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ABSTRACT
Minimally Invasive Surgery (MIS) has definitively changed

the procedures performed in operating rooms. In many cases,
MIS has become the recommended standard technique, replac-
ing the traditional open surgery. Effective training and objec-
tive assessment of surgeons in these techniques become a major
concern in hospitals in recent years, encouraged primarily by
patients and a society that demands safer surgical procedures,
which is associated with better surgeons training. In the frame-
work of surgery, the difficulty of defining objective metrics for
performance evaluation lies in the strict dependency between
tasks and the difficulty of defining the meaning of optimal per-
formance, related to the characterization of gestures made by
the experts. An objective method to compare 3D gestures be-
tween an expert and novice surgeons through multidimensional
data analysis is proposed in this paper. A survey of different al-
gorithms for surgical gestures analysis in time domain is car-
ried out. These ones include the Multi-dimensional Dynamic
Time Warping (MD-DTW) and Multi-Dimensional Derivative
Dynamic Time Warping (MD-DDTW) . Simulation and experi-
mental results are given with this different techniques.

INTRODUCTION
Minimally Invasive Surgery (MIS) is a new kind of surgery

which gets more and more common nowadays. With this new
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technology, surgeries previously performed through large inci-
sions that required long recovery times are now performed with
a much shorter recovery. Although on one hand MIS procedures
ensure many advantages to patients, on the other hand they re-
quire surgeons to perform a long and difficult training in order
to manage these techniques. Currently, surgeon training includes
the acquisition of motor skills outside the operating room. Me-
chanical simulators and virtual reality simulators have been de-
veloped over the last decades not only to learn and to transfer
the knowledge, skills or attitudes but also to evaluate procedure
performance. These tools define metrics to get an objective as-
sessment of surgical skills. However, these metrics are primarily
related to simple data measurements (such as time, trajectories,
velocity, acceleration, smoothness, etc.).

In this context, the assessment of technical skills during
training has been considered to be an index of quality assur-
ance for the future. Especially, objective assessment is essential
because deficiencies in training and performance are difficult to
correct without objective feedback. The analysis of human mo-
tor performance in MIS has important implications for surgical
simulation, surgical training and robotics. Measures of motor
performance include kinematic measurements such as position,
orientation as well as force measurements and video analysis. A
global rating scheme based on a video analysis and gesture de-
composition into several main tasks was developed in [1]. Hand
motion tracking has been shown to correlate with objective mea-
sures of technical skill [2, 3]. In particular, time series similarity
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measures have been used to perform classification on a set of ges-
tures [4]. In this case, the trajectory of the instrument tip is mod-
eled as a sequence of consecutive locations in a multidimensional
(generally two or three dimensional) Euclidean space. One tech-
nique is based on the time warping technique that first has been
used to match signals in speech recognition [5]. Berndt and Clif-
ford [6] proposed to use this technique to measure the similarity
of time-series data in data mining. Pham et al. use this method
to match and compare the resulting curvature calculation of two
3D trajectories [7]. Vlachos et al. include non-metric similarity
functions based on the Longest Common Subsequence (LCSS),
another method which is very robust to noise and furthermore
provide an intuitive notion of similarity between trajectories [8].
A similar technique is to find the longest common subsequence
of two sequences and then define the distance using the length of
this subsequence [9, 10].

Hidden Markov Models (HMM) have been also used in this
field. HMM were developed in the area of speech recognition
[11]. Later, they were applied for studying teleoperation [12],
human manipulation actions [13], human skills assesment for the
purpose of transferring human skill to robots [14] and manufac-
turing application [15]. Also, HMMs have been implemented for
gesture recognition in the rehabilitation technology field [16].
Rosen et al created a database with forces and torques signals
acquired during actual operating conditions to develop statisti-
cal models, which can be used to objectively evaluate surgical
skills [17]. However, HMMs requires a huge set of data in order
to compute the HMM parameters. Additionally, the discrete time
aspect of HMM does not fit well with the continuous time nature
of 3D gesture comparison [8].

The main objective of our paper is to propose an objective
method to evaluate and compare the performance of a gesture
between different people through multidimensional data analy-
sis such as the 3D position (x, y, z). Recent researches use tools
for the analysis of time series such as Multi-dimensional Dy-
namic Time Warping (MD-DTW) [4], Dynamic Time Warping
(DTW) [18] and Longest Common Sub-Sequence (LCSS) [8]. In
this paper, we will give a comparison between two DTW algo-
rithms within the framework of gesture classification. The study
is firstly performed in simulation with respect to different param-
eters then is applied on experimental data. A modified version of
MD-DDTW is proposed in the last section and compare to the
classical algorithm.

1 TIME SERIES SIMILARITY MEASURES
Multi-dimensional series are sets of data in which multiple

measurements are made simultaneously. These kind of series
contain a vector of feature values for each occurrence (usually
the time is the instance) of the series. The simplest approach to
define the distance between two multi-dimensional series is to
use the notion of p−norm. Consider two n−dimensional vectors

x1 y x2, their p−norm distance, noted Lp(x1,x2), is defined as
foloowing:

Lp(x1,x2) =
( n

∑
i=1

|x1 − x2|p
) 1

p
(1)

Eqn. (1) allows to define an efficient index that takes into account
the different dimensions of x1 and x2. However, practical issues
can raise in practice since this operator is sensitive to noise and
outliers. Moreover, for time series, distortions appear as soon as
the two series do not have the same number of samples. In or-
der to overcome the pitfalls described above some authors have
suggested more flexible approaches to measure the similarity be-
tween multi-dimensional time series.

1.1 DTW

A

B

FIGURE 1. Matrix of Cumulated Distance (reference
web.media.mit.edu)

DTW is a time series alignment algorithm. It aims at align-
ing two sequences by warping the time axis iteratively until an
optimal match between the two sequences is found. Consider
two sequences of feature vectors:

A = a1,a2,a3, ...an (2)
B = b1,b2,b3, ...bm (3)

To align two sequences using DTW, an n-by-m matrix is con-
structed, where the (ith, jth) element of the matrix contains the
distance d(ai,bj) between the two points ai and bj. In 1D-DTW,
the distance is usually calculated by taking the absolute or the
squared distance between the feature values of each combina-
tion of points. These distances are used to calculate cumulative
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distance matrix D. Each matrix element (i,j) corresponds to the
alignment between the points ai and bj (see Figure 1) and a warp-
ing path T is a contiguous set of matrix elements that defines a
mapping between A and B. To find the best match or alignment
between these two sequences one need to find a path through the
grid which minimizes the total distance between them. The basic
method for finding the optimal warping matrix requires the eval-
uation of an exponential number of warping paths. Fortunately
dynamic programming can be used to find the optimal warping
path.

The different steps of 1D-DTW are summarized in the algo-
rithm 1.

Algorithm 1 The 1D-DTW algorithm

d(i, j) = (ai −b j)
2

D(1,1) = d(1,1)
D(i,1) = D(i−1,1)+d(i,1)
D(1, j) = D(1, j−1)+d(1, j)
{Book keep for each cell the index of this neighboring cell,
which contributes the minimum score}.
D(i,2) = min(D(i,1),D(i−1,1),D(i−1,2))+d(i,2)
D(i, j) = min(D(i, j−1),D(i−1, j−1),D(i−1, j))+d(i, j)
{Found best path T}.

1.1.1 MD-DTW Since the different dimensions could
have different units, authors like [4] have suggested some vari-
ations of the classical DTW algorithm called Multi-dimensional
Dynamic Time Warping (MD-DTW). So to synchronize differ-
ent dimensions, it is necessary to normalize each dimension to a
zero mean and unit variance to make the dimensions comparable.

The algorithm 2 shows the different stages of MD-DTW al-
gorithm :

Algorithm 2 The MD-DTW algorithm
{Normalize each dimension to a zero mean and unit variance}.
{If desired, smooth each dimension with a Gaussian filter}.
{Fill the m by n distance matrix D according to}.
D(i, j) = ∑K

k=1 |a(i,k)−b( j,k)|
{Where K is the number of dimensions of the time series}
{Use 1D-DTW algoritm}

1.1.2 MD-DDTW According to [19] and [20] if DTW
attempts to align two vectors that are similar except for local ac-
celerations and decelerations in time axis, the algorithm is likely

to be successful. However, the classical DTW algorithm has
problems when the two sequences have great variations in their
feature data. To prevent this problem, the latter authors have sug-
gested to consider the first derivative of the sequences rather the
raw data.

In this algorithm, the distance measurement d(A,B) is not
euclidean but rather the square of the difference of the esti-
mated derivatives, where the following central derivative algo-
rithm could be used for simplicity:

Dx[A] =
(ai −ai−1)+((ai+1 −ai−1)/2)

2
(4)

This three-point estimation is a more accurate approxima-
tion and less to outliers than the corresponding two-point estima-
tion.

2 SIMULATION ANALYSIS
In this part, we study the robustness of the techniques de-

scribed in the previous section with respect to the variation of
different parameters such as the number of samples, the exis-
tence of outliers and noise in the measurement. The objective
is to point out practical issues while implementing the different
DTW algorithms.

2.1 Number of Samples
First, we have selected a circular path with different number

of samples as the example shown in Figure 2. The position data
could be considered as time series where the dimension of the
vector is equal to three.

With these two trajectories, we used the two multidimen-
sional synchronization techniques described in the previous sec-
tion. Figure 3 shows an example of the synchronization between
each point made by both techniques. We repeated the process
with different number of samples and calculated the distance d
of the optimal path found by the two algorithms. The results of
the simulation are given in Table 1.

The results show that the cumulative distance of MD-DTW
remains constant within a wider range than MD-DDTW tech-
nique. In other words, these results point out that a better perfor-
mance is obtained with MD-DTW technique while varying the
number of samples. The reduction of the number of samples is
equivalent to a loss representative information in the data result-
ing in a distortion of the derivative used signals in MD-DDTW.
This phenomenon leads to a very different cumulative distance
for MD-DTW compared to MD-DDTW. In contrast when the
number of samples increases, the performance of both algorithms
is similar.
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FIGURE 2. Circular path with different numbers of samples
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(a) Synchronization obtained with MD-DTW
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(b) Synchronization obtained with MD-DDTW

FIGURE 3. Synchronization of two trajectories with respectively 100
and 10 samples

2.2 Outliers
In this part, we have added artificial outliers to the trajecto-

ries (see Figure 4) in order to study the sensitivity of the different

Number of samples Number of samples d (MD-DTW) d (MD-DDTW)

from the path 1 from the path 2

100 10 8.54 30.8

100 30 2.68 7.57

100 50 1.58 3.20

100 70 1.12 1.36

100 90 0.87 0.85

TABLE 1. Cumulative distance: variation of the number of samples

techniques with respect to this factor.
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FIGURE 4. Artificial Outliers in the trajectories

The analysis has been carried out according two criteria: a
variation of the number of the outliers present in the path and a
variation of the maximum amplitude of the outliers. Finally, we
compare these results obtained with and without a pre-treatment
of the data through a lowpass filter. The results are summarized
in the Table 2 for two sets of data with the same number of sam-
ples.

Without filtering, the sudden changes in the trajectory gen-
erate very high variations of the derivative causing errors while
performing the synchronization with MD-DDTW. Thus, in order
to improve the results obtained with this technique, we use a low-
pass filter to smooth the derivative of each coordinate. With this
modification, the results are improved and we obtained a mini-
mum value of the distance (close to 0.9). This value is close to
the result obtained in Table 1 (0.85) for signals with number of
samples 90 and 100, respectively.
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% of Amplitude of d (MD-DTW) d (MD-DDTW) d (MD-DDTW)

outliers added outliers with low-pass filter

5 0.05 0.23 0.48 0.9

5 0.1 0.36 0.71 0.91

5 0.3 1.04 2.09 0.89

10 0.05 0.45 0.87 0.89

10 0.1 0.76 1.53 0.89

10 0.3 2.69 5.38 0.91

15 0.05 0.54 1.00 0.91

15 0.1 1.19 2.1 0.9

15 0.3 3.03 5.45 .91

TABLE 2. Cumulative distance: Outliers

2.3 Noise
Finally, the last study concerns the effect of noise on the

different algorithms. Different noise levels have been applied to
one trajectory. (see Figure 5).
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FIGURE 5. Artificial noise applied on one trajectory

With the addition of noise, we use a lowpass filter to smooth
the derivatives of each coordinate and compare the results with
the techniques described in the previous section. The results are
summarized in the Table 3.

Like previously the results show that the inclusion of the fil-
ter allows to smooth the trajectories in all the cases and bring
benefits to the MD-DDTW technique. In this case, this is be-
cause MD-DDTW technique works well not only to variations
in time but also in amplitude. This can be seen by the follow-
ing examples, with the MD-DTW technique, identical sequences

SNR (Signal to d (MD-DTW) d (MD-DDTW) d (MD-DDTW)

Noise Ratio) with low-pass filter

50 1.50 1.48 0.81

48 1.64 1.75 0.81

45 2.24 2.45 0.81

43 2.74 3.16 0.8

40 3.39 4.00 0.8

38 4.45 5.08 0.81

35 6.04 7.29 0.8

TABLE 3. Cumulative distance: Noise

will clearly produce a one to one alignment. But if we slightly
change a local feature, adding noise or outliers, MD-DTW at-
tempts to explain the difference in terms of the time-axis and
produces two unintuitive alignments where a single point on one
trajectorie maps onto a large subsection of the another trajectorie
increasing the matching error.

3 EXPERIMENTAL RESULTS
The goal of the experiments carried out in this section is

to show an objective assessment and classification of the ges-
ture. To conduct our study, we acquired the 3D position (x, y, z)
of a simple gesture performed by five people. The right arm of
the participants were dressed with a four degrees of freedom ex-
oskeleton [21], then they were asked to elevate their arm to sim-
ulate a gesture similar to the one made to stop/halt someone. The
cartesian position of the wrist was obtained based on the kine-
matic model of the exoskeleton and the position records stem-
ming from the encoders of the different joints. The trajectory
performed by one of them is shown in the figure 6 and similar
trajectories can be plotted for the other people.
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FIGURE 6. Trajectory Performed

Due to the difference between the number of samples in the
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experimental trajectories, that will be synchronized, is not large,
some amount of noise and outliers can be included in the trajec-
tory and based on the results of the previous section, we perform
the synchronization of data with MD-DDTW technique using a
lowpass filter to smooth the derivatives obtained numerically.

In the same way, as part of this work, we performed an ex-
perimental study in which we analyze the influence of the nu-
merical approximation of the derivative using a lowpass filter and
MD-DDTW technique and comparing the results with the use of
a derivative filter and MD-DTW technique.

At this point, we used the low-pass filter and MD-DDTW
technique to synchronize each trajectory. The table 4 shows the
distance d obtained between each similar pair of paths for the
gesture with this method.

MD-DDTW

d1 Person 2 Person 3 Person 4 Person 5

Person 1 0.48 0.41 0.51 0.43

Person 2 - 0.43 0.52 0.4

Person 3 - - 0.48 0.45

Person 4 - - - 0.48

TABLE 4. Experimental Results

Finally, we used another alternative for the synchronization,
where we applied a derivative filter directly and then found the
corresponding points with MD-DTW technique. The difference
between these two alternatives can be highlighted on Table 7.

Gaussian 

Filter

Derivative

Filter

MD-DDTW

MD-DTW

[A, B]
d1

d2

FIGURE 7. Derivative Filter

The filter used in the MD-DDTW algorithm is a Gaussian
filter designed to have no overshoot for a step input while mini-
mizing the rise and fall time. This behavior is chosen because it
allows to obtain the minimum phase shift.

The one-dimensional gaussian filter has an impulse response
given by

g(x) =
1√

2πσ
e
−x2

2σ2 (5)

Where x is the distance from the origin in the horizontal
axis and σ is the standard deviation of the Gaussian distribution.
Thus, the derivative filter implemented is given by the following
equation.

h(x) =
dg(x)

dx
=

−x
σ2

√
2πσ

e
−x2

2σ2 (6)

The results obtained with this alternative are summarized in
the Table 5.

MD-DDTW

d2 Person 2 Person 3 Person 4 Person 5

Person 1 0.35 0.38 0.4 0.37

Person 2 - 0.33 0.41 0.36

Person 3 - - 0.36 0.35

Person 4 - - - 0.37

TABLE 5. Derivative Filter

From the last values, we can see that the method using the
derivative filter gives a distance values lower for similar trajecto-
ries. These results are good because they suggest that we could
expect a more effective classification of the trajectories. Since
regular MD-DDTW method uses a numerical scheme to approx-
imate the derivative it turns out that the computed distance de-
pends somehow on the numerical scheme. By applying the sec-
ond strategy, we use an analytical expression of the derivative to
improve the accuracy of the results.

4 CONCLUSIONS
Objective evaluation of surgical skills removes the subjec-

tivity and variability from current expert-based evaluation meth-
ods. Different metrics have been used for automatic evaluation in
order to be as accurate as possible, including position, speed, ac-
celeration, forces, torques, and any kind of signals. In this paper
different algorithms used to find similarities between time series
based on the 3D position of the trajectories and DTW with its dif-
ferent versions has been presented in particular. For those tech-
niques a simulation study shown that the performance of each
method is related to different parameters as the number of sam-
ples, the amount of outliers and noise that could be included in
the acquired signal.

In the experimental section, we show the benefits of a mod-
ified version of MD-DDTW. This proposen method includes a
derivative filter instead of the use of a low pass filter and a numer-
ical derivate of the trajectories. The experimental results shown
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a better and more accurate behavior due to the analytical nature
of the derivative filter implemented.

Our ongoing research in this field is focused on performing
an statistical study with a considerable amount of real surgical
gestures instead general gestures that we used in this survey. This
approach will allow us to obtain more accurate results in the field
of objective assesment of surgical gestures.
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