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ARTICLE INFO ABSTRACT

Artery perforation during a vascular catheterization procedure is a potentially life threatening event. It is of
particular importance for the surgeons to be aware of hidden or non-obvious events. To minimize the impact it is
crucial for the surgeon to detect such a perforation very early. We propose a novel approach to identify per-
forations based on the acquisition and analysis of audio signals on the outside proximal end of a guide wire. The
signals were acquired using a stethoscope equipped with a microphone and attached to the proximal end of the
guide wire via a 3D printed adapter. Bispectral analysis was employed to extract acoustic signatures in the signal
and several features were extracted from the bispectrum of the signal. Finally, three machine learning algorithms
- K-nearest Neighbor, Support Vector Machine (SVM), and Artificial Neural Network (ANN)- were used to classify
a signal as a perforation or as an artifact. The bispectrum-based features resulted in valuable features allowing a
perforation to be clearly identifiable from other occurring events. A perforation leaves a clear audio signal trace
in the time-frequency domain. The recordings were classified as perforation, friction or guide wire bump using
SVM with 97% (polykernel) and 98.62% (RBF) accuracy, k-nearest Neighbor an accuracy of 98.28% and ANN
with accuracy of 98.73% was obtained. The presented approach shows that interactions starting at the tip of a
guide wire can be picked up at its proximal end providing a valuable additional information that could be used
during a guide wire procedure.
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1. Introduction

Perforation of the vessel walls during guide wire applications could
be a serious risk to the patient. The rate of occurrence for the percu-
taneous coronary intervention has been reported in the range of 0.1%
and 4.0% [1-3]. To minimize the impact it is crucial for the surgeon to
detect such a perforation very early. In planar X-ray imaging the vas-
culature and the vessel walls cannot be seen and consequently a per-
foration is not always recognized or detected. Therefore, besides X-ray
imaging, additional real time information to detect guide wire per-
foration is an unmet-medical need worth to be addressed.

Several approaches has been proposed for acquiring additional
guidance information from guide wires using different type of sensors.
Most of them are based on acquiring haptic information from force
measurements using piezoresistive sensors and most of them are in-
tegrated in or on the tip of the device. In Refs. [4-7] a haptic assistive
system was implemented that allows the surgeon to feel forces acting on
the guide wire tip. A piezoresistive force sensor is used for measuring
contact forces within the arteries in order to improve navigation of
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guide wires during interventions. In Ref. [8], a sensor for integration
into a torque device was developed. This sensor measures the interac-
tion forces at the user's fingertips. The information is used to adjust the
strength of the feedback to the varying frictional forces along the wire
and thus to stabilize the system. Han et al. [9] developed and char-
acterized a tri-axial force sensor embedded in the tip of a guide wire
consisting of a piezoresistive sensing element using silicon nanowires.
This design allowed the measurement of both normal and shear forces
on the guide wire tip. Ganet et al. [10] presents the modeling and de-
velopment of a steerable guide wire with two degrees of freedom cap-
able of sensing force thanks to the pseudo-piezoelectric behavior of a
polymer exposed to a DC-biased electrical field.

Other works have proposed piezoelectric and optical sensors for
measuring pressure [11,12] and piezoelectric transducers for measuring
blood flow velocity for monitoring vessel occlusion [13,14]. In this
context the integration of an ultrasound transducer and pressure sensor
was proposed in Ref. [15] in order to measure blood pressure and ve-
locity in coronary arteries and in Ref. [16] a proof-of-concept of ex-
treme miniaturization to include intravascular ultrasound capabilities
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Fig. 1. a) view of the guide wire attached to a stethoscope connected to a microphone, b) guide wire inserted in a pork heart vessel [21].

on a guide wire was proposed. Another idea for measuring blood ve-
locity was proposed in Refs. [17,18] through the use of temperature
sensors and heating elements.

Another possible function that can be performed by the integration
of sensors into the wire is the position tracking of the wire tip by in-
stalling one or more position sensors in the form of coils on the distal
end of the wire [19,20].

While these methods could provide useful information to the sur-
geons during the clinical procedures, all of them suffer from a common
drawback of increasing the complexity and costs of the guide wire. The
sensors have to be embedded at the distal part of the guide wire that is
inserted inside the body. Another important disadvantage of embedded
sensors at the tip of a guide wire is the change of mechanical properties.
Additional wires and sensors result in a reduction of the major func-
tionality of being a good guide wire that is flexible, symmetric, trackable
and traceable.

Additionally, even if some force sensor are placed at the proximal
end of a guide wire, these systems are typically single-points sensing
mechanisms or contact probes based on force feedback measurements.
This means that only static information can be extracted while the
movement of a guide wire through the arteries is dynamic.

A novel approach for acquiring additional signal information from
medical interventional devices (MID), and specifically from a guide
wire, has been recently proposed by our research group in Refs.
[21,22]. In this works audio signals were acquired using a stethoscope
connected to a microphone, which was attached to the proximal end of
the MID via a 3D printed adapter and audio signals were recorded from
the proximal end of the MID in order to extract information of the in-
teraction between the distal tip and the tissue. The major advantage of
this approach is that the system, audio receiver (stethoscope) and the
sound box, are attached to the part of the guide wire that is outside the
body. Thus, the setup can be used with conventional guide wires
without changing the functionality of these devices to acquire audio
signals. Additionally, unlike force feedback systems, audio sensing is a
passive sensing technique involving dynamic information, fast reactions
and high sensitivity to subtle changes in processes. The main idea of the
proposed approach in the case of guide wire was to classify an event as
being a vessel perforation or an artifact. Unlike the signal processing
strategy proposed in Refs. [21,22], where a parametric approach was
used, in this new work we propose a new classification approach based
on features extracted from the audio signal using bispectral analysis.
The main advantage of the proposed processing approach is that, unlike
the parametrical approach, the bispectrum technique takes into account

the non linearities and the phase relationships dynamics that this kind
of complex signals can involve.

Results show that from the audio signal bispectrum it is possible to
extract different features that are significant for being able to differ-
entiate between vessel perforation and other events occurring during
the guide wire insertion. Two classification methods using the ex-
tracting features obtained from more than 800 audio recordings show
an accuracy higher than 95% for classifying a guide wire event as a
perforation.

2. Materials and methods

The main idea of this work is to analyze and process audio re-
cordings obtained from the interaction of the tip of the guide wire with
the vessel wall using higher order statistics. This is done in order to find
a nonlinear signature in the signal that allows to distinguish between a
guide wire perforation and other events occurring during a guide wire
insertion. For that the audio signals were processed and analyzed using
bispectrum analysis and then 10 bispectrum based features were ex-
tracted and fed into two machine learning algorithms for classifying a
guide wire event as a perforation or an artifact. In this section the ex-
perimental setup for obtaining a database of guide wire audio record-
ings is first presented. Then all the steps of the signal processing
strategy based on bispectrum analysis are presented.

2.1. Experimental setup and database implementation

Audio signals were acquired using a stethoscope connected to a
microphone which was directly and firmly attached to the proximal end
of a 0.014-inch guide wire of 1.8 m length (Boston Scientific, US) placed
inside a flushed 1.9 F micro catheter of 1.5 m length [22] (see Fig. 1).

Ten pork heart vessels were perforated by using the tip of the guide
wire as explained in Ref. [22]. Subsequently 871 audio signals of 30's
duration were recorded in WAV format with a frequency sampling rate
of 44100 HZ. The generated audio signal database contains 559 artery
perforation and 312 non-perforation signals including manually gen-
erated artifacts as guide wire friction (214 recordings) and bumps (98
recordings).

2.2. Audio signal processing and classification

In this section the main steps of the signal processing approach used
in this work for classifying an audio recording as guide wire perforation
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Fig. 2. Main steps for processing an audio signal recording for classifying it as perforation or artifact.

11



N. Mahmoodian et al.

or artifact are presented. The main steps of the algorithm are shown in
the scheme of Fig. 2. As a first step the signal was windowed in order to
extract overlapped segments to track time-varying characteristics of the
signal. The bispectrum was then computed for each signal segment
from which 10 different features were extracted. From the time-Varying
features a procedure is performed that classifies a recording as being a
vessel perforation or an artifact. For that two known machine learning
techniques were used.

2.2.1. Windowing

Due to the time-variant characteristics of the audio recordings a
time varying bispectrum has to be computed through a sliding window.
For that it is required to select two important parameters namely as
window length or window size -number of time sample- and overlap.

The window length should be long enough to allow the measure-
ment of important dynamical changes related to a guide wire event, but
short enough to be able to perform a time-variant analysis without
significant reduction of the bispectrum resolution. The experiments
showed that a vessel perforation event concentrates nearly all of its
energy in a time interval of less than 100 ms, therefore the window
length should be set to a value of less than 100 ms. Following this
analysis and after testing different perforation signals, the window
length was set to 34 ms. In Fig. 3 a perforation audio signal example is
displayed. Here you can see that the energy of the signal (bottom
figure) concentrates in an interval of approximately 65 ms length. On
the top of this figure two windows at different time instants are dis-
played and plotted. These allow to observe in both, time-domain and
frequency-domain (using a simple spectrogram), that the 34 ms length
window contains significant information in terms of dynamical changes
that can be tracked for signal characterization.

The overlap is measured based on the percentages of window length
that can be considered 0% to almost 100% respectively for non and
almost full overlapped. This parameter affects the duration and opti-
mization rate of bispectrum computation [23]. One very important
characteristic of the acquired audio signal is that a perforation event
involves extremely fast frequency changes at the beginning of the event
[22]. The dominant frequency can abruptly change and therefore, in
order to not miss such a dynamical change, highly overlapped windows
are required for tracking the characteristics of the perforation. A com-
promise needs to be achieved between big overlapping and

Perforation audio signal
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computation time of the algorithm. For that it was decided to set the
overlap to 90%.

2.2.2. Bispectral analysis

Bispectral or third order spectral analysis is an advanced signal
processing technique that falls into the category of higher order spectral
methods. This technique has been widely used in bio-signal analysis
mainly for EEG and ECG applications. In EEG it has been used for de-
tecting and predicting epileptic episodes [24,25] and classifying EEG
based sleep stages [26], while for ECG analysis bispectral features have
been extracted in order to identify patients with major depression [27],
classifying types of heart beats [28] and for detecting obstructive sleep
apnea [29]. The bispectrum has also been applied for audio signal
analysis in biomedical engineering for the diagnosis of Alzheimer dis-
ease [30,31], in machinery fault diagnosis [32] and in non-destructive
testing [33].

In this work we want to exploit the characteristics of bispectral
analysis to process signals resulting from nonlinear processes in order to
extract bispectral features for classifying a guide wire event as a per-
foration.

One of the main advantages of bispectral analysis is that it allows
the extraction of non-linear characteristics of a signal and it also can
assess deviation of data from Gaussianity [34]. Sign als originated from
biological and biomedical systems are signals well suited to be pro-
cessed with this type of nonlinear method [35]. Another good ad-
vantage for our purposes is that it gives information about the phase of
the signal.

In this work the bispectrum is estimated for each window segment
resulting from the windowing step explained in Section 2.2.1 by using
the Fourier Transform third order cumulants sequence [23]. In order to
perform bispectrum analysis the windowed signal segment is first di-
vided into series of sub-segments or epochs. Then the bispectrum of the
interrelationship between two frequencies (f, and f,) is computed for
each epoch as follows: [23,30,31,35-38].

B(f,, f,) = EIX:(\))XE)X (, + £)] 1)

where, x;(f) is the Fourier Transform of the signal epoch i and E|[.] is
the ensemble average operator. In this case, ensemble average of 8 sub-
windows containing 256 samples (28 = 256) were calculated based on
the Fourier Transform of the third order cumulant function. The result
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Fig. 3. Windowing step showing two windows during a guide wire event (time-domain and frequency-domain) and energy of the signal. The audio signal is

segmented into sliding windows of 34 ms length with an overlap of 90%.
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Fig. 4. a) Bispectrum area and b) Triangular region of the bispectrum [37].

leads to a 2D complex value bispectrum matrix with the size of 256 x
256 for each windowed segment of the audio recording signal. Finally,
X/ (f, + f,) indicates the complex conjugate of X;(f, + f,) at the fre-
quencies f, and f,.

The bispectrum B contains 12 areas where 6 are symmetric. Based
on the location of the conjugate of equation (1) w € {f; = f,} is used to
estimate the bispectrum over [0, /2], which is the bispectrum part
corresponding to the triangular region Q [37] (see Fig. 4).

2.2.3. Feature extraction

Feature extraction is an important step in bispectrum analysis since
the resulting bispectrum matrix computed from equation (1) for each
window contains a large amounts of data. In this regard, the bispectrum
values corresponding to the triangular area (Q) are calculated under the
conditions of f, > =0, fi > =f, and f, + f, <=1 [39,40].

In order to characterize the resulting audio signals from guide wire
events, quantitative features must be extracted from the non-redundant
region of the bispectrum matrix. Based on bispectral features already
used in the literature [39,41-45], in this study 10 different bispectrum
features are extracted. For each signal segment resulting from the
windowing step a set of 10 features, linear and non-linear, computed
directly from the triangular area Q were extracted as follows:

1. Linear features corresponding to energy-based features computed
as the mean (M;), maximum (M) and minimum (M) of the bispectum
energy, respectively:

M = % B, £)I
Q

2
M, = maxIB(f;, f,)| 3)
M; = minlB(f;, f,)! )]

where m is the number of elements in the bispectrum region(Q).

2. Non-linear features, which we have divided into two type of
features. The first type corresponds to frequency-relation-based features
involving the sum of the logarithmic amplitudes of the bispectrum S,
the sum of the logarithmic amplitudes of the diagonal elements of the
bispectrum S, and the first-order spectral moment of amplitudes of the
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diagonal elements of the bispectrum S;. All these features are computed
inside the bispectrum region Q as [39,40]:

Si =Y log(IB(f,, )1
Q

®)
S, = log(IB(f.., f:)1)
’ % 818G % ®)
S; = K logIB(f;, f))!
’ %: o8B %

The second type of nonlinear features involves bispectrum features
based on the degree of data disorder or entropy. For that we compute
the Phase entropy (pha) and the Entropy of phase of Domain E; for
j =1,2,3 and also computed in the bispectrum area Q [34,36,40]:

1
ha = IB(f;, f,)log————
pha = 3 B )llog g ) ®
BE. L)V loglB(., f)V
E = — . -
DY T ATI AT ©

After the computation of the 10 features per window segment we
computed the average of each feature over all the window segments as
shown in Fig. 5 (n correspond to the total number of window segments
resulting from the windowing step).

2.2.4. Classification

This section presents the classification algorithm used for classifying
a guide wire event as a perforation or an artifact from the 10 bispectral
features extracted as explained in the precedent section. For that we
have tested three known machine learning algorithms, K-Nearest
Neighbor (K-NN), Support Vector Machine (SVM), and ANN techniques,
that will be introduced below.

2.2.4.1. Nearest neighbor classification. K-NN is one of the non-
parametric classification methods and the simplest classifier with a
comparative result. In this study the Linear Nearest Neighbor algorithm is
chosen as an Instance-based algorithm for classification. Nearest
Neighbor classifier assigns a new sample to the nearest training case
based on similarity distance. Therefore, to classify and assign a new
sample to a new class the distance of a sample was calculated using
Minkowski distance algorithm. In K-NN algorithm K is the number of
neighbors induced in the examination. This k value was set in 2 after
the application of the Cross Validation method to select the best k value
[46,47].

2.2.4.2. Support vector machine classification. In this work, SVM with
Polykernel kernel with 10 features is used and it is defined as:

K(x,y) = (xTy + )¢

where T is used to train the SVM and later used for the classification

Si3 phau Eu Ei Eis
Sa3 phaz: Ea1 E2 E2s
Sn3 phan En1 En2 Ens

Final feature vector average

Fig. 5. Matrix showing the computation of the final 10 features per audio signal used for classification.
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Fig. 6. (i) time domain raw audio signal (ii) bispectrum and (iii) windowed segment belonging to a) perforation, b)friction and c) bump.

task. The kernel x is an input vector, which in this study is ten-
dimensional, y is the class label that in this case correspond to a multi-
class, namely as perforation, friction and bump. ¢ > = 0 is an hyper
parameter, which is used as a trade-off to influence the higher-order
versus lower-order terms in the polynomial. The exponent d of the
function makes the kernel to be a polynomial and was set in this work
as d = 2 in order to have a quadratic kernel [46,48].

Additionally, in order to classify non-linear separable data, SVM
with a Gaussian kernel was employed. In this work Gaussian Radial
Basis Function (RBF) was used as a transformation to transform feature
space into higher order space. The RBF kernel is defined as:

K(x,y) = exp(=Ix — yl*/20?) (10)

Where o is a scale parameter [49,50]. The grid search method was
employed to optimize the parameter value of o and the classification
was carried out using a Sequential Minimal Optimization algorithm
[51].

In this study in order to solve multi-class problem, a pairwise clas-
sifier trains a support vector machine to assign features into multi-class
(perforation, friction and bump) [52]. We also use Normalize training
data as a filtering parameter to normalize all features by default in order
to reach an optimal model performance.

2.2.4.3. Artificial Neural Network. ANN is primarily an interconnected
web of input nodes, hidden nodes and output nodes called artificial
neurons. The classification using ANN was carried out using a
multilayer perceptron with backpropagation training algorithm for
classifying instances. The input layer consists of ten nodes which
represent the features extracted from the bispectrum. The output
layers consist of three nodes which represent perforation, friction and
bump events. This network has up to 7 nodes in the hidden layers and a
sigmoidal function was used for hidden nodes activation. The ten-fold
cross validation method was employed for training and testing the data
set. After several experiments, we found out that the process of training
and optimizing the network have the best performance under the
following condition: the networks were trained up to 500 epochs,
learning rate of 0.2, momentum 0.2, and 3 layers. The selected network

14

was applied in this study by employing WEKA 3.8.1 as a machine
learning tool.

For all machine learning algorithm a 10-fold cross validation is used
for training and testing data. In this technique a one-fold cross valida-
tion is used for testing and 9 for training. This is repeated 10 times and
the final result is the average of 10 evaluations.

3. Results

Fig. 6 displays the main outcome of our approach. This figure pre-
sents three audio recordings for three different events occurring during
a guide wire insertion: perforation, friction and bump (Fig. 6 a, b and ¢
respectively). At the first row i) the time domain audio signal is dis-
played showing additionally a window segment located in the time
interval where the event has occurred. In the second row ii) the bis-
pectrum computed over the window segment is shown and in the third
row iii) we show the time-domain signal of the windowed segments. If
we observe the bispectrums of the three events it is evident that the
dynamics of the signal during the event are completely different for a
perforation, friction or a bump. This is the characteristic that we want
to extract in order to be able to classify an event as being a perforation
or an artifact.

Concerning the extracted features from the bispectrum the results
show in general that when a perforation occurs some of the features
present significant characteristic changes in their magnitude compared
to a friction or a bump. In Fig. 7 we can observe the average value,
computed over the 871 audio recordings of the database, of the three
linear features (M;, M, and M;). As mentioned before, we can observe
that the values of these three features are higher for guide wire per-
foration than for guide wire friction or bump.

In order to evaluate the differences in the bispectrum magnitudes,
the 10 features were ranked using Onerattribute as an attribute emulator
in order to show the features that have more impact on the classifica-
tion accuracy (see Table 1). The results show that phase entropy has the
highest rank while the minimum of the bispectrum domain has the
lowest rank.

Fig. 8 displays 2D-scatters between the four best ranked features
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Fig. 7. Average magnitude of the linear features for guide wire perforation,
friction and bump.

Table 1
Rank of linear and non-linear bespectrum-based features.

Rank Number Rank Value Features Name
1 89.4374 pha
2 88.4041 Si
3 85.7635 Sa
4 85.6475 S3
5 82.5488 M
6 77.9564 E;
7 77.0379 M,
8 75.4305 E
9 74.9713 E;3
10 70.9529 M

and the Fig. 9 shows a 3D scatter between three selected features. In
both figures it is possible to visualize how the data can be separated in
three clear clusters, belonging to each studied guide wire event. This
confirms the significance of the bispectrum-based features for differ-
entiating a perforation from other events and the unique bispectral
characteristic that a perforation has compared to an artifact. These
observations allow us to use methods as SVM and K-nearest neighbor
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for classifying an event as being perforation or artifact.

Machine learning techniques were employed to achieve specific
information and to determine classification accuracy, sensitivity and
specificity of the method. In order to evaluate these performance
parameters, 2-NN and SVM algorithms were applied. False positive,
accuracy, sensitivity and specificity are four primary performance
measures of interest. The results of the four tested classification
methods are presented in Table 2. It shows that 2-NN can classify the
data with 0.010 false positive rate for perforation, 0.016 for friction and
0,001 for bump and 98.28% classification accuracy with 98% and 99%
sensitivity and specificity respectively. Two SVM approaches (poly-
kernel and RBF) were also used for classification of audio signals into
three classes. It is possible to observe that the RBF-based SVM performs
in general better than the polykernel-based one and similar than the 2-
NN approach. Finally, results show that the A-NN approach present the
best performances between the four tested algorithms. With an accu-
racy of 98.73% and a sensitivity and specificity of 99%, it outperforms
the other classification procedures.

4. Discussions

As presented in the introduction section many solutions have been
proposed in the literature for acquiring information from guide wires
using different type of sensors, most of them embedded in the tip or
located next to it, and few of them at the proximal end of the guide wire
(outside the body). In terms of functionality if we compare the proposed
audio approach with most of the literature results we can say that
sensors located in or next to the tip result in direct contact of these
sensors with human organs inside the body. This imposes serious design
limitations for fulfilling clinical requirements. The most significant
limitations are size-constraints and sterilization. For avoiding ster-
ilization, the sensing device should be inexpensive enough for being a
disposable device. Moreover, the sensor should be well-packaged for
dealing with body liquids, and also, to protect the patient from any
undesirable interaction with the tactile sensor itself. In summary these
approaches have encounter difficulties to be inserted for regular clinical
use because the direct integration requires to deal with certification
issues, sterilization problems, additional cables, and significant increase
in instrument cost. Unlike the prior works our proposed audio approach
has several advantages that could allow a better integration for clinical
use. The relative low cost, ease of integration and manufacturing could
allow the development of add-on or completely new devices to acquire
audio information in standard clinical devices and in standard clinical
settings. A sort of plug-and-play device without the necessity of rebuild
specialized instruments and use the already existing ones. Moreover,
since the sensing device is located on the proximal end of the guide
wire, no sensor is needed to be placed in direct contact with the patient
organs. This will result in less complex than the existing solutions,
which should allow a faster clinical approval.

In terms of comparison of performance for identify or classify a
guide wire perforation event, unfortunately none of the aforementioned
approaches focuses on perforation and they did not present quantitative
results using a large number of experiments. This is why the perfor-
mance of the proposed bispectral-based feature extraction algorithm
can only be compared with the algorithm proposed by our research
group in Refs. [21,22]. In Ref. [21] only 300 recordings have been used
for evaluation and with a simple thresholding procedure over an in-
dicator computed from different autoregressive (AR)-based features an
accuracy of 89.5% for detecting perforation was obtained. For evalua-
tion purposes in Ref. [22] the same database of this work was used and
using 16 AR-based features and a SVM classifier an accuracy of 92% was
obtained. The bispectral approach used in this work outperforms the
results obtained in Ref. [22]. The four tested classification procedures
obtained an accuracy between 97% and 98.73%. In terms of sensitivity
and specificity also the new proposed bispectral approach obtain better
results. In Ref. [22] the obtained specificity and sensitivity was 90.9%
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Table 2

Accuracy, sensitivity and specificity of the proposed approaches, K-NN, SVM-1
(polykernel), SVM-2 (RBF), and ANN. The True Positive (TP) and False positive
(FP) for the classification of guide wire perforation, friction and bump are also
displayed.

Events Perforation Friction Bump Accuracy Sensitivity Specificity

K-NN TP 0.979 0.982 1 98.28% 98.00% 99.00%
FP  0.010 0.016 0.001

SVM-1 TP 0.964 0.963 1 97.00% 96.00% 98.00%
FP  0.019 0.013 0.015

SVM-2 TP 0.987 0.970 1 98.62% 98.00% 98.00%
FP  0.016 0.008 0.001

A-NN TP 0.987 0.976 1 98.73 99.00% 99.00%
FP 0.013 0.007 0.003

and 95.3%, respectively. In this new approach the obtained specificity
is between 98% and 99% and the sensitivity betwen 96% and 99%.
These results show that the proposed features can better deal with the
non-linearities resulting from the interaction of the tip and the vessel,
that the AR based approach was not able to do.

5. Conclusion
In this work a new approach for processing acoustic emission signals

for monitoring vessel perforation is presented. The main advantage of
this approach is that it takes into consideration the strong non linear
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characteristics that a guide wire event can involve, resulting from the
dynamic interaction between the distal tip and the vessel wall.

The main technological issue of this paper was to answer the
question if it is possible, under controlled ideal conditions, to obtain a
signature or trace from the acquired audio signals that could be used for
1) recognizing or characterizing the dynamics of a guide wire per-
foration and being able to 2) distinguish perforation from other events
present during a real clinical intervention. We showed that features
estimated from a time-varying version of the bispectrum clearly can
identify a perforation.

It is also possible to observe that the cloud of points generated by
the relationship between features form three clear clusters belonging to
each studied guide wire event, which shows the scientific validity of the
results.

It is important to mention the limitations concerning clinical ap-
plicability, where other type of artifacts will be present and that ad-
ditionally should be first real-time detected before the characterization.
Certainly, the ideal laboratory conditions under how the experiments
has been performed, where no other physiological noises are present
(such us heart beat, breathing, peristaltic sound), are advantageous for
our approach. This conditions allow the acquisition of audio signals
where no artifact affects a perforation or friction sound and where a
guide wire event can be easy to detect. However, since a perforation is
characterized by a high concentration and release of energy just before
and just after the guide wire tip crosses the vessel wall, we can assume
that this high energy signature can be different from for example bio-
logical sound sources (as blood flow and heart beats) that are char-
acterized by slower dynamical changes.

One important next step for making the presented processing ap-
proach more robust is in the estimation and tracking of the time-variant
characteristics of a guide wire event. In this work the time-variant
features were computed using a simple sliding window, where at each
window the bispectrum was calculated. A future work is to characterize
the time-variant characteristics of the bispectrum using better suited
methods such as wavelet or empirical mode decomposition.
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