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FUELCON is an expert system for optimized refueling design in nuclear engineering.

This task is crucial for keeping down operati
safety. FUELCON proposes sets of alterna

ng costs at a plant without compromising
tive configurations of allocation of fuel

assemblies that are each positioned in the planar grid of a hotizontal section of a
reactor core. Results are simulated, and an expert user can also use FUELCON to

revise rulesets and improve on his or her heuristics.

The successful completion of

FUELCON led this research team into undertaking a panoply of sequel projects, of
which we provide a meta-architectural comparative formal discussion.

In this paper, we demonstrat¢ a nove

| adaptive technique that learns the optimal

allocation heuristic for the various cores. The algorithm is a hybrid of a fine-grained
neural network and symbolic computation components. This hybrid architecture is
sensitive enough to learn the particular characteristics of the ‘in-core foel management

problem’

automatically revise heuristics, thus improving upon

expert. © 1997 Elsevier Science Limited.

1 INTRODUCTION

Nuclear engineering is an industrially significant domain,'
prominent in the broader area of power generation and
supply. Our FUELCON project, started in the mid-1980s,
has thus far yielded an expert system that has inaugurated a
paradigm among computer tools for its specific task. This
task is to provide a good fuel reload configuration for when
a reactor is shut down periodically for refueling, Reload
design is also called, more broadly, in-core fuel manage-
ment. Because of the way it affects the effectiveness of fuel
utilization—and how long the reactor could operate
effectively before it has to be shut down again—reload
design has a major incidence on costs at nuclear power
plants. ‘‘Individuals responsible for fuel management are
among the most skilled in the nuclear industry and their
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at hand, and is powerful enough to use this information fully to

those provided by a human

time is always at a premium. It is therefore not surprising
that AI techniques, both expert systems and pattern
recognition, are being applied to assist with refue:lings."2
(p. 40).

FUELCON is already a working system that can be
applied indus.trially.3‘l3 During the last two or three years,
we have been trying to upgrade the reasoning capabilities of
the tool. This has led to an array of sequel projects; we
report on one of these in this paper. We are going to
focus, here, on the contribution of neural computation, on
top of symbolic manipulation as carried out by FUELCON,
for the purposes of not only producing good reload designs
but also improving upon the human expert’s heuristics that
guide automated design at the symbolic computation level.

Indeed, in FUELCON, heuristic domain knowledge is
applied to the generation of hundreds of alternative fuel
allocation patterns per session, this plurality being itself a
peculiar asset. From simulation results downstream (which
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are done by using a simulator called NOXER), the very few
best solutions stand out, thus creating a shift from just local
optima as achieved by other methods of computer-assisted
reload design to what FUELCON enables us to achieve:
namely, global optimality in the solution space as per a
given policy of search, the latter being embodied in the
ruleset loaded during the given session.

Note that heuristics are used. Therefore, when looking for
optimality, it is understood that the optimum is with respect
to the space of solutions as delimited by the heuristics,
which embody a strategy. How well it performs is relative
to the best result published in the domain literature, or from
the record of previous sessions. This way, the tool is also
very important for evaluating strategies, and for detecting
and exploring the potential of new or underexplored
strategies.

Each one of the allocation patterns (ie fuel configurations)
thus generated prescribes how to allocate units of fuel, of
different kinds, inside the square cases of the (geometrically
and symmetrically schematized) core of a particular
nuclear reactor. Which relevant criteria of fuel allocation
are selected when solving the problem at hand depends
on the type of reactor, the features of the individual
plant, its current state and the solver’s expertise. In
turn, the cumulated knowledge body of the speciality,
as in its operational form of prescribing problem-
solving steps, reflects—at a deeper level-—models of
reactor physics, as well as of the economics of nuclear
plant operation.

One crucial aspect of in-core fuel management is that fuel
allocation, and the circumstances motivating the details of
selection, cannot be fully predefined before the moment
comes for shutting down a plant and refueling it. Even
though rough forecasts are possible, they are not robust
enough in terms of post-optimality: unforeseen dis-
crepancies with respect to expectations are all too likely
to undermine the convenience and even the very safety of
any configuration resulting from pre-shutdown guesses. It
is only at shutdown that the reliable design of the new
allocation is possible.

We have seen that, in FUELCON, a ruleset is applied to
generate families of good fuel configurations in the reactor
core. A practitioner may just rely on FUELCON to
propose solutions from which s/he can pick the best
according to the visualized results of the simulation, The
domain expert, however, can afford to be more ambitious:
FUELCON is a testbench for the human expert heuristics.
The expert is challenged to significantly improve not
just the configurations but his or her own heuristic rules
as well. The results of one given iteration of the expert
system are simulated by a separate component, the
examination of whose results in turn prompts the human
expert to manually improve upon the ruleset that was
previously formulated, also manually, by the same or
another expert.

The main contribution of neural revision of the ruleset—
the main sequel project we describe in this paper—consists
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FUELCON symbolic generator of configurations
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+ visualization
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Ruleset-revision: EXIT
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Fig. 1. Phases in the integrated operation loop of using the tool.

of enabling this ‘nobler’ cognitive task, of improving upon
the previous ruleset, to be automated. The initial formula-
tion of the ruleset is still to be provided by the expert; what
follows, in both the traditional FUELCON and this sequel
project, is an operation loop throughout various steps (and
the respective software components): see Fig. 1. We shall
show the outline of how to automate ruleset revision; in a
sense, this success is tantamount to virtually achieving a full
automation of the discovery process by which heuristics are
adapted and refined in the loop. We added the ‘missing link’
by replacing, in the architecture, a manual step with an
automated one. Neural learning algorithms tune the rules
to yield better configurations, based on performance in pre-
vious iterations as assessed in the simulation phase down-
stream of the generator of fuel configurations. For the
purposes of the neural learning phase, we designed a com-
ponent transforming the rules into a neural network using a
particular technique embodied in the NIL language and
translation schema'* (also called NEL), defined by one of
the present authors. The general use of NIL is for transform-
ing symbolic algorithms and structures-—and, for our pre-
sent purposes, rulesets—into neural networks. We use
this schema to obtain translation from symbolic rules to
analogue network. Learning then takes place on the
neural-network equivalent to the rules, and revision is per-
formed on this representation.

Not only is the approach novel for the domain of applica-
tion: it is not trivial from the viewpoint of artificial neural
networks (ANN) and integrated symbolic/neural hybrid
architectures. In terms of the classification of hybrids as
proposed by Goonatilake and Khebbal,'? it is a function-
replacing hybrid that we have in the extended FUELCON
architecture (the other two categories being infer-
communicating hybrids and polymorphic hybrids). In this
paper, we are also going to define a semi-formal framework
for discussing pools of heterogeneous components as
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integrated into alternative, possibly hybrid architectures.
This approach, we believe, may also prove useful for
engineering computing and hybrid system design.

In this paper, we first discuss reactor and fuel manage-
ment, then describe the version of FUELCON that only
carries out symbolic manipulation (conventional Al, non-
neural computation). The architectural options of the sequel
projects are then discussed in a formal notation, and then we
present the neural revision of the ruleset. Finally, we briefly
outline sequel projects.

2 THE PROBLEM: REFUEL DESIGN

The domain of the project described, FUELCON, is in-core
fitel management,'® at nuclear power plants of the conven-
tional kind, i.e. pressurized water reactors (PWR). Another
paper'” presents a review of the domain and of the problem.
We recapitulate very briefly here. Nuclear fuel comes in
assemblies of rods. Single assemblies are inserted in a
grid, this being a planar horizontal section of the reactor
core. In practice, it is usual to consider just a slice of the
grid, in one-eighth symmetry. For example, let it be this
array of positions:

discarded after three cycles, or if a defect is found.
Because of the cost of fuel and of transportation, it is
important to make efficient use of the available pool of
fuel assemblies.

The task of the human practitioner in the role of the in-
core fuel manager, and of tools, such as FUELCON,
that are intended to assist him or her, is to determine
a safe, efficient arrangement of the available fuel
assemblies in the grid. This arrangement is called a
fuel pattern, a fuel configuration or a reload design.
Owing to forecasts not being robust (i.e., exceeding
sensitivity with respect to postoptimality), only at EOC
is it possible to obtain the exact problem that has to be
solved and then to design the new configuration in
detail. Whereas some tools—either from operations
research, or expert systems—try to improve on a given
solution by switching places in the grid (i.e., by shuffling)
and then propose one satisfactory solution (which is the
case of an expert system prototype of IntelliCorp),'#~20
the FUELCON expert system generates a multitude of
solutions from scratch, according to a given strategy that
is embodied in heuristic rules, that can be tuned to improve
performance.

3 FUELCON: THE EXPERT SYSTEM

posll
pos2l pos22
pos3l pos32  pos33 3.1 The process of generating configurations
posd posd2 pos43 posdd
posg} p‘”:g% P"Sgg posgj f’"sgg 6 There is a standard, general solution method resorted to by
pos pos pos pos pos pos human fuel managers to solve the in-core fuel management
posTl posT2 pos73 posT4 posTs ) > .
pos8l pos82  pos83 problem, which in turn can be conceived as per the
following metacode:
sorted pool configuration
fISORT? Y ——mm e >  CCINSERT?' —————mm—oee—— > ¢ *EVALUATE’’
WHERE :
f¢SORT’* 1S: sort(WHAT: ALL(fuel-assemblies); IN: fuel-pool);

¢ *INSERT'’ IS:
¢ YEVALUATE'’ IS:

Position pos11 is the centre of the core. Positions pos22,
pes33, posdd, pos55, pos66 are the core’s diagonal. In this
example, positions pos8l, pos82, pos83, posT4, pos66 are
the periphery of the core. The first column in the array is the
core’s main axis.

Reactors are operated in cycles of about one year at
a time, and are then (at EOC, ie., end of cycle) shut
down for inspection and refueling. During operation,
fuel becomes gradually depleted up to a certain
degree reached at EOC, depending on the fuel
assembly’s position in the grid and on the assembly’s
record of previous use (fresh fuel, once burnt or twice
burnt, according to the number of previous cycles of
utilization being zero, one, or two). A fuel assembly is

insert (WHAT: fuel—-assembly ; IN: ALL(core-positions));
evaluate(configuration).

Fuel is sorted for reload according to some physical
feature. Then a candidate conliguration is constructed by
inserting (on paper) one fuel assembly per core position
until the core is filled. (One practical way to do that may
be to take a ready-made solution out of the plant’s record, or
of one’s experience, or of some real-case study published in
the specialized literature, even though such a solution is
unlikely to be admissible for the problem at hand at this
plant at this moment in time.) This yields a candidate
configuration that has to undergo evaluation. This, in turn,
is achieved by simulating it by means of simulation soft-
ware; i.e., by simulating how the core reactor would behave
during the next power production period were it to be
retoaded as per the configuration at hand: would this involve






