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ABSTRACT 

 
The fuel reload of a Pressurized Water Reactor is made whenever the burn up of the fuel 
assemblies in the nucleus of the reactor reaches a certain value such that it is not more 
possible to maintain a critical reactor producing energy at nominal power. The problem of 
fuel reload optimization consists on determining the positioning of the fuel assemblies within 
the nucleus of the reactor in an optimized way to minimize the cost benefit relationship of 
fuel assemblies cost per maximum burn up, and also satisfying symmetry and safety 
restrictions. The fuel reload optimization problem difficulty grows exponentially with the 
number of fuel assemblies in the nucleus of the reactor. During decades the fuel reload 
optimization problem was solved manually by experts that used their knowledge and 
experience to build configurations of the reactor nucleus, and testing them to verify if safety 
restrictions of the plant are satisfied. To reduce this burden, several optimization techniques 
have been used, included the binary code genetic algorithm. In this work we show the use of 
a real valued coded approach of the genetic algorithm, with different recombination methods, 
together with a transformation mechanism called random keys, to transform the real values of 
the genes of each chromosome in a combination of discrete fuel assemblies for evaluation of 
the reload optimization. 
Four different recombination methods were tested: discrete recombination, intermediate 
recombination, linear recombination and extended linear recombination. For each of the 4 
recombination methods 10 different tests using different seeds for the random number 
generator were conducted 10 generating, totaling 40 tests. The results of the application of the 
genetic algorithm are shown with formulation of real numbers for the problem of the nuclear 
reload of the plant Angra 1 type PWR. Since the best results in the literature for this problem 
were found by the parallel PSO we will it use for comparison. 
 
 
 

1. FUEL RELOAD OPTIMIZATION PROBLEM 
 
The fuel reload optimization of the core of a nuclear Pressurized Water Reactor (PWR) is 
performed whenever the burn up of the fuel assemblies (FA’s) in the nucleus reaches a 
certain value such that it is not more possible to maintain the reactor critical producing 
energy at nominal power.  The nuclear core fuel reload optimization problem consists on 
determining the position of the FA’s in the nucleus of the reactor in an optimized way, in 
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other words, to minimize the cost benefit relationship of FA’s cost per maximum burn up of 
FA’s and also satisfying symmetry and safety restrictions. 
 
The optimization of the core fuel reload of a nuclear PWR plant is a NP-Hard problem, 
whose difficulty grows exponentially with the number of FA’s in the nucleus of the reactor. 
The nucleus of the Angra 1 reactor (a PWR 2 loop Westinghouse reactor), for instance, 
contains 121 FA’s and gives rise to approximately 10273 nucleus combinations. However, due 
to 1/4 and 1/8 core symmetries and also to rules of placement of the FA’s in the nucleus, this 
number falls to approximately 1025 combinations. Nevertheless this number of combinations 
is extremely high to solve the core fuel reload problem by enumeration. Also this problem is 
non-linear with discontinuities an multiple optima in the solutions search space [1].   
 
During decades the core fuel reload optimization problem was solved manually by the 
experts that used their knowledge and experience to build configurations of the reactor 
nucleus, and testing them to verify if safety restrictions of the plant are satisfied. 
 
A relevant work developed in the beginning of the nineties, the computational code 
FORMOSA (Fuel Optimization for Reloads: Multiple Objective by Simulated Annealing – 
[2], showed the viability of an automated core fuel reload optimization. This code uses the 
Simulated Annealing technique [3] to guide the search for solutions for the core fuel reload 
problem.  
 
The research of intelligent computational models is characterized by a tendency in looking 
for inspiration in nature. For scientists, many solutions found in nature are source of 
inspiration of practical models that can be applied to problems for which the current 
knowledge still doesn't solves satisfactorily, as is the case of the optimization of core fuel 
reload. 
 
A new approach for the FORMOSA code substitutes the Simulated Annealing oriented 
search method by Genetic Algorithms (GA) [4] in the optimization process, giving rise to the 
FORMOGA code  [5].   
 
In 1995, the CIGARO code (Code Independent Genetic Algorithm Reactor Optimization 
System), by [6], showed that the GA is an efficient computational tool for the solution of the 
core fuel reload problem.   
 
In 1999 [7] proposed a GA based system with an innovative codification, the list model 
(LM), to avoid the use of heuristic crossover operators and generate valid reload 
configurations. 
  
In this work we study the use of a real valued coded the genetic algorithm approach, together 
with a transformation mechanism called Random Keys [8], to transform the real values of the 
chromosomes of the genetic algorithm in a combination of discrete fuel assemblies, for the 
reload optimization problem. The results are compared with the ones obtained by Parallel 
PSO [9] used in the optimization of cycles 7 of the Angra 1 PWR nuclear power plant. In 
order to best explore the neighborhood of current solutions, four different recombination 
methods were used. 
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2. REAL VALUED GENETIC ALGORITHM 

 
Genetic algorithms for optimization were formally introduced in the 1970’s by Holland [4]. 
Genetic algorithms are stochastic search based optimization methods based on the evolution 
metaphor of “survival of the fittest”. Genetic algorithms do not require derivatives to climb 
the search space and use probabilistic transition rules to guide their search toward regions 
with better performance. Despite of these advantages, however, genetic algorithms tend to be 
computationally expensive.  
 
A genetic algorithm maintains a population of candidate solutions evolving these solutions 
through successive generations, in which the solutions by means of genetic operations that 
mimic the reproduction mechanisms in nature.  
 
Candidate solutions to the problem being solved are represented by chromosomes whose 
genes represent features of the search space. The genes can be represented by means of real 
numbers [10][11]. The genetic algorithm processes and evolves populations of chromosomes 
replacing each population by a new one at each new iteration.  Individuals of one generation 
are combined to produce new offsprings by means of genetic operators. The genetic 
operations operate on the candidate solutions and the fitter solutions in such a way to give 
them better chance to survive on successive generations. To guide the search the genetic 
algorithm requires a fitness function that assigns to each chromosome in the current 
population a measure on how well that chromosome solves the problem at hand. 
 
Genetic algorithms can be trapped on local optima and for this reason there is not guarantee 
that the absolute best solution will be found. However, the genetic algorithm is flexible and 
allows a combination of parameters that allows us to parameterize the algorithm to explore 
the search space in a more efficient search. To avoid premature convergence, genetic 
algorithms implement some type of diversity maintenance mechanism to keep diversity of the 
population. 
 
The genetic algorithm begins generating an initial random population of chromosomes and 
then works through a sequence of iterations to evolve the population by means of three basic 
operators: selection, recombination and mutation.  
 
The selection operator selects individual chromosomes in the population for reproduction 
taking into account their fitness determined by an objective function. The fittest 
chromosomes will have more chance to be selected to be reproduced. 
 
The recombination operator selects individuals according to their fitness in order to be 
parents of new offsprings, the parents are chosen from the actual population by the selection 
operator. Portions of these individuals are recombined randomly to produce two off springs. 
The new offspring created from this mating are put into the next generation of the population. 
By recombining portions of good individuals, this process is likely to create even better 
individuals.  
 
The mutation operator changes with low probability a portion of individuals in the new 
individuals. The mutation operator is a basic mechanism to maintain diversity within the 
population avoiding premature convergence. 
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2.1. Recombination operators 
 
In this work we used four different recombination operators [10] [11]: discrete recombination, 
intermediate recombination, line recombination and extended recombination. 
 
 
2.1.1. Discrete Recombination 
 
Discrete recombination operator exchanges variable values between the individuals selecting 
randomly with equal probability, for each position the parent who will contribute its variable 
to the offspring. 
 
Vari

0 = Vari
P1 × ai  + Vari

P2 × (1-ai)  i ∈ (1,2,…,Nvar)              Eq. (1) 
ai ∈ {0,1} uniform at random, ai for each i new defined 
 
The offsprings generated by discrete recombination operator are located in the hypercube 
defined by the corners by the values of the parents. 
 
 
2.1.2 Intermediate Recombination 
 
Intermediate recombination chooses values of the offspring somewhere around and between 
the variable values of the parents. 
 
Vari

0 = Vari
P1 × ai  + Vari

P2 × (1-ai)  i ∈ (1,2,…,Nvar)              Eq. (2) 
ai ∈ [-d, 1 + d] uniform at random, d =0.25, ai for each i new 
 
The scaling factor a is chosen uniformly at random over an internal [-d, 1+d] for each 
variable. The parameter d defines the size of the area for possible offspring: d = 0 defines the 
area for offspring the same size as the area spanned by the parents. Most variables of the 
offspring are not generated on the border of the possible area, the area for the variables 
shrinks over the generations. This shrinkage occurs just by using intermediate recombination. 
This effect can be prevented using a larger value for d. A value of d = 0.25 is used to ensure 
(statistically), that the variable area of the offspring is the same as the variable area spanned 
by the variables of the parents. 
 
 
 
2.1.3 Line Recombination 
 
Line recombination is the same as the intermediate recombination with the exception that the 
same value a is used for all variables. 
 
Vari

0 = Vari
P1 × ai  + Vari

P2 × (1-ai)  i ∈ (1,2,…,Nvar)              Eq. (3) 
ai ∈ [-d, 1 + d] uniform at random, d =0.25, ai for all i identical 
 
The offsprings generated by line recombination are located on the line defined by variable 
values of the parents. 
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2.1.4 Extended Line Recombination 
 
Extended Line recombination generates offspring on the line defined by the variables of the 
parents and is not restricted to the line between the parents or the small area outside. The line 
and the area are defined by the values and the domain of the parents inside the possible area 
the offspring are not uniform at random distributed.  The probability of creating offspring 
near the parents is high. Only with low probability offspring are created far away from the 
parents.  
 
Vari

0 = Vari
P1 + si  × ri × ai × (Vari

P2 - Vari
P1 ) ÷ || Vari

P1 - Vari
P2 ||  i ∈ (1,2,…,Nvar)           Eq. (4) 

 
ai = 2-ku, k: mutation precision, u ∈ [0,1] uniform at random ,ai  for all i identical Domain ri: 
range of recombination steps, si ∈ {-1, +1}, uniform at random: undirected recombination, 
+1 with probality y > 0.5: directed recombination. 
 
The creation of offspring uses features similar to the mutation operator for real valued 
variables. The parameter a defines the relative step-size, the parameter r the maximum step-
size and the parameter s the direction of the recombination step. 
 
The parameter k determines the precision used for the creation of recombination steps. A 
larger k produces smaller steps. For all values of k the maximum value for a=1 (u=0). The 
minimum value of a depends on k and is a = 2-k (u=1). Typical values for the precision 
parameter k are in the area from 4 to 20. 
 
A robust value for the parameter r (range of recombination step) is 10% of the domain of the 
variable. However, according to the defined domain of the variables or for special cases this 
parameter can be adjusted. By selecting a smaller value for r the creation of offspring may be 
constrained to a smaller area around the parents. 
 
If the parameter s (search direction) is set to –1 or +1 with equal probability an undirected 
recombination takes place. If the probability of s=+1 is higher than 0.5, a directed 
recombination takes place (offspring are created in direction from the worse to the better 
parent – the first parent must be better parent). 
 
 

3. MAPPING REAL VALUES TO RELOAD PROBLEM 
 
On one hand, the real valued genetic algorithm works directly with a chromosome that 
consists of a string (vector) of real numbers. On the other hand, since the nucleus positions in 
which the fuel assemblies are to be located are represented by whole integer numbers without 
repetition, the fuel reload problem of nuclear reactors is a discrete combinatory problem. To 
solve this problem a mapping between real values and integral numbers called Random Keys 
[8] was used, in which the real numbers are transformed in whole integer numbers without 
repetition. This mapping, due to its simple and fast way to transform any string of real 
numbers (repeated or not), in a string of whole integer numbers without repetition, is quite 
efficient.  
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The transformation proceeds as will be shown with an example in the sequence.  In the 
example, figure 1, we have a string of 5 integers, each integer being represented by a 
corresponding real coded gene on the chromosome generated by the algorithm. 
 

1             2             3            4             5 
2.369 1.987 0.926 3.356 1.987 

Figure 1 – Real coded chromosome 
 
The Random Keys method orders those numbers in ascending order and the whole integers 
generated are the positions occupied by the real numbers in the string before the ordering. 
The new orderly string of integers is shown in figure 2 as follows: 
 

3             2             5            1             4 
0.926 1.987 1.987 2.369 3.356 
Figure 2 – Ordered real code chromosome 

 
In this way, figure 3, a discrete candidate solution, without repetition, results from each string 
of real numbers. The candidate solutions, i.e. the resulting strings of integer numbers, are 
then evaluated by the reactor evaluation code. 
 

3 2 5 1 4 
Figure 3 – Discrete mapped candidate solution 

 
 
 

4. RESULTS 
 
The nuclear power plant Angra 1 possesses a nucleus with 121 fuel assemblies with ¼ and 
1/8 nucleus symmetry. In this article, the 1/8 nucleus symmetry was considered, and just 20 
fuel assemblies were coded in a chromosome, and the whole nucleus by means of 
symmetries. With this symmetry we have a total of 1025 possible solutions. Considering that 
the RECNOD reactor evaluation code used has a computation cost of approximately 1 second 
for evaluation of each nucleus (this code is a simplified version of the licensed codes that has 
a higher computational cost of about 3 to 4 minutes for each nucleus evaluation), the 
selection of the absolute best configuration of the nucleus would require the evaluation of all 
possible combinations what would take approximately 1017 years. Although the use of 
evolutionary algorithms increases the number of evaluations exponentially it is possible to 
find a satisfactory solution even with a very smaller number of evaluations of the space of 
solutions.   
 
The fuel reload optimization problem has to take in account the safety limits of the plant and 
at the same time the need to maximize the boron concentration to extend the cycle duration. 
One way to handle these conflicts is to combine these different conflicting factors into an 
unique measure objective function by giving weights for each factor. In our work the 
objective function, see eq. (5), was conceived for the maximization of the boron 
concentration (BConc) within the safety limits of the plant, that means, the maximum boron 
concentration as long the limit of the power peak factor (in that case the mean power Pm in 
the fuel assembly) stays below the safety limit of the plant.  
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Four different recombination methods were tested: discrete recombination, intermediate 
recombination, linear recombination and extended linear recombination. 
 
For each of the 4 recombination methods 10 different tests using different seeds for the 
random number generator were conducted 10 generating, totaling 40 tests. The results of the 
application of the genetic algorithm are shown with formulation of real numbers for the 
problem of the nuclear reload of the plant Angra 1 type PWR.   
 
Since the best results in the literature for this problem were found by the parallel PSO [12] 
we will it use for comparison.  Table 1 shows the result of the boron concentration obtained 
by Waintraub (2009) and the better and worst results obtained by the 4 recombination 
methods of the real valued genetic algorithm used for the fuel reload optimization.   
   

 
Table 1: Boron concentration results 

 
Boron Concentration (ppm) Method 

Best Worst Evaluations
Parallel PSO 1557 1370 960000 

Discrete Recombination 1507 1240 5000 
Intermediate Recombination 1577 1279 5000 

Linear Recombination 1481 1044 5000 
Extended Linear Recombination 1485 1150 5000 

 
 
In the above table we see that the best result obtained by the real valued genetic algorithm is 
better than the best result obtained by the parallel PSO.  It can also be seen that the real 
valued genetic algorithm performed better than the parallel PSO with a lesser number of 
evaluations.  
 
 
Since every Effective Full Power Day (EFPD) corresponds to, approximately, 4 ppm of boron 
concentration and that the objective function does not punishes the boron concentration, what 
may lead to very high values of boron making the moderator's coefficient assume positive 
values, the table above was converted in EFPD as will be show in table 2.   

 
Table 2: Effective Full Power Day (EFPD) 

 
Boron Concentration (ppm) Method 

Best Worst 
Parallel PSO 389 343 
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Discrete Recombination 377 310 
Intermediate Recombination 394 320 

Linear Recombination 370 261 
Extended Linear Recombination 371 288 

 
 
Figures 4 to 7 show the convergence for the 4 best results (best of each case) for the tests 
accomplished, noting that in all cases there was used a population of 100 individuals and the 
maximum number of generations was 50 generations.  
 
 

 
Figure 4 – Best result – Discrete Recombination 

 

 
Figure 5 – Best result – Intermediate Recombination 
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Figure 6 – Best result – Linear Recombination 

 
 

 
Figure 7 – Best result – Extended Linear Recombination 

 
 
We can see that, as expected by the behavior to be induced by the objective function, when 
the mean power drops below the limit of 1.395, and indirectly power peak factor, the genetic 
algorithm begins to maximize the boron concentration. 
 

 
 

CONCLUSIONS 
 
The results obtained in this work show that the fuel reload optimization problem, quite 
insoluble in its generic form, can be handled by many viable solutions that use evolutionary 
algorithms, without intervention of the specialist. 
 
This article showed one new variant for solution of the fuel reload problem with the use of 
genetic algorithms with real valued coded chromosomes coupled with a discrete mapping 
model, with solutions superior to the solutions found by the Parallel PSO[12].  
  
Suggestions for future works, be the use of an objective function that should take into account 
other important factors, such as poisoned fuel assemblies, and the use of a licensed code 
could be used for a real fuel reload optimization of Brazilian nuclear power stations.  
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