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Abstract: Robot-assisted interventional surgery can greatly reduce the radiation received by surgeons
during the operation, but the lack of force detection and force feedback is still a risk in the operation
which may harm the patient. In those robotic surgeries, the traditional force detection methods may
have measurement losses and errors caused by mechanical transmission and cannot identify the
direction of the force. In this paper, an interventional surgery robot system with a force detection
device is designed and a new force detection method based on strain gauges is proposed to detect
the force and infer the bending direction of the catheter in the vessel by using BP neural network. In
addition, genetic algorithm is used to optimize the BP neural network, and the error between the
calculated results and the actual results is reduced by 37%, which improves the accuracy of catheter
bending recognition. Combining this new method with traditional force sensors not only reduces the
error caused by the traditional mechanical transmission, but also can detect the bending direction of
the catheter in the blood vessel, which greatly improves the safety of the operation.

Keywords: vascular interventional surgery; force detection; robot-assisted surgery; strain gauges

1. Introduction

Cardiovascular and cerebrovascular diseases are some of the most serious diseases
that threaten human life and health. According to statistics, the number of deaths from
cardiovascular and cerebrovascular diseases in developed countries accounts for 34% of
the annual deaths [1]. At present, vascular interventional surgery is the best treatment for
vascular diseases such as thrombosis, vascular sclerosis and vasoconstriction. The doctor
sends the medical guidewire and catheter from the patient’s radial artery into the human
blood vessel and pushes them to the blood vessel where the lesion is located for treatment.
The surgical incision is small and the treatment effect is good, which is widely recognized
in the world [2]. In the traditional operation process, the digital subtraction angiography
system (DSA) is needed for positioning, even if wearing heavy metal protective clothing,
the surgeons operating the catheter will still be injured by radiation [3]. Surgeons also
need skills and experience to carry out the operation, which increases the difficulty of
the operation. In traditional surgery, the surgeons must stand beside the patient and
position the catheter and guidewire to the target location under the guidance of the digital
subtraction angiography (DSA) system. This process often lasts for several hours, which
may cause fatigue and tremor of the surgeon’s hands, thereby affecting the success of
the operation and even threatening the life of the patient. Therefore, researchers around
the world are increasingly interested in vascular interventional surgery robots which can
perform remote surgery to reduce the fatigue and physical harm to the surgeons.

In recent years, the research on interventional surgical robots has increased year by
year [4]. There are many mature commercial surgical robot systems. In 2002, Steracoaxis Inc,
St. Louis, MO, USA, developed the NIOBE remote navigation system which can navigate
the catheter by a magnetic field [5]. In 2005, the CorPath 200 robot system was developed
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by Corindus Vascular Robotics, Waltham, MA, USA. It can use friction wheels to control the
clamping and rotation of the catheter [6]. The Amigo robot system designed by Catheter
Precision in 2008 provides a multi-degree-of-freedom steerable catheter controller on the
slave control side [7].

In addition to the commercial products mentioned above, universities all over the
world have also designed many kinds of vascular interventional surgery robotic systems.
Most of them have master–slave control structure. Doctors operate the master manipulator
in the control room to control the advance of the guidewire and catheter at the slave side, so
as to keep doctors away from radiation and ensure their own safety. At the same time, it can
offset the disturbance of the intravascular catheter caused by hand tremors and improve
the safety of operation [8]. Yogesh et al. developed a remote catheter navigation system,
which can remotely operate the catheter in axial and radial directions [9]. The master–slave
operating system designed by Ma et al. was equipped with sensors to detect the axial force
signal [10]. Relying on mechanical structure transmission, the front force is transmitted to
the sensor module at the end of the guide. However, due to the gap between the mechanical
structure and the friction of the transmission, the accuracy of this method is not high. Guo
et al. designed the force feedback structure with magnetorheological fluid to enhance the
operation safety [11]. This method can well realize the force feedback on master side, but
as the number of uses increases, there is a risk of liquid leakage, and the service life is
not long. Guo et al. used the 6-DOF manipulator as the master–slave manipulator, which
enhanced the telepresence of the operation and increased the feedback of the main end
force [12]. Cheng et al. used fuzzy PID control in the system, which effectively improved
the accuracy of master–slave control [13]. Wang et al. added closed-loop force feedback and
friction feedforward, greatly improving the delivery accuracy of the catheter guidewire [14].
Payne proposed a force measurement method by sticking strain gauges on the head of
the catheter [15], which can accurately detect the force and direction generated by the
collision between the catheter and the vessel. The disadvantage is that it increases the
size of the catheter head, and there is a risk of vascular injury. Zhou et al. proposed a
kind of constraint tube with thin-film sensor and gave the robot motion safety strategy
with nine different motion constraint coefficients [16]. Yu et al. designed a new type of
flexible clamping device to push the guidewire, which greatly improved the precision
and stability of surgery [17]. Zhang et al. developed a magnetorheological fluid (MR)-
based robot-assisted catheter/guidewire surgery system that increases the reality of the
operation [18].

These surgical systems can achieve high-precision real-time control and effectively
reduce the radiation received by doctors. However, in these systems, force sensors are
usually installed in the slave side which is responsible for holding and pushing the catheter
to detect the force on the front catheter through the transmission of mechanical structure.
The sensor will inevitably lead to inaccurate measurement because of the gap and friction
between the structures. At the same time, the sensor can only detect the axial conduction
force of the catheter, and it cannot accurately identify the direction of collision between the
catheter and the vessel. The traditional force measurement method has many defects, but
it is almost impossible to accurately measure the collision force between the blood vessel
and the catheter in the human body. All force sensors on the market cannot be installed on
the head of the catheter due to size problems. Moreover, installing the sensor on the head
of the catheter to enter the human blood vessel can easily scratch the blood vessel wall at
the bend of the blood vessel, which causes great danger to the patient. In summary, the
traditional force sensor is still needed during the operation, but the surgeon can only use
its measured value as a reference. The biggest flaw in the traditional measurement method
is the inability to judge the direction of the force, that is, the direction in which the catheter
is bent in the human blood vessel.

In this paper, a strain gauge-based method for identifying the bending deformation of
the intravascular catheter is proposed. The motion model of the catheter in the blood vessel
was established and simulated to determine the external deformation area for pasting
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the strain gauges. At the same time, the same strain gauges were pasted on the front of
the catheter, and the voltages of all the strain gauges and force sensors were collected
when the catheter collided and bent while entering into the blood vessel model. After data
acquisition, BP neural network was used for training, and the voltage change of internal
strain gauges was judged by the voltage change of external strain gauges, so as to realize
the bending recognition of the catheter inside the blood vessel. Combined with the signal
of the force sensors for analysis, this method can achieve a better safety guarantee than
traditional surgical robots.

The remainder of this paper is structured as follows: In Section 2, a surgery robot
system that co-operates the catheter and guidewire is introduced. The catheter model is
established and its motion deformation in the blood vessel is simulated. In addition, the
basic principle of strain gauge and BP neural network algorithm is introduced. In Section 3,
the principle and steps of the experiment are introduced. The BP neural network is used
to train the experimental data and the error is analyzed. The genetic algorithm is used
to optimize the BP neural network to further optimize and reduce the error between the
predicted value and the actual value. The conclusion is presented in Section 4.

2. Principle and Simulation
2.1. Overview of the Surgical Robot System

In the traditional interventional surgery, the guidewire is mainly responsible for
providing the propulsion path in the narrow vessels and guiding the catheter. The surgeon
can feel the resistance of the guidewire and catheter in the blood vessel through the fingers.
The feedback force information generated by resistance can help the surgeon determine
whether the guidewire and catheter are safe to move in human blood vessels. In short,
the operation of the guidewire and catheter can be divided into two parts: pushing and
rotating. Push action makes the guidewire and catheter reach the lesion, and rotating the
guidewire and catheter can make them pass through the bifurcations or the bends of blood
vessels more smoothly, so as to ensure the safety of patients. Based on this, our surgical
robot system needs to be designed with two degrees of freedom: a rotational degree of
freedom and a linear motion degree of freedom.

Figure 1 shows the workflow of the surgical robot. The robot system is mainly
composed of three parts: the master manipulator, the slave manipulator and the motion
controller (PMAC controller). In order to ensure the success rate of surgery, the surgical
robot system should imitate the surgical actions of surgeons as much as possible.

The master side is the system control side, including two operating controllers which
are respectively responsible for controlling the propulsion and rotation of guidewire and
catheter. The master side is located outside the operating room to protect doctors from
radiation damage.

The slave side is the robot action system, which is used to reproduce the surgeon’s
operation instructions. The structure of the slave side is shown in Figure 2. There are two
modules on a linear movement platform, which are respectively responsible for pushing or
rotating the guidewire and the catheter. The slave side and the master side are connected
by shielded twisted pair cables. When the surgeon operates the master manipulator, the
motion information will be obtained by the computer on the master side and transmitted
to the motion controller through RS232 communication protocol. The motion controller
transmits the obtained signal to the slave side and drives the slave motors to push the
guidewire and catheter from outside into the patient’s blood vessel. At the same time, the
digital subtraction angiography system collects the position information of the catheter and
the guidewire during operation and transmits it to the computer monitor on the master
side so that surgeon can ensure the safety of the operation.

A force sensor is installed inside each module. As shown in Figure 3, when the
catheter collides or rubs against the blood vessel wall during the catheter pushing process,
the resistance of the catheter will be transmitted to the force sensor through the internal
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mechanical structure of the module. The model and parameters of the force sensor are
shown in Table 1.

Figure 1. The workflow of the surgical robot.

Figure 2. The slave side of the robot system.

Table 1. Specific parameters of the force sensor.

Product Model ZNLBS-IIX

Detection range 0–5 N
Accuracy 0.1% F.S

Resolution 0.1% F.S
Zero output ±1% F.S
Sensitivity 1.5 mV/V
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Figure 3. The push module structure diagram.

2.2. Catheter Motion Simulation

To be able to advance in the blood vessel, the medical catheter must have a certain
hardness while ensuring its softness and flexibility. The hardness can ensure the integrity
of force transmission when the catheter is pushed. Based on this point, many research
groups put the force sensor in the push device from the slave side, as shown in Figure 3,
and detect the force on the front catheter by mechanical transmission. This method is easy
to implement, but due to the gap of the mechanical structure and the interference caused by
blood flow, this method can only detect the general resistance during the pushing process
of the catheter, and the bending direction cannot be detected, which limits the ability of the
doctor to judge the safety of the operation.

In the traditional manual operation, the doctor continuously delivers the catheter by
his own hand. However, the interventional surgical robot can only hold the end of the
catheter to push because of its structure. This leads to the bending of the catheter due to
the force on the side of the catheter head when the catheter passes through the bend of
the blood vessel. This phenomenon is unique to the operation of the surgical robot, so
we can use this phenomenon to analyze the catheter state and find out the deformation
relationship between the end of the catheter (outside the human body) and the catheter
head (inside the blood vessel) when the catheter passes through the curved blood vessel.
Figure 4 shows the force analysis of the contact point when the catheter is pushed to the
bend of the blood vessel.



Machines 2022, 10, 42 6 of 20

Figure 4. The force analysis of the catheter. α and β are angular dimensions, which have been marked
in yellow and bold in the figure.

In Figure 4, F1 is the force of the catheter colliding with the blood vessel wall, which
can be converted into vertical pressure F3 and lateral force F2 to the blood vessel wall.
Under ideal conditions, the blood vessel wall will not rupture, and the support force of the
blood vessel wall to the catheter is F4. Their relationship is:

F3 = F4 (1)

Due to the influence of F2, the head of the catheter begins to move forward along
the vessel wall, and the catheter is subjected to the frictional force of the vessel wall F5.
The angle between F5 and the horizontal direction is α, and the angle between F4 and the
horizontal direction is β. Therefore, the traditional force detection method excludes the
interference of catheter bending, mechanical structure gap and friction force. The detected
force is actually:

F5 × cosα + F4 × cosβ (2)

F6 is the combined force of F5 and F4. It is the effect of F6 that causes the catheter to
bend as shown in Figure 5 when it is advanced to the bend of the blood vessel.

Figure 5. The advance and deformation of a catheter.

The catheter model was established based on an actual medical catheter. The 8F
catheter commonly used in surgery was selected as the prototype to establish the model;
the key parameters are shown in Table 2. Figure 6a shows the established conduit model,
and Figure 6b shows the impact force applied to it during simulation. The arrow indicates
the applied pressure.

Table 2. Specific parameters of catheter model.

Parameters Value

Length 80 cm
External diameter 2.7 mm
Internal diameter 2.2 mm
Elastic modulus 6,000,000 N/m2

Middle Poisson’s ratio 0.47
Mass density 1290 kg/m3

Tensile strength 13,000,000 N/m2
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Figure 6. (a) The model of the catheter; (b) the stress direction of the catheter.

Figure 7 shows the deformation results of the simulation, with small deformation
in blue and large deformation in red. The results show that the force on the head of
the catheter has an effect on the deformation of the posterior catheter, and the bending
direction is the same as that in the front. The length of the catheter is 80 cm. According to
the simulation results, 10 cm from the tail of the catheter is selected as the stress analysis
point. The deformation here and the deformation of the catheter head are analyzed to
further find the corresponding relationship between them.

Figure 7. The result of motion simulation.

2.3. Pasting of Strain Gauges

The proposed force measuring device, shown in Figure 8, consists of four strain gauges
at the head of the catheter and four strain gauges at the rear of the catheter. According to the
previous simulation, the strain gauges are pasted at 3 cm from the head of the catheter and
10 cm from the tail of the catheter. The strain gauge is made of Cu-Ni alloy and has good
stability under repeated loading. The strain gauge we selected (BFH350-6AA) has a very
long service life and an operating temperature range of −20 to 120 ◦C, which is suitable for
the experiment. Strain gauges make good use of the physical and geometric properties of
the conductor. When a conductor is stretched by an external force within its elastic limit, it
will not be broken or produce permanent deformation but will become narrower and longer.
This deformation causes its terminal resistance to increase [19]. On the contrary, when a
conductor is compressed, it becomes wider and shorter, and this deformation causes its
terminal resistance to become smaller. Through the peripheral voltage and amplifier circuit,
we can obtain different output voltages to judge the bending of the strain.
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Figure 8. The catheter with strain gauges.

The four strain gauges were pasted in four directions, respectively, to measure the
bending strain of the catheter in different directions. The strain gauge is connected in
a half-bridge type. The overall circuit is shown in Figure 9. The external power supply
voltage is E and the output voltage is e. The initial resistance of the strain gauge is 350 ohms.
The resistance values of strain gauge after bending are recorded as R′1 and R′2. Therefore,
the change of the resistance can be expressed as:

∆R1 = R′1 − R1
∆R2 = R′2 − R2

(3)

Figure 9. The connection circuit diagram.

According to Kirchhoff’s current law and Ohm’s law, we can obtain the relationship
between input E and output e in a balanced state:

e =
R1R4 − R2R3

(R1 + R2)(R3 + R4)
E (4)

After introducing the resistance increment, the formula is:

e =
(R1 + ∆R1)R4 − (R2 + ∆R2)R3

(R1 + R2 + ∆R1 + ∆R2)(R3 + R4)
E (5)

The equilibrium condition. R1R4 = R2R3 can be brought into (3) and the high-order
small quantities can be omitted to obtain the formula:

e = E
R1R2

(R1 + R2)
2

(
∆R1

R1
− ∆R2

R2

)
(6)

In the actual situation, we take R1 = R2 = R3 = R4; then, (4) can be simplified to:

e =
1
4

(
∆R1

R1
− ∆R2

R2

)
E (7)
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Let K be the sensitivity of the strain gauges and let ε1 and ε2 be the degree of bending
of the strain gauges, then there is:

∆R1
R1

= Kε1

∆R2
R2

= Kε2

(8)

According to (6), Formula (5) can be rewritten as:

e =
1
4

K(ε1 − ε2)E (9)

The upper and lower strain gauges are one group, and the left and right strain gauges
are another group. The strain produced by bending deformation is equal in magnitude
and opposite in sign. From a mathematical point of view, the value in parentheses in (7)
becomes twice the strain produced on each strain gauge. Therefore, the change in voltage
due to strain can be measured.

2.4. The BP Neural Network

In recent years, thanks to the performance enhancement of computers and handheld
embedded devices, neural networks have been widely used in various fields, including
image recognition, robot control and unmanned driving. The medical field is gradually
becoming a treasure land of neural network applications. Backpropagation (BP) neural
network is the most common and widely used one. BP neural network is a kind of
multilayer network trained by error backpropagation algorithm. By calculating the error
between each result and the ideal value, BP network can feed back to the hidden layer, so
as to automatically adjust the threshold and weight of the hidden layer to reduce the error
between the predicted value and the actual value [20]. After repeated training, BP neural
network can well solve many nonlinear fitting problems, so it is a very good choice for the
application of interventional surgical robots.

Figure 10 shows the BP neural network used in this paper, which is divided into input
layer, hidden layer and output layer. The input layer has two input units, which are the
voltages of two groups of strain gauges at the end of the catheter (outside the human body).
The number of hidden layer units is set as 5 layers, which are responsible for calculating
and outputting the results. The output layer is the voltage of strain gauges at the head of
the catheter (in human body). In practical application, we only need to paste the strain
gauges at the end of the catheter, collect the voltage and replace it into the neural network,
so we can predict the voltage of the strain gauges at the head of the catheter, so as to judge
the bending deformation of the head of the catheter. The input of the network input layer is:

Oj = x(j) (j = 1, 2) (10)

Figure 10. BP neural network structure diagram.
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The input and output of the hidden layer of the network are:

net(2)i (k) =
4

∑
j=0

w(2)
ij O(1)

j (11)

O(2)
i (k) = f

(
net(2)i (k)

)
(i = 1, 2, 3, 4, 5) (12)

In (10), w(2)
ij is the weighting coefficient of the hidden layer, and the superscripts (1),

(2) and (3) represent the input layer, hidden layer and output layer, respectively. Assume
that the activation function of the hidden layer neuron takes the Sigmoid function:

f (x) =
1

1 + e−x (13)

The input and output of the network output layer are:

net(3)l (k) =
5

∑
i=0

w(3)
li O(2)

i (k) (14)

O(3)
l = f

(
net(3)l (k)

)
(15)

Select the performance index function as:

E(k) =
1
2
(rin(k)− yout(k))2 (16)

Modify the weight coefficient of the network according to the gradient descent method;
that is, search and adjust the negative gradient direction of the weight coefficient according
to E(k), and the weight adjustment amount is:

∆w(3)
li (k) = −η

∂E(k)

∂w(3)
li

(17)

η is the learning rate. There is another formula:

∂E(k)

∂w(3)
li

=
∂E(k)
∂y(k)

∂y(k)
∂∆u(k)

∂∆u(k)

∂O(3)
l (k)

∂O(3)
l (k)

∂net(3)l (k)

∂net(3)l (k)

∂w(3)
li

(18)

and
∂E(k)
∂y(k)

= e(k) (19)

∂y(k)
∂∆u(k)

= sgn(k) (20)

∂∆u(k)

∂O(3)
1 (k)

= ∆e(k) (21)

∂∆u(k)

∂O(3)
2 (k)

= e(k) (22)

∂∆u(k)

∂O(3)
3 (k)

= ∆e(k)− ∆e(k− 1) (23)

∂O(3)
l (k)

∂net(3)l (k)
= f ′

(
net(3)l (k)

)
(24)
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∂net(3)l (k)

∂w(3)
li

= O(2)
i (k) (25)

Put the above formula into (16) to obtain the output layer weight adjustment amount as:

∆w(3)
li (k) = −ηφ

(3)
l O(2)

i (k) (26)

In (24), there is:

φ
(3)
l = e(k)sgn(k)

∂∆u(k)

∂O(3)
l (k)

f ′
(

net(3)l (k)
)

(27)

In the same way, the hidden layer weight adjustment amount can be obtained as:

∆w(3)
li (k) = ηφ

(2)
i O(1)

j (k) (28)

and

φ
(2)
i = f ′

(
net(2)i (k)

) 3

∑
l=1

φ
(3)
l w(3)

li (k) i = (1, 2, 3, 4, 5) (29)

In this experiment, the voltage changes of the upper and lower strain gauges and the
left and right strain gauges at the end of the catheter are selected as the input, and the
voltage of the corresponding strain gauge at the head of the catheter is the output. The
number of hidden layer nodes is set to 5. The overall steps are as follows:

(1) Determine the number of nodes in each layer, determine the initial value of the

weighting coefficient ∆w(2)
ij (0) and ∆w(3)

li (0) and select the learning rate η.

(2) Sample to obtain rin(k) and yout(k); calculate the error at this moment
(e(k) = rin(k)− yout(k)).

(3) Calculate the input and output of each layer of the neural network.

(4) Adjust the weighting coefficients ∆w(2)
ij and ∆w(3)

li through the gradient descent
method to achieve parameter adjustment.

(5) Let k = k + 1; return to step (1).

3. Experiments and Results
3.1. Experiment Procedure

The experiments are simulated with vascular models. The interventional surgical
robot was used to push the catheter into the blood vessel model, shown in Figure 11, at
a constant speed until the catheter head completely passed through the first blood vessel
bend. The output voltage of the strain gauge circuits was recorded during the pushing
process, and the experiment was repeated many times to prevent the inaccurate training
of the neural network caused by insufficient data. For the training of the neural network,
the data need to be normalized and the Sigmoid function needs to be used as a nonlinear
activation function. The value range of the Sigmoid function is 0–1, so negative numbers
cannot appear when data are normalized. Based on the above principles, the potentiometer
was adjusted to make the initial output voltage of the strain gauges circuit 1.5 V to ensure
that there is no negative voltage within the voltage variation range to maintain the stability
of the neural network. A total of 200 groups of catheter pushing experiments at different
angles were carried out; each pushing time was 30 s, and the voltage sampling frequency
was 5 Hz. So, a total of 30,000 groups of voltage samples were collected. Eighty percent of
each group was substituted into the neural network for training, and the remaining 20%
was transferred after training.
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Figure 11. The catheter in blood vessel model.

Figure 12 shows the voltage change of the strain gauges during a push. In Figure 12,
the blue line AD1 represents the voltage change of the strain gauges in the left and right
direction of the catheter head. The red line AD2 represents the voltage change of the strain
gauges in the up and down direction of the catheter head. Correspondingly, the yellow line
AD3 represents the voltage change of the strain gauges in the left and right direction of
the rear end of the catheter which does not enter the human body. The purple line AD4
represents the voltage change of the strain gauges in the up and down direction of the back
of the catheter. In Figure 12, we can see that the AD1 line has gone up and down once,
which corresponds to the second bending of the catheter (vascular curve 2 in Figure 11) in
the left and right direction in the blood vessel. The AD3 line corresponding to the rear of the
catheter also has a corresponding slight change. This is a test of left and right bending, so
the AD2 and AD4 corresponding to the up and down directions do not change significantly,
and there is only a slight disturbance. During this push, the force detected by the traditional
force sensor in the catheter push module is recorded at the same time as shown in Figure 13.
As a comparison, we can find that the traditional force sensor cannot recognize the bending
of the catheter in the blood vessel, but can only detect the resistance during propulsion,
which may affect the doctor’s judgment on the safety of the operation.

Figure 12. The voltage change of the strain gauges during a catheter push.
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Figure 13. The force detected by traditional force sensor during a catheter push.

The catheter was rotated 90 degrees and the push experiment was conducted again.
We can see the voltage change in the left–right direction shown in Figure 14, which also
shows the same characteristics. The catheter was rotated 45 degrees and the experiment
was performed again. The catheter was pushed into the blood vessel model, and the voltage
change of strain gauges in each direction was obtained, as shown in Figure 15. In Figure 15a,
the voltage changes in each direction. Because the catheter is relatively thin, there is not a
strain gauge on the market small enough to paste around the catheter. Therefore, when
pasting the strain gauges, there is a space between the two strain gauges in the x-axis
direction and the two strain gauges in the y-axis direction (as shown in Figure 8), which
will delay the change of the two groups of voltage signals. As shown in Figure 15b, we
can infer the direction of catheter deformation in the blood vessel. So far, we can infer the
bending direction of the catheter head through the voltage change of the strain gauge at
the end of the catheter, that is, the change of AD3 and AD4. The change of AD3 represents
the bending degree of the catheter in the horizontal direction, while the change of AD4
represents the bending degree in the vertical direction. By subtracting the voltage AD1 and
AD2 of the two strain gauges at the catheter head, we can determine the direction of the
catheter head bending at the moment. The catheter was rotated 5 degrees for an experiment
to collect the strain gauge voltage, and the relationship between the catheter direction and
voltage was obtained, as shown in Figure 16.

Figure 14. The voltage change during a catheter push after rotating the catheter by 90 degrees.
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Figure 15. (a) The voltage change during a catheter push after rotating the catheter by 45 degrees.
(b) The predicted deformation direction of the catheter.

Figure 16. (a) The division of the force angle of the catheter; (b) 0–90 degree correspondence;
(c) 90–180 degree correspondence; (d) 180–270 degree correspondence; (e) 270–360 degree correspondence.
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As shown in Figure 16a, the bending direction of the catheter can be divided into
four chunks according to the positive and negative values of AD1 and AD2 (based on
the reference voltage of 1.5 V, the value greater than 1.5 V is positive, and the value less
than 1.5 V is negative). In each block, the bending direction of the catheter head can be
obtained by subtracting the two strain gauge voltages AD1 and AD2 at the catheter head.
The catheter was rotated 5 degrees for an experiment to collect the strain gauge voltage,
and the relationship between the catheter direction and voltage was obtained, as shown
in Figure 16b–e. Firstly, the force area is selected by the positive and negative values
of AD1 and AD2, and then the force angle is determined by the value of AD1-AD2. It
should be noted that in the range of 90–180◦ and 270–360◦, the value of AD1-AD2 is not in
one-to-one correspondence with the angle, and the size relationship between the absolute
values of AD1 and AD2 should be determined in advance, as shown in Figure 16b,e for
specific differentiation.

3.2. Training and Results

We took 80% of all the data as samples; the voltage change of the strain gauges at the
rear of the catheter was two sets of inputs, namely AD3 and AD4, and the voltage change
of the strain gauges at the head of the catheter, AD1 and AD2, was used as the output to
train the network. After the training was completed, the AD3 and AD4 in the remaining
20% of the data were substituted into the trained network, and the results obtained were
compared with AD1 and AD2 to test the reliability of the neural network.

After the training was completed, the samples were substituted for testing. The test
results are shown in Figure 17. The R value in the figure represents training accuracy. The
closer R is to 1, the better the training effect [21]. The remaining data were substituted into
the network for verification, and the image obtained is shown in Figure 18. The blue line
AD3 represents the voltage change of the strain gauges at the end of the catheter. The data
were substituted into the neural network for prediction, and the orange line AD1 is the
voltage change predicted by the strain gauges at the catheter head. The image result is
basically accurate.

Figure 17. The training accuracy.

Figure 18. The image restored by neural network.
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In a comparison with the original data, Figure 19 shows the error. The statistical results
show that the overall average error is 0.11 V.

Figure 19. The result errors.

3.3. Optimization of Neural Network

Although the above BP neural network has been able to better predict the deformation
of the catheter head through the voltage signal of the strain gauge at the tail of the catheter,
there are still some shortcomings: Although the average error is within the acceptable
range, the error is too large at some time points, which may affect our prediction results.
This may be due to the characteristics of the BP neural network itself. A BP neural network
has good self-adapting, self-learning and ability of generalization, but it may become stuck
in a local minimum, and the convergence rate is also slow. In the conventional BP neural
network, we use the gradient descent method to train the data. In the ideal case, we can
find the global minimum by continuously deriving the loss function to ensure the minimum
error. In reality, the loss function is very complex. Taking the three-dimensional graph of
the loss function shown in Figure 20 as an example, the gradient descent method easily
falls into the local minimum value and thus cannot reach the global minimum value, or it
falls into the saddle point, that is, the gradient around is all 0, and cannot escape from this
area, so as to not reach the global minimum value, leading to the prediction deviation.

Figure 20. The local minimum, global minimum and saddle point in loss function.
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The genetic algorithm might resolve the issue of the BP neural system being prone to
falling into local minima [22]. Therefore, the combination of the genetic algorithm and the
BP neural network can improve the efficiency of training and the accuracy of prediction.
The genetic algorithm simulates the natural evolution process to find the optimal solution.
The weights and thresholds that need to be optimized are regarded as a kind of biological
population and are constantly changed. The individual is screened according to the result
error, so as to select the most suitable weights and thresholds for the neural network. The
algorithm flow of the BP neural network optimized by the genetic algorithm is shown in
Figure 21.

Figure 21. Steps of genetic algorithm.

In the optimization, there are two ways to code the weight and threshold. One is binary
coding, and the other is real coding. Binary encoding is where each weight is represented by
a fixed-length 0,1 string. Real number coding uses real numbers to represent each weight,
which overcomes the disadvantages of binary coding but requires the redesigning of the
operator. A fitness function is a standard used to judge the quality of the data, and it is
usually obtained by the transformation of the objective function. In this optimization, our
goal is to find the minimum value of the error between the actual output and the expected
output, so the reciprocal of the function value is taken as the fitness value of the individual.
The larger the fitness value is, the more qualified the individual is.

The selection operation selects excellent individuals from the original group with a
certain probability to form a new group. The higher the fitness of individuals, the higher
the probability of being selected. The probability of individual i being selected is:

pi =
Fi

∑N
j=1 Fj

(30)

where Fi is the fitness value of individual i and N is the total number of the population.
Crossover operation means that two individuals are randomly selected from a popula-

tion, and new excellent individuals are generated through the exchange and combination
of two chromosomes. The mutation operation randomly selects a sample from the popula-
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tion and mutates the coding of the sample to ensure the diversity of the population. The
operation method of mutation of the j gene aij of the i individual is as follows:

aij =

{
aij +

(
aij − amax

)
∗ f (g), r ≥ 0.5

aij +
(
amin − aij

)
∗ f (g), r < 0.5

(31)

where amax is the upper bound of gene aij and amin is the lower bound of gene aij. r is a
random number of interval [0,1].

In Equation (29), there is:

f (g) = r2 ∗
(

1− g
Gmax

)2
(32)

r2 is a random number, g is the current iteration number and Gmax is the maximum
number of evolutions.

The genetic algorithm was used to optimize the weight and threshold of the BP net-
work. The optimized weights and thresholds were substituted into the neural network and
trained with the same set of data. The result is shown in Figure 22. Genetic algebra in the
process of optimization refers to the number of the optimization. Here, the genetic algebra
is taken as 50, that is, 50 times of BP neural network weight and threshold optimization.
Variation of error refers to the error between the calculated value and the actual value by
bringing the weight and threshold obtained after each change into the original BP neural
network. From Figure 21, we can see that with the increase in optimization times, the error
is gradually reduced, and a small and stable error is finally obtained. Compared with
the error result without genetic algorithm optimization, the error after 50 times of genetic
algorithm optimization is reduced by 45%.

Figure 22. Optimization process of genetic algorithm.

4. Conclusions

The results of Figures 16, 17 and 21 show that the trained BP network has a good
nonlinear mapping relationship. It can accurately identify the bending degree and direction
of the catheter head in the blood vessel through the voltage change of the strain gauges at
the rear of the catheter. In practice, there is no need to paste strain gauges at the head of
the catheter; strain gauges only need to be pasted at the catheter tail that does not enter
the human body. Surgeons can infer the force and bending direction of the catheter in the
human body by combining the reading of the traditional force sensor and the change of
the strain gauge voltage, so as to prevent the catheter from scratching the blood vessel and
improve the safety and reliability of the operation. At the same time, this measurement
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method still has some shortcomings that need to be improved: It is easily interfered with
by external conditions and requires a clamping structure to keep the catheter vertical.
When the catheter is pushed through a tortuous blood vessel, the measurement may be
inaccurate due to excessive steering. In a real situation, pushing a catheter in a blood
vessel will inevitably be disturbed by blood flow, and such interference may interfere with
measurement results. In further research, it is necessary to increase the sample data to train
a neural network with better performance and less error, so as to improve the reliability
and safety of operation. At the same time, the resistance of blood flow to the catheter can
be analyzed and compensated to eliminate errors and disturbances.

This paper presents the design of a master–slave interventional surgical robot, and
based on this structure, a catheter force detection method applied to the surgical robot is
proposed. In this method, the strain gauges attached to the front and rear of the catheter
are used to collect the voltage changes in the bending process. BP neural network is trained
to judge the bending direction of the catheter head when it passes through the blood
vessel. The training result shows a good nonlinear mapping relationship and improves the
safety and reliability of operation. The traditional force sensor cannot detect the bending
direction of the catheter, and the strain gauge measurement method precisely solves this
disadvantage. Therefore, the combination of traditional force sensor detection and strain
gauge detection can greatly improve the safety and reliability of robotic surgical operations.

With the development of intelligent equipment, robot-assisted surgery will be more
safe and intelligent. Thanks to the rise of the 5G network, remote robot-assisted surgery will
also become possible. In future research, we will work to enhance the general applicability
of this method in a variety of different blood vessels. In addition, we will analyze the
interference of blood flow in catheter force detection, hoping to compensate for the blood
flow interference to achieve more accurate detection performance.
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