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Abstract In this paper we present a novel frame- in the reconstruction process. On the other hand,
work for classification of the different kind of in order to avoid this problem the original radio-
tissues in' intravascula}r ultrasound (I\(US) data. frequency (RF) signal is exploited [7, 6, 10]. This last
We describe a normalized reconstruction process  on5r04ch s difficult to characterize and lacks robust
for IVUS images from radio frequency (RF) sig- description tools when compared to the image based
nals. The reconstructed data is described in terms X )

of texture based features and feeds an ECOC- apaly3|s. Nevertheless, the domlnanc.e of one tech-
Adaboost |earning process_ In the same manner, n|que over the Other haS not beel’l rellably assessed

the RF signals are characterized using Autoregres-  using the same data set.

sive models, and classified with a similar learn- The contributions of this paper are three-fold:
ing process. A comparison is performed among

these techniques using two different cross valida- firstly, we propose a method that takes advantage of
tions schemes: 50 rounds of 90-10-Holdout and  POth tendencies to solve the problem of parameter-

Leave One Patient Out obtaining very promising izations diversity. This method is based on the re-
results. construction of normalized IVUS images from the
radio frequency signal, and the application of im-
age based characterization processes. Secondly, we
1 Introduction suggest a framework based on Error Correcting Out-
put Codes (ECOC) combined with Adaboost [3] as

Plaque rupture is one of the most frequent causes? base classifier to categorize both, RF signals and
of acute coronary syndromes. Nowadays, there ardexture-based descriptors. Finally, we perform an
many studies which report a high correlation between Statiscal comparison between both techniques using
multiple plague ruptures and myocardial infarction. two cross validation schemes. In order to compare

Intravascular ultrasound (IVUS) offers the opportu- the accuracy of the different tissue classificgtio_n ap-
nity to study the morphology and the histological proaches, we use 100 rounds of holdout, which is one

properties of the arterial plaque from a vessel cross-Of the most widely used techniques in literature. On
section view. The automatic analysis of the IVUS the other hand, Leave One Patient Out allows us to
images is significant to elaborate a proper diagnosis,highlight the prediction behavior of each technique
since it is a suitable technique to predict and quantify by reducing th_e bias in the classification rates in front
vulnerable plagues and different tissues on the ves-Of unseen patients.
sel walls, preventing the subjectivity of the physician ~ The layout of the article is as follows: in section
who performs the study. 2, we present the normalized image reconstruction
The analysis of IVUS data has been approachedprocess. In section 3, RF signal analysis and charac-
in two ways: on one hand, the examination of the terization is explained. Section 4 exposes the process
DICOM images is performed by a texture analysis of texture features extraction. The classification and
[15, 14]. The main drawback of this approach is validation schemes used are described in section 5.
the great variability in appearance among the tissuesFinally, the results, discussion, and conclusion are
of different patients due to diverse parameterizationspresented.



3 RF Signal Analysis by means of
AR models

Once the RF signals have been acquired, filtered at
the transducer frequency, and linearly compensated
(b) (c) in the time, a characterization process is performed.
According to [9, 6], one of the most suitable methods
to analyze ultrasound signals is to model their power
spectrum using Autoregressive (AR) models.

The autoregressive models are defined as a linear
prediction equation where the outputat a certain
pointn is equal to a linear combination of its previ-
ous outputp with a given weight,[13].

Figure 1: Reconstructed IVUS images from RF sig-
nals with different DDP gain parameters. (a)DDP
gain parameter fixed tb.04. (b)DDP gain parameter
fixed t02.20. (c)DDP gain parameter fixed 800.

2 Image Reconstruction Process

p
The IVUS catheter carries an ultrasound emitter z(n) = ap(k)x(n—k),
which shots a given number of beams, and a trans- k=1
ducer that collects their reflections as RF signals. The AR models are used to approximate the power
Based on the kind of tissue, these echoes vary their

. . spectrum of a RF signal window. First, a Power
frequency and amplitude. The RF signals are ac- . . . .
. . . " ) Spectrum is modelled using A-line sectiornro$am-
quired using a 12-bit acquisition card with a sam-

pling rate of2000 Hz. The IVUS equipment used ples, _then an average for a given window is _obtalned
L . allowing a single 1-D AR model for the entire sec-
was a Galaxy Il from Boston Scientific with a

. tion as it is shown in figure 2. In our case, it is com-
catheter transducer frequency 45M hz. It is as- )
o posed of4 samples and2 of the256 A-lines. Note
sumed a sound propagation in tissuel665m/s. . :
i . . that only one side of the spectrum is used because of
Each IVUS image consists of a total 56 A-lines its symmetrv. The power spectrum data set is com
(ultrasound beams) [8], with a length 6f5mm. y Y- P P

Each RF data is acquired from ervivo patient pull- posed of200 sampled frequencies ranging frot
to 100M H z, each value of the spectrum is used as
back sequences.

_ ) a feature for classification. Additionally, an sliding
Once the RF data has been acquired, an imag&yindow of 64 samples and2 A-lines, and a dis-

images with a same parameter set. Firstly, the sig-increase the resolution of characterization.
nals are filtered, and linear time gain compensation

is applied in order to correct the tissue attenuation

o = 1Db— Mhz/s. Then, a signal envelope is cal- 4 Texture Features Extraction

culated using the Hilbert transform. This envelope is

compressed in a logarithmical form to distribute the We have extracted image features with 3 different
image gray levels and to enhance the image visual-texture descriptors: Co-occurrence Matrix, Local Bi-
ization, then is normalized frofito 1. The image is ~ nary Patterns and Gabor Filters.

transformed to cartesian coordinates, and the miss-

ing pixels between each angle are obtained using a4 1 Co-occurrence Matrix

bilinear interpolation . Finally, a non linear Digital

Development Process (DDP) to regulate the contrastThe co-occurrence matrix is defined as the estimation
radially is applied [4]. With these parameters we can of the joint probability density function of gray level
normalize all the images to obtain the same contrastpairs in an image [12]. The sum of all element values
with low computational cost, which is not an easy is:

duty in DICOM images since the parameter set is not

saved. Figure 1 shows an example of constructed im- P(i,j,D,0) = P(I(l,m) =

ages with different gain parameter values. i@ I(l + Dcos(8), m + Dsin(0)) = j),



of P = [8,16,24].

4.3 Gabor Filters Bank in Texture analysis

fLN\M*——NW J‘U\f\’“"*“’“ The Gabor Filters is an special case of wavelets [2],

and is essentially a Gaussiamimmodulated by a com-
plex sinusoids. In 2D, a Gabor filter has the follow-

WMM ing form in the spatial domain:

@) h(z,y) = 555 exp{—3[(ZH)]} - s(z, ),

Founor o AR Mooalo Ay

A ot et | s(z,y) = exp[—i2n(Ux + Vy)] ¢ = arctan V/U

whereo is the standard deviatiort/ and V' repre-
sent the 2D frequency of the complex sinusoid, and
¢ is the angle of frequency. We use a polar represen-
tation, F', ¢, of the 2D cartesian frequenc{{/, V).
Thus, we have created a filter bank using the follow-
o ing parameters:
T e TP o = [12.7205, 6.3602, 3.1801, 1.5901],

¢ =[0°,45° ,90° ,135°],

F =[0.0442, 0.0884, 0.1768, 0.3536],

As a result a feature vector 6 dimensions for
each pixel is obtained, which will be used to train the
classifier.

bmglinda in Db
B &5 =

b
Figure 2. Using differe%t)A-Iines signal sections (a)
to create an unique Autoregressive model(b)

whereI(l,m) is the gray value at pixél,m), D is

the distance among pixels afids the angle between
neighbors. The most common values for the orien- o )
tation§ are [0, 45°,90°, 135°], [5, 12]. After com- O Classification

puting this matrix, some descriptive measures such _ o

as Energy, Entropy, the Inverse Difference Moment, Once we have designed a characterization framework

Shade, Inertia and Promenance are extracted [12]fOr reconstructed images and RF signals, a classifi-
Thus, a4s feature space is built for each pixel, since ¢ation scheme is developed. We establistiasses

we are estimating different measures ak orienta- of tissues: fibrotic plaque, lipid or soft plaque, and
tions and two distance® = [5, §). calcium. We have used the Adaptive Boosting (Ad-

aboost) [16, 3] as the supervised learning technique.
Since we have a multiclass problem, we need to
establish some combination criterium for the classi-
Local Binary Patterns are used to detect uni- fier output. To solve it we have employed the Error
form texture patterns in circular neighborhoods Correcting Output Codes technique (ECOC)[1].
with any quantization of angular space and spatial ECOC consists in assigning a code map table
resolution[11]. It is based on a circular symmet- which relates the classifiers outputs with the classes.
ric neighborhood ofP members with radiu. To Then, the final classification is obtained by finding
achieve gray level invariance, the central piyglis the minimum Euclidean distance between the result-
subtracted to each neighbgy, assigning the valug ing code and the classes code. The classification
to the result if the difference is positive afdther- map from the ECOC is the same for both techniques,
wise. Hence, LBP is defined as follows, which it is shown in table 1. Here, the 0 values in-
dicate that these classes are not used in the selected
LBPRp = ¥y 5(gp = 9c) - 2" classifier. The 1's indicate that the classifier should
These operators generatgd dimensional space by  output a positive value when this class is found, and
applying aradius oR = [1, 2, 3] and a neighborhood negative one<{1) when it is not.

4.2 Local Binary Patterns
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Table 1: ECOC code map used in the classification Recontructadimage Cosefeaton Reeut
Classes Classifier Classifier Classifier S
_ 1 2 3 . 32 3 3| $
Calcium 1 1 0 § ol
Fibrotic Plaque -1 0 1 t .
Soft Plaque 0 -1 -1 fa
o
0 H L
We have used to schemes to perform the classi- - copcmpme
fication validation: 50 rounds of 90-10-holdout and DFbrosis  BSoft  @Cakum

leave one patient out cross-validations. We test for g, re 3: Classification result among different DDP
st_atlsncal S|_gn|f|cance by applying atwo—talled t-test gain parameters for each type of tissue with Leave
with a confidence level 095%. The first scheme, One Patient Out Method

the holdout cross-validation, helps us to assess the
mean error and confidence intervals of the classifi- e .
Table 2: Classification Results from RF Signal

cation process. However, it does note measure the : o
np . . . Analysis and Texture Based Analysis with Holdout
prediction capacity of the learning method in front of

unseen patients. In order to solve this problem, theanOI Leave One Patient Out (LOPO) methods

leave one patient out scheme is used. This method

trains the learning technique with all but one patient, Classes RF Signal Analysis

leaving this last one for testing purposes. - Holdout LOPO
Fibrosis = 84.22% 4+ 0.44  76.41% + 8.50
Soft 86.22% £+ 0.41  81.2% +6.89

6 Results Calcium  88.60% +0.49  83.35% + 5.38

We have obtained the RF signals and their recon-

structed imagem vivofrom a set ofl0 patients pull- Classes Texture Base Analysis

backs acquired in the German Trias i Pujol Hospital —_ Holdout LOPO

from Badalona Spain. All of these pullbacks contain Fibrosis  76.38% £ 0.68 70% + 9.67

the three classes of plaque. For each drieto 15 Soft 87.29% + 0.44  83.5% + 6.46

different vessel sections are selected to be analyzed.
The physicians have segmented from the vessel
images around o050 areas of interests per patient.

From these segmentations we have taken 500 regiongneters with the Leave One Patient Out is shown in
of interest (ROI) per patient and tissue randomly figure 3.

Calcium  76.04% £0.74  72.6% + 12.94

making a total ofl5000 evaluation ROIs. To build It can be seen that the best gain parametérds
the data set, these selections were mapped in botfvhere the classification results a@% for fibrotic
RF signals and reconstructed images. plaque 83.2% for lipid, and72.6% for calcium with

the Leave One Patient Out.

6.1 Gain Assessment

6.2 Classification Comparison
In order to test the performance of our texture based

classification approach, we have selecéediffer- We have tested both RF and normalized image recon-
ent DDP gain parameters to reconstruct the imagesstruction based characterization with the two cross-

Thus, six different data sets have been created andialidation schemes presented. Table 2 shows a com-
their extracted texture features have been processegarative of their performance. Notice that these re-

separately. For every DDP gain parameter values asults have been obtained with pixel resolution in both

classification error has been computed for each kindschemes, without any kind of postprocessing.

of tissue. The accuracy for different DDP gain para- It can be observed that the RF signal modelling
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Figures 4(c)(e) depict the results using a holdout
training model and a leave one patient out training
model for the RF signal. Observe that the differ-
ences between them are not significant. Addition-
ally, figure 4(d)(f) shows the same results for the im-
age based texture characterization model. Note that
the qualitative accuracy of this last technique is lower
than in the RF case.

7 Discussion and Conclusion

Two methods for tissue classification in IVUS from

in vivo patients have been presented taking into ac-
count three types of plaque: fibrotic, soft, and cal-
cium. We have proposed a more accurate technique
for image tissue assessment based on a set of nor-
malized data, which is not possible in conventional
approaches based on DICOM images. To do so, an
image reconstruction method has been depicted.

We have compared the RF signal with the image-
based tissue characterization. The results show that
RF signal is more suitable for this task in terms of
mean error rate as well as prediction accuracy. These
results have been obtained using two cross-validation

Figure 4: Images (a) IVUS cross sectional (b) Seg- schemes: repeated holdout and leave one patient out.
mented by the physician. (c) Classified with RF sig- The classification presented here has been done for

nal Analysis with Leave One Patient Out method. each pixel without any kind of postprocessing, since

(d)Classified with Texture Based Features and LeaveVe desire to preserve the highest possible resolution.

One Patient Out. (e)Classified with RF Signal Analy- M€ grouping techniques and the inclusion of other
sis and Holdout method. (f)Classified with Texture features_could be applled_ ?0 the obtained results in
Based and Holdout. Dark regions represent fibrousOrderto improve the classification.

plaque, and white regions means lipid plaque and Despite this results, we consider that the image
light gray is calcium. based tissue characterization is not to be overlooked.

In fact we believe that a combination of multiple
DDP gain values, one for each tissue, could be suit-
attains a higher accuracy in both validation tests. able to enhance the performance.
Moreover, the inter-patient variability is lower than  As a future line we are planning to combine both
in the case of image-based analysis and has a beteharacterization frameworks in order to take advan-
ter prediction behavior in front of unseen patients. tage of the high accuracy from the RF signal and the
However, the accuracy rates obtained by the normal-high amount of description techniques available in
ized reconstruction process represents a significanimage based analysis.
improvement when compared to the DICOM based
tissue characterization - in this kind of images the
accuracy is around@6% without any kind of post- Acknowledgements
processing [14]. This result lead us to believe that
the gain normalization process is a necessary step imhis work is supported in part from projects FIS-
image based tissue characterization. G03/1085, FIS-PI1031488, TIC2003-00654 and MI-
Figure 4 shows some results in an unseen patient1509/2005, the Generalitat de Catalunya under the
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