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Abstract — Multilevel flow models (MFM) describe
gods and functions of a technical system. The goals are
the objectives of running the system, and the functions
are its capabilities in terms of mass and energy flows.
Thus, MFM describes the intentionality of the target
system in linguistic terms. The resulting models can be
used for different diagnostic tasks, such as fault diagno-
sis, causal explanations, and qualitative predictions.
MFM has several properties which makes for a rela
tively easy knowledge engineering task, compared to
mathematical models as used in classical control theory
and compared to the rule bases used in standard expert
systems. In addition, MFM allows for diagnostic ago-
rithms with excellent real-time properties.

[.INTRODUCTION

Multilevel Flow Models (MFM) are graphical models of
goals and functions of technical processes. The goals
describe the purposes of a system and its subsystems,
and the functions describe the system’ s abilities in terms
of flows of mass, energy, and information. MFM also
describes the relations between the goals and the func-
tions that achieve those goals, and between functions
and the subgoals which provide conditions for these
functions. MFM was invented by Morten Lind at the
Technical University of Denmark, see Lind (1990 a).
Several new agorithms and implementations were con-
tributed by Jan Eric Larsson at Lund Ingtitute of Tech-
nology, see Larsson (1992, 1994 a, 1996).

Several diagnostic algorithms have been developed with
MFM as a basis. The work of Larsson (1992, 1994 a,
1996) describes agorithms for checking consi stency
between redundant sensor values, for separating primary
and consequential faults in multiple fault situations,
fault diagnosis, and generation of explanations in
pseudo-natural language. Ohman (1999) presents an
agorithm for failure mode analysis. Dahlstrand (1998)
presents an agorithm based on fuzzy logic for separa-
ing primary and consequential alarms.

This paper treats knowledge engineering for MFM.
While knowledge engineering in genera is a difficult

and time consuming task, MFM has some properties,
which makes for a relatively easier task than usual. The
MFM semantics use concepts that are very abstract,
high-level, and also, we believe, close to those used by
human designers and operators. Our experiences are
based on three projects, reported in Chapter 1V, but first,
a short description of MFM is given.

[I.MULTILEVEL FLOW MODELS

MFM is a graphicaly represented, formal modeling
language, in which the intentional properties of a tech-
nical system are described. The purposes of the system
and its subsystems are modeled with goals, which can
be either production goals, safety goals, or economy (or
optimization) goals. The abilities of the systems are
modeled with flow functions, connected into flow paths
or functional networks. The main functions are sources,
transports, storages, balances, barriers, and sinks, and
they describe either mass or energy flows. Observers,
decision makers, and actors describe information flows.
The manager function describes control systems. Each
flow network can ke connected to one or several goals
via achieve relations, which means that the functions in
the network achieve the fulfillment of the goal. A goal
may be connected to one or several functions via condi-
tion relations, meaning that the goal is a condition for
the function. For afull description of MFM, see Larsson
(1992 c, 1994 a, 1996) or Lind (1990 a). The symbols of
the MFM graphical language are shown in Figure 1
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Figure 1. The symbols for different MFM objects.
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[11. AN EXAMPLE OF ANMFM MODEL

The nature of MFM models is probably best explained
by an example. We will use a part of the main circula-
tion system of a nuclear power plant. A much simplified
process gaph, from an example in the master’s project
Ingstrom (1998), is shown in Figure 2.

In this system, reactor tank water flows from the dow n-
comer, via the valve V1, to the pump. After the pump,
the water flows through the two parallel valves V2 and
V3, back to the moderator tank. The pump is cooled by
water. There is also a need for a frequency converter for
the power to the pump, since the pump is frequency-
controlled. Finally, the frequency converter must also be
cooled. The purpose of the main water circulation isto
control (moderate) the flow of neutrons in the reactor,
and to cool it at the same time.
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Figure 2. A process graph of the main recirculation
sygem of anuclear power plant.

The goals of this (simple) system are: “maintain desired
water flow through the moderator tank,” “cool the
pump,” “provide electrical energy with the correct fre-
guency,” and “cool the frequency trarsformer.”

The functions of the system are, among others, the
downcomer’s ability to provide water, the pump’s abil -
ity to transport water, and the heat exchanger’s ability to
transport heat. An MFM model of this system is shown
in Figure 3.

In the MFM model, there are four flows. The flow né -
work M1 describes the water flow from the downcomer
to the moderator tank. The network E1 describes the
transport of thermal energy from the pump to the cool-
ing water. The network E2 describes the flow of electri-

cal energy from the supply, via the frequency trars-
former, to the pump. Finaly, the network E3 destibes
the flow of thermal energy from the frequency trars-
former to the cooling water. Thus, M1 is a model of a
mass flow, and E1 to E3 are models of energy flows.
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Figure 3 An MFM model of the main recirculation
system.

In the network M1 the functions are, from left to right:
1) a source of water, realized by the downcomer; 2) a
transport, realized by the valve V1; 3) a balance, red-
ized by the pipe between V1 and the pump; 4) another
transport, realized by the pump; 5) another balance,
realized by the forking pipe between the pump and the
two parallel valves V2 and V3; 6) two transports, red-
ized by the valves V2 and V3; 7) a balance, realized by
the pipe sections between V2 and V3, and the moderator
tank; 8) a transport, redized by the pipe that runs into
the moderator tank; and finally, 9) a sink, realized by
the moderator tank. The networks E1 to E3 contain en-
ergy flow functions describing the flows of electrical
and thermal energy.

It should be noted that MFM describes how different
flows enable each other. In the simple example in Fig-
ure 3, it can be seen that the cooling water flow E3 is
necessary for the proper function of the frequency con-
verter, and that the cooling water flow E1 and the elec-
trical flow E2 are needed to keep the main water flow
operating. To our knowledge, the control systems used
in today’s power plants do not incorporate information
on such dependencies.



V. SOME PROPERTIES OF MFM

MFM has a well-defined syntax for how the different
symbols may beconnected, see Lind (1990 a) and Lars-
son (1992). There are a few minor differences between
the syntax of Lind and Larsson, but al in al, the syntax
concerning mass and energy flows, achieve relations,
and conditions has reached a mature state. The semantic
interpretation of MFM is till developing, however.
Again, there are clear conventions as for how to model
mass and energy flows, and Lind (1990 a) gives guide-
lines for this. The level of detail and the “ style” of MFM
models may vary, though. One of the hoped for results
of our new projects (described further below) is to gain
more experiences in MFM modeling “style” and prac-
tice.

Currently, MFM has only been applied to flow systems,
where the flows are of mass, energy, and sometimes
information. Although this means that MFM can &
scribe a large class of target processes, there is till a
possibility of proposing additions to MFM for describ-
ing chemical reactions, biological processes, geometri-
cal and navigational concepts, logistics and planning,
etc. For some analysis and suggestions on how to extend
MFM, see Larsson (1992).

V. KNOWLEDGE ENGINEERING

All the agorithms described in Larsson (1992) are
based on discrete, qualitative logic where the “sensor”
vauesare low, normal, or high and the resulting values
are consistent or inconsistent, working or failed, pri-
mary or consequential, etc. In addition, the algorithms
operate by searching in fixed graphs and can handle
closed loops in both the flow networks and the means-
end dimension, as wedl as multiple fault situations.
These difficult cases are handled by search methods of
linear or sublinear complexity. Together with the dis-
crete logic, explicit means-end concepts, and graphical
nature of MFM, this gives several advantages:

The explicit description of goals and functions gives
a small semantic gap between the diagnostic task
formulation and the knowledge representation.

The graphical representation provides strong support
for knowledge base overview and consistency, and
there is no need for a pecialized knowledge eng-
neering tool.

The high level of abstraction makes knowledge a-
quisition, knowledge engineering, and knowledge
base validation and support considerably easier than
with standard rule-based systems or fuzzy logic sys-
tems.

The means-end structure of MFM is particularly
well-suited for designing models top down, which
means that it is possible to describe large and com-
plex processes in simple, plant-wide concepts and
then to develop selected parts of the process in
greater detail.

The gaphical nature of the models allows the algp-
rithms to have good real -time properties, such as an
easily computed worst-case time, low memory cb-
mands, and high efficiency.

The high level of abstraction alows the algorithms
to be very fast. A worst-case fault diagnosis on the
Guardian system (see below), for example, takes less
than 200 microseconds on a 200 MHz Pentium Pro
Computer.

These advantages have been observed in practice, du-
ing the development of the Steritherm system, during
the Guardian project, when MFM was compared to sev-
eral other modeling methodologies, see Larsson (1996),
Larsson et a. (1997 b), and Larsson and Hayes-Roth
(1998), and in a new alarm analysis project for the Ba-
sebéack nuclear power plant, Larsson (1998), Larsson
and Ohman (1998). These are the projects from which
we have gained the experiences that will be described in
the rest of the paper.

Building MFM Models

From our experiences of Steritherm, Guardian, and the
ongoing nuclear power plant project, it is clear that
MFM allows for a relatively small modeling effort.
Work must go into several different tasks:

Learning how the process works This part of a
knowledge engineering task demands a large effort
no matter what modeling methodology is used, and
it has been the most demanding effort in al three of
our projects.

Deciding on the particular tasks of the system and
in what operational state these tasks should be ful -
filled. Again, this is fairly independent of the mod-
eling methodology, and it has meant quite an effort,
e ecialy in the nuclear power plant project.
Enforcing a structure of the model that enables a
systematic procedure of model building. Here,
MFM'’s intentional top-down structure has clear
advantages over the mathematical models used in
control, the rule bases of standard expert systems,
as well as the more detailed, bottom-up models of
qualitative physics.

Development of a knowledge-engineering tool,
which matches the target area and the model struc-
ture. Here, the graphical nature of MFM and the



MFM Toolbox editor already provide an excellent
tool.

Construction of the model. Here, the high abstrac-
tion level of MFM makes for a much easier task
than either mathematical equations or expert system
rules.

Evaluation of the model. Again, this task is fairly
independent of the modeling methodology chosen,
but it has meant reasonable efforts only in all three
cases.

Inclusion of the resulting knowledge-based system
in the supervision and control system. This will
mean severe problems for most knowledge-based
approaches, where programming language, soft-
ware system structure, and real-time demands often
mean that the knowledge-based system must be run
on a separate computer outside the conventional
system. However, the MFM Toolbox generates
standard C code and guarantees excellent real time
and memory-handling properties.

Experiences of MFM from the Steritherm Project

The author’ s doctor’ s project used two target processes,
a smal lab tanks system and Steritherm, Larsson
(1992). The latter is a widely used, moderat ely sized
process for ultra-high temperature (UHT) treatment of
dairy products. It is a real process in worldwide use, but
still small enough to be of manageable size for an aca-
demic research project. It was the target process used in
the project “Knowledge-Based Real-Time Control Sy s-
tems’ (KBRTCS), of which the author’s doctor’s pro-
ject was a part, see Arzén (1993). The MFM model of
Steritherm describes the toplevel goal of sterilizing the
liquid foodstuff by heating it to 137 °C for a few sec-
onds. The main flow of therma energy is modeled in
detail, and the supporting flows of product, circulation
water, and cooling are described. However, some other
support systems, such as pressurized air and the 220 and
380 Volt electrical systems were not included in the
model.

Algorithms for consistency between measurements,
alam analysis, and fault diagnosis were tested on
Steritherm, under realistic conditions, with the concl u-
sion that they gave correct and useful information. They
al handled multiple faults without problems. The most
important observation was that the knowledge enginee -
ing effort needed to build the MFM model of Steritherm
was considerably less than for the other dagnostic
methods also used in the KBRTCS project. These other
agorithms were MIDAS, Oyeleye (1989) and Finch
(1989), a system using signed directed graphs, (SDG),
and the Diagnostic Model Processor, (DMP), Petti et al.
(1990), Petti and Dhurjati (1991), and Petti (1992), a

representation based on quantitative equations. The
knowledge engineering needed for MIDAS was clearly
larger than for MFM, partly because SDG have less
inherent structure than MFM, and partly because M-
DAS needed rather much numerical parameter tuning at
the lower-level input layer. DMP dmanded a large
knowledge engneering effort mainly because it needs
guantitative equations to describe the system.

Experiences of MFM from the Guardian Project

The Guardian project aimed at developing a monitoring
and diagnosis system for use with post-operative inten-
sve-care patients, see Larsson et al. (1997 a b) and
Larsson and Hayes-Roth (1998), and resulted in a dem-
onstrator system which was successfully tested on red -
istic scenarios. In the limited number of verification
tests that were performed during the project, the system
outperformed the human test subjects, see Larsson et al.
(1997 b). The alarm analysis and fault diagnosis alg-
rithms were implemented in Common Lisp and inte-
grated into the Guardian system architecture. There was
also an agorithm for generating a standard backward-
chaining rule base for fault diagnosis from an MFM
model.

For the Guardian project, a large MFM model of the
human body was developed. It covers all systems
needed for intensive-care unit monitoring, such as the
heart, circulation, the body fluid volume, the nutrition,
respiration, oxygen and carbon dioxide concentrations,
body temperature, acid-base balance, the concentrations
of sodium and potassium, and the regulatory mecha-
nisms for these systems. The model in its final version
consists of some 500 MFM objects and corresponds to a
rule base of some 400-800 rules, that is, a knowledge-
based system of reasonable size. The use of MFM in
Guardian was very successful. The algorithms provided
accurate, reliable, and easily tuned diagnostics, and they
were much faster than the other algorithms in Guardian.
In addition, the knowledge engineering effort needed for
the MFM model was clearly less than what was needed
for the other methadologies.

The two other methods used in Guardian were REACT
and PCT, (parsimonious covering theory), Larsson,
Hayes-Roth, and Gaba (1997 a), Larsson, Hayes-Roth,
Gaba, and Smith (1997 b), Larsson and Hayes-Roth
(1998). Both these representations needed considerably
more work than MFM, mainly because they rely on nu-
mericd weights for conditional probabilities for a sign
to be observed given that a disease is present. Such con-
ditional probabilities are either not known or not well
documented, and since the different diseases are not
independent, the statistical assumptions of PCT are vio-



lated, and the parameters need to be hand tuned for the
method to work well, Larsson, Hayes-Roth, Gaba, and
Smith (1997 b). In addition, the MFM algorithm turned
out to be orders of magnitude faster than the other algo-
rithms, even though REA CT was designed especially
for fast reactive diagnosis.

V.REAL-TIME MFM ALGORITHMS

In addition to alowing an efficient knowledge engineg -
ing, the MFM algorithms themselves are efficient and
have good real-time properties. They are based on
searches in fixed graphs, which makes it possible to
cdculate a worst -case execution time. In practice, thisis
easily done by running a thousand or so diagnoses and
timing them. The worst case for a fault diagnosis on the
entire Guardian model was 1100 microseconds on a
SUN SPARC station 2, which is much faster than most
knowledge-based systems, see Larsson (1994 b). The
speed of the MFM algorithms allows us to use a large
and complex system like a nuclear power plant as target
process in an ongoing project, Larsson and Ohman
(1998).

VI. RELATED WORK

The main contributions to MFM have been made by
Morten Lind and his group. Lind (1990 a, 1994) &
scribes the basics of MFM, while Lind (1990 b) con-
tains an early suggestion for a diagnostic system. Lind
has also treated real-time diagnosis, Lind (1990 c), and
design of operator interfaces, Lind (1989).

MFM has also been used in nuclear safety research, De
et a. (1982) and Businaro et a. (1985), in operator in-
terfaces for fault diagnosis, Duncan and Pragorius
(1989), for constructing COGSY'S diagnostic systems,
Sassen (1993), for fault diagnosis in process industry,
Walseth (1993), and in intelligent man-machine systems
for ruclear plants, Monta et al. (1991).

MFM can be compared to other modeling and diagnosis
methodologies, such as rule-based expert systems, fuzzy
logic, qualitative physics based on Reiter's algorithm,
Hamscher et al. (1992), Reiter (1987), Greiner et d.
(1989), classical statistical methods, methods from con-
trol theory, Frank (1996), and neura networks. In com-
parison to expert systems and fuzzy logic, MFM im-
poses a deep model structure of means and ends, as op-
posed to a shallow rule-based representation. It differs
from qualitative physics in that it explicitly represents
goals and functions, avoids genera logic, and is compu-
tationally more efficient, while qualitative physics has
been geared towards diagnosis of electrical circuits, a

task which MFM is not very well adapted for. MFM
differs from statistical and control theory methods in
that it uses discrete and more abstract representations,
and thus is useful on a higher level of decision and d-
agnosis. For example, control theory methods are usu-
aly aimed at fault detection on control loop level, while
MFM is aimed at diagnostic reasoning on a plant-wide
level. Finally, MFM differs strongly from neural ne-
works in that it explicitly represents human knowledge
using linguistic concepts, and that the model construc-
tion relies amost completely on available human
knowledge and not on automatic generalization of test
Cases.

MFM share some properties with each of these other
methodologies, while other properties are complemen-
tary. Thus, a realistic system for supervision and diag-
nosis based on MFM will also have to contain a selec-
tion of other models and algorithms, for handling prob-
lems where the other method may be better suited than
an MFM algorithm. The architecture of such systems
has been hinted at in Larsson (1992).

VIl. CONCLUSIONS

MFM provides a good basis for diagnostic algorithms
for industrial processes. Among its advantages are an
explicit description of goals and functions, a relatively
easy knowledge engineering task due to the graphical
and highly abstract nature of MFM models, and finaly,
the possibility to produce very fast algorit hms with good
reak-time properties.
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