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ABSTRACT

A genetic algorithm is applied to reload pattern optimization of a PWR core. Evaluating all different distributions

of a given batch load separately is found slow and ineffective Allowing patterns from different distributions to

combine and reproduce, an optimized pattern better than that obtained from linear programming is found, albeit in

a longer time

Introduction and Background

Core reload pattern optimization constitutes one of the subject areas of in-core fuel management in which the

optimal distribution of a given batch load in the core is sought. The duration of each cycle being specified by the

utility, the variables of the optimization problem are: The number and enrichment of fresh assemblies to be added,

arrangement of the fuel assemblies in the core, the amount of poisons to be added to reduce power peaking. The

poisons used to shape power in PWR's are burnable poison (BP) rods, since the control rods are kept outside the

core under normal operating conditions and soluble boron introduces an overall change in the criticaliry rather than

a localized change in power shape. Reload pattern optimization is effectively separated from BP management by

assuming a constant power distribution throughout the cycle (Haling depletion). Although the use of currently

available BPs do not exactly produce Haling depletion, this assumption greatly simplifies the calculations.

Optimization is achieved by maximizing the end-of-cycle (EOC) kejj- for a given cycle length without violating

the power peaking limits

In scoping studies, a two-dimensional, effective-one-group |1) nodal scheme for kcly and power distribution

computations is sufficiently accurate To supplement this scheme, assembly reactivities are assumed to be linear

functions of burn-up |2| The resulting equations express the EOC power distribution and kcff in terms of migration
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area and the beginning-of-cycle (BOC) assembly reactivities |3J. This method reduces the time spent in power

distribution calculations significantly, thus eliminating the necessity for partitioning the core into large zones.

The use of continuous variables in optimization when the assembly reactivities are fixed in advance, introduces an

additional step of matching the available assemblies with the core positions such that the power distribution will be

as close to the optimized distribution as possible. This matching process is a third optimization problem in addition

to fuel and BP optimization problem. When the optimized reactivity distribution cannot be realized by the use of

available assemblies, one approximation can be matching the highest reactivity assembly with the highest reactivity

position, second highest reactivity assembly with the corresponding position, etc. However, the result obtained this

way may be a rather poor solution w ih respect to the true optimal integer solution, and it will most likely not

respect the peaking limits although the continuous optimized solution does.

Linear programming is one of the most frequently used methods for reload pattern optimization |4). In a previous

study [ 3 J linear programming as an optimization method was applied in combination with the nodal scheme

described above. To utilize linear programming, the EOC kel|- to be maximized is assumed to be a linearized

function of the nodal powers and reactivities. Peaking constraints are imposed on the nodal powers, and the

assembly reactivities are required to observe the limits set by the minimum and maximum assembly reactivities in

the given batch load. The EOC kef|- is maximized by the simplex algorithm, and the computed reactivities are

matched with those of the given batch load. For this reactivity distribution the kcjy and nodal powers are computed

with the nodal scheme mentioned above. These steps arc repeated until the EOC k,;|1 stops increasing.

In the present study, a genetic algontiim is applied to reload pattern optimization of a PWR core, and the results

are compared with those obtained by linear programming.

Genetic Algorithm

Genetic algorithm [5| is an optimization method best suited for multi-dimensional domains with many variables

whose states can be represented by bit strings. In this algorithm, patterns belonging to an initial population are

evaluated for fitness, and the best are multiplied by dissecting pairs of patterns from two randomly-chosen locations

and exchanging the middle portions - the so-called crossover method. The new population is also evaluated for

fitness, and these steps are repeated until convergence

Genetic algorithm is applicable to core reload pattern optimization because each representative fuel assembly of a

symmetric core affects the EOC kejr independently, and the spatial distribution of the assembly reactivities can be

represented by a string of reload batch numbers. To apply the algorithm, first an initial population of reactivity

configurations is randomly selected. For each configuration (pattern) the corresponding EOC k^y and power

distribution are computed. Fitness for reproduction is evaluated according to the k^- In addition, a pattern is
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rejected if the corresponding power distribution has more peaking than a given permissible amount. A number of

best patterns are multiplied by crossover to create a population of the si/£ of the initial population. Each pattern is,

then, processed and evaluated, and these steps are repeated until the ke)^of the best pattern is converged.

In order to compare the speed and effectiveness of Linear Programming and Genetic Algorithm a very simple

test case is used. The core consists of 31 nodes and 3 groups of assemblies (see figure). The BOC reactivities of

these batches were chosen as 0.0, O.I and 0.2 and two alternative optimization codes based on the Genetic

Algorithm were run to search for the optimal configuration when total assembly number in each batch was kept

constant.

The Genetic Algorithm was implemented in two computer codes as

follows. In both codes the nodes in the core were represented as a

string of numbers ranging from 1 to the total number of nodes in the

one-eighth core. The string was divided into two zones: first zone

contained only the numbers of nodes which have 4-fold symmetry in

the core, while the second contained only those having 8-fold

symmetry (the numbering of the nodes is such that nodes in the second

zone always have larger numbers than those in the first zone). A third

code to prepare the initial population for the selection process was written. This code, first of all, calculates the

different possible ways of dividing each assembly between the two zones while conserving the total number of

assemblies in all batches. For instance, if there are 64 assemblies in each of the 3 batches, 12 nodes in the first

zone and 18 in the second; 28 different distributions are possible, some of which are presented in Table 1. After

ail the distributions are found, the code creates the initial population by randomly generating patterns in all

configurations, saving the ones that survive the power peaking test.
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Batch* 1
(Zonel,Zone2)

(0,8)
(2,7)
(2,7)
(4,6)
(4,6;
(6,5)
(6,5)
(6,5)
(8,4)
(8,4)

(10,3)
(10,3)
(12,2)
etc.

Batch#2
(Zonel,Zone2)

(12,2)
(8,4)
(10,3)
(6,5)
(8.4)
(2,7)
(4,6)
(6,5)
(2,7)
(4,6)
(0,8)
(2,7)
(0,8)
etc.

Batch#3
(Zonel,Zone2)

(0,8)
(2,7)
(0,8)
(2,7)
(0,8)
(4,6)
(2,7)
(0,8)
(2,7)
(0,8)
(2,7)
(0,8)
(0,8)
etc.

Table 1. Some Reload Batch Distributions
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To improve on this initial population of surviving patterns, both codes read a number of patterns from each

possible distribution from the preparation code's output, and a succession of generations was created using

crossover operation. The crossover operation consists of cutting each of the two parent strings at two randomly-

selected points and swapping the cut portions. In this application, however, additional rules apply, for the

strings contain two distinct /ones, and the total number of assemblies in each batch has to be conserved. The

two codes differ in the application of the crossover operation.

In the restricted version swapping was allowed only within a single /one, and no assembly was transferred

between /.ones This means the distribution of the parent string could not be changed by the crossover operator.

For example, consider a parent string having a first-zone pattern of (1 0 0 2 0 1 1 2 2 0 1 2), whose nodes 3 to 5

are to be replaced by (1 1 1) during swapping, if this were to be simply placed in the parent string, total

assembly numbers would not be conserved. Instead, internal swapping within the zone is performed to obtain (1

1 I) in nodes 3 to 5 the third node is swapped with the first node, the fourth with the sixth, and the fifth with

the seventh, resulting in (0 0 1 1 I 2 0 2 2 0 I 2). In this scheme the parents to be crossed must have the same

distribution, otherwise there will not be enough assemblies to successfully complete internal swapping. This

selection process was repeated for every possible distribution, starting from an initial population created

separately for each distribution. The results are shown in the first column of Table 2.

Converged EOC Kn

CPU time spent (min.)

Genetic Algorithm

(Restrained ver.)

1.11804

230

Genetic Algorithm

(Unrestrained ver.)

1.12260

140

Linear Programming

1.12012

5

Table 2. Results of Genetic Algorithm and Linear Programming Optimizations

In the second implementation of the Genetic Algorithm, the parents were allowed to come from different

distributions, and crossover operator was defined accordingly: A correction step was added to each crossover

operation, transferring assemblies between zones to conserve the total number of assemblies For example, after

inserting the portion (I 1 I 1 1) to positions 3 to 7, the first zone (4-fold symmetry) of the parent string (10 0 2

0 112 2 0 12) becomes ( 0 0 1 1 1 1 1 2 2 0 2 2 ) This results in an increase of 4 second-batch assemblies and a

decrease of 4 first-batch ones. Consequently, the number of the first-batch assemblies in the second zone needs

to be increased while decreasing that of the second batch. Considering that there are two times more assemblies

in each node of the second zone than that of the first, another 4 assemblies of second batch were added to, and 4

of the first were removed from the first zone, resulting in (1 0 1 1 1 1 1 2 2 0 2 2). Now, 8 first-batch assemblies

are added to and 8 of the second-batch ones are removed from the second zone. The offspring has the same
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number of assemblies in each batch as its parent, but belongs to a different distribution than the parent. The

results of this implementation of the Genetic Algorithm are shown in the second column of Table 2.

Comparison of the first two columns of Table 2 indicates that evaluation of all distributions to find the best

possible pattern in that distribution is slow and ineffective in locating the pattern having the highest kefy. In the

second implementation, however, after the crossover operation is performed in one zone, succession of changes

are introduced randomly in the other zone. This adjustment serves as a mutation operator used frequently in

each generation, introducing new gene placements that were not present in the initial population. Surviving

patterns randomly chosen from several, but not all, distributions can converge to the optimal pattern even if no

member from the distribution to which it belongs is present in the initial population.

Comparison of the second Genetic Algorithm implementation with the linear programming code whose results

are given in the third column of Table 2. indicates that the Genetic Algorithm has the potential of converging

to the global maximum, although this requires considerably longer time than for the latter. The variables that

affect the convergence rate include the initial population size, crossover priorities depending on ke(1-, average

size of the swapped portions in crossover, etc. These need to be investigated in greater detail.
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