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Abstract—For effective tremor compensation in robotics
assisted hand-held device, accurate filtering of tremulous motion
is necessary. The time-varying unknown phase delay that arises
due to both software (filtering) and hardware (sensors) in these
robotics instruments adversely affects the device performance.
In this paper, moving window-based least squares support vector machines approach is formulated for multistep prediction of
tremor to overcome the time-varying delay. This approach relies
on the kernel-learning technique and does not require the knowledge of prediction horizon compared to the existing methods that
require the delay to be known as a priori. The proposed method is
evaluated through simulations and experiments with the tremor
data recorded from surgeons and novice subjects. Comparison
with the state-of-the-art techniques highlights the suitability and
better performance of the proposed method.
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(LS-SVM), multistep
tremor.

squares support vector
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I. I NTRODUCTION
HYSIOLOGICAL tremor defined as an involuntary,
roughly sinusoidal component inherent in normal hand
motion. It has multiple dominant frequencies usually distributed between 6 to 14 Hz with an amplitude of
50 to 100 μm in each principal axis [1]–[4]. The dominant frequencies of physiological tremor are usually limited to 4 Hz bandwidth (for e.g., 8–12 Hz for a typical
healthy subject) [4]–[8]. The analysis conducted on physiological tremor time series in [4]–[6] and [9]–[12] suggested
that tremor is nonstationary in nature and exhibits significant
variations in amplitude, frequency, and bandwidth over the
time. Physiological tremor is the main cause for human imprecision during microsurgery [1], [13]. Microsurgery requires
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precise manual positioning of hand, for e.g., vitreoretinal
microsurgery requires a positioning accuracy of 10 μm [3].
Presence of physiological tremor adversely affects the efficacy of surgeon and restricts the number of qualified
microsurgeons [1], [13]. Thereby, to improve the performance
of microsurgeon, several techniques based on robotics have
been proposed [2], [14]–[18]. Of these techniques, hand-held
robotic instruments can retain the skills possessed by the
surgeons and augment the tip positioning accuracy in realtime [18], [19]. Further, recent studies showed that micro
surgeons tremor characteristics differ from normal subjects
and the cancellation of former’s tremor with robotics is more
challenging [4], [15].
In typical hand-held instruments [19], the tremor compensation comprises of three stages: 1) sensing (with accelerometers); 2) filtering and modeling (to separate voluntary and
tremulous motions); and 3) compensation (canceling the
tremulous motion with opposite actuation). For effective
tremor compensation, all the three stages have to be accomplished in one cycle without any phase lag. The meticulous
nature of the microsurgical procedures restrict the voluntary movements to low frequency components i.e., less than
2 Hz [20]. Thus, in hand-held instruments, to separate the
tremulous motion from voluntary motion, noise and other disturbances, a bandpass filter with pass band (2–20 Hz) was
employed [19]. Due to the presence of the linear filter in the
process, time-varying phase delay of 12–16 ms is introduced
into the process. Furthermore, a hardware low-pass filter in
the accelerometers adds an additional 4 ms to this delay. More
details are provided in Section II-C.
Recently, several signal processing algorithms have been
developed to model and predict physiological tremor with the
aid of robotic devices [4], [5], [14], [15], [21]. Comparative
performance of all tremor prediction algorithms was provided in [5]. Band-limited multiple Fourier linear combiner (BMFLC) with Kalman filter (KF) (BMFLC-KF),
and autoregressive model (AR) with KF (AR-KF) outperform other algorithms [5]. Although the methods provide
a good prediction accuracy, the performance is adversely
affected in the presence of phase delay. Tatinati et al. [5]
and Veluvolu et al. [8] have documented the effect of
phase delay on the tremor compensation in surgical
robotics applications. As a solution to overcome the phase
delay, multistep prediction of tremor with modifications
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to BMFLC-KF (MS-BMFLC-KF) and AR-KF (MS-AR-KF)
have been proposed in [8]. These methods require the actual
knowledge of the prediction horizon for accurate estimation.
Furthermore, both the methods assume the process to be nonstationary in the given prediction horizon. In [8], a constant
prediction horizon of 20 ms is employed to perform multistep prediction with both the methods. Since the tremor
characteristics are time-varying (surgeon dependent) within the
frequency band of 6–14 Hz, phase delay of band pass filtered
tremor signal varies in the range of 12–20 ms and cannot be
estimated in real-time. The time-varying phase delay in filtering process significantly effects the prediction performance of
both MS-BMFLC-KF and MS-AR-KF. Hence a method that
can model and predict tremor without any prior knowledge
of prediction horizon is required to improve the prediction
performance.
To address these issues, in this paper, machine learning technique is employed to perform multistep prediction
of tremor without any prior knowledge of the prediction
horizon. Machine learning techniques embody nontrivial
relationships with the training data in order to interpret
the testing data [22]. These techniques have been successfully applied in many domains such as pattern recognition and classification [23], [24], object detection and
localization [25], [26], and prediction of physiological signals like respiration [27]. In this paper, to perform tremor
prediction least squares support vector machines (LS-SVM)
is employed. The method has been popular for classification, function estimation/system identification and time series
prediction [28]–[31].
In time series prediction applications, LS-SVM formulates a
nonlinear mapping between the input data and the corresponding output data in offline [32], [33]. The obtained nonlinear
mapping is then employed for online prediction [32], [33].
The performance of LS-SVM relies on the correlation between
the training data and the data employed for prediction. For
nonstationary signals such as tremor, this technique does not
guarantee good performance due to weak correlation. On the
other hand, updating the nonlinear mapping with the new data
at every iteration results in increasing the computational complexity. A moving window-based LS-SVM (MWLS-SVM) is
developed for multistep prediction of tremor in this paper.
By updating the nonlinear mapping at every iteration, the
method can adapt to the time-varying characteristics of tremor.
Further, this procedure does not require the knowledge of
prediction horizon like earlier methods. Analysis was conducted on the tremor data collected from five surgeons and
five novice subjects to validate the proposed method. The
performance of the method is validated thru simulations and
experiments. Results show that, the proposed method provides
better prediction accuracy compared to the state-of-the-art
techniques.
The rest of this paper is organized as follows. In Section II,
the brief description of LS-SVM and the proposed online
training approach are discussed. Section III provides tremor
data collection procedure, obtained results and implications.
Later, discussions are provided in Section IV, while Section V
concludes this paper.
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II. M ATERIALS AND M ETHODS
In this section, we first discuss the physiological tremor data
collection procedure from surgeons and novice subjects that is
used for analysis in this paper. Later, the methods formulated
for multistep prediction are discussed.
A. Physiological Tremor Data Collection
1) Experimental Setup: Tremor recordings were performed
through the micro motion sensing system (M2S2) and a
sensorized stylus [6]. M2S2 provides a measurement in a
10 × 10 × 10 mm3 workspace, with a resolution of 0.7 μm
and minimum accuracy of 98% [34]. The sensorized stylus is
designed with similar mass characteristics to a typical surgical
instrument and a reflector ball at its tip. M2S2 calculates the
3-D displacement of the ball inside the workspace using the
centroid position of the infrared rays that are reflected from
the ball and strike the photo sensitive diodes. For more details
about the design of M2S2 and stylus and the data acquisition
with M2S2, please refer to [6] and [34].
2) Experimental Protocol: Two types of tasks are performed by the subjects [6].
1) Pointing Task: In this task, two dots were displayed
on the monitor screen. One dot is white in color and
fixed while the another dot is orange in color, the latter
will move according to the user‘s tool tip movement.
The subject was then instructed to keep the orange dot
overlapping the white dot for 30s.
2) Tracing Task: At the beginning of this task, a circle with
4 mm diameter was displayed on the monitor screen. The
subject was then instructed to trace the circumference of
the circle in clockwise direction as accurately as possible
for 30s with the speed that is realistic for surgical micro
manipulation tasks.
Each task was performed with three magnifications:
1) 1 x; 2) 10 x; and 3) 20 x, and with three different levels
of grip force: 1) 1–2 N; 2) 2.5–3.5 N; and 3) 4–5 N. Subjects
performed two trials for each different setting with approximately 1 min break in between. Sampling frequency of 500 Hz
was employed. For more information about magnification and
force conditions, see [6].
The time-frequency characteristics of surgeons and novice
subjects were analyzed in [15]. It was shown that the tremor
profile and time-frequency characteristics are different for surgeons and novice subjects. Surgeons tremor profile is more
complex with a distributed spectrum and of low amplitude as
compared to the novice subjects [15]. In [6], it was reported
that grip force level has no effect on physiological tremor
amplitude whereas magnification with 10 x showed a marginal
decrease in amplitude of physiological tremor irrespective of
the task performed. For the performance analysis in this paper,
we chose three trails per task performed (pointing task, tracing task). Further, for each task, trials performed with different
magnification level (1 x, 10 x, and 20 x) and same grip force
(1–2 N) were chosen. Tremor data of five surgeons and five
novice subjects with six trials per subject were considered for
analysis in this paper. For more details about trials selection,
see [5], [6], [15].
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B. Methods
In this subsection, the basic formulation of LS-SVM followed by the proposed framework for online training with
LS-SVM are described.
1) Standard LS-SVM: SVM map the input data into a
higher-dimensional feature space via a nonlinear mapping ϕ(·)
and then perform the linear regression [32], [33]. Accordingly,
regression approximation addresses the problem of estimating
a function based on given training data {xi , yi }N
i=1 with xi as n
input vector of dimension n and yi as the corresponding output. The regression model for LS-SVM can be given in the
form
y = wT ϕ(x) + b

(1)

where w is the weight vector and b is the bias.
LS-SVM is the least squares version of SVM. In LS-SVM,
Vapnik’s insensitive loss function has been replaced by a
mean square error cost function [33]. Due to this reformulation, the optimal solution with LS-SVM is obtained directly
by solving a set of linear equations rather than a convex
quadratic program. Furthermore, this reformulation reduces
the computational complexity significantly.
The optimization problem for the function estimation with
LS-SVM is defined as follows:
N

1
e2i
(2)
min J(w, e) = wT w + C
w,b,e
2
i=1

subject to the constraints yi = wT ϕ(xi ) + b + ei ;
i = 1, 2, . . . , N; where C is a regularization constant and ei is
the estimation error.
The Lagrangian function for the optimization problem can
be given as
L(w, b, e; α) = J(w, e) −

N




αi wT ϕ(xi ) + b + ei − yi

(3)

i=1

where α = [α1 , α2 , . . . , αN ] represents the Lagrangian
multipliers.
The Karush–Kuhun–Tucker (KKT) [33] conditions for the
optimization problem are given as
⎫
N
∂L
⎪
i=1 αi ϕ(x)
∂w = 0 → w =
⎪
⎪
⎪
∂L
⎬
=
0
→
α
=
Ce
i
i
∂ei
.
(4)

N
∂L
⎪
⎪
i=1 αi = 0
∂b = 0 →
⎪
⎪
⎭
∂L
T
∂αi = 0 → w ϕ(xi ) + b + ei − yi = 0
After eliminating ei and w from (3) by using the KKT conditions (4), the optimization solution becomes a set of linear
equations, given as
where δN

=

δN = N−1 yN
−
→
[b, α1 , . . . , αN ]T ; 1

(5)

= [1, 1, . . . , 1]T ;
−
→T
0
1
y = [y1 , y2 , . . . , yN ]T ; N =
and 
−
→T
1  + C−1 I
follows Mercer’s condition [33] i.e., ij = K(xi , xj ) =
ϕ(xi )T ϕ(xj ); i, j = 1, 2, . . . , N and K(·, ·) represents the
kernel function. In this paper, RBF kernel function is
employed, can be defined as K(x, xi ) = exp{−||x − xi ||2 /σ 2 }.

From (1) and (5), the prediction model with LS-SVM is
obtained as
ŷ(k + T) =

N


αi K(xi , xk ) + b; k = N + 1, . . . , l

(6)

i=1

where b and α are from (5) and l is the length of test signal.
Although LS-SVM has been popular for time series prediction and financial forecasting, its performance is not effective when the signal characteristics often change with time.
Recently, in [27], an online training method for SVM was
implemented for respiratory motion prediction. However, this
method focuses on incrementing the training set with the available new sample. Further, respiratory motion is semi periodic
in nature with slow-varying characteristics (frequency range
< 1 Hz). Physiological tremor is a quasi periodic signal and
lies in the high frequency range (6–14 Hz). Together with the
nonstationary characteristics, the multistep prediction becomes
much more challenging with LS-SVM compared to the other
physiological motions like respiratory motions.
To address these issues, MWLS-SVM is proposed in next
subsection.
2) MWLS-SVM: Compared to the existing variants of
LS-SVM [28], [29], the main difference of the proposed
method lies in updating the training set and the parameters
α, b for every iteration, thereby reducing the computational
complexity. A fixed window length is maintained by discarding the oldest sample from training set, as shown in Fig. 1.
To avoid matrix inversion (N−1 ) and to decrease the computational complexity, incremental algorithm is employed to
increment the training set and decremental algorithm to discard the oldest sample. This moving window training approach
allows LS-SVM to track the nonstationary dynamics in tremor
signal more effectively without increasing the computational
complexity.
The incremental and decremental algorithms employed for
MWLS-SVM are discussed below.
Let (xN+1 , yN+1 ) be a new data pair, then the incremental
algorithm updates the trained LS-SVM (of N data pairs) by
adding the new data pair and then computes the inverse of the
matrix N in (5), for N + 1 data pairs (N+1 ), without explicitly calculating the inverse. From (5), the optimal solution with
the incremented training set (N + 1 data pairs) is
−1
yN+1
δN+1 = N+1

(7)
N a
;
aT c
[1; K(x1 ; xN+1 ); · · · ;

where δN+1 = [b, α1 , . . . , αN , αN+1 ]T ; N+1 =

yN+1 = [yN ŷk+T ]T ; and a =
K(xN , xN+1 )].
−1
from N−1 without
Incremental algorithm updates N+1
the explicit computation of the matrix inverse. The mathematical proof for calculating the augmented matrix is well
documented [35] and the main result is reproduced here for
convenience of readers
−1
=
N+1

N−1 0T
0
0

−1


N−1 a
+ c − aT N−1 a
aT N−1 − 1
−1

(8)
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Fig. 1.

Block diagram representation for tremor prediction with MWLS-SVM.

Fig. 2.

Latency in the tremor compensation.

where N−1 is obtained from trained LS-SVM, while c and a
are obtained from (7).
Similar to the incremental algorithm, to avoid matrix inversion while discarding the oldest sample, N−1 is updated from
−1
N+1
, here N−1 is the inversion of matrix N+1 without kth
row and kth column.
Let (xk , yk ) be the data pair that is to be removed from the
N + 1 existing data pairs. Without the explicit calculation of
the matrix inversion for the N data pairs, the following update
is employed [29]:
ij−1 = ij−1 −

ik−1 kj−1
−1
kk

(9)

where i, j = 1, . . . , N; i, j = k, ij−1 stands for ith row and jth
−1
.
column of N+1
From (5), the corresponding Lagrangian multipliers and
bias values are computed for the updated N data pairs. With
the updated Lagrangian multipliers and bias, prediction is
performed with (6).
C. Tremor Prediction With MWLS-SVM
Tremor compensation mechanism employed in hand-held
instrument [19] is shown in Fig. 2. In this device, accelerometers form the core part for sensing the maneuvered motion
due to its small size and versatility. The sensed motion from
the accelerometers is in acceleration domain, numerical double
integration is required to obtain the position domain. A fifth
order Butterworth bandpass filter with a pass band of 2–20 Hz

331

is employed to separate the tremulous motion from intended
motion and also to eliminate the unwanted integration drift
obtained while converting acceleration to position domain. The
filtered tremor signal is adaptively modeled to generate an
opposing motion to compensate tremor. The compensation was
performed thru piezo electric actuators in the position domain.
Although the filtering and estimation of tremor signal is
effective and accurate, real-time tremor compensation with
hand-held instruments is hampered by other factors such as
phase delay, drift, and noise. Of these, phase delay is the
major factor that affects the tremor compensation adversely
in real-time [5]. The prime source for this phase delay is the
employment of linear filters in the tremor filtering and compensation procedure [15], [34]. In the sensing stage, a delay
of 3 ms was identified due to the presence of an on-board
low-pass filter in accelerometers. Further, the band pass filter employed in the filtering and modeling stage introduces a
time varying delay of 12–16 ms. An additional delay of 1 ms is
identified while performing compensation with the piezo electric actuators. Thus, a total delay in the range of 16–20 ms is
unavoidable from sensing to compensation in hand-held instruments. Although, the delays from sensing and compensation
stages are constant, the filtering and modeling stage introduces
frequency dependent delay (time varying phase delay).
The proposed approach updates the formulated offline
nonlinear mapping with moving window approach at
every iteration. To form the nonlinear mapping for delay,
MWLS-SVM is trained offline with N samples of bandpass
filtered tremor data and zero-phase band pass filtered tremor

332

IEEE TRANSACTIONS ON CYBERNETICS, VOL. 45, NO. 2, FEBRUARY 2015

TABLE I
O PTIMAL R ANGES F OR C AND σ 2 S ELECTION W ITH
VARIOUS VALUES OF N

Fig. 3.

Offline training for MWLS-SVM.

III. R ESULTS
In this section, we first discuss the parameter selection
procedure of MWLS-SVM for tremor prediction. Later, the
performance analysis in comparison with existing methods are
discussed.
In this paper, to quantify the performance we employ
%accuracy, defined as
RMS(s) − RMS(e)
× 100
RMS(s)

2
where root mean squares (RMS)(s) = ( k=m
k=1 (sk ) /m), m is
the number of samples, sk is the input signal at instant k, and
e is the prediction error between actual signal and predicted
signal.
%accuracy =

Fig. 4.

Flowchart representation of MWLS-SVM.

data as shown in Fig. 3. The nonlinear mapping (N−1 ) and
the corresponding parameters (α and b) are calculated offline
with (5) as shown in Fig. 3. Ahead prediction of tremor
can be performed with the obtained nonlinear mapping as
shown in (6).
In real-time, with the arrival of a new sample, the nonlinear mapping is updated with the moving window approach, as
shown in Fig. 4. Initially, with the arrival of new sample, the
training set will be updated to N + 1 samples. Accordingly,
−1
for the updated
the incremental algorithm calculate N+1
training set of N + 1 samples by using N−1 and (8), without the matrix inversion and decrement algorithm computes
−1
, as shown in (9).
N−1 for the new training set from N+1
−1
The size of nonlinear mapping (N ) will thus remain fixed
as N. As the main purpose of this algorithm is for real-time
applicability, only new sample (data pair) is augmented to
the existing training set as and when the new sample arrives
in real-time. As the incremental algorithm augments the single data pair, the decremental algorithm discards the oldest
single data pair. The parameters α and b for the updated N
data pairs are obtained from (5) and the corresponding output can be predicted from (6). Flowchart representation of the
procedure employed for multistep prediction of tremor with
MWLS-SVM is shown in Fig. 4. With this procedure, the
method does not require the prior knowledge of the delay as
required in earlier methods.

A. Parameter Selection
Performance of MWLS-SVM relies on the appropriate initialization of the parameters: regularization constant (C), RBF
kernel variance (σ ), the number of training samples (N), and
the signal history for regression (n). For initialization, a study
was conducted on tremor data of all subjects and trials over a
range of values for all parameters.
1) Selection of C and σ 2 : C affects the prediction accuracy.
Small magnitude of C yields an inaccurate regression model
to fit the training data, whereas a large magnitude of C results
in over-fitting. The mapping of data from low dimensional
to high dimensional space is then performed with the kernel
functions. Thus tuning the parameter σ 2 in RBF kernel is vital.
To identify the optimal initialization for the hyper parameters,
we initially performed a grid search (analysis on variations in
prediction accuracy for multistep prediction as described in
Section II-C) separately for both surgeons and novice subjects with exponentially increasing values for (C, σ 2 ) i.e.,
100 < C < 104 and 10−9 < σ 2 < 100 . Based on the results
obtained with the wider range of values for the hyper parameters, a region of values with better prediction accuracy was
then identified and an exhaustive grid search was conducted
on the selected region. Based on the better prediction accuracy
values, the finer grid region identified for tremor prediction
was 20 < C < 200 and 10−6 < σ 2 < 100 . For further
information, refer to the supplementary materials of this paper.
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TABLE II
M ETHODS AND PARAMETERS

(a)

(b)
Fig. 5.
Grid analysis of %accuracy for various values of C and σ 2 ;
N = 500. (a) Surgeon’s group. (b) Novice subject’s group.

Fig. 7.

Single-step prediction with MWLS-SVM.

operations for every iteration) is in the order of O(2N).
The results obtained are shown in Fig. 6. Results show that
N = 500 is the optimal number that yields good %accuracy
and requires less computational complexity. The input vector
length is selected based on the autocorrelation factor [27] and
is identified as n = 12 for selected N = 500.
To evaluate the performance, the proposed approach is compared with the existing methods BMFLC-KF, AR-KF, and
LS-SVM. Methods employed together with their parameters
are tabulated in Table II.
Fig. 6. Selection of signal history for offline training. Computational complexity (number of operations) of MWLS-SVM for every iteration (green in
color).

B. Simulation Results

Results obtained with the finer grid for hyper parameters and
various values for N are tabulated in Table I. Results show
that the region 80 ≤ C ≤ 100 and σ 2 ≤ 0.01 ensure stability
and accuracy for both the groups. For illustration, the analysis
conducted with N = 500 is shown in Fig. 5. The plots represent the average accuracy obtained for all subjects and trials
in the corresponding group.
2) Selection of Signal History (Window Length): In
MWLS-SVM, the window length selected for training determines the efficacy of algorithm. Training with less number
of samples provides inaccurate prediction whereas a large
set increases the computational complexity. To identify the
optimal number of training samples (N), a study was conducted for multistep prediction with various values for N.
The computational complexity for MWLS-SVM (number of

In this section, the performance of MWLS-SVM is evaluated with collected tremor data thru simulations followed by
experimental results in the next subsection.
To highlight the robustness and suitability of MWLS-SVM
for tremor prediction, as compared to the standard LS-SVM,
an analysis is presented for single-step prediction in the first
part of this section. In [5], it was shown that BMFLC-KF and
AR-KF outperformed other methods for single-step prediction.
To validate the proposed method, comparative performance is
included. In the later part of this section, multistep prediction
with MWLS-SVM for both known delay and unknown delay
(frequency dependent) are analyzed. The comparison with the
existing multistep prediction methods [8] is also presented.
1) Single-Step Prediction: The procedure employed to perform single-step prediction with MWLS-SVM is shown in
Fig. 7. Fifth order Butterworth bandpass filter with a pass band
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Fig. 8.
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Performance of MWLS-SVM and LS-SVM for single-step prediction.

of 2–20 Hz is employed to separate the tremulous motion from
the whole motion as shown in Fig. 7. Single-step prediction is
then performed on the filtered tremor data. To perform singlestep prediction with MWLS-SVM, first N samples of data is
considered for offline training. With the training set, the mapping N−1 and the parameters α and b are computed offline
with (5). LS-SVM performs single-step prediction with the
fixed α and b computed in offline, whereas MWLS-SVM performs prediction by updating the parameters α and b at every
iteration as described in Fig. 4. %accuracy (mean ± standard
deviation) obtained with MWLS-SVM and LS-SVM for both
the groups (surgeons and novice subjects) over all trials is tabulated in Table III. Results show that MWLS-SVM provides
improved performance compared to LS-SVM.
For illustration, the results obtained with LS-SVM and
MWLS-SVM for surgeon #1 (tracing task) and novice subject #1 (tracing task) are shown in Fig. 8. It is evident from
Fig. 8, MWLS-SVM has relatively less error compared to the
standard LS-SVM. Furthermore, Fig. 8 (spectrogram) highlights the robustness of MWLS-SVM to the variations in the
tremor frequency band and bandwidth.
Comparative analysis with existing methods for both the
groups are also tabulated in Table III. The parameters chosen
for all the existing methods are provided in Table II. Results
show that MWLS-SVM also provides a good prediction accuracy. It can be seen from Table III, BMFLC-KF and AR-KF
provide the best prediction accuracy.
2) Multistep Prediction With Known Delay: To analyze
the performance of MWLS-SVM for multistep prediction of

TABLE III
C OMPARISON A NALYSIS W ITH E XISTING S INGLE -S TEP
P REDICTION M ETHODS

tremor, we introduced a known delay corresponding to various prediction lengths [4 ms (two samples), 8 ms, 16 ms, and
20 ms (ten samples)] into the procedure as shown in Fig. 9.
A bandpass filter is employed to separate tremulous motion
from the whole motion. For instance, to perform two samples
ahead prediction, a delay of 4 ms will be introduced thru the
induced delay stage as shown in Fig. 9.
For MWLS-SVM, initial N samples of tremor signal and
the corresponding T samples ahead values are provided for
offline training. With the training set, the parameters α and
b are calculated from (5). The multistep prediction will be
performed with (6) from the N + 1 sample onward. The procedure to update the parameters α and b for every iteration
with MWLS-SVM is described in Fig. 4.
Results of the proposed method MWLS-SVM were
compared with the existing methods MS-BMFLC-KF,
MS-AR-KF [8] and conventional LS-SVM. Task-wise analysis was conducted on both surgeons and novice subjects
data. Results are shown in Figs. 10 and 11. In Fig. 10(a)–(d),
task-wise prediction accuracy (with standard deviation) for
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(a)

Fig. 9.
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(b)

Multistep prediction with various induced delays for all methods.

(c)

(d)

Fig. 11. Scatter plots. Prediction horizon: (a) 4 ms, (b) 8 ms, (c) 16 ms, and
(d) 20 ms.

(a)

(c)

(b)

(d)

Fig. 10. Multistep prediction performance in the presence of various induced
delays. Novice subjects: (a) tracing task and (b) pointing task. Surgeons:
(c) tracing task and (d) pointing task.

all delays and all methods is shown. It can be seen that
MWLS-SVM performs better than all the other methods.
To further highlight the robustness in prediction performance with MWLS-SVM compared to MS-AR-KF and conventional LS-SVM, scatter plots for all delays obtained with
the three methods are shown in Fig. 11(a)–(d). Each marker
represents, the average prediction accuracy over all the six trials of a subject. For comparison, %accuracy obtained with
MS-AR-KF is set as the reference (x-axis). For e.g., if a
diamond marker lies above the diagonal line, it denotes
that MWLS-SVM outperforms MS-AR-KF for that particular subject. Further, if a diamond marker of a subject is
above the square marker of the corresponding subject, it
denotes that MWLS-SVM provides better prediction accuracy
than conventional LS-SVM. From the scatter plots, one can
clearly see that as prediction horizon increases, the diamond
markers (MWLS-SVM) separate from the square markers and
distributed above the diagonal line. Hence, it can be inferred
that MWLS-SVM performs better and is more robust for large
prediction lengths compared to the rest.
3) Multistep Prediction With Unknown Delay (Frequency
Dependent Delay): To analyze the performance of
MWLS-SVM in the presence of unknown delay, a fifth-order

Fig. 12.

Multistep prediction in the presence of unknown delay.

Butterworth bandpass filter with pass band 2–20 Hz is
employed for filtering tremulous component from voluntary
motion as shown in Fig. 12. Based on the surgeon’s frequency characteristics, this filter introduces a phase delay
in the range of 12–16 ms into the procedure. As discussed
earlier, MWLS-SVM based prediction relies on the nonlinear
mapping and does not require the knowledge of the prediction
length (horizon). Existing multistep prediction methods
MS-BMFLC-KF and MS-AR-KF can only be formulated for
a known prediction length. For analysis, the prediction length
20 ms is fixed for both MS-BMFLC-KF and MS-AR-KF
methods similar to [8]. A zero phase band pass filter with
same specifications as band pass filter was then employed
to obtain the tremor signal without any phase delay and this
serves as ground truth to compare the performance.
For illustration, the prediction errors obtained with all
methods for surgeon #1 (pointing task) in the presence of
unknown delay are shown in Fig. 13. The tremor signal
and the prediction error obtained due to delay are shown in
Fig. 13(a) and (b), respectively. The results obtained with
multistep prediction methods (MS-BMLFC-KF, LS-SVM,
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(a)

(b)

(c)

(d)

(e)

(f)

Fig. 13. (a) Surgeon #1 (pointing task). (b) Prediction error due to unknown delay. (c) Prediction error with MS-BMFLC-KF. (d) Prediction error with
LS-SVM. (e) Prediction error with MS-AR-KF. (f) Prediction error with MWLS-SVM.

Fig. 14.

Performance analysis of all methods in the presence of unknown delay.

MS-AR-KF, and MWLS-SVM) are shown in Fig. 13(c)–(f),
respectively. The results show that MWLS-SVM has less
prediction error compared to the other multistep prediction
methods.
To quantify the performance, subject-wise analysis with all
methods was conducted on the whole database. As subjects
require more control, they displayed huge variations in tremor
amplitude while performing tracing task compared to pointing
task. Hence, the analysis was conducted separately for the two

tasks. As pointing task is less complex compared to tracing
task, %accuracy obtained for pointing task is higher than the
%accuracy obtained with tracing task, as shown in Fig. 14.
The subject-wise comparative analysis with all methods in the
presence of frequency dependent delay is shown in Fig. 14.
The dotted line in the plots indicates prediction accuracy of
70%. It can be clearly seen that MWLS-SVM provides better performance compared to existing methods for both the
subject groups and tasks. For instance, MWLS-SVM provides
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337

Experimental procedure.

an average %accuracy of 75.96 ± 2.85% for surgeon’s pointing task compared to 68.26 ± 1.58% with MS-AR-KF. On
average of 7% improvement was obtained with the proposed
method compared to the earlier methods.
C. Experimental Validation
The procedure employed for experimental validation is
shown in Fig. 15. The tremor compensation instrument
(Itrem [34]) which contains accelerometers (ADXL 203, analog devices, USA), was mounted on the nanopositioning stage
(P-561.3CD from Physik Instrumente, Germany) as shown
in Fig. 15. Further, the nanopositioning stage was driven in
one axis to regenerate the tremor motion within 100 nm,
the maximum range of the stage. A detailed study was
performed in [19] to compare the real-tremor motion with
the tremor obtained thru numerical double integration from
the accelerometers. For more information about the experimental set up validation, refer to [15], [19], and [34]. The
orientation of accelerometer along with the direction motion
are shown in the schematic diagram (Fig. 15). For more
information about the placement of accelerometers in the
tremor compensation instrument, see [34]. The voltage output from the accelerometer was acquired at 500 Hz using
a 16-bit data acquisition (DAQ) card (PD2-MF-150, United
Electronic Industries, Inc., USA). With a quadratic function, the acquired voltage readings from accelerometer were
converted to acceleration [34].
Experiments are conducted with data of three subjects
[surgeon #1 (tracing task), surgeon #2 (pointing task),
novice subject #1 (tracing task)] with two trials per subject.
Parameters and initial conditions for real-time experiments
are similar to the simulation experiments. In [8], MS-AR-KF
provided better performance compared to existing methods for multistep prediction. Further based on our study
in an earlier section (Section III-B, Fig. 14), we infer that
MS-AR-KF provides better performance compared to standard
LS-SVM. Hence for experimental validation, we only choose
MS-AR-KF and MWLS-SVM. To evaluate the performance of
both methods, the phase corrected tremulous motion obtained

(a)

(b)
Fig. 16. Prediction performance in presence of unknown delay (a) tracing
task of surgeon #1 and (b) tracing task of novice subject #1.

with zero phase band pass filter (in offline) was employed. For
illustration, results obtained with tremor data of surgeon #1
(tracing task) and Novice subject #1 (tracing task) are shown
in Fig. 16. For comparison, the multistep prediction error
obtained with both methods MS-AR-KF and MWLS-SVM
are shown together. From Fig. 16, it can be clearly seen
that prediction error with MWLS-SVM is small compared
to MS-AR-KF. Similar results for novice subject’s tremor
data are presented in Fig. 16(b). Overall for three subjects
data, an average %accuracy of 71 ± 1.89% was obtained with
MWLS-SVM, whereas 64 ± 2 was obtained with MS-AR-KF.
IV. D ISCUSSION
The tremor prediction methods are being developed as part
of our continuing research in developing hand-held robotics
devices for canceling tremor. The device consists of three
accerelometers for sensing the tip acceleration of x-, y-, and
z-axes separately [19]. Although 1-degrees of freedom (DOF)
cancellation is discussed in this paper, the proposed method
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can be applied for the three axes separately and 3-DOF cancellation of tremor can be achieved. For sake of the performance
analysis and testing, 1-DOF motion prediction is presented in
this paper.
The major factor that affects the performance of hand-held
instruments in real-time is the phase delay due to linear filters.
Furthermore, microsurgery involves a lot of complex gestures,
for e.g., an intentional sudden jerk caused by a surgeon is a
huge challenge for identification and filtering in real time. Due
to the presence of inertial sensors unwanted high-frequency
noise and unwanted quadratic drift that results from conversion
of acceleration to position are added to the signal. As the
voluntary motion, noise and integration drift can be separated
in the frequency domain, a band-pass filter can successfully
filter the tremor motion from those unwanted components in
the whole motion.
The standard LS-SVM requires a matrix inversion of order
N to update the training set with the new sample at every
iteration. The computational complexity (number of multiplications) to implement a matrix inversion is in the order of
O(N 3 ). In MWLS-SVM, both the increment and decrement
algorithms only rely on matrix multiplications and removes
the requirement of matrix inversion. This reduces the computational complexity to the order of O(2N) for every iteration.
Further, with the update of the nonlinear mapping online,
MWLS-SVM can track the nonstationary dynamics of tremor
signal more effectively. The issues related to nonstationary
characteristics of tremor and computational complexity can
be addressed with the proposed formulation.
Although existing methods MS-BMFLC-KF and
MS-AR-KF provide good accuracy in real-time, the
prediction horizon should be known a priori. The delay
arising in the tremor compensation due to band-pass filtering
depends on the instantaneous frequency of the tremor. As
surgeon’s display control over the tremor, the frequency
band is distributed and hence the delay can be time-varying.
The MWLS-SVM on the other hand relies on updating
the nonlinear mapping at every iteration and the method
adapts to the time-varying characteristics of tremor. The main
advantage of the proposed approach lies in the fact that it
does not require the knowledge of prediction horizon.
Existing literature on the robotics based compensation of
tremor suggests that final compensation of 70% will be
ideal for microsurgery to improve the surgeon’s performance
[4], [19], [36]. With the existing single-step prediction methods (BMFLC [4] and AR [5]), although the tremor prediction
accuracy was high, the over all end compensation accuracy of
the instrument in bench tests was significantly lower (around
40 to 50%) and depends on several other factors [4], [5].
Analysis showed that the loss in end compensation accuracy
was more due to phase delay, integration drift and other sensor
noises. In this paper, we have addressed the phase delay problem and the prediction performance is improved by nearly 10%
compared to the existing multistep prediction methods [8].
With this improvement, we foresee that the final compensation
accuracy during instrument trials will be improved. The final
tests that are planned in future with micro surgeons will reveal
the actual performance of the instrument.
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The proposed method can be successfully applicable to
many other applications such as classification of tremor profiles, prediction of pathological tremor, prediction of respiratory motion etc besides physiological tremor compensation.
These problems will be discussed elsewhere.
V. C ONCLUSION
As a solution to overcome the unknown phase delay in
hand-held instruments, multistep prediction with kernel-based
learning technique (MWLS-SVM) is developed in this paper.
The analysis conducted on the tremor data demonstrated that
the proposed method MWLS-SVM performs better compared
to the existing methods for known and unknown prediction
horizons. To evaluate the suitability of MWLS-SVM for realtime applications, the approach is evaluated experimentally in
comparison with existing methods. Results show that an average %accuracy of 71 ± 1.89% is obtained with the proposed
approach in comparison to 64 ± 2% obtained with the existing
MS-AR-KF method.
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