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Abstract Accurate detection of in-vivo vulnerable

plaque in coronary arteries is still an open problem.

Recent studies show that it is highly related to tissue

structure and composition. Intravascular Ultrasound

(IVUS) is a powerful imaging technique that gives a

detailed cross-sectional image of the vessel, allowing

to explore arteries morphology. IVUS data validation

is usually performed by comparing post-mortem (in-

vitro) IVUS data and corresponding histological

analysis of the tissue. The main drawback of this

method is the few number of available case studies

and validated data due to the complex procedure of

histological analysis of the tissue. On the other hand,

IVUS data from in-vivo cases is easy to obtain but it

can not be histologically validated. In this work, we

propose to enhance the in-vitro training data set by

selectively including examples from in-vivo plaques.

For this purpose, a Sequential Floating Forward

Selection method is reformulated in the context of

plaque characterization. The enhanced classifier per-

formance is validated on in-vitro data set, yielding an

overall accuracy of 91.59% in discriminating among

fibrotic, lipidic and calcified plaques, while reducing

the gap between in-vivo and in-vitro data analysis.

Experimental results suggest that the obtained clas-

sifier could be properly applied on in-vivo plaque

characterization and also demonstrate that the com-

mon hypothesis of assuming the difference between

in-vivo and in-vitro as negligible is incorrect.
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Introduction

A vulnerable plaque is an atherosclerotic plaque that

is likely to rupture or fissure, leading to thrombosis,

and then to acute coronary syndrome: myocardial

infarction, unstable angina pectoris, or sudden cardiac

death [1–6]. The histology of atherosclerotic plaque

is generally comprised of a stack of layers of

cholesterol debris, calcium, and fibrous tissue. An

accurate analysis of in-vivo plaque composition is an

important task in diagnosis and detection of vulner-

able atheroma before plaque rupture.
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IVUS is a powerful imaging technique that gives a

detailed cross-sectional image of the vessel. It allows

to explore both coronary arteries morphology and

composition, thus representing an important image-

guided tool for percutaneous coronary interventions.

Several IVUS-based approaches for the automatic

assessment of plaque composition have been pro-

posed, mainly based on image texture analysis [7–9]

as well as processing the raw Radio Frequency (RF)

signals [10–15]. Some approaches use AutoRegres-

sive Models (ARM) [10–12] or the FFT analysis

[13, 15] to compute the power spectrum from which

spectral features are extracted, while others perform a

direct measure of the Acoustic Impedance by Plane

Wave Born Approximation [14]. Finally, approaches

using the Integrated Backscatter parameter as dis-

criminative feature [16–18] as well as the IVUS

Elastography result [19–21] or the Wavelet coeffi-

cients [22] have been also proposed.

One of the critical issues in automatic plaque

characterization problems is the creation of a reliable

data ground truth, necessary to correctly train clas-

sifiers and to validate methods. The reliable corre-

spondence between an atherosclerotic plaque and

IVUS data can be obtained only by histological

analysis of post-mortem coronary arteries. Unfortu-

nately this methodology suffers from the complicated

procedure of obtaining in-vitro data: scarce arteries

availability, frequent tissue spoiling during analysis

and the difficulty in finding the right correspondence

between IVUS and histological image. On the other

hand, obtaining data from in-vivo IVUS cases is a

relatively easy task, but the obtained information can

not be histologically validated. Plaques labelling in

this case is performed by expert interventionists only

relying on their professional experience.

The majority of plaque characterization methods

presented in last years use the in-vitro data set to both

train and validate the resulting classifier. The

achieved overall accuracy is then solely related to

the discrimination of in-vitro plaques, while it is

usually assumed as the discriminative power on in-

vivo data as well. This erroneous assumption is

implicitly based on the hypothesis that differences

between in-vivo and in-vitro IVUS data are

negligible.

It is known that the presence of blood in in-vivo

cases may modify the ultrasound echo with respect to

in-vitro cases. Furthermore, even though the protocol

of in-vitro data acquisition aims to reproduce the in-

vivo conditions as much as possible (for example by

filling the post-mortem artery with blood [13, 15]), it

is impossible to exactly reproduce the morphological

and mechanical properties of an in-vivo artery.

Hence, data from these two acquisition modalities

can not be considered as perfectly comparable.

Nevertheless, our hypothesis is that they could

share areas in the feature space, and that the inclusion

of in-vivo data, after a proper selection process, could

enhance the validated in-vitro data set generalizing

the separation among classes. The main idea consists

in keeping the in-vitro validated data set as a seed in

the feature space and enhance its distribution by

feeding it with a selected set of in-vivo data. The

resulting enhanced data set is used to train a classifier

that is expected to both exhibit the same (compared

with the classifier trained with the initial in-vitro data

set) or even better discriminative power on the in-

vitro validation set and hopefully to provide more

accurate plaque classification on in-vivo cases as

well. The latter property can not be numerically

validated since it is impossible to get a ground truth

of in-vivo tissue by histological analysis, although a

qualitative measure on the discriminative power of

the enhanced classifier on in-vivo data can be

assessed.

Given the differences in both acquisition modality

and validation of in-vitro and in-vivo data, it is

impossible to treat the data fusion process as a pure

supervised learning problem. Since we want to keep

the in-vitro data distribution as a seed for the

definition of the enhanced data set, an unsupervised

approach is not suitable. Hence, the data fusion

process must be treated as a semi-supervised learning

problem or as a supervised approach in which a data

selection process is strictly required.

The data fusion process proposed in this work is

based on a reformulated version of the Sequential

Floating Forward Selection (SFFS) algorithm [23],

regulated by a classification performance function J, in

the context of plaque characterization (named pSFFS),

and results are evaluated by Leave-One-Patient-Out

(LOPO) [24] cross validation technique. Since we

want to discriminate among fibrotic, lipidic and

calcified tissues, the multi-class classification problem

is solved by adopting the Error Correcting Output

Code (ECOC) technique [25, 26] using AdaBoost [27]

with Decision Stumps as weak classifier.
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In this work we process the raw RF signal to

perform spectral analysis as well as textural analysis

on IVUS reconstructed images. Automatic texture

analysis is usually hindered by uncontrolled IVUS

data acquisition with different imaging system

parameters. The image reconstruction process, per-

formed according to a unique set of imaging param-

eters, gives us the chance to extract a normalized set

of textural features. Both spectral and textural

features are then combined in a single feature vector,

providing a spectral and spatial description of the

tissue.

Therefore, the main contributions of this paper are:

(1) investigate the use of the SFFS algorithm as a

general methodology for fusing in-vivo and in-vitro

IVUS data (pSFFS); (2) propose and evaluate a

problem specific function J such that pSFFS algo-

rithm provides a final solution that is a trade-off

between sensitivities while increasing the global

accuracy; (3) exploit the RF data as well as reproduce

the whole process of image formation in order to

obtain a normalized set of IVUS features for plaque

characterization. It is worth to note that the main goal

of the paper is to propose a reliable data fusion

strategy while not to present an exhaustive plaque

characterization methodology1.

The paper layout is as follows: section ‘‘Plaque

characterization methodology’’ discusses the plaque

characterization in in-vivo and in-vitro data: data

processing, feature extraction and classification. Sec-

tion ‘‘Fusing in-vitro and in-vivo IVUS data’’

presents the novel data fusion method and its main

properties. Section ‘‘Experimental results’’ reports

experimental results in applying the proposed

method, from data acquisition to performance mea-

surements, comprising a comparison with other

plausible data fusion approaches. Discussions and

conclusions end the paper.

Plaque characterization methodology

The goal of this work is to develop a technique to

fuse in-vivo and in-vitro IVUS data. The main

strategy consists in acquiring and processing raw

Radio Frequency data from the IVUS equipment in

both in-vivo and in-vitro cases in order to extract

features. Data corresponding to labelled plaques are

then used as input for the pSFFS enhancing process,

consisting of a data selection module and a classifier,

for performance measurement. Figure 1 shows the

pipeline of the entire procedure. For the sake of

clarity, next sections give a brief description of the

blocks involved in the data processing, feature

extraction and classification. The pSFFS algorithm

will be described in details in section ‘‘Fusing in-vitro

and in-vivo IVUS data’’.

Data processing and features extraction

IVUS RF data (acquired by either in-vivo or in-vitro

cases) are processed to extract textural (from recon-

structed images) and spectral (from power spectrum)

features. Figure 2 schematizes the process from data

acquisition to features extraction, including IVUS

image formation and power spectrum computation.

Image textural features

Since the amplitude of the ultrasound echo is

attenuated by its propagation through the tissue, the

very first signal processing step consists in applying a

Time Gain Compensation (TGC) function to com-

pensate the echo signal amplitude attenuation [24].

After TGC, the IVUS image formation process

comprises the following tasks (see Fig. 2):

• Band pass filtering: a Butterworth Band Pass (BP)

filter of order 10 and frequencies fL = 20 MHz,

fH = 60 MHz

• Envelope recovering: computed as the absolute

value of the Hilbert transform of the RF signal

• Logarithmic compression: it improves the visu-

alization of areas with a low signal intensity, as in

[24, 28]

• Digital Development Process: a non-linear radial

adjustment of the gain and edge-emphasis process

to enhance the tissue visualization [9, 24]

At the end of this process, a polar representation of

an IVUS image is obtained (Fig. 3a). Then, we

extract a wide set of textural features by applying

texture descriptors to the obtained image. As in [9]

we apply a bank of 16 Gabor filters [29] and three

configurations of Local Binary Patterns [30], thus

1 The use of the proposed technique on an in-vitro data set

comprising the necrotic core tissue is a straightforward step

that is expected not to change the overall behavior and

performance of the proposed framework.
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obtaining 19 textural features. Furthermore, due to

the high echo-reflectivity property of calcified tissue,

we decided to add two features, called (1) shadow

and (2) relative shadow, computed by (1) accumu-

lating the mean grey level value along each radial

direction and by (2) multiplying the obtained value

by the radial depth in each considered position.

Finally, a 21 elements textural feature vector is

obtained.

Spectral features

IVUS data power spectrum is obtained by using

AutoRegressive Model [10, 12] (order 10, as suggested

in [11]) on the TGC-compensated RF signal. The

power spectrum corresponding to polar coordinates

(q, h) is computed by a sliding window as in [8, 11].

We take into account only the spectral information

in the frequency band B [ [fL, fH](fL = 30 MHz,

fH = 50 MHz), centered in the working frequency of

the transducer, f0 = 40 MHz. With the aim of extract-

ing compact spectral features, we characterize the

power spectra using two straight lines: being S(f) the

power spectrum function and defining fM = arg max

f [B(S(f)), we compute the straight lines fitting the

curves Sþ ¼ Sðf Þjf2½fL;fM � and S� ¼ Sðf Þjf2½fM ;fH �: The

spectral feature vector is then composed by the two

straight line slopes, y-axis-intercept values, S(fM),

S(fL), S(fH), S(0) values, the energy of A-line and

finally, the averaged amplitude of spectral component

in B.

The final feature vector is constructed by concat-

enating image textural and spectral features (see

Fig. 2) with the aim of blending the appearance of the

tissues with information obtained from their spectral

content. It is our belief that image-based and RF

signal analysis provide complementary data for the

accurate description of tissue composition and leads

to a rich set of features to be selected and weighted by

the classifier.

Plaque classification

The proposed pSFFS methodology needs the defini-

tion of a proper classifier. It has been shown that, for

plaque classification, AdaBoost [27] with Decision

Stumps exhibits high performance in terms of

accuracy and efficiency [8]. Since we want to

discriminate among fibrotic, lipidic and calcified

tissue, a multi-class problem arises. ECOC [25, 26] is

an effective technique to solve multi class problem by

decomposing them into a set of binary problems [31].

Fig. 1 Schema of the plaque characterization framework. The

in-vitro and in-vivo blocks represent the IVUS data acquisition

and processing task. The pSFFS block represents the data

fusion algorithm, including a task for in-vivo data selection and

a classifier that evaluates the classification performance at each

step, regulating the inclusion process. The resulting enhanced

data set is then used to train an Enhanced classifier for plaque

characterization
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The ECOC framework is independent from the used

classifier, thus allowing to combine several binary

classifiers (discriminative or generative), to jointly

classify an unknown example. Given the number of

classes C and a coding strategy, K binary classifiers are

trained and an ECOC matrix M 2 f�1; 0;þ1gC�K
is

designed. Each column in the ECOC matrix corre-

sponds to a binary classifier while each row represents

a class codeword; a zero value in a certain position of

M means that we do not care about the classification

result for that particular class and problem. Given an

unknown example and a decoding distance measure, a

codeword w [ {-1, 1}19K is obtained and its distance

with each row of M is computed. The inferred class

corresponds to the minimum distance row.

This inference technique implicitly embeds an

error-correction property, characteristic of the ECOC

framework. Furthermore, it is possible to demonstrate

that other multi-class extension approach (e.g., the

major voting technique) are special cases of ECOC,

obtained by choosing a particular coding and decoding

strategy. In this work we use one-vs-one coding and

Attenuated Euclidean Distance (AED) [32] decoding

strategy.

Fusing in-vitro and in-vivo IVUS data

As discussed above, we propose to use in-vivo data to

enhance the in-vitro data set. Our approach is based

Fig. 2 Detailed schema of the Data processing and Feature
Extraction block of Fig. 1. From the TGC-compensated RF

signal, both the IVUS polar image and the power spectrum are

computed, hence textural and spectral features are extracted

Fig. 3 a In-vivo IVUS image in polar coordinates and b in cartesian coordinates, representing the cross-sectional IVUS image
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on iterative and controlled inclusion of in-vivo

plaques into the in-vitro training set according to a

selection criterion based on the value of a classifica-

tion performance parameter evaluated while discrim-

inating in-vitro tissue.

Sequential Floating Forward Selection has been

proposed in [23] as a features selection algorithm,

based on inclusion and conditional exclusion of data.

For our purposes, we consider that an IVUS frame

can contain different plaques which we consider as a

monolithic block of information, i.e., all the plaques

in a frame can be included or removed from the data

set but partial inclusion/exclusion of a specific class

example (e.g., removing the calcified and keeping the

fibrotic plaque) is not allowed. This approach is

justified by the idea that the inter-patient differences

in appearance of plaques will be preserved if the

information of a single frame is treated as monolithic;

furthermore, the over-fitting phenomenon of the

classifier on a specific set of examples is potentially

avoided.

Since the inclusion criterion actually consists in

evaluating a classification performance parameter

while including data, a proper definition of the

training/testing process represents a key part of the

algorithm. Let us define p = 1,…, NP the index of in-

vitro cases. In order to define the data sets to use in

the data fusion algorithm, the in-vitro data set is split

into three parts (Fig. 4): the first part, called Xp, is

obtained by removing the pth necro case from the

whole data set and it is used in the selection process,

thus representing the training data set, while the

second part, called Xval
p is not used during the

selection process and represents the validation data

set. The third part, extracted from Xp, is related to the

data inclusion process and is defined below.

The parameter that controls the data selection

process in the pSFFS is called J and it is actually a

value that depends on the result of a classification

step. In our approach, the classification is performed

on in-vitro data, being the only reliable data set to use

while looking for an improvement in tissue discrim-

ination. In order to produce stable and reliable

classification results, a cross validation technique

must be used. The J parameter is then a function of

the classification performance, computed according

to the defined cross validation process.

Once the cross validation technique is defined, the

third part of the data set is then obtained as a subset of

the Xp in-vitro training data set and represents the test

Fig. 4 Detailed description of the data fusion core (see

Fig. 1). According to the Leave-One-Patient-Out technique,

the in-vitro data set is used in both the data fusion process and

in validating the discriminative power of the enhanced

classifier, while the in-vivo data is solely involved into the

data fusion process

Int J Cardiovasc Imaging

123



data. It is used, during the in-vivo data selection

process, to assess the classification performance at

each iteration k of the process. Before illustrating the

pSFFS algorithm, it is worth to define the cross

validation procedure used to obtain the classification

performance parameters necessary to compute the

value of J. Let us call fcv the chosen cross validation

function, �Y a generic set (or subset) of in-vivo data and
cCP a generic classification parameter (for example cCP

= overall accuracy). The classification performance

are then obtained as depicted2 in Algorithm 1. Finally,

the J value is computed as Jð cCPÞ:The formulation and

properties of J will be explained in section ‘‘Design of

J function’’. As suggested in [33], the 5-fold cross

validation is used as appropriate during the data

selection process. At each fold, the total amount of in-

vivo data involved into the inclusion process is limited

to the 30% of the in-vitro data set length, while the size

of Xp has been set to 6,000 points by random

subsampling of data. Hence, with a 5-fold cross

validation, the test set consists in 1,200 points.

We formulate now the data selection process of the

pSFFS algorithm for the creation of the enhanced

data set. Since we are mainly interested in the

discriminative property of the enhanced classifier

while classifying in-vitro cases, we will evaluate its

discriminative power by a Leave-One-Patient-Out

cross validation technique [24]. According to this

procedure, given the number Np of in-vitro cases, the

creation of the enhanced data set is repeated Np times,

and then validated by testing the enhanced classifier

on Xval
p , thus providing the validation results as the

average over Np classification performance values.

For the sake of clarity, the fusion problem is now

formulated with respect to an individual fold of the

LOPO technique, i.e., when the generic pth in-vitro

case is left out, as follows.

Let us call X the initial training set composed of

frames from in-vitro (actually Xp) and Y the set of

frames of in-vivo cases. The pSFFS requires the

definition of a function of the classifier performance J,

that controls the inclusion-exclusion process, and also

a cross validation technique to use while computing J.

When both initial data and the required functions are

defined, the pSFFS method can be formulated (see

Algorithm 2). The algorithm alternates two phases: an

inclusion loop (lines 12–19) and a conditional exclu-

sion of one frame (lines 24–30). The condition to

include one frame is that the training/test process by

cross validation produces a score J that is greater than

before (lines 12–13); with the same rule, the exclusion

step can remove one of the frames already included in

the set if this increases J (lines 24–25). If during the

conditional exclusion none of the candidate frames

increases J, the algorithm checks the number of times

the J value decreased (line 34). In the case J decreased

too many time, actually more than dM times, the

algorithm stops, otherwise the algorithm admits an

unconditional inclusion and updates d value. This stop

procrastination procedure is necessary to avoid stop-

ping the algorithm at the first maximum value since it

can be suboptimal. In each case, the optimal set is

stored (lines 17,29), in order to obtain the best achiev-

able classification performance. Hence, at the end of

the selection process, the enhanced data set consists in

XEN, i.e., the combination of in-vitro/in-vivo data

obtained in correspondence of Jmax = J(X, YEN).

Design of J function

The whole pSFFS is regulated by the function J, thus

its definition is critical for the algorithm performance.

As stated above, the value of J depends on one or

more classification performance parameter. In previ-

ous section the computation of such generic param-

eters has been explained. In this section we want to

define the analytical formulation of the parameter J as

a function of classification performance parameter.

Algorithm 1 Function cCP ¼ CPðXp; �Y ; fcvÞ

Require: Xp {The in-vitro training set}

Require: �Y {The in-vivo data set}

Require: fcv {The cross validation function}

Ensure: cCP {A classification performance parameter}

1: define N {number of folds required by the cross

validation technique}

2: initialize CP[N] = 0 {N-elements empty vector}

3: for i = 1:N do

4: define xi � Xp {test set}

5: define TRAINi ¼ fXp n xig [ �Y

6: define TESTi = xi

7: classifier = training(TRAINi) {train}

8: CP[i] = classifier(TESTi) {test}

9: end for

10: cCP ¼ meanðCPÞ � stdðCPÞ

2 The function is described in pseudo-Matlab code.
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For this reason, in the rest of the paper, we will refer

to the J parameter as the function J.

Given a generic classification results, the sensitiv-

ity (S) parameter can be defined as

S ¼ TP

TPþ FN
;

where TP indicates the true positives and FN the false

negatives. In the proposed plaque characterization

problem, it is clear that a high sensitivity in

classifying the test set assures that validated plaques

are classified as such. Hence, the mean sensitivity,

together with the overall accuracy

A ¼ TPþ TN

TPþ TNþ FPþ FN
;

where TN indicates the true negatives and FP the

false positives, are the parameters to maximize. For

this reason, we define J as a weighted linear

combination of the weighted averaged sensitivity

over all the classes and the overall accuracy as

Jk ¼ a
X
Nc

l¼1

wl
kSl

k

|fflfflfflfflffl{zfflfflfflfflffl}

JS

þð1� aÞAk; ð1Þ

where Sl
k and wl

k are the sensitivity and the weighting

for the class l at algorithm iteration k, respectively, Nc

is the number of classes, Ak is the overall accuracy

and a [ [0, 1] is a coefficient that regulates the

importance of each term. To avoid the algorithm to

increase the sensitivity of a class at the cost of an

excessive reduction of other classes sensitivity, wl
k is

dynamically defined to be inversely proportional to

the class sensitivity itself:

wl
k ¼

log 1
Sl

k

� �

PNc

l¼1 log 1
Sl

k

� � ð2Þ

Algorithm 2 pSFFS

Require: X {The set of in-vitro frames}

Require: Y {The set of in-vivo frames}

Require: J {The J function definition}

Require: fcv {The cross validation function}

Ensure: XEN {The enhanced (fused) data set}

1: Note: to simplify the formulation, J(CP(X, Y, fcv)) = J(X, Y)

2: k = 0

3: d = 0

4: set dM

5: X0 = X

6: YT ¼ ;
7: XEN = X

8: STOP = false

9: INCLUDE = true

10: while !STOP do

11: if INCLUDE then

12: yþ ¼ arg maxy2Y JðX; YT[yÞ
13: if JðX;YT[yþÞ[ JðX; YT Þ then

14: YT ¼ YT [ yþ

15: k = k ? 1

16: Xk ¼ X[YT

17: XEN ¼ X [ YT

18: YEN = YT

19: Y ¼ Y n yþ

20: else

21: INCLUDE = false

22: end if

23: else

24: y� ¼ arg maxy2YT
JðX;YT n yÞ

25: if JðX;YT n y�Þ[ JðX; YT Þ then

26: YT ¼ YT n y�

27: k = k ? 1

28: Xk ¼ X [ YT

29: XEN ¼ X [ YT

30: YEN = YT

31: INCLUDE = true

32: else

33: d = d ? 1 {Increase the number of time J
decreased}

34: if d [ dM then

35: STOP = true

36: else

37: yþ ¼ arg maxy2Y JðX; YT [ yÞ
38: YT ¼ YT [ yþ

39: k = k ? 1

Algorithm 2 continued

40: Xk ¼ X [ YT

41: Y ¼ Y n yþ

42: end if

43: end if

44: end if

45: end while
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During iteration k, if one of the classes has a

sensitivity close to one, the corresponding weight tends

to zero. For this reason, this class will poorly influence

the inclusion/exclusion process letting the pSFFS

algorithm to search for frames that improve other

classes sensitivity. We refer to the sensitivity-based

term of J equation as JS. Finally, the term proportional

to the accuracy guarantees an inclusion process in

which not only the sensitivities are balanced, but also

the global classification performance is improved. The

importance of both the sensitivity and accuracy terms

is regulated by the a coefficient, experimentally set to

0.4 by cross validation.

The JS term presents and interesting property that

can be explained in a general though simplified case,

analyzing a two classes classification problem. The

contribution given by JS in fact allows to obtain a

trade-off between sensitivities of all plaques. This

appears clearly in Fig. 5 where oriented arrows show

the gradient direction and curves are the level-sets of

JS as a function of the sensitivities (S1 and S2) of two

generic classes. The gradient vector field can be seen

as positive linear combination of one vector field that

points toward the loci where S1 = S2, thus searching

for a sensitivities trade-off (avoiding for instance

S1? 1 and S2? 0), and another vector field that points

towards S1 = S2 = 1, trying to maximize sensitivities.

Experimental results

The IVUS equipment used in this work is a Galaxy II

IVUS Imaging System (Boston Scientific) with a

catheter Atlantis SR Pro 40 MHz (Boston Scientific),

installed in the Hospital ‘‘Germans Trias i Pujol’’ of

Badalona (Spain). RF data are collected using a

12-bit acquisition card (fs = 200 MHz) and stored as

frames of 256 A-lines by 1,024 samples each one.

Data acquisition

In-vivo data are acquired during a normal hemody-

namic intervention procedure. Once the intervention is

over, an IVUS pullback is acquired by storing data

while the probe is pulled-back at constant speed3. The

result is a sequence of images describing the cross

sectional vessel structure. In-vivo data have been

collected from nine patients, plaques have been

labelled by two experts resulting in 76 frames,

containing 49 fibrotic, 37 lipidic and 35 calcified

plaques. To improve the labelling reliability, we

rejected the labelling where the two experts were in

blind disagreement.

In-vitro data are acquired from post-mortem cases.

The artery, separated from the heart, is first fixed on a

mid-soft plane (Fig. 6a) and filled (using a catheter)

with physiological saline solution at constant pressure

(around 120 mmHg), simulating blood pressure. The

distal and proximal, together with left and right hand

positions are marked in the panel to be used as a

reference. The probe is then introduced through the

catheter and RF data are acquired in correspondence

of plaques. These positions are clearly marked on the

external part of the artery. The vessel is then cut in

correspondence with previously marked positions and

plaque composition is determined by histological

analysis. For each cut, the tissue composition is

observed at the microscope, and an image is then

obtained (Fig. 6b). Taking into account the reference

positions in the panel and the orientation of the IVUS

image, it is possible to establish a correspondence

between the plaques detected by histology and their

respective areas in the IVUS image (Fig. 6c). This
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Fig. 5 Level-sets (continuous curves) and gradient (arrows) of

JS as a function of sensitivities S1 and S2

3 The catheter is connected to the IVUS equipment by a

motorized tool and its position is constantly monitored by X-

ray analysis.
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task is assigned to experts interventionists in coop-

eration with pathologists.

The different conditions and modalities in which

the two images are acquired are profoundly different.

The mechanical consistence given to the artery while

acquiring IVUS data is impossible to be exactly

maintained when the vessel is sectioned and ana-

lyzed. Phenomena of tissue spoiling and a certain

error in finding the exact correspondence between the

IVUS and the histological image make hard to get an

exact registration and, consequently, a reliable auto-

matic labelling. For these reasons, we follow a

protocol in which the medical team manually

performs the plaque labelling task, rather than using

a dedicated software [11, 12], discarding pairs of

images in which a reliable correspondence can not be

obtained. By following this procedure, in-vitro IVUS

data have been collected from nine post-mortem

arteries, resulting in 50 frames with 26 fibrotic, 14

lipidic and 31 calcified plaques.

Validation methodology

Using the enhanced data set provided by the pSFFS

algorithm, an AdaBoost classifier has been trained

using up to 50 Decision Stumps [27]. As done before,

to tackle the multi-class problem we used the ECOC

framework [25, 26], devised using an one-versus-one

coding with AED decoding. Classification perfor-

mance is evaluated by LOPO cross validation tech-

nique: the enhanced training set is built by fusing

selected in-vivo and all data frames from in-vitro

cases, leaving out one necro case, which frames are

used as a test (Fig. 4). The process is repeated for all

cases and a confusion matrix is computed at each

round. The classification results are evaluated at each

one of the Np fold, and the whole process is repeated

for Nr = 20 rounds, in order to get more robust results.

At each round we evaluate the overall accuracy (A),

the sensitivity (S), the specificity (K) and the positive

predictive value (precision) (P) for each class, then

the mean value and standard deviation of the Nr

performance parameters are computed.

Algorithm evaluation

The proposed method is validated by considering

classification parameters as described in the previous

section. Figure 7 shows the evolution of the J

parameter, up to the 12th iteration (where the optimal

set XEN is found) for a generic pth case of the analysis.

The depicted J value is the one obtained during the

data selection process, while the values of accuracy

and sensitivity are obtained by testing on the pth necro

case (Xp
val), left out during the data selection process.

It is worth to note that, while J increases (during data

selection), the performance parameters when testing

on an unknown case increase as well, though with a

different profile. This phenomenon is expected since

the train/test data set may not be perfectly represen-

tative of all the possible cases, thus the enhanced data

set XEN ¼ X [ YEN : JðX; YENÞ ¼ Jmax may not pro-

duce the Amax while validating on a real case.

Nevertheless, in our experiments we always get

A(XEN) [ A(X0) in the validation step: this means

that the characterization accuracy while characteriz-

ing in-vitro cases with a classifier trained with the XEN

training set is always higher than the accuracy

obtained with a classifier trained only with in-vitro

data. This result clearly demonstrates the effective-

ness of the proposed approach while validating results

on in-vitro data set.

Table 1 reports the classification performance

parameters obtained while testing on in-vitro cases

Fig. 6 Set up for IVUS acquisition from post-morte artery. a coronary artery, fixed on the plane with marked positions clearly

shown; b plaque segmentation on histological image and c corresponding segmentation on reconstructed IVUS image
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according to the LOPO cross validation technique

described in previous section. Figure 8 shows some

example of in-vitro plaque characterization per-

formed with the classifier trained using optimal

training set.

Selection: features space perspective

Our hypothesis is that data from in-vivo and in-vitro

acquisition modalities could share areas in the feature

space, and that in-vivo data inclusion, after a proper

selection process, could enhance the validated data

set generalizing the separation among classes. To

verify this hypothesis from the point of view of the

feature space, we compare the data distribution of in-

vivo, in-vitro, in-vivo selected and enhanced sets

using the Bhattacharyya distance [34] as a measure of

multivariate distribution closeness and overlapping.

Table 2 reports Bhattacharyya distances among dif-

ferent plaques. With the aim of visualizing the inter-

distance between the distributions in Table 2, we

project the distances on a plane by means of the

Multidimensional Scaling algorithm [35], obtaining

Fig. 9.

It can be noted that, confirming our hypothesis, the

in-vitro and in-vivo distributions for each class can be

clustered in clearly separated areas. The proposed

algorithm selects in-vivo examples depending on the

degree of separation that their inclusion provide. Note

that selected data can be highly (calcified tissue) or

loosely (fibrotic and lipidic tissue) representative of

the entire in-vivo data set. Relative projected dis-

tances among classes suggest that a classifier trained

with enhanced in-vitro validated data could be used

to classify in-vivo data (see Fig. 9). To corroborate

this hypothesis, hypothetical 2D projection of hyper-

planes bounding the enhanced data sets have been

illustrated; the separation bounds have been defined

by crossing the mid point of each segment connecting

the projected centers of enhanced data points. In this

simplified though representative case it results clear

that the bounds separating the enhanced data are able

to discriminate plaques in both in-vitro and in-vivo

cases as well.

In order to clearly understand the relationship

between in-vivo and in-vitro data, we perform a

comparison of the used features in both data types.

For this purpose, a set of points corresponding to each

feature has been extracted from the two data set.

Hence, for each feature, the Bhattacharyya distance

has been computed between the two data examples.

Since each tissue type exhibits different properties in

both textural and spectral features space, this process

has been separately repeated for each class (fibrotic,

lipidic, calcified plaque). Figure 10 shows the bar

diagram of the resulting normalized distances for the

considered cases: features from 1 to 21 correspond to

texture analysis while from 22 to 35 correspond to

spectral analysis.
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Fig. 7 Example of the pSFFS algorithm performance up to

12th iteration. This case is specific for a generic pth necro case.

J is the value achieved at each iteration during the data

selection process, while the overall accuracy and sensitivity (S)

for each tissue type are computed by characterizing the Xp
val

data at each iteration

Table 1 Performance as MEAN (STD) of analyzed methods

on classifying in-vitro data

IvtD BI pSFFS LDS

A 89.93 (0.29) 89.57 (0.58) 91.59 (0.47) 84.96 (0.78)

Sfib 90.46 (0.60) 87.66 (0.85) 92.58 (0.95) 87.68 (0.95)

Slip 80.49 (0.80) 89.61 (1.08) 85.21 (0.59) 89.87 (1.31)

Scal 92.20 (0.46) 89.70 (0.93) 92.29 (0.75) 75.98 (2.23)

Kfib 92.16 (0.41) 91.71 (0.52) 93.85 (0.34) 85.88 (1.43)

Klip 95.50 (0.17) 92.94 (0.88) 96.47 (0.37) 92.25 (0.92)

Kcal 96.15 (0.48) 96.37 (0.52) 96.21 (0.38) 95.64 (0.60)

Pfib 93.34 (0.33) 92.80 (0.70) 94.72 (0.30) 89.03 (1.26)

Plip 69.48 (0.86) 74.25 (2.07) 74.78 (2.09) 65.44 (2.72)

Pcal 92.48 (0.86) 97.61 (0.37) 93.23 (0.62) 91.66 (1.64)

The overall accuracy (A), the sensitivity (S), specificity (K) and

precision (P) are computed when discriminating fibrotic (fib),

lipidic (lip) and calcified (cal) plaque
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Fig. 8 Plaque characterization on IVUS data. First column
original reconstructed IVUS images; second column histolog-

ically validated ground-truth plaque segmentation; third

column classification result. Yellow, green and blue (corre-

sponding to light, medium and dark grey) color indicate lipidic,

fibrotic and calcified tissue, respectively (Color figure online)

Table 2 Bhattacharyya distances among plaques for fibrotic (Fib), lipidic (Lip) and calcified (Cal) classes

Fibivt Lipivt Calivt Fibivv Lipivv Calivv Fibsel Lipsel Calsel Fibenh Lipenh Calenh

Fibivt 0 2.24 6.04 5.29 4.16 12.99 10.14 3.79 16.5 0.45 3.97 5.47

Lipivt 2.24 0 8.60 12.10 4.57 18.28 18.62 3.98 20.3 5.30 0 10.29

Calivt 6.04 8.60 0 7.13 10.46 5.04 13.78 10.89 8.57 5.41 8.28 0.21

Fibivv 5.29 12.10 7.13 0 11.29 8.18 1.99 10.48 9.38 3.93 9.86 7.84

Lipivv 4.16 4.57 10.46 11.29 0 18.36 17.15 1.28 19.38 6.28 1.94 11.04

Calivv 12.99 18.28 5.04 8.18 18.36 0 13.62 18.54 2.42 10.95 15.95 4.71

Fibsel 10.14 18.62 13.78 1.99 17.15 13.62 0 19.39 15.13 5.88 14.81 12.17

Lipsel 3.79 3.98 10.89 10.48 1.28 18.54 19.39 0 20.93 6.55 1.97 11.61

Calsel 16.5 20.3 8.57 9.38 19.38 2.42 15.13 20.93 0 14.53 18.04 6.69

Fibenh 0.45 5.30 5.41 3.93 6.28 10.95 5.88 6.55 14.53 0 4.67 5.21

Lipenh 3.97 0 8.28 9.86 1.94 15.95 14.81 1.97 18.04 4.67 0 8.60

Calenh 5.47 10.29 0.21 7.84 11.04 4.71 12.17 11.61 6.69 5.21 8.6 0

The distances are computed among the in-vitro (ivt), invivo (ivv), the in-vivo selected data sub-set (sel) and the enhanced data set

(enh)
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Note that in most (*80%) of the cases, the

distance between in-vivo and in-vitro features is

low, thus confirming the initial hypothesis that they

share areas in the feature space. On the other side,

the presence of highly different features (*20%)

enforces the necessity of a proper data fusion process.

In particular, the features 1–3, corresponding to three

configurations of Local Binary Patterns, result in a

high distance in both fibrotic and calcified tissue.

From this result, we can deduce that some textural

properties in these two tissue types present significa-

tive differences between in-vitro and in-vivo cases.

This phenomenon is not present in the lipidic class

instead; this can be explained with the fact that in

lipidic plaque the signal intensity is usually extremely

low, thus reflecting small differences into the appre-

ciable texture. Nevertheless, the spectral content of

lipidic tissue exhibits a high distance between in-vivo

and in-vitro cases.

Comparison

At the best of our knowledge, in-vivo and in-vitro

IVUS data fusion is a completely novel technique. For

this reason, there are no related methods that directly

address this problem. Thus, we compare the proposed

method with two approaches that mix different data

sets. With each one of the two approaches, the

enhanced data set is created and used to train a

classifier. In both cases, the discriminative power of

the resulting classifier is assessed by classifying in-

vitro data by LOPO cross validation. Hence, once the

enhanced training set is defined, the validation process

is exactly the same as the one used in pSFFS.

The first considered method creates a new training

set by simply fusing all the available in-vivo data and

in-vitro data. The labelling of the in-vivo data is used

as it is, without any kind of selection. For this reason

we named this naı̈ve method as basic inclusion (BI),

representing a pure supervised approach in which the

labelling provided by experts is considered as com-

pletely reliable.

The second method, called Low Density Separa-

tion (LDS) [36] is much more complex and belongs

to the semi-supervised learning algorithms. Based on

cluster assumption, LDS trains a Transductive Sup-

port Vector Machine (TSVM) [37] by gradient

descent on a graph-distance derived kernel. The

graph is constructed by assigning to each edge a

weight given by the Euclidean distance with each

other feature point. The main idea is that two points

in the same cluster present a continuous connecting

curve passing through regions of high density, while

two points of different clusters are connected with

curves traversing a density valley. The similarity of

two points is then defined by maximizing over all

continuous connecting curves the minimum density

along the connection. In LDS-based inclusion, both

in-vitro and in-vivo data have been used to construct

the distance graph and the TSVM has been trained.

in-vivo points are added to the training set with labels

provided by LDS classification results and the

enhanced set is created. LDS parameters have been

set as (C, q, r) = (850, 0.05, 0.001) by cross

validation.

Test In-vitro

Table 1 shows the classification parameters for BI,

LDS and pSFFS methods when characterizing in-

vitro data, compared with the initial plaque charac-

terization performance using exclusively in-vitro data

(IvtD) as training set. In the BI, LDS and pSFFS

cases, the classifier has been trained by using the

enhanced data set obtained by applying each one of

the considered methods. Note that the proposed

Fig. 9 Multidimensional scaling on Battacharyya distances

among plaque classes. Hypothetical qualitative hyperplanes

separating the enhanced data set with one-vs-all strategy are

represented
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algorithm outperforms all the methods used in the

comparison, providing a mean improvement in per-

formance parameters of 1.9% respect to the IvtD

case.

Test In-vivo

Results in Table 1 highlight that in an IVUS-based

atherosclerotic plaque data fusion problem, a super-

vised approach with data selection is more suitable

than a semi-supervised one.

Hence, it has been proved that the enhanced

classifier performs equally, or even better, than a

classifier trained and validated only on in-vitro cases.

Note that the last approach has been followed by

almost all the plaque characterization methods pre-

sented in the last 10 years, on the hypothesis that the

differences between in-vitro and in-vivo data are

negligible.

In the proposed approach, the training data set is

designed by fusing in-vivo and in-vitro IVUS data. It

is then reasonable to assume that the enhanced

classifier could exhibit better performance in discrim-

inating in-vivo data with respect to a classifier trained

only with in-vitro data. Note that this assumption does

not imply any hypothesis on the similarity between in-

vivo and in-vitro data; it is in fact naturally deduced

since the enhanced data set includes examples of in-

vivo data, thus providing to the classifier a knowledge

about the spatial distribution of in-vivo points. In order

to prove the last hypothesis, we compared the classi-

fication results of both the IvtD and the pSFFS

classifiers when discriminating plaques in in-vivo

cases: Table 3 shows the obtained classification per-

formance in both cases.

Given the impossibility for obtaining the absolute

knowledge on in-vivo tissue composition by histo-

logical analysis, it is clear that the obtained results

can not be considered as a reliable, though qualitative

results. Notwithstanding that, the increment of about

13% in overall accuracy when the pSFFS classifier is

used indicates the benefits achieved in using an

enhanced data set instead of a pure in-vitro training

set.

Fig. 10 Feature comparison between in-vitro and in-vivo data.

The x-axis indicates the feature index while the y-axis depicts the

normalized feature distance, computed by using Bhattacharyya

distance. In red the features that result as the most important

when discriminating in-vitro data (see section ‘‘Comparison’’

for details) (Color figure online)
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In order to corroborate the experimental results

obtained when classifying in-vivo data with both IvtD

and the enhanced classifier, we computed the weight

assigned by AdaBoost to each feature, when trained

only with in-vitro data. For this purpose, the LOPO

process with one-vs-one coding has been repeated

N = 20 times and at each round the weight of each

feature have been cumulated separately for each one

of the three classes. Finally, the five most important

features have been considered; the resulting discrim-

inative features are indicated in Fig. 10. Since most

of the in-vitro discriminative features exhibit a high

distance value respect to in-vivo data, the low

accuracy achieved when classifying in-vivo data with

the IvtD classifier is justified. Furthermore, these

results enforce the benefits achieved with the

enhanced classifier.

Discussions

The proposed pSFFS method improves the perfor-

mance parameters of all the classes on average and

outperforms other approaches. The sensitivity of each

class, compared with the IvtD case, is improved; in

particular, the class starting with the lowest sensitiv-

ity (lipidic tissue, 80.49%) obtains highest improve-

ment (?5%), while the calcified tissue, starting with a

quite good sensitivity value (92.20%) remains at the

same value. This fact experimentally confirms that

the design of the JS contribution in the J function

proposed in Eq. 1 is effective.

The improvements achieved by the BI method are

poor and unpredictable. This behavior can be justified

by the naı̈ve formulation of data inclusion process. The

LDS semi-supervised inclusion method does not

improve with respect to IvtD case. The only significant

improvement is in the lipidic class sensitivity. This

behavior could be explained by the fact that LDS looks

for a minimum density path to cluster data. Since the

lipidic plaque is under-represented in the training set,

the improvement in the corresponding sensitivity is

expected. However, this improvement comes at the

cost of hindering calcium and fibrotic performance.

These results suggest that a pure semi-supervised

approach may be not enough for the goal of fusing data

sets in plaque characterization.

The proposed pSFFS methods results in an

improvement of the overall accuracy in discriminat-

ing in-vivo plaques of around 13% with respect to the

IvtD case. Furthermore, each classification perfor-

mance parameter exhibits a significative improve-

ment. Although the in-vivo data set can not be

assumed as a validated ground truth, the significative

improvement can be considered as a qualitative result

demonstrating the effectiveness in using the proposed

approach in in-vivo plaque characterization prob-

lems. The achieved improvement is clearly due to the

inclusion of selected in-vivo data into the in-vitro

data set.

We demonstrate that the high accuracy achieved by

a classifier trained with in-vitro data (IvtD) is different

if it is used to test in-vitro (89%) or in-vivo (74%) data.

The result, though qualitative, confirms that the

hypothesis of assuming the difference between in-

vivo and in-vitro as negligible, is incorrect.

Conclusions

In this paper we presented an extension of the SFFS

algorithm with the aim of fusing in-vivo and in-vitro

data to create an enhanced IVUS data set for plaque

characterization. The proposed pSFFS method accom-

plishes the proposed goal and outperforms all the

algorithms considered in the comparison. Experimen-

tal results show that the enhanced classifier maintains

(actually improves) the discriminative power on in-

vitro data, achieving an overall accuracy of 91.59%.

Table 3 Performance as MEAN (STD) of Ivt vs. pSFFS
methods in classifying in-vivo data

IvtD pSFFS

A 74.05 (1.34) 87.09 (0.33)

Sfib 88.49 (3.36) 90.66 (0.43)

Slip 27.87 (3.50) 58.46 (1.61)

Scal 99.62 (0.11) 99.37 (0.22)

Kfib 67.54 (1.53) 85.86 (0.55)

Klip 97.53 (1.49) 98.56 (0.09)

Kcal 96.67 (0.26) 96.32 (0.24)

Pfib 55.90 (1.27) 73.85 (0.72)

Plip 83.93 (7.95) 92.59 (0.33)

Pcal 94.74 (0.38) 95.82 (0.26)

The overall accuracy (A), the sensitivity (S), specificity (K) and

precision (P) are computed when discriminating fibrotic (fib),

lipidic (lip) and calcified (cal) plaque
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Note that, as each other plaque characterization

methodology proposed in recent years, this result is

achieved by characterizing plaques in validated post-

mortem cases. The results in classifying in-vivo data

by means of the enhanced classifier suggests that it

could be effectively used in clinical plaque character-

ization problems; Furthermore, it demonstrates that a

classifier trained and validated solely with in-vitro data

does not exhibit the same discriminative power on in-

vivo cases.

A possible future work could comprise the inves-

tigation and comparison using alternative J functions.

Finally, though the method is presented on only three

plaque types, the achieved results are of general

validity.
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