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Abstract 7 Nowadays several areas present trainingesides of that, several kinds of training cannetsimply

systems based on virtual reality. In these systbmsiser is
immersed into a virtual world to perform realisti@ining.
However, it is important to know the quality ofitiag to
provide a status about the user performance. Arinenl
assessment system allows the user to improve dnisirg
because it can identify, immediately after theriag, where
user made mistakes or presented low efficiencyerRigc
several approaches have been proposed to perforiinen
or off-line evaluation in training simulators based virtual
reality. In this work we present a new approacthoteline
evaluation based on Naive Bayes Classifier for rioge
and classification of simulation in pre-defined sdas of
training. Naive Bayes Classifiers are a special ecad
probabilistic networks or Bayesian Networks to caiep
conditional probabilities, over the data for eachass of
performance, and decide for the most probable.

Index Termg”/ Naive Bayes, Assessment, Training based on The main problems

Virtual Reality, Online Assessment System.

INTRODUCTION

Virtual Reality (VR) systems have been used foining of
several procedures since the 2nd World War wherfitsie
flying simulators were developed [18]. Nowadaysyesal
kinds of training are already executed in virtuahlity
simulators [2]. The goal of these systems is tovipl® a
training environment similar to a real procedurgiemment
by the use of devices and techniques that expladtiman
senses. In medicine, the use of virtual realitytesys for
training is beneficial in cases where a mistakdccoesult in
physical or emotional impact on patients. Systerns
different modalities in medicine have been deveippas
training in laparoscopy [22], prostate examinafibjy ocular
surgery [8] and bone marrow harvest [5]. Theseesyst as
other VR based simulators for training, could bgroved
by the incorporation of assessment tools to allgaldion
analyses of user performance. However, severalskiofd

classified as bad or good due to its complexityer;hthe
existence of an on-line assessment tool incorpdiate to a
simulation system based on virtual reality is impot to
allow the learning improvement and users assessment

Just a few years ago were proposed the first
methodologies for training assessment. They cadilided
in off-line and on-line methods. In medicine, somedels
for off-line [10, 18, 19] or on-line [4, 6, 12, 134]
assessment of training have been proposed. Specific
assessment methodologies for training through alinteality
simulators are still more recent. Because VR sitoutaare
real-time systems, an assessment tool must comuishuo
monitor all user interactions and compare his parémce
with pre-defined expert's classes of performangediBactic
reasons, it is more interesting the use of on-fisgessment
tools due the fact that these methods allows tbe taseasily
remember his mistakes and learn how to correct.
related to on-line training
assessment methodologies applied to VR systems are
computational complexity and accuracy. An on-line
assessment tool must have low complexity to do not
compromise VR simulations performance, but it mugs
high accuracy to do not compromise the user assegsiio
verify those requirements, an assessment tool based
Naive Bayes was implemented in a bone marrow harves
simulator based on virtual reality.

VIRTUAL REALITY AND SIMULATED TRAINING

Virtual Reality refers to real-time systems modelbd
computer graphics that allow user interaction and

f movements with three or more degrees of freedon212,

More than a technology, virtual reality became awvne
science that joins several fields as computerspticd
graphics, engineering and cognition. Virtual Rgalitorlds

are 3D environments created by computer graphics
techniques where one or more users are immersaitl/tot
partially to interact with virtual elements. Thealiem of a

training based on VR use to record the user actians virtual reality application is given by the graphiesolution

videotapes to post-analysis by experts [1]. Indhesses, the
user receives his assessment after some time. i$hés
problem because probably after some hours thewiiarot
remember his exact actions what will make diffidhke use
of the assessment information to improve his peréorce.

and by the exploration of users senses. Basicapigcial
devices stimulate the human senses as vision,i@udihd
touch. As example, head-mounted displays (HMD) \@ne
conventional monitors combined with special glassas
provide stereoscopic visualization, multiple sowswlrces
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positioned provides 3D sound, and touch can belateul
by the use of haptic devices [7, 20].
Virtual reality systems for
significant benefits over other methods of traininginly in
critical medical procedures. In some cases, thoseedures
are done without visualization for the physiciamd athe
only information he receives is done by the toushsations
provided by a robotic device with force feedbacke3e
devices can measure forces and torque applied gitinia

fuzzy rule-based system to on-line assessmentwfitig in
virtual worlds. Using an optoelectronic motion as& and
training can providevideo records, McBeth et al. [10] acquired and caragd

postural and movement data of experts and residients
different contexts by use of distributions statistiMachado
and Moraes proposed the use of Maximum Likelihati?],[
Fuzzy Gaussian Mixture Models [13], and recently#yu
Neural Networks [6] and Fuzzy Bayes Rule [15], agon
others. They also proposed a methodology to autoatigt

user interaction [9] and these data can be usednin assess a user’s progress to improve his/her peafaenin

assessment [4, 18]. One kind of haptic device sthaon a
robotic arm (Figure 1) and provides force feedbackl
tactile sensations during user manipulation of cisjen a
three dimensional scene. This way, user can fe@@cti
texture, density, elasticity and consistency. Sitheeobjects
have physical properties, a user can identify dbjaca 3D
scene without see them by the use of this kindewfa# [7].
This is especially interesting in medical applioati to
simulate proceedings in which visual information rist
available. One of the main reasons for the useobbtics
arms in medical applications is their manipulatgmilarity
when compared to real surgical tools.

FIGURE. 1
A HAPTIC DEVICE USED INVR SYSTEMS

ASSESSMENT IN VIRTUAL REALITY SIMULATORS

The assessment of simulations is necessary to onothié
training quality and provide some feedback abouat uker
performance. User movements, as spatial movemeanishe

collected from mouse, keyboard and any other tracki

device. Applied forces, angles, position and torgaa be
collected from haptic devices [20]. Then, virtuaality

above, to evaluate a simulation performed by user.
Some simulators for training present a method
assessment. However they just compare the finaltregth
the expected one or are post-analyses of videaequrds
[1]. Recently, some models for off-line or
assessment of training have been proposed, sontieeof

use Discrete Hidden Markov Models (DHMM) [18] or
Continuous Hidden Markov Models (CHMM) [19] to

modeling forces and torque during a simulated itngirn a
porcine model. Machado et al. [4] proposed the aka

on-line

virtual reality training systems [14] using stdtat
measures and models (time dependent or not) asawedl
fuzzy expert system. After that, Morris et al. [Bijggest the
use of statistical linear regression to evalua@'siprogress
in a bone surgery.

In this paper, we propose a new statistical sysiam
assessment based on Naive Bayes classifier. Téiisrmsycan
perform an on-line training assessment for virtusdlity
simulators. A vector of information with data called from
user interactions with virtual reality simulatorused by the

system and these data are compared by the asséssmen

system with M pre-defined classes of performance.
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FIGURE. 2
THE TISSUE LAYERS TRESPASSED BY NEEDLE IN A BONE MAFOW HARVEST.

To test the method proposed, we are using a bone

marrow harvest simulator [5]. This simulator hagyasal to
training new doctors to execute the bone marrowedsiy
one of the stages of the bone marrow transplane Th
procedure is done blindly, performed without angueail

: . feedback, except the external view of the donorybaahd
systems can use one or more variables, as the anedti

the physician needs to feel the skin and bone sayer
trespassed by the needle to find the bone marraivtizen
tart the material aspiration (Figure 2). The satad uses a
robotic arm that operates with six degrees of foeed
movements and provides force feedback to give ¢outer
the tactile sensations felt during the penetratainthe
patient's body (Figure 3) [11]. In the system tbbatic arm
simulates the needle used in the real procedure, the
virtual body visually represented has the tactiigpprties of
the real tissues. The assessment tool proposedvagubthe



user movements during the puncture and evaluated th As P(X) is the same for all classeg, then it is not
training according to M possible classes of perfamoe. relevant for data classification. In Bayesian tlyedt(w) is
called a priori probability fowv, andP(w; | X) is a posteriori
probability forw; whereX is known. Then, the classification
rule done by (2) is modified:

X 7w if P(X | w) P(w) > P(X | w) P(w) for alli #]
andi, j (K. 4)

Equation (4) is known as Bayesian decision rule of
classification. However, it can be convenient te [4:

g(X) = In [P(X'| w) P(w)]
=In [P(X | w)] + In [P(w)], with i (. (5)

where g(X) is known as discriminant function. We can use
(5) to modify the formulation done by Bayesian dami
rule in equation (4):

FIGURE 3

THE VIRTUAL REALITY BASED SIMULATOR FOR BONE MARROWHARVEST
TRAINING IN USE.

X Ow if gi (X) > g (X)for alli zj andi, j LK. (6)

It is important to note that if statistical disttipn of

training data can assume multivariate Gaussiamitaision,

ASSESSMENT TooL BASED ON NAIVE BAYES the use of (6) has interesting computational priogef3]. If
training data cannot assume that distribution, eégeation

This section presents the method for training assest, () can provides a significant reduction of comfiatal
based on Naive Bayes. For reader’s better unddistarwe  ¢ost of implementation.

first present a short review about Classical Bagtassifier.
After that, we present the Naive Bayes classifier. Naive Bayes Classifier

Classical Bayes Classifier Based on the same space of decision Mtklasses, a
_ Naive Bayes classifier computes conditional class
Formally, let be the classes of performance in 8@HC propabilities and then predict the most probabtsslof a
decisionQ={1,...,M} whereM is the total number of classesvector of training datX, whereX is a vector witi features
of performance. Let bes, i [7Q the class of performance obtained when a training is performed, de={X;, X,
for an user. We can determine the most probabkEs@éa X.}. From equation (3):
vector of training datX by conditional probabilities [3]:

_ P | X) = [P(X | w) P(W)] / P(X) =
Pw | X)=P(w n X) / P(X),whereiJ]Q. (2) = PW | Xg, Xo, .oy %) =

. _ . =[P(X1, Xo, ..y X%\ W) P(W)] 7 P(X) (7
The probability done by (1) gives the likelihoodtlfior

a data vector X, the correct classns Classification rule is However, ad(X) is the same for all classes then it is

performed according to not relevant for data classification and can beriteam as:

X O w if P(w | X) > P(w | X) for alli #j, andi, j DQ. P(X | w) P(W) = P(Xy, Xo, .., %\ W) P(w) (8)
(2)

The equation (8) is equivalent to the joint proligbi
However, all the probabilities done by (1) are umkn. model:
Then, if we have sufficient information availabler feach
class of performance, we can estimate that prababijl P(Xy, Xo, ooy X%\ W) P(W) = P(Xy, Xo, ..., %o W) (9)
denoted byP(X | w). Using the Bayes Theorem:
Now, using successive applications of the condition
Pw | X) = [P(X | w) P(w)] / P(X), (3) probability definition over equation (9), can beaibed:

where P(X) = 5" _; P(X | w) P(w). P(Xe, Xor oy X0, W) = PW) POty Koy ooy X0 \ W)
= P(w) PO\ w) PO, -y X\ W, X))



=PW) PO\ W) PO\ W, X)) PO, .. X\ W, X, X0) The virtual reality system used for the tests iboae
marrow harvest simulator [5]. In a first movememt the
=PW) PO\ W) POG AW, X)) ... POSYW, Xq, Xo ., X001) real procedure, the trainee must feel the skinhefttuman
pelvic area to find the best place to insert thedieeused for
The Naive Bayes classifier receive this name bexdss the harvest. After, he must feel the tissue layepsdermis,
naive assumption of each featut§ is conditionally dermis, subcutaneous, periosteum and compact bone)
independent of every other featuke, for all k #| <n. It trespassed by the needle and stop at the corrsitopoto
means that knowing the class is enough to deterine do the bone marrow extraction. In our VR simulatioe
probability of a valueX,. This assumption simplifies the trainee interacts with a robotic arm and his/hevemoents

equation above, due to: are monitored in the system by some variables
reasons of general performance of the VR simulatere
P\ W, X) = P(X \ wi) (10) chosen to be monitored the following variables: tispa
position, velocities, forces and time on each layer
for eachX, and the equation (9) can be rewritten as: Previously, the system was calibrated by an expert,
accordingM classes of performance defined by him. The
P(Xy, Xo, ooey Xy, W) = number of classes of performance was defineta3: 1)
= PW) PO\ w) PO\ w)... PO\ w) (11) correct procedures, 2) acceptable procedures, 8y ba
executed procedures. So, the classes of performiance
unless a scale factor S, which dependsXenX,, ..., %. trainee could be: "you are well qualified”, "youeesome
Finally, equation (7) can be expressed by: training yet", "you need more training".

The information of variability about these procezhiis

PW | X1, X5, ..., %) = (1/S) P(W) /7"=1 P(X\w) (12) acquired using probability models. In our case,assume
that the font of information for welasses is the vector of the

Then, the classification rule for Naive Bayes imikir sample data. The user makes his/her training itualir

those done by (4): reality simulator and the Assessment Tool basedaive
Bayes collects the data from his/her manipulatiéd.
X 7w if POW | Xg, Xo, ..oy %) > PW | Xg, X, ...y %) probabilities of that data for each class of.perfm_nce are
for alli #j andi, j 7Q (13) calculated by (14) and at the end the user is Bedigo aw,
class of performance by (13). So, when a trainess tise
andP(We | Xo, Xo, .., X) with* = {i, j | i,j 742}, is done by system, his performance is compared with each &gper
(12). clags of performz_:lnce and the Assessment Tool 'baaed
To estimate parameters f8(X, \ w) for each clasg it Nave Bayes assigns him the better class, accoriripe
was used a maximum likelihood estimator, namgd trainee's performance. A_t_ the_ end of tram_mg,alaeessment
system reports the classification to the trainee.
Pa(Xc \ W)= #( X, W) / #( W) (14) Before any training, the calibration of the assesgm

tool based on Naive Bayes was performed by an exper

where#( X, , w) is the number of sample cases belonging ithat, an expert executed the procedure twenty tforesach
classw; and having the valui , #( w) is the number of class of performance. The necessary parameters for
sample cases that belong to the class modeling each class are obtained and after thdiratbn,

the system is ready for use.

THE ASSESSMENT ToOL CONCLUSIONSAND FUTURE WORKS

The assessment tool proposed should supervisesgesu N this paper we presented a new approach to en-lin

movements and other parameters associated to fhien. training assessment in virtual reality simulatorBhis
system must collect information about positionghia space, aPProach uses an Assessment Tool based on Naives Bay

forces, torque, resistance, speeds, acceleratio§d SoOlves the main problems in assessment prazedow
temperatures, visualization position and/or visalpn COMPlexity and high accuracy. Systems based on this
angle, sounds, smells and etc. The virtual reaiityulator @PProach can be applied in virtual reality simuistdor

and the assessment tool are independent systemeyéio S€veral areas and can be used to classify a tramee
they act simultaneously. The user's interactionth wihe Classes of leaming giving him a status about his
simulator are monitored and the information is senthe Performance. The assessment system was implemented
assessment tool that analyzes the data and eméfsoa on bone marrow harvest simulator based on virtualityeaiith

the user's performance at the end of the trairiimpending SUCCeSS.

on the application, all those variables or som¢hefn will

be monitored (according to their relevance to thing).



As future work, we intend to test and to make &L5] Moraes, R. M.; Machado, L. S. “On-line TraigirEvaluation in
statistical comparison between others methodologyieisthe
methodology proposed in this paper.
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