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Abstract.
growing safety concern with the increasing usehef $o-called
In-Vehicle Information Systems (IVIS), such as qslbnes,
navigation systems, etc. A very promising way terceme this
problem is to detect driver's distraction and thasadopt in-
vehicle systems accordingly, in order to avoid dtigate the
negative effects. The purpose of this paper islltstiate a
method for the non-intrusive detection of visuaktdiction,
based on the vehicle dynamic data; in particular present and
compare two models, applying Artificial Neural Nefks
(ANN) and Support Vector MachingSVM) which are well-
known data-mining methods.

Despite of what already done in literature, ourhmdtdoes not
use eye-tracker data in the final classifier. Wehkpect to other
similar works, we regard distraction identificatioas a
classification problem and, moreover, we extend dhtasets,
both in terms of data-points and of scenarios.

Data for training the models were collected usirsgadic driving
simulator, with real human subjects performing aecsic
secondary task (SURT) while driving. Different triaig
methods, model characteristics and features sefedtiiteria
have been compared.

Potential applications of this research include thesign of
adaptive IVIS and of “smarter” Partially Autonomosiving
Assistance Systems (PADAS), as well as the evaloatf
driver’s distraction.

1 INTRODUCTION

It is well-known that the majority of road accider{t- 80%)
are due to human error [1], or anyway human (wrdrefjavior.
In particular, more recent data have identifiedtargion as the
primary cause of accidents [2]. Therefore, distoacts key-
factor for driving safety: between 13% and 50% kafsbes are
attributed to driver distraction, resulting in asamg as 5000
fatalities and $40 billion in damages each yeab]3studies
carried out in USA, but also European ones con§uth values,
e.g.http://www.aide-eu.org

Moreover, the increasing use of the so-called lhitle
Information Systems (IVIS) — e.g. cell-phones, gation
systems, etc. — can induce additional source oferntiat
distraction.

In this context, allowing drivers to take benefitsm the use
of these IVIS without diminishing safety is a bigdaimportant
challenge. One promising strategy to deal with saghroblem
involves the classification of driver’'s state —trhsted driver, in
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Driver's distraction has become an important andthis case — in real time and then using this diassion for a

twofold goal [6]:

» to adapt IVIS technologies, in order to mitigate #ffects

of distraction

* to adapt the strategies of

Autonomous Driving Assistance Systems (PADAS), in
order to minimize the effects of distraction on théving
task

Machine Learning (ML) technology may be able tovile
the right algorithms to cope with such a challengg, or Data
Mining (DM), is the technology of searching largelwmes of
data for unknown patterns. It has been successéyplied in
business, health care and other domains [7-8]aftiqular, this
technology can be applied to build a discriminatinadel that
captures the differences in behavior between wheaple drive
normally and when distracted.

The main goal of this paper is to present a nomsie
approach to detect and classify driver’s distractapplying ML
algorithms and using vehicle dynamic data, withosing the
driver's eye-movements as input to the model.

2 MODEL CONSTRUCTION OF
DISTRACTION CLASSIFIERS

This Section presents the definition of distracttomcept and
how the distraction classifiers have been built.

2.1 Definition of distraction

The American Automobile Association Foundation Toaffic
Safety defines driver distraction as occurringhén a driver is
delayed in the recognition of information needed s@fely
accomplish the driving task because some everntjtgcbbject
or person within or outside the vehicle compellectearded to
induce the driver’s shifting attention away from tiréving task
([11], p. 22). In particular, there are 3 typedltraction: visual,
manual and cognitive. The experiments describethé next
Section are especially focused on visual (mosthyg) eognitive,
since the visual research task implies always aecoporary
presence of these two types of distraction. We lawssidered
these two types of distraction, since they regaraedhe key-
factors in accidents due to human errors ([2-3]stated in [12-
13], there are four main categories (among othefrsheasures
used to assess distraction: primary task performasecondary
task performance, subjective measures and physialog
measures. In particular, eye movements and driperéprmance
are the most suitable measures to estimate cogratid visual
distraction unobtrusively and in real-time.

the so-called Partially



2.2 Algorithms for the Classifier Construction

ML techniques seems to be very appropriated far type of
classification problem. From a more “philosophic@idint of
view, one of the most ambitious goal of automagarhing
systems is to mimic the learning capability of hasaand
humans’ capability of driving is widely based onpexence,
particularly on the possibility to learn from exjggrce.

From a more technical point of view, data collecfenin
vehicle dynamics and external environment are @efinnon-
linear. From literature, several studies have pdowet in such
situations machine learning approaches can outperfthe
traditional analytical methods. Moreover, also homadriver
mental and physical behaviour is non-determinisfo, since
mental state of the drivers is not observable,imple measure
can index visual and cognitive distractions prdgifE8-19].

Based on the results found in our previous work,[2@] have
selected two specific ML techniques: Support Vedflachines
(SVM) and Artificial Neural Networks (ANN), as thegpresent
a good trade-off between performances, implemeantatiforts
and computational time.

2.2.1 Support Vector Machines

Support Vector Machines (SVM) are arguably onehefrnost
important development in supervised classificatminrecent
years. Proposed firstly by Vapnik in 1998, SVM baesed on a
statistical learning technique and can be used fattern
classification, as well as inference of non linealationships
between variables [14-15]. This method has beewresstully
applied to a wide variety of domains, such as: inpgcessing
(e.g. face recognition); text and speech recogmitio
bioinformatics (e.g. protein classification) [168VM often
achieve superior classification performance congbdce other
learning algorithms across most domains and tagley are
fairly insensitive to the curse of dimensionalitydaare efficient
enough to handle very large-scale classificatioath sample
and variables. The “classical” application of SVincerns the
binary classification tasks and this is the wawhich they have
been used in this research. The main idea of S\l iimplicitly
map data to a higher dimensional space via a kéunetion and
then solve an optimization problem to identify thmaximum-
margin hyper-plane that separates training instaritiee hyper-
plane is based on a set of boundary training ics&ncalled

support vectorsNew instances are classified according to the

side of the hyper-plane they fall into. The optiatian problem
is most often formulated in a way that allows fenrseparable
data by penalizing misclassifications.

2.2.2 Feed-Forward Neural Networks

Artificial Neural Networks, or simply Neural Netwar (ANN
or NN), are an information processing system, wiscimspired
by biological nervous system (the brain) and thaiststs in a
large number of highly interconnected processingmehts,
working together to solve specific problems [1#. d neural
network, signals are transmitted by connection djnk
characterized by an associated weight, which idiphield along
with the incoming signal (the input of the net) famy typical
neural net. So the output signal is obtained by lyapp
activations to the net input. One of the most ingatr types of

NN — used within our research — is tReed-forward Neural
Networks(FFNN). FFNN have a layered structure, where each
layer consists of units receiving their input framits from a
layer directly below and sending their output tataim a layer
directly above the unit. There are no connectioiteima layer.
TheN; inputs are fed into the first layer Nf.; hidden units. The
input units are merely 'fan-out' units; no procegdiakes place
in these units. The activation of a hidden un# fEinction of the
weighted inputs plus a bias. The output of the @mdnits is
distributed over the next layer dk., hidden units, until the last
layer of hidden units, of which the outputs areifetd a layer of
N, output units. FFNN are considersi@tic networkssince they
have no feedback elements and contain no delagsputput is
calculated directly from the input through feedward
connections (despite afynamic networkswhere the output
depends not only on the current input to the netwout also on
the previous inputs, outputs, or states of the adtw

2.3 Model Characteristics and Training Methods

By means of dedicated experiments (described itid3e8),
using a static driving simulator, distraction anghamic driving
data have been collected.

Data of distraction constitute the target set, sime have
adopted a supervised learning method. As detaifechaxt
Section, distraction has been induced during dgivioy means
of a secondary visual research task reproducechan-eehicle
display system. This task is called SURT (SUrrugaseial-
Research Task — [9]). In particular, eyes-positias tbeen
extracted from videos with a video-processing labmy
software and transferred to a log file as Boolednes(1: eyes
on the SURT; 0: eyes on the frontal screen). THemchange of
SURT status, from 0 to 1 and from 1 to 0, has beasidered as
the key factor to understand if the driver wasrdistied or not. In
fact, from literature ([9] and [13]), if the drivetook away from
the road for more than 2 seconds, they can be dedaas
distracted. The switches of SURT status identify teziod
where drivers were engaged with secondary task tiop. In
such a way we get the target dataset for trairfiegclassifiers.

For what concerns the data about the vehicle dynafthe
Host-Vehicle (HV, that is the vehicle driven by theman user),
the following variables have been collected:

e Speed[m/s]

Time To Collision [s]

e Time To Lane Crossing [s]

e  Steering Angle [deg]

e Lateral Shift [m]

e Position of the accelerator pedal [%]

«  Position of the brake pedal [%]

The frequency of data collection was 20 Hz (1 getint each
0.05s).

It is worth to note here that these variables danst the
inputs of the classifiers, so the eye-movementsiaibappear,
but they have been used only to construct the tasge As
discussed later on, this is one of the most releddferences of
this research with respect to the literature.

For each parameter in the list, the mean on differsobile
windows has been computed, as method to group (swizeh
the data. In fact, the punctual measures (speedrisg angle,



etc.) may contain each minimum variation of vaeab which
would be used as valid data, while they represathier a noise
and a disturbance to the measure. So, such a waisebe
minimized by using the mobile window average. Wiwdsize
denotes the period over which eye movement andndridata
were averaged. The comparisons window size seoviatentify
the appropriate length of data that can be sumethria reduce
the noise of the input data without losing useffibimation. We
chose four window sizes: 1 (raw data), 2, 3, arsteps. All the
results achieved with these different summarizirsgameters
method have been compared (see next Section).

Following the ordinary procedure for supervisedri@ag,
each data set has been split in three differergetab

¢ Training data(around 60% of the whole dataset) These

are presented to the network during training and th

network is adjusted according to its error.
¢ Checking datgaround 15% of the whole dataset) These

are used to measure network generalization andato h

training when generalization stops improving

¢ Testing data(around 25% of the whole dataset) These
have no effect on training and so provide an inddpat
measure of network performance during and aftémitrg

3 DESCRIPTION OF THE EXPERIMENTS

driving task and is therefore more likely to intd, possibly
causing a degradation of driving task performances.

Each participant was asked to complete 16 secypndak
sessions, each one lasting three minutes. When SURT
activated the display shows a black screen withsg@bols
(each 1.4 cm high), specifically: 14 blue circl&§, red squares
and 1 red circle. The screen is equally divided imo vertical
sides and each time the SURT is presented the dsiasked to
touch the side where the red circle is located. fline interval
between two consecutive screens was pseudo-rangdmiz
between 3 and 9 seconds.

Figure 1 SURT task displayed on the right-side touch screen

The number of correct answers together with drivesaction

A driving experiment has been conducted on a Stanerfime on the SURT (i.e. the difference between trataint the
(www.scaner2.coincar simulator, a fixed based system thatt@sk is presented and the touch of the driver) haes recorded.

comprises a mock-up of a car with real driving colst(i.e. seat,
steering wheel, pedals, gear, handbrake), a digitaulated
dashboard displaying a traditional instrumental ghaand a
frontal projection screen where the simulated emrirent is
displayed to the driver.

Twenty participants with a previous experiencetmndriving
simulator have been selected and divided into twoups: ten
drivers in the age between 20 and 25 and ten bat@@and 45.
Gender has been controlled (3 female and 7 male graxip): a
minimum amount of driver experience was required,
particular:

« At least 2 years of driving licence;

« At least 6000 km driven per year.

Participants were asked to drive for appreciati&lyminutes
on a simulated three lanes highway with a totagflerof 60 km:
the driving task consisted in keeping the lane driding at an
average speed of 100 km/h at safety distance toveéhécles
drivers encountered ahead. For the moment, we ¢tmvsidered
a motorway scenario for a couple of reasons: firsepresents a
more structured and controlled environment; secdanid, more
suitable for the integration with the ADAS applicat under
investigation, the Adaptive Cruise Control (ACC).

As mentioned in the previous Section, distractias een
induced by means of a secondary visual researdh) tafled
SURT, reproduced on an in-vehicle display system TFT
touch screen installed on the right-hand side ef dar cabin).
Figure 1 shows the situation.

SURT was chosen with the aim at evaluating thefertences
caused by a generic visual search task ratheratspecific IVIS
(In Vehicle Information System). Like most commetcin-
Vehicle Information Systems, it requires visual gegtion and
manual response: such activities, according to ¥iskmultiple
resources model [11], requires the same mentalress of the

Drivers’ visual attention allocation to the SURT hasen
assessed by means of two infrared cameras install&dnt of
the participants, capturing his/her eyes fixatiohao types of
fixations have been triggered:

« Drivers’ eyes on the SURT;

« Drivers’ eyes on the frontal screen where the dgvi

environment was simulated.

Eyes position has been extracted from videos withidao-
processing laboratory software and transferred togafile as
Boolean values (1: eyes on the SURT, 0: eyes on rthreal
screen): these data have been then aligned to etb@rding
frequency of the driving simulator logger.

4 DATA ANALYSIS AND RESULTS

After the creation of the datasets, as describabérprevious
Section, different models have been trained andpened. First,
classifiers were trained for each participant witffferent
characteristics and parameters for each algoritmoluding
different combinations of input variables and diffet values of
mobile windows. This procedure has been adopteth fmt
SVM and FFNN.

Second, we have carried out different compariséirst of
all, the performances of each model have been cadpene
other inside the data regarding the same subjegithih-
subject” analysis) in order to assess how a specifidel can fit
a specific subject (very interesting for the pesdimation issue).
Then, we have considered a “between-subject” aisalys

« the model of a subject (training) has been usedassify

the distraction (testing) of all other subjectslidi@ing a
“leave-one-out” approach through the whole numbér o
subjects available.



« the data from all subjects (randomly sampled) hiagen

merged together and then a model has been traimedeo , TestROC
whole dataset available. 09
08
This procedure allows checking how much a single s 07
Distraction model can be generalised to differesgra and to T o8
different scenarios or conditions. § 05
o 04
E 03
4.1 Results of Distraction Classification for each o
Subject .

0 02 04 06 08 1
False Positive Rate

For the first type of analysis we have compared i
techniques: FFNN and SVM. We have considered tis¢ dine Figure 2 ROC curve of testing set for S6, with HN = 50 and

for the pattern classification of distraction. Bifént networks Win =2
configurations and topologies have been analysed efich
subject, with different window values of the dated aifferent With reference to the plot, the number of true pess$ (TP),
inputs. The chosen network has the following chiarastic: of false positives (FP), of false negatives (FNj #re number of
» training method = Scaled Conjugate Gradient Backirue negatives (TN) is the following:
propagation e TP =45.1%
« number of layers = 2 layers topology has been ehasith * FP =3.8%

one Hidden Layer (HL — very rare the case in whiaire * FN=6.5%
than 2 are needed; in our case, two did not provide TN =44.5%
appreciable improvement of results) and one Outjpyer

(L) It is worth to note here that mobile windows haweeg the
« transfer function = a Sigmoid transfer function Heen  best results with respect to raw measures, espettial window
used for both the HL and OL. values of 2 steps. In most cases, HN = 50 has gikerbest

In the HL, different numbers of Hidden Neurons (HMNjve  performances (more HN caused a much longer traitiing,
been tested; in particular, the following table whdhe results without a significant improvement in performance&ach
obtained for each subject: configuration has been trained multiple times, esinthis

procedure generates different results due to differinitial
Table 1. Performance of the FFNN Classifier for each subject conditions and sampling.

Subject Win CR HN MSE Second, we have considered the SVM, also in thés wdth
g; g %‘-g gg 8&‘1‘3‘2‘% different configurations, different windows andfdint inputs.
s3 5 798 10 0137261 In partlcular., several kernels have been testéfrent values of
S4 5 82.7 50 0.119556 Parameters:

S5 3 84.4 20 0.121516 e Linear (LIN)
S6 2 89.7 50 0.079988 « Quadratic (QUAD)

* Polynomial (POLY)
Mean Square Error (MSE) has been used to evallmte t « Radial Basis Function (RBF)

performances and so as stop-criterion; in fact,initig  Multi-Layer Perceptron (MLP).

automatically stops when generalization stops ivipg as

indicated by an increase in the MSE of the val@atsamples The results are illustrated in the following table:
(that, we remember, is the 15% of the dataset).

The Correct Rate (CR) of classification has been reghed Table 2. Performance of the SVM Classifier for each scihje
one meaningful parameter to assess the differentelmgboth Subject Win Kernel Parameters CR
for FFNN and for SVM). As Table 1 shows, the best S1 1 RBF Sigma = 0.5 95.6
performance has been obtained for S6, with a CR etjual
89.7%. In this case, the training time was 151geéffter, the S2 2 POLY Order = 3 95.2
ROC plot is showed: S3 2 RBF Sigma=05  96.4

S4 2 RBF Sigma = 0.5 94.2
S5 5 RBF Sigma =0.1 94.5
S6 5 RBF Sigma = 0.5 93.4

As Table 2 shows, the RBF has proven to be the besteK
function in 5 cases out 6; whose expression is:

K(xux) = ol M

Wherex, andx represent the data points ani a predefined
positive scaling factor parameter.



The RBF is a very robust kernel function, using whiths
possible to implement both nonlinear and linear piragp by
manipulating the values of its parameters. Moreotlez RBF
can reduce numerical difficulties and ends to a@btaore robust
results than other kernels, such as polynomial lavehr ([18]
and also confirmed by our results).

In this case, the best results were for S3, hathegest CR,
equal to 96.4%; the RBF Kernel has parameter of 0.5, with a
Win value of 2. In particular, theensitivity(that is, Correctly
Classified Positive Samples or True Positive Samp4e88.9%,
while the specificity (Correctly Classified Negati@amples or
True Negative Samples) is 93.9%.

A comparison between the two models of Distrac(8WM
and FFNN) gives the results that SVM outperform&NRF In
fact, from table 1 and 2, the CR parameter is delinibetter for
SVM classifier than for FFNN classifier.

Finally, we have used MATLAB Neural Networks Toolbox
for the FFNN model and the MATLAB Bio-informatics Tlbox
for the SVM model.

4.2 Results of Distraction Classification for a
“generic” Subject

Another research question we want to answer wastahe
generalization capability of the distraction cléiesi

First of all, the model of a subject has been usedassify
the distraction of the other subjects, followinge-one-out
method.

Unfortunately, such an approach did not give thpeeted
results with an unsatisfactory value of the CR pataméoth
for FFNN (no more than 62%, on average) and for S{fid
more than 72% on average). If such algorithms rmpemented
for a real-time application on-board a vehicle,stheesults are
strongly too poor, especially because the rate Rfwas much
lower than TN, implying that the model was not g@wiugh to
classify if the driver was actually distracted. Qrussible reason
is that every subject responds in a very specifay wo the
secondary task (used to induce distraction durrggtest) and
thus different subjects present different pattemshe data.

For this reason, we preferred to focus our attentia the
second method we have used, in order to test thergization
capability of these models. Thereby, a new dathsst been
created (always with the same percentage of tgiréhecking
and testing sets), taking randomly the data fronswthjects, in
order to create a more homogenous dataset; athisicase, the
same different window values have been taken iotount.

For the FFNN model, the following performances hheen
achieved:

Table 3. Performance of the FFNN Classifier for the whol&adat.

Win CR HN MSE
1 74.9 50 0.165221
2 71.2 20 0.176795
3 73.1 10 0.169885
5 72.8 10 0.170707
5 72.8 50 0.172920

For what concerns the results achieved using SVMehohe
situation is the following:

Table 4. Performance of the SVM Classifier for the whaégaset.

Win Kernel Parameters CR
1 RBF Sigma =0.5 84.3
2 RBF Sigma =0.3 81.8
3 RBF Sigma=0.5 80.5
5 RBF Sigma = 0.3 82.1

Also in this case we obtain the best value with RBF
Kernel, using ar parameter equal to 0.5. The CR of 84.3% is
much better than 74.9% and thus SVM model outperdor
FFNN model even in this case; however, SVM doesofdain
the same results of each single subject. In pdaticuhe
sensitivity is 84.5% and the specificity is 84.1%.

Since the second best performance both for FFNNSAfd
models is given by win = 5, we can guess that apelee
investigation, using wider windows, should be exgtb(see last
Section for more details).

5 DISCUSSION

This strategy of developing methodology to detedved’s
distraction, based on ML algorithms, is not congiehew (see,
for example, [12], [19] and [20]). In particulahet first two
works develop real-time methods for distractionssification
using Bayesian Networks and Support Vector Machines,
respectively. The results obtained are comparalitd wurs
(related to the whole dataset) with a rate of adrctassification
of around 80.1%. Our best case was 84.5, so —daenmsy also
the differences in the experiments, even if bothied out in a
driving simulator — absolutely comparable. Our ivation with
respect to these works regards mainly these twectsp

« Different use of input features for the classifiers

* Personalization aspects

For the first point, all the aforementioned worksed eye-
tracker information, which is not so easy to oht&nfact, when
using the simulator, it is relatively easy to héyéut in a real-
time application on the car, this is extremely idifft. Several
limitations can be met. The first concerns the [ab of
integration: a dedicated camera and related ECléésled and
has to be integrated into the cockpit of the vehi&econd,
although the information provided by eye-trackevide are
absolutely useful, nonetheless they require — fangle — that
the drivers do not wear sunglasses and glass&yeomake-up,
because these conditions may affect negativelkitrgaccuracy
[12]. Moreover, there is the problem to obtain déstemt and
reliable sensor data. Eye trackers may lose trgckiccuracy
when vehicles are traveling on rough roads or whenlighting
conditions are variable. Of course, the use ofrophgsiological
measures (such as heart rate or respiration rdte) s
conductance, etc.) can provide other excellentcatdrs, but
they are even more intrusive and difficult to useeal-time in
the ordinary cars. In this context, our challengeswo provide a

FFENN model has performed worst than in the previousiata-mining based method, which does not require th

analysis, focused on each subject. In fact, novb#st result has
been obtained with a CR = 74.9% and it is intergstm note
without using mobile windows on the data.

mandatory use of eye-tracker information (or ofhfeysiological
measures) but it is based only on vehicle dynarata.dDespite
the fact that for the whole dataset we did not medice



performance level of a single subject, we can kayguch a goal
has been achieved.

Secondly, this research has proved an excellenhadeto
personalize the model; from one side, a “generistraction
classifier is easier to be extensively applied anained;
however, on the other side, the performances cddawith the
application of specific model for each driver agdinitely good.
Perhaps, this is a direction to take into acconrthé distraction
classification field, since different drivers respoto external or
internal stimuli — which are responsible of distime — in very
different manner, as our data proved..

Finally, with respect to our previous research [20¢ have
considered an actual classification problem and anoeaction
time profile to reconstruct (which implies the wfé'unknown”
thresholds in post-processing, in order to undedsiathe driver
was really distracted or not). In addition, the imemof data
points collected in this experiment, as well as tiumber of
conditions and scenarios where the experiments Hmaen
performed, is much larger and thus more represeetaif
ordinary use for such a system.

6 CONCLUSIONS

This paper developed a data mining based modeletect
driver distraction from driving dynamic data. Wevhaexplored
two algorithms: FFNN and SVM, which has proved ¢ostitute
a viable means of detecting driver's distractione \Wave
considered a personalization aspect, with one fpecodel for
each subject and one generalization aspect, wheid Bas
obtained results comparable with those presentdrature, but
without using eye movements as inputs to the dlassi

All in all, some limitations of our work are disaesd
hereafter. First, we need to improve the genefadizaapability
of the classifiers. So, future researches implyabsessment of
new ML techniques, like Adaptive Network-based BRuzz
Inference systems (ANFIS), Relevance Vector Mach{R&&av)
or Hidden Markov Models (HMM). Moreover, differetypes of
Kernels can be explored, such as Gaussian Processdatively
recent kernel-based method.

Second, we have to consider the training time hadlelay of
distraction detection system, to evaluate whethisrappropriate
for the application. The training time for the bestformances
of FFNN model took around 151s on the whole datasel
35.6s on the dataset of subject 6 (the one withhst results),
while the training time of SVM models took 20s absl (for
subject 3), respectively. Although SVM are fasteonetheless
also response time is crucial and under this viemip&FNN are
usually better. So, the delay coming from data-ctdn and
response time of the models, have to be evalu@edcerning
the delay from summarizing data across windows, aihée
possible future activities is to consider largeluea (within the
upper limit of 2s, anyway, since it is the limitrfdetecting the
distraction, see Section 2). However, larger winslamay cause
longer delay and thus such lags shall be quantifietisely,
with specific and dedicated procedure to do it. Thesequence
of these lags will depend on the particular digtomcmitigation
strategy they support. So, the development of-tiesd
classification system for distraction has to batative cost of
time lags with the precision of distraction estiezatfor a
particular mitigation strategies and this represet important
research issue.

Finally, we need to perform tests directly on ratda in a
more diverse set of conditions and scenarios; tkisa
fundamental step in order to assess the genegdlibe results.

This research has been carried out and it is gomgyithin
the European co-funded project ISI-PADASttf://www.isi-
padas.e) Authors would like to thank the whole consortium
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