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detect the force feedback from the guidewire. It will increase
the safety of surgical operation [9]-[12]. Some researches try to
combine the high precision machine and human hands to
establish a remote-control system in accordance with the
surgeons' operating habits [13]-[17]. The Virtual reality (VR)
devices also be used for training and evaluation of vascular
interventional surgery [18]-[20]. Some researches propose the
assisted surgical navigation method with force feedback [21].
In terms of surgical navigation, the image processing method
also be used [22], but the related researches are still in infancy.
Digital subtraction angiography (DSA) is a great technique
to help clinicians reduce the risky actions. But it cannot track
the information of vessels in time and cause damage to the
patients’ kidneys [23]. Until now, danger signals from medical
images are often ignored by researchers in vascular
interventional surgery. Counting the number of collisions
between the guidewire tip and the vessel wall can help doctors
record the injury and evaluate the operation level. However,
due to the variable shape of the guidewires, there are few
methods to model them. In recent years, deep learning,
especially convolutional neural network (CNN) [24] got a great
progress in medical image. Reference [25] proposed an
enhanced multidimensional region-based fully convolutional
network (mRFCN) for lung nodule detection and classification.
Reference [26] proposed a computer aided diagnostic (CAD)
system for the early detection of non-proliferative diabetic
retinopathy (NPDR) using CNN. Furthermore, CNN can be
used in paediatric bone age assessment tasks [27], etc.
However, because of potentially risky actions, CNN has
not been widely used in vascular interventional surgery. At the
same time, clinicians also have reservations about using
algorithm. In this paper, we designed a CNN model to identify
risky action images, which could accurately record the
dangerous or safe surgery moves in simulated vascular model.
Finally, our method got 95.9% accuracy on testing images.
Furthermore, in order to verify the effectiveness of model, the
results showed that the results from our method were highly
correlated with the operation level.
The framework of this paper is as follows: Section 2
introduces the establishment of simulated vascular platform
and the method of data collection. Section 3 introduces how to
build the model, such as model structure, training methods,
testing results, etc. Finally, section 4 summarizes this paper.

Abstract - In vascular interventional surgery, the tips of the
guidewire or catheter are easy to collide the vascular wall and
cause rupture or harm. These risky actions are difficult to track
and can only be memorized by the surgeons. In this paper, we
designed a convolutional neural network (CNN) model to identify
whether the tips of guidewire collide the vessel wall. Finally,
through the training and testing, our model got 95.9% accuracy
in simulated vascular model. In addition, we also found some
samples which the guidewire closed to the vascular wall were
misdiagnosed by our models. If the images preprocessing
accuracy can be improved, the results of the model will be
increased in the future.
Index Terms - Vascular interventional surgery, Convolutional
neural network, Guidewire tip, Collisions detection.

I. INTRODUCTION
Nowadays, cardiovascular and cerebrovascular diseases
have become more important factors affecting the health of
people. Vascular intervention surgery is the main method to
treat these diseases. Because it has many valuable features.
Such as small trauma, less complications, less bleeding, quick
recovery and high reliability [1]. Surgeons often insert
catheters or guidewires from patients’ femoral and radial
arteries to the lesion location for deliver drugs or surgical
equipment. In order to avoid the vascular injury from device,
the surfaces of guidewires and catheters are usually coated with
the hydrophilic protective layer. There are some uncertain
factors that can cause damage during the surgery, such as the
unskilled operation from surgeons and the movement from
patients. Some of the damages in vascular interventional
surgery come from these issues, which called the iatrogenic
vascular injury (IVI) [2]. The risky action is often ignored by
surgeons, so many uncertain factors will grow up after patient’s
recovery. In order to reduce risky actions from the operators,
the vascular intervention surgery is usually performed by
experienced surgeons. Some research show that, during the
operation, the experienced surgeons can complete the operation
faster and safer [3],[4]. But they paid more attention to the
behavior of the surgeons than to the guidewires.
In recent years, many vascular interventional surgery robot
systems have emerged. These robots mainly use the masterslave operating system to protect surgeons from radiation and
reduce the surgical pressure [5]-[8]. Some researches try to
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II. COLLECTION AND STATISTICS OF DATASETS
A. Experimental Platform
First, we chose a wax plate and cut it according to the shape
of a real patient's coronary artery. Next, the operator used the
tip-labeled guidewire to carry out the vascular interventional
surgery training. The labeled length of the guidewire tip is
about 4 centimeter (cm). It will easier to capture the
deformation of the guidewire. The images were collected by
high-precision industrial camera and preprocessed through
digital image processing (DIP) algorithm. The collection
method and the processing results are shown in Fig. 1.
On the left half of Fig. 1, the white letters are the vascular
names. The blue arrows are the direction of the guidewire in
tasks, and the blue circles are the target points. The right half
of Fig. 1 is the image processed by DIP algorithm. The tip of
guidewire has collided the vascular wall, which means there
may have the IVI to patients. Outside the model, the actions of
guidewire are controlled by the operator. There are three
training targets, which operator need to reach as much as
possible. The training times of the operator are more than 20,
and the number of images collected in this model is more than
30000.

Fig. 1 The images collection model and the processing results.

B. Acquisition and Annotation
The premise of training a CNN model is to establish
accurate and sufficient datasets, so we use the manual
annotation method. According to position between the
guidewire tip and the vascular wall, these images were labeled
with tag 0 or tag 1. There are some cases showed in Fig. 2.
The circles in the Fig. 2 are the position where the
guidewire collides with the vascular wall; The tip of guidewire
which is moving and in the field of view is the main observation
target. As shown in Fig. 2, the red circles are the guidewire tip
collisions, and the green circles are the collisions from other
parts. According to the type of collisions, we divide the
samples into label 0 and label 1. It is easy to see that there are
differences between the label 1 and the label 0, but it is difficult
to distinguish them with general DIP algorithm. Because there
are many cases that have safe collisions with the vascular wall.
After the manual annotation task, the statistics of datasets are
shown in Table I.
From Table I, we collected and labeled a lot of images. The
number of samples labeled 0 is about tour times larger than
samples labeled 1. It depends on the shape of the vascular wall
and the skill of the operator.

(a) The samples labeled 0
(b) The samples labeled 1
Fig. 2 The image annotation cases.

TABLE I
THE DATA STATISTICS
Target

Tasks
(n)

Frames
(n)

Tagging
time
(s/n)

Stop
(%)

Label
0
(%)

Label
1
(%)

Other
(%)

1

30

13935

1.12

0.1092

0.681

0.162

0.047

2

20

12768

0.98

0.129

0.591

0.169

0.110

3

29

12733

1.02

0.271

0.486

0.110

0.131

III. ESTABLISHMENT AND VERIFICATION OF MODEL
In this paper, we proposed three simple CNN for the issues.
All models used are shown in the Fig. 3. Figure 3a shows the
connection between the input of the model and the convolution
neural network in first two layers. Firstly, the input are grayscale images with the size of 200 200 1 . After
convolution, the channel of the feature maps is expanded 4
times to 200 200 4. Secondly, these feature maps will be
pooled by a 2 2 max pooling layer to 100 100 4. In the
second convolution layer, we still do not change the size of the

A. Model Design
In recent years, CNN is widely used in many fields, such
as classification [28], segmentation [29] and reconstruction
[30] in medical images. These method uses the convolution
kernel to learn the semantic features to understand the medical
images. Then the networks are trained and optimized on a big
dataset. The well-trained models are even comparable with
medical experts [31].
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feature map, and we also expand the channel to 16 to get 100
100 16. And so on, each convolution layer connects with a
max pooling layer. The calculation of the fully connection
layers are omitted here.
The differences from these models is only in the number
of convolution layers and fully connection layers. Network A
has 4 convolution layers and 1 fully connection layer; Network
B has 4 convolution layers and 2 fully connection layer;
Network C has 5 convolution layers and 2 fully connection
layers. As the number of layers growing up, the parameters of
model and the time of training will increase too. There is also
a pooling layer between each layer, and each neuron is
activated by the ReLU function. The ReLU function is
mathematically given by:

0,

(1)

where (1), is the input of layer;
neuron. The formula in one
mathematically given by:

is the output of one
convolution layer is

∑

The first two layers of models

(b)

The structure of three networks

⋅

∈

(2)

Fig. 3 The structures of three CNN models.

is the convolution kernel, which the convolution
where (2),
is the input of
kernel size is
(in our paper,
3);
the layer ; is the output of the layer ; The bias term is
added after calculation;
is the set of mapping between two
layers.
In this model, the loss between prediction probability and
true probability is calculated by the cross entropy (CE)
function, and the parameters are updated by the back
propagation (BP) algorithm. The CE function is
mathematically given by:

,

(a)

∑

TABLE II
THE TRAINING PARAMETERS

(3)

where (3),
is the true probability of the
label; is the
prediction probability of the
label; is constant value 2.
The BP function is mathematically given by:

⋅

Mini-Batch

128

Training datasets

>30000

Max iteration

50

Learning rate

0.2

Activation function

ReLU

Weight
decay

1e-4

Momentum

0.9

Optimizer

MBGD

Firstly, we chose the mini-batch gradient descent (MBGD)
algorithm to update parameters in whole network. Because it
can speed up the training steps, and it get higher accuracy. In
order to prevent over fitting, we also increased the number of
training images by rotation. All training parameters are shown
in Table II.
The whole model was built on pytorch (version 1.0.0.) and
was accelerated by CUDA (version 10.0.). All networks ran on
a NVIDIA 2070 super 8G graphics card. The number of
iterations of each dataset was more than 50, and the time of
each iteration was not more than 1 minutes (min). Training
results are shown in the Fig. 4.
All the networks began to descend in the first 3 iterations
and converge after 20 iterations. In network C, the training loss

⋅

(4)
where (4),
is the loss of all neurons in layer ; is the loss
of the neuron in layer ;
and the bias term
are
calculated by the following two equations. When is greater
is equal to 1, otherwise 0.
than 0,
B. Model Training
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is smaller, and the speed of convergence is also slower than
other two networks. This experiment proves that these
networks can complete the learning tasks. However, the lower
training loss does not mean the better generalization. We did
the five cross validations.
C. Validation and Results
In order to evaluate the model further, we selected the
precision, recall, accuracy (ACC) and matthews correlation
coefficient (MCC) to evaluate our networks. The evaluation
formula is mathematically given by:

(a) The testing loss of three networks

(5)
and are the number of true positive,
where (5), , ,
true negative, false positive and false negative samples,
respectively. ACC can show the quality, and area under curve
(AUC) can show the reliability from each network. The best
evaluation of each network is shown in the Table III.
(b) The ACC of three networks

Fig. 4 The training losses of three models.

Models

TABLE III
THE RESULTS OF THREE NETWORKS
Testing
Precision Recall ACC
time
(%)
(%)
(%)
(ms/n)

(b) The MCC of three networks

MCC

AUC

Network A

1.48

94.8

95.9

94.7

0.894

0.972

Network B

1.54

95.4

97.2

95.8

0..916

0.983

Network C

1.74

95.7

97.1

95.9

0.918

0.982

(c) The AUC of three networks
Fig. 5 The results of three models.
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In Table 3, we got the best results of three networks in five
cross validation. The results of network C and network B were
better than A. Among these networks, C got the best
recognition ACC, but the difference between network B and
network C is small ( 0.1%). It also happened in AUC, which
proved that the results of the two networks are almost the same.
However, as the number of layers increase, the prediction time
will also be extended. The difference of testing speed between
two models is small on GPU (approximately 0.2 / ), but it
may be more obvious on CPU. Therefore, network B is best
compared with other two models. We also recorded the
performance changes of each network during training. It
included validation losses, ACC, MCC and AUC.
It can be seen from Fig. 5 that the convergence speed of
network B and C is same too. In fact, network B was a little
faster than C. After the training of 50 iterations, the results of
networks B and C were converged very well. But the network
A was diverged after the 20th iteration, due to the
disappearance of gradient. We chose the network B as the
working model finally.
The image preprocessing is not accurate enough, which is
the mainly reason why the remaining 5% of samples cannot be
accurately identified. By observing those unrecognized
samples, we found that there still had an unclear distance
between the tip-labeled guidewire and the vascular wall. Fig. 6
shows samples that are not recognized by the model.
In Fig. 6, the contour of real images is the result of manual
annotation, and the contours of processed images is the result
of model recognition. The colored circles indicate the possible
reasons of recognition errors. It is proved that image processing
is not accurate enough to cause recognition errors from the
model. In order to solve this problem, we may improve the
accuracy of image preprocessing algorithm in the future.

IV. CONCLUSION
Many iatrogenic vascular injuries come from risky actions
in vascular interventional surgery. If these actions can be
effectively identified, it is helpful to reduce the risk during the
surgery. In this paper, three CNN models are trained to identify
the collisions between the guidewire and the vascular wall. The
results of network C and B are better than A. The gradient of A
is to disappear after the 20th iteration. Because it has a simpler
structure than others. With the same accuracy as network C, B
uses fewer parameters to complete the learning task, and gets
more than 95.9% accuracy in testing datasets. In addition, by
observing the unrecognized samples, we found that if there was
a short unclear distance between the guidewire and the vascular
wall, the accuracy of the model would decline. It may be
because the DIP algorithm is not accurate enough. Of course,
there also have some annotation problems.
However, our method provided a new way to identify the
risk of vascular interventional surgery and train interventional
doctors through artificial intelligence algorithm. In this task,
the speed of the CNN algorithm is almost 600 times faster than
that of the human eyes (1.54 / vs. 980 / ). This makes
it possible to observe the behavior of the guidewire frame by
frame during the operation. In the future, we may try this
method in DSA images. We believe that artificial intelligence
will give doctors more help, and it will liberate the physical of
doctors at a higher level. Finally, it will reduce the risk in the
real vascular interventional surgery.
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