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Least Squares Support Vector Machine Kalman Filter for Physiological

Tremor Suppression in Minimally Invasive Surgical Robot
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Abstract: This paper studies the physiological tremor filtering in minimally invasive surgical robot. The
surgeon’s physiological tremor of the hand can cause the vibration of the tip of the surgical instrument, which
may reduce operative accuracy and limit the application of surgical robots. Aiming at the vibration caused by
physiological tremor of hand, we propose a Least Squares Support Vector Machine Kalman Filter
(LSSVMKEF) , which can filter the tremor by estimating and modeling the tremor signal by Kalman filter and
then superimposing it reversely in the control signal. When estimating and modeling the tremor signal, the
filter uses the Least Squares Support Vector Machine (LS-SVM) to build the regression model of the constant
parameters ( Process Noise Covariance and Measurement Noise Covariance) of the traditional Kalman filter,
which can dynamically adjust these parameters during the operation and improve the accuracy of Kalman
filter. The simulation results show that the LSSVMKEF can effectively filter out the tremor signal, thereby
improving the accuracy of surgery.

Keywords: physiological tremor suppression; minimally invasive surgical robot; Kalman filter; support

vector machine
CLC number: TP241.3

1 Introduction

Minimally invasive surgical robot ( MISR) is a
revolution in surgical field. Compared with traditional
minimally invasive surgery, MISR performs better in
surgery because it has many advantages such as
accurate positioning, 3D action

surgical vision,

dexterity , motion scaling, master-slave control, hand-

. . . . M1
eye coordination, and fine operation''’.

Benefiting
from these advantages, MISR can effectively improve
the quality of surgery, reduce the dependence on the
experience of surgeons, and reduce the intensity of
surgeons’ labor. Therefore, the research on minimally
invasive surgical robot system has been on the rise,
and it is also a hot spot in the robot research field in
the next few years. At present, there are a number of
minimally invasive surgical robots in clinical use in the
world, such as Da Vinci Surgical Robot System. It
can be applied to heart, digestive system, urology,
gynecology, and other surgical operations '

There are still some deficiencies to be improved
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in the research and application of minimally invasive
surgical robots. One of the important problems is
vibration caused by physiological hand tremor. When
a surgeon operates with the assistance of a robot, his
hand
manipulator to vibrate in the Master-Slave control

physiological tremor causes the master
robot system, which will cause vibration at the
surgical instruments installed on the slave manipulator.
Especially after the motion scaling of the Master-Slave
control system, such a vibration will seriously affect
surgeon’s operation. It can increase the difficulty of
operation, reduce the accuracy of operation, and even
threaten operation safety in serious cases. So tremor
suppression is highly necessary in robotically assisted
minimally invasive surgery.

Physiological tremor is a tremor inherent in the
human hands. Even experienced surgeons are no
exception. Physiological hand tremor is a complex,
high frequency signal without obvious regularity, as
shown in Fig.1. Studies have shown that the frequency
of tremor signals in the hands of surgeons is between

3-4]

8-12 Hz, and its amplitude is under 50 pm [
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Fig.1 Tremor signal characteristics

Besides the physiological hand tremor, the
dynamic characteristics of the master manipulator are
also related to its vibration. Nonlinear friction in the
master manipulator and other dynamic terms of
dimensional modeling will cause vibration at the end
of the manipulator when it moves. Vibration
suppression caused by these dynamic terms has been
extensively studied in the field of industrial robots.
Compared with the high-speed and heavy-load
working conditions of industrial robots, the operating
environment of medical robots is different, mostly
low-speed and light-load. Therefore, the current
international research on the master manipulator tremor
removal of medical robots is mainly focused on the
removal of physiological tremor. In this paper,
physiological hand tremor and its filtering algorithm
are also focuses of investigation.

Usually, the frequency of the control signal of
the surgical robot is lower than that of the tremor
signal. So in principle, the tremor signal can be
filtered in the control signal by low pass filtering.
Researchers at MIT used low pass filters to remove
show that

tremors

tremors. The results the filters can

effectively remove with low accuracy
requirements . Yet the biggest problem of low pass
filter is time delay. For surgical robots, real-time
requirements are very high, and time delay will affect
the operation and safety. Some researchers have
considered the tremor filtering method based on signal
compensation '°'. Veluvolu and Tatinati '’ proposed a
system using adaptive neural fuzzy control for multi-
step estimation of hand pathological tremor. Liu et
al."® proposed a nonlinear adaptive neural fuzzy
network to filter physiological tremor. Liu and Mao' "
proposed a three-dimensional wavelet fuzzy neural

network to filter tremor. Liu and Luo "'’ proposed an

adaptive fuzzy filter based on time-varying sequence.
As a feedforward method, Kalman filter can solve the
time-delay problem. But the traditional Kalman filter
") proposed an
improved Kalman filtering algorithm, which estimates

also has some limitations. Zhou et al. '

and corrects the error of dynamic model by LS-LVM,
and improves the accuracy of Kalman filtering.

In this paper, a Least Squares Support Vector
Machine Kalman Filter ( LSSVMKF ) is proposed
based on signal compensation. First, the signal was
preprocessed to get the accurate physiological tremor
signal by an improved Kalman filter, and then a
compensation signal with the same phase and the
opposite which was

amplitude was generated,

superimposed into the control signal in real time.
2 Filter Design

A Master-Slave control system for minimally
invasive surgery consists of three subsystems: a master
manipulator control system, a slave manipulator
execution system, and an imaging system. This paper
deals with the problem of tremor filtering in the master
manipulator control system. Fig.2 shows the control
principle of the master manipulator control system.
The LSSVMKF module in Fig.2 is the focus of this
paper. The design process of LSSVMKF will be

described in detail below.
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Fig.2 Control principle of the master manipulator

control system

2.1 Kalman Filtering

The key of filtering based on signal compensation
is accurate prediction of tremor signal. Kalman
filtering algorithm can estimate the optimal state of a
system, which uses state equation and the input-output

observed data of the system ''>/. In our master

.23 .
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manipulator control system, Kalman filtering algorithm
can be employed to estimate the tremor signal.
The Kalman filtering model includes a process
state and a measurement state. They can be expressed as:
Process state :

X(k)=AX(k -1) +w(k) (1)
Measurement state :
Z(k)=HX(k) +v(k) (2)

where X (k) is a state vector of the tremor signal in the
master manipulator control system. It contains position
information of tremor signals. Matrix A denotes the
state transition and matrix H denotes the measurement
transition. When this time does not increase the tremor
control at the last time, A is a unit matrix. Z(k) is a
measured vector which contains position information
Vector w(k)
denotes the process noise and vector v(k) denotes the

of tremor signals by measurement.

measurement noise. In general Kalman filtering
algorithm, it is assumed that w(k) and v(k) are
linearly independent Gaussian white noises with mean

0 and satisfy the following conditions:

T - Q’i:k
Elw, wi] _{O,i#k

T - R’i:k (3)
A R
Elw, w!']=0,Yik

where Q is the covariance of w(k) and R is the
covariance of v(k) .

The Kalman filtering process is divided into two
processes; transcendental prediction and measurement
updating ;

Transcendental prediction ;

Xkl k-1)=AX(k-11k-1) (4)

Pkl k-1)=AP(k-11k-1)A"+Q (5)

Measurement updating :

K(k)=P(k| k-1)H' [HP(k| k-1)H" +R]""
(6)

X(kl k)=AX(kl k-1) + K(k)(Z(k) +
HX (k| k-1)) (7)
Pkl k)y=(I-K~(k)H)P(kIl k-1) (8)
where vector X (k| k — 1) denotes the predicted state,

vector X(k | k) denotes the estimated state, P(k| k —
1) denotes the covariance of prediction, P(k| k)
denotes the covariance of estimation, K(k) denotes
noise

the Kalman gain, @ denotes the process

covariance, and R denotes the measurement noise
: K]
covariance ',

Eqgs.(4)-(8) are the basic formula for Kalman
.24 .

filtering. Kalman filtering algorithm can estimate the
optimal state of a system, which uses state equation
and the input-output observed data of the system. In
the prediction and estimation of tremor signal, Kalman
filtering makes wuse of the state vector and
measurement vector of tremor signal at this time to
recursively calculate. In each recursion, the tremor
state vector at the last moment is predicted according
to the tremor state vector, and the covariance is
calculated (Eqgs.(4)—(5)). Then the state prediction
and the
covariance and Kalman gain are updated for the next
iteration (Egs.(6)—(8)).

The Kalman filtering algorithm can be used to

is updated by the measurement vector,

predict and model the tremor signal without time
delay, but the filtering effect is not very satisfactory.
The Kalman filtering algorithm will be improved
accordingly.
2.2 LS-SVM Kalman Filtering

In the above Kalman filtering algorithm, the
covariance of the process noise and the measurement
noise are regarded as a constant. The values of these
two parameters need to be set before filtering. Among
them, the value of process noise covariance is affected
by the vibration control process, and the measurement
affected by the
and working

noise covariance 1is sensor
Their

determination can only be estimated by prior

characteristics environment.
knowledge. If the two parameters are not set properly,
the final filtering effect will be affected. In addition,
process
invariable, and it is

noise and measurement noise are not

unreasonable to set their

covariance as a constant. The Kalman filtering
algorithm designed in this paper regards the covariance
of the process noise and the measurement noise as
variables, and adjusts their values in real time in order
to improve the accuracy of filtering.

In this paper, the regression model of the process
noise covariance and the measurement noise in
Kalman filtering algorithm was established using Least
Squares Support Vector Machine ( LS-SVM) "/
The input of the model was the surgeon’ s hand
control signal, and the output was the covariance of
the process noise and the measurement noise.
Regression model of covariance was obtained by
training a set of control signal data, of which the
tremor signal and covariance are known as training
samples.

The following is the establishment of a regression
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model to measure noise covariance R.
adopted by the LS-SVM
regression model was {(S,,R,)}", , where, S, e

The training set

R ", was the input vector. It was a complete hand
input signal containing ideal control signals and tremor

signals. R, It was the

i

e R , was the output.
measurement noise covariance of the tremor signals in
the complete hand input signal. According to the
theory of LS-SVM, the nonlinear function regression
problem can be transformed into the linear function
regression problem.

First, a nonlinear function @( -) was used to
map the input vector into the high dimensional space
F. In the feature space, the following expressions
were used to estimate unknown nonlinear functions:

R(k)=w'®(S) +b,w € F,b € R (9)
where @ and b are undetermined parameters.

Then, the optimization problem of LS-SVM was
defined as

1, il
minJ (,e) =?wlw +CY e2,C >0 (10)
@»e i=1

which satisfies the following equality constraints
R =w'®(S.) +b+e,i=12,..,N (11)
The Lagrange functions that define the above

optimization problems are as follows:
N

L(wbesa) = Jwe) - Y a[a'd(S,) +

b+e —R] (12)
where «;, ¢ R, (i = 1,2,---,N) , denotes the
Lagrange parameter. Based on the KKT condition, the
partial derivatives of w,b, e;, o, can be obtained

i=

i

respectively :
oL 0= z\: D(S,)
_= w = ol .
6(,() et i i
oL Al
— =0=b = =0
ab 2o
aL
— =0=a; = Ce,
de; '

oL
5—=O:mf¢@$)+b+ei—Ri=0
o

i

(13)
wherez =1,2,---,N.
The linear equations can be obtained from the
above four conditions:

P HEH

= [1,,11",R= [R,,~-,R,]"
o = [al,...’aw] T

(14)

{2 is the kernel matrix :
Q=0 (S)'d(S.) = k(S,;,S8,),i,j=1,2,...,N
(15)
where k(S;,S;) is the kernel function and the Radial

Basis Function (RBF) was chosen here '’

. Finally,
the model expression of LSSVM was obtained as

follows .

R(S) = iaik(Si,S) +b (16)

Replacing the constant R in the Kalman filtering
algorithm with R (S), the Least Squares Support
Vector Machine Kalman filter ( LSSVMKF) can be
obtained. Using the LSSVMKF, the prediction model
of tremor signal can be built, and then it can be
inversely superimposed into the control signal to
achieve tremor filtering.

3 Simulation Results

To verify the filtering effect of the LSSVMKEF on
hand tremor signal in robotically assisted minimally
invasive surgery, a simulation experiment was carried
out by MATLAB.

In simulation experiments, the following signal
was used to simulate the ideal control signal .

y(t) =cos(mt) + sin(2t) (17)

The physiological hand tremor signal was
simulated by the following signal ;

n(t) =0.1cos(22mt) + 0.1sin(18mt)  (18)

where n(¢) is a simplified analog tremor signal, which
consists of two frequency components of 11 Hz and
9 Hz, respectively. Its signal characteristic was similar
to that of human physiological tremor. Using this
signal, the real human physiological tremor can be
simulated approximately.

Then, the complete hand control signal was the
superposition of the above signal ;

s() =y(1) +n(1) (19)

The waveform of the above signal is shown in
Fig.3.
3.1 Result of Traditional Low Pass Filtering

First, the traditional Butterworth low pass filter
was used to filter out the tremor signal. Butterworth
filter is a common digital filter. Here, the Butterworth
filter toolbox of MATLAB was used to conduct filter.
When using this toolbox to simulate low-pass
filtering, only two parameters need to be determined .
Filter order (N) and cut-off frequency ( w, ). First,

the 6th order Butterworth low pass filter was chosen,
.25 .
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i.e., N = 6. Then, the Butterworth cut-off frequency
w, was related to cut-off frequency of low-pass filter,
F, . According to the frequency bandwidth range of
the tremor signal and the control signal, F, was set as
5 Hz. Then, w, = 0.1 was obtained according to w, =
F./(F/2), where, F, = 100,was the sampling frequency.

oot
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Fig.3 Signal for simulation
The original control signal was compared with the
filtered signal as shown in Fig.4.
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Fig.4 Butterworth low pass filtering

From Fig.4, the tremor signal in the control
signal was basically filtered out after the Butterworth
low pass filtering. However, the phase of the filtered
signal was shifted, i.e., the time delay was generated.
The phase diagram of this filter function is shown in
Fig.5.
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Fig.5 Phase diagram of Butterworth function
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In such a traditional low pass filter, the cut off
frequency was designed according to the required
frequency components. It was expected that all
frequency components above the cut off frequency
would be filtered and all frequency components below
the cut off frequency would be retained without time
delay. But in fact, the Butterworth function itself had
phase delay (Fig.5), so the filtering inevitably led to
time delay. Other convolutional low-pass filters also
have phase delay problems.

This is the shortcoming of traditional low pass
filtering. Such time delay is acceptable when the phase
requirement is not strict. But in surgical robots, there
is strict requirement for the real-time control signal
and no time delay is desired. So the low pass filter
cannot be used directly in the surgical robot system.
3.2 Result of LSSVMKF

The key of LSSVMKEF is to accurately model
tremor signals. In order to illustrate the effect of
LSSVMKEF, the traditional Kalman filter was first
used to model the tremor signal, and then a signal
with the opposite amplitude and the same phase was
generated, which was superimposed into the control
signal.

Fig.6 shows the filtering effect of the traditional
Kalman filter for the modeling of tremor. There was
no time delay in signal filtering based on signal
compensation, for it was a feedforward compensation
method. The estimated real-time tremor signal was
reversely compensated to the control signal. This
method eliminated tremor without phase lag, so it did
not cause time delay.

2.5 — Signal before filtering
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Fig.6 Traditional Kalman filtering

Comparison of the ideal control signal and the
filtered signal is shown in Fig.7. Although there was
almost no time delay in filtering results, filtering
accuracy was also a concern of the study. The Root
Mean Square Error (RMSE) between the ideal control
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signal and filtered signal can reflect the filtering
accuracy. The RMSE between those two signal after
the traditional Kalman filter was 0.0201 (Fig.7), and
the measurement noise covariance R of this Kalman
filter was set to 0.1.

K
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(a) Ideal signal
‘ /\/\/\M
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(b) Signal after filtering
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=)
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S

Fig.7 Ideal signal and filtered signal by Kalman

As is known, R is an empirical constant in
Kalman filtering, and its change affects filtering
results. The value of R was changed and the filter was
conducted again, the result was still basically filter out
tremor and there was no time delay. But the RMSE
between filtered signal and ideal signal changed as
well. The result is shown in Table 1.

Table 1 shows that the accuracy of filtering is
related to the estimated value of R. If the estimation
value is unreasonable, the filtering effect is poor. But
it is difficult to set optimal or even reasonable R value
before filtering according to the existing experience,
because the current empirical research on R is not yet

mature.
Table 1 Change of RMSE with R
R 0.1 0.2 0.3 0.4 0.5
RMSE 0.0201 0.0242 0.0286 0.0451 0.0629

Then, LSSVMKF was used to model the tremor
signal and it was added back to the control signal to
filter out the tremor. The filtering effect is shown in
Fig.8. The comparison between the filtered signal and
the ideal signal is shown in Fig.9.

This time the RMSE was only 0.0020, which is
significantly lower than that listed in Table 1.

Next, the simulated physiological tremor signal
was changed to do the simulation again. The 6 new
groups of mixed signals were composed of the
following 6 groups of physiological tremor signals and
Eq. (18), respectively. LSSVMKF designed in this
paper was used to filter the new mixed signal.
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Fig.8 Filtering by LSSVMKF
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(b) Signal after filtering
Fig.9 Ideal signal and filtered signal by LSSVMKF

n,(t) =0.09cos(21mt) + 0.1sin(187t)
n,(t) = 0.09cos(20mt) + 0.09sin( 18¢)
n,y(t) = 0.08cos(19ms) + 0.08sin( 18z)
n,(t) = 0.09cos(22mt) + 0.09sin( 197¢)
ns(t) = 0.09cos(22mt) + 0.09sin(207z)
ng(t) = 0.08cos(22mt) + 0.08sin(21t)

(20)
In order to compare and verify the difference

between LSSVMKF algorithm and other algorithms,
the traditional Kalman filter was also used to filter the

6 groups of mixed signals. The comparison of RMSE
in filtering results of these 6 groups of mixed signals
are shown in Table 2.

Table 2 RMSE of different tremor signals and
different filters
RMSE

n(t) LSSVMKF Kalman filter

R=0.01 R=0.10 R=0.50
n, (1) 0.0020 0.0602 0.0202 0.1021
n,(t) 0.0033 0.1134 0.0167 0.0836
ny(t) 0.0029 0.0262 0.0299 0.0927
ny (1) 0.0034 0.0364 0.0667 0.1131
ns(t) 0.0019 0.1299 0.0332 0.0394
ng(t) 0.0050 0.0991 0.0501 0.0999

From Table 2, the filtering errors of LSSVMKF
were slightly different for different tremor signals.

.07 .
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However, for each tremor signal, the filtering error
was much smaller than that of the traditional Kalman
filter, which meets the requirements of robotically
assisted minimally invasive surgery.

The above simulation experiments show that
LSSVMKEF can achieve hand tremor signal filtering
effectually. It not only avoided the shortcoming of
introducing time delay in low pass filter, but also
improved the shortcoming that Kalman filter can only
rely on empirical estimation to define the measurement
noise covariance.

4 Conclusions

In this paper, a Least Squares Support Vector
Machine Kalman filter was proposed to filter the
physiological tremor in minimally invasive surgical
LSSVMKF can estimate and model the
physiological tremor signal mixed in the surgical

robot.

control signal using Kalman filtering algorithm. Then
a compensation signal with the same phase and
opposite amplitude was generated. The physiological
tremor can be removed by adding the compensation
signal to the control signal. In order to overcome the
dependence of parameter setting on experience in
traditional Kalman filtering algorithm, the constants
“measurement noise covariance” ( R ) was changed
into a variable. Then, the LSSVM
employed to

regression
reconstruct  the
Embedding this
regression model into Kalman filtering algorithm, the
LSSVMKF was obtained. In the simulation,
LSSVMKEF filter was first compared with traditional
low-pass filter, which showed that LSSVMKEF filter
could effectively avoid time delay. Subsequently, the
between LSSVMKF filter and
Kalman filter were compared, which showed that

algorithm  was

measurement noise covariance.

erTors traditional
LSSVMKEF filter could improve Kalman filter accuracy
by comparing the RMSE results of LSSVMKEF filter
filter. In
LSSVMKEF algorithm can overcome the shortcomings

and traditional Kalman conclusion,

of traditional low pass filter and Kalman filter in
minimally invasive surgical robot.
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