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Abstract. In this study, we examine the differences between two Sigma-
Lognormal extractors. ScriptStudio is used to extract the Sigma-Lognormal
parameters based on the velocity, and iDeLog is used for extracting the parameters
based on both the velocity and the trajectory. The iDeLog software is tested with
and without smoothing the data. Handwriting data are used to compare both types
of extractor (algorithm for parameters extraction). The data consist of triangles
drawn on aWacomCintiq 13HDby healthy children aged between six and thirteen
years old. Globally, ScriptStudio Extract the data with the best SNR for the trajec-
tory (SNRt) and the velocity (SNRv). Moreover, it used slightly more lognormals
for the reconstruction than iDeLog with smoothing (iDeLog ws), and nearly half
of the number of lognormals used in iDeLog without smoothing (iDeLog ns).
Finally, iDeLog without smoothing has a better reconstruction of the velocity and
the trajectory than iDeLog with smoothing.

Keywords: Sigma-lognormal model · Kinematic theory of human movements ·
Kinematic analysis · Fine motor control · Children handwriting · ScriptStudio ·
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1 Introduction

The study of human movements can be useful to understand the impact of some psy-
chophysical conditions on the human motor control as for example in studies dealing
with children suffering from Attention Deficit Disorder, with or without Hyperactivity
(ADHD) [1, 2]. In that case, different approaches have been proposed in order to model
this neurological problem, among these stands the Kinematic Theory of rapid human
movements [3–7]. This theory describes the generation of human movements as the
results of a synergetic action of a large number of different coupled subsystems orga-
nized into neuromuscular systems. The central nervous system plans the movement to
be executed by the peripheral system. Overall, the impulse response of a neuromuscular
system is described by a lognormal function and the resulting velocity of an activation
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command can be modelled with a vector summation of lognormals. According to the
lognormality principle, the Kinematic Theory describes movements executed under an
adequate motor control. Thus, during the development of children, these will improve
their motor control and will tend to the lognormality while become adult [8].

The Kinematic Theory is the corner stone of the Sigma-Lognormal model that can
shape complex and underdeveloped children movements. This model assumes that the
velocity of a human movement can be modelled using lognormal functions combined
by a time superimposed vector addition. Each lognormal is described by six parameters
[9]. Several software have been developed over the years to perform reverse engineering
and extract these Sigma-Lognormal parameters from various movements. Among them,
there are ScriptStudio [9] and iDeLog [10]. Those two used different approaches to
extract the parameters. The first one is mostly based on the velocity analysis, while the
second one seeks a trade-off between the velocity and the trajectory to recover the best
fitting parameters. In this study, we aim to compare the effectiveness of both software
to extract the Sigma-Lognormal parameters from primary school students handwriting
who were asked to execute complex movements, some triangles, on a tablet. Thereupon,
we will first present two software used in this study in Sect. 2. Afterward, in Sect. 3, the
methodology and the dataset used to compare them will be presented. Then, in Sect. 4,
the statistical analyses that were carried out and their results will be detailed. Finally,
we will examine and discuss those results in Sect. 5, to put the whole work in a more
general perspective.

2 The Extractors

2.1 ScriptStudio Algorithm

ScriptStudio [9] is a Sigma-Lognormal reconstruction software based on the velocity
that incorporates the Robust XZERO algorithm [11]. This software extracts the Sigma-
Lognormal parameters while maximizing the velocity Signal-to-Noise Ratio (SNRv).
This performance criterion is calculated between the original and reconstructed velocity.
Specifically, this extractor will use a vector combination of lognormals to reconstruct
the original velocity. Thus, in a first step, for each velocity maximum peak in the original
velocity profile, the software plugs a lognormal. Afterward, in the next steps, smaller
lognormals are added to the reconstructed signal in order to increase the SNRv up to
a minimum required SNRv specified by the experimenter. The resulting trajectory is
reconstructed by integrating the velocity with no further optimization. This software has
proven its value as it has been used in a multitude of studies as detection tool for ADHD
[12, 13], brain injury [14, 15], Parkinson [16] and more. Furthermore, it was used to
monitor the children evolution towards lognormality [8, 17].

2.2 iDeLog Algorithm

iDeLog [10] reconstructs the trajectory and the velocity of a movement at the same
time, calculating the angles and lognormal parameters of each stroke. This algorithm is
based on motor equivalence theory and the hypothesis of a visual feedback compatible
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with open-loop motor control. To this end, firstly, the virtual target points and angles
are calculated by finding the velocity minimum and using the 8-connected trajectory of
a given long and complex movement. In this way the velocity is decomposed as a sum
of weighted lognormals, where the spatial and kinematic parameters are extracted sep-
arately. Secondly, with this first segmentation procedure, a first velocity reconstruction
is obtained. Then, the reconstructed movement is iteratively optimized by moving the
virtual target points with the ensuing changes of the angles and lognormal parameters.
Finally, a fine optimization of the virtual target point is carried out for each segment by
improving the SNRv and SNRt simultaneously.

2.3 Differences Between Both Extractor

Those two ways of extracting the Sigma-Lognormal model parameters present some
differences that can impact the results of this study. First of all, ScriptStudio reconstructs
the pen tip velocity by overlapping the lognormals composing the reconstructed signal.
As a result, errors in the velocity estimation are propagated over the entire movement,
resulting in an increased spatial deviation [18]. To avoid this problem and improve the
trajectory reconstruction, iDeLog relies on adjusting the trajectory and speed jointly.
So, rather than adding new lognormals to improve the reconstruction, iDeLog iteratively
moves the target points to improve the adjustment between an original trajectory and
its reconstructed counterpart. However, iDeLog may present lower SNRv compared to
ScriptStudio but better SNRt.

As ScriptStudio preprocess the raw signal to break down the speed profile into
lognormals, the iDeLog includes an option for preprocessing the original signal or not.
This option allows to smooth the input signal in the same way that ScriptStudio does.
As a difference in the preprocessing, the sampling frequency is not changed in iDeLog.

3 Methodology

The present study is part of a larger project aiming to standardize the data acquisition
system developed within the Scribens Lab. This system, called the lognometer [19],
could be used as a diagnostic tool in ADHD detection for example [13].

3.1 Participants

Participants were recruited from three different primary schools. In total, 780 children
aged from six years to thirteen years old participated in the research, and from 1st grade
to the 6th. For each grade, there are at least 120 participants while the maximum is
135 participants. 48% (375) of the children are female. Moreover, 24% (185) of the
participants were neuroatypical. For the present comparative study, the neuroatypical
participants were excluded. That left 594 participants remaining with at least 90 children
per grade.
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3.2 Procedures

Participants were asked to rapidly draw, one at a time, 30 triangles on a digitizing tablet
(Wacom Cintiq HD13) using a stylus [19]. The instructions for writing a triangle were
composed of three points, one starting and ending dot (1), and two crossing points (2
and 3) to be reached in the corresponding sequence: 1,2,3,1. The guide sheet displayed
is presented in Fig. 1. An audio cue signal was used to indicate the start of the drawing.
The handwritten data were recorded at 200 Hz.

Fig. 1. The guide sheet displayed on the screen of the tablet.

3.3 Sigma-Lognormal Extraction

Before extracting the Sigma-Lognormal parameters, the dataset was cleaned. Thus, the
strokes that started before the sound cue or weren’t properly executed were removed.
Afterward, the three extractors (iDeLog ws, iDeLog ns and ScripStudio) was used to
extract the Sigma-Lognormal parameters for each trial. Thismodel allows to extract three
global parameters: the number of lognormals (NbLog) and the Signal-to-Noise Ratio for
trajectory (SNRt) and for velocity (SNRv). Those parameters are unique for each trial
and describe the general state of the neuromotor system. Moreover, we calculated the
SNRt/NbLog and SNRv/NbLog. Based on those parameters, we rejected the trials that
had a SNRt or SNRv lower than 10 dB, or that required more than 40 lognormals for
reconstruction. In those cases, we assumed that the extractorswere not able to reconstruct
the signal correctly.

4 Results

To compare the three extractors, we analyzed the basic statistics of the above-mentioned
global parameters. Table 1 presents the mean and the standard deviation of each param-
eter for the three extractors. Moreover, the repartition of the parameters is presented



Comparison Between Two Sigma-Lognormal Extractors 109

in the following boxplots (Fig. 2). We can see that ScriptStudio reconstruct the data
with a higher SNRt, SNRv, SNRv\NbLog. iDeLog with smoothing presents the lowest
NbLog, SNRt and SNRv. On the other hand, iDeLog with smoothing has the highest
SNRt\NbLog. Finally, iDeLog without smoothing has the highest NbLog, and conse-
quently the lowest SNRt\NbLog and SNRv\NbLog. The bold values with upper script
“a” and “b” are respectively the highest and lowest value for each parameter.

Table 1. Statistical measures for each extractor.

Script
studio

iDeLog
ws

iDeLog
ns

NbLog Mean 8.95 7.28b 16.41a

Std 1.69 1.45 4.09

SNRt Mean 30.27a 24.30b 25.67

Std 2.52 1.01 1.18

SNRv Mean 25.40a 16.94b 17.87

Std 0.98 0.98 0.69

SNRt\NbLog Mean 3.59 3.65a 1.80b

Std 0.55 0.65 0.41

SNRv\NbLog Mean 3.05a 2.56 1.26b

Std 0.57 0.51 0.32

Table 2. P-value for the statistical tests. First row: the results of the comparison of the 3 algorithms
with the non-parametric Kruskal-Wallis test. The following rows: the results of the non-parametric
pair comparison with the Mann-Whitney U-test.

NbLog SNRt SNRv SNRt/
NbLog

SNRv/
NbLog

ScriptStudio iDeLog ws iDeLog ns 2E−267 6E−249 1E−279 2E−245 9E−264

ScriptStudio iDeLog ws 2E−66 2E−173 5E−191 7E−02 8E−44

ScriptStudio iDeLog ns 2E−172 1E−148 5E−191 6E−187 8E−190

iDeLog ws iDeLog ns 5E−187 2E−77 1E−64 5E−185 1E−180

For the statistical tests, the Bonferroni correction was used to counteract the multiple
comparison. In that case, the α (0.05) was divided by the number of extracted parameters
(3) which brought the corrected α to 0.017. After that, we used a Jarque-Bera test [20]
to determine if the extracted parameters are normally distributed. In that case, only the
SNRt/NbLog and SNRv/NbLog for ScriptStudio and IDeLog with smoothing has a p-
value over 0.05, so those parameters are normally distributed. All the other parameters
were not normally distributed. According to this observation, we used theKruskal-Wallis
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Fig. 2. The boxplot representing the extracted parameters for the three extractors. From top to
bottom and left to right: NbLog, SNRt, SNRt\NbLog, SNRv and SNRv\NbLog. In each figure,
from left to right: ScriptStudio, iDeLog with smoothing and iDeLog without smoothing.

non-parametric test [21] to evaluate if the three extractors are statistically similar. The
extractors are not statistically similar because their p-value lower than the corrected
α. When comparing the extractor to each other, we used the non-parametric Mann-
Whitney U-test [22]. Thus, there are significant differences between the extractors for
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all the parameters, except for the SNRt/NbLog between ScriptStudio and iDeLog with
smoothing. The p-values and the statistical value of each test are presented in Table 2
and 3. The first row presents the results of the non-parametric Kruskal-Wallis test. The
following rows are the results of the non-parametric Mann Whitney U-test. All the bold
values in Table 2 represent a p-value lower than the α corrected with Bonferroni (0.017).
The statistical value for the Kruskal-Wallis test corresponds to the chi-squared value.
The statistical value for the Mann Whitney U-test corresponds to the sum of ranks one
samples. For both, the higher the value, the better is the results.

Table 3. The statistical tests value for the non-parametric Kruskal-Wallis test in the first row
results of the comparison of the 3 algorithms. The following rows: the results of the non-parametric
Mann-Whitney U-test.

NbLog SNRt SNRv SNRt/
NbLog

SNRv/
NbLog

ScriptStudio iDeLog ws iDeLog ns 1228 1143 1285 1127 1211

ScriptStudio iDeLog ws 69933 8035 0 159181 88901

ScriptStudio iDeLog ns 8457 20056 2 1810 526

iDeLog ws iDeLog ns 1791 61813 71269 2680 4683

5 Discussion

After those results, it seems that ScriptStudio is more suited to extract the global sigma-
lognormal parameters of triangles because it gives back a higher SNR than IDeLog for
the velocity and the trajectory, while using a lower number of lognormals. Moreover, the
SNR/NbLog for the trajectory and the velocity are better for ScriptStudio since that they
needed less NbLog than iDeLog without smoothing and having a higher SNR than the
iDeLogwith smoothing. Itmust be kept inmind, that this dataset is composed of triangles
executed by children that did not reach their full potential yet. In that case, those children
are heading towards the lognormality. Concerning the triangles, those movements can be
classified as complex but not as long movement. Moreover, the movements executed by
those childrenmay be jerkier and not continuous. In that case, it makes sense that iDeLog
have poorer results than ScriptStudio since it adds one lognormal per velocity peak. This
founding fits with what was reported in [10] where it was mentioned that iDeLog should
have better results for continuous, long and complex movement like signatures.

6 Future Works

In conclusion, this preliminary study shows that that both iDeLog and ScriptStudio
could be used as a platform to analyze children movements, but that ScriptStudio is
might be more appropriate to do it, when the best reconstruction is a requirement. It
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would be interesting to examine the results of triangles executed by adult to see if
the performance of iDeLog improves when the movements are less jerky but this is
beyond the scope of this paper. In future works, we will extend our statistical analyses
and investigate the classification performance of the three algorithms. We will add the
other Sigma-Lognormal parameters to the analyses: t0, D, Theta start, theta end, μ and
σ. Moreover, we will use those results to explore the possibility of discriminating for
example between age groups and gender. Although the performances in terms of signal
reconstruction might differ, this does not guarantee that their performances in term of
classification and prediction will follow a similar ranking Moreover, in the context of
the No Free Lunch Theorem [23], it is expected that fine tuning will be required to adapt
and optimize any of these algorithms to any specific studies.
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