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ABSTRACT

Automatic quantification of carotid artery plaque composition is important in the development of methods that
distinguish vulnerable from stable plaques. MRI has shown to be capable of imaging different components noninvasively. We present a new plaque classification method which uses 3D registration of histology data with ex vivo
MRI data, using non-rigid registration, both for training and evaluation. This is more objective than previously presented
methods, as it eliminates selection bias that is introduced when 2D MRI slices are manually matched to histological
slices before evaluation.
Histological slices of human atherosclerotic plaques were manually segmented into necrotic core, fibrous tissue and
calcification. Classification of these three components was voxelwise evaluated. As features the intensity, gradient
magnitude and Laplacian in four MRI sequences after different degrees of Gaussian smoothing, and the distances to the
lumen and the outer vessel wall, were used. Performance of linear and quadratic discriminant classifiers for different
combinations of features was evaluated. Best accuracy (72.5 ± 7.7%) was reached with the linear classifier when all
features were used. Although this was only a minor improvement to the accuracy of a classifier that only included the
intensities and distance features (71.6 ± 7.9%), the difference was statistically significant (paired t-test, p<0.05). Good
sensitivity and specificity for calcification was reached (83% and 95% respectively), however, differentiation between
fibrous (sensitivity 85%, specificity 60%) and necrotic tissue (sensitivity 49%, specificity 89%) was more difficult.
Keywords: Atherosclerosis, segmentation, quantification, pattern recognition

1. INTRODUCTION
Cerebral infarction is one of the most important causes of death and the greatest cause of disability in the Western world.
Approximately 20% to 30% of the infarcts can be related to carotid artery atherosclerosis1. The development of an
atherosclerotic plaque in the vessel wall leads to stenosis of the vessel lumen. It is current opinion that atherosclerotic
plaque rupture plays an important role in acute events, like transient ischemic accidents (TIAs) and stroke. As not all
plaques rupture, it is clinically important to determine the risk-of-rupture of individual plaques. Evidence is present that
plaque vulnerability depends mainly on plaque composition rather than on plaque size or degree of stenosis2,3. A large
lipid or necrotic core2 covered by a thin fibrous cap4 is associated with a high risk of rupture, while fibrous tissue and
calcifications3 have a stabilizing effect. Magnetic resonance imaging (MRI) allows visualization of the different plaque
components. Both in vivo5-7 and ex vivo8,9, the accuracy of MRI in the detection of different plaque components has been
demonstrated compared to histological sections. The relative intensity patterns for plaque components in different MRI
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contrasts showed similar behavior in vivo and ex vivo10. Automatic segmentation and quantification of these plaque
components in MR images is therefore relevant for risk stratification.
Automated plaque segmentation methods have been presented before by several authors10-17. In MRI images from ex
vivo carotid specimens, segmentations of different components have been obtained with supervised classification using a
maximum likelihood classifier12 or a minimum distance to means classifier10, and with unsupervised k-means
clustering15. The probability of misclassification with the assumption of either a multidimensional normal distribution or
nonparametric Parzen window estimation, was determined by investigating the underlying probabilistic relationships
between the classes17. On coronary specimens k-means clustering, in combination with an iterative approach to take into
account the classification of neighboring voxels, has been presented14. In the analysis of in vivo MRI imaging data,
similar approaches have been introduced. A comparison of performance of a standard Bayesian classifier, k-nearest
neighbor, a feedforward neural network, and a Bayesian classifier in combination with a Parzen classifier to consider
information from neighboring pixels, was performed13. Based on the results of this study, the standard Bayesian
classifier was preferred for the quantification of calcifications, fibrous and lipid tissue and intraplaque hemorrhage13. In
addition, fuzzy clustering followed by contour smoothing11, and a maximum likelihood Bayesian method that besides
intensities also included the distance of each voxel to the lumen and outer vessel wall16 have been investigated. Except
for this last method and the methods that take into account information from neighboring voxels11,13, all other methods
mentioned above are based on MRI intensities of the voxel to be classified only.
In general, these studies reported reasonable to good results for the classification of different plaque components. In the
evaluation of classifiers, results are often evaluated by comparing the resulting areas to manual delineations in the MRI
for in vivo imaging11, or by comparing the measured volumes with the volumes obtained from histology13-15. Some
studies used co-registration between histology and MRI to perform voxel-wise analysis10,12,16,17. However, in these
studies corresponding slices were manually selected prior to registration, both ex vivo10,12,17 and in vivo16, where in the
latter the contours were drawn in the MRI with histology as reference. This manual selection may have induced a
positive bias of classification accuracy as slices showing clear correspondence between histology and MRI can be
selected and matched. In addition, it is not possible to account for differences in slice orientation between the histological
and MRI slices.
This study presents a new method for segmentation of calcifications, fibrous and necrotic tissue in MRI images obtained
from ex vivo carotid specimens. A framework for 3D registration was used for classifier training and evaluation to allow
for more objective comparison between histology and MRI. Voxel classification is performed with linear and quadratic
discriminant classifiers with the use of MRI intensities, Gaussian smoothed intensities, gradient magnitude, Laplacian
and distance features. Classifier performance is evaluated by direct voxel-wise comparison between MRI and histology
for different combinations of features and classifiers.

2. METHODS
2.1 Data
Fifteen patients scheduled for carotid endarterectomy (CEA) were included in the study (5 TIA, 9 ischemic stroke, 1
asymptomatic). During CEA procedure the plaque was removed intact to keep its 3D shape as much as possible. The ex
vivo specimens were scanned in a 3T clinical MRI scanner (Signa Excite, GE Healthcare, Milwaukee, USA) with high
resolution. Four MRI contrast weightings were obtained: 3D-T1w gradient echo (GRE) (resolution 0.1x0.1x0.1 mm),
2D-T1w spin echo (SE), 2D-T2w SE and 2D-PDw SE (all with a resolution of 0.1x0.1x0.6 mm). To allow accurate
quantification of calcification, the specimens were scanned with a µCT scanner (Skyscan 1072, Skyscan, Belgium,
resolution 18x18x18 µm).
After imaging the specimens were decalcified and embedded in paraffin for histology processing. Every 1mm-interval
axial slices of 5µm thickness were obtained. Staining was done with Elastica von Gieson (EvG, Merck, Germany), which
allows visualization of cell nuclei, elastin and collagen fibers. On the original digitized histological slices, contours were
manually drawn to segment the vessel wall into different regions. Contours for the lumen and outer vessel wall and for
regions of necrotic tissue were drawn. These necrotic regions often contained lipid tissue, which makes these regions
lipid-rich necrotic cores. Calcified areas were obtained from the µCT. After standardization of the µCT images,
calcifications were obtained by intensity thresholding at a value similar for all images. The remaining areas were
considered to be fibrous tissue, resulting in three components (calcification, fibrous tissue and necrotic core) to be used
for classification.
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2.2 Registration
The 3D registration procedure followed the pipeline developed in our group, to match in vivo CTA with histology via
µCT and ex vivo MRI18. It includes multiple steps using both rigid and deformable registration and involves several
manual annotations of anatomical landmarks, lumen and outer vessel wall contours. The schematic below illustrates the
different stages in registration. The arrows point from the fixed image toward the moving image. Following it, a more
detailed description of each transformation is given.

•

Enface stacking: Digital photographs of the cutting plane during histology slicing were taken at every 1mminterval. These ‘enface’ images were stacked by 2D in-plane rigid registrations to form a 3D volume. This was
performed by point-based registration of manually annotated landmarks.

•

TEnface→Histology: The 2D histology slices were registered to the enface stack to obtain a 3D histology. This step
allowed for non-rigid in-slice deformations by using a B-spline deformation model19. Manual annotations
contained several landmarks and segmentations of the lumen and outer vessel wall. The landmarks were used
for rigid initialization, followed by maximizing the mutual information20,21 (MI) between the original images,
lumen segmentations and outer wall segmentations with the B-spline model. The resulting transformation was
applied to the histology images, resulting in a ‘3D histology stack’.

•

TMRI→Enface: This registration was initialized with a rigid registration based on annotated landmarks in the
‘enface’ and 3D-T1w MRI, followed by an automated rigid step using the 3D histology stack. This step made
use of the same MI maximization as before, for which manual lumen and outer vessel wall segmentations were
made on the MRI. The registration was refined by 3D B-spline deformable registration with the same similarity
measure as used when optimizing TEnface→Histology. In this last stage, only in-plane deformations were allowed.
The various MRI images were assumed to be aligned to each other, since the specimen did not move between
acquisitions.

•

TµCT→MRI: For registration of the ex vivo MRI to the µCT a rigid registration without scaling was assumed,
which was performed point-based using annotated landmarks in the µCT and 3D-T1w image.

All registration steps were performed using the registration toolbox elastix22. Classification was performed in the
space indicated by the block arrow in the above given schematic. All images were transformed to this domain. This
means that only the B-spline transformation part of TMRI→Enface was applied to the 3D histology stack, and that the
(inverse) rigid transformation part was applied to the ex vivo MRI. The resolution in this domain was set to
0.017x0.017x1 mm, which equals the resolution of the enface images. Examples of registered images for one specimen
are shown in figure 1.
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Figure 1: Example of a set of registered imaging data: (A) 3D-T1w, (B) T1w, (C) deformed histology, (D) T2w, (E)
PDw and (F) µCT images at one location for one specimen. Also, the original EvG histology slice with manual
annotations is shown (G). Contours for the lumen and outer vessel wall, and necrotic regions are present.

2.3 Classification
To remove intensity gradients in the original MR images, nonparametric nonuniform intensity normalization23 (N3) was
applied. For intensity normalization between patients, the images were scaled with respect to the average intensity of the
fluid in the tube surrounding the plaque, which was set to 1000. To account for slight misregistrations, both in classifier
training and testing, a morphological erosion with a disk structuring element was applied to the segmentations. For
calcifications the diameter of the structuring element was set to 3 voxels, for fibrous and necrotic to 5 voxels, as the
registration of µCT and MRI was assumed to be more accurate than that of histology and MRI. This erosion deleted 21%
of the voxels in the original ground truth segmentations.
For every voxel the following features were obtained:
•

Intensities in all four normalized MR images and after convolution with a Gaussian with σ=1, σ=2 and σ=3
times the voxelsize in the 3DT1W scan to obtain smoothed images
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The Euclidean distance to the lumen and to the outer vessel wall

This resulted in a total of 42 features. Calculation of the smoothed, gradient magnitude and Laplacian features was done
before registration with the histology stack. The distances were calculated in the 2D slices after registration. The applied
classifiers were linear (LDC) and quadratic (QDC) discriminant functions. Both assume the data is normally distributed,
but LDC assumes equal covariance matrices for the three classes, while this is not assumed for QDC. The discriminant
functions are as follows24:
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QDC:
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2

(5)

Here k are the classes, µk the mean, Σk the covariance matrix and πk the prior probability of class k and x the feature
vector to classify.
The classifiers were evaluated in a leave-one-out manner in which one specimen was used for testing and the rest formed
the training set. For all images in each training set, 1% of the voxels were randomly selected to train the classifiers. Both
classifier development and evaluation was performed using the Matlab toolbox ‘prtools’25, version 4.1.9

3. RESULTS
Only 12 of the 15 specimens were included in the study, because of low quality of histology (2 cases) or low MRI image
quality (1 case). The number of included histology slices with corresponding MRI was 10.7 ± 3.9 per patient. The
complete set of slices contained 5% calcification, 63% fibrous tissue and 32% necrotic tissue.
The average leave-one-out accuracies for LDC and QDC with different combinations of features are shown in Table 1.
To compare, random class assignment according to the class priors would result in an accuracy of 51%. As can be seen,
for the individual original MR images QDC gives a slightly higher accuracy than LDC, which is only significant for the
PDw images (paired t-test, p<0.05). For the other feature sets LDC performs better, which is significant for the Laplacian
features and the total feature set (paired t-test, p<0.05). A combination of the four original image intensities yields an
accuracy of 62.8 ± 13.3% when using LDC, which increases by adding subsequently smoothed images (67.3 ± 10.6%),
distance features (71.6 ± 7.9%) and finally the gradient magnitude and Laplacian images (72.5 ± 7.7%). This last
classifier performs significantly better than all other linear classifiers (paired t-test, p<0.05).
Table 1: Accuracies for linear (LDC) and quadratic (QDC) classification for different combinations of features. The value between
parentheses indicates the total number of features included in the feature set. * indicates a significant difference between LDC and
QDC and † indicates a significant difference with the classifier including all 42 features (paired t-test, p<0.05), for either LDC or
QDC.
Included features
3D-T1w GRE (1)
T1w-SE (1)
T2w-SE (1)
PDw-SE (1)
Gradient magnitude (12)
Laplacian (12)
Distances (2)
4 original images (4)
4 original + smoothed images (16)
Original + smoothed images + distances (18)
Original + smoothed images + Gradient magnitude + Laplacian + distances (42)

LDC
60.3 ± 17.0% †
60.4 ± 16.8% †
58.8 ± 16.9% †
60.9 ± 16.9% †
57.1 ± 14.7% †
60.5 ± 16.3% †
67.5 ± 7.2% †
62.8 ± 13.3% †
67.3 ± 10.6% †
71.6 ± 7.9% †
72.5 ± 7.7%

QDC
60.5 ± 16.9%
61.6 ± 14.2%
59.2 ± 17.1%
61.1 ± 16.8% *
54.0 ± 7.3% †
57.5 ± 13.6% *†
67.3 ± 7.7%
61.8 ± 13.0% †
64.1 ± 12.3%
67.6 ± 12.1%
68.8 ± 7.6% *

A more detailed overview of the performance of the best classifier (i.e. including all features and using LDC) on the
different plaque types is shown below. Table 2 shows the confusion matrix of the different plaque components and Table
3 lists measures such as sensitivity, specificity, positive and negative predictive value, derived from Table 2. The results
for each tissue type in Table 3 are computed by considering the other two types together as one background class. For
calcification a good sensitivity and specificity are obtained, while for fibrous tissue the specificity is lower and for
necrotic tissue the sensitivity is lower. This indicates that the differentiation between fibrous and necrotic tissue is more
difficult and, as seen in Table 2, often leads to the misclassification of necrotic tissue as fibrous tissue. Although
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calcification shows good sensitivity and specificity, the positive predictive value is only 52%. The reason for this is that
misclassification of small regions of fibrous or necrotic tissue as calcification is relatively large compared to the total
volume of calcification present. Class accuracies are high for calcification and reasonable for fibrous and necrotic tissue.
The total accuracy of 73.5% is larger than the 72.5% shown before, since in Table 3 all voxels are considered, while
Table 1 lists the average classification accuracy per subject.
Table 2: Confusion matrix for linear classification based on all features. Values represent the percentage of the total amount of voxels,
summed over all subjects.

Ground truth

Calcification
Fibrous
Necrotic
Total

Classifier
Calcification
4.6%
2.5%
1.8%
8.9%

Fibrous
0.6%
53.4%
14.2%
68.2%

Necrotic
0.4%
7.0%
15.5%
22.9%

Total
5.6%
62.9%
31.5%
100%

Table 3: Results for linear classification based on all features. For each component sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), accuracy per class and the area under the ROC curve (AUC) are given. The last column gives
the overall accuracy as a percentage of correctly classified voxels.
Sensitivity Specificity PPV NPV Class accuracy AUC Overall accuracy
83%
95%
52% 99%
95%
0.94
73.5%
Calcification
85%
60%
78% 70%
76%
0.76
Fibrous
49%
89%
68% 79%
77%
0.72
Necrotic

Figure 2: Receiver-Operating curves for linear classification with all features. Areas under the curve for calcification,
fibrous and necrotic tissue are 0.94, 0.76 and 0.72 respectively.
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Figure 3: Three plots showing the difference in measured volume (% of total plaque volume) per component between
the classifier and the ground truth (µCT and histology). The mean differences for calcification, fibrous and
necrotic tissue are 3.4 ± 4.3%, 6.6 ± 12.7% and -10.0 ± 14.2% respectively, and indicated by the black line.

The Receiver-Operating curves (figure 2) also show that for calcification a good sensitivity and specificity can be
reached, with lower areas under the curve for the other two components. The plots in figure 3 show the differences
between the classifier and the ground truth, as a percentage of total plaque volume, for all three plaque components. It
shows an average overclassification of calcification (3.4 ± 4.3%) and fibrous tissue (6.6 ± 12.7%) and underclassification
of necrotic core (-10.0 ± 14.2%). For calcification the differences are around zero, with few exceptions that show larger
overclassification due to imaging artifacts. For fibrous and necrotic tissue the differences may become relatively large
compared to the ground truth value, due to the misclassification of large regions of necrotic core as fibrous tissue.
For illustration, figures 4 to 6 show examples of the classification results of three specific MRI slices. In figure 4 the
classification is good, with an accuracy of 85%. A small mistake is seen close to the lumen at the center, where a part of
the fibrous cap is classified as necrotic. This is probably caused by a black image artifact in the lumen that can be seen in
the MR images and is probably caused by the presence of an air bubble. In addition, a fibrous structure that separates two
necrotic regions is not detected, as it is very small. Figure 5 shows one of the slices with large errors (accuracy 53%).
Three regions of necrotic tissue are completely missed and classified as fibrous tissue. One region shows disruption in
the MRI, but for the other two the intensity contrast seems low. When segmenting the histology, the observer expected
the disrupted area to be disrupted due to histology slicing, so after MRI scanning. It happens more often that necrotic
regions are completely missed by the automatic classification, but this usually concerns small structures. In larger
necrotic regions, as in this example, in most cases a part of it is correctly detected as necrotic. Figure 6 shows an
example with an accuracy of 60%, in which calcification is overclassified due to an imaging artifact. This artifact is
probably caused by the presence of air in the specimen. The real calcification is, however, accurately found.
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Figure 4: An example of a well-classified slice (85% accuracy), showing 3DT1W (A), T1W (B), T2W (C) and PDW
(D) images, µCT (E), histology (F), the ground truth segmentation (G) and the classifier result (H). In G and H
calcification is white, fibrous tissue light gray and necrotic tissue dark gray. Calcification is accurately detected. A
small part of the fibrous cap is classified as necrotic tissue, probably caused by the black artifact that is visible in
A-D.

Figure 5: An example of a slice with large misclassifications (53% accuracy), showing 3DT1W (A), T1W (B), T2W
(C) and PDW (D) images, µCT (E), histology (F), the ground truth segmentation (G) and the classifier result (H).
In G and H calcification is white, fibrous tissue light gray and necrotic tissue dark gray. All three necrotic regions
are missed. One is disrupted in the histology, and the other two show low intensity contrast in the MRI.
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Figure 6: An example of a slice with overclassification of calcification (60% accuracy), showing 3DT1W (A), T1W
(B), T2W (C) and PDW (D) images, µCT (E), histology (F), the ground truth segmentation (G) and the classifier
result (H). In G and H calcification is white, fibrous tissue light gray and necrotic tissue dark gray. The region that
shows up dark in the MRI and is not visible in the µCT is an artifact caused by the presence of water and is
therefore by the classifier recognized as calcification, which also is dark on MRI.

4. DISCUSSION
Classification of carotid plaque components based on training and validation on MRI images registered to a 3D histology
stack, is presented with reasonable accuracy. The evaluation of classifiers in which the original image intensities were
combined with other features showed improved classification accuracy. Firstly, adding smoothed images had a positive
effect, most likely due to the reduction of noise and inclusion of some information of the surrounding tissue. In addition,
as in earlier publications, the distance to the lumen and outer vessel wall improved accuracy16. This can be explained by
the fact that lipid or necrotic tissue usually occurs in the center of plaques and fibrous tissue near the boundaries.
Gradient magnitude and Laplacian features were expected to be especially useful in detecting small structures as
calcifications, and led to a small, but statistically significant improvement. In our results their inclusion indeed led to a
better accuracy for calcification, but since this component was already accurately classified without these features and
was the smallest component in the dataset, the effect was small. The results for single MRI contrast weightings, gradient
magnitude and Laplacian images, and the two distances were shown for more insight in the behavior of these separate
features.
For the best classifier (LDC with all features), accuracy was good for calcification (95%), however, only reasonable for
necrotic (77%) and fibrous tissue (76%). A reason might be that these components have a less clearly defined intensity
profile in the used MR images. Histograms show that there is a large overlap in intensity between fibrous and necrotic
tissue in all four MRI contrasts weightings. In addition, registration of ex vivo MRI to µCT, which yielded the reference
for calcification is usually more accurate than that of ex vivo MRI to histology due to deformations that occur during
slicing. However, visual inspection does not suggest large misregistrations for histology. The largest mistakes that are
currently made in classification of calcification are due to the occurrence of black artifacts that are classified as
calcification. In future classifiers attempts may be made to differentiate these artifacts from real calcifications.
The presented results are comparable to previous studies that performed ex vivo plaque classification with voxelwise
analysis10,12,17. These studies used only the original intensity MR images and had resolutions slightly lower than in the
present study. Clarke et al. yielded an overall accuracy of 73.5%10 when 8 contrast weightings were used, or 78%12 when
either these 8 scans or a combination of T1W, T2W and diffusion weighting (DW) was used. A combination of T1W,
T2W and PDW as in the present study had in that study an accuracy of 67%12, which is better than the 63% for our
classifier that used only the original images. Another study that obtained errors of >40% when five components were
distinguished and 20-30% for three components, also yielded slightly better results when PDW images were replaced by
DW images17. In terms of volumetric analysis, Karmonik et al. looked at the most abundant plaque component per slice
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and obtained smaller absolute differences than we (calcifications: 1.5 ± 1.4%, fibrous 4.0 ± 2.8% and lipid: 2.4 ±
2.2%)15. However, these studies all used manual selection of individual corresponding MRI and histology slices and
included fewer slices per subject. This may have led to an overestimation of the accuracy, as such selected histology and
MRI slices may look more similar than after objective 3D registration and only the few slices with best histology and
MRI quality were included. The degree of bias that is introduced by manually selecting and matching histology to MRI
has still to be evaluated, but might be an explanation for the differences. However, it remains difficult to compare results,
as they are obtained on different datasets with different MRI protocols, image quality and possibly other factors.

5. CONCLUSION
We presented a new system for the classification of calcification, fibrous and necrotic tissue in ex vivo carotid
specimens. Our approach uses 3D registration of MRI with a histology stack to train and evaluate classifiers. In addition,
next to original MRI intensities also smoothed intensities, distances to the lumen and outer vessel wall, the gradient
magnitude and Laplacian were included as features. This method yields reasonable results. Although the differentiation
between fibrous and necrotic tissue lacks sensitivity and specificity, calcification can be segmented with high accuracy.
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