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ABSTRACT 
 

Plaque characterization through backscattered intravascular ultrasound (IVUS) signal analysis has been the subject of 
extensive study for the past several years. A number of algorithms to analyze IVUS images and underlying RF signals to 
delineate the composition of atherosclerotic plaque have been reported. In this paper, we present several realistic 
challenges one faces throughout the process of developing such algorithms to characterize tissue type. 
 
The basic tenet of ultrasound tissue characterization is that different tissue types imprint their own “signature” on the 
backscattered echo returning to the transducer. Tissue characterization is possible to the extent that these echo signals 
can be received, the signatures read, and uniquely attributed to a tissue type. The principal difficulty in doing tissue 
characterization is that backscattered RF signals originating as echoes from different groups of cells of the same tissue 
type exhibit no obvious commonality in appearance in the time domain. This happens even in carefully controlled 
laboratory experiments. 
 
We describe the method of acquisition and digitization of ultrasound radiofrequency (RF) signals from left anterior 
descending and left circumflex coronary arteries. The challenge of obtaining corresponding histology images to match to 
specific regions-of-interest on the images is discussed. 
 
A tissue characterization technique based on seven features is compared to a full spectrum based approach. The same RF 
and histology data sets were used to evaluate the performances of these two techniques. 
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1- INTRODUCTION 
 

Tissue characterization refers to computer assisted methods of analyzing a medical image and identifying the component 
tissue types. The goal of tissue characterization is to deliver information beyond what is possible from a visual reading of 
unprocessed images or “eyeballing.” As applied to Intravascular Ultrasound Imaging or IVUS, tissue characterization 
methods have the potential to analyze ultrasound signals and enable visualization of the pathologies and lesions 
associated with the vascular tree. Tissue characterization can also be used to follow the response of vascular disease to 
therapy. 
 
Atherosclerotic plaques are the most common cause of cardiovascular disease. They can either cause stable coronary 
artery stenosis leading to angina pectoris during exercise, or lead to acute coronary or vascular events such as myocardial 
infarction or stroke when they rupture [1]. Identification of such rupture-prone vulnerable plaques is a very important 
need in interventional cardiology. The ultimate goal is to detect plaques at risk to treat them selectively in order to 
prevent mortality and morbidity [2]. For this purpose, researchers have developed various coronary tissue 
characterization algorithms through different imaging modalities such as optical coherence tomography (OCT) [3], near 
infrared (NIR) [4] and magnetic resonance imaging (MRI) [5]. IVUS supplemented with advanced algorithms that act 
upon the RF (radio-frequency) signals remains the modality that has the best chance at becoming the most clinically 
applicable and preferred method [6]. 
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In this paper, we highlight the principal challenges involved in designing a system to characterize coronary plaques. 
Section 2 describes the challenges that result from making an assumption implicit in all tissue characterization methods. 
Section 3 briefly describes the RF data acquisition system and method of preparation and imaging of coronary artery 
specimens. Section 4 covers some algorithmic challenges in terms of sufficiency of training data and complexity of the 
pattern recognition problem. Conclusions are in Section 5. 
 
 

2- Tissue Characterization and Signal Characterization 
 

The basic tenet of ultrasound tissue characterization is that different tissue types imprint their own “signature” on the 
backscattered echo returning to the transducer. Tissue characterization is possible to the extent that these echo signals 
can be received, the signatures read, and uniquely attributed to a tissue type. 
 
Biological media are highly heterogeneous and variable, and the processes of wave propagation and echo generation in 
that random media are exceedingly complex. It is practically impossible to start from first principles and infer the 
physical characteristics (and, hence, pathological type) of tissue using any measurement of echo signals originating in 
that tissue. Hence, the universally accepted method of making the connection between the causative tissue type and the 
effect upon the received signal characteristics is by means of empirical experiments -- "In numerous experiments, this 
particular type of tissue has been shown to produce this unique characteristic in the backscattered signal. So, any 
observed occurrence of this signal characteristic must indicate the presence of this tissue type." If the signal 
characteristics can be shown (by mathematical analysis) to maintain their similarity within each tissue type and 
distinctness between tissue types, then they can stand as proxies for tissue type and thus, a tissue characterization system 
can be built by building the appropriate signal characterization system. 
 
In 1983, Lizzi et al. presented a method to identify tumors in the eye and liver by using a spectral signature consisting of 
two parameters of the calibrated spectra of tissues [7]. The two parameters were slope of a regression line fitted to the 
mid-band portion of the calibrated spectrum and intercept of that regression line at zero frequency. 
 
2.1. The Distinctness of “Tissue Signatures” 
 
The principal difficulty in doing tissue characterization is that backscattered RF signals originating as echoes from 
different groups of cells of the same tissue type exhibit no obvious commonality in appearance in the time domain. This 
happens even in carefully controlled laboratory experiments. This is not only because of the non-identical nature of 
individual cells (or other scattering structures) within a tissue type but also because of the infinitely many different ways 
a group of cells could present themselves to an incoming ultrasound pulse. Each of these ways would result in a different 
echo return since a number of spatially and temporally displaced scattered waves add up to form the echo return. 
 
Recognizing this fact, most present day approaches look for spectral or other mathematical tools to extract commonality 
out of apparently random signals arising from each of the tissue types. It is a statistically observable fact that within 
carefully controlled experiments, different types of tissue (or other media) give rise to recognizably different spectra. In 
most modern methods of tissue characterization, the spectrum is summarized using a few numbers (e.g. seven numbers 
in [9]) to capture its basic shape, the so-called spectral signature. Once a database of signatures and the corresponding 
known tissue types has been built, a pattern recognition algorithm is trained that will take in a signature as input, carry 
out computations and arrive at the most likely estimate of tissue type. This method has been established [9] [10] [11] 
albeit within limitations due to the highly variable nature of biological media. 
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Figure 1: Normalized spectra of two distinct types of plaque tissue found in one 
particular frame of data. The bars represent the interquartile range of variation. 
The unfilled bars represent lipidic tissue and the filled bars, fibrotic tissue. For 
meaningful comparison, each sample spectrum has been normalized to have 
unit energy. The N referes to the number of spectra used to compute the 
statistics. 

 
 
Intravascular tissue characterization could be effortlessly accomplished if a small set of easily defined spectral 
characteristics tightly maintained their similarity within each tissue type and were widely distinct between tissue types. 
However, this condition is almost never encountered in practice. This is illustrated in the graph shown in Figure 1 which 
shows summary statistics of normalized spectra corresponding to two very distinct tissue types:  lipidic  and  fibrotic.  
The normalized spectrum at a point on the IVUS image is computed as follows: a small segment (typically 250 µm 
worth) of digitized RF signal corresponding to that point is identified. The windowed Fourier transform of that segment 
of signal is computed. This is normalized by scaling so that the total sum of squares is unity. A normalization step is 
necessary in comparing the shapes of spectra which might differ significantly in total energy. The bars in Figure 1 were 
constructed by computing statistics of a number of spectra separately for each tissue type. 
 
From the graph, it visually appears that these two tissue types might be recognizable – albeit with some errors – on the 
basis of their normalized spectra. It is also clear that increased errors in characterization would be incurred if any single 
frequency component is used for characterization. A formal pattern recognition algorithm that uses all the spectral 
information available must be used to achieve the maximum possible accuracy based on the available data. 
 
2.2. The Variability of “Tissue Signatures” 
 
As mentioned before, the principal challenge in building a tissue characterization system is to come up with a proper 
definition for tissue signatures that maintain their similarity within each tissue type and distinctness between tissue types. 
This is indeed a challenge because the tissue signature (e.g. normalized spectrum) corresponding to a single tissue type 
can, in general, be shown to vary across different cross sectional slices even within the same vessel. This might be 
because of image formation related factors such as small changes in the angle of incidence of the ultrasound beam or 
variations in the geometric configuration of scatterers. The signature can also vary due to genuine changes in physical 
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characteristics within the particular tissue type. In addition, variations in catheter properties can further contribute to 
confounding the recovery of tissue type from tissue signatures. An in-depth discussion of these factors is beyond the 
scope of this paper, however, we present in Figure 2 a picture of the variability in the normalized spectrum across four 
frames of data acquired from two cadaver hearts. The overlapping spectra visually confirm the difficulty involved in 
characterizing these two tissue types on the basis of their spectral signature. For example, at 20 MHz, for the third frame 
analyzed (see filled arrow) lipidic tissue seems to be well separated from fibrotic tissue. However, if a classifier were 
built using the 20 MHz component of the spectra derived from this frame alone, it would be impossible to discriminate 
between lipidic and fibrotic tissue in another frame (see unfilled arrow). 
 
 
 
 

 
 

Figure 2: Normalized spectra of two distinct types of plaque tissue found in 
four cross-sections of data from two cadaver hearts. As before, the bars 
represent the interquartile range of variation. The unfilled bars represent lipidic 
tissue and the filled bars, fibrotic tissue. 
 

 
3- Building a Training Database 

 
Since tissue characterization relies heavily on the tissue signature database, the integrity of that data is the most 
important consideration in building a tissue characterization system. Data collection also turns out to be the most time 
intensive component of the total effort in building a system. The chosen tissue types must be definitively recognizable by 
histology and traceable to specific segments of raw ultrasound data. This is a difficult task given that histology and IVUS 
are entirely different imaging modalities and the images are taken at different times under different conditions. We next 
describe the method of data collection, 
 
 
 
 

Proc. of SPIE Vol. 6513  65130O-4



 

 

3.1. In vitro set up and specimen preparation 
 
Acquisition of cross sectional ultrasound images of left anterior descending (LAD) and left circumflex (LCX) coronary 
arteries were performed with 40 MHz rotating single element Boston Scientific catheters. RF signals were digitized with 
two 12 bit Acqiris boards [Monroe, NY] at 400 MHz. The catheter pullback speed was 0.5 mm/s and the frame rate 30 
frames/s. Each frame contains 256 lines with 2048 samples per line.  
 
The human hearts were obtained from two sources: autopsy and transplant surgery, within 24 hours postmortem and 
explantation, respectively. The arteries were not dissected as the whole heart was examined. Electrocauterization of 
small distal arteries were performed when necessary to avoid any leakage. A cannula was fixed in the ostium of the left 
main coronary artery and a circulating system consisting of phosphate buffered saline (PBS) was used to insure a 
constant pressure (100 mmHg) and flow in order to maintain arteries physiologically opened at 37° Celsius. The IVUS 
catheter was introduced and advanced on a 0.014” guide wire and manual pullback was performed to search for sites of 
significant plaques. One of the main challenges in this study is to mark the region of interests (ROIs) as precisely as 
possible to get the best match of the IVUS-histology cross sections.  In order to do so, we deployed a fluoroscopic X-ray 
system to visualize the tip of the IVUS catheter. After stabilizing the catheter at the site of interest, two needles were 
implanted under fluoroscopic guidance into surrounding fat so that they crossed above the tip of the IVUS catheter. 
Thereafter, a third needle was passed through the crossing point to mark it by a suture, Figure 3. The first two needles 
were then removed. This procedure was repeated for 3-5 different ROIs per artery and the corresponding RF signals 
were acquired, as well as a complete automatic pullback at the end. Sutures were used to locate the ROIs for further 
histology processing and slicing and to find the ROIs back after the arteries were fixed with formaldehyde. To this end, 
the whole hearts were fixed cannulating both coronary arteries to recirculate 10% buffered formaldehyde under 100 
mmHg for three hours. 
 
In the next step, the arteries were prepared for staining. Blocks of 2-3 mm were cut from the distal locations of the 
sutures. The proximal end was marked with ink. Histology slices were taken from distal to proximal after the arteries 
were decalcified and embedded in paraffin. According to our staining protocol, for each block, three serial sections were 
taken three times at 500 µm intervals which correspond to 30 frames in IVUS acquisition, Figure 4. This increased the 
number of cross sections where an exact IVUS-histology frames matching could be done with confidence, using 
additional anatomical landmarks such as small side branches. The first two sections were stained with hematoxylin and 
eosin (H&E) and Movat Pentachrome, and the last section was kept unstained for future additional staining (e.g., Sirius 
Red).     
 
The IVUS-histology frames alignment plays a crucial role in this study because the IVUS frames are labeled through 
interpretation of corresponding histology images. Subsequently, the signals are assigned to labeled tissues and relative 
features are extracted. The IVUS-histology matching problem becomes more challenging due to curvatures of the 
arteries especially in the LCX and potential differences between the IVUS imaging plane and the cutting plane of the 
microtome used to obtain the histology slices. Taking a complete automatic pullback (or a short pullback along each 
ROI) and sectioning three slices at intervals of 500 µm allows us to find the best possible match between the ROI’s cross 
section and corresponding histology images. In this study, besides reflection of the needle, we often took advantage of 
natural markers such as side branches and small calcified inclusions to improve the IVUS-histology frames correlation 
accuracy. Figure 4(a) shows a marked ROI with needle and a side branch as well as corresponding histology image. 
 
 
3.2. In vitro and in vivo imaging environments 
 
A tissue characterization algorithm developed using in vitro data will work on in vivo data to the extent that the tissue 
signatures remain similar. As long as the differences found between the tissue signatures between the in vitro and in vivo 
imaging situations are systematic, it may still be possible to empirically re-tune an in-vitro-trained algorithm and make it 
work in vivo. However, not much is known about the nature of these differences, other than that imaging plaque through 
blood (which is difficult to duplicate in vitro) can be expected to introduce some differences and also that tissue fixation 
(which situation is absent in vivo) might alter the tissue response to ultrasound and introduce some other deformation 
induced differences. 
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