
An architectural system solution for technical diagnosis

M. Alexandru

Control Sysyem Department

Politehnica University of Bucharest

Bucharest, Romania

Monica.Alexandru@lag.ensieg.inpg.fr

C. Bigan

Electronics Department

Politehnica University of Bucharest

Bucharest, Romania

 ibigan@pcnet.pcnet.ro

Abstract - In this article a generic distributed system
architecture for process monitoring, fault diagnosis and
assisted maintenance is proposed. The diagnosis system
aims identifying failures as and when they happen in
normal operation. It integrates different fault detection
and isolation techniques such as model based methods,
heuristic and rules-based reasoning. The actual
developing supervisory intelligent systems has to:

• detect and interpret the abnormal conditions that
will cause an incident
• determine what kind of action should be taken
and resume the process to normal conditions
• find reasons of equipment malfunctions and
schedule a maintenance plan

Keywords: PC-based supervisory system, man-
machine interface, process diagnosis, neural networks.

1 Introduction

Early trouble detection allows the operator to
make maintenance planning before the plant actually
breaks down. Consequently, a high-speed, high efficiency
and high accuracy real-time on line fault diagnostic tool is
crucial for safe operation of a core industrial process.
Because of the large number of variables to be supervised
and their numerous interrelations, which are very difficult
to interpret when the process is highly automated, the
supervision of today's production systems is more and
more complex to realize. So, the challenge for the future
lies in the realization of support systems, which give an
active role to supervisory operators by supplying them
with the tools, and information, which will allow them to
understand the operation of the installation.

In our study, the complicated relationship
between symptoms and corresponding plant faults are first
learned by a neural network.

In the past several years, many techniques have
been used in developing fault diagnosis expert systems
(Nakagawa et. al. 1998, Lambert et. al. 1998), intelligent
monitoring systems (Deb et. al. 1998, Kolski et al. 1993)
or knowledge-based maintenance systems (Yu et al 1999,
Sorsa et al. 1991). Since the fault detection strategy can
vary widely depending on the nature of the system and the
kind of sensor measurements received from the system, the
control system architecture must allow integration of a
wide range of detection methods for different applications.
The analytical techniques, such as knowledge-based
redundancy and estimation methods have been proposed
to solve some partial fault diagnostic problems (Frank
1990 and Isermann 1984). In recent years, artificial
intelligence techniques have been widely applied to many
areas such a signal processing, system modeling, control
and fault detection problems (Frank et al. 1997 and
Ayoubi et al. 1997). As a means of pattern recognition,
neural networks have attracted much attention based on
their capability to learn complex and non-linear functions,
to analyse, through training process, complicated
characteristics of the system stored in a large amount of
knowledge bases constructed by experts. The trained
neural networks can then be used as a monitoring system
and an alarm indicator, providing necessary information
when system is getting some troubles.

In the following, we will discuss a distributed
flexible system architecture for on-line monitoring and
fault diagnosis. Its aim is to integrated data processing,
condition monitoring, malfunction diagnosis and
maintenance support with distributed software
architecture. After that, section 3 presents a case study
where the potential off developed system is tested.
Following a briefly description of an industrial medium-
scale plant, a neural network based diagnosis method was
employed and the simulation results are evaluate based
upon working strategies of monitoring tool. Finally,
section 4 discusses the potential and the limitation of the



actual system development stage and points out the
possible future research directions.

2 System architecture

FlexDiT (Flexible Diagnosis Tool for industrial
application) provides a decision support tool dedicated to
technical applications in order to improve the quality, to
reduce cost and to increase the security.
The system’s configuration described bellow is presented
in Figure. 1

Figure 1. System architecture of FlexDiT tool

The instrumentation units (DAQ) collect, pre-
process and record important sources of data about
application operations. The Process Interface module
performs data acquisition, measurements preprocessing,
data compressing and transfer. It ensures the
communication with equipment to be monitored. The
developed system may integrate the process interface
module such as a DCS (distributed control system), PLC
(Programmable Logic Controller), Fieldbus or RS-232

The monitoring module continuously monitors
signals from the supervised critical areas and requires
global vision of the process to allow efficient supervision.
It uses a library, Plant operating conditions database, of a
vary well defined functionally and abnormal plant contexts
from which the proper frame can be taken into account
with respect to respective situation at each evaluation
instant. The monitoring module traces the trends of the
monitored variables under normal and abnormal situation.
In the latter it generates, at each instant, warning, alarm
signals or fault-mode signals.

The opening control display of the user-friendly
man-machine interface (MMI) pictures all meaningful
data and information useful to supervise a process,
symbolically represented by specific shapes and colors.
With the MMI, operators have continuous visual
monitoring of the process evolution and an abnormal
operation is marked by a highly visible flashing light,
audible signal and on-screen warnings. The significant
variables are grouped besides component subsystems of
installation, thus generic trends views associated to, give a

temporal evolution of their states. All alarms for certain
groups of tags, associated with critical equipment or
operating units being monitored and controlled, can be
selected at operator request.

The FlexDiT Engine, having at disposal the
failure set from the acquisition procedure (Process
Interface Unit), databases containing plant operating
conditions and plant history in term of trend of well stated
failure components (Operating Context), is able to classify
a fault occurrence. To decide whether a diagnosis test has
passed or failed the observed feature are compared with
normal reference values by means of library diagnostic
modules. The Operating Context maintains the up-to-date
I/O values, event monitoring and logging and status
information of system security through a continuous
dialogue with Plant operating conditions Database and
FlexDiT Engine. An event-driven FlexDiT engine refresh
the real-time database, communicates with input device or
DDE clients (Matlab /Simulink), and handle event
information. The monitoring and inference processes are
multithreads, providing highly reliable performance on the
Windows’95 operating environment. The main
requirement imposed to design of system inference module
consist of analyze and process of real-time data on-line, so
a quickly and reliably decision about the state process can
be taken. Signals are processed through certain filters
designed for detection.

The diagnosis algorithms relying on analytical
methods, heuristic and rules-based reasoning, threshold
analysis or neural network techniques are implemented in
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C language. When an abnormal condition is reported by
conditioning monitoring module, the fault diagnosis unit
first try to use case based reasoning to find whether the
current condition was previously occurred. If yes, it will
give the solution. Otherwise, it will automatically select
the inference strategy according to knowledge quality of
the context determining the alarm switch on. In addition,
the operator may list and switch-on either individual
diagnostic functions, at request, in a session simulation in
order to analyze the decision results given by each of
them. Depending of the result of the diagnostic step, the
system assumes that a failure is occurred and provides a
hypothesis of a most probably problem area that hosts a
fault or, if none occurred, states the correct operating
condition to the operator.

The FlexDiT, BridgeView-based diagnostic
system supports dynamic data exchange (DDE) which
allows it to share information with Simulink, a block
oriented simulation environment.

Case study front panels are reported in subsection
3.3 in order to show the features of the designed
diagnostic system.

3 On-line fault detection application
case study

3.1. Application description

 The designed system is validating, in simulation, on a
chemical example studied also by Sorsa et al. 1991. The
process consists of a heat exchanger and a continuous
stirred tank reactor where an irreversible reaction takes
place. The reaction is catalytic and exothermic. The
temperature of the reactor is controlled by pumping a part
of the reactor outlet stream back to the reactor through the
heat exchanger where he recycle flow is cooled by an
external flow. The process has three feedback control
loops where discrete PI-controllers are used. The
controllers keep the recycle flow rate, the level of the
reactor and the temperature of the reactor constant. The
process scheme is illustrated in figure 2 where the mean of
variables is given in Table I.

          Figure.2 The process scheme of chemical plan
Table I. The process variables

Variables Nominal
value

Min. value Max.
value

CA: concentration of A  [mol/m3] 20 8.1 28.1
CA0: input concentration of A  [mol/m3] 1200 1176 1224
CB: concentration of B  [mol/m3] 1180 1172 1191.1
FP: output flow rate  [Kg/s] 2.5 1.4 2.7
FR recycle flow rate  [Kg/s] 7.0 6.3 8.4
FS setpoint of the recycle flow rate [Kg/s] 7.0 -- --
FW: flow rate of the coolant fluid  [Kg/s] 3.5 3.2 5.5
F0: input flow rate  [Kg/s] 2.5 2.5+- 10% xxxx
LM level of the fluid in the tank  [m] 3.0 2.3 3.2
LS setpoint of the level  [m] 3.0 -- --
TM reactor temperature  [°C] 58 54 60
TR: recycle temperature  [°C] 52 17.6 54.6
TS setpoint of the reactor temp  [°C] 58 -- --
T0 : input temperature  [°C] 60 xxxx xxxx
CL :level control x -0.3 1
CT : temperature control x -5.9 9.8
CR: recycle flow rate control x -1.4 6.7



3.2. Brief description of diagnosis method

Because MLP-networks are trained with
supervised manner, training data is needed. Training data
could be collected from real situations when the
installation security would not be affected. The just
described complex nonlinear model of the chemical plant
considered has first been extensively simulated. In the case
of a monitor application, the measurements are provided
by simulation of the mathematical equations that govern
the plant in steady state implemented in Simulink (Matlab
5.2) environment. The model of the plant has been built on
the basis of equations derived from the mass and energy
conservation laws presented in more detail in Sorsa et al.
1991.

Simulations were then performed under different
significant operating conditions, in the presence and in the
absence of faults, in order to ensure that the training and
test sets would represent the actual behavior of the system.
To information process for statement decision, the
FlexDiT Engine reads pattern values from Matlab files.
The failure of any element may result in breakdown of the
whole system; It usually takes time to find the reasons for
system failure. Consequently, it is high desirable to design
an on-line package for fault diagnostics.
The five representative fault situations mentioned in Table
II are selected for study and in every simulated fault
situation all measurements are saved for training and
testing a feedforward neural network.

Table II. The simulated malfunctions

Failure                  Description Malfunction
simulation

F1  Input pipe partially broken The place of the whole is localized somewhere between
the supplier measurement point and the entrance of the
tank. Therefore, it cannot be detected by a simple
measurement on supply pipe and in almost cases this is
enough long.

A decrease of input
flow rate F0,

simulation range
[0..2] Kg/s.

F2 Leak flow in reactor The reactor capacity being of 3*40 m3, an up to leak
1kg/h is admissible, over this value till 5 Kg/h it is
assumed a fissure in the wall of the reactor. The high
alarm is activated at 5 Kg/h.

Leak flow in reactor
between [1..5] Kg/h.

F3 Recycle pipe partially broken The fault is situated on recycle pipe between the output
of the heat exchanger and the recycle flow valve.

A decrease of recycle
flow rate FR,

simulation range
[0..6.3] Kg/s.

F4 Fouled heat exchanger Pumping a part of reactor outlet stream back to the
reactor through the heat exchanger where the recycle
flow is cooled by external flow controls the temperature
of the reactor. The exchanged rate of temperature is
considered a normal one when the surface area is above
25% of its complete value. Less than 10 m2 functionally
area, on suppose that a too large amount of impurities
deposed on surface wall blocks the heat transmittance.

Exchange surface area
less then 10 m2.

F5 Temperature control valve
      stuck high

In this case, the control value in the temperature loop is
smaller then its value in the normal state. This is due of
the fact that the liquid of tank quickly becomes cool and
in the same time the flowmeter indicates the highest
limit.

An increase of coolant
fluid flow rates over
5.5 Kg/s.

The use of neural networks does not require any
representative signatures for single types of fault, any
tolerance threshold, any simplifying hypothesis about
noise, and any parametric identification. Neural networks
(NN) have two distinct features separating them from the
world of conventional approaches to information
processing. First, NN are adaptive and can be trained.
Secondly, they are naturally massively parallel
mechanisms. In this study, a neural network model of size
12-10-5 is used for constructing the fault diagnosis tool,

i.e., there are 12 nodes in the input layer, 10 nodes in the
hidden layer and 5 nodes in the output layer, one for every
examined fault situation. The hidden and output nodes
have familiarly sigmoid as activation functions and
standard error back-propagation learning algorithm is
employed in the training process. The training data
contains 300 measurement patterns scaled to a continuous
range from –1 to 1, 50 patterns for the normal operation,
for every fault situation and the corresponding outputs to
each input set. The diagnostic system that provides



information about the operating conditions in the plant
can utilize only the measurable variables furnished by the
available sensors. Thus, each time, an input pattern is
picked randomly from the training data. The network has
been trained 3200 times. Clearly, the set of data can never
be complete, but this limitation can be overcome thanks to
the generalization properties of the neural classifier. In
the testing phase including 25 patterns for each
malfunction and normal situation, the data is interpreted
as a normal operation if all neural net outputs are smaller
then 0.5 and a fault is reported if the outputs are greater
then 0.5.

3.3. Validation of diagnosis system.
         Experimental results

The proposed fault diagnosis package can be
tested in two ways. On one hand it can be tested by some
realistic experiments under allowed safety condition. On
the other hand, computer simulations should be employed
if the experiment is expensive or is likely to cause the
system damage. We have adopted the second variant.

In real case, environmental uncertainty, such as
bias from the sensors and measurement noise, may cause
the identification error of fault diagnosis.

The schematic process diagram includes all the
monitored variables as the first display presents (see
Figure 3)

       Figure.3 A synoptic diagram of simulated process

Once a failure occurs, the next step is the
symptom generation. The system displays the trends of
significant signals (symptoms) (see Figure 4) related to
the operating conditions, which might reflect the
respective malfunction. These are simulated by means of a
second interface view (see Figure 5).
In the final stage, the decision-making mechanism judges
whether the process concerned are operating normally,
according to the prior stored knowledge.

 Figure.4 The signal monitor panel

               Figure .5 The switch on fault panel

According to available knowledge, the FlexDiT engine
activates the neural network based classification method.
The system aims to generate warning and alarm signals,
therefore the fault location is indicated by one of the
flashing leads reserved to all possible faults. When a fault
has been diagnosed, the decision-maker advises the
operators on taking corrective actions and instructions to
prevent further damage.

          Figure.6 Fault detection and isolation panel



4 Conclusions and perspectives

The goal of the work is to develop a supervisory
system that monitor, detects and isolate the process faults,
but also advise operators on the proper actions to maintain
the operation in the event of a fault occurrence. This
system reduces the difficulty and time requiring to write
logic, list variables monitored, detect faults, link these
variables to an alarm handler and create alarm messages.
The designed diagnosis architecture scales the
computation to multiple tasks covering the entire process.
The proposed system was tested on a very accurate model
of a real system, implemented in Simulink environment.
The simulated case studies have demonstrated the use of
our package with quite good performances.

A further research directions which involve
strength interdisciplinary collaboration between
informaticiens, technologies and researchers focus on:
• improve system capability to provide a
maintenance plan to handle the problem safely and
economically
• extend the communication functionality by
calling an HTML page explaining the abnormal event
to an human expert located to a remote PC station in the
network
• incorporate sound files that give instructions and
delivers live video so operators can observe from
a remote location
• design package methods to assist troubleshooters

in locating the problem area more quickly and to
ensure system operation, even though degraded
functionality
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