer-defined percent circumference of hgedlection in pullback sequences. While we demonstrated that
plaque(y = 0.87z + 0.66, r = 0.99) (Fig. 11). The average o+ method can be applied to non-ECG-gated IVUS pullback
error of percent circumference of hard plaque was 32% gequences, it may fail to correctly detect the borders in some

2.7%. An example of automated plaque classification is giV‘I’{?US frames due to the excessive frame-to-frame motion. The

in Fig. 12. - .. ECG gating requirement substantially decreases the method’s
To explore the feasibility of 3-D plaque characterizationyjre rate and thus the need for manual intervention and
the 14-mm cadaveric pullback sequence was first segmenfgdi, ting of the border detection process. As was demonstrated
using our 3-D segmentgtmn approach. Then, plaque charac}ﬁrfhe 20 ECG-gated pullback sequences that were analyzed
Ization was pe_rformed in a 101-frames-long subsequence that part of this study, no manual editing of the predicted
contame_d a mixture of hard and soft plaque (fra_”_‘es 16_8_2%% and no restarting of the border detection process were
of the original sequence). Each frame was classified using m?eded. We presume that slower pullback speeds combined

classifier previously trained in the 12 IVUS images used f%th ECG-gating represent the IVUS sequence acquisition
guantitative validation for which the training set was ava"abl%ethod of choice if automated volumetric analysis is the
Vessel wall and lumen borders of the diseased cadavegg

e

“goal.
coronary artery V\{ere_detected and the plaque charac_ten C?he method for automated plaque characterization presented
‘13 demonstr:’:llltsd Ln Fig. 1:;(6}2_]:(0)';% 3D relf:ontstructflorrl Rhre was developed and validated in individual IVUS image
;)Izqir;tlcr:imp:osi?onCigtsquowan ino;:iget;-e;(&/;sualzauon OF g ames and its applicability was demonstrated in a 3-D pull-

' ' back sequence. We expect that by combining our 3-D IVUS
image segmentation method and the plaque characterization
approach reported here, we will be able to develop and

Estimation of the coronary wall and plaque borders in tHelly validate a method for truly 3-D plaque characterization.
successive frames of the pullback sequence represents theAdgitional contextual information, such as 3-D connectivity,
step to eliminate the human interaction and to develop a fukbjould further improve the plaque classification results.

wall border 0.30+ 0.13 mm 0.13+ 0.05
plaque border 0.40+£ 0.19 mm 0.17+ 0.08

B. Tissue Characterization

VI. DISCUSSION
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(©)
Fig. 12. Automated plague characterization. (a) Original image. (b) Com- (d)
puter-detected soft (black), hard (gray) plaque, and shadow (white) regions,
plaque borders were determined automatically. (c) Observer-identified séfig- 13. A 3-D reconstruction of a coronary vessel from a 14 mm pullback
hard, and shadow plaque regions. sequence. (a) Original image. (b) Automated border detection. (c) Plaque
composition in the IVUS frame shown in (a), soft plaque region is black,
hard plague region is light gray, hard plaque shadow is gray. (d) Plaque
Using the currently available IVUS images, even quantitgomposition of the entire pullback sequence, hard plaque is shown as a bright

tion of the total amount of vessel calcification or hard plaq )gic()n). The arrows depict the location of the IVUS frame given in panels
—(C).

volume has its limitations. Total calcium burden often cannot

be estimated, because deeper structures that may or may not

be calcified are hidden in the shadow of more superficialglcification. Therefore, quantification of calcification by in-

calcified regions. At the same time, brightness of the initi#lavascular ultrasound can be expressed only as the arc length

bright echo does not indicate the total depth or amount [#7], [47]-[49]. There are additional difficulties associated
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with ultrasound tissue imaging; gain setting of the IVUS
device being one of them. Image brightness may also var
in fibrotic plaques due to angle dependency of echo responsé.l,
with respect to ultrasound beam. While we hypothesize that
our border detection and plaque characterization techniqu?zﬁ
will be able to perform well in such situations due to their
primary responses to relative changes of echo intensity and
not to absolute intensities, proving this hypothesis remains f%]
future work.

On the other hand, intravascular ultrasound images facilitate
detailed measurements of atherosclerotic lesions and can be
used to differentiate tissue characteristics and to evaluajg
plague composition. In agreement with our previous stud-
ies comparing visual analysis of plaque composition from
cross-sectional 1IVUS images and histology [39], plaque wag;
classified in three classes—soft, hard, and shadow in the
presented study. Visual assessment of plaque type is limiting
the number of classes that can be reliably distinguished by
a human observer. However, plaque characterization may
not necessarily be limited to classification of soft and hard,
plaques especially if radio-frequency (RF) data are available
for computerized image analysis. Ultrasonic methods for more
detailed plaque characterization can be expected in the futng].

Several limitations of our work are worth noting. First,
observer identification of wall and lumen morphometry in-
evitably suffers from interobserver and intraobserver variyg
ability and may not represent an ideal independent standard.
Similarly, expert definition of plague composition from IVUS
images is irreproducible and only quantitative histology cafg
provide an alternative independent standard. Unfortunately,
when used for validation purposes in fresh cadaveric vesséfd]
histology has associated problems with shrinkage and geo-
metric distortions that make direct comparison of IVUS anii2]
histology a nontrivial task.

[13]
VII.

Automated determination of coronary wall and plaque bor-
ders plays a very important role in visualization and quarfl-4]
titation of 3-D volumetric data from IVUS pullback image
sequences. Although additional validation is needed in slower
pullback sequences that offer larger numbers of ECG-gated
images from each pullback, the presented method holds great
promise for reliable, robust, and clinically applicable segmeifits]
tation of IVUS pullback image sequences. The automated
plague characterization method reported here produced ggos)
assessment of plague composition in the analyzed IVUS
images. The method itself is not limited to classification of
soft and hard plaque but is, in general, also applicable to magie)
detailed plague characterization.

Although truly accurate assessment of vessel morphometry
and plaque composition can currently only be obtained using)
guantitative histology, our results clearly demonstrate the
feasibility of automated segmentation and plaque classification
in intravascular ultrasound data. The presented method holds
substantial promise for segmentation and tissue characteriZ8!
tion in 2-D and 3-D IVUS images when applied in clinical
setting.

CONCLUSION
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