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Abstract — The new requirements of power systems op- 
eration demand experienced and well trained operators. 

However, the training is not often considered a priority 

task, due mostly to its high costs and medium/long term 

results. 

Usually, the training programs available in industrial 

environment do not consider the particular training needs 
of each trainee. The application of the Intelligent Tutoring 
technology has proved to be a good alternative to the exist- 
ing training approaches in the power systems area. This 

paper presents a Web-based Intelligent Tutoring System 

(ITS) to train Control Centre operators of the Portuguese 

electrical transmission network. 
One of the major advantages of the training based on 

the ITS technology is the ability to provide individualized 

training. To achieve this, our ITS maintains a trainee 

model, which models the trainee’s understanding of do- 

main concepts. In this way, the paper describes a curricu- 
lum planning module used to choose the most appropriate 
problem to the trainee’s knowledge status. This module 

includes a neural network to perform a classification of 
each type of incident according to the trainee’s current 
knowledge. This paper also deals with a mechanism devel- 
oped to obtain the trainee’s reasoning during problem 

solving. 

Keywords: Intelligent Tutoring systems, Knowledge 
Based Systems, Expert Systems, SCADA Systems, 
Web-based Training, Multi-agent Systems. 

I. INTRODUCTION 

The utility industry worldwide is facing numerous 
changes that are characterized by: 

- The growth of the power system structural and re- 
gime complexity; 

- The increasing complexity of the protection, auto- 
matic and information-control systems; 

- The increasing competition as a consequence of the 
privatization and/or deregulation processes; 

- The operation of the power system closer to the 

safety limits. 
As a consequence of the pressure for more cost- 

effective system operation, increased requirements on 
competence of all of the utility personnel are emerging, 
especially for the decision makers such as operators at 

the utility Control Centers. 
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Unfortunately, the utility experience shows that these 
requirements grow faster than the number of experi- 
enced and adequately trained operators. Thus there is an 
ever-increasing cost of system operator and inadequate 
or delayed control decisions and actions. 

Furthermore, progress in the area of Intelligent Tu- 
toring Systems (ITS) provides a new approach to power 
system operator training. Existing utility situation in 
power system operator training domain has been ana- 
lyzed and reported [1, 2]. The analysis of the existing 
situation shows that the operator training is rarely for- 
malized and well structured and the use of clear and 
measurable performance and training goals is uncom- 
mon. As a result, educational efficiency of the existing 
training practices is insufficient. 

Actually, the training of CC operators of the Portu- 
guese electrical transmission network, operated by 
“Rede Eléctrica Nacional” (REN), is based on a tool 
named “Dispatch Training Simulator” (DTS). The DTS 
is a sophisticated training simulator allowing to simulate 
the electrical grid components and the consequences of 
operators’ actions. However, being this tool a training 
simulator, it presents a set of limitations common to this 
kind of systems [3]. In particular, the application of 
training simulators to the power systems arises a spe- 
cific set of limitations [4]. 

In REN case, the reduced number of training sessions 
performed reveals the difficulties found in the use of 
this kind of system. The system complexity, both at 
hardware and software level, makes the mobility of the 
training system extremely difficult. This fact demands 
that CC operators leave their usual job places and go to 
the REN head quarters, where the DTS is installed, to 
participate in the training sessions. This problem be- 
comes more relevant if we consider that CC operators’ 
work in shifts, which turn out the organization of the 
training session with appropriate duration very difficult. 
On the other hand, the increased amount of time 

needed to set up each training session restricts the num- 
ber of sessions offered. In this context, each operator 
participates in a reduced number of sessions (about two 

sessions per year). 
In this paper we propose a Web-based ITS able to 

overcome the drawbacks of the current training ap- 
proach used by REN.
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Il. INCIDENT DIAGNOSTIC TASK 

During the real-time control, operator’s activities 

predominantly depend on power system operating states 

(ie. normal, alert, emergency and restorative). In the 

presence of an emergency situation, the control center 

operators must perform the diagnosis of the situation 

from the analysis of SCADA messages arriving to the 

Control Center. The diagnosis of the situation involves 

the incidents characterization and respective localiza- 

tion. Based on this analysis, the operators must realize 

what should be the sequence of the manoeuvres needed 

to lead to service restoration. The REN operators have 

to deal with the following five incident types: DS — 

single tripping, DtR — three-phase tripping with re- 

closure, DmR — mono-phase tripping with re-closure, 

DtD — three-phase tripping with unsuccessful re-closure 

and DmD — mono-phase tripping with unsuccessful re- 

closure. The incident localization is defined by the 

power plant (i.e. substation) and panel where the inci- 

dent occurred, The panel identifies the protection device 

activated during the disturbance. 

The diagnosis performed by the operators must be 

correct in order to deduce the appropriate measures to 

isolate the incident. On the other side, the diagnosis 

must be performed in the shortest period in order to 

guarantee a fast restoration, thus minimizing the service 

interruption period, and to avoid the propagation of the 

disturbance to other plants. 
Our intelligent tutor allows the operator training in 

the incident diagnostic task. The training of restoration 

procedures is not included in the scope of this work, but 

it will be considered in a near future. 
The incident diagnostic task involves the use of a set 

of skills, which include [4]: 
- Identification of the relevant events among the set 

of SCADA messages arriving to the control center; 

- Knowledge about the protection devices operation, 

which allow to know the typical event sequences; 

- To identify the correlation between relevant events, 

including temporal restrictions between events; 

- To be able to deal with situations where the instant 

of SCADA messages does not correspond to the 

real instant of the events, which can conduce to 

abnormal sequence of SCADA messages; 

- Use of a structured inference mechanism, which al- 

lows getting correct diagnostics. 
This set of skills includes essentially declarative and 

procedural knowledge. The declarative knowledge is 

related with the knowledge about the domain concepts 

needed to accomplish the diagnostic task. The proce- 

dural knowledge includes the inference processes used 

to perform the task. 

ILL. INTELLIGENT SYSTEM FOR OPERATOR TRAINING 

Our project concerns the development of an ITS used 

to provide training to control centre operators of REN. 

The aim of the project is to utilize Al techniques in the 

development of tutoring systems that are more flexible 
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and “intelligent” than previous approaches regarding 

the training in industrial environments. 
In an earlier phase of our project we developed a 

standalone ITS. In order to overcome some drawbacks 

present in the standalone ITS version we proceed to the 

conversion of the existing tutor to be web-enabled. In 

general, web-based tutors provide two new benefits [5]: 

to deliver the ITS to different settings and to make it 

independent from the platform. With the Web version 

of our ITS we achieved the following goals: 

- Operators do not need to abandon their usual work 

places to get training sessions; 

- A copy of the standalone software package is un- 

necessary; 
- Operators always use the latest version; 

- Maintenance is simple since the software resides 

on the server; 

- Logistical problems of distributing software to in- 
dividuals are eliminated; 

- Training supervisors have facilitated access to op- 
erators’ performance/progression. 

A. System Architecture 
Our tutor is based on a distributed client-server archi- 

tecture where a part of its functionality is implemented 
in Java and works on the client side, and another part 

works on the server side. The parts communicate over 

the Internet. In the client side a Java applet, running in a 
Web browser, implements a graphical interface which is 

responsible to send to the server all the trainee actions 
and to show the feedback generated by the server, The 

server side infrastructure is supported by LPA ProWeb 

Server (http://www.lIpa.co.uk). The LPA ProWeb 

Server allows Web sites to use the powerful reasoning 

capacity of Prolog completely in the background, with 
HTML, Java and other standard tools providing the user 
interface. The LPA ProWeb Server hides the complex- 
ity of HTML forms and CGI programming, and by 

handling all the communication between the client 

browser and the server, it relieves the developer from 

the overhead of implementing a client-server infrastruc- 
ture. 

The tutor, running in the server, is based on a com- 

munity of Prolog agents based on the LPA Agent Tool- 

kit. Each time a trainee initiates a training session 

through the Web browser, the ProWeb server launch a 

community of agents forming an instance of the tutor. 

The communication between each agent is assured by a 

facilitator agent. KQML [6], a language and protocol 

for exchanging information and knowledge, is used by 

the agents to communicate between them. Figure | 

shows the architecture implemented. : 
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Figure 1- Tutor’s Architecture 

In the present version each instance of the tutor has 
only two agents: the tutoring agent and the trainee mod- 
eler agent. In a near future we plan to incorporate more 
agents as new functionalities become included. Machine 
learning techniques offer a solution to incorporate learn- 
ing characteristics into the tutor [7]. These learning 

characteristics can be used to provide the tutor with 

capabilities to adapt its instructional methods to the 

trainees’ individual needs. On the other hand, new 

agents can be included in order to simulate the actions 

of other operators present in the control room or in 
remote plants. The inclusion of other agents in the train- 

ing sessions becomes more relevant when we considerer 

the training of tasks under a cooperative environment 
such as the training of restoration procedures, which 
requires the participation of several operators. 

B. Tutor Components 
Our tutor divides its components into two major 

classes: modules (or subsystems) and information 

stores. Modules are active processes that communicate 

and coordinate to create the required intelligent behav- 

ior for the system. As the name suggests, an information 

store is a store of information/knowledge. The tutoring 
system modules and its goals are the following: 

- Planning and instruction modules — modules re- 

sponsible for pedagogical decision making; the 

macro-adaptation module defines the decisions 
taken before the beginning of the training session 
and the micro-adaptation module is responsible by 
the response to the operator actions during the 

training session; 

- Training scenario search module — search of a 
training scenario whose features are closer to the 

set of features defined by the macro-adaptation 

module; 

- Specific situation generation module — generation 
of a model describing the diagnostic process of 
each incident included in the training scenario; 

-Domain expert and operator reasoning matching 

module — comparing the domain solver (SPARSE 
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expert system [8, 9, 10]) reasoning to the steps per- 

formed by the operator during problem resolution; 
- Errors identification module — responsible for get- 
ting operator misconceptions comparing the opera- 
tor errors with the library of error patterns; 

- User interface manager. 

C. An Example Incident Diagnostic Problem 
In order to illustrate how a training session is con- 

ducted and the interaction between operator and tutor, 
this section presents a simple diagnostic problem con- 

taining a DmR incident (mono-phase tripping with re- 

closure), occurred in substation SEJ and panel 204. 
Table I shows the relevant SCADA messages related 
with this incident. In a real training scenario the opera- 
tor is faced with a huge amount of messages, including 

messages received in the control center from other 

plants, and from both the same plant and panel but not 
relevant to obtain the incident diagnostic. 

Table I- Relevant SCADA Messages of a Mono-phase trip- 
ping with Successful Re-closure 

18-JUN-2000 04:12:25. O]Smhu|204|CCL,2|>>>TRIPPING |0 1 

1B-JUN-2000 04:12:25.190|SEd|204|CCL,2|-BK BREAKER|O 0 

T8-JUN-2000 04:12:25. 960(SEI|204|CCL, 2|-BK BREAKER|O_1 

The SCADA messages contained in the table corre- 

spond to the following events: breaker tripping, breaker 

moving (breaker 00) and breaker closing (breaker 01). 

1) — Interaction Mechanism 

In the area of ITS, some commonly used ways to im- 
plement the interaction mechanism between tutor and 

learner rely in the use of multiple choice and natural 
language approaches. The effectiveness of this mecha- 
nism in a tutoring system is of major importance to the 

success of these kinds of application because it allows 

to get the learners answers and to reason about them. 
In the multiple choice mechanism, answers are easily 

graded and the feedback to the learner can be immedi- 
ate, an important consideration. The main weakness of 

this approach is that it discourages the development of 

abstract reasoning and also makes it difficult to deter- 

mine how the learner generated the answer. 
The approach based on natural language relies heav- 

ily on the ability to use keywords to decipher an answer. 
However, this technology does not overcome success- 
fully some aspects, such as understanding textual input, 
yet. Therefore, the implementation of natural language 
interfaces becomes a hard task. On the other hand, in 

some environments a natural language interface does 
not provide a friendly interaction with the user, being 
the communication ambiguous and boring. In this pro- 

ject, it is important to ensure that the intelligent tutor is 
easy to use, in order to be accepted by the operators and 
effectively used during periods of less activity in the 

control centre. Moreover, being the end users of the 
system undergraduate operators, a natural language 
interface would be an obstacle to the effective use of the 

intelligent tutor.
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The interaction between the trainee and the tutor is 

performed through prediction tables where the operator 
can select a set of premises and the respective conclu- 
sion. The premises represent events (SCADA mes- 

sages), temporal restrictions between events or previous 
conclusions. The table conclusion can be the conclusion 

about an incident or an intermediate conclusion. The 
premises and conclusions available correspond to the 

concepts included in the domain model [4, 11]. The 
number of prediction tables used by the operator de- 
pends of his level of task automation. For instance, if an 

operator uses only one prediction table to obtain the 
diagnostic of an incident, this reveals that his level of 

task automation is high. 
The use of prediction tables allows to obtain the op- 

erator analysis of the diagnostic problem, minimizing 

the tutor need to infer his reasoning. From operators’ 
perspective, prediction tables are used as a tool allowing 
to maintain a record of his reasoning, acting as visual 

memory expansion. 

2) Reasoning About Operator Answers 

The contents of the prediction tables represent a 

model of the operator’s reasoning. In order to evaluate 
this reasoning, the tutor will compare the prediction 

tables’ content with the specific situation model [12, 
13]. This model is obtained comparing the domain 

model with the inference undertaken by SPARSE expert 
system [4]. This matching process is based on the model 
tracing technique [14] and allows to identify the errors 
revealing operator’s misconceptions, These errors are 

used as opportunities to correct the deficiencies in the 

operator’s reasoning. 
The operator’s entries in prediction tables receive 

immediate response from the tutor. In case of error, the 

corresponding entry is assigned to red. Being the case, 
the operator can ask for help. The help is supplied in the 
form of hints. Hinting is a tactic that encourages active 

thinking structured within guidelines dictated by the 
tutor [15]. The first hints are generic, becoming more 
detailed if the help requests are repeated. This approach 

is a good compromise between immediate help and 
delayed answer. Errors are assigned to red immediately. 

More detailed help is supplied if explicitly requested by 
the operator. Thus, the tutor response is not supplied in 

the presence of the first difficulty and the operator does 
not need to lose time exploring incorrect steps that do 

not lead to the correct solution. 
The use of the model tracing technique, however, 

does not require the operator’s reasoning to follow a 

pre-defined set of steps, as it happens in other imple- 
mentations of the model tracing technique. 

The situation specific model generated by the tutor- 
ing system for the problem presented is shown in the 

left frame of Figure 2. This model presents a high 
granularity level since it includes all the elementary 
steps used to get the problem solution. The tutor uses 

this model to detect errors in the operator reasoning. 
The errors are detected comparing the situation specific 

model with the set of steps used by the operator in the 
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problem resolution. The granularity level of this model 
is adequate to a novice trainee, since it decomposes the 
diagnostic process in several elementary phases. How- 
ever, the representation level of this model is not appro- 

priate to an expert operator. It is admissible that such an 
operator does not presents all the steps involved in his 

reasoning, either because some steps included in his 
reasoning were omitted or because the task execution 

reached such a high automation level that some steps 
are accomplished in a non conscious manner. Such an 
operator has acquired a high automation level, which 

allows him to omit several steps. The right frame of 
Figure 2 represents a model used by an expert operator, 
which includes only concepts representing events, tem- 

poral restrictions between events and the final conclu- 
sion. Any reasoning model between the higher and 
lower granularity level models is admissible since it 

does not include any violation to the domain model. 
These two levels are used as boundaries of a continuous 

cognitive space. 

[TRIPPING / T1] [BREAKER 00 / T2] ||T1-T2|<=30| 

ce’) (ce4) ( ct1 

REAKER 01 / T3) 

cs6 ) (ce2) (ct4 (ccs) (<t1) (ce2) 

Mono-phase tripping T2-T3|<=10 
f unknown type / 74 cs8 

Mono-phase 
re-closure / T3 ; S 1 

cc2 

1 line-end DmR / T3 

Mono-phase tripping 

with successful re- 

closure (DmR) / T3 

Higher granularity level Lower granularity level 

Figure 2- Higher and lower granularity levels of the situation 

specific model corresponding to the example presented in 

Table I 

IV. ADAPTING THE CURRICULUM TO THE OPERATOR 

The Curriculum Planning module has as main goal to 

select a problem from a library of problems. The se- 
lected problem must be the one that best fits the trainee 

needs. However, getting a problem from the problems 
library compatible with the trainee requires a huge 

amount of problems. This requirement is, in fact, a 
factor that contributes to the few cases of successful 

transition of ITS to the industrial environment. In par- 
ticular, the preparation of the learning material to the 

tutoring sessions constitutes a time-consuming task, 

Usually, in the industrial environment there is not a staff 
exclusively dedicated to training tasks. This is the case 
of the electrical sector, where the preparation of training 
sessions is accomplished with co-operation of the most 
experienced operators. As this task requires the partici- 

pation of very busy people that are daily involved in the 
operation of the power system, it may be difficult to 

accomplish [16].
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In order to overcome this difficulty, we developed 

two tools that allow to generate learning sessions, as 
automatically as possible. The first application allows to 

generate and classify training scenarios from real cases 
previously stored. Nevertheless, the training scenarios 
thus obtained do not cover all the situations that control 

center operators must be prepared to deal with. There- 
fore an application was developed to allow to create 
new training scenarios or to edit already existing ones 

[16]. 
The process used by the Curriculum Planning mod- 

ule to define the features of the problems presented to 
the trainees involves two phases. First, the tutor must 
define the difficulty level of the problem, considering 

the trainee’s progression. Heuristic rules are used to 
calculate the difficulty level. These heuristic rules relate 

several parameters, like the trainee’s performance in 
previous problems and the overall trainee’s level of 

knowledge. The difficulty level allows to establish some 
problem parameters, such as the number of incidents 
involved, number of different types of incidents, exis- 

tence of chronological inversion in the SCADA més- 
sages and the number of power plants involved in the 

disturbance. This phase will be described in section 
IV.A. In the second phase, the tutor must use the con- 
tents of the user model to choose the type or types of the 

most suitable incidents to be included in the problem. A 
classification is performed in order to get the types of 

incidents that better match the trainee needs. This classi- 
fication takes into account the domain concepts in- 

volved in each type of incident and the corresponding 
trainee’s expertise in these concepts. The second phase 

will be described in section IV.B. 
For example, if during the first phase the tutor de- 

fined that the problem to be presented to the trainee 
must contain two different types of incidents then, in the 

second phase, the tutor will choose the two types of 

incidents considered to be the most suitable ones to the 
trainee, which means the types with the best classifica- 

tion. 

A. Difficulty Level Selection 
In order to evaluate the difficulty level of the prob- 

lems to be presented to the trainee, we proceeded with 
the identification of the characteristics of the cases that 

make them more complex or that require more expertise 
to solve them. Thus, we have identified the following 

characteristics: 
- Number of incidents involved in the case; 

- Number of different kinds of incidents; 
- Existence of chronological inversion in SCADA 

messages. 
The easiest cases only include an isolated incident, 

which must be presented to the novice trainees. The 
case becomes more difficult if it includes incidents of 

several types. The second level cases include from 2 to 

3 incidents of distinct types. 
In certain cases it is possible to observe the occur- 

rence of chronological inversion in the SCADA mes- 
sages, which means that the order of the messages does 
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not follow the order the corresponding events had oc- 

curred, These alterations in the messages order are due 

to delays occurred in the system of acquisition, trans- 
mission and time and data setting of the SCADA mes- 
sages. This chronological inversion present in the 
SCADA messages brings an additional difficulty to the 

operators. In such cases, a higher level of expertise is 
required since the sequence of the messages does not 

represent a faithful description of the real order of the 
events. The problems sharing the features of level 1 and 
presenting chronological inversion in the messages 

comprises the level 3. Level 4 cases are generated by 

selecting among the problems including more than three 

incidents and more than two types of incidents. Levels 5 

and 6 comprise cases that share the features of levels 2 

and 4 respectively and include chronological inversion 
in the messages. Table II presents the parameters defin- 

ing the problems for each difficulty level. 

Table II- Problem features used to define the difficulty level 

: Problem parameters 

es Number of Number of Chronological 

incidents incident types inversion 

1 1 | No 

2 2 or 3 2 No 

3 l 1 Yes 

4 >3 >2 No 

5 2or3 2 Yes 

6 >3 >2 Yes 

The decision about to increase or decrease the diffi- 
culty level of the problem to present to the trainee de- 

pends on two factors: trainee’s global knowledge level 
and global acquisition factor. Both factors are obtained 

from the knowledge included in the trainee’s model. 
The trainee’s global knowledge level is a measure of 

the trainee knowledge level in the set of domain con- 
cepts. This factor is calculated from the mean of his 
knowledge level in each domain concept. The global 
knowledge level is categorized in three levels. The High 
level means that global knowledge level is good and the 

value exceeds the upper threshold, so the trainee is 
ready to solve problems at a higher difficulty level. The 
Medium level means that the global knowledge level is 

moderate, but not enough to change the problem diffi- 
culty level. This means that the global knowledge level 

is between the lower and the upper threshold. At last, 
the Low level means that the global knowledge level is 

poor and the value is under the lower threshold, so the 
trainee’s next problem difficulty level should be lower. 

To determine an effective adjustment, the Curricu- 

lum Planning Module needs appropriate thresholds for 

deciding on the next problem difficulty level. The opin- 
ion of the trainees, regarding the evolution as the prob- 

lems difficulty level is changed, can be used to verify 

and to adjust these thresholds. 
In addition to the trainee’s knowledge level about the 

domain concepts, our Curriculum Planning module uses 

an acquisition factor to define the problems difficulty 
level. Factors such as acquisition can be beneficial to 
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student modeling. Several studies [17] indicate that 
general factors are predictive of overall learning and 
allow for a more accurate response to the idiosyncrasies 
of the student. 

Acquisition records how well trainees learn new con- 
cepts. When a new concept is introduced, the tutor 

views the trainee performance on the first few prob- 
lems. If the trainee performs well on these problems, 
then he is acquiring skills quickly, and his acquisition 
factor will reflect this. However, if a trainee requires 

many problems on a given concept before he illustrates 
that he understands it, his acquisition will be lower. 

The procedure used to determine the trainee’s acqui- 
sition in each domain concept is based in the number of 
times the trainee’s knowledge level about the concept 
increased, during the three first application of the con- 
cept. This procedure is illustrated in the Table IIT. 

Table II- Determination of the acquisition factor 

Number of times knowledge level about acquisition (ay) 

concept cn rises in the first 3 applications 

5 1 

2 0,5 

1 or 0 0 

The global acquisition factor (A) can take one of 
three levels (High, Medium and Low). This factor cor- 
responds to the mean of all the acquisition factors of the 

concepts, which had already been used by the trainee. 
The global acquisition levels High, Medium and Low 
indicate that the trainee’s capacity to use new concepts 
is good, moderate and weak respectively. 

The mechanism used to define the difficulty level of 
the problems is based on the following rule: 

- If the global knowledge level and the global acqui- 
sition factor are opposite in direction, 
-Then the problem difficulty level does not 

change, 

- Else the direction of the global knowledge level 
determines the problem difficulty level. 

Table [V illustrates the application of this rule. 

Table [V- Mechanism used to define the problem difficulty 
level 

Global knowl- | Global acquisi- | Difficulty level 
edge level tion level variation 

High High | t 
Medium High = 
Low High = 

High Medium | t 
Medium | Medium | = 
Low Medium g 

High | Low = 
ace _Low = 
Low Low g 
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From Table IV we can see that if the global acquisi- 
tion factor is low, independently of the global knowl- 

edge level, the difficulty level never rises. To prevent 
this situation, whenever the trainee knowledge level 

rise/fall three times in a sequence of three problems 
solved, the difficulty level will be increased/decreased. 
Thus, the global acquisition factor, which characterizes 
the trainee performance in the application of new con- 

cepts, will not have a permanent effect in the variation 
of the difficulty level. 

B. Problem Type Adequacy to the Trainee Cognitive 
Status 

The mechanism used to classify each kind of incident 
in terms of adequacy to the trainee is based in a neural 
network. The nodes belonging to the input layer corre- 
spond to the concepts included in the domain’s knowl- 
edge base and which the trainees must assimilate. Each 
node represents the application of a concept in a spe- 

cific context. For instance, the nodes cel/T1 and cel/T5 
represents two instances of the same concept. These two 
instances characterize the application of the concept of 
breaker tripping event in the situations of first tripping 
and tripping after an automatic re-closure, respectively. 
The input vector contains an estimate of the expertise 
level of the trainee about each concept or application of 
a concept. These estimated values are obtained from the 

user model. Therefore, this vector represents an esti- 
mate about the trainee’s domain knowledge. The ele- 
ments of the vector assume values in the range [0..1] 
(values near 0 represent low expertise and values near | 
represent high expertise). 

The output layer units represent the adequacy of a 
type of incident to the current learner’s knowledge 
status. The number of units corresponds to the number 

of incident types (DS, DtR, DmR, DtD, DmD). Be- 
tween the output layer units there is no connections. 
Each output layer’s node, representing a type of inci- 
dent, is connected only to the input nodes corresponding 
to concepts involved with that incident type. These 

connections are done with links of weight wj,. Figure 3 
represents the map used. 

Input Output 

layer layer 

O-P- 
(ox) i—}> a> 

—P a, 

“bo- 
Figure 3- Classification Mechanism 

The weights are set in order to get the following
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goals in the mapping process: 

1. The mapping process must be able to establish 
priorities between domain concepts and, conse- 

quently, between the several types of incidents; 

2. The algorithm must select the type of incident in- 

volving the concepts where the learner reveals less 

expertise; 
3. The incident selection must be performed in order 

to homogenize the knowledge among the domain 

concepts; 

4. The sequencing of incident types must be non mo- 

notonous. 

The values used as weights are wi={1, 0, —}. Value 
‘_* ig used to indicate that there is no connection be- 

tween node i of the output layer and the input node j. 
This means that concept j is not involved in an incident 
of type i. 

In order to illustrate how the weight vectors are set, 

let us consider as example the weight vector of the out- 

put layer’s unit corresponding to the DS incident type. 

This type of problem is the easiest because it involves 
the shorter inference chain and includes the smaller set’ 

of domain concepts. Thus, it is this type of incident that 

must be presented to a novice trainee (a trainee with 

small expertise in the majority of domain concepts). For 

such a trainee, the input values of the neural network, 

corresponding to the user model parameters, will be 
near zero. The weight vector elements of the output 

layer’s unit corresponding to the DS output class will be 
then set to zero in order to get the closest weight vector 

to the input vector. In this case, the DS neuron will be 

the winner because its weight vector presents the 
shorter distance (for instance, the Euclidean distance) to 

the input vector. 
The incident type that follows the DS type, according 

to the difficulty level, is the DtR type. This incident 

type includes some domain concepts involved in DS 
incidents. A DtR incident type must be presented to the 

learner when he shows a medium expertise level in the 

subset of concepts already founded in DS incident type. 
Consequently, the elements of the weight vector corre- 

sponding to the DtR output class are set to one, in the 

case of elements representing domain concepts already 
known from DS incidents and zero for the elements 

representing new domain concepts. 
Each neuron in the output layer computes its activa- 

tion level using the input vector and its weight vector. 
The activation is defined by the Euclidean distance, 

given by (1). 

n 

a=) 2 (w; -x,P (1) 
j=l 

We can see that a neuron that possesses a weight 

vector (w) similar to the activation levels vector of the 

input nodes (x) will have a low activation level and vice 
versa. The output layer’s node with the lowest activa- 
tion will be the winner. Where there is not connection 

between a node of the input layer and a node of the 
output layer, the corresponding element of the weight 
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vector is “—* and the summation’s parcel will be con- 

sidered as zero. 
The evaluation of the activation levels of the output 

layer units can lead to same levels for different nodes. 

To solve this possible conflict a priority mechanism is 
used. The criterion used to establish the priority be- 
tween incident types consists in giving priority to the 

simplest types. This criterion is based on the idea that 

the simplest problems must be presented to the learner 
first. 

V. CONCLUSIONS AND RESEARCH DIRECTIONS 

Web-based ITS provides a flexible way to provide 

training in places such as control rooms where time and 

space constraints unable the use of traditional education 

techniques. This paper presents a case where an earlier 

standalone tutor was web-enabled by changing it to a 

server-side application and developing a relatively sim- 

ple Java applet that implements interface functions at 

client side and communicates with an intelligent server. 

The reasoning mechanism about trainee answers is 
based on the model tracing technique. However, our 

implementation of this technique does not require the 
operator’s reasoning to follow a pre-defined set of steps. 

The two granularity levels of the specific situation 

model are used as boundaries of a continuous cognitive 

space. This continuous cognitive space is compatible 

with the nature of the gradual process of acquisition of a 

task mental model. 
The process of learning a new concept, such as the 

application of a new production rule used to get a diag- 
nosis, requires that all the relevant concepts are simul- 

taneously present in memory. Furthermore, the working 

memory load must be minimized to warrant the efficacy 

of the learning process. This implies that one should try 
to provide instruction on specific components only 

when other components of the skill have already been 

relatively well mastered. 
The mechanism developed to select the features of 

the problem to be presented to the trainee allows to get 
a curriculum that adapts dynamically to the trainee 
needs, This leads to a curriculum design in which only a 
few new concepts are taught at a time. Thus, we can 

achieve an instruction where the trainee gradually gets 

the skills needed to solve complex and real-world prob- 

lems rather than having to acquire them all at once. 

Future research goals include to provide the incident 

classification algorithm, based in a neural network, with 

a machine learning mechanism. The learning mecha- 
nism will be used to adjust the weight vectors according 

to the trainee’s progression. We expect this learning 

mechanism will increase the efficiency of the training 

process. This will require an intensive use of the tutor- 

ing system by a large set of operators in order to collect 
data to conduce the neural network learning. 
We also intend to explore the possibility of using 

new agents with different roles in the training process. 

This will be especially useful to train operators in tasks 

involving other operators when these are not available
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to training, being their role simulated by artificial 
agents. 
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