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Abstract—Accurate canceling of physiological tremor is
extremely important in robotics-assisted surgical instru-
ments/procedures. The performance of robotics-based hand-held
surgical devices degrades in real time due to the presence of phase
delay in sensors (hardware) and filtering (software) processes. Ef-
fective tremor compensation requires zero-phase lag in filtering
process so that the filtered tremor signal can be used to regenerate
an opposing motion in real time. Delay as small as 20 ms degrades
the performance of human–machine interference. To overcome this
phase delay, we employ multistep prediction in this paper. Com-
bined with the existing tremor estimation methods, the procedure
improves the overall accuracy by 60% for tremor estimation com-
pared to single-step prediction methods in the presence of phase
delay. Experimental results with developed methods for 1-DOF
tremor estimation highlight the improvement.

Index Terms—Autoregressive (AR), band limited multiple lin-
ear Fourier combiner (BMFLC), inertial sensors, Kalman filter,
multistep prediction, physiological motion, tremor.

I. INTRODUCTION

ROBOTICS-ASSISTED surgical instruments/procedures
are increasingly playing an important role for biological

motion compensation [1]–[3] due to their robustness, high pre-
cision, and estimation accuracy [4]. With the aid of this robotic
technology, significant research was focused on compensation
of various biological motions like heart beat in intracardiac
surgery [1], [5], respiratory motion in treatment of lung tu-
mor [2], pathological tremor [6], and physiological tremor [3],
[7]–[10].

Physiological tremor exists in all humans with amplitude
ranges between 50 and 100 μm in each principal axis and lies
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in the frequency range of 8–12 Hz [11], [12]. This tremor
leads to an intolerable imprecision of the surgical procedure
(e.g., vitroretinal surgery) which requires a positioning accu-
racy of about 10 μm [13]. The high level of manual accuracy
demanded by microsurgery restricts the number of qualified sur-
geons. Significant amount of research has been conducted on
tremor characteristics (pathological and physiological tremors)
and its real-time compensation with robotic procedures [6]–[8],
[14]–[17]. To retain the advantages possessed by the human
surgeons and to augment tip positioning accuracy, hand-held
robotic instruments were developed for compensation of physi-
ological tremor in real time [9], [14], [18]. In these instruments,
filtering plays a vital role in attaining high accuracy. The fil-
tered tremor signal from the sensed motion is used to generate
an opposing motion to compensate for the tremor motion in
real time. For effective tremor compensation, zero-phase lag is
required in the filtering process. Although linear filters are suc-
cessful in filtering the tremor, they introduce phase delay into
the process [19]. In [20], it was shown that delay as small as
30 ms may degrade the performance in human–machine control
applications.

To overcome the inherent disadvantages of linear filters, sev-
eral adaptive algorithms are developed. In [7], [14], and [15],
Fourier-series-based adaptive algorithms named as weighted
frequency Fourier linear combiner (WFLC) and band lim-
ited multiple linear Fourier combiner (BMFLC) are proposed.
In [21]–[23], the autoregressive (AR)-method-based tremor es-
timation methods are proposed. Comparative performance of
all zero-phase physiological tremor estimation methods can be
found in [7].

In robotics-assisted hand-held instruments, accelerometers
form the core part for tremor sensing due to its small size and
versatility [9]. Although adaptive tremor estimation introduces
no additional phase delay, real-time tremor compensation accu-
racy depends on several factors such as prefiltering, numerical
integration, noise, jerk, and drift. It will be later shown that a
phase delay of 16–20 ms is unavoidable for tremor compensa-
tion and this delay adversely effects the physiological tremor
cancellation.

Multistep prediction is popular where time delay is inevitable
or posteriori information is required [24]. Multistep prediction
has been successfully applied for several physiological motion
predictions [1], [23], [25] and time series forecasting [26], [27].
For compensation of heart beat in intracardiac surgery, multi-
step prediction was employed to avoid latency of 90 ms in the
procedure [1], [5]. In [1], WFLC with extended Kalman filter-
ing (EKF) was employed for multistep prediction of heart beat.
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Fig. 1. Block diagram for real-time implementation.

Adaptive radiotherapy requires the respiratory motion predic-
tion to track and compensate for lung tumor [2], [25]. Recently,
in [23], multistep prediction was employed for pathological
tremor estimation based on EKF. Physiological tremor predic-
tion is more challenging due to its low amplitude and high-
frequency range (8–12 Hz) compared to respiratory and cardiac
motions that have low-frequency range (< 1 Hz).

In this paper, we analyze the suitability of multistep prediction
for real-time tremor estimation. Two existing methods BMFLC
and AR are modified to develop multistep prediction methods.
A study was conducted with the tremor data of five surgeons
and five novice subjects for various prediction lengths and vari-
ous sampling frequencies. Several variants of these methods are
reviewed to check the suitability for real-time tremor compen-
sation. The phase delay involved in the real-time tremor can-
cellation is analyzed. Experimental results for 1-DOF tremor
estimation in the presence of delay show good improvement
compared to earlier methods.

The rest of the paper is organized as follows: In Section II,
tremor data collection and experimental setup employed are
first discussed. Later multistep-based methods are discussed.
Section III presents simulation and experimental results. Dis-
cussions are provided in Section IV. Section V concludes the
paper.

II. METHODS

In this section, we first discuss about the physiological tremor
data collection. The experimental setup employed for evaluation
of the method is also discussed together with the delay character-
istics. Later, multistep prediction of physiological tremor with
BMFLC- and AR-based methods is discussed.

A. Physiological Tremor Data

Tremor recordings are performed through the micro-motion
sensing system (M 2S2). The resolution, minimum accuracy,
and sampling rate of the M 2S2 are 0.7μm, 98%, and 250 Hz,
respectively [28]. Several surgeons and novice subjects partic-
ipated in this study. All subjects gave informed consent prior
to the test and reported no physical or cognitive impairments.
The subjects had their wrists rested on a small platform of the
(M 2S2) and were asked to take a comfortable seating position.
They had to hold the stylus between their index finger and thumb

in order to ensure that all subjects have similar grip across trials.
Two types of tasks are performed by subjects.

1) Stationary Task: In this task, subjects are instructed to
point the laser light at the center point of the platform
with the stylus provided for 30 s duration.

2) Tracing Task: In this task, subjects trace the circumference
of a circular path on the platform for 30 s, with the speed
that is realistic for surgical micromanipulation tasks.

Several trials were conducted with all the subjects under dif-
ferent magnification and force conditions. Subjects performed
two trials for each different setting with approximately 1 min
break in between settings. Sampling rate of 500 Hz is employed.
For more information about magnification and force conditions,
see [29]. Data of five healthy subjects and five surgeons, and six
trial data per subject are considered for analysis in this paper.

B. Experimental Setup and Latency

The block diagram representation for experimental setup and
filtering is shown in Fig. 1. Accelerometers (ADXL 203, Ana-
log devices, USA) are employed to sense the motion. The
tremor-like motion is generated using a commercially available
nanopositioning stage (P-561.3CD from Physik Instrumente,
Germany) on which a physiological tremor compensation instru-
ment (ITrem [28]) consisting of accelerometers is mounted. For
more information about placing accelerometers in the robotics
instrument, see [28].

The nanopositioning stage is driven in one axis to replicate
the tremor motion within 100 nm, the maximum range of the
stage. The orientation and accelerometer along with the direc-
tion motion are shown in the schematic diagram (see Fig. 1).
The voltage output from the accelerometer is acquired at 500 Hz
using a 16-bit data acquisition card (PD2-MF-150, United Elec-
tronic Industries, Inc, USA). QNX operating system is employed
for real-time implementation. Before the experiment, static cal-
ibration of the accelerometer is performed using a gravity value
of 9.81 m/s2 . The sensitivity value of the accelerometer ob-
tained from the calibration is 980 mV/g. The voltage readings
acquired from accelerometer are converted to acceleration with
a quadratic function. Furthermore, the gravitational component
is subtracted from the measured acceleration.

The accelerometer contains an on-board low-pass filter; the
hardware filter time constant calculated from the step-response
is approximately 3 ms. Numerical integration is performed for
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(a)

(b)

Fig. 2. Frequency response of fifth-order Butterworth bandpass filter. (a) Phase
response. (b) Input tremor signal (solid line) and delayed tremor signal due to
bandpass filtering (dotted line).

TABLE I
PERFORMANCE OF BMFLC-KF [7] IN THE PRESENCE OF PHASE DELAY

converting acceleration to position. After this stage, to separate
the tremulous motion from the voluntary motion and to remove
the unwanted integration drift and noise [30], a fifth-order But-
terworth filter with passband 2–20 Hz is employed as shown in
the block diagram. The filter order and cutoff frequency need
to be chosen so that the filter removes unwanted low-frequency
drift significantly. The choice depends on the sensor noise level
and the frequency spectrum of the tremor signal.

This filtering stage is the main source for phase delay in real
time. For illustration, phase response of fifth-order Butterworth
bandpass filter with passband 2–20 Hz is shown in Fig. 2(a).
To highlight the phase delay, a bandpass-filtered tremor signal
and an original signal are shown in Fig. 2(b). Phase delay is fre-
quency dependent and the actual phase delay depends on tremor
frequency characteristics. As dominant frequency of tremor lies
within the range of 8–12 Hz, an average 12–16 ms phase delay
is identified. Piezo-electric actuators are employed to generate
the tremor signal in opposite direction for active cancellation
and this stage requires 1 ms. Thus, a total of 16–20 ms phase
delay is unavoidable due to hardware and software filtering as
shown in Fig. 1.

In order to study the effect of phase delay on estimation ac-
curacy, various delays are incorporated into the BMFLC-KF
method. Estimation accuracy for various phase delays with
single-step prediction is tabulated in Table I. To quantify the
performance, in this paper, we employ the root mean square

(RMS) defined as RMS(s) =
√

(
∑k=m

k=1 (sk )2/m), where m is

(a) (b)

Fig. 3. (a) Signal model. (b) Block diagram for multistep prediction.

the number of samples and sk is the input signal at instant k.
Based on RMS, %Accuracy is defined as

%Accuracy =
RMS(s) − RMS(e)

RMS(s)
× 100

where e is the prediction error between an actual signal and a
predicted signal.

It can be seen that a delay as small as 16–20 ms can adversely
affect the performance of the robotic instrument in canceling
the tremor in real time. To overcome this phase delay, multistep
prediction based on BMFLC and AR methods is developed in
this paper for tremor estimation.

C. Multistep Prediction With BMFLC (MS-BMFLC)

To overcome the problems with tremor signals comprising
of multiple dominant frequencies, BMFLC [7] was recently
developed. To estimate the tremor signal in the predefined band
[ω1 − ωn ], a series comprising of sine and cosine components
are combined to form BMFLC

yk =
n∑

r=1

ark sin(ωrk) + brk cos(ωrk) (1)

where yk denotes the estimated signal at sampling instant k.
ark and brk represent the adaptive weights corresponding to
the frequency ωr at instant k. Δω represents the step size in
the frequency band [ω1 − ωn ] division and n = |ω1 − ωn |/Δω.
The series only considers “n” fundamental frequencies in the
band.

The signal model employed for adaptive estimation is shown
in Fig. 3(a). sk represents the amplitude of the signal at the
kth sample. The model xk together with the adaptive weights
wk represents the time-varying model for the signal sk in the
state-space form as

sk = wT
k xk + ek (2)

wk+1 = wk + ηk (3)

where ek and ηk are measurement noise and process noise,
respectively. The state-space representation for BMFLC can be
described in the form

xk =
[

[ sin(ω1k) · · · sin(ωnk) ]T

[ cos(ω1k) · · · cos(ωnk) ]T

]
(4)
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TABLE II
ADAPTATION SCHEMES

wk =

[
[ a1k a2k · · · ank ]T

[ b1k b2k · · · bnk ]T

]
. (5)

When no priori information is available, the state dynamics
can be best described by a random walk model (3) [31]. Adap-
tive algorithms like least mean square (LMS) and Kalman filter
(KF) can be employed for adaptive estimation of state wk . For
amplitude adaptation with LMS, the adaptation scheme is pro-
vided in Table II. μ is the adaptive gain parameter that controls
the adaptation rate [32] for estimation of ŵk . With the assump-
tion that ek and ηk are uncorrelated, zero-mean, Gaussian white
noise processes with covariances R and Q. The estimates for
state ŵk and the state error covariance Pk can be obtained re-
cursively by KF [33] with proper initial conditions w0 and P0 .
The KF adaptation scheme is provided in Table II. Kk is the
Kalman gain vector. Although the premise of the noise may not
hold for the signal, the KF can provide the minimum mean-
squared error estimators within the class of linear estimators.
Employing LMS or KF, the estimated output yk and prediction
error εk [shown in Fig. 3(b)] can be obtained as

yk = ŵT
k xk (6)

εk = sk − yk . (7)

In contrast to aforementioned, multistep prediction requires
prediction of the signal yk+h several samples ahead (say h
samples), based on its past observations sk , sk−1 . . ., as shown in
Fig. 3(b). The model is represented by the reference vector, and
the weights (ŵk ) represent the estimated adaptive parameters
(states). In BMFLC, the reference vector (xk ) comprises sine
and cosine components of predefined input frequencies. Hence,
the input reference can be accurately known for prediction.
Assuming adaptive weights to remain constant over prediction
length, an accurate multistep prediction can be obtained. With
the reference vector (xk+h ) accurately known at the time instant
k + h, the estimated parameters (weights) at the current sample
(ŵk ) can be employed to obtain multistep prediction for output
yk+h as

ŷk+h = ŵT
k xk+h . (8)

The model parameters of BMFLC used for the estimation
of tremor are amplitude weights (wk ) and the reference vector
(xk ). The block diagram representation for multistep prediction
with BMFLC is shown in Fig. 4. The amplitude of the signal h
samples ahead can be predicted as

ŷk+h = xT
k+hŵk+h (9)

where

Fig. 4. Multistep prediction with BMFLC.

Fig. 5. Multistep prediction with the AR method.

1) ŵk+h = ŵk (amplitude weight vector (state vector) re-
mains constant for k to k + h samples);

2) xk+h =

[
[ sin(ω1(k + h)) · · · sin(ωn (k + h)) ]T

[ cos(ω1(k + h)) · · · cos(ωn (k + h)) ]T

]
.

Hereafter, multistep prediction-based BMFLC-LMS and
BMFLC-KF are referred as MS-BMFLC-LMS and MS-
BMFLC-KF, respectively.

D. Multistep Prediction With the AR model (MS-AR)

The AR model is a type of random process which is popular
for prediction of various types of natural phenomena. It is also
one of the linear prediction methods that is designed to predict
an output of a system based on the previous outputs. The AR
model of order M can be represented as AR(M ), described as

sk =
M∑
i=1

wi sk−i .

By denoting

wk = [−w1 −w2 · · · −wM ]T

xk = [ sk−1 sk−2 · · · sk−M ]

the AR model can be represented in the state-space form (2),
(3). Adaptive algorithms both LMS and KF can be employed as
discussed in the previous section.

The AR model prediction is dependent on the delayed in-
put vector xk and amplitude weights wk . Multistep prediction
scheme with the AR model is shown in Fig. 5. The amplitude
of the signal predicted at h samples ahead using the AR model
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Fig. 6. Performance analysis.

can be obtained as

ŷk+h = x̂T
k+hŵk+h (10)

where
1) ŵk+h = ŵk (the amplitude weight vector remains con-

stant for k to (k + h) samples);
2) x̂k+ l = [ ŷk−l−1 ŷk−l−2 · · · ŷk−l−M ] ; l = 1, 2, · · · , h (the

input vector x̂k is updated iteratively).

III. RESULTS

In this section, we analyze the performance of the proposed
multistep prediction methods through simulations and experi-
ments. To quantify the performance, we employ %Accuracy as
defined in (1).

A. Performance Analysis

In this section, we present performance analysis of all meth-
ods through simulations for the data of ten subjects. We also in-
clude WFLC-LMS/KF methods for comparison. To accurately
analyze the performance in the presence of delay, we induce a
known delay into the process as shown in Fig. 6. A zero-phase
bandpass filter is employed to remove the voluntary motion. We
then analyze the comparative performance of all methods for
various prediction lengths and various sampling rates.

1) Parameter Selection: For adaptive estimation algorithms,
parameter selection and initialization can affect the estimation
accuracy. Parameter selection for BMFLC- and WFLC-based
methods is well documented. For more information, see [3], [7],
and [15]. For the AR model, optimal order selection and ini-
tialization depends on data characteristics. For the tremor data
collected in our study, Akakie information criterion (AIC) [34]
identified the third-order of the AR model as the optimal order.
Furthermore, to reduce the initial adaptation period required for
the weights of AR methods, analysis was conducted on steady-
state weights for all the subjects. Results show that the variance
of the steady-state weights across all subjects and tasks is neg-
ligible. For the sake of initialization, we select a common set
of filter coefficients as w0 = {−2.88,−0.94, 2.83} to initialize
both the methods AR-LMS and AR-KF. Parameter selection
and initialization for all methods are tabulated in Table III.

2) Estimation Accuracy Versus Prediction Length: We
choose various prediction lengths [4 (2 samples), 8, 16, and
20 ms (ten samples)] for the tremor signal to analyze the perfor-
mance of all methods. To quantify the performance, analysis is

conducted on the tremor data of ten subjects (five surgeons and
five subjects) with six trials/subject. The statistical results (mean
and variance) obtained for all the methods are shown in Fig. 7.
Results for different prediction lengths (4, 8, 16, and 20 ms) are
shown together with single-step prediction for comparison.

For all prediction lengths, KF-based methods outperform
its LMS counterparts. For single-step prediction methods
%Accuracy decreases as prediction length increases. With the
multistep prediction method, a good estimation accuracy can
be obtained for higher prediction lengths as shown in Fig. 7.
For example, the estimation accuracy obtained with AR-KF is
8 ± 3% for 20 ms ahead prediction, whereas with MS-AR-KF
the estimation accuracy increases to 81 ± 2%. MS-AR-KF and
MS-BMFLC-KF perform better than MS-WFLC-KF for higher
prediction lengths.

For illustration, the prediction errors for all methods for 20 ms
(ten samples) of prediction length for Subject #3 (tracing task)
are shown in Fig. 8. The tremor signal and the prediction error
obtained with BMFLC-KF for 20 ms is shown in Fig. 8(a) and
(b), respectively. The results obtained with multistep prediction
methods (MS-WFLC-KF, MS-BMFLC-KF, and MS-AR-KF)
are shown in Fig. 8(c)–(e). This clearly highlights the robustness
and suitability of the multistep prediction methods for tremor
prediction.

3) Estimation Accuracy Versus Sampling Rate: The number
of samples required for prediction is proportional to the sam-
pling frequency employed; this indeed affects the prediction ac-
curacy for high sampling frequencies. The optimal order for the
AR model is identified with AIC for different sampling frequen-
cies. With 1000 Hz sampling frequency, AIC identified 32-order
as the optimal order for 16 and 20 ms prediction lengths. For the
rest of prediction lengths (4 and 8 ms), third order is identified
as optimal order for the AR model. Prediction accuracies ob-
tained for various sampling frequencies for all multistep tremor
estimation methods are shown in Fig. 9. MS-BMFLC-KF accu-
racy remained constant irrespective of the sampling rate. For the
case of the MS-AR-KF method, estimation accuracy decreased
with increase of the sampling frequency.

4) Computational Complexity: For real-time tremor com-
pensation in robotics instruments, computational complexity
also plays an important role in minimizing the delay. The com-
putational complexity of adaptive algorithms mainly relies on
observation and state-space dimensions of the method [35]. The
computational complexity of KF is given by O(3ln2); l and n
are observation and state dimensions, respectively [35]. As er-
ror is a scalar quantity, the computational complexity of LMS is
given by O(N), where N is the order of the filter. For the case
of WFLC and AR, prefiltering is required to remove the vol-
untary component in tremor. For real-time implementation of a
Butterworth N th-order filter, the number of operations required
is 2(2N + 1). Thus, a fifth-order filter will require 22 operations.
A comparative study is conducted on all the methods for com-
putational complexity and the number of operations is tabulated
in Table IV. BMFLC-KF requires more operations compared to
other methods, whereas AR requires less number of operations.
Depending on the available memory and computational power,
the suitable method can be selected for real-time applications.
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TABLE III
METHODS AND PARAMETERS

(a) (b) (c)

Fig. 7. Multistep prediction for various prediction lengths: (a) xBMFLC, (b) AR, and (c) WFLC. Representation is standard deviation around mean.

(a)

(b)

(c)

(d)

(e)

Fig. 8. (a) Tremor signal (Subject #3, tracing task). (b) Prediction error with
single-step prediction for BMFLC-KF. (c)–(e) Prediction error during the mul-
tistep prediction with 20 ms (ten samples) of prediction length for WFLC-KF,
BMFLC-KF, and AR-KF.

(a) (b)

(c) (d)

Fig. 9. Multistep prediction accuracy for various sampling frequencies and
various prediction lengths. (a) Prediction length 4 ms. (b) Prediction length
8 ms. (c) Prediction length 16 ms. (d) Prediction length 20 ms.

TABLE IV
COMPUTATIONAL COMPLEXITY

B. Experimental Validation

In this section, we present the experimental results for
MS-AR-KF and MS-AR-LMS methods. Since BMFLC was
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Fig. 10. Experimental procedure.

evaluated experimentally earlier [36] and as the performance
was similar to AR-based methods, we only evaluate AR meth-
ods experimentally in this section. In order to simulate the real-
time estimation/cancellation scenario, we employ the procedure
shown in Fig. 10 for experimental validation. To include the de-
lay caused by hardware low-pass filter at the beginning and delay
incurred at the cancellation end, a 4 ms delay is induced into the
procedure as shown in Fig. 10. To obtain the ground truth for
performance validation, we employ zero-phase bandpass filter
in offline. A zero-phase bandpass filter processes the data in
bidirections to remove the phase delay involved. As such, this
procedure can only be used for offline analysis.

As discussed earlier in Section II-B, the nanopositioning stage
is driven in one axis to replicate the tremor motion from the
subject as shown in Fig. 10. Experiments are conducted with
data of three subjects [S#1 (tracing task), S#2 (tracing task),
and S#4 (pointing task)] with two trials per subject. Parameters
and initial conditions for real-time experiments are similar to
simulation experiments.

For illustration, results obtained with the tremor data of sub-
ject #1 (tracing task) are shown in Fig. 11. The zero-phase
bandpass-filtered tremor signal is shown in Fig. 11(a). With
the bandpass filter stage employed, an average phase delay in
the range of 14–16 ms is introduced depending on the tremor
characteristics. Together with the induced delay 4 ms, ten sam-
ples ahead prediction (20 ms) is considered. With MS-AR-LMS
and MS-AR-KF prediction methods, accuracies obtained are
51 ± 2% and 66 ± 1%, respectively. For the sake of compar-
ison, a single-step prediction error with AR-KF is shown in
Fig. 11(b). Due to 20 ms phase delay, the %Accuracy for single-
step prediction with AR-KF is 7 ± 1%. The results obtained for
all the three subjects show similar performance. The % accu-
racies obtained with MS-AR-LMS and MS-AR-KF methods
are 53 ± 4% and 64 ± 2%, respectively. Experimental results
show that MS-AR-KF improves prediction accuracy by over
60% compared to single-step prediction. Although 1-DOF can-
cellation is discussed in this paper, the proposed method can be
applied for the three axes separately and 3-DOF cancellation of
tremor can be achieved simultaneously.

IV. DISCUSSIONS

For separation of the voluntary motion and tremor motion, a
bandpass filter is employed in this paper. Although a bandpass

(a)

(b)

(c)

(d)

Fig. 11. Experimental results. (a) Tremor signal (Subject #1, tracing task).
(b) Prediction error with AR-KF. (c) Prediction error with MS-AR-LMS.
(d) Prediction error with MS-AR-KF.

filter introduces delay, it is also required to remove the drift
caused by the double integration of acceleration data to obtain
position. The bandpass filter serves for dual purpose in elimi-
nating the voluntary motion and the integration drift. Recently,
in [6], a filter based on the ARMA model stochastic framework
was proposed for online filtering of the pathological tremor
and voluntary motion. Indeed, physiological and pathological
tremors have different etiology and exhibit different character-
istics in both time and spectral domains [37]. So, the filter in [6]
is not suitable for the physiological tremor with multiple domi-
nant frequency components.

BMFLC can filter the voluntary motion and tremor motion
without the need of bandpass filtering [7], whereas AR methods
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and WFLC require an additional bandpass filtering stage (as
performed in this paper) for the removal of the voluntary motion
in the tremor signal. Further, these methods are not suitable
when accelerometers are involved for sensing position as double
integration is required. Comparatively, BMFLC can separate the
voluntary and involuntary motion and can provide the tremor
signal in the displacement domain without the need of numerical
integration [7].

Microsurgery involves a lot of complex gestures, e.g., a in-
tentional sudden jerk caused by a surgeon is a huge challenge
for identification and filtering in real time. Moreover, when ac-
celerometers are employed, unwanted drift is introduced due to
numerical integration. Although BMFLC does not require the
bandpass filter, due to presence of these high-frequency com-
ponents and noise, a bandpass filter stage is always required
when accelerometers are employed. Furthermore, for applica-
tions where tremor characteristics are not known, BMFLC re-
quires a large bandwidth (e.g., 2–20 Hz bandwidth as employed
in this paper) and this highly increases the computational com-
plexity and affects the performance of BMFLC. Moreover, the
bandpass filter stage can filter the tremor within a small band-
width and it improves the filtering accuracy of BMFLC- and
AR-based methods.

For the case of surgical devices, BMFLC-KF or AR-KF can
both be employed for tremor prediction. However, for appli-
cations that requires onboard tremor estimation, with limited
memory and processing speed, computational complexity can
severely affect the performance. For those kinds of applications,
AR-KF is more suitable.

For most of the subjects, 18–20 ms delay was identified as
most surgeons tremor is in the high-frequency range. Although
the phase delay caused by the bandpass filter can be time vary-
ing, an approximate constant phase lag can be estimated. Based
on this lag, the multistep prediction was employed. For the case
of time-varying delay, an adaptive multistep method that adjusts
to the time delay can also be implemented. This issue will be
discussed elsewhere.

V. CONCLUSION

In this paper, multistep prediction with BMFLC- and AR-
based methods are developed for real-time tremor estimation
for active cancellation. The analysis conducted for multistep
prediction revealed that it largely improves the prediction accu-
racy. Comparatively, KF-based methods performed better com-
pared to their LMS-based counterparts. WFLC-based methods
are not suitable for multistep prediction due to the presence of
single dominant frequency in the signal model. Both AR-KF
and BMFLC-KF show similar performance and are more suit-
able for the tremor applications. Results with various prediction
lengths and sampling frequencies highlight the robustness of the
proposed approach. With an accurate estimation of delay, good
estimation accuracy can be obtained for real-time applications.
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