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Abstract. Training systems based on virtual reality are used in several areas of 
human activities. In some kinds of training is important to know the trainee's 
skills. It can be done in those systems but requires high-end computers to 
achieve good performance. Recently, the use of embedded systems connected 
to the training system was proposed for training assessment, with the goal of 
decreasing requirements of the main system. However, some questions are still 
open and a deep study of this proposal was not performed. This paper provides 
answers for some of those questions. 
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1 Introduction 

Continuous learning and improvement of skills for staffs are a demand of several 
areas to guarantee good offer of services. With this purpose, applications based on 
virtual reality (VR) have been developed in order to provide realistic training, particu-
larly in the medical area [3]. In those systems, users are exposed to simulated prob-
lems in 3D environments to practice and get technological and psychological skills to 
perform them in a real condition. Also, VR systems demand integration and synchro-
nizations of routines, hardware and techniques [1], what requires high processing 
rates to provide real time feedback. 

One of the main advantages of training in VR simulators is the possibility of 
monitoring user actions to register their movements. Then, information as force, 
position and acceleration, among others performed with interaction devices (as 
haptics) must be acquired and processed during all the training session. This 
information is used to feed assessment routines that must provide feedback about 
users skills. Thus, an online feedback [3] will demand expressive time of CPU, which 
can compromise the other tasks of the simulator. Moraes and Machado [2] proposed 
an architecture for assessment based on embedded systems. In this architecture, an 
embedded system is connected to the VR simulator to enhance the execution of the 
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assessment tasks and release the CPU for other tasks related to the simulation. 
However, no further studies to analyze the efficiency of the architecture, its 
limitations to provide online assessment and its performance if compared to a CPU 
based approach were identified in the literature. The paper has as goal to provide this 
analysis for two previously proposed online methods based on fuzzy sets: Fuzzy 
Naive Bayes (FNB) [5] and Possibility and Necessity Measures (PMN) [14]. Both 
were implemented in a CPU and also in an embedded system. Monte Carlo 
simulations were used to describe profiles for both methods with increasing size 
databases. 

2 Virtual Reality and Training Assessment 

VR for training of procedures allows simulating real problems in a realistic way, 
avoiding risks and ethical issues [3], as the acquisition of guinea pigs or cadaveric 
bodies. Advantages of the use of VR for training are related to the variability of cases 
that can be simulated, including rare and atypical occurrences, the possibility of repeti-
tion without degradation of materials and the absence of risks for the people involved. 

The use of special devices in VR systems allows reaching high levels of immersion 
and interactivity, providing for users the feeling of presence by the manipulation of  
elements in the virtual environment [8]. Those devices usually explore users´ senses 
as the sight, hearing and touch. The VR system processes all interactions and the 
feedback to be provided. Also, the VR system is responsible by the synchronization of 
all tasks in order to guarantee the sequence and coherence among the several tasks. 
These tasks include the calculus of physical phenomena, lighting and collision 
detection, as examples. Because interaction devices can acquire data with rates that 
start on 30Hz, the amount of information processed in a simulation can be massive, 
depending on the type of interaction. Haptic devices, as example, can capture 
interaction in rates between 500 and 1000 Hz. 

Since VR systems are computational simulations, interaction data of the procedure 
can be collected and used to assess trainees´ performance. This can occur in two 
different ways: offline and online. Offline assessment methods are those that cannot 
provide immediate feedback for users: post-analysis of recorded training [10] sessions 
or questionnaires answered by users [11]. However, users can forget their actions after 
some time, which gives to this type of assessment a lower didactic impact. Online 
assessment methods can provide real-time feedback and trainees can immediately 
repeat the training and try to correct their actions to improve their performance. It is 
important since it can provide a more effective learning process. Several methods for 
online assessment have been proposed for medical simulators based on VR 
[4,5,6,9,14]. 

The calibration of the evaluation system is necessary to acquire and label correct 
and incorrect ways to perform the procedure. It is provided by an expert of the 
simulator subject that executes several times the procedure in different ways in order 
to generate parameters for each execution. A previously defined number for classes of 
performance is used to label each execution. All interaction and environment 
parameters are acquired during this process to be used by the assessment method, 
which is normally based on a pattern recognition technique. As example, a M=3 
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number of classes can refers to 1: “good performance“, 2 - “regular performance“, 3 - 
“bad performance“ [14]. 

3 Assessment Methods and Decision Rule 

3.1 Fuzzy Naive Bayes (FNB) Method 

A fuzzy set A in Ω is defined for each element ω ϵ Ω as a mapping µA, called mem-
bership function, which can associate each element from Ω to [0,1], and is  inter-
preted as the degree of membership of ω in A [7]. Some fuzzy versions for the Naive 
Bayes classifier were proposed. In this work we follow the version proposed by Störr 
[17] and used by [5] as a kernel of an assessment system for training based on VR. 

Formally, let be Ω={1,...,M} the classes of performance in space of decision, where 
M is the total number of classes of performance. Let be wi, i ∈ Ω the class of 
performance for a trainee. It is possible to determine the class of performance most 
probable for this trainee given a data vector X = {X1, X2, ..., Xn} and assuming that 
each Xk, k=1,...,n is a fuzzy variable, with normalized membership functions μi(Xk), 
where i=1,…,M. The method is defined by [5]: 

 P(wi \ X) = (1/S) P(wi) * P(Wi)  ∏ n
k=1  [P(Xk \ wi) μi(X)], i ϵ Ω (1) 

where S is a scale factor which depends on X1, X2, …, Xn. 
The classification rule for Fuzzy Naive Bayes is: select performance class wi for 

the vector X if: 

 P(wi \ X) > P(wj \ X) for all i ≠ j and i, j ∈ Ω (2) 

3.2 Possibility and Necessity Measures (PMN) Method 

Let A be a fuzzy subset of Ω, with its membership function μA, and let X be a variable 
which assumes values ω in Ω. Then, the possibility distribution π is a function asso-
ciated to X and is defined as: 

πX(ω) = μA(ω)                                   (3) 

The possibility measure Π and the necessity measure are defined respectively by: 

Π (A) = sup {π (u) | x ∈ A}   and   N (A) = inf {1 - π (u) | x ∉ A}. 

Other relations between them were provided in [16]: 

Π (∅) =  N (∅) = 0;  Π (Α) =  Ν (Α) = 1; 

max(Π(Α) ,Π(Ā)) = 1; min(N(A), N(Ā)) = 0; 

The possibility and the necessity measures are dual: 

Π(Α) = 1 − Ν(Ā)   and   Ν(Α) = 1 − Π(Ā). 
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Some relations between them can be provided [16]: 

Π(Α) ≥ N(A);   N(A) > 0  Π(Α) = 1;   Π(Α) < 1  N(A) = 0 

Let A and B be fuzzy subsets of Ω, with membership functions μA and μB, 
respectively. Let X be a variable which assumes values ω ∈ Ω. The conditional 
possibility and necessity measures are given by [16]: 

Π (A | B) = max u ∈ X  min (μA (u), πΒ (u)) and 

Ν (A | B) = min u ∈ X  max (μA (u), 1- πΒ (u)).                 (4) 

From equation (4) is possible to construct an interval for the real value of the class 
of performance wi, given each feature Xk , with k={1,...,n}, from the training data X = 
{X1, X2, ..., Xn} from a user [14]: 

μωi (Xj) ∈ [N(ωi | Xk); Π(ωi | Xk)]. 

The domain of membership function for the class of performance ωi is an interval  
where the minimum value is the minimum compatibility and the maximum value is 
the maximum compatibility: 

μωi (X) ∈ [compatmin; compatmax]. 

As the class of performance wi is expressed by a conjunction of features Xj , then 
this aggregation is performed by a t-norm. In this case, the “min” operator preserves 
the semantics of possibility and necessity measures [14]: 

compatmin  = min k (N (ωi | Xk))   and    compatmax  = min k (Π (ωi | Xk)). 

The defuzzification process can be done using, for instance, the centroid method, 
where C [μwi (X)] is the centroid between compatmin and compatmax for the pertinence 
function of class wi, according to X. Then, the decision rule is: select performance 
class wi for the vector X if [14]: 

wi = arg max 1≤i≤M  C [μwi (X)]. 

4 Embedded System 

An embedded system is a combination of hardware and software with additional 
components (mechanical and/or electronic) performing a dedicated function [8]. Its 
hardware is specifically designed to fulfill requirements of a system making it cheap-
er. This kind of device is also characterized by having higher quality, higher reliabili-
ty and lower cost components [8] than other computer systems. Its architecture is 
generally similar to that of a computer system and may be composed by main memo-
ry, secondary memory, processor and buses input and output, such as: USB port, 
VGA port, network adapter and others, according to the task to be performed. 
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