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Abstract - With the increasing incidence and prevalence of
cardiovascular and cerebrovascular diseases, cardiovascular and
cerebrovascular diseases have become one of the biggest causes of
human death, and the diagnosis and treatment of cardiovascular
and cerebrovascular diseases are mainly completed by minimally
invasive interventional surgery. The operation requires high
safety, high control precision, and high level of experience of
surgeons. However, in the actual cardio-cerebrovascular
interventional procedure, due to the complexity of the
intravascular environment and doctors' operation of the
guidewire with reference to the 2D contrast image, the guidewire
might present some irregular motion with risks, such as bounce,
which is very dangerous for cerebral blood vessels. Therefore, it is
very critical to locate the bounce motion accurately. In this paper,
transfer learning on VGG16 is used to train the bouncing motion
data collected by the vascular interventional surgery robot. The
problems of less bouncing motions and limited data volume affect
the recognition of guidewire bouncing motions. Therefore, by
processing, refining and integrating the guidewire bounce data,
the accuracy rate of the guidewire bounce action classification in
the test set is increased to 93.2%, which realizes the accurate
recognition of the guidewire bounce action.

guidewire With the help of medical imaging equipment. So in a
complex intravascular environment, the catheter and guidewire
may be dangerous due to operations such as bounce, which
would bring great surgical risks to patients, Therefore, the
accuracy of vascular interventional surgery is continuously
improved at home and abroad.
Starting from the hardware equipment of vascular
interventional surgery, many companies or laboratories
improve the accuracy of vascular interventional instruments to
reduce the negative impact of uncertain factors on patients
during vascular interventional surgery. In 2002, the United
States Stereotaxis and the German Siemens jointly developed
the digital flat-panel magnetic navigation angiography system.
This system guides the motion of the magnetic catheter by the
magnetic force of the field and controls the head of the catheter
by changing the direction of the magnetic induction line of the
magnet. This allows the catheter to rotate 360° freely, the
control method is more precise, greatly expands the adaptability
of the operation, improves the control accuracy, realizes the
automation of the operation, and has transformative
significance in the diagnosis and treatment of minimally
invasive intervention. The Artis Zeeg, launched by the German
Siemens company in 2007, is currently the world's most
advanced robotic flat-panel angiography system. Its
omnidirectional images provide a diverse perspective for the
interventional operating room. Its appearance provides a
direction for the future development of interventional surgery.
In 2011, the Sensei (R) X robot, launched by Hansen Medical
in the United States, can control the catheter in a threedimensional view, with high stability and good responsiveness.
It can intelligently determine the resistance position, analyze
the force situation, and provide real-time force feedback
information for the doctor. The American company Corindus
Vascular Robotics Inc. announced on February 22, 2018 that its
CorPath GRX System has obtained FDA certification [2],[3].
The emergence of this system means that the treatable area of
the robot platform extends to peripheral vascular diseases. From
2012 to 2020, Guo Lab of Beijing Institute of Technology has
made outstanding progress in the design and manufacture of
mechanical structures for vascular interventional surgery,
including major breakthroughs in the navigation control of
vascular interventional robots and other fruitful results [4]-[11].
From the perspective of the material of the guidewire, in
order to avoid damage to the cardiovascular and
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I. INTRODUCTION
In recent years, with the natural growth of the global
population and the aging of the population, the incidence and
prevalence of cardiovascular and cerebrovascular diseases have
being gradually increasing , and the age of patients has been
younger year by year. 16.7 million people die from cardiocerebrovascular disease worldwide each year, accounting for
29.2% of all disease mortality, which puts huge pressure on the
world's medical and health system, is being increasingly used
in the diagnosis and treatment of cardiovascular and
cerebrovascular diseases [1]. With the support of medical
imaging, the doctor uses a guidewire to guide the catheter
through the intravascular environment to the patient's vascular
lesions (such as coronary artery, brain, liver and kidney).
Doctors can complete the diagnosis and treatment of distant
diseases of patients by using surgical equipment such as
diagnostic and therapeutic agents or surgical instruments (stents
and coils). However, there are still risks in vascular intervention
technology. During the process of the catheter and guidewire
reaching the lesion, the doctor operates the catheter and
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II. COLLECTION AND STATISTICS OF DATASETS

cerebrovascular blood vessels, the surface of the guidewire is
usually covered with a hydrophilic protective layer [12], so as
not to damage the blood vessel due to the unevenness of the
guidewire. In addition, there are still some uncertain factors that
will cause life-threatening patients during the operation, for
example, the lack of doctors' operating experience during the
operation, the patient's breathing and the patient's activities.
According to statistics, 30% of surgical problems are caused by
this. As a result, this injury is called iatrogenic vascular injury
(IVI) [13]. However, despite this risk, clinicians would not pay
attention to this dangerous phenomenon, which also leads to the
possibility of sequelae and complications after recovery.
Therefore, to deal with this situation, the rich experience of
surgical surgeons is particularly important. Studies have shown
that some of iatrogenic vascular injuries (IVI) can be found and
avoided by experienced doctors [14]. Therefore, some
researches are conducted from the perspective of doctors, to
avoid causing minor injuries to patients during surgery by
reducing the unstable operation of doctors' hands [15]. At the
same time, in order to cope with the problem of unstable
operation of doctors, some studies have avoided the occurrence
of dangerous operations by setting thresholds on doctors' hand
operations [16]. Digital subtraction angiography (DSA), as an
important technology to help doctors observe surgical images,
can help doctors reduce the risk of surgery, but DSA images are
not updated in real time, so there is a delay in the internal
information of blood vessels [17]. In order to obtain the realtime information of the catheter guidewire in the blood vessel,
there is an optical sensor placed at the tip of the catheter
guidewire, but it is limited by the diameter of the blood vessel,
which limits the application in the cerebral blood vessel [18].
Combined with the current research status of vascular
intervention surgery, although the vascular intervention surgery
robot can assist the doctor to complete the vascular intervention
surgery, it is not enough to rely solely on improving the masterslave end equipment of the vascular intervention surgery robot.
Although the aforementioned robot can accurately reach the
location of the lesion and perform diagnosis and treatment, the
catheter guidewire cannot fully follow the planned path during
the travel, which may lead to dangerous operations such as
bounce and friction in complex intravascular environments.
Therefore, it is very important to accurately identify and
classify the guidewire bouncing action during vascular
interventional surgery.
In this paper, a modified VGG network is used to train the
guidewire action images collected by the vascular
interventional surgery robot under the simulated blood vessel
shape. Training on three different training sets (unrefined,
refined, and amalgamation), which achieves accurate
recognition and classification of guidewire bouncing motions.
The second chapter introduces vascular interventional surgery
and vascular model; the third chapter introduces the data
collection methods and experimental methods, and the fourth
chapter gives a summary.

A. Experiment platform
Guo Lab has made great progress in vascular interventional
surgery platform [19]-[31]. The equipment used in this paper is
an independently developed vascular interventional surgery
robot. The overall structure is shown in Fig. 1 [32].

Fig. 1 The overall framework of the slave robot [32].

First of all, according to the shape of the coronary artery
of the patient, the simulated blood vessel is produced. The
industrial wax is melted and poured into a custom-made
transparent back container. Then the simulated coronary artery
model is obtained by cutting according to the shape of the blood
vessel. Operators control the guidewire into the blood vessel
model. Since the guidewire part that causes damage to the blood
vessel is mainly at the head end, the 4 cm portion of the head
end of the guidewire is selected for marking to facilitate the
extraction of the characteristic motion. The image data is
collected by a high-precision industrial camera. As shown in
Fig. 2, the blue arrow represents the direction of the guidewire
motion in the task, and the blue circle represents the target
point. The target points that can be reached will be recorded
separately. Each target point of a blood vessel model must reach
at least five times, and each target point requires the operator to
reach as hard as possible. There are three operators in total, and
each operator will perform 20 operations on each model. The
cumulative data collected for each model is guaranteed to be
more than 10000, and the time will be recorded separately.

Fig. 2 The images collection model.
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B. Image processing and annotation
Since the bouncing action will cause obvious discontinuity
in the guidewire motion, the specific location and image of the
bouncing action can be found in the image, but whether it is
defined as the bouncing action is still determined by the
operator in the subsequent data annotation. Therefore, there is
a different subjective impression for each annotator. The three
annotators annotate the collected data without communicating
with each other. Finally, the results of the annotations are
aggregated to vote, and the principle of minority obeying the
majority is adopted to define the bounce action under the
standard as a bounce action. Fig. 3 shows two sets of bouncing
motions under the industrial camera. It can be seen that the
middle frame has saved as an image of a guidewire due to the
bounce motions.

III. ESTABLISHMENT AND VALIDATION OF MODEL
A. Model Design
In this paper, the method of transfer learning is used to
identify the bouncing action of the guidewire using the VGG
model. Unlike the traditional VGG model, the average pooling
reaction is added to the output of the model, and only one fully
connected layer is selected. which combined with Softmax
function for classification. The modified VGG model is shown
in Fig. 5.

Fig. 5 The framework of the modified VGG model.

B. Guidewire Image Training
First, the image of the blood vessel wall is removed by
threshold segmentation to obtain a complete guidewire-only
image, as shown in Fig. 6. In addition, because the image
resolution collected by the laboratory are 640×480, according
to Fig. 6, it can be seen that the entire image of the guidewire
accounts for a small proportion. Excessive background will
affect the training and feature extraction of the guidewire
action. So the position of the guidewire needs to be extracted,
and the picture pixels are adjusted to 250×250 while retaining
the guidewire image. The cropped image is shown in Fig. 6.

Fig. 3 Two sets of guidewire bounce motions under the camera. 1,2,3 and
4,5,6 are two sets of data respectively

In order to reduce the influence of the model on the
extraction of the guidewire action, the digital image processing
(DIP) algorithm is used to preprocess the image data of the
guidewire end marking part, and only the guidewire end
marking part image is obtained. The data set after image grayscale processing and image segmentation is shown in Fig. 4.

Fig. 6 The original guidewire image and the cropped image.

However, only one picture cannot determine whether the
wire is bouncing, so this method is flawed. Although some
frames of the bouncing action are very obvious, the camera will
shoot ghosts because the guide wire bounces too fast. This
situation is one of the few cases, and during the threshold
segmentation of the guide wire, the ghost image will become a
virtual image, so it is easy to be excluded by the threshold
segmentation.

Fig. 4 Two sets of bounce action image after DIP processing. 1,2,3 and 4,5,6
are two sets of data respectively
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According to the above situation, the shape and position of
the guidewire will change suddenly when the guidewire
bounces, so the image before the bounce action is chose to add
the image after the bounce action, and the added image as
shown in Fig. 7. The integration of the entire bouncing action
is completed on one picture, and then training, validation and
testing are performed according to this integrated image.

(a) Before
(b) After
(c) Added
Fig. 7 A process of generating the training data.
(a) The image before the bounce action; (b) The image after the bounce
action; (c) Adding (a) and (b) as one target image.
Fig. 9 The accuracy of thick guidewire data set.

The reason why the data set is not suitable may be because
the guidewire has been expanded during the threshold
segmentation process, making the guidewire in the image
thicker, which will cause the action and deformation of the
guidewire to become unclear. In addition, there may be a
situation where the guidewire image is too thick during the
addition of the two guidewires, which may overlap with another
guidewire and cause some key information to be overwritten.
Therefore, the guidewire image shown in Fig. 6 is further
processed by morphological operation and it is shown in Fig.
10.

C. Validation and Training Results
Due to the relatively low number of bounce motions, the
bounce data collected in the three vascular models were 34, 36
and 41 respectively, a total of 111 bounce data, and a one-toone ratio was used to collect 111 non-bounce data. Of the total
222 data, 160 data are used as the training set, 40 data are used
as the validation set, and 22 data are used as the test set.
Experienced 100 epochs in the VGG network to obtain the loss
of the training set and the validation set (as shown in Fig. 8),
the accuracy of the training set and the validation set (as shown
in Fig. 9).
At the same time, there are 22 test data in the test set, the
number of misclassifications is 4, and the accuracy rate on the
test set is 81.8%.

Fig. 10 The three pre-processed images.

Of the total 222 data, 160 data are used as the training set,
40 data are used as the validation set, and 22 data are used as
the test set. Experienced 100 epochs in the VGG network to
obtain the loss of the training set and the validation set (as
shown in Fig. 11). The accuracy of the validation set (as shown
in Fig. 12).
At the same time, there are 22 test data in the test set, the
number of misclassifications is 3, and the accuracy rate of the
test set is 86.3%.
By comparing Fig. 8 and Fig. 11, the loss of the validation
set of the refined guidewire image after training has been
significantly improved. But it is still remaining fluctuating, and
the training accuracy and the validation accuracy are above
90%. The highest training accuracy rate was 96.7%, and the
validation accuracy rate was 95.8%.

Fig. 8 The loss of thick guidewire data set.

Although what can be seen from Fig. 9 is that the accuracy
of both the training set and the validation set of the bouncing
action exceeds 90%, from Fig. 8 it can be seen that the loss of
the validation set under this method is greatly and the loss
function eventually has not converged, So this data set is not
suitable for training models.
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Fig. 11 The loss of thin guidewire data set.
Fig. 14 The accuracy of mixed guidewire data set.

It can be seen from Fig. 13 that the loss function of the
validation set has converged. The training loss of the training
and the validation is maintained below 0.15; the accuracy of the
training set reaches 99.2%, and the accuracy of the validation
set is the highest reached 98.5%.
The overall comparison of the three data sets is shown in
TABLE I. The table shows the accuracy and loss of the training
set and the verification set corresponding to the test set. This is
also the loss and accuracy of the best output during the training
process. The accuracy of the test and validation in the three data
sets exceeds 95%, showing that this integrated method is very
effective and prevents overfitting, which also shows the bounce
motion has obvious characteristics. It can be seen that the
network trained under this data can well identify the bounce
motion and keep the loss at a relatively low level. So this
method can well recognize the bounce operation among various
guidewire actions.

Fig. 12 The accuracy of thin guidewire data set.

However, since the fluctuating of validation loss still exists
and does not fully converge, the unrefined and refined data are
collected together and merged into a large data set with a total
of 444 data. In the bouncing data, 320 data are used as the
training set, 80 data are used as the validation set, and 44 data
are used as the test set. Experienced 100 epochs in the VGG
network to obtain the loss of the training set and the validation
set (as shown in Fig. 13). The accuracy of the validation set (as
shown in Fig. 14).
There are 44 test data in the test set, the number of
misclassifications is 3, and the accuracy rate of the test set is
93.2%.

TABLE I
THE COMPARISON OF THE THERE DATA SETS
Training set
Validation set
Data set
Accuracy
Accuracy
Loss
Loss
(%)
(%)
Unrefined
0.24
95.5
0.35
96.0
Refined
0.15
96.7
0.12
95.8
Amalgamation
0.08
98.5
0.06
99.2

Test set
Accuracy
(%)
81.8
86.3
93.2

IV. CONCLUSION
Many vascular injuries are resulted from the dangerous
behavior of the guidewire in vascular interventional surgery,
and the abnormal motion of bounce, due to its large motion
range and large deformation range, will also cast a safety risk
for patients. If these actions can be effectively identified, it can
help reduce the risk during surgery. In this paper, three data sets
are used on VGG16 to identify and classify the guidewire
bouncing motions. The third data set is significantly better than
the previous two, and the training accuracy is up to 99.2 %, the
validation accuracy reaches 98.5%, and the test accuracy
reaches 93.2%; the loss of the training set and the validation set
both converges and remains below 0.15. The reason why the
third data set is better is that there are more and much diverse
data. Due to the limited amount of bounce data, the loss is still
slightly fluctuating and is not at a low level.

Fig. 13 The loss of mixed guidewire data set.
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In the following work, we will study the impact of the
guidewire bounce actions on the blood vessel more deeply. Not
all the bounce actions will cause harm to the blood vessel. We
need to continue to explore which bounce actions will bring
risks. In addition to the actions of the guidewire, they are
necessary to combine different blood vessel parts and the
corresponding intravascular environment which would more
comprehensively evaluate the risk operation of the guidewire
on the blood vessel. By identifying and warning these risk
operations, the purpose of reducing the risk of vascular
interventional surgery can be achieved.
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