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Quantitative Segmentation of Principal Carotid
Atherosclerotic Lesion Components by Feature Space

Analysis Based on Multicontrast MRI at 1.5 T
Christof Karmonik*, Member, IEEE, Pamela Basto, Kasey Vickers, Kirt Martin, Micheal J. Reardon,

Gerald M. Lawrie, and Joel D. Morrisett

Abstract—The purpose of this paper is to evaluate the capa-
bility of feature space analysis (FSA) for quantifying the relative
volumes of principal components (thrombus, calcification, fibrous,
normal intima, and lipid) of atherosclerotic plaque tissue in multi-
contrast magnetic resonance images (mc-MRI) acquired in a setup
resembling clinical conditions ex vivo. Utilizing endogenous con-
trast, proton density, T1-weighted, and T2-weighted images were
acquired for 13 carotid endarterectomy (CEA) tissues under near-
clinical conditions (human 1.5 T GE Excite scanner with sequence
parameters comparable to an in vivo acquisition). An FSA algo-
rithm was utilized to segment and quantify the principal compo-
nents of atherosclerotic plaques. Pilot in vivo mc-MRI images were
analyzed in the same way as the ex vivo images for exploring the
possible adaptation of this technique to in vivo imaging. Relative
abundance of principal plaque components in CEA tissues as deter-
mined by mc-MRI/FSA were compared to those measured by his-
tology. Mean differences ± standard deviations were 5.8 ± 4.1%
for thrombus, 1.5 ± 1.4% for calcification, 4.0 ± 2.8% for fibrous,
8.2 ± 10% for normal intima, and 2.4 ± 2.2% for lipid. Reasonable
quantitative agreement between the classification results obtained
with FSA and histological data was obtained for near-clinical imag-
ing conditions. Combination of mc-MRI and FSA may have an
application for determining atherosclerotic lesion composition and
monitoring treatment in vivo.

Index Terms—Atherosclerosis, feature space analysis (FSA),
magnetic resonance imaging (MRI), multicontrast (mc) imaging.

I. INTRODUCTION

A THEROSCLEROSIS is an underlying cause of cardio-
vascular disease, which impacts the health of more than

30% of the U.S. population. Carotid atherosclerosis is a primary
cause of transient ischemic attack and stroke [1]. Accumulat-
ing evidence suggests that it is most likely not the size of the
carotid atherosclerotic plaque nor the percent stenosis of the
carotid lumen that determines the risk for stroke. Rather plaque
composition and activity are now thought to play central roles
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in determining the severity of the disease and the probability for
plaque rupture [2]–[4].

Typically, the initiating event for atherosclerotic plaque for-
mation is injury to the endothelium that increases intimal per-
meability, allowing lipoproteins such as oxidized low-density
lipoprotein (LDL) to cross the endothelium and accumulate in
the subintimal space. Inflammation at the injury site results in
recruitment of macrophages that take up the oxidized LDL, be-
come engorged with lipid, and ultimately die. The subintimal
accumulation of dead cells and lipids leads to the formation of
a lipid rich domain, forming the core of a plaque. Signals sent
to smooth muscle cells in the underlying medial layer trigger
their migration toward the top of the lesion, forming a fibrous
cap that protects flowing blood from the underlying thrombo-
genic components. Rupture of this fibrous cap causes subintimal
hemorrhage and thrombus formation. If the thrombus fills only
the plaque breach, the patient remains asymptomatic, but if the
thrombus extends into the lumen and occludes it, the patient
will likely suffer a transient ischemic attack or stroke. Another
process in the plaque development is calcification [5], [6]. Calci-
fication in the intima is exposed to flowing blood, and therefore,
may be more thrombogenic than calcification in the media that
does not directly contact the flowing blood. As indicated by
the pathogenic processes described before, the principal com-
ponents of atherosclerotic plaque can be identified as lipidic, fi-
brotic, thrombotic, calcific, and normal intima [6], [7]. Noninva-
sive methods for measuring plaque composition may have great
potential for assessing clinical risk and monitoring the efficacy
of various interventions designed to cause lesion regression,
improved blood flow, and enhanced tissue perfusion [8]–[11].

As previous studies have shown, MRI exhibits excellent soft-
tissue contrast, and hence, is able to distinguish the major
components of human carotid atherosclerotic plaque by judi-
cious choice of pulse sequences [12]–[24]. Recently, reasonable
agreement with histological data in the analysis of multicontrast
MRI (mc-MRI) data of coronary artery specimens on a nonhu-
man 9.4 T imaging system was demonstrated with spatially en-
hanced cluster analysis [25] and an artificial network model [26].
To explore a potential clinical application of mc-MRI in the clas-
sification of atherosclerotic plaque tissue, we evaluated in this
study the combined use of 3-D projections of proton density
(PD) weighted (PDW), T1 weighted (T1W), and T2 weighted
(T2W) images of carotid endarterectomy (CEA) tissues to seg-
ment and quantify the earlier identified principal tissue com-
ponents in the framework of feature space analysis (FSA).

0018-9294/$25.00 © 2009 IEEE
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The results of this analysis are compared to results obtained
with histology. Preliminary results from this study have been
reported [27].

II. MATERIALS AND METHODS

The study was approved by the institutional review board. Ex-
cised CEA tissue specimens were imaged employing endoge-
nous PDW, T1W, and T2W contrast using MRI. A k-means
clustering algorithm was then employed to classify and seg-
ment the five main plaque components. Tissues were then cut
and histological sections were treated with different staining
agents. Areas corresponding to the five main plaque compo-
nents were identified in the histological images as well, and
areas for each component were qualitatively compared for both
methods. The following sections describe each method in detail.

A. CEA Specimens

Thirteen freshly excised human CEA tissues of 30–50 mm in
length and 5–15 mm in diameter were obtained 1–3 h after re-
section. After the surgical slit was resealed with Superglue, the
resected tissue was transferred to a 15-mL plastic culture tube
containing tris-buffered saline (TBS) for immediate imaging,
TBS/50% glycerol for cryopreservation, or TBS/10% formalin
for fixation. Some tissues that could not be imaged within one
day of acquisition were stored in TBS/50% glycerol buffer at
−20 ◦C. Before these tissues were imaged or processed, glyc-
erol was removed by gentle dialysis against TBS for 24 h at 4 ◦C.
Imaging experiments and histochemical analysis indicated ex-
cellent retention of cellular integrity and tissue morphology of
specimens stored under these conditions. CEA tissue images
were acquired at ambient temperature of the scanner that was
20 ± 2 ◦C as measured with an optic fiber thermometer (Lux-
tron, Santa Clara, CA).

B. Ex Vivo Image Acquisition

At each imaging session, each of the four tissues was placed
in a 15-mL plastic culture tube filled with TBS and placed in
a water-filled cylindrical sample holder with approximately the
same diameter as the human neck. Details of the holder have
been described elsewhere [28]. Images were acquired using a bi-
lateral carotid array coil consisting of 6-cm coil elements (Path-
way Medical Technologies, Inc.) developed for human carotid
plaque imaging on a GE 1.5 T Excite HD MRI scanner. Clini-
cal pulse sequences with parameters typical for human imaging
were employed to acquire consecutive PDW (TE = 15 ms, TR =
2400 ms, echo train length = 8), T1W (TE = 15 ms, TR =
600 ms, echo train length = 3), and T2W (TE = 94 ms, TR =
4000 ms, echo train length = 18) images perpendicular to the
long axis of the tissue (slice thickness 2 mm, matrix 512 × 384
zero-filled to 512 × 512, FOV 100 × 100 mm, interpolated
in-plane resolution of 0.195 mm) using standard fast spin-echo
sequences [29]. Depending on the size of the tissue, 8–31 slices
were acquired to ensure full coverage of all plaque tissues that
were mounted at varying heights in the sample holder.

Fig. 1. Correction of the inhomogeneous in-plane surface RF detector coil
image intensity. The graphs on the right plot the grayscale intensity along the
solid-colored line in the images on the left. (a) Uncorrected image with large
signal intensity differences between the lower left and the upper right image
regions (red arrows). (b) Corrected image with small signal intensity differences
in the lower left and upper right regions (green arrows).

C. In Vivo Image Acquisition

Informed consent for this imaging study was obtained from
the subject. Consecutive axial PDW (TE = 11 ms, TR =
3000 ms, echo train length = 4), T1W (TE = 11 ms, TR =
400 ms, echo train length = 4), and T2W images (TE = 45 ms,
TR = 3000 ms, echo train length = 4) centered at the carotid
bifurcation were acquired (slice thickness 2 mm, matrix 384 ×
192 zero-filled to 512 × 512, FOV 160 × 160 mm, interpolated
in-plane resolution 0.313 mm) using the same kind of fast 2-D
spin-echo sequences as for the ex vivo imaging. A total of 12
slices were acquired, covering the length of the atherosclerotic
plaque determined from a time-of-flight scout scan. Superior
and inferior saturation bands were employed to reduce signal
from fresh inflowing blood resulting in a black lumen. Acquisi-
tion of the PDW and T2W images was retrospectively gated to
collect image data at the same time points in the cardiac cycle.
This strategy in our experience reduces motion artifacts. Images
were acquired with the same 6-cm phased array coil (Pathway
Medical Technologies, Inc.) as used for the ex vivo imaging.
This coil was mounted on the neck of the subject adjacent to
the location of the carotid bifurcations. To correct for possible
motion between acquisition of the PDW, T1W, and T2W im-
age sets, images of the T1W and T2W were registered to the
PDW images using the register region-of-interest (ROI) ImageJ
plugin [30]. Image quality was monitored during acquisition to
possibly detect severe motion artifacts that would have rendered
the images unusable.

D. Image Preprocessing

Images were transferred to a PC workstation for offline pro-
cessing using the National Institute of Health (NIH) ImageJ soft-
ware package (ImageJ, NIH, Bethesda, MD). Images were en-
larged by a factor of two using bilinear interpolation. A Fourier
bandpass filter removing low-spatial frequency components, in-
cluded in the ImageJ software, was used to correct for in-plane
image intensity inhomogeneities originating from the inhomo-
geneous surface coil sensitivity profile (Fig. 1).
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Fig. 2. Photograph (top) of the CEA specimen #3 for illustration of tissue
inhomogeneity. (a) Intact tissue. A cut resulting from the surgical resection
(dark opening) can be readily appreciated. (b) Photographs of tissue section
(5 mm length) of regions from the common carotid (C1–C3), the internal carotid
(I1–I3), the external carotid (E1–E3), and the carotid bifurcation (B) regions. The
abbreviations “prox” or “distal” relate to the position of the photograph on each
tissue section. Lipid regions are of yellow appearance (examples highlighted by
orange arrows), calcifications are bright (examples highlighted by black arrows),
and thrombotic regions appear red (examples highlighted by red arrows).

Grayscale value inhomogeneities in the image pixel values
along the long axis of the plaque tissue were corrected as well
within ImageJ. For this purpose, a plugin was written to de-
termine the average signal intensity of a reference intensity in
all images of one plaque tissue. For the ex vivo images, the
reference intensity was chosen from an ROI of the solution sur-
rounding the tissue. For in vivo images, the reference intensity
was obtained from an ROI located in a section of the sternoclei-
domastoid muscle. The average intensity for all ROIs was then
calculated, and the pixel values of all images for one plaque were
normalized to this average intensity value. This correction for
intensity inhomogeneities was necessary to eliminate possible
systematic deviations in the pixel values and was an essential
prerequisite for application of the FSA algorithm.

E. Histology and Microoptical Imaging

After MR imaging, CEA specimens were cut into 5 mm seg-
ments proceeding from the bifurcation into the common, exter-
nal, and internal carotids (Fig. 2).

The fresh or fixed segments were then imbedded in optical co-
herence tomography (OCT) and chilled to−80 ◦C for 24 h; then,
20 µm frozen sections were cut from each end of each segment,
then mounted and stained with Masson-trichrome (collagen),
Verhof van Giessen (elastin), Oil Red O (lipid), or von Kossa
(calcification) reagents. Microscopic images of tissue segments
were acquired using a Leica DC300 digital camera attached
to a Stereomaster dissecting microscope. Thin sections were
photographed and ROIs integrated using a Veritas laser capture
microdissection system (Arcturus, Sunnyvale, CA).

F. Feature Space Analysis (FSA)

1) Description of Algorithm: The FSA algorithm consisted
of the following steps: 1) transformation of image data into

Fig. 3. Combination of the intensity-inhomogeneity corrected PDW, T1W,
and T2W images into an RGB color composite image in which the tissue is
manually outlined. These outlined images are then used as input for the FSA
algorithm.

feature space; 2) identification of features; 3) labeling of pixels
in the original images based on the result of the classification
in feature space; and 4) segmentation of features in the original
images. The feature space in our analysis was the 3-D space
spanned by the three grayscale image intensities of the PDW,
T1W, and T2W images. The feature space coordinates of an
image pixel were its image intensity values from the PDW,
T1W, and T2W images.

The mc-MRI image data were transferred into feature space
by merging the PDW, T1W, and T2W images into a color red,
green, and blue (RGB) composite image with the PDW image
as the red image component, the T1W image as the green image
component, and the T2W image as the blue image component.
For each slice, the plaque tissue was manually outlined and the
image intensity values outside the so defined tissue boundaries
were set to zero (Fig. 3).

Tissue components represented by point clusters in feature
space were identified with a k-means clustering algorithm, em-
ploying the Euclidian distance as a measure of distance between
two points in the feature space [31]–[33]. In the first step, the
algorithm randomly created clusters from the input points. The
cluster assignment was then refined iteratively until the sum of
the distances of the cluster centers between two iteration steps
was smaller than a convergence threshold value provided by the
user. In each iteration step, the closest cluster center for each
point was determined and each point was then reassigned to its
closest cluster center followed by a recalculation of the centers
for each cluster.

A modified software plugin for ImageJ was utilized to per-
form this k-means cluster analysis [34]. To explore the capability
of the unsupervised FSA to classify the major tissue components
in atherosclerotic plaque tissue, six clusters were allowed, corre-
sponding to the calcific, fibrotic, thrombotic, lipidic and normal
intima tissue components, and the background buffer.

2) Convergence Behavior: The reproducibility of the
k-means algorithm was assessed by varying the convergence
threshold by several orders of magnitude ranging from 1 to
0.00001. In each step, the algorithm compares this conver-
gence threshold to the sum of the changes in distance of all
cluster centers. If this sum is smaller than the threshold, the
algorithm is considered converged. For each threshold value, k-
means analysis was repeated five times, each time with randomly
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determined initial positions of the centroid clusters. The stan-
dard deviation of the total number of pixels for each tissue com-
ponent was then calculated as a measure for the reproducibility
of the segmentation results. Based on this convergence analysis,
the convergence threshold was set to 0.0001 in the remaining
analysis.

3) FSA Images and FSA Color Images: FSA images were
created by setting the grayscale value of each pixel in the original
images to the cluster number obtained from the FSA classifi-
cation. FSA color images were created by assigning a color
consisting of the cluster centroid feature space coordinates (cor-
responding to the red, green, and blue color components) to each
pixel in the original images belonging to this cluster.

G. Comparison With Histology

The relative abundance of each tissue component in the RGB
composite images was determined by segmenting the FSA im-
ages through thresholding. Pixels belonging to each cluster were
counted and divided by the total number of pixels for the whole
tissue. The total volumetric average values for each component
were calculated as means of the relative abundances averaged
over all images.

In the images of the histological section, tissue components
were identified and outlined manually. The relative abundance in
the histological images was determined by dividing the number
of pixels of the ROIs for each tissue component by the number
of pixels for the whole tissue. Lipid regions were identified by
red areas in the Oil Red O stained histological sections. Calcific
areas corresponded to circular or oval-shaped voids with irreg-
ular borders. Trichrome stain allowed to identify fibrous tissue.
Thrombotic tissue was visualized by the red tint of hemoglobin.
In order to facilitate the comparison, the FSA cluster images
were rotated to match the radial orientation of the histology
images.

To establish a correlation between the clusters identified with
FSA and the tissue components identified in the histological
images, relative abundances of tissue components in FSA im-
age slices rich in these specific components were compared to
relative abundances of that tissue component in corresponding
histology sections. For a quantitative comparison, the absolute
and relative differences in these relative abundances determined
in this way were computed in a total of twentysix slices.

III. RESULTS

A. IEEE Convergence Behavior of FSA Algorithm

For nine of the 13 tissues, the standard deviations of the num-
ber of pixels attributed to each cluster by the FSA algorithm
for a threshold of ≤0.01 was less than 0.4%, which indicates
excellent reproducibility of the computational part of the mea-
surement. At the largest threshold of 1, this standard deviation
increased with a maximum value of 10% for one cluster of one
tissue. In four of the tissues, a different behavior of the algorithm
was observed. Depending on the random starting values for the
cluster centroids, the algorithm converged into two different lo-
cal minima with consequent variations in the number of pixels

Fig. 4. Representative cluster images of tissue #7 (b) (colored according to
the feature space coordinates of the cluster centroids) compared with the cor-
responding RGB images (a). Qualitative agreement between features in both
images can be appreciated. Dark feature color corresponds to the calcified tis-
sue component, gray to lipid tissue component, bright green to the fibrotic
tissue component, and dark green to healthy wall tissue. A thrombotic tissue
component is absent in this specimen.

Fig. 5. 3-D feature space plot for tissue #3. Color coded clusters in the feature
space plot (center) correspond to the combinations of PDW, T1W, and T2W
image intensities classified by the k-means algorithm for each single tissue
component. Clusters are not well separated and overlapping regions between all
clusters can be appreciated. A reverse transformation of the classification result
into real space is visualized through separate 3-D reconstructions together with
outlines of the whole tissue (gray), where each tissue component is displayed
in the color shown in the feature space plot.

for each cluster ranging from 2% to 25% for a threshold less
than 0.001. For further analysis of the results for these tissues,
one of the minima was chosen based on the comparison with
histology results. The values for the standard deviations of the
number of pixels for different clusters within one minima were
then comparable to the values for standard deviations of the
other nine tissues.

B. FSA Classification

A first qualitative assessment of the performance of the FSA
was obtained by comparing the color FSA images with the RGB
images used as input for the FSA algorithm. (Fig. 4).

For all cases, color shades in the RGB images agreed well
qualitatively with the color of the cluster centroids for the differ-
ent tissue classes. Color shades varied slightly between tissues,
ranging from dark to bright gray and from dark to bright green
or yellow–green.
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TABLE I
ABUNDANCE OF DOMINANT PLAQUE COMPONENT

C. Quantitative Comparison Between FSA Images
and Histological Images

The result of the classification obtained with the FSA algo-
rithm in feature space and real space is illustrated in Fig. 5.

While tissue composition can be quantified by histograms, the
3-D representation provides a rapid visualization of component
distribution and tissue composition.

The results of the quantitative comparison of the relative
abundance of the dominant plaque component in each of the
twentysix different slices, expressed as a percentage of the total
CEA tissue area, is summarized in Table I.

Representative images are shown in Fig. 6. The mean dif-
ference ± standard deviation for each dominant component
measured by histology and FSA was 5.8 ± 4.1% for throm-
bus, 1.5 ± 1.4% for calcification, 4.0 ± 2.8% for fibrous,
2.4 ± 2.2% for lipid, and 8.2 ± 10.1% for normal intima.
The average value of the mean difference for all measurements
was 22%.

D. Location-Resolved Atherosclerotic Plaque Composition

After identifying the clusters obtained by FSA with the five
major tissue components using histology, relative abundances
of each of these components as a function of slice position in
each CEA tissue was calculated (Fig. 7).

The distribution of components among the slices varied
widely. Normal wall was usually most abundant at the proximal
end of the common carotid and the distal end of the internal
carotid. When present, calcification was often distributed about
the bifurcation (CEA #10) and internal branch (CEA #7). The
total volumetric averages of the principal plaque components in

Fig. 6. Visual comparison of tissue components in the grayscale cluster images
and corresponding histologic sections: calcific (von Kossa), thrombotic (Masson
trichrome), lipidic (Oil Red O), and fibrotic (Verhoff van Giessen). Red arrows
show corresponding areas in the FSA images and the histology images. Good
agreement of location and in size for all components can be appreciated. Largest
deviations are observed for the thrombotic component. Possible underlying
causes of differences between the two imaging methods are discussed in the
text. Part of the histological slice for the lipidic component has been lost during
processing (green arrow), demonstrating a limitation in the image comparison
of histological image data with other image. Voids in the histological images
caused by calcification can be appreciated in the first right image from top.

the 13 investigated tissues together with means and ranges are
summarized in Table II.

E. In Vivo Preliminary Image Data

No significant motion between the different image contrast
acquisitions was found (maximum realignment as indicated by
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Fig. 7. Abundance of lipidic, calcific, fibrotic, thrombotic, and healthy intima
components in representative carotid endarterectomy tissues as a function of
MRI slice position. Photos of the intact CEA tissues (upper left) and transverse
sections cut from them (upper right) are shown above the serial slice composition
plots (lower panels).

the register ROI ImageJ plugin was less than 1.4 mm). Images
were free of motion or other artifacts.

The color composite images constructed from the motion-
compensated in vivo PDW, T1W, and T2W image sets showed
comparable spatial variations in their RGB image intensities
similar to the ex vivo color composite images (Figs. 4 and 8).

These variations were present in all images including the
wall of the common carotid artery, the carotid bifurcation, and
the external and internal carotid arteries. Main color shades
ranged from dark and bright purple (the majority of the pixels
in all images) to green (most pronounced close to the carotid
bifurcation but also present in more distal and proximal slices),
brown, and bright gray. No areas of black color were present
that would be indicative of calcified tissue. Reflective of these
four color groups, five tissue classes were chosen as input into
the FSA algorithm. The segmented images compared favorable
with the RGB images (Fig. 8) and were in appearance similar
to the results obtained with the ex vivo FSA images (Fig. 4).

IV. DISCUSSION

FSA techniques have been used in a variety of disciplines
and many variations of cluster algorithms exist [35]–[37]. In the
present study, we chose the k-means cluster algorithm since it
is one of the simplest unsupervised learning algorithms that will
always terminate [32]. It does not require the user to provide
cluster-specific input parameters nor is there a need to teach the
algorithm by having the operator to select regions in the images
representative of the clusters to be quantified.

Our investigation of the convergence behavior of the FSA
algorithm may be an indication that more than five clusters
(corresponding to normal, calcific, lipidic, thrombotic, or fi-
brotic tissue) are needed to obtain a unique classification of
all intensity variations in the RGB images using the FSA al-
gorithm. These additional clusters may either be necessary to

describe additional tissue classes or to account for partial vol-
ume effects of the principal five tissue classes leading to mixed
signal intensities. An inspection of the cluster images indicates
that the variations attributed to the two minima are caused by
variations in the tissue boundaries that favor the second case
described before. In this case, increasing the number of clusters
may improve convergence, but may also create artificial addi-
tional tissue classes. The effect of partial volume averaging may
be reduced by a smaller slice thickness for the MRI acquisition
that would reduce signal averaging. This option may be possible
in the near future on clinical 3 T MRI scanners with dedicated
surface coils, and will be essential for a fully automated im-
plementation of this algorithm in a clinical environment for
diagnostic purposes.

Quantitative comparison of the relative abundance of the dif-
ferent tissue classes obtained with FSA and histology in the
selected slices revealed mean relative differences not exceeding
an absolute value of 8.2% (Table I). Calcified regions were well
defined by jagged circular voids in the histologic thin sections
and the best agreement was obtained for this tissue component
(mean difference of 1.5%). Thrombotic regions were charac-
terized by large areas that have lost structural integrity in the
histologic thin sections, and therefore, yielded a larger mean
difference of 5.8%. The normal wall component frequently oc-
curred mixed with fibrotic and lipidic components (Fig. 4), mak-
ing it difficult to separate and quantify, hence causing a higher
mean difference of 8.2%. Since this is a selective comparison of
the best matches between the results of the FSA and histology,
these values correspond to the best-case scenario.

CEA tissue images acquired at ambient temperature were not
significantly different from others acquired at 37 ◦C. A major
reason for acquiring most of the images at 20 ◦C was to pre-
serve integrity and avoid degradation of the tissue that was sub-
sequently used for histological analysis. The major component
most likely to exhibit temperature-dependent changes would be
the lipids. The principal lipids in the CEA tissues are phos-
pholipid, cholesterol, and cholesteryl ester. The phospholipid
bilayer containing cholesterol does not exhibit a lyotropic phase
transition nor do the cholesteryl esters exhibit a thermotropic
phase transition in the 20–37 ◦C range. If these transitions did
occur, we would expect significant changes in image areas cor-
responding to these lipids. Hence, although the CEA images
were acquired at 20 ◦C, they are still physiologically relevant.

A recent study investigated the probability of error in char-
acterizing atherosclerotic plaque components using MRI with
different contrast weightings for classification algorithms that
are prepared with training data [38], and reported a total error
of >40% for five distinct components in a direct comparison of
the results to images from histology and microCT. The mean
value of the relative differences for all comparisons in our study
was 22%. Only three comparisons yielded relative differences
larger than 40% (marked in red font in Table I). While histo-
logical data are considered the gold standard for tissue charac-
terization, it may not be the ideal choice for a direct compar-
ison of image data. Conventional histology of formalin fixed,
paraffin embedded thin sections is attended by 5%–10% di-
mensional distortion in most samples, and in calcified samples,
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TABLE II
MEAN VOLUME PERCENT OF DIFFERENT ATHEROSCLEROTIC PLAQUE COMPONENTS

Fig. 8. Representative cluster images (b) (colored according to the feature
space coordinates of the cluster centroids) compared with the corresponding
RGB images (a) for the in vivo case. The qualitative agreement between features
in both images can be appreciated.

there can be considerable loss of calcification, leaving a void
space [24].

Further, another major concern for a direct quantitative com-
parison is the differing thicknesses of the histology section
(∼10 µm) and the MRI image slice (2 mm in this paper). Vari-
ations in the volumes of different tissue components may not
be well represented by the histology section over this distance
since (for selected slices) changes in the FSA images of more
than 10% were observed over this distance (Fig. 7). Considering
these limitations, small relative tissue abundances may therefore
not be well resolved. Indeed, in all three cases, where a value
of >40% in the relative difference was observed, the relative
abundance of the component in question was 6% or less in the
corresponding histology image. Excluding small percentages
(i.e., less than 10%), this mean value dropped to 17%.

While lacking a different standard, the procedure for compar-
ison with histological slices may have to be modified, possibly
by acquiring contiguous histological slices of the tissues and
preparing averaged images from these slices to approximate the
partial volume effects by MRI. For an average tissue length of
40 mm, this would mean processing data from 4000 histological
sections per tissue, not a trivial undertaking. Another approach
for reducing partial volume effects would consist of acquiring
thinner mc-MRI slices. With 3-D acquisition schemes, slice
thicknesses in the order of 1 mm or less are achievable.

Large variations in the total volumetric average of each com-
ponent were observed (Table II). Variations in composition of

this magnitude are not surprising for endarterectomy tissues
that typically contain complex mixtures of atherosclerotic le-
sion components. Since our analysis was performed on en-
darterectomy specimens, the amount of normal wall tissue in
these specimens depended on the amount of normal tissue ex-
cised with the plaque during surgery. Hence, the percentage of
calculated normal intimal tissue does not always accurately rep-
resent the relative abundance of normal tissue in the artery wall
in vivo.

Challenges exist for the translation of the described ex vivo
technique to in vivo human imaging of atherosclerotic plaque
composition. Image artifacts caused by head motion, swallow-
ing, or compliance of the carotid artery may degrade the image.
While cardiac gating approaches can reduce the effect of certain
kinds of motion that occur periodically with the heartbeat (such
as wall compliance), they cannot compensate for head motion
or swallowing. We therefore monitored image acquisition to
exclude severely distorted images. Small head motions can be
corrected by an image registration algorithm, such as the one
employed by us. Another potential source of image degrada-
tion not present in ex vivo images are flow artifacts. Unwanted
flow signal was suppressed in the in vivo acquisition by the use
of superior and inferior saturation bands. From our previous
experience, this proved sufficient in many cases. For a more
uniform suppression of these artifacts, black-blood double in-
version (or even triple or quadruple inversion) sequences may
be needed, especially if an automated outlining of the lumen is
attempted [22], [39]–[42]. While manual outlining was found
to be sufficient for the ex vivo images due to the high contrast of
tissue as compared to the homogeneous image intensity of the
solution (Fig. 3), more sophisticated methods will have to be em-
ployed for in vivo images as previously demonstrated [43], [44].
Despite these differences between the ex vivo and in vivo im-
ages, the preliminary results indicate that the amount of detail
visible in the in vivo images is similar to that found in the
ex vivo images. This suggests that these in vivo images may also
be successfully analyzed with FSA. mc-MRI intensity varia-
tions (visualized with the RGB color images) are similar to the
ones obtained in the ex vivo study. Five main areas correspond-
ing to the colors white, pink, purple, green, and black can be
distinguished. Currently, we are in the process of refining the in
vivo characterization by assembling a database of tissues imaged
in vivo and ex vivo to establish the classification of the segmented
tissue components.
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In conclusion, this paper demonstrates that cluster analysis
can be utilized to quantify the principal components of carotid
atherosclerotic plaque tissues in a configuration very similar
to clinical in vivo imaging conditions. Further, in vivo studies
will be required to assess the applicability of this approach for
applications such as monitoring the effects of various pharma-
ceutical, endovascular, or surgical treatments on atherosclerotic
lesions.
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