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This paper analyses the possibilities of the integration of different technological and knowledge representation techniques for 
the development of reinforcement frameworks for the remote control of multiple agents such as wheelchair-type robots. Some 
technological solutions are discussed regarding the recognition of localization of moving objects by using mobile technologies. 
Large-scale multi-dimensional recognitions of emotional diagnoses of disabled persons often generate large amounts of multi-
dimensional data with complex recognition mechanisms, based on the integration of different knowledge representation techniques 
and complex inference models. The problem is to reveal the main components of a diagnosis as well as to construct  flexible 
decision making models. Sensors can help to record primary data for monitoring objects; however the recognition of abnormal 
situations, the clustering of emotional stages and resolutions for certain types of diagnoses is an oncoming issue for bio-robot 
constructors. The prediction criteria of the diagnosis of the emotional situation of disabled persons are described using knowledge 
based models of neural networks. The research results present the development of a multi-layered framework architecture with the 
integration of artificial agents and support components for diagnosis recognition and control, or further actions, by using mobile 
technologies. The method of fuzzy neural network control of the speed of wheelchair-type robots working in real time by providing 
movement support for disabled individuals is presented. The fuzzy reasoning by using fuzzy logical Petri nets is described in order 
to define the  physiological state of disabled individuals through recognizing their emotions during their different activities. Some 
new possibilities of the recognition of moving object location are introduced in the system. 
 
Keywords: multiple agent system, decision support system, knowledge representation techniques, fuzzy logic, neural networks, Petri nets 

 
1. Introduction 
 

The development process of intelligent systems with adaptive e-services is important for providing 
user-friendly e-health and e-social care for people with movement disabilities. Such systems include 
different intellectual components for control and for monitoring sensors by supporting multi-agent 
activities. In addition,  in accordance with the recognition of certain situations, these systems integrate the 
possibilities to affect and control the devices used by disabled persons [14, 16, 25]. We recognize the 
possibilities of developing the integration of different types of knowledge representation techniques in 
such bio-robot systems with working on-line sub-systems of complex mechanisms of cooperation of 
multi-agent activities for sensing human affect.  

The framework provides  intelligent accident preventive robot-based support for people with 
movement disabilities and includes affect sensing in Human Computer Interaction (HCI) in providing e-
health care for people with movement disabilities,  Human-Robot Interaction (HRI) for assisting tele-
healthcare patients to remain autonomous, and  Computer Mediated Communication (CMC), to provide 
adaptive user-robot friendly collaboration. Such systems should depend upon the possibility of extracting 
emotions without interrupting the user during HCI, HRI, or CMC [1, 2, 4, 6, 8, 9]. Emotion is a mind-
body phenomenon accessible at different levels of observation (social, psychological, cerebral and 
physiological). The continuous physiological activity of a disabled person is being made accessible by use 
of intelligent agent-based bio-sensors coupled with computers.  

The aim of this research concerns investigations into the integration of different knowledge 
representation techniques in order to develop a reinforcement framework of multiple cooperative agents’ 
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activities in order to recognise the prediction criteria of the diagnoses of the emotional situations of 
disabled persons. The research results present further development of a multi-layered model of this 
framework, with integration of the evaluation of localization possibilities and decision support system 
constructions. The knowledge of decision support systems is represented by fuzzy neural control of the 
speed of two wheelchair-type robots working in real time providing movement support for disabled 
individuals. The method of fuzzy reasoning using fuzzy logical Petri nets [15] is described in order to 
define the physiological state of disabled individuals by recognition of their emotions.  
 
2. The Framework Architecture of the Adaptive Control of a Multi-agent System 

Working with Robot Motion Recognition Components  
 

The proposed reinforcement framework is based on the interaction of intelligent remote bio-robots, 
localization services, embedded decision support systems and data stored in a data warehouse (Fig. 1). 
The data warehouse is based on  distributed information systems with important personal data of the 
patients and  sensor monitoring data. The framework includes the adaptive moving wheelchair-type robot 
which is remotely communicating with a wearable human affect sensing bio-robot. To record, for reasons 
of e-health care, relevant episodes based on humans affect stages [2], the context aware sensors are 
incorporated into the design of the Human Affect Sensing Bio Robot-x (HASBR-x) for every disabled 
individual, and into the local Intelligent Decision Making Agent-x (IDMA-x) for every intelligent support 
providing robot.  

 
 

Figure 1. The reinforcement framework of an intelligent remote bio robot interaction based on distributed information systems 
 

This framework allows a multi-sensor data fusion before the transmission of the data to the 
Remote Control Server (RCS) to minimize the TCP/IP (UDP) bandwidth usage. Multi-agent based 
adaptive motion control of both robots is based on an adaptive Fuzzy Neural Network Control (FNNC) 
approach. The architecture of the FNNC controller represents an approach of Adaptive Neural Fuzzy 
Inference System (ANFIS) that combines the fields of fuzzy logic and neural networks [3] (Fig. 2).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Modified agent based adaptive FNNC-type DC motor speed controller according to [3] 
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The ability to learn about the nonlinear dynamics and external disturbances of the motor speed 
controller with a stable output, small steady error, and fast disturbance rejection is integrated into this 
framework.  

At the kth moment, the difference between motor speed reference value v(k) and motor speed 
output value vo(k) is split to speed error e(k) and speed error change Δe(k). These values are used as 
proposed in [6] NN Learning Agent in Fig. 3 for learning the artificial neural network Artificial NN in Fig. 
2 as well as the 2nd order input vector of the Artificial NN. The output of the Artificial NN generates a 
percentage value of pulse width change ΔPW(k) to describe how much pulse width value PW(k) of the 
real motor speed control value at the moment k should be changed. This value then is generated in real 
time by the ATmega32 microcontroller to perform online calculating: 

 

( ) ( ) ( )kPWkPWkPW Δ+−= 1 . (1) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Multi-agent based adaptive robot motor speed control system using Agent-based NN learning system [6] 
 

The architecture of the neural-fuzzy controller  [3] for DC motor speed control of a wheelchair-
type robot is presented in Fig. 4.   

There layer 1 represents inputs X = e(k) and Y = δe(k) to the fuzzy neural controller, the speed 
error e(k) and the change in speed error δe(k) = e(k) – e(k-1), respectively. Layer 2 consists of 7 input 
membership nodes with four membership functions, A1, A2, A3, and A4, for input X and three 
membership functions, B1, B2, and B3, for input Y [3]. Each node in layer 2 acts as a linguistic label of 
one of the input variables 1 and 2, i.e., the membership value specifying the degree to which an input 
value belongs to a fuzzy set is determined in this layer. The triangular membership function is chosen 
owing to its simplicity. For the change in motor speed error δe(k), the initial values of the premise 
parameters (the corner coordinates aj, bj and cj of the triangle) are chosen so that the membership 
functions are equally spaced along the operating range of each input variable.  

The weights between input and membership level are assumed to be at unity. The output of neuron 
j = 1, 2, 3, and 4 for input i = 1 and j = 1, 2, and 3 for input i = 2 in the second layer can be obtained as 
follows.  

For positive triangle slope  if Xi ≥ aj and Xi ≤ bj 

 

O2j = (Xi – aj)/(bj – aj), 
 

Or for triangle negative slope  if Xi ≥ bj and Xi ≤ cj 

 

O2j = (Xi – cj)/(bj – cj), 
 

Where aj, bj, and cj are the corners of the jth triangle type membership function in layer 2 and Xi is 
the ith input variable to the node of layer 2, which could be either the value of the error or the change in 
error. The layer 1 in Fig. 3 represents inputs X = e (k) and Y = δe (k} to the fuzzy neural controller, the 
speed error e(k) and the change in speed error δe(k) = e(k) – e(k-1), respectively.  

Layer 2 consists of 7 input membership nodes with four membership functions, A1, A2, A3, and 
A4, for input X and three membership functions, B1, B2, and B3, for input Y. The weights between the 
input and membership levels are assumed to be at unity. Each node in Rule layer 3 multiplies the 
incoming signal and outputs the result of the product representing one fuzzy control rule. It takes two 
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inputs, one from nodes A1–A4 and the other from nodes B1–B3 of layer 2. Nodes A1–A4 define the 
membership values for the motor speed error and nodes B1–B3 define the membership values for the 
change in speed error. Accordingly, there are 12 nodes in layer 3 to form a fuzzy rule base for two input 
variables, with four linguistic variables for the input motor speed error e(k) and three linguistic variables 
for the input change in motor speed change error δe(k). 

The input/output links of layer 3 define the preconditions and the outcome of the rule nodes, 
respectively. The outcome is the strength applied to the evaluation of the effect defined for each particular 
rule. The output of neuron k in layer 3 is obtained as O3k = W3jk*y3j, where y3j represents the jth input to 
the node of layer 3 and W3jk is assumed to be at unity. Neurons in the output membership layer 4 represent 
fuzzy sets used in the consequent fuzzy rules. An output membership neuron receives inputs from 
corresponding fuzzy rule neurons and combines them by using  fuzzy operation union. This was 
implemented by the maximum function.  

Layer 4 acts upon the output of layer 3 multiplied by the connecting weights. These link weights 
represent the output action of the rule nodes evaluated by layer 3, and the output is given O4m = max 
(O3k*Wkm), where the count of k depends on the links from layer 3 to the particular mth output in layer 4 
and the link weight Wkm is the output action of the mth output associated with the kth rule. This level is 
essential in ensuring the system’s stability and allowing  smooth control actions.  

Layer 5 is the output layer and acts as a defuzzifier. The single node in this layer takes the output 
fuzzy sets clipped by the respective integrated firing strengths and combines them into a single fuzzy set. 
The output of the neuron-fuzzy system is crisp, and thus a combined output fuzzy set must be defuzzified. 
The sum-product composition method was used. It calculates the crisp output as the weighted average of 
the cancroids of all output membership functions as O5o = Sum (O4m*acm*bcm) / Sum (O4m*bcm), where aCm 
and bCm for m = 1, 2, .., and 5 are the centres and widths of the output fuzzy sets, respectively. The values 
for the bCm’s were chosen to be at unity. This scaled output corresponds to the control signal (percent duty 
cycle) to be applied in order to maintain the motor speed at a constant value. The only weights that are 
trained are those between layer 3 and layer 4 of Fig. 3.  

A back-propagation network is used to train the weights of this layer. The weights of the neural 
network were trained offline by using an open source type R-programming environment before they were 
used in the online real time experiment by applying the modified learning algorithm from [3]:  

Step (1): Calculate the error for the change in the control signal (duty cycle) for ATmega32-based 
microcontroller as Eo = To − O5, where Eo, To, and O5 are the output error, the target control signal, and 
the actual control signal;  

Step (2): Calculate the error gradient δm = (To – O5o)*(Sum (O4j (acm - acj) for j = 1 to m–1 and j <> 
m) / Sum (O4j for j = 1 to m)*2, where aCi for i = 1…5 are the centres of the output fuzzy sets and O4j is 
the firing strength from node j in layer 4;  

 
 

Figure 4. Architecture of the neural-fuzzy controller by [3] for DC motor speed control of wheelchair type robot 
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Step (3): Calculate the weight correction Δwkm = ηδmO3k to increase the learning rate. Here a 
Sejnowski – Rosenberg updating mechanism was used, which takes into account the effect of past weight 
and changes in the current direction of the movement in the weight space. This is given by Δwkm(t) = η(1 
− α)δmO3m + αΔwkm(t − 1), where α is a smoothing coefficient in the range of 0…1,0, and η is the learning 
rate; 

Step (4): Update the weights wkm(t + 1) = wkm(t) + Δwkm(t), where t is the iteration number. The 
weights linking the rule layer (layer 3) and the output membership layer (layer 4) are trained to capture 
the system dynamics and therefore minimize the ripples around the operating point.  
 
3. Localization Possibilities of Moving Objects 

 
In order to identity the location of a moving object, we will use the package 

javax.microedition.location in J2ME’s location (JSR 179) [18]. Location service: LDS answers basic 
questions: where the object is (e.g. coordinates), and how you can get to the object. The location detection 
service enables us to obtain information about the insecurity of the locality, or, if an accident happens, we 
will be able to inform the appropriate institutions about the incident. The package 
javax.microedition.location enables us to write application programs (APP) to identify the location to be 
equipped with limited resources [22, 24]. J2ME programming interface specification can be implemented 
dynamically by any of our listed local methods. 

The main J2ME programming interface provides the current physical location with mobile 
devices. Hardware equipment for the platform determines which methods are suitable for a location and 
which of them it supports. APP may require certain properties from the supplier, such as a degree with the 
minimum precision. APP should warn the user before he starts using one of the methods.  

JSR 179 requirement: "Connected Device Configuration (CDC) or Connected Limited Device 
Configuration (CLDC) with 1.1 versions”. The Connected Limited Device Configuration (CLDC) is not 
supported with version 1.0, because there are no floating-point numbers, which are used in APP to show 
the coordinates and other dimensions [18]. 

The package javax.microedition.location is designed as the main class in which other classes are 
included: 

• Criteria class (cr) with the parameters of accuracy, response time, height and speed; if we 
specify the start of recognition of the object, then we create a new criteria class: Criteria cr = new Criteria (); 
and define the horizontal accuracy: cr.setHorizontalAccuracy(500) (in this case 500 meters).  

• Location class extracts the local results. Its object contains coordinates, speed if  reached, and 
the address where the text is reached and the time marker, which shows the dimensions of the space.  

The coordinates are designed for two classes: Coordinates of the object represent points of latitude 
and longitude in degrees, and the height in meters. 

• Qualified Coordinates of the object contain latitude, longitude, and also their accuracy , which 
are depicted as the radius of the area.  

Examples of this specification are presented as follows: 
 

Criteria cr = new Criteria ();  
cr.setHorizontalAccuracy (500);  
LocationProvider locpro = LocationProvider.getInstance (crit);  
Location loc = locpro.getLocation (60);  
Coordinates loc.getQualifiedCoordinates cor = ();  
if (cor! = null) (  
double lat = cor.getLatitude ();  
double lon = cor.getLongitude ();  

 

The session initiation protocol (SIP) is a signalling protocol for applications that create, modify 
and complete sessions between one or more participants [21]. SIP clients use TCP or UDP ports (usually 
port 5060) to connect to the SIP server or to other terminal systems. SIP is programmed to be applied to 
J2ME. Some supplements are needed in order to adapt the session initiation protocol (SIP) technology to 
mobile devices [19, 20]. The supplemented javax.microedition.Connection package is created as a 
specific javax.microedition.sip package, which provides the connection sessions between the SIP clients 
[21].  

Connections between the concepts of open and complete client and server connections are made 
by sending the necessary streams of data. It is necessary to view the classes, requiring the use of SIP 
technology. The main programming interface classes of the package are presented and described in Fig. 5. 

The SIP-based system must be designed according to the requirements that enable us to send the 
required data: the coordinates of the location, the object identification, the status of the object and other 
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relevant parameters. SIP-based location information is ordered using the SUBSCRIBE message, and it 
notifies about status changes of the object by means of a NOTIFY message. Different sources of 
information such as a mobile phone or other equipment can give additional information provided to a 
server about time moments if the sensor information is used. This function is performed by the SIP 
PUBLISH message functional interoperability.  

The notification is a user agent that generates NOTIFY requests for the purpose of notifying 
subscribers about the state of a resource. Typically notifiers also accept SUBSCRIBE requests to create 
subscriptions. 

 

 
 

Figure 4. Classes of extension package javax.microedition.Connection (according to [28, 29]) 
 

Notification is the act of sending a NOTIFY message to a subscriber to inform the subscriber of the 
state of a resource. A subscriber is an agent that receives NOTIFY requests; these NOTIFY requests 
contain information about the state of a resource the subscriber is interested in. Typically subscribers also 
generate SUBSCRIBE requests and then send them to notification actions to create subscriptions. When a 
change in the subscribed state occurs, the notification immediately constructs and sends a NOTIFY 
request to inform subscribers of changes in the state to which the subscriber has a subscription. 

Mobile services can provide data about the changing position of a user’s terminal in geographical 
dimensions. Mobile Web services may be added to different terminals and a relationship will be possible 
if the interface is the same. Such a realization is inappropriate in our case because it will not have the 
possibility of building up sessions between moving terminals. 

We have to use the mobile Web services between the terminals as P2P that can use SIP sessions. 
The end points of mobile Web services are SIP URI. Web service end-points are two points of the URI 
which consist of the IP addresses. 

 

 
 

Figure 5. Common scheme of the relationship between Presentity and Watcher 
 
3. Human Computer Interaction in the System 
 

There are many different methods of recognizing physical state or behaviour by using data from a 
wearer's emotion recognition sensors [5-9]. A modified Arousal – Valence model from [6] was used to 
discover information in real time in order to provide some friendly advice to a person with movement 
disabilities.  

The framework presented in Figure 1 uses four emotion recognition sensors for each  disabled 
individual: ECG (Electrocardiogram), SCR (skin conductance response),  STH (skin temperature of 
head), and STF (skin temperature of finger) to provide HR(heart rate), HRVH(heart rate variability for the 
range of 0.15 to 0.4 Hz), HRVL (heart rate variability for the range of 0.015 to 0.15 Hz), SCR, STH , and 
STF inputs for defining fuzzy values of arousal and valence (Fig. 4).  
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The system uses 67 rules to transform the 2 inputs (the arousal and the valence) into the 5 outputs 
(fun, challenge, boredom, frustration, and excitement). The fuzzy system model  from [6] is used for 
recognition of five emotional states (fun, challenge, boredom, frustration, and excitement) from arousal 
and valence. 

 
 

Figure 6. Fuzzy system of [6] for recognition of five emotional states (fun, challenge, boredom, frustration, and excitement) 
from arousal and valence 

 
The computing results of fuzzy reasoning were obtained by the application of fuzzy logic Petri 

nets [13]. A classical Petri net is defined as a structure N = <S, T, F> where S means set of places, T is set 
of transitions and F is F ⊆  (S x T) ∪  (T x S), where (∀  t ∈  T)(∃  p, q ∈  S)(p, t), (t, q) ∈  F. Graphical 
representation is set up by the following symbols: places - by rings, transitions - by rectangles, and 
relations – by pointers between transitions and places or places and transitions. In classical Petri nets, 
there is a token placed if the expression is true (1) or not if it is false (0). Any IF-THEN rule is given in 
the form of 

 
ΒYΑXΑX nn  is  THEN  is  AND ... AND  is  IF 11

,  
 
where A1,.., An and B are certain predicates characterizing the variables X1,...,Xn and Y. The set of IF-
THEN rules forms the linguistic description: 
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 is  THEN  is  AND ... AND  is  IF:
         

 is  THEN  is  AND ... AND  is  IF:
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111111

=

=  

 
where each transition of the result fuzzy Petri net corresponds to one rule of linguistic description.  

For recognition of diagnosis, 22 rules are constructed for determining the galvanic skin response 
(GSR), heart rate (HR), heart rate variability high (HRVH), heart rate variability low, (HRVL), and skin 
temperature (Table1).  

 
Table 1. Models of Logical Petri Nets Applied to Transforming 89 Fuzzy Inference Rules to Constructing 
Support Information System for Bio Robots 
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Continuation of Tabl.1 
 

No Applied LPN Model Fuzzy Computing Applied Transitions 
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The set of 67 rules from [6] and corresponding transitions of logical Petri nets are used in the 

transforming of arousal-valence space into five modelled emotional states for converting arousal and 
valence into boredom, challenge, excitement, frustration, and fun.  Table 1, shows some models of logical 
Petri nets applied to the transforming of 89 of fuzzy inference rules for constructing a real time support 
information system for bio robots of the model of Fig.1. A set of 22 rules and corresponding transitions is 
proposed for determining galvanic skin response (GSR), heart rate (HR), heart rate variability high 
(HRVH), heart rate variability low (HRVL), skin temperature of head (STH), and skin temperature of finger 
(STF) into arousal and valence.  
 
Table 2. Examples of rules and corresponding transitions proposed in concerting diagnosis  
from sensor’s data  
 

No Rules Transitions 
1 If (GSR is high) then (arousal is high) T1 

2 If (GSR is high) or (HR is high) then (arousal is high) T2
OR 

3 If (GSR is mid-low) then (arousal is mid-low) T3 

4 If (GSR is low) or (HR is low) then (arousal is low) T4
OR 

5 If (GSR is low) and (HR is high) then (arousal is mid-low) T5
AND 

6 If (GSR is high) and (HR is low) then (arousal is mid-high) T6
AND 

7 If (GSR is high) and (HR is mid) then (arousal is high) T7
AND 

8 If (GSR is mid-high) and (HR is mid) then (arousal is mid-high) T8
AND 

9 If (GSR is mid-low) and (HR is mid) then (arousal is mid-low) T9
AND 

10 IF (HRVH is high) and (HRVL is low) then (valence is very-high) T10
AND 

11 IF (HRVH is low) and (HRVL is high) then (valence is very-low) T11
AND 

12 IF (HRVH is medium) and (HRVL is medium) then (valence is neutral) T12
AND 

13 IF (HRVH is high) and (HRVL is medium) then (valence is high)  T13
AND 

14 IF (HRVH is medium) and (HRVL is high) then (valence is low)  T14
AND 

15 IF (HRVH is medium) and (HRVL is low) then (valence is high)  T15
AND 

16 IF (HRVH is low) and (HRVL is medium) then (valence is low) T16
AND 

17 IF (HRVH is high) and (HRVL is high) then (valence is neutral) T17
AND 

18 IF (HRVH is low) and (HRVL is low) then (valence is neutral) T18
AND 

19 IF (HR is high) and (HRVH is high) and (HRVL is high) then (valence is high) T19
AND 

20 IF (STH is high) or (STL is low) then (valence is low) T20
OR 

21 IF (STH is low) or (STL is high) then (valence is high T21
OR 

22 IF (STH is medium) or (STL is medium) then (valence is medium) T22
OR 
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The set of 67 rules from [6] and corresponding transitions of logical Petri nets are proposed for 

determining the transformation of arousal-valence space into five modelled emotional states to convert 
arousal and valence into boredom, challenge, excitement, frustration, and fun (Table 3). 
Table 3. Examples of description of rules from the set of 67 rules from [6] 
 

No Rules Transitions 
23 If (arousal is not very low) and (valence is mid-high) then (fun is low) T23

AND 

24 If (arousal is not low) and (valence is mid-high) then (fun is low) T24
AND 

25 If (arousal is not very low) and (valence is high) then (fun is medium) T25
AND 

26 If (valence is very high) then (fun is high) T26 
27 If (arousal is mid-high) and (valence is mid-low) then (challenge is low) T27

AND 

28 If (arousal is mid-high) and (valence is mid-high) then (challenge is low) T28
AND 

29 If (arousal is high) and (valence is mid-low) then (challenge is medium) T29
AND 

30 If (arousal is high) and (valence is mid-high) then (challenge is medium) T30
AND 

31 If (arousal is very high) and (valence is mid-low) then (challenge is high) T31
AND 

 
Such rules are constructed as the schema of transitions of Logical Petri Nets proposed for 

determining the transformation of arousal-valence space into five modelled emotional states to convert 
arousal and valence into boredom, challenge, excitement, frustration, and fun. 

To determine the emotions of users during their relaxation state, agents HARA-1, HARA-2, IDMA-1, 
and IDMA-2, presented in Fig. 1, were programmed using the following reasoning algorithm of fuzzy 
logical Petri nets. This algorithm receives a fuzzy Petri net as an input and creates a set of linguistic 
descriptions corresponding to each output place of a fuzzy Petri net. Human arousal recognition agents 
HARA-1 and HARA-2 from Fig. 1 were programmed to use these reasoning algorithms to create some 
friendly advice for disabled individuals. 

 

 
 

4. Conclusions 
 

An approach for developing the interaction architecture of mobile devices and remote server 
systems with additional functionalities for contextual information transmission is proposed. Some mobile 
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solutions are included for recognition of the location of moving objects in the process of monitoring 
remote agents. The recognition of the diagnosis of the emotional situation of disabled persons is based on 
a multi-layered model which integrates several techniques of knowledge representation: neural networks, 
fuzzy logic Petri nets, and evaluation of fuzzy neural control of speed of wheelchair type-robots working 
in real time. This was done by implementing movement support for disabled individuals  using  
information based on the emotional state of the disabled persons.  

The proposed framework uses four emotion recognition sensors for each disabled individual: the 
ECG (Electrocardiogram), the SCR (Skin Conductance Response), the STH (Skin Temperature of Head), 
and the STF (Skin Temperature of Finger) to provide HR(Heart Rate), HRVH(Heart Rate Variability for 
the range of 0.15 to 0.4 Hz), HRVL (Heart Rate Variability for the range of 0.015 to 0.15 Hz), SCR, STH , 
and STF inputs for defining fuzzy values of arousal and valence of disabled person.  

The method of fuzzy reasoning using fuzzy logical Petri nets based on transforming arousal-
valence space into five modelled emotional states to convert arousal and valence into boredom, challenge, 
excitement, frustration, and fun is described. The method allows  t  physiological state of disabled 
individuals to be defined, and gives them online advice based on  the recognition of their emotions during 
their activities. 
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